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• Ammonia reanalysis was made through 
assimilating IASI observations into a 
model. 

• Independent evaluation indicates our 
reanalysis has high quality. 

• The reanalysis unveils spatial and tem
poral patterns of NH3 concentrations in 
China. 

• Ammonia reanalysis product is valuable 
in the future NH3 control in China.  
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A B S T R A C T   

Atmospheric ammonia has great environmental implications due to its important role in ecosystem and nitrogen 
cycle, as well as contribution to formation of secondary particles. China is recognized as a hotspot of NH3 
pollution owing to agricultural and livestock intensification. In the quest to achieve a comprehensive under
standing of atmospheric ammonia load and to quantify its environmental impacts in China, relying solely either 
on existing measurements or on model simulations falls short. Their limitations, either in spatial coverage and 
integrity or in data quality, fails to meet the needs. Available reanalysis products exhibit a marked deficiency in 
ammonia data. We therefore aim to propose an integrated ammonia reanalysis product in China, adeptly melding 
satellite observations from the Infrared Atmospheric Sounding Interferometer (IASI) NH3 retrievals with 
chemical transport model simulation, capitalizing on the robust Ensemble Kalman Filter (EnKF) data assimilation 
methodology. The product is validated in high quality via the comparison against independent measurements 
from ground monitoring stations. Spanning a decade from 2013 to 2022, our reanalysis uncovers not just the 
spatial intricacies of NH3 concentrations but also their temporal dynamics. Our findings pinpointed the spatial 
disparities in atmospheric ammonia intensities, highlighting regional hotspots in the NCP, SCB, and Northeast 
China, and identified annual and seasonal patterns. Our research provides crucial insights for shaping future NH3 
pollution prevention and control strategies in China.   
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1. Introduction 

Atmospheric ammonia (NH3), being the most abundant base in the 
atmosphere, has significant environmental implications owing to its 
crucial role in the ecosystem and the global nitrogen cycle, as well as its 
contribution to the formation of secondary particles (Sutton and Fowler, 
2002; Sutton et al., 2008). The predominant source of NH3 emissions 
stems from the agricultural sector, including livestock rearing and the 
application of ammonia-based fertilizers (Dong et al., 2023; Liu et al., 
2023). Other contributors to ammonia emissions include industrial ac
tivities, vehicular exhaust, and the volatilization of ammonia from soils 
and oceans (Behera et al., 2013). A substantial amount of atmospheric 
NH3 results in excessive nitrogen deposition, which triggers a series of 
environmental issues. These include the reduction in biodiversity, soil 
acidification, and degradation of water quality (Ti et al., 2019). 

China is recognized as a hotspot of NH3 pollution owing to agricul
tural and livestock intensification since 1980 (Warner et al., 2016; Zhan 
et al., 2020; Zhang et al., 2021). To scientifically address NH3 pollution 
in China, an accurate assessment of the atmospheric loading and emis
sions is essential. Lots of efforts have paid to understand the scale and 
pattern of ammonia emissions. The Global Atmospheric Research 
Emissions Database (Crippa et al., 2018), the Community Emissions 
Data System (CEDS) (Hoesly et al., 2018), and regional NH3 inventories 
over China (Huang et al., 2012; Kang et al., 2016; Xu et al., 2016; Zhou 
et al., 2016; Zhang et al., 2018) have developed global/regional emis
sions inventory and quantifying the spatial and temporal distributions of 
ammonia sources. Together with these datasets, several chemical 
transport models (CTMs), like the Goddard Earth Observing System 
Chemistry (GEOS-Chem) model (Walker et al., 2012) and WRF-Chem (Li 
et al., 2021), are capable of simulating the physical and chemical life 
cycles of atmospheric ammonia. Nonetheless, their performance is 
limited to some extend due to the model uncertainties, especially in the 
emission inventories. Because there are a wide array of fluctuations in 
emission factors and the challenges in garnering consistent and all- 
encompassing data across a vast nation like China. For example, Zhou 
et al. (2016) used a bottom-up method to estimate Chinese annual 
farmland NH3 emission in 2008, which was about 3.96 Tg N yr− 1. It was 
notably different from the approximation 2.89 Tg N yr− 1 in Intergov
ernmental Panel on Climate Change (IPCC) Tier-1 guidelines. 

In addition to the model simulation, measurements from the ground- 
based stations and remote sensing platforms are regarded as the most 
precise quantitative method for evaluating the atmospheric ammonia 
(Liu et al., 2022). The Ammonia Monitoring Network in China (AMoN- 
China) gained the largest popularity for the invaluable observations. 
However, it consists of only 53 monitoring sites across the whole 
country, and its observational campaign lasted just one year from 2015 
to 2016 (Pan et al., 2018). These stations mainly focus on urban areas or 
particular hotspots, and overlook vast rural and remote regions which 
are significant sources. This hindered a comprehensive spatial 
assessment. 

