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1. Purpose and scope 
 Purpose 

This document presents the second issue of the Climate Assessment Report for cycle 2 of the 
ESA CCI+ ECV Precursor project.  

 Scope 
The scope of this CAR_v2 is to report on lessons learned on using long-term satellite NO2, 
HCHO and CO (generated within this project) at ECMWF CAMS, the University of Toulouse 
(LAERO) and BIRA-IASB for the purpose of climate assessment. This involves features of 
availability, coverage, consistency, completeness, uncertainty (propagation), and validation of 
the satellite data, and its usefulness for comparison against model simulations at timescales 
at which the climate, or aspects thereof, are noticeably changing.  

Three main use cases are being developed addressing respectively (1) the evaluation of NO2 
and CO climate data records for ECMWF CAMS, (2) GEOS-CHEM simulations constrained by 
HCHO and NO2 climate data records, and (3) the assessment of the variability and trends of 
HCHO columns over Africa. In addition, the CAR_v2 includes an intercomparison of CO column 
measurements from the IASI, MOPPIT and TROPOMI instruments, which concludes on the 
complementarity between these sensors for global CO monitoring. 

 Applicable documents 
[AD-1] Data Standards Requirements for CCI Data Producers. Latest version at time of 

writing is v1.2: ref. CCI-PRGM-EOPS-TN-13-0009, 9 March 2015, available online at:  
https://climate.esa.int/media/documents/CCI_DataStandards_v2-3.pdf  

[AD-2] CCI Data Policy v1.1. Available online at: 
https://climate.esa.int/sites/default/files/CCI_Data_Policy_v1.1.pdf  

 

 Reference documents 
[RD-1] GCOS Climate Monitoring Principles, November 1999. Available online at: 

https://gcos.wmo.int/en/essential-climate-variables/about/gcos-monitoring-
principles 

[RD-2] Guideline for the Generation of Satellite-based Datasets and Products meeting GCOS 
Requirements, GCOS Secretariat, GCOS-128, March 2009 (WMO/TD No. 1488). 
Available online at: 
https://library.wmo.int/index.php?lvl=notice_display&id=12884#.Yw4rL7RByUk    

[RD-3] Quality assurance framework for earth observation (QA4EO): http://qa4eo.org  

[RD-4] The Global Observing System for Climate: Implementation Needs, GCOS-200, 
October 2016. Available online at: https://gcos.wmo.int/en/gcos-implementation-
plan  

https://climate.esa.int/media/documents/CCI_DataStandards_v2-3.pdf
https://climate.esa.int/sites/default/files/CCI_Data_Policy_v1.1.pdf
https://gcos.wmo.int/en/essential-climate-variables/about/gcos-monitoring-principles
https://gcos.wmo.int/en/essential-climate-variables/about/gcos-monitoring-principles
https://library.wmo.int/index.php?lvl=notice_display&id=12884#.Yw4rL7RByUk
http://qa4eo.org/
https://gcos.wmo.int/en/gcos-implementation-plan
https://gcos.wmo.int/en/gcos-implementation-plan
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[RD-5] Status of the Global Observing System for Climate, GCOS-195, October 2015. 
Available online at: 
https://library.wmo.int/index.php?lvl=notice_display&id=18962#.Yw4r8LRByUk 

[RD-6] Hollmann, R., et al., The ESA climate change initiative: Satellite data records for 
essential climate variables. American Meteorological Society. Bulletin, Vol. 94, No. 
10, 2013, p. 1541-1552. 

[RD-7] Joint Committee for Guides in Metrology, 2008, Evaluation of measurement data — 
Guide to the expression of uncertainty in measurement (GUM), JGCM 100: 2008. 
Available online at: https://www.iso.org/sites/JCGM/GUM-JCGM100.htm 

[RD-8] Merchant, C., et al., 2017, Uncertainty information in climate data records from Earth 
observation, Earth Syst. Sci. Data Discuss., vol. 9, p511-527 

 

