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Abstract.

Non-methane volatile organic compounds (NMVOCs) are key precursors of ozone and secondary organic aerosols. As one of

the world’s largest NMVOC emitters, accurate emission inventories are essential for understanding and mitigating air pollution

in China. Commonly-used inventories (e.g., MEIC) are largely based on bottom-up methods, which often fail to capture the

spatiotemporal variability of NMVOC emissions, resulting in significant model-observation mismatches. This study evaluates5

the vertical profile structure, qualified-data volume and monthly mean biases of formaldehyde products from OMI, OMPS and

TROPOMI satellites, emphasizing the enhanced capabilities of the latest OMPS and TROPOMI retrievals. Monthly NMVOC

emissions over China in 2020 are then optimized by independently assimilating formaldehyde retrievals either from OMPS

or from TROPOMI, using a self-developed 4DEnVar assimilation emission inversion system. The OMPS- and TROPOMI-

driven assimilation yields consistent seasonal and regional increments in NMVOC emissions in general, but distinctions are10

also notable. A consistency analysis is introduced to assess the reliability of these two posterior emissions. Highly consistent

increments are obtained in the North China Plain (May-June), the Yangtze River Delta and Pearl River Delta (January-March,

October-December), and the Sichuan Basin (January, June-December). These adjustments significantly improve surface ozone

simulations, with 81.25% of consistent cases demonstrating reduced biases and an average RMSE reduction of 24.7%. These

findings highlight the effectiveness of OMPS and TROPOMI formaldehyde assimilation, coupled with consistency analysis, in15

refining NMVOC emission estimates and enhancing ozone simulation accuracy. Similar promising results are achieved in the

OMPS/TROPOMI-based NMVOC emission inversion in 2019.

1 Introduction

Non-methane volatile organic compounds (NMVOCs) are significant components of the atmosphere, serving as key precursors

to ozone (O3) and secondary organic aerosols (SOA) (Liu et al., 2017). They engage in numerous photochemical reactions,20

exerting a considerable influence on atmospheric oxidative capacity and air quality (Zhu et al., 2021). Moreover, NMVOCs
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such as benzene, trichloroethylene, and chloroform are recognized for their toxicity (Billionnet et al., 2011; Lerner et al., 2012),

and prolonged exposure to elevated concentrations can pose significant health risks (He et al., 2015). China has seen a rapid

anthropogenic NMVOC emissions increase over the last three decades, gradually becoming one of the important contributors

to global NMVOC emissions (Li et al., 2019). Investigating NMVOC dynamics and their emission distributions is critical for

addressing air pollution challenges in China (Yuan et al., 2013; Hao and Xie, 2018).5

NMVOCs are primarily released through anthropogenic activities, biogenic emissions, and biomass burning processes. Huge

efforts have been devoted to constructing inventories recording these emissions in a bottom-up way, such as the global Commu-

nity Emission Data System (CEDS) (Hao and Xie, 2018), the regional Multi-resolution Emission Inventory for China (MEIC)

(Li et al., 2019), and the Model of Emissions of Gases and Aerosols from Nature v2.1 (MEGAN) (Guenther et al., 2012). For

biomass burning, widely used inventories include the Global Fire Emissions Database (GFED) and the Fire INventory from10

NCAR (FINN) (Wiedinmyer et al., 2011). Coupled with chemical transport models like GEOS-Chem (Ito et al., 2007) and

WRF-Chem (Azmi et al., 2022), these inventories are widely used to simulate transport, deposition, and chemical transforma-

tions of NMVOCs, supporting air quality assessments and emission control strategies. However, bottom-up estimates remain

highly uncertain because both emission factors and activity data vary greatly in space and time and are often poorly constrained

(Bo et al., 2008; Sharma et al., 2015). For anthropogenic sources, nationwide uncertainties of ±68-78% have been reported15

due to variable activity data and emission factors under rapid structural transitions in industry, solvent use, and transportation

(Li et al., 2017, 2019). Biogenic emissions are even more uncertain, highly sensitive to land-cover, meteorology, and param-

eterizations, with Chinese BVOC estimates varying from 10 to 58.9 Tg C yr�1 (Li et al., 2020; Wang et al., 2021; Pei et al.,