The rapid advancements in atmospheric remote sensing have made 
the NH3 monitoring on a global scale feasible. Satellite-based remote 
sensing instruments, like the Tropospheric Emission Spectrometer (TES) 
(Beer et al., 2008), Infrared Atmospheric Sounding Interferometer (IASI) 
(Clarisse et al., 2009), and Crosstalk Infrared Sounder (CrIS) (Shephard 
and Cady-Pereira, 2015), offer invaluable insights into ammonia dy
namics (Ge et al., 2020) and are now widely employed in ammonia ni
trogen analysis. However, satellite ammonia retrieval products provide 
the column-integrated concentration quantities, instead of measuring 
the three dimensional characteristics directly. The ammonia loading at 
the surface layer that strongly reflects the emission intensity are also not 
available. Meanwhile, high data missing vacancies are inevitable due to 
the cloudy scene and other retrieval errors. Despite their significant roles 
in characterizing the atmospheric ammonia load, using only the mea
surements is not sufficient to obtain a complete four-dimensional insight 
into the ammonia spread, because either the measurements do not cover 

all areas (surface network), or observe only vertically integrated quan
tities with highly data missing ratio (satellite data). 

In light of these limitations, reanalysis data has emerged as a more 
reliable source for studying the earth dynamics. Reanalysis, though a 
nascent field, traces its roots back to the utilization of meteorological 
data gathered for the Global Weather Experiment (GWE) in 1979 
(Hinzpeter et al., 2011). Unlike weather analyses archived from opera
tional forecasting systems, a reanalysis is generated using a data 
assimilation system to combine the forecast model and available mea
surements, ensuring it remains less affected by model uncertainties 
(Kalnay et al., 1996). Atmospheric reanalyses have seen improvements 
across generations. Notable global reanalyses come from JMA (Onogi 
et al., 2007), NCEP (Saha et al., 2010), ECMWF (Dee et al., 2011), NASA 
(Rienecker et al., 2011), and NOAA-CIRES (Compo et al., 2011). These 
advancements are often attributed to techniques like data assimilation 
(Ebita et al., 2011). By integrating simulation models and observational 
data, data assimilation surpasses the reliance on either method alone for 
examining the atmospheric ammonia cycle. This approach serves as a 
bridge between observations and modeling, enabling adjustments to 
parameters or states within acceptable limits, leading to simulations that 
closely match measurements (Kalnay, 2002). 

These reanalysis have been providing fundamental datasets for 
climate researches. However, these reanalysis products are commonly 
deficient in ammonia data, a shortcoming recognized as a significant gap 
in atmospheric research. According to a study by Paulot et al. (2015), 
this absence of a three dimensional continuous and accurate ammonia 
data impedes our understanding of nitrogen cycles and atmospheric 
chemistry, especially regarding the formation of aerosols. A study by 
Wang et al. (2018) notes the challenges in obtaining reliable ammonia 
dataset in China, which has unique industrial and agricultural practices 
influencing ammonia emissions. The scarcity of data and targeted 
research on China’s atmospheric ammonia levels underscores a signifi
cant opportunity for further exploration. Our research endeavors to 
bridge this knowledge gap via proposing a reanalysis data product 
across China. This innovative system harmoniously blends satellite ob
servations from the IASI NH3 dataset with model data, employing the 
Ensemble Kalman Filter (EnKF) data assimilation method. The timeline 
of our reanalysis extends from 2013 to June 2022. The objectives of this 
study are to describe how ammonia IASI data can be assimilated into 
GEOS-Chem and to explore the validity and accuracy of this approach. 
The reanalysis product is then utilized to analyze the spatial and tem
poral characteristics of NH3 concentration on a national scale over the 
past decade. The proposed reanalysis data product system is poised to 
enhance our understanding of the variations in atmospheric ammonia 
concentrations across China, thereby facilitating a comprehensive 
assessment of its environmental implications. 

The structure of this article is organized as follows: Section 2.1 offers 
an overview of ammonia simulation from GEOS-Chem and the IASI 
observations. Section 2.2 introduces the EnKF assimilation methodol
ogy. Section 3 delves into reanalysis data validation and provides a 
spatio-temporal analysis of atmospheric loading in China. Finally, Sec
tion 4 concludes the paper with a summary of our findings and outlines 
future directions. 