 List of acronyms 
 
AC-SAF Satellite Application Facility on Atmospheric Composition Monitoring 
ADP Algorithm Development Plan 
AK Averaging Kernel 
AMF Air-mass factor 
AOD Aerosol Optical Depth 
ATBD Algorithm Theoretical Basis Document 
BB Biomass-Burning 
BB Biomass-Burning  
BIRA-IASB Royal Belgian Institute for Space Aeronomy 
BIRA-IR BIRA-IASB Infrared Team 
BIRA-MOD BIRA-IASB Tropospheric Modeling Team 
BIRA-SYN BIRA-IASB Synergy Team 
BIRA-UVVIS BIRA-IASB UV-Vis Team 
BU Bottom-Up 
BVOCs Biogenic Volatile Organic Compounds 
C3S Copernicus Climate Change Monitoring Service 
C5H8 Isoprene 
CAMS Copernicus Atmospheric Monitoring Service 
CCI Climate Change Initiative 
CCI+ 
 

Climate Change Initiative Extension (CCI+), is an extension of the CCI over 
the period 2017-2024. 

CEDS Community Emissions Data System 
CEOS Committee on Earth Observation Satellites 
CH4 Methane  
CMUG Climate Modeling User Group 
CO Carbon monoxide 
COBRA COvariance-Based Retrieval Algorithm 
CRDP Climate Research Data Package 
CRG Climate Research Group 

https://library.wmo.int/index.php?lvl=notice_display&id=18962#.Yw4r8LRByUk
https://www.iso.org/sites/JCGM/GUM-JCGM100.htm
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CTM Chemistry Transport Model 
DLR German Aerospace Centre 
DOAS Differential Optical Absorption Spectroscopy 
ECMWF European Centre for Medium-range Weather Forecast 
ECV Essential Climate Variable 
ENVISAT Environmental Satellite (ESA) 
EO Earth Observation 
EQAS Equatorial Asia 
ESA European Space Agency 
EU European Union 
EUMETSAT European Organisation for the Exploitation of Meteorological Satellites 
FCDR Fundamental Climate Data Record 
FINN Fire INventory from NCAR 
FRESCO Fast Retrieval Scheme for Clouds from the Oxygen A band 
FRM Fiducial Reference Measurement 
FRP Fire Radiative Power  
GCHP GEOS-Chem High Performance 
GCOS Global Climate Observation System 
GEOS-Chem Goddard Earth Observing System Chemistry 
GFED Global Fire Emissions Database 
GOME Global Ozone Monitoring Instrument (aboard ERS-2) 
GOME-2 Global Ozone Monitoring Instrument – 2 (aboard MetOp-A, -B and -C) 
HEMCO Harvard-NASA Emissions Component 
HRI Hyperspectral Range Index 
IASI Infrared Atmospheric Sounding Interferometer 
ICZ Intertropical Convergence Zone  
IGAC International Global Atmospheric Chemistry 
IUP-UB Institute of Environmental Physics, University of Bremen 
KNMI Royal Netherlands Meteorological Institute 
LAERO Laboratoire d’Aérologie 
LCC Land Cover Changes 
LEO Low Earth Orbit 
LUT Look-up table 
MEGAN Model of Emissions of Gases and Aerosols from Nature 
MERRA Modern-Era Retrospective analysis for Research and Applications 
Metop Meteorological Operational Platform (EUMETSAT) 
MOPITT Measurement of Pollution in the Troposphere 
NASA National Aeronautics and Space Administration 
NDACC Network for the Detection of Atmospheric Composition Change 
NH3 Ammonia 
NHAF Northern Hemisphere Africa 
NMVOCs Non-Methane Volatile Organic Compounds 
NN Neural Network 
NO Nitrogen monoxide 
NO2 Nitrogen dioxide 
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NOx Nitrogen oxides 
NRT Near-Real Time 
O3 Ozone 
OCRA Optical Cloud Recognition Algorithm) 
OH Hydroxyl Radical 
OMI Ozone Monitoring Instrument (aboard EOS-Aura) 
PBL Planetary Boundary Layer 
PCA Principal Component Analysis 
QA4ECV Quality Assurance for Essential Climate Variables 
QA4EO Quality Assurance framework four Earth Observation 
QFED Quick Fire Emissions Dataset 
R&D Research and Development 
ROCINN Retrieval of Cloud Information using Neural Networks 
S5P Sentinel-5 Precursor 
SAF Satellite Application Facility 
SCIAMACHY Scanning Imaging Absorption Spectrometer for Atmospheric 
SEAS Southeast Asia  
SHAF Southern Hemisphere Africa 
SHSA Southern Hemisphere South America 
SOA Secondary Organic Aerosols  
SOFRID SOftware for a Fast Retrieval of IASI Data 
SoW Statement of Work 
STREAM STRatospheric Estimation Algorithm from Mainz 
SZA Solar Zenith Angle 
TEMIS Tropospheric Emission Monitoring Internet Service 
TENA Temperate North America 
TIR Thermal Infrared spectral range 
TMOD Tropospheric Chemistry Modelling 
TOA Top-of-atmosphere 
TOAR-II Tropospheric Ozone Assessment Report Phase-II 
TROPOMI Tropospheric Monitoring Instrument (aboard Sentinel-5 Precursor) 
ULB Université Libre de Bruxelles 
UPAS Universal Processor for UV/Vis Atmospheric Sensors 
UV-Vis Ultraviolet and visible spectral range 
VOCs Volatile Organic Compounds 
WP Work Package 
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2. Evaluation of NO2 and CO climate data records for 
ECMWF CAMS 

