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Abstract: Estimating ammonia (NH3) volatilization from cropland can identify potential 19 

environmental risks and is also important for mitigating NH3 loss, since cropland is the major 20 

anthropogenic source of NH3. Reducing uncertainties around NH3 volatilization estimates is a key 21 

need. In this study, both a single national model and agro-region-specific models were developed 22 

to embody the variation of NH3 volatilization associated with environmental attributes and 23 

management practices for cropland in various agro-regions of China. A database with 951 field 24 

measurements across China was established to develop and evaluate the model, in which 75% of 25 

the measurements were used for model fitting and 25% were used for evaluation. The agro-region 26 

specific model had a better performance than the single national scale model, and the 27 

agro-region-specific model could successfully simulate NH3 emissions with R
2
 values of 28 

0.41–0.93 as a function of crop type, N fertilizer type and rate, timing of fertilization, soil pH, clay 29 

content, bulk density, precipitation, air temperature, and soil total nitrogen content. Inputting 30 

high-resolution spatial data into the model, the NH3 emissions from China's cropland were 31 

estimated to be 4.31 Tg NH3-N in the year 2015 with a 95% confidence interval of 3.64–5.64 Tg 32 

NH3-N, of which paddy rice cultivation accounted for 44%, and maize and wheat cultivation 33 

contributed 20% and 16%, respectively. Notable spatial variability was also found in NH3 34 

emissions from China’s cropland due to regional differences in climate, soil and management 35 

patterns. This study showed that the accuracy of estimation of farmland NH3 emissions can be 36 

improved by taking meteorological, soil and management variables into account and inputting 37 

high-spatial-resolution data into the modeling. 38 
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1 Introduction 42 

Ammonia (NH3) emissions have direct and indirect impacts on human health and ecosystem 43 

quality. NH3 is often converted to ammonium nitrogen (NH4
+
-N) under acidic conditions, while 44 

NH4
+
-N returned to the ecosystem through wet deposition leads to eutrophication of rivers and 45 

lakes, and causes soil acidification and further threatens ecosystem health (Krupa, 2003; 46 

Bouwman, 1999; Anderson et al., 2003). NH3 is also an important precursor for the formation of 47 

atmospheric aerosol fine particles PM2.5 (Battye et al., 2003). Agriculture is recognized as a main 48 

source of atmospheric NH3, contributing 90% of global anthropogenic NH3 emissions, of which N 49 

fertilization accounted for 40% of agricultural emissions (Galloway et al., 2004; Gao et al., 2013). 50 

At present, the annual global consumption of synthetic N fertilizer is up to 100.8 million tonnes 51 

(Mt), which resulted in 16.7 Tg N of NH3 volatilization in 2010 (FAO, 2018; Xu et al., 2019). The 52 

environmental risks of NH3 emissions are also likely to increase, so effective management of NH3 53 

volatilization is imperative. Given these facts, there is an urgent need for a high-precision and 54 

high-resolution NH3 emission inventory, where the premise of an emission inventory is to develop 55 

a reliable method with low uncertainty. 56 

Methods to estimate NH3 volatilization generally include a volatility factor and a model 57 

method. In view of the fact that only one input variable, N input, is required, globally constant or 58 

region-specific volatility factors have often been used to estimate NH3 emissions at global or 59 

national scale where data were limited (Streets et al., 2003; Riddick et al., 2016). The 60 

Intergovernmental Panel on Climate Change (IPCC) proposed a NH3 emission factor of 14.2% 61 

due to urea application; however, using the IPCC volatility factor to estimate regional NH3 62 

emissions can result in great uncertainty (IPCC, 2019). To address this issue, more specific 63 

volatility factors that account for fertilizer types and other climatic / environmental factors have 64 

been developed in some studies (Bouwman et al., 1997; Yan et al., 2003; Huang et al., 2012; Xu et 65 

al., 2015). Xu et al. (2019) compared global estimates of NH3 volatilization estimated by the IPCC 66 

volatility factor and process-based model DLEM‐Bi‐NH3 and found that the IPCC volatility factor 67 

(10%) estimates were half those estimated by DLEM‐Bi‐NH3, suggesting a big difference between 68 

the volatility factor methods. It has been well recognized that climate, soil and management 69 

factors can have a significant impact on NH3 volatilization, and some models, considering 70 

complex ecological processes, have been developed to simulate NH3 emissions (Zhang et al., 2011; 71 
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Wu et al., 2017). For example, the DLEM‐Bi‐NH3 module was developed from the process-based 72 

Dynamic Land Ecosystem Model (DLEM) ecosystem model to simulate NH3 volatilization 73 

process regulated by environmental factors and plant growth, and this module can simulate NH3 74 

volatilization under various conditions at a daily time step (Tian et al., 2015; Xu et al., 2018). 75 

Based on a Bayesian Recursive Regression Tree algorithm, a nonlinear NH3 volatilization model 76 

by Zhou et al. (2016) also performed well in China’s cropland. Process-based or nonlinear models 77 

could estimate NH3 emissions with low uncertainty, but these models require very detailed input 78 

data, which may limit the application in areas where data is lacking. A relatively simple regression 79 

model, that requires easy-to-access input data, could help to overcome the data requirement issues 80 

faced by process models, but such studies are limited. 81 

China's total annual grain production increased by 93% from 1980 to 2015, while N fertilizer 82 

use increased by 3 times from 9.34 Mt yr
-1

 to 23.62 Mt yr
-1

 during this period (DRSES-SBS, 83 

2016). According to the law of diminishing returns of N fertilizer on yield, the substantial increase 84 

in N fertilizer input did not significantly increase crop yields, resulting in low nitrogen use 85 

efficiency (27.5%-38%) and loss of reactive N into the environment (Zhang et al., 2007; Yan et al., 86 