2. Data and methods 

2.1. Ammonia observations and simulation 

2.1.1. Satellite IASI NH3 
The IASI, an infrared Fourier transform sounder, is equipped on the 

Sun-synchronous Meteorological Operational satellite series A/B/C 
(Metop-A/B/C), launched in 2008, 2012, and 2018 respectively. Each of 
these IASI devices captures bi-daily data on a spectrum of atmospheric 
contaminants during its flyby between 09:30 and 21:30 at local time. 
Offering a notable spatial precision of 12 km at its nadir, the IASI boasts 
a swath dimension of 2 × 1100 km (Clerbaux et al., 2009). 
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Enhancements have been made to the ammonia retrieval methodology 
of IASI steadily. For our research, we employed the most recent IASI 
release (version 3) (ANNI-NH3-v3R-ERA5) from the Metop-A/B/C sat
ellites. This edition draws from the foundational knowledge of its pre
decessors and integrates enhancements in neural network retrieval as 
detailed by Franco et al. (2019). 

In spite of advancements in NH3 column retrieval from satellite data, 
significant fluctuations in measurement error persist, ranging from as 
low as 5 % to exceeding 1000 % (Van Damme et al., 2017). Given the 
elevated levels of uncertainty inherent in infrared-based retrievals, 
coupled with a high incidence of data vacancies over cloudy regions, 
IASI-derived products are generally deemed inadequate for real-time 
ammonia surveillance, though their monthly aggregates meet required 
standards (Ge et al., 2020). In a similar vein, monthly averages across 
the 0.5◦×0.625◦ GEOS-Chem grid cells were computed using raw data 
from the ANNI-NH3-v3R-ERA5 dataset. Concurrently, irrational 
observed values (<0) were omitted from the monthly mean computa
tions. Snapshots of the IASI observations for assimilation at four 
different seasons are showcased in Fig. 1(a.1)–(a.4). 

This study aimed to calculate the 3D continuous ammonia field that 
best fit both the IASI ammonia column data and the GEOS-Chem model 
simulation. The observation error covariance matrix that quantifies the 
penalty of the IASI measurements is essential in the data assimilation as 
will be described later in Section 2.2. While assessing the uncertainty of 
the monthly averaged ammonia measurements on a grid, both the 

instrument error, denoted as σinstrument, and representational errors, 
denoted as σrepresenting, were taken into account. The average uncertainty 
derived from the IASI product served as the instrument error σinstrument, 
while the variability (standard deviation) in observation samples used to 
derive the grid average denotes the representation error σrepresenting. 
Consequently, the cumulative uncertainty, σintegrated, which encapsulates 
the IASI ammonia product error to depict atmospheric ammonia in
tensity, was computed as: 

σintegrated =
{(

σinstrument)2
+
(
σrepresenting)2

}0.5
(1) 

Snapshots of the IASI uncertainty for assimilation are showcased in 
Fig. 1(b.1)–(b.4). 

2.1.2. GEOS-Chem model 
The GEOS-Chem model version 13.3.3 is a three-dimensional 

chemical transport model. This model, pioneered by Harvard Univer
sity, has garnered widespread acclaim for its role in atmospheric in
vestigations (Eastham et al., 2014). This study utilized its nested 
regional model in Asia. The global scale had a resolution of 2◦ latitude by 
2.5◦ longitude and was sampled every 3 h, providing the boundary 
conditions. The nested domain covered 72∘ − − 136∘E and 17.5∘ − −

54∘N with a resolution of 0.5◦ latitude by 0.625◦ longitude. The model 
used the Modern-Era Retrospective Analysis for Research and Applica
tions, version 2 (MERRA-2) meteorological field (Gelaro et al., 2017) 

Fig. 1. Scenarios of the monthly ammonia column concentrations in January, April, October, and December 2021. IASI observations (a.1)–(a.4), IASI observational 
uncertainties (b.1)–(b.4), GEOS-Chem prior simulations (c.1)–(c.4), the posterior ammonia column concentration, by assimilating IASI into GEOS-Chem, is in 
(d.1)–(d.4). 
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with a 6-month spin-up. Internally, GEOS-Chem is supported by a fully 
coupled aerosol-ozone-NOx-hydrocarbon chemistry representation 
(Park et al., 2004). The wet deposition scheme for soluble aerosols and 
gases was described in Liu et al. (2001) and the dry deposition scheme 
was described in Zhang et al. (2001). Dry deposition calculation in 
GEOS-Chem follows a standard resistance-in-series model (Wesely, 
2007), while wet deposition includes both convective updraft and large- 
scale precipitation scavenging (Jacob, 1999). The GEOS-Chem outputs 
of NH3 concentrations include 47 layers from the ground to the top of 
the atmosphere, which were used to capture NH3 vertical profiles. 