ECMWF’s CAMS system assimilates CO from MOPITT and IASI, and NO2 from OMI (QA4ECV) 
and GOME-2 (AC-SAF) in their system. Apart from MOPITT CO, these are prototype data 
products retrieved in a manner consistent with the retrievals done in the ECV Precursor 
project. ECMWF’s experience with these data records is therefore useful to take on board in 
the development and generation of the data records in this project. 

 Status of assimilation of satellite NO2 in CAMS re-analysis 
ECMWF recently tested (Autumn 2022) for the first time the assimilation of TROPOMI NO2 
(from KNMI) along with OMI (KNMI) and GOME-2B/C NO2 (from AC-SAF) in its IFS system. 
Adding TROPOMI NO2 to the assimilation reduces the bias over eastern Asia, where the CAMS 
system was known to be biased high previously (Figure 2.1 below). The impact of TROPOMI 
NO2 assimilation is that it corrects for IFS model issues that led to too much NO2 in forecast 
mode over China and the United States. The OMI and TROPOMI NO2 retrieval approaches are 
very similar, and the data products agree well, but TROPOMI’s spatial resolution and coverage 
are superior, so that assimilation of TROPOMI NO2 has a proportionally stronger impact than 
OMI’s. 
 

 
Figure 2-1: Difference in tropospheric NO2 (ASSIM – CONTROL) when assimilating TROPOMI NO2 along with 
OMI and GOME-2 NO2 in ECMWF’s IFS system vs. assimilating only OMI and GOME-2 NO2.  
 
In a project with KNMI, ECMWF is revisiting its assimilation approach. Instead of the previously 
used “thinning” approach, ECMWF is now experimenting with so-called ‘superobservations’. 
Superobservations are averaged satellite data representative for the spatial domain of the 
model grid. An important advantage of superobservations is that they can be accompanied by 
realistic (gridded) uncertainty estimates that go beyond simple averaged uncertainties. 
ECMWF indicated that the ECV Precursor data would be more useful to them when filtering 
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criteria (e.g. solar zenith angle, qa_value, etc.) used in generating the L3 data are included in 
the data products. 
 
ECMWF prepares taking in QA4ECV NO2 data from GOME, SCIAMACHY, and OMI for its next 
CAMS reanalysis (A. Inness, personal communication, 27 May 2024). This is the same data that 
is used in this project to produce the NO2 CDR. ECMWF is also testing a new assimilation 
scheme (4D-Var) in which NOx emissions (rather than NO2 columns) are updated based on the 
satellite NO2 columns. Preliminary results indicate that the information added by the satellite 
data persists for a longer time in the assimilated fields, but there are also difficulties still (N. 
Bousserez, personal communication). 