2014). As estimated by Xu et al. (2018), NH3 volatilization increased from 2.8 Tg NH3-N in 1990 87 

to 4.3 Tg NH3-N in 2010. A high-resolution NH3 emission inventory is necessary for policy 88 

makers to develop the regionally specific mitigation strategies. There have been previous studies 89 

estimating NH3 emissions in China’s cropland using different methods, but the variation in the 90 

estimates between different studies is large. For example, Fu et al. (2015) estimated that emissions 91 

in 2011 were 3 Tg NH3-N, which is very different from the emissions of 4.3–4.5 Tg NH3-N in 92 

2010 estimated by Xu et al. (2015) and Xu et al. (2018), although the application rate of N 93 

fertilizer in 2011 was higher than that in 2010, and Fu et al. (2015) considered more crops than Xu 94 

et al. (2018). Moreover, few studies conducted uncertainty analysis in estimations, and the 95 

uncertainty ranged from 19% to greater than 50% (Streets et al., 2003; Zhou et al., 2016; Zhang et 96 

al., 2011; Huang et al., 2012). Previous studies mainly focused on a single model or volatile 97 

factors at the national scale; however, China has nine first-level terrestrial agro-regions with high 98 

spatial heterogeneity of climatic conditions, soil properties, and management patterns (NARC, 99 

1991). We hypothesized that the development of agro-region-specific model would improve the 100 

simulation accuracy of NH3 emissions in croplands.  101 
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In order to achieve broad applicability and reduce uncertainty, there is an urgent need to 102 

develop an empirical regression model that can be driven with limited variables. The objective of 103 

this study is to establish a single national and agro-region-based regression models of NH3 104 

volatilization and compare models performance based on a database of 964 observations. Using 105 

the developed model, the spatial distribution of NH3 emissions was described, and NH3 emissions 106 

of different crops were compared. Finally, an estimate of total NH3 emissions from crop 107 

cultivation in China was made and the uncertainty of the model was quantified. 108 

  109 
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2 Materials and methods 110 

2.1 Data sources 111 

Data on seasonal NH3 volatilization and climate/environment/management variables were 112 

collected for model development. A literature search of the China National Knowledge 113 

Infrastructure (CNKI) and Web of Science was conducted, with “ammonia”, “NH3”, “reactive 114 

nitrogen”, “emission”, “fertilizer”, and “China” as the search keywords. We considered only data 115 

from original studies with direct NH3 volatilization monitoring in the field, and data from 116 

incubations or simulations were excluded. NH3 emission data during the crop growing season 117 

(defined as a period from planting to harvest for a given crop) at the experimental sites were 118 

collected. A dataset of 138 studies with a total of 951 seasonal cumulative NH3 emission 119 

measurements over a time span of 1997-2018 was compiled, including 601 observations from 120 

upland crop cultivation and 350 observations from paddy rice cultivation (Fig. 1). The sites are 121 

located between the longitude of 86° to 126.7° and latitude of 19.5° to 45.5°. The dataset included 122 

the following information: seasonal cumulative NH3 emissions; geographic information; weather 123 

data including annual mean temperature and annual precipitation; soil characteristics including 124 

soil organic carbon content, soil total nitrogen content, clay content, bulk density and pH; 125 

cropping rotation system; crop growing season data including planting date, transplanting date, 126 

and harvest date; crop types aggregated into 6 broad categories: rice, wheat, maize, vegetable, 127 

legume and others; fertilizer types classified into 5 broad categories; fertilizer application rate; 128 

fertilization times ; management practices including tillage type, straw return, and irrigation (Table 129 

1).  130 

According to the characteristics of natural conditions (climate, soil, water, biology, natural 131 

disasters, etc.) and socio-economic conditions (labor, technical equipment, transportation 132 

conditions, regional economic development level, etc.), China is divided into ten first-level 133 

agro-regions, including nine terrestrial agro-regions and one marine aquatic region (Table 1; 134 

NARC, 1991). Due to limitations of data availability in some agro-regions, the nine land 135 

agro-regions were aggregated into six including Northeast (NE), Loess Plateau & Inner Mongolia 136 

and along the Great Wall (LPIM), Gansu-Xinjiang & Qinghai-Tibet (GXQT), Huang-Huai-Hai 137 

(HHH), Yangtze River (YR), South & Southwest (SSW) in this study. Detailed information about 138 

the dataset can be found in Table S1.  139 
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 140 

Fig. 1 Geographical distribution of experimental sites in China that were used for establishment of 141 

the NH3 emission model 142 

 143 

Table 1 Reclassified parameters used in model establishment 144 

(a) fertilizer types Acronym 

Control without fertilizer application Control 

Mineral fertilizer Min 

Mineral fertilizer and organic material Min & Org 

Organic material Org 

Control release fertilizer, nitrification inhibitors, urease inhibitors CI 

(b) Agricultural areas Acronym 

Northeast NE 

Inner Mongolia and along the Great Wall 

Huang-Huai-Hai 

IM 

HHH 

Loess Plateau  LP 

Yangtze River  

Southwest 

YR 

SW 

South  S 

Gansu-Xinjiang 

Qinghai-Tibet 

GX 

QT 
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2.2 Model development and evaluation 145 

Measurements were randomly split into two groups for each agro-region using the R command 146 