To ensure regional specificity, the default anthropogenic emissions 
including the ammonia source across China were from the Multi
resolution Emission Inventory for China (MEIC, www.meicmodel.org, 
last access: August 1, 2022). The ammonia simulation driven by MEIC 
inventory is referred to as the prior simulation. As aforementioned, the 
major error source in the ammonia simulation is attributed to the un
certainty in the emission approximation. The ensemble ammonia model 
are therefore forwarded with the consistent GEOS-Chem but perturbed 
ammonia emission inventory as will be explained in Section 2.2. They 
represented the potential spread of the four dimensional ammonia 
characteristics. 

2.1.3. Surface ammonia measurements 
These surface ammonia concentration observations for validating 

our reanalysis are from two sources: the National Nitrogen Deposition 
Monitoring Network (NNDMN) (Xu et al., 2015) established by the 
China Agricultural University, and the Ammonia Monitoring Network of 
China (AMoN-China) (Pan et al., 2018), which is based on the Chinese 
Ecosystem Research Network. NNDMN consists of 43 ground stations, 
covering cities, farmland, coastal areas, forests and grasslands. This 
network provides 2013 to 2014 monthly records of surface NH3 con
centrations using harmonized protocols and measurement techniques. 
The AMoN-China has 53 monitoring stations and records NH3 concen
trations on a monthly basis. A year-round observational campaign 
(September 2015 to August 2016) was conducted to capture the spatial 
variability of atmospheric ammonia. The measurement protocol was 
based on a diffusion technique, similar to that used by NNDMN. Both 
NNDMN and AMoN-China monthly observations are treated as the in
dependent observations for evaluating our reanalysis. 

2.2. Data assimilation system 

The assimilation methodology rooted in Bayesian theory aims to 
enhance prediction and estimation accuracy by integrating observa
tional data with numerical models. This study employed the Ensemble 
Kalman Filter (EnKF), originally introduced by Evensen (1994). Similar 
to other assimilation algorithms, this system fundamentally relies on 
Bayesian theory to calculate the optimal posterior that best fitting the 
two prior distributions, quantified by their respective covariance 
matrices (Evensen et al., 2022). 

We assume that the main uncertainty of the ammonia simulation is in 
the prior emission inventory. Although other model procedures such as 
chemistry reactions and ammonia removal are uncertain too, they are 
assumed to be of less importance than the loading of ammonia emission 
as we did in Jin et al. (2023). This assumption could be seen as a first 
step toward a system that takes into account other uncertainties too but 
that probably requires additional information such as deposition flux of 
NH3 which are currently not available. 

To initiate the assimilation, we generate ensemble simulations (N =
16) via the GEOS-Chem model M with perturbed emission inventories 
[f1,…,fN]. These ensemble emission inventories are generated randomly 
following the prior MEIC model and the background error covariance 
used in our recent study (Jin et al., 2023). In that study, the uncertainty 
in the ammonia simulation was assumed to arise from errors in the 
emission inventory, and can be compensated using a spatially varying 
tuning factor α: 

f (i) = fN(i)⋅α(i) (2)  

in here fN(i) denotes the ammonia emission rate i the given grid cell i. 
The α values are defined to be random variables with a mean of 1.0 and a 
standard deviation σα = 0.2. This empirical value was found to provide 
sufficient spaces for resolving the observation-minus-simulation errors. 
With these perturbed emission fields, the ensemble ammonia simulation 
is forwarded as: 
[
xf

1,…, xf
N
]
= [M (f1) ,…,M (fN) ] (3)  

Here, xf ∈ ℝn represents the ensemble mean of xf
i ∈ ℝn, n represents the 

dimensions of the gridded GEOS-Chem model. The ensemble perturba
tion X′ ∈ ℝn×N is calculated via: 

X′ =
[
xf

1 − xf ,…, xf
N − xf ] (4)  

The background covariance matrix P for representing the ammonia 
three concentration uncertainties are approximated through: 

P =
1

N − 1
X′ X′T (5)  

The posterior simulation, denoted as xf
a, is updated following EnKF: 

xf
a = xf + K

(
y − H xf ) (6)  

Here, y ∈ ℝm represents the observed NH3 column concentrations from 
IASI, H ∈ ℝn×m is the linear operator mapping the gridded GEOS-Chem 
simulation into the IASI observational space, and K stands for the Kal
man gain which is computed following Eq. (7): 

K = PH
T (

H PH
T
+ O

)− 1 (7)  

O ∈ ℝm×m represents the observational error covariance matrix, and the 
diagonal elements stores the square of the IASI uncertainty calculated in 
Section 2.1.1. 