2025). Biomass burning emissions also show large discrepancies across inventories (e.g., GFED, FINN, GFAS), largely driven

by uncertainties in burned area, fuel loading, and emission factors (He et al., 2011; Hua et al., 2024). In addition, strict air20

pollution controls implemented in recent years targeting industry, residential use, and transportation have significantly altered

emission patterns (Wu et al., 2016; Li et al., 2017; Zheng et al., 2018). Consequently, bottom-up inventories carry substantial

uncertainties (Li et al., 2014; Qiu et al., 2014). For example, estimates of China’s total NMVOC emissions for 2012 range

between 18 and 27 Tg depending on the inventory used (Kurokawa et al., 2013; Wu et al., 2016; Stavrakou et al., 2017), posing

major challenges for accurately assessing the role of NMVOCs in air quality and climate (Han et al., 2013; Wang et al., 2014).25

There are numerous well-established techniques for measuring the concentrations of various volatile organic compounds

in the atmosphere. These include gas chromatography, mass spectrometry, Fourier transform infrared spectroscopy, and non-

dispersive infrared analysis. While these methods are highly effective for meeting the requirements of experimental studies

and real-time monitoring, their complexity and the associated high labor costs pose significant challenges for long-term mea-

surements or assessments across large spatial scales (Sakdapipanich and Insom, 2006; Cheng et al., 2017; Xing et al., 2022).30

Among the various NMVOCs, the optical properties of formaldehyde and glyoxal make them particularly suitable for detec-

tion via remote sensing technologies. These properties enable formaldehyde and glyoxal to be among the few NMVOCs that

can be monitored from satellites. Remote sensing observations of these compounds typically rely on spectral channels in the

ultraviolet-visible (UV-Vis) range, with their primary absorption features occurring between 330 and 460 nm (Platt, 1979;

Lerot et al., 2010; De Smedt et al., 2012).35
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Compared to glyoxal, satellite products for formaldehyde are better established.. Satellite observations of glyoxal began later

with initial identi�cations made using Aura Ozone Monitoring Instrument (OMI), and its retrieval is more challenging than

that of formaldehyde (Kurosu et al., 2005; Chan Miller et al., 2014). Recent years have seen further advancements in satellite

observational instruments and algorithms for formaldehyde (Abad, 2022; De Smedt et al., 2017), leading to new satellite

observation products with improvements in both accuracy and resolution. In contrast, while the glyoxal retrieval algorithm5

has been updated for OMI product (Alvarado et al., 2014), its satellite products continue to face substantial uncertainties.

Notably, the latest version of Sentinel-5 Precursor Tropospheric Monitoring Instrument (TROPOMI) glyoxal products is no

longer publicly available on the of�cial website.

Formaldehyde measurements from instruments such as the Global Ozone Monitoring Experiment-2 (GOME-2) (De Smedt

et al., 2012), OMI (González Abad et al., 2015), Ozone Mapping and Pro�ler Suite (OMPS) (Li et al., 2015) and TROPOMI10

(De Smedt et al., 2018) have been used widely for estimating NMVOC emissions through data assimilation. The core of the

methodology is to calculate the most likely NMVOC emissions given the formaldehyde observations and the prior information.

For instance, Fu et al. (2007) used six years of continuous satellite measurements of formaldehyde columns from GOME

(1996-2001) to improve regional emission estimates of reactive NMVOCs, including isoprene, ole�ns, formaldehyde, and

xylene, for East Asia and South Asia. Similarly, formaldehyde data from the GOME-2A satellite were used to constrain15

NMVOC emissions in India for 2009 (Chaliyakunnel et al., 2019). Souri et al. (2020) used observations from OMPS satellites

during the KORUS-AQ campaign to estimate NOx and NMVOC emissions in East Asia from May to June 2016. Kaiser et al.

(2018) also utilized high-resolution formaldehyde retrieval data from OMI instrument to quantify isoprene emissions at the

ecosystem scale in the southeastern United States during August-September 2013. Those promising results have demonstrated

that formaldehyde measurements could be utilized to optimize the existing NMVOC emissions that were established in a20

bottom-up manner.