“sample”: 75% on average for model development and 25% on average held back for model 147 

evaluation. To meet the assumption for performing a regression analysis, the normality of the 148 

cumulative NH3 emissions data were first tested before fitting the model, and were found not 149 

conform to the normal distribution, so the original data of cumulative NH3 emissions were 150 

subjected to natural logarithmic transformation (Zuur et al., 2007). We also detected the 151 

correlation between variables to avoid collinearity among explanatory variables in the model. 152 

The effects of all factors on the natural logarithmic transformed dependent variable, ln 153 

(Cumulative NH3 emission), was investigated by fitting a multiple regression model. The steps for 154 

performing model selection using stepwise regression were as follows: the threshold of 155 

significance was set to p<0.05, so variables with p>0.05 were discarded first; then a set of linear 156 

regression models, including different combinations of potential explanatory variables, was fitted; 157 

finally, the optimal model was selected based on the Akaike information criterion (AIC) and 158 

coefficient of determination (R
2
) (Table S2). The formula of the model is as follows: 159 

           

 

 
    

Where y is the target dependent variable, Cumulative NH3 emissions, in kg N ha
-1

 day
-1

, and x 160 

represents the potential explanatory variables. While α and βi represent the model coefficients, ε is 161 

the model error. All model regressions were constructed using the r command “lm”. Both a single 162 

model of the entire Chinese cropland and six regional models were fitted to determine which 163 

model worked best. The relative contributions of each variable in the model was elucidated by 164 

conducting variance analysis.  165 

We adopted the model evaluation framework proposed by Smith et al. (1997) to evaluate the six 166 

agro-region specific models developed. First, correlation analysis of simulated and measured NH3 167 

emissions was performed to assess whether simulated values follow the same pattern as measured 168 

values, and an R-squared value was calculated to assess the strength of the correlation. Then, 169 

relative root mean square error (rRMSE), modelling efficiency (ME) and mean difference (E) 170 

were calculated to evaluate the model performance. The t statistic was also calculated to test the 171 

significant difference between the simulated and measured values. 172 
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 173 

2.3 Simulation of NH3 emissions from crop cultivation in China  174 

In order to conduct the spatial analysis, spatial data of the variables were collected in this study. 175 

Climate data were obtained from the China Meteorological Data Web (http://data.cma.cn/), and 176 

soil data were obtained from the Harmonized World Soil Database at a spatial resolution of 5×5 177 

min (FAO/IIASA/ISRIC/ISS-CAS/JRC, 2012). The planting area of each crop in 2015 was 178 

obtained from Monfreda et al. (2008) and data for N fertilizer application rates were obtained from 179 

Mueller et al. (2012) and the China Agricultural Cost-Benefit Data Assembly (DP-NDRC, 2016). 180 

The sum of crop area and fertilizer application amounts in all the grid cells of each province was 181 

matched to the statistics of the same province in 2015. The resolution of all spatial data was 182 

unified to 5×5 min. 183 

The developed agro-region-specific models were projected onto a grid map of the agro-regions, 184 

and the seasonal NH3 emissions per unit area of various crops were then simulated using the 185 

spatial data of variables used in the model. The total NH3 emission in each grid were calculated by 186 

multiplying the NH3 emissions per unit area by the corresponding crop area in each grid. We 187 

sorted all crops into 6 major groups including grain crops (paddy rice, wheat, maize, barley, millet, 188 

sorghum), legumes (soybean), oil-bearing crops (groundnut, rapeseed, and sunflower), vegetables 189 

(vegetables, potato), fruit (apple, citrus), and industrial crops (cotton, tobacco, sugarcane, 190 

beetroot). The seasonal emissions of each crop and each group of crops were simulated and 191 

calculated. 192 

The uncertainty of the simulated NH3 emissions was determined by calculating the 95% 193 

confidence interval (CI) (Chambers et al., 1993). National NH3 emissions in cropland were the 194 

sum of NH3 emissions of various crops, and the uncertainty of the total inventory was quantified 195 

using a quantitative method for combining uncertainties proposed by IPCC (2000). 196 

All calculations and data processing were conducted in R (version 3.4.0), and the maps were 197 

generated by ArcGIS 10.2.  198 

 199 

  200 
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3 Results 201 

3.1 NH3 volatilization model establishment 202 

Using the stepwise regression method, a national-scale model and six agro-region-specific 203 

models were established (Table 2; Table S3). By contrast, the R
2
 of the agro-region-specific 204 

models ranged from 0.41 to 0.93, most of which were higher than that of the single model. The 205 

significant variables for the national-scale model were N fertilization rate, fertilizer type, 206 

fertilization times, soil pH, soil total N, crop type, annual precipitation. The structure of the six 207 

agro-region-specific models exhibited spatial differences. The N fertilization rate, fertilizer type, 208 

and crop type remained as variables in all models, explaining 10%–46%, 1%–5%, and 2%–12% of 209 

the variation, respectively. Fertilization times, contributing 2% to 24% to the variation, remained 210 

in five models except the NE model. Climate variables remained in the models of LPIM, GXQT, 211 

YR and SSW. Soil pH remained in the models of GXQT (50%), HHH (11%) and YR (6%), while 212 

soil total N content remained in the models of LPIM (47%), YR (9%) and HHH (1%). Soil 213 

physical properties including clay content and bulk density remained as variables in the models of 214 

LPIM, SSW and NE, HHH regions (Table 2; Fig. 2).  215 

 216 

Fig. 2 Contributions of each variable to the NH3 volatilization models 217 

 218 

 219 
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Table 2 NH3 volatilization models of six agro-regions 220 