Despite its capability to approximate covariance of the spatial dy
namics using the limited ensemble CTMs, the classic EnKF has some 
limitations, primarily its reliance on a relatively small ensemble size (N) 
compared to the high model dimensions (n) for estimating the back
ground error covariance P dynamics (Houtekamer and Mitchell, 2001). 
To mitigate spurious spatial correlations within P, a widely adopted 
distance-dependent localization scheme proposed by Lei and Anderson 
(2014) is used. The localization is executed by element-wise multipli
cation of a local support matrix L with P, as described by the equation: 

Plocal = P ∘ L (8)  

The individual elements of the local support matrix L are computed 
using the expressions presented in Eq. (9) and Eq. (10). Specifically: 

Li,j =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

1 −
5
3

S2
i,j +

5
8
S3

i,j +
1
2
S4

i,j −
1
4
S5

i,j, Si,j < 1

−
2
3
S− 1

i,j + 4 − 5Si,j +
5
3
S2

i,j +
5
8
S3

i,j −
1
2

S4
i,j +

1
12

S5
i,j, 1 ≤ Si,j < 2

0, Si,j

(9)  

Si,j =
Di,j

Lthres
(10)  

Here, Si,j represents the spatial distance between grid cells i and j, while 
Lthres is the localization distance threshold. Notably, the correlation 
value Li,j decreases with increasing distance. For this study, we con
ducted a comparative analysis of different empirical localization choices 
(100, 300, 500 and 800 km). The comparison revealed that the assimi
lation process yielded the most accurate posterior estimate against the 
IASI observations when localization was set at 300 km. This threshold is 

B. Xu et al.                                                                                                                                                                                                                                       

http://www.meicmodel.org


Science of the Total Environment 912 (2024) 169053

5

used for the assimilation reanalysis throughout this paper. 

3. Reanalysis evaluation 

Using the IASI observations, the GEOS-Chem prior simulation and 
the EnKF data assimilation described above, the three dimensional 
reanalysis of atmospheric ammonia are generated and freely accessible 
via Zenodo (doi:https://doi.org/10.5281/zenodo.8427519). This data
set provides monthly data from January 2013 to June 2022, encom
passing a geographic range spanning from 72◦ to 136◦ longitude and 
17.5◦ to 54◦ latitude, and offering a horizontal resolution of 0.5◦ latitude 
by 0.625◦ longitude. Our reanalysis product is capable of providing a 
more comprehensive and accurate description of gas concentrations in 
China. To augment the rigor of our dataset, the reanalysis is compared 
against the assimilated IASI measurement in Section 3.1, independent 
ground ammonia concentration observations in Section 3.2 as well as a 
widely-used operational reanalysis Copernicus Atmosphere Monitoring 
Service (CAMS) in Section 3.3. 

3.1. Evaluation with the IASI product 

Fig. 1 presents scenarios of the monthly ammonia column concen
tration either from the IASI product (a.1–a.4), or from the prior GEOS- 
Chem simulation (c.1–c.4) and posterior results (d.1–d.4). These four 
snapshots are collected in January, April, July and October in 2021. 
They are to encapsulate the variances and distinct features of the 
assimilated observations and simulations at different seasons in China, 
ensuring the robustness and comprehensiveness of our dataset. 

The comparison between the IASI dataset and prior/posterior 
simulation shown in Fig. 1 shows the consistent distribution of ammonia 
loading in most of the regions. All three data sources indicated high 
ammonia concentrations are present in the North China Plain (NCP), 
and reached the peak in Summer (July) with the column concentration 
exceeding 3 × 1016 moleccm− 2 in all the three cases. The seasonal 
variation will be discussed in details in the following Section 4.3. 
However, the prior model exhibits deficiency particularly in the central 
regions of NCP, the Sichuan Basin (SCB), and the Yangtze River Delta 
(YRD), such as the metropolis of Beijing in NCP. It underestimates 
ammonia loading compared to IASI observations in generally, and fails 
to reproduce the reality over these heavily-polluted areas. This is mainly 
caused by the underestimation of emission intensity (up to 50 % in NCP 
as indicated by Jin et al. (2023)). In contrast, the posterior is much 
nudged and better fits the IASI observations. In the Xinjiang region, 
there is a clear difference between the prior ammonia concentrations 
from the GEOS-Chem model and the measurements. Specifically, the 
IASI data showed that the Xinjiang region exhibited mild ammonia 
pollution in all months, whereas the prior GEOS-Chem model appeared 
to ignore the ammonia pollution in this region, showing negligible 
ammonia. In contrast, the reanalysis result is nudged correctly through 
assimilation. The hotspots of ammonia loading in NCP, SCB, YRD as well 
as Xinjiang are successfully reproduced. 