Studies focusing on top-down NMVOC emission optimization over China remain relatively limited in recent years. Shim

et al. (2005) assimilated formaldehyde observations from the GOME using a global Bayesian inversion to constrain isoprene

emissions. Although China was included within their East Asia region, the analysis lacked region-speci�c focus and did not

provide detailed characterization of emission patterns over China, and the coarse spatial resolution (4°� 5°) in that study25

further limited the ability to resolve subregional emission features. Stavrakou et al. (2016) conducted a regional inversion

in Eastern China using multi-year satellite formaldehyde data from GOME and OMI to constrain VOC emissions during

the post-harvest burning period, and they indicated that the crop burning �uxes of VOCs in June exceeded by a factor of

two the combined emissions from other anthropogenic activities in the NCP region from 2005 to 2012. Cao et al. (2018)

conducted a relatively systematic satellite-based emission inversion study over China, using a 4DVar method and assimilating30

OMI and GOME-2A formaldehyde products to estimate monthly NMVOC emissions in 2007, though the spatial resolution (4°

� 5°) was still too coarse. Choi et al. (2022) applied a 4DVar system to assimilate TROPOMI formaldehyde over East Asia,

demonstrating the capability of high-resolution satellite data to capture regional and seasonal variability in VOC emissions,

but the analysis was conducted only for May-June. Beyond China, a number of important studies have advanced top-down

VOC inversion methodologies: Palmer et al. (2003) pioneered the use of GOME formaldehyde observations in a Bayesian35
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framework to constrain global isoprene emissions, laying the foundation for subsequent satellite-based VOC studies; Wells

et al. (2020, 2022) further advanced this �eld by retrieving isoprene emissions from CrIS measurements and providing high-

resolution constraints on VOC oxidation chemistry at the global scale; and Oomen et al. (2024) derived weekly top-down VOC

�uxes over Europe from TROPOMI formaldehyde data using the MAGRITTEv1.1 model, providing improved constraints on

isoprene, biomass burning, and anthropogenic VOC emissions. Considering the increasingly stringent air pollution control in5

China (Wu et al., 2024), there is an urgent need for high-resolution top-down NMVOC emission optimization.

In terms of the assimilation observation sources, OMI product now remains as one of the most widely used formaldehyde

products in related studies. However, the retrievals over China are reported to suffer from the so-called "row anomaly" issue

(González Abad et al., 2015), which may reduce the assimilation accuracy especially in the high-resolution con�guration. To

ensure the quality of OMI data, rigorous �ltering is usually required; however, the number of valid grid cells remaining after10

such screening is severely limited, making it insuf�cient for high-resolution assimilation. In contrast, the TROPOMI and OMPS

formaldehyde products do not suffer from this issue and are therefore more suitable for high-resolution emission optimization

at the national scale. Subsequently, the monthly NMVOC emission optimization in China is conducted. This is achieved by

independently assimilating formaldehyde observations either from OMPS or from TROPOMI, based on the emission inversion

system that couples the four-dimensional ensemble variational (4DEnVar) data assimilation algorithm and GEOS-Chem model.15

The effectiveness of this emission inversion system has been evaluated in our recent studies (Jin et al., 2023; Xia et al., 2025).

In this study, we focus on the year 2020 for the main analysis, while results for 2019 are also presented in the Supplementary

Information to provide additional context and support.

This paper is organized as follows: Section 2 describes the dataset and methodology, focusing on GEOS-Chem model, input

emission sources (anthropogenic, biogenic, and biomass burning), and the satellite and ground-based observations utilized.20

Section 3 provides an analysis of the assimilation results, including the estimation of posterior NMVOC emissions and the

validation of both formaldehyde columns and ground-level ozone simulations. Section 4 summarizes the key �ndings and

concludes the study.

2 Data and methods

This section begins by introducing the GEOS-Chem model utilized for simulations in Section 2.1. Section 2.2 presents an25

overview of the emissions used as the prior NMVOC inventories, including anthropogenic, biogenic, and biomass burning

inventories. Section 2.3 introduces the three satellite observations employed in the analysis in this study. In Section 2.4, the

ground observations used for ozone validation are presented. Section 2.5 introduces the 4DEnVar algorithm used for data

assimilation.