 Status of assimilation of satellite CO in CAMS re-analysis  
MOPITT and IASI-B/C CO are routinely assimilated into the CAMS re-analysis system (Inness et 
al., 2022). Validation revealed that CAMS CO (after assimilation) has a low bias of some 10% 
against ground based FTIR CO data collected from the NDACC network, and against TROPOMI 
CO columns. Assimilation of TROPOMI CO columns leads to an improved fit against IAGOS 
aicraft CO vertical profiles, especially in the lower troposphere. This suggests that IASI and 
MOPITT CO are not necessarily biased, but rather that the vertical sensitivity of TROPOMI to 
lower tropospheric CO (retrievals at 2.3 µm) is stronger than the vertical sensitivity of IASI 
(retrievals at) 4.7 µm which peaks in the middle troposphere. Continuation of IASI CO data in 
the CAMS system is foreseen, and the differences in vertical sensitivity between IASI and 
TROPOMI were anticipated and accounted for by application of the observation operator 
(averaging kernels) in the assimilation procedure. 
 

 
Figure 2-2: Comparison of CAMS CO biases against IAGOS CO profiles observed at various airports around the 
world. The red curves show the CAMS CO-profiles with the assimilation of TROPOMI CO columns, and the blue 
curves without the assimilation of TROPOMI CO. From Inness et al. (2022). 
 
ECMWF will continue with the assimilation of IASI CO in its next reanalysis runs and is 
considering the usage of both nighttime and daytime IASI data. The IASI science team has 
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advised ECMWF (Antje Inness) to assimilate both daytime and nighttime CO data, since both 
are of good scientific quality. 

 Perspective of assimilation of satellite HCHO in CAMS re-analysis 
ECMWF is preparing the assimilation of satellite HCHO data in the IFS system (IFS 
documentation – Cy48r1, 2023) in the H2020 EU CAMEO-project (https://www.cameo-
project.eu/), wherein BIRA (satellite remote sensing of HCHO), KNMI (chemistry in CAMS/IFS), 
and ECMWF (data assimilation) collaborate.  
 
First technical data assimilation experiments in which CAMS HCHO concentrations were 
updated via HCHO satellite measurements were not successful. This was anticipated based on 
the short atmospheric lifetime of HCHO and the lessons learned with data assimilation of NO2: 
information added to the system is quickly lost (within hours) after assimilation due to the 
short atmospheric lifetime of HCHO. The CAMEO-project is now at a stage in which a simplified 
chemical scheme describing the relationship between isoprene emissions and HCHO 
concentrations is being defined. With this simple scheme, it will be possible to assimilate (and 
perform inverse modelling) of satellite HCHO column data to update the isoprene emissions, 
a more long-lasting impact to the model. A first working version of the data assimilation 
system that updates isoprene emissions is anticipated by June 2024 (V. Huijnen – personal 
communication). 
 
One of the lessons learned in working with the satellite data is that negative HCHO columns 
in the L2 data should not be filtered out when constructing L3 data (A. Inness, personal 
communication).  
 

3. GEOS-Chem simulations with constraints from HCHO and 
NO2 climate data records 
 Executive summary 

This report investigates the impact of evolving surface emissions in the tropics on tropospheric 
ozone, using numerical simulations performed over the past decade with the GEOS-Chem 
chemistry transport model. To ensure the most reliable representation of biomass burning 
(BB) and anthropogenic sources, tropospheric columns of NO₂ and HCHO derived from ECVs 
Precursors consortium (satellite products) are used as observational constraints. In addition, 
tropospheric columns of ozone (TCO) and total columns of CO retrieved from IASI with the 
SOFRID algorithm serve also for model evaluation on global and regional scales.  

The model assessment, based on advanced statistical analyses, reveals that the combination 
of Global Fire Assimilation System (GFAS) as BB and Copernicus Atmospheric Monitoring 
Service (CAMS) as anthropogenic emission inventories provides the best overall agreement 
with the selected satellite observations. Further results indicate that the GEOS-Chem 
simulation with this couple of emissions captures the annual spatial distributions of NO₂ and 
HCHO reasonably well compared with OMI retrievals, and that the TCO and CO columns are 
also in agreement with IASI-SOFRID data. The SOFRID TCO and GEOS-Chem exhibits similar 

https://www.cameo-project.eu/
https://www.cameo-project.eu/
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seasonal variability over the period 2008–2020, but the model produces a positive TCO trend 
while SOFRID does not provide any significant trend. This modelled trend stems from the 
increase in anthropogenic emissions of O3 precursors in South and East Asia regions, from the 
CAMS emission inventory. The difference could be caused by the low sensitivity of IASI to O3 
in the boundary layer. 