Fig. 2 presents the scatter plot of the IASI and the simulated prior/ 
posterior column concentrations, they are to further highlight and 
visualize the improvement of using the assimilation. In the comparison 
against the assimilated IASI measurement, the prior simulations result in 
the Pearson correlation coefficient (r), 0.50, 0.72, 0.75 and 0.76, and 
root mean square error (RMSE) of 1.15× 1016 moleccm− 2, 1.01×

1016 molec, 1.84 × 1016 moleccm− 2 and 1.80 × 1016 moleccm− 2 in the 
four tested months. The performance were steadily improved except in 
the January, with the r increased to 0.80, 0.85 and 0.80 and RMSE 
declined to 0.73× 1016 moleccm− 2, 1.19 × 1016 moleccm− 2 and 0.58 ×

1016 moleccm− 2 in the three warm months. The least improvement is 
observed in the January, the RMSE slightly decreased to 1.01 μg/m3 

while r stayed at the same level (0.5). Meanwhile, the scatter plot in 
Fig. 2(a.1) and (b.1) clearly showed that most of the reanalysis ammonia 

column concentration are not modified. To gain a deep understanding of 
the limitation, we reviewed the IASI observations and their uncertainty 
as shown in Fig. 1. The IASI observation values and its uncertainty are in 
a positive proportional relationship. Those high IASI values are gener
ally assigned with higher observational errors, such as the IASI ammonia 
loading in the most polluted summer season returns the highest average 
uncertainty as shown in Fig. 1(a.3) and (b.3). However, relatively higher 
uncertainties are present in January especially in the northern areas 
compared to the April and October cases which are bothered with more 
severe ammonia. This is due to the fact that the IASI retrieval algorithm 
is highly sensitive to temperature inputs (Bouillon et al., 2020). It also 
leads us to less believe these observations at the cold time, and small 
penalty in the Kalman gain calculation in Eq. (7). Compared to other 
optimizing methods that calculates the estimation to solely fit the 
measurements, data assimilation aims to calculate the posterior that fit 
both the observations and prior, and avoids to be mislead by low-quality 
measurements. This finally account for that the posterior are less esti
mated through assimilation the IASI in the cold time. 

3.2. Evaluation with the ground NH3 observation 

Our reanalysis were further evaluated against the independent sur
face ammonia concentration data obtained from AMoN-China and 
(NNDMN). Fig. 3 displays a comparison between the prior and posterior 
surface ammonia concentrations simulation at the month of August, 
specifically chosen to demonstrate the advantages of employing our 
reanalysis in reproducing surface ammonia concentrations. The overall 
performance of the reanalysis product against the surface ammonia 
measurements is presented in Fig. 4. 

The posterior surface ammonia concentration in Fig. 3(a.1) presents 
the very similar distribution to the prior one shown in Fig. 3(b.1), while 
the regional features are modified correctly. The surface ammonia in
tensity were underestimated in general in the initial simulation. For 
instance, the ground monitoring stations indicated the surface ammonia 
concentration exceeds 16 μg/m3 over the hotspots of the NCP, while 
they are around 8 to 12μg/m3 in the pure model simulation. This un
derestimation has been corrected in the reanalysis product through 
assimilating the IASI column measurements. The scatter plot in Fig. 3 
(a.2) and (b.2) showed an improvement in the negative bias of the 
simulation results of surface ammonia concentration in August 2016, 
with root mean square errors decreasing from 11.06μg/m3 to 10.05μg/ 
m3. The improvement obtained in surface concentration simulation is 
less than that results in ammonia column concentration modeling, and 
there is still a negative bias remained. One potential reason for this 
situation is that our simulation represents the average ammonia load of 
coarse grid cells (0.5◦×0.625◦). However, the surrounding atmospheric 
ammonia measured by ground monitoring points may differ signifi
cantly with the grid. When comparing the coarse-grid simulation against 
the ground observations, representation errors are inevitable. 

Fig. 4 presents the scatter plots of observed NH3 surface concentra
tions with both a priori and a posteriori modeling results spanning from 
2013 to 2016. It is clearly illustrated that the a prior model under
estimated the surface ammonia loading, and the posteriors display an 
upward trend in the scatter display with less bias. In term of the RMSE 
metrics, the comparisons show the performance of our reanalysis sur
pass consistently the prior across all four years, with RMSE values 
reduced from 5.32μg/m3 (2013) to 5.11μg/m3, 6.17μg/m3 (2014) to 
5.54μg/m3, 7.29μg/m3 (2015) to 6.49μg/m3 and 8.31μg/m3 (2016) to 
7.45μg/m3, respectively. The independent evaluation give us the con
fidence that our reanalysis product offer a more representative depiction 
of the reality of the atmospheric ammonia. 