2.1 Model simulation30

GEOS-Chem is a chemical transport model driven by meteorological data from the Goddard Earth Observing System (GEOS)

of NASA's Global Modeling and Assimilation Of�ce (GMAO) (Bey et al., 2001). In this study, we use GEOS-Chem Classic
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(GCC) v14.1.1 to simulate formaldehyde columns to constrain NMVOC emissions over China. The global simulation has

a horizontal resolution of 2° latitude� 2.5° longitude, with boundary conditions updated every 3 hours. The nested region

(72°-136° E, 17.5°-54° N) has a horizontal resolution of 0.5° latitude� 0.625° longitude and 47 vertical layers. Modern-Era

Retrospective analysis for Research and Applications, Version 2 (MERRA-2) meteorological �elds (Gelaro et al., 2017) are

used to drive GEOS-Chem. Each simulation includes a 6-month spin-up period.5

This model version incorporates detailed O3-HOx -NOx photochemistry and fully coupled aerosol-O3-NOx -VOCs chemistry

representation (Park et al., 2004), coupled with a scheme for primary carbonaceous aerosols, dust, sea salt, and secondary

inorganic species (sulfates, nitrates, and ammonium) and their distribution. To better simulate oxidant-aerosol reactions in the

stratosphere and troposphere, GEOS-Chem v14.1.1 introduced a new KPP 3.0 chemical solver (Lin et al., 2023), including

chemical mechanisms for isoprene, aromatics, ethylene, and acetylene (Bates and Jacob, 2019; Bates et al., 2021; Kwon et al.,10

2021). Since the satellite overpasses China mainly between 12:00 and 14:00 local time, the model outputs within this time

window are sampled to calculate the formaldehyde columns for fair comparison with the satellite observations. Our GEOS-

Chem model outputs both total and tropospheric formaldehyde column concentrations, enabling comparison with OMPS total

column data and TROPOMI formaldehyde column measurements as will be introduced later. Samples of the formaldehyde

tropospheric column simulation are presented in Figure 1 (a).15

2.2 Prior NMVOC emission inventories

The anthropogenic NMVOC emission input into the model mainly comes from the Multi-resolution Emission Inventory for

China (MEIC; Zheng et al., 2018). Since the MEIC inventory tailored for the existing chemical species in GEOS-Chem only

extends to 2017, the MEIC inventory used in this study is the 2017 emission inventory. This inventory has a spatial resolution

of 0.25° latitude� 0.25° longitude and includes industrial, transportation, power generation, and residential emissions. For20

chemical species used in GEOS-Chem but not included in MEIC and anthropogenic NMVOC emissions outside China, we use

the 2019 CEDS global inventory as a supplement. The prior estimates of biogenic NMVOC emissions in this study are obtained

from the MEGAN 2.1 model (Guenther et al., 2012). Field straw burning is considered a major seasonal source of NMVOCs in

China (Huang et al., 2012; Liu et al., 2015; Stavrakou et al., 2016). In this study, the biomass burning emissions are taken from

the GFED version 4 (GFED4) global inventory for 2020 (Van Der Werf et al., 2017). Before these prior emissions are used25

to drive GEOS-Chem simulations, the spatial resolution is coarsened to an average value on a 0.5°� 0.625° grid resolution

consistent with the model con�guration as used in Section 2.1.

Figure 2 (a) presents the prior NMVOC emission inventories for 2020, which primarily relies on the anthropogenic emission

inventory from MEIC, supplemented by the CEDS inventory for species not included in MEIC. Additionally, biogenic emis-

sions are provided by MEGAN (of�ine calculation) for the year 2020 with an hourly temporal resolution, directly through the30

HEMCO emission component of GEOS-Chem; in this study, we did not run the MEGAN model separately. Biomass burning

emissions are taken from GFED4. The combination of these three sources is treated as the prior emission inventory used in the

following NMVOC emission optimization.
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Figure 1. Spatial distributions of formaldehyde columns from GEOS-Chem model-simulated prior tropospheric columns (a) and posterior

tropospheric columns constrained by OMPS assimilation (b), satellite observations of OMPS total columns (c), and satellite observations of

TROPOMI tropospheric columns (d) in February (a.1-d.1), May (a.2-d.2), August (a.3-d.3), and November (a.4-d.4) of 2020.

6