Regions Model Coefficient1 and Coefficient2 R2 

NE 

(n=133) 
                                                                  

Others:0; Rice:0.482; 

CI:0; Min:-0.0021; Org:-0.0066; MinOrg:-0.0046 
0.41 

LPIM 

(n=52) 

                                                                               

                
Maize:0; Wheat:0.631; Others:0.735 0.93 

GXQT 

(n=63) 

                                                                        

                             

Others:0; Rice:-1.614 

MinOrg:0; Min:0.0057 
0.88 

HHH 

(n=102) 

                                                                           

                             

Maize:0; Wheat:0.845; Vegetable:-1.098 

CI:0; Min:0.0020; Org:0.0006; MinOrg:-0.0016 
0.80 

YR 

(n=294) 

                                                                  

                                          

Others:0; Rice:0.721; Vegetable:-0.532 

CI:0; Min:0.0001; Org:0.0021; MinOrg:-0.0013 
0.62 

SSW 

(n=73) 

                                                                             

                

Legume:0; Rice:3.429; Others:2.295 

Org:0; Min:0.0035 
0.48 

All-China 

(n=717) 

                                                                   

                                          

Legume:0; Others:1.466; Rice:2.004; Maize:1.389; 

Wheat:2.178; Vegetable:0.836 

CI:0; Min:0.0002; MinOrg:-0.0002; Org:0.0010 

0.45 

Cum NH3 is the cumulative seasonal NH3 emissions in kg N ha-1; N rate represents the application amount of nitrogen fertilizer in kg N ha-1; BD is soil bulk density in g cm-3; soil total N is soil 221 

total nitrogen content in g kg-1; Temp means the annual average temperature in ℃; Prec means the annual precipitation in mm; N_times means fertilization times; Coefficient1 represents the 222 

coefficients for different crop types, and Coefficient2 represents the coefficients for fertilizer type.223 
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3.2 Model Accuracy Evaluation 224 

According to the comparison of the model performances, the agro-region-specific models had 225 

higher R
2
 (0.44) and ME (0.40) values than the national-scale model (R

2
: 0.27; ME: 0.21), 226 

indicating a better fit of agro-region-specific model (Table 3). According to the 227 

agro-region-specific models, the correlation of simulated vs. measured values had R
2
 values of 228 

0.31–0.93, demonstrating a significant relationship between the simulated and measured values 229 

(Fig. 3). As shown in Table 3, the close model fit was also reflected in the positive ME values 230 

between 0.18 and 0.72. There was no significant model bias in the simulation of NH3 emissions in 231 

LPIM, YR, HHH and SSW agro-regions, but the models underestimated the emissions by 3.38 and 232 

3.46 kg N ha
-1 

on average in NE and GXQT agro-region.  233 

 234 

Table 3 Statistics describing the performance of the models for cumulative NH3 emissions 235 

simulations 236 

Models R2 rRMSE (%) ME M (kg N ha-1) t-test 

National-scale (n=234) 0.27 85 0.21 3.54 s 

NE (n=56) 0.18 85 0.12 2.04 ns 

LPIM (n=15) 0.12 89 -0.57 8.76 s 

GXQT (n=21) 0.49 93 0.31 7.84 ns 

HHH (n=24) 0.24 60 -0.02 5.40 s 

YR (n=88) 0.22 86 0.18 2.55 ns 

SSW (n=30) 0.35 74 0.25 4.47 ns 

Agro-region-specific (n=234) 0.44 74 0.40 3.30 s 

NE (n=56) 0.32 76 0.25 3.38 s 

LPIM (n=15) 0.63 36 0.58 1.98 ns 

GXQT (n=21) 0.93 44 0.72 3.46 s 

HHH (n=24) 0.45 54 0.18 2.72 ns 

YR (n=88) 0.31 80 0.32 4.45 ns 

SSW (n=30) 0.46 66 0.49 2.95 ns 

s, significant; ns, not significant. 237 
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 238 

Fig. 3 Comparison of observed and simulated cumulative NH3 emissions for six agro-regions. 239 

Solid lines represent the regression lines and dotted lines represent 1:1 (y=x) line. 240 

 241 

3.3 NH3 emissions of agro-regions and crop types in China 242 

By inputting the high-spatial-resolution database into the developed models, the NH3 243 

emissions from China’s cropland in 2015 could be mapped for each 5×5 min grid cell. The NH3 244 

emission intensity of different crops was first compared in different agro-regions. The average 245 

NH3 emission intensity of cropland in China was 27.7 kg NH3-N ha
-1

. Grain crop cultivation had 246 

the highest emission intensity of 37.6 kg NH3-N ha
-1

, compared with legume cultivation with the 247 

minimum emission intensity of 4.0 kg NH3-N ha
-1 

(Table 4). Among different grain crops, the 248 

emission intensity of rice cultivation (47.2 kg NH3-N ha
-1

) was higher than that of maize (26.7 kg 249 

NH3-N ha
-1

) and wheat (23.0 kg NH3-N ha
-1

) (Table S4). The highest average emission intensity of 250 

43.2 kg NH3-N ha
-1

 was observed in the S agro-region, while the lowest was observed for the QT 251 

agro-region, with a value of 17.2 kg NH3-N ha
-1 

(Fig. 4A, Table 4). According to correlation 252 

analysis, the variation of emission intensity between agro-regions was related to climate 253 

conditions, fertilizer application rates and planting structure (Table S5).  254 
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Table 4 Seasonal NH3 emission intensities in China’s cropland (kg NH3-N ha
-1