3.3. Comparison with CAMS 

Other reanalysis products are accessible for atmospheric ammonia 
analysis, such as the CAMS product. Fig. 5 plots the monthly column 
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Fig. 2. Scatter plot of the observed vs. the simulated NH3 total column concentration over China either using the prior (a) or using the posterior (b) NH3 emission inventory in 2021 January (a.1)–(b.1), April (a.2)–(b.2), 
July(a.3)–(b.3) and October(a.4)–(b.4). 
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concentration distribution map at the four selected instants (Januray, 
April, July and October 2021). The CAMS global analysis, as a widely 
used product, undoubtedly demonstrates its value in multiple applica
tion fields. However, there is a significant deviation between the rean
alysis results in certain regions and specific conditions and the actual 
situation compared to the observations. These deviations can be 
attributed to various factors such as the parameterization of the model, 
the emission data sources used, or the complexity of terrain and climate 
conditions. It should be emphasized that my reanalysis data is based on a 
wide range of datasets and advanced modeling techniques, and has 
undergone multiple rounds of validation and optimization to ensure its 
accuracy. 

4. Result and discussion 

Our reanalysis is the combination of the model simulation and sat
ellite observations, and provides a more comprehensive and accurate 
reproduction of the atmospheric ammonia in China. Here the spatial 
pattern, monthly and annual variation of the Chinese ammonia features 
are explored with the newly developed reanalysis product in the follow 
part. 

4.1. Spatial distribution 

Fig. 6 plots the spatial pattern of the average atmospheric ammonia 
column concentration in the past decades, which shows significant 
regional differences. For the corresponding prior spatial distribution, 
please refer to Supplementary Fig. S1. It is obvious that NCP and SCB are 
the regions with highest ammonia affection exceeding 3.0 ×

1016 moleccm− 2. Among them, NCP is characterized by heavy agricul
tural activities, especially high-intensity fertilizer application, which 
leads to a large amount of ammonia emission. Comparatively, the 
unique topography and meteorological conditions of the Sichuan Basin 
may have contributed to the accumulation of ammonia in this region, 
thus manifesting itself in higher concentrations (Zhang et al., 2010; Pan 
et al., 2018). In Xinjiang Province, there are typically moderate 
ammonia levels (0.5 to 1.5 × 1016 moleccm− 2) due to intensive agri
cultural activities. The nearby areas exhibited lower ammonia levels, 
attributable to less anthropogenic activities and colder environmental 
conditions. The central region of China tends to have higher ammonia 
concentrations (>1.5 × 1016 moleccm− 2), mainly driven by agricultural 
emissions. The southwest of China usually has lower levels, but some 
areas experience increased pollution due to a mix of industrial and 
agricultural activities. Cross-border pollution and transportation there 
also influence regional ammonia distribution in China. (Huang et al., 
2012; Zhao et al., 2017). 

Fig. 3. Spatial distribution of the prior distribution (a) and the posterior (b) surface ammonia concentrations in August (a.1)–(b.1) 2016. Scatter plots of observed 
NH3 surface concentrations versus prior simulation (a.2) and versus posterior simulation (b.2) collected in the corresponding months. 
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Fig. 4. Scatter plots compare observed NH3 surface concentrations with a priori modeling results (a.1–a.4) and a posteriori modeling outcomes (b.1–b.4) for each year from 2013 to 2016.  
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Fig. 5. Spatial distribution maps from the CAMS global reanalysis (EAC4) for (a.1) January, (a.2) April, (a.3) July, and (a.4) October 2021.  

Fig. 6. Spatial distribution of the mean ammonia column concentration. The map presents the variations in average ammonia nitrogen levels across different regions 
of China from 2013 to 2022, highlighted with a clear color gradient. Essential study areas are marked for emphasis. 

Fig. 7. Annual variations f the NH3 column concentrations across China, NCP, YRD, SCB, and Xinjiang from 2013 to 2021. Distinct colors represent different 
regional averages. 
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4.2. Annual variation 

Fig. 7 presents the temporal profiles of the national and regional 
(NCP, YRD, SCB and Xinjiang province) average ammonia column 
concentration spaning from 2013 to 2021. Reanalysis from July to 
December 2022 are not carried out because of absence of the newest 
IASI observations, therefore the average of 2022 is not present in this 
plot. Meanwhile, information about the varying trend in the prior 
simulation is provided in Supplementary Fig. S2. According to our 
assimilation results, the national atmospheric NH3 concentration grows 
steadily from 0.45 to 0.77 × 1016 moleccm− 2, with a growth rate around 
71.23 % in the past decade. As the most severe pollution region, NCP 
exhibited the most significant concentration growth, with a remarkable 
growth rate of 75.76 %. The atmospheric ammonia there increased 
rapidly from 1.32 to 2.32 × 1016 moleccm− 2, while most of these 
occurred in the period ranging from 2013 to 2017. Since 2008, agri
cultural growth has been the primary driver behind the increase in NH3 
emissions in China. This expansion in agriculture and the rising tem
peratures (Ding et al., 2007), has fostered the volatilization of NH3, 
leading to heightened emissions from 2013 to 2017. Post-2017, NH3 
concentrations exhibit minor fluctuations (2.08–2.32 ×