Finally, the ongoing sensitivity simulations with fixed emission scenarii are expected to provide 
valuable insights into the respective roles of anthropogenic and BB sources in driving the 
modelled tropospheric column ozone trends, thereby enhancing our under-standing of ozone-
climate interactions in tropical regions. 

 General objectives and motivation 
Tropospheric ozone (O₃) is a harmful pollutant to human health (e.g. Brunekreef and Holgate, 
2002; WHO, 2003; Bates, 2005) and control vegetation growth (Ainsworth et al., 2012; Monks 
et al., 2015). It is also a potent greenhouse gas particularly important in the upper troposphere 
(e.g. IPCC, 2007; Shindell et al., 2006; Stevenson et al., 2013). Tropospheric O₃ is produced by 
the photochemical oxidation of volatile organic compounds (VOCs) in the vicinity of nitrogen 
oxides (NOx). 

The time variation of tropospheric O₃ over the last few decades is characterised by significant 
regional variabilities. Gaudel et al. (2018) highlighted that tropospheric O₃ is the cause of the 
main discrepancies between observations and models, particularly in the tropics. Over the last 
20 years, ozone precursor emissions have shifted from the mid-latitudes towards the equator 
(Zhang et al., 2016). In the tropics, anthropogenic emissions are increasing, especially in South-
East Asia, and significant changes are expected in Africa as elsewhere. 

The overall increase in O₃ in the troposphere therefore comes mainly from the tropics, 
although the interactions between emissions, transport and chemistry causing this increase 
remain poorly understood. As part of the Tropospheric Ozone Assessment Report Phase II 
(TOAR-II) initiative supported by the International Global Atmospheric Chemistry (IGAC), a 
working group on ozone and its precursors in the tropics has been set up to better understand 
the increase in tropical tropospheric O₃ (https://igacproject.org/opt-focusworking-group). 
Ozone and some of its precursors have been observed globally by space-based sensors for 
several decades. In particular, the tropospheric content of nitrogen dioxide (NO₂) and 
formaldehyde (HCHO) is documented by UV-Visible spectrometers such as GOME-2 (since 
2006), OMI (2005-2021), and more recently TROPOMI (2018-now). 

The Laboratoire d’Aerologie (LAERO) is involved in the TOAR-II working group Ozone and 
Precursors in the Tropics, which aims to determine the origin of the evolution of tropospheric 
O₃ and its precursors in the Tropics. LAERO is contributing to the ESA CCI+ Precursors project, 
concerning spaceborne observation of O₃ precursors (HCHO and NO₂) as essential climate 
variables (ECVs). LAEROs activity is to determine the impact of the evolution of surface 
emissions in the tropics upon the tropospheric O3 through numerical simulations of the last 
decade with the GEOS-Chem chemistry transport model. The surface emission inventories 
from biomass burning and anthropogenic sources will be constrained using NO2 and HCHO 
satellite observations from the ESA CCI+ consortium.  
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This deliverable presents the use of the L3 ECVs (NO2 and HCHO) and the L2 data from IASI-
SOFRID (O3 and CO) to constrain GEOS-Chem emission inventories, in order to provide the 
best simulation to quantify the impact of the evolution of tropical O3 precursors emissions on 
the trend of global tropospheric O3. 

The report is structured as follows. Section 3.3 describes the satellite datasets employed. 
Section 3.4 presents the 3-D GEOS-Chem model (GC) configuration and simulation setup and 
the strategy of the model assessment. Section 3.5 discusses the main results, including spatial 
and temporal patterns, as well as comparisons with observations. Finally, Section 3.6 
summarizes the conclusions and outlines perspectives for future research.  

 Satellite datasets 

 OMI and TROPOMI satellite observations 
The Ozone Monitoring Instrument (OMI), aboard NASA’s Aura satellite, is a nadir-viewing 
imaging spectrometer measuring solar backscattered radiation in the ultraviolet (UV) and 
visible (VIS) spectral ranges (270–500 nm) with a spectral resolution of 0.42–0.63 nm (Levelt 
et al., 2006, 2018; Kleipool et al., 2022). It provides daily global coverage through a 2600 km 
swath, with a nominal nadir pixel size of 13 × 24 km², increased for affected detector rows 
following the 2007 row anomaly. OMI retrievals of trace gases such as NO₂, O₃, SO₂, and HCHO 
use the Differential Optical Absorption Spectroscopy (DOAS) technique, with extensive 
validation against ground-based networks. Its successor, the TROPOspheric Monitoring 
Instrument (TROPOMI) aboard ESA’s Sentinel-5 Precursor (S5P) satellite, extends spectral 
measurements into the near-infrared (NIR) and shortwave infrared (SWIR) regions, covering 
270–2385 nm with a spectral resolution of 0.25–0.5 nm (Veefkind et al., 2012; Ludewig et al., 
2020). TROPOMI also provides daily global coverage, with a nadir pixel size of 7 × 3.5 km² 
improved to 5.5 × 3.5 km² since August 2019 allowing for finer-scale mapping of air pollution 
and emission sources. Similar to OMI, TROPOMI retrievals are based on DOAS and optimal 
estimation methods, and are validated using ground-based, airborne, and other satellite 
observations. 

For the model-evaluation, we used the L3-products, which provide in monthly mean gridded 
of the tropospheric column measurements of NO2 and HCHO (Essential Climate Variables: 
ECVs), respectively, which are obtained from the UV–Visible spectrometers OMI, with data 
products provided by KNMI and BIRA-IASB, respectively. 

 IASI-SOFRID data 
The Infrared Atmospheric Sounding Interferometer (IASI) is a nadir-viewing Fourier transform 
spectrometer onboard the MetOp-A, MetOp-B and MetOp-C satellites operated by 
EUMETSAT (Clerbaux et al., 2009). IASI measures the thermal infrared radiation over the 
spectral range 645-2760 cm⁻¹ with an apodized resolution of 0.5 cm⁻¹, providing twice-daily 
global coverage with a 2° × 2° instantaneous field of view. IASI data are used to retrieve 
atmospheric composition, temperature, and humidity profiles through radiative transfer 
inversion schemes. Trace gas retrievals, including CO, O3, CH4, HNO3 and NH3 rely on their 
specific thermal infrared signatures. The products are typically delivered as Level 2 datasets 
containing total columns, vertical profiles, averaging kernels (AKs), and error estimates. 
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SOFRID-CO retrievals have been validated by in situ airborne data from the IAGOS program 
(De Wachter et al., 2012; Barret et al., 2025), confirming their reliability for global and regional 
air quality and climate studies. SOFRID tropospheric O3 columns have also been validated 
extensively against in-situ data from O3-sondes from the WOUDC network (Dufour et al., 2011; 
Barret et al., 2020).  

In this report, we use SOFRID-CO total columns version 2.0 (De Wachter et al., 2012) and 
SOFRID tropospheric O3 columns version 3.5 (Barret et al., 2020), in monthly mean gridded to 
complement the model-evaluation. 

 GEOS-Chem model overview, simulation setup and strategy of the 
model assessment  

 GEOS-Chem model overview  
The GEOS-Chem (GC) is a global three-dimensional (3D) chemical transport model (CTM) that 
has been used widely in the atmospheric sciences community for studies of atmospheric 
composition, air quality, climate–chemistry interactions, and long-range transport, and 
satellite data interpretation (e.g. Bey et al., 2001; Whaley et al., 2015; Eastham et al., 2018; Li 
et al., 2019; Hammer et al., 2020; Jiang et al., 2022). GC is driven by assimilated meteorological 
data from NASA’s Goddard Earth Observing System (GEOS) of the Global Modelling and 
Assimilation Office (GMAO).  The model simulates the transport, chemical transformation, and 
deposition of atmospheric trace gases and aerosols.  

The meteorological fields used in the GC model are typically taken from GEOS-FP or the 
Modern-Era Retrospective analysis for Research and Applications, version 2 (MERRA-2) 
reanalyses, which provide winds, temperature, humidity, surface pressure, and planetary 
boundary layer height, among other parameters. These datasets ensure that transport 
processes are consistent with observed atmospheric circulation patterns.  

The model operates at various horizontal resolutions (from 4°×5° global to nested regional 
domains at 0.5°×0.625°) and can represent both tropospheric and stratospheric chemistry. 
The vertical grid structure of GC follows that of the GEOS meteorological fields. GC model uses 
72 hybrid sigma-pressure levels from the surface up to 0.01 hPa, with enhanced resolution in 
the boundary layer and the upper troposphere-lower stratosphere (UTLS) region. This allows 
detailed representation of near-surface processes, convective transport, and stratospheric–
tropospheric exchange. 

The core of GC consists of coupled modules for advection, convection, boundary-layer mixing, 
gas-phase and heterogeneous chemistry, photolysis, and wet (Liu et al., 2001) and dry 
(Wesely, 1989) depositions. The chemical mechanisms include detailed treatments of oxidants 
(HOx, NOx, O₃), carbon compounds, halogens, and secondary aerosol formation (Park et al., 
2004; Sherwen et al., 2016).  

The emissions compound was configured using the Harvard-NASA Emissions Component 
(HEMCO) module (Keller et al., 2014; Lin et al., 2021). Emissions inventories incorporated in 
GC include anthropogenic (ANT), biogenic, biomass-burning (BB), soil, lightning, and volcanic 
sources, with temporal variations. 
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 Setup of the reference’s simulations  
We use the parallel version of GC called GEOS-Chem High Performance (GCHP) v14.2.2 
(https://geoschem.github.io) to run decadal full-chemistry simulations. All GC simulations are 
carried out from 2006-01-01 to 2021-12-31 with 72 vertical levels on a 2°x2.5° horizontal grid 
and use the MERRA-2 reanalysis as the meteorological forcing (Gelaro et al., 2017). 

Emissions are the source of chemical species in the atmosphere and are therefore the starting 
point for modeling air composition.  For all simulations, the biogenic VOC emissions will come 
from the Model of Emissions of Gases and Aerosols from Nature (MEGAN v2.1) inventory 
(Guenther et al., 2012) and we use default emissions from other natural sources such as 
lightning (Murray et al., 2012; Sauvage et al., 2007), soil NOx (Hudman et al., 2012), volcanoes. 
The Tabvle 3-1 describes the couple of inventory emissions for the ANT and BB emissions. The 
output files contain simulated concentrations on the model grid, sampled at the times 
corresponding to the overpass of the UV-Vis sounders (OMI and TROPOMI as 13h30 as LT) and 
the IASI (9h30 as LT). The first two years of all simulation periods is assumed to be a spin-up.  

 
Table 3-1: Characteristics of the GC simulation 

Simulations Couple of emission  Period 
REF1 GFAS & CEDS v2 2006 – 2021 
REF2 GFAS & CAMS-ANT v6.2 2006 – 2021 
REF3 FINN v2.5 & CEDS v2 2006 – 2021 
REF4 FINN v2.5 & CAMS-ANT v6.2 2006 – 2021 

 
The first simulation named REF1 uses ANT emissions from the Community Emissions Data 
System (CEDS v2) (Hoesly et al., 2018) and BB emissions from the Global Fire Assimilation 
System (GFAS) (Kaiser et al., 2012). REF2 uses GFAS (BB) and the Copernicus Atmospheric 
Monitoring Service Global Anthropogenic emission (CAMS-ANT v6.2) (Soulie et al., 2024). The 
REF3 simulation uses the Fire INventory from NCAR (FINN v2.5) (Wiedinmyer et al., 2023) and 
CEDS. and the REF4 simulation FINN and CAMS. 

 Strategy of model assessment and choice of the reference simulations  
All simulations are systematically evaluated against the latest satellite observations of O3 
precursors and related species. Tropospheric columns of NO2 and HCHO are retrieved from 
OMI, while O3 and CO are retrieved from IASI. NO2 serves as a key marker of ANT and BB 
emissions and is directly involved in ozone photochemistry through the NOx-O3 cycle. HCHO is 
a major oxidation product of volatile organic compounds (VOCs), making it an important proxy 
for VOC emissions and photochemical activity. HCHO contributes to the photochemical 
formation of tropospheric O3. Although HCHO itself is not a major greenhouse gas, it does 
contribute indirectly to climate change by reacting in the atmosphere to form compounds that 
affect the climate.  