) 255 

Region Grain crops Legumes Oil-bearing crops Vegetable Fruit Industrial crops All crops 

NE 17.7 4.5 5.1 6.9 19.2 3.0 18.4  

YR 60.3 5.2 19.7 5.3 62.2 41.4 36.6  

HHH 33.0 1.3 11.3 16.4 43.9 13.3 25.9  

S 78.2 6.0 10.9 13.0 11.3 26.9 43.2  

SW 38.4 2.7 5.7 14.5 16.0 3.2 27.8  

GX 26.5 4.3 12.1 8.7 32.4 12.2 20.9  

QT 22.6 3.9 13.1 16.5 24.0 0 17.2  

IM 29.0 3.8 6.0 6.6 23.8 5.8 20.9  

LP 24.1 3.9 6.2 8.0 20.6 4.3 18.6  

Nationwide 37.6 4.0 12.1 11.0 26.6 17.5 27.7  

The NH3 emissions exhibited significant spatial variability, with the highest NH3 emissions 256 

observed for the YR (1.504 Tg NH3-N yr
-1

) and the HHH (0.823 Tg NH3-N yr
-1

) agro-regions, 257 

while the emissions in the GX (0.135Tg NH3-N yr
-1

) and QT (0.009 Tg NH3-N yr
-1

) regions were 258 

relatively low (Fig. 4B, Table 5). For different crop types, the lowest NH3 emissions of 0.043 Tg 259 

NH3-N yr
-1

 were observed in legume cultivation, but grain crop cultivation had the highest 260 

emissions of 3.49 Tg NH3-N yr
-1

, accounting for 81% of the total NH3 emissions in cropland 261 

(Table 5). In summary, the NH3 emissions in China’s cropland were estimated to be 4.31 Tg 262 

NH3-N yr
-1

 in 2015, with a 95% CI of 3.64–5.64 Tg NH3-N yr
-1

. The estimation of NH3 emissions 263 

in the GX and QT regions had the lowest uncertainty (23%) on average, and the greatest 264 

uncertainty being 91% was observed in the HHH region (Table 5). 265 

 266 
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Fig. 4 Geographical distribution of NH3 emission intensities per hectare (A) and total emissions (B) 267 

in croplands of China268 
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Table 5 NH3 emissions in China’s cropland (Gg NH3-N) 269 

Region 
Grain crop   Legume   Oil-bearing crop   Vegetable   Fruit   Industrial crop   All crops 

Est. 95%CI   Est. 95%CI   Est. 95%CI   Est. 95%CI   Est. 95%CI   Est. 95%CI   Est. 95%CI 

NE 367.1 257.2-536.8 17.9 13-25.2 
 

4.1 2.9-5.7 
 

12.6 9.1-17.8 
 

13.6 9.9-19.2 
 

0.5 0.4-0.8 
 

415.7 305.6-585.8 

YR 1241.5 859.1-2126.2 12.0 6.9-21.3 
 

93.5 54-165.6 
 

32.6 18.0-61.0 
 

83.6 48.2-148.3 
 

41.1 23.6-73.2 
 

1504.4 1117.6-2395.4 

HHH 672.5 219.1-1417.4 1.7 0.6-3.5 
 

25.7 9.0-52.3 
 

69.0 23.8-142.6 
 

41.4 14.6-84.3 
 

12.6 4.4-25.7 
 

822.8 366.0-1573.1 

S 369.5 220.2-690.5 2.1 1.5-4.6 
 

7.8 3.4-17.5 
 

36.5 17.6-77.1 
 

30.2 13.6-67.0 
 

24.4 11-54.2 
 

470.5 318.4-797.6 

SW 470.3 258.1-882.6 4.5 1.5-14 
 

17.2 5.5-53.8 
 

107.4 36.1-328.9 
 

22.4 9.8-50.0 
 

3.0 1.2-7.2 
 

624.7 400.2-1095.1 

GX 86.3 54.2-134.5 
 

0.4 0.3-0.7 
 

3.5 2.3-5.4 
 

4.1 2.5-6.6 
 

17.8 10.3-30.7 
 

23.3 14.5-38.0 
 

135.4 101.2-187.5 

QT 5.0 3.1-8.0 
 

0.5 0.3-0.8 
 

1.6 1.1-2.4 
 

1.4 0.8-2.3 
 

0.1 0.1-0.4 
 

/ / 
 

8.6 6.6-11.8 

IM 123.8 70.5-233.9 
 

2.2 1.3-4.1 
 

4.5 2.6-8.4 
 

6.9 3.8-12.9 
 

4.0 2.3-7.5 
 

0.4 0.3-0.8 
 

141.9 88.4-252.3 

LP 150.2 75.5-306.2 
 

2.0 1.2-3.7 
 

3.4 2-6.3 
 

14.3 8.1-26.6 
 

20.2 11.7-37.6 
 

0.4 0.2-0.7 
 

190.6 115.1-348.0 

Nationwide 3486.2 2766.9-5095.3 43.3 31.2-70.0   
161.

2 

121.7-275.