1016 moleccm− 2). This probably can be attributed to China’s introduc
tion of the “Opinions on Innovating System and Mechanisms to Promote 
Agricultural Green Development” in 2017, a significant initiative 
designed to foster sustainable and eco-friendly agricultural practices 
(less fertilizing) within the nation (Liu et al., 2020). Ammonia over SCB 
has the fastest ammonia growth ratio, 83 %, raising from 1.0 to 1.83 ×
1016 moleccm− 2. Though there are also hotspots of atmospheric 
ammonia in Xinjiang province with local column concentration 
exceeding 1.5 ×1016 moleccm− 2 as shown in Fig. 7, this is because the 
majority of the area consists of deserts, which are devoid of ammonia 
emissions. The mean column concentration there was about 0.25 ×
1016 moleccm− 2 in 2013, and slowly increased to 0.38 ×1016 moleccm− 2 

by 2021. 

4.3. Monthly variation 

Our newly-developed reanalysis is also capable of revealing the 
specific seasonal pattern at different regions. As shown in Fig. 8 are the 

monthly variation curve (solid line) and the spread (shadow) over the 
whole China and the four important regions. Meanwhile, information 
regarding the trend variations from the prior simulation is available in 
Supplementary Fig. S3. It indicates that the atmospheric ammonia peaks 
predominantly occur around June and August, while the lowest values 
are evident between December and January, and appeared in a normal 
distribution. 

This is different from that found in European domain, which usually 
have the two peaks at Spring and Autumn, respectively (Backes et al., 
2016). The varying profile is because that the emissions were primarily 
concentrated from April to September due to the intensive agricultural 
activities and high temperature. In China, the new spring seeding 
generally begins in April. During this period, spring wheat, soybeans, 
and cotton are sown in the single-cropping area with a large amount of N 
fertilizer applied to the cropland as the base fertilizer. In the following 
1–2 months, due to the application of top fertilizer and warming air 
temperature, NH3 emissions tend to continuously increase to August. 
Unlike the warm seasons, there is less volatilization of NH3 during the 
winter season, and there is also relatively less farming activities. 
Therefore, the NH concentration decreases significantly compared to the 
summer season (Ren et al., 2023). 

5. Summary and conclusion 

Over the past few decades, the concentration of ammonia in China’s 
atmosphere has steadily increased, giving rise to significant environ
mental and health concerns. Currently, obtaining a comprehensive un
derstanding of China’s atmospheric ammonia load and quantifying its 
environmental impact is a challenge. That cannot be adequately 
addressed solely through existing measurements or model simulations. 
These approaches are limited in terms of spatial coverage, data integrity, 
and quality, and thus fall short of meeting the necessary requirements. 
The conventional reanalysis products such as CAMS, despite their 
pivotal role in climate research, exhibit a marked deficiency in ammonia 
data, a lacuna that hampers our grasp of nitrogen cycles and atmo
spheric chemistry, particularly the aerosol formation processes. 

This research has pioneered an integrated ammonia reanalysis data 
product in China, adeptly melding satellite observations from the IASI 
NH3 dataset with model data, capitalizing on the robust EnKF data 
assimilation method. Ground based ammonia observations have been 

Fig. 8. Monthly variations of NH3 concentrations across China, NCP, YRD, SCB, and Xinjiang in the past decade. The solid lines represent the monthly average NH3 
concentrations for each region, while the shaded areas depict the standard deviation of the annual averages, indicating the variability of the data. Each region is 
distinguished by a unique color. 
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used in the independent evaluation, and assured the high accuracy of 
our reanalysis. Spanning a decade from 2013 to 2022, this reanalysis 
uncovered not just the spatial intricacies of NH3 concentrations but also 
their temporal dynamics. Notably, our findings pinpointed the spatial 
disparities in emission intensities, highlighting pronounced concentra
tions in the NCP, SCB, and Northeast China. The national atmospheric 
NH3 concentration grew steadily from 0.45 to 0.77 × 1016 moleccm− 2. 
This represents an approximate growth rate of 71.23 % over the past 
decade. We also identified seasonal patterns, with peaks in July and 
reduced concentrations in winter. Our research provides crucial insights 
for shaping future NH3 pollution prevention and control strategies in 
China. 
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