Unlike the shorter-lived trace gases such as NO2 and HCHO, CO has a relatively long 
atmospheric lifetime of approximately 2 to 3 months. This extended lifetime allows CO to be 
transported over long distances, making it an effective tracer for identifying emission sources 
at regional to global scales.  

https://geoschem.github.io/
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O3 is a secondary pollutant which represents one of the main targets of atmospheric chemistry 
modelling to simulate and forecast regional air quality. O3 and NO2 are gathered in the Ox 
family as key air quality species because of their oxidation capacity which makes them harmful 
for human health.  

By jointly analysing these species, the evaluation provides a robust constraint on the GC’s 
representation of emissions, chemistry, and transport processes, and helps identify the most 
consistent emission configuration to better constrain the emissions inventories.  

To assess the performance of the GC simulations, we selected several regions across the globe 
as represented in the Figure 3-1. Namely, these regions include four oceanic zones, which are 
used as reference areas with negligible emissions, and a range of continental regions that are 
representative of either significant ANT NO2 emissions or major BB emissions.  

 

 
Figure 3-1: Subdomains for the different regions of the model output analysis  

 
 

We also applied the mask defining oceanic (mask value: 0) and continental (mask value: 1) 
regions provided in the ECVs data (“land_water_mask”) to all regions in the GC simulations 
(Table 3-2), allowing to extract values specifically from continents and/or oceans for a more 
accurate comparison between the simulations and observations.  
 
Table 3-2: Abbreviations and corresponding regions depicted in Figure 3-1. 

Regions Description mask  
TENAm Temperate North America 1 
CEAm Central America 1 
SHSAm Southern hemisphere south America 1 
EURO Europe  1 
NAf Northern Africa 1 
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SAf Southern Africa 1 
SEAs Southeast Asia 1 
SAs South Asia 1 
China Specific urban area in China 1 
EQAs Equatorial Asia 1 
AUST selected region in Australia 1 
SPO South Pacific Ocean 0 
SAO South Atlantic Ocean 0 
NAO North Atlantic Ocean 0 
IO Indian Ocean 0 

 
We finally performed statistical analyses of the model versus observations comparisons (Biases 
and Taylor Diagrams) for the four key species (NO2, HCHO, O3 and CO) based on their global 
and regional monthly mean concentrations (Figure 3-1).  

We firstly calculate the mean bias error (MBE) which is defined as the difference between the 
columns of the chemical species (NO2, HCHO, CO and O3) derived from the GC model and those 
obtained from satellite observations (OMI/IASI). To complement the bias statistical analysis, 
we use Taylor diagrams in order to evaluate the variabilities of the columns from the different 
GC simulations relative to the satellite’s products (OMI/IASI). The Taylor diagrams help us to 
select the couple of emission inventories (ANT and BB inventories emissions) that best matches 
the observed distributions.  

The Taylor diagram simultaneously displays the three following statistical metrics: 
 Correlation coefficient (R): quantifies how well the model captures the spatial or 

temporal patterns of the observed data. The R-values range from 0 (no correlation) to 
1 (perfect correlation), and are represented by the azimuthal angle in the diagram. 

 Standard deviation (std) ratio: represents the variability of the model compared to 
the observations. It is depicted as the radial distance from the origin. A ratio below 1 
suggests the model underestimates the variability; a ratio above 1 indicates an 
overestimation of the variability. 

 Centered Root Mean Square Error (RMSE) ratio: quantifies the precision of the model 
relative to the observations, excluding any systematic bias. It is shown as the distance 
between the model point and the reference point (observations). 

 

 Results and interpretations  

 Assessment of the GEOS-Chem simulations with the satellite data 
This section examines the comparison of the NO2 and HCHO tropospheric columns from GC 
simulations with the OMI observations, as well as the tropospheric ozone columns (TOC) and 
the CO total columns from IASI and the GC for the 2008–2020 period. The evaluation of GC 
simulations against satellite observations is performed on tropospheric columns (NO2, HCHO 
and O3) and total columns (CO), without application of the AKs matrix to the model columns. 
Due to the short atmospheric lifetimes of NO2 and HCHO