9 
284.7 197.8-550.1 233.3 169.3-422.4 105.7 71.5-200.7   4314.5 3640.9-5638.8 

Est.: estimated value; CI: confidence interval. The values of each crop type were seasonal emissions, and the values of “All crops” were annual emissions. 270 
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4 Discussion 271 

4.1 Variables included in the NH3 volatilization model 272 

The results of this study indicate that the agro-region-specific NH3 model performed better 273 

than the single national model (Table 3). This is mainly due to several reasons. First, most 274 

observations (60%) were obtained in the YR and NE agro-regions, and only 40% of the 275 

observations were obtained from other agro-regions; thus, the single model mainly reflected the 276 

characteristics of the YR and NE agro-regions (Fig. 1; Table S1). The single model failed to 277 

simulate the LPIM and HHH agro-regions with the negative ME values, while the simulation 278 

accuracy for the YR and NE agro-regions was also improved when the region-specific model was 279 

adopted (Table 3). Second, different agro-regions have quite different climatic and soil conditions, 280 

and the management patterns of various crop cultivation also differed, resulting in different 281 

responses of NH3 volatilization (Table S1 and S6).  282 

As the most important variables, N fertilization (type, rate and/or times) was included in all 283 

models and explained as high as 13–54% of the variation (Fig. 2). The marginal effect of N 284 

fertilization rate, i.e., the proportion of added N fertilizer that was ultimately volatilized as NH3, 285 

showed obvious regional variation. For most agro-regions except the GXQT, the marginal effect 286 

was 12% on average, while the value of the GXQT was as low as 6%. This may be due to the low 287 

mean annual temperature and annual precipitation in this region, which was not conducive to the 288 

NH3 production and volatilization (Table S6). 289 

The responses of NH3 volatilization to organic material application varied widely (Table 2). 290 

Organic material application induced less NH3 volatilization than chemical fertilizer application 291 

with the same N inputs in most agro-regions, which was mainly because organic materials were 292 

generally incorporated into the soil as a base fertilizer, and organic materials released N at a 293 

slower rate than urea (Huang et al., 2016). However, organic manure application induced more 294 

NH3 volatilization than chemical fertilizer application in YR region. Previous studies have also 295 

reported that manure application increased NH3 volatilization, which can be related to the original 296 

nature of manure and application methods (Wang et al., 2017; Holly et al., 2017; Evans et al., 297 

2018). The manure with low water content, high NH4
+
-N content and/or high pH had higher NH3 298 

volatilization, and the NH3 volatilization under broadcast fertilization was higher than that under 299 

deep application (Paramasivam et al., 2009; Fangueiro et al., 2015; Webb et al., 2010). Inhibition 300 
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of NH3 volatilization by inhibitors or controlled release fertilizers was also observed in most 301 

regions in this study. However, NH3 volatilization under controlled release fertilizers (no data for 302 

inhibitors application in NE) was higher than that under typical fertilization in the NE region 303 

(Table 2). Zhang et al. (2018) found that high level controlled-release urea application resulted in a 304 

high NH4
+
-N content in the soil, which in turn emitted increased quantities of NH3.  305 

N fertilizer is usually applied as base fertilizer, topdressing and panicle fertilizer at different 306 

crop growth periods. The times of fertilizations greater than 1 means that the topdressing was 307 

carried out in the crop growth period. This study observed a positive response of NH3 308 

volatilization to the times of fertilizations in agro-regions except the NE (Table 2). This is because 309 

the method of topdressing was generally sprinkling, which can induce the N loss; on the other 310 

hand, the temperature during topdressing was higher than that of the base fertilizer application, 311 

which also led to high NH3 volatilization. 312 

Soil properties were presented as the other important variables in all agro-region-specific 313 

models, contributing 4%–50% of the variation (Table 2; Fig. 2). However, the soil variables 314 

included in each agro-region were different. A positive correlation between soil pH and NH3 315 

volatilization was observed in the models of GXQT, HHH and YR (Table 2). Soil pH determines 316 

the dynamic equilibrium of the NH4
+
-N and NH3 in the soil; as the soil pH increases, the content 317 

of free NH3 in the liquid phase increases, resulting in an increased potential of volatilization (Du 318 

Plessis& Kroontje, 1964). NH3 volatilization of soil with pH > 8.5 was 61% higher than that of 319 

soil with 5.5 < pH < 7.3, and 80% higher than soil with pH ≤ 5.5 (IFA, 2001). In our dataset, the 320 

soil pH in the GXQT and HHH was higher than that in the YR (Table S6), thus the contributions 321 

of soil pH in the models of GXQT and HHH were higher than that in the YR model (Fig. 2). 322 

However, soil pH was not included in the models of NE, LPIM and SSW, which may be due to the 323 

small spatial fluctuation of soil pH, resulting in the effects of other variables masking the effects 324 

of soil pH (CVs of soil pH being 1.8%~15.1% in Table S6). Soil total N content remained in the 325 

models of LPIM, YR and HHH, indicating the role of soil N mineralization in NH3 volatilization. 326 

The contribution of soil total N content in the LPIM model (47%) was much higher than that in 327 

the YR (9%) and HHH (1%) models (Fig. 2). Arid climates with low precipitation can increase 328 

soil N mineralization (Zhang et al., 2020), while the LPIM agro-region had the lower precipitation 329 

than the HHH and YR agro-regions. 330 



19 

 

 A significant negative correlation between clay content and NH3 volatilization was observed 331 

in the LPIM, YR and HHH regions. Soil clay has a strong adsorption effect on NH4
+
, which can 332 

effectively avoid vertical leaching of N and enrich N in topsoil (Owino et al., 2006). In addition, 333 

soils with high clay contents have poor aeration and could hinder the diffusion of NH3 (Rawls et 334 

al., 2003; Pelster et al., 2019). Similarly, soils with high bulk density are heavy or compacted, 335 

which could increase adsorption of N and hinder the diffusion of NH3, so there was a negative 336 

correlation between soil bulk density and NH3 volatilization in the HHH region. However, a 337 

positive correlation was found in the NE agro-region. Zhou et al. (2016) found that the bulk 338 

density and NH3 volatilization can have a positive correlation when the bulk density was lower 339 

than 1.4 g cm
-3

. According to our dataset, the bulk density of NE agro-region ranged from 340 

1.2–1.47 g cm
-3

 with an average value of 1.33 g cm
-3

, while that of HHH agro-region was 1.3–1.6 341 

g cm
-3

 with an average value of 1.42 g cm
-3 

(Table S6). 342 

Climate variables were included in the models of GXQT, LPIM, YR and SSW regions with 343 

great climate variability though the relative contribution was as low as 1–12% (Table 2 and S7; 344 

Fig. 2). NH3 volatilization was positively correlated with annual mean temperature but negatively 345 

correlated with rainfall according to this study (Table 2). High temperature can stimulate the 346 

activity of soil urease and reduce the solubility of NH3 in soil water, which further increased NH3 347 

volatilization (Freney et al., 1983; Sommer et al., 1991). Infiltration of rainwater introduced N into 348 

deep soil, increasing the chance of NH4
+
-N being adsorbed by soil colloids or plant root 349 

(Nicholson et al., 2013). 350 

This study found that NH3 volatilization varied greatly between different crops, and paddy rice 351 

cultivation had a high NH3 volatilization rate, but legume crop cultivation had the low one (Table 352 

2). The paddy fields were under flooded conditions, so the applied urea can be hydrolyzed quickly 353 

and produce high pH condition (Zhao et al., 2009; Xia et al., 2010; Zhou et al., 2016). In addition, 354 

the mean air temperature in the rice growing season was high, and the high temperature and high 355 

evaporation rate could cause the NH3 to escape with a large amount of water vapor (Li et al., 2008; 356 

Xia et al., 2010). Legumes fix atmospheric N, so the N fertilizer input was 53 kg N h
-1

 on average 357 

according to our dataset, which is lower than for other crops. Low N inputs in legume systems 358 

allowed plants and soil microbes to compete for limited available N, resulting in a low NH3 loss 359 

(Chen et al., 2019). 360 
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4.2 Role of NH3 emissions from China’s cropland 361 

Although the estimates for 2015 for this study are up to date, we can still compare them with 362 

estimates after 2010. The estimate of NH3 emissions from paddy rice cultivation in 2015 (1.88 Tg 363 

N) is close to the estimate of 1.7 Tg N in 2013 using the NARSES model by Wang et al. (2018). 364 

Our estimate of national emissions (4.31 Tg NH3-N) is close to the values of 4.3 and 4.5 Tg 365 

NH3-N in 2010 estimated by corrected emission factor method and DLEM‐Bi‐NH3 model 366 

simulation, but is significantly higher than the estimate of 3 Tg NH3-N in 2011 by EPIC-CMAQ 367 

model (Xu et al., 2015; 2018; Fu et al., 2015). Unfortunately, none of the above-mentioned 368 

previous studies have quantified the uncertainty of the estimates, and uncertainty analysis of NH3 369 

emission estimation was also very limited in previous global studies (Olivier et al., 1998; Riddick 370 

et al., 2016). An uncertainty of model estimates was quantified as -15.6% (lower limit) and 30.7% 371 

(upper limit) in this study, which is much lower than the uncertainty of greater than 50% indicated 372 

by Streets et al. (2003), Zhang et al. (2011) and Huang et al. (2012), and close to the uncertainty of 373 

19% assessed by Zhou et al. (2016) using the Bayesian Recursive Regression Tree algorithm.  374 

A large agro-regional variation of NH3 emission intensity was observed in this study (Table 4). 375 

A correlation analysis of various variables and emission intensity was conducted to analyze the 376 

causes of regional variation. Taking grain crops as an example, the average NH3 emission 377 

intensities in agro-regions were significantly positively correlated with annual average 378 

temperature and annual precipitation, but slightly positively correlated with N application rate 379 

(Table S5). This indicated that the agro-regional variation of NH3 volatilization were mainly 380 

driven by climate conditions, followed by management patterns. NH3 volatilization was high in 381 

regions with hot and humid climates, which can promote the activity of microorganisms and 382 

urease to stimulate the hydrolysis of urea and volatilization of NH3 (Freney et al., 1983; Sommer 383 

et al., 1991; Zhang et al., 2011). Moreover, the average emission intensities of the agro-regions 384 

with large rice planting area (NE, YR, SW, and S agro-regions) were higher than that of other 385 

regions because the emission intensity of paddy rice was higher than other crops (Table S4). 386 

Recently, global NH3 emissions from N fertilizer use in 2010 were estimated at 16.7 Tg 387 

NH3-N based on DLEM‐Bi‐NH3 model (Xu et al., 2019). According to this study, the emissions of 388 

China’s cropland in 2015 accounted for 25.7% of the global NH3 emissions in 2010, indicating the 389 

important role of China’s NH3 emissions globally. In addition, NH3 emissions from China’s 390 
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cropland increased from 2.8–3.7 Tg NH3-N in 1990 to the current 4.31 Tg NH3-N, with a growth 391 

rate of 32% on average, posing a threat to human health and environmental quality (Olivier et al., 392 

1998; Xu et al., 2018). N fertilizer application rate and fertilizer type have an impact on NH3 393 

volatilization, indicating potential emission mitigation through optimizing management modes 394 

(Fig. 2). Reducing N fertilizer application is a direct means of emission mitigation. According to 395 

this study, less N fertilization of 1 kg will lower NH3 emissions by about 0.06–0.17 kg NH3-N ha
-1

 396 

in different agro-regions, and further calculations showed that national emissions from paddy rice 397 

cultivation could be lowered by 14% if N fertilizer application was reduced by 10%. According to 398 

a recent meta-analysis, using non-urea fertilizers such as ammonium nitrate and ammonium 399 

sulphate could greatly reduce emissions, by 63.5% on average (Pan et al., 2016). In addition, 400 

enhanced efficiency fertilizers could also avoid NH3 volatilization by 53.7%, which was also 401 

observed in the models of the YR and HHH agro-regions in this study (Table 2). Some 402 

amendments, such as zeolite, pyrite, organic acid and aged acidic biochar, have also been shown to 403 

be viable ways to mitigate NH3 volatilization (Pan et al., 2016; Esfandbod et al., 2017; Sha et al., 404 

2019).  405 

 406 

4.3 Limitations of this study 407 

The uncertainty range of the agro-region-specific model was acceptable for a regional NH3 408 

inventory, indicating that the model can be widely applied in case of limited data. However, the 409 

values R
2
 were not high in the models of some regions such as the NE and SSW regions, which 410 

means that some variation was not captured by the models. Therefore, there were still some 411 

uncertainties that were not considered in this study. 412 

Taking into account more variables can reduce uncertainty in the modeling. Wind speed is 413 

also a climate factor affecting NH3 volatilization in farmland, and NH3 volatilization generally 414 

increases with increasing wind speed (Sharpe et al., 1995; Wang et al., 2018). Wind speed data 415 

was rarely reported in the studies, resulting in this variable not entering the model in this study. 416 

Some previous studies made a more detailed division of fertilizer types including, for example, 417 

urea, ammonium bicarbonate, ammonium sulfate, ammonium nitrate, and diammonium phosphate, 418 

corresponding to different emission factors (Bouwman et al., 1997; Zhang et al., 2011). 419 

Unfortunately, the type of inorganic N fertilizer in our database only includes urea and ammonium 420 
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bicarbonate, and less than 10 measurements were reported under ammonium bicarbonate-only 421 

application, making model development infeasible. Fertilization methods also have an effect on 422 

NH3 volatilization, and the incorporation of N fertilizer into the soil decreased the NH3 423 

volatilization compared with the surface application according to previous studies (Xia et al., 424 

2020). The fertilization methods cannot be clearly distinguished in this study, because in general 425 

the base fertilizer was incorporated into the soil and topdressing was applied to the surface. Liquid 426 

phase pH plays an important role in NH3 volatilization. As indicated in previous studies, and the 427 

high pH in floodwater had a promoting effect on NH4
+
 dissociation to liquid-phase NH3 in paddy 428 

fields (Hayashi et al., 2006; 2008). However, the pH of floodwater in paddy rice growth period 429 

showed great temporal variability, and only 8 studies monitored liquid phase pH in this database 430 

(Table S1), which prevented this variable from being taken into account in the model. 431 

The method and frequency of measurement may also induce uncertainty. Continuous airflow 432 

enclosure method (467 observations) and ventilation method (392 observations) were the main 433 

determination methods in this database, and there were also a few studies using other methods, 434 

such as the micrometeorological gradient diffusion method, wind tunnel method, and the 435 

closed-chamber method (Table S1). Different determination methods may lead to the difference of 436 

data quality, and then affect the simulation accuracy. . Crop plants also play an important role in 437 

atmosphere-cropland NH3 exchange (Schjoerring et al., 1998). It had been confirmed that NH3 can 438 

be emitted through crop plants, and crop plants can also recapture part of the volatile NH3 from 439 

soil or surface water (Schjoerring et al., 1998; Hayashi et al., 2008; Katata et al., 2013). However, 440 

most studies (97%) did not include plants in monitoring, which may affect the estimation of net 441 

ammonia exchange in the whole ecosystem. This issue should be paid attention to in future studies. 442 

The measurement interval varied between 8:00-10:00 a.m. and 3:00-5:00 p.m. in the collected 443 

studies; however, Cao et al. (2013) indicated that NH3 fluxes based on the dynamic chamber 444 

method measured at 10:00-11:00 a.m. or 4:00-5:00p.m. intervals could lead to large inherent 445 

variability of NH3 fluxes. 446 

  447 
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5 Conclusion 448 

Based on the establishment of a database, single national and agro-region-specific NH3 449 

volatilization models were both developed using stepwise regression methods. The performance of 450 

the agro-region-specific models was better than that of the single national model. Significant 451 

contributions of climate, soil and management variables were observed in the developed models. 452 

The total amount of NH3 emissions induced by chemical N fertilizer input in China’s cropland was 453 

calculated to be 4.31 Tg NH3-N in 2015, with a 95% CI of 3.64−5.64 Tg NH3-N yr
-1

, to which 454 

paddy rice cultivation made the greatest contribution. 455 
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Figure captions 663 

Fig. 1 Geographical distribution of experimental sites in China that were used for establishment of 664 

the NH3 emission model 665 

Fig. 2 Contributions of each variable to the NH3 volatilization models 666 

Fig. 3 Comparison of observed and simulated cumulative NH3 emissions for six agro-regions. 667 

Solid lines represent the regression lines and dotted lines represent 1:1 (y=x) line 668 

Fig. 4 Geographical distribution of NH3 intensities per hectare (A) and total emissions (B) in 669 

croplands of China 670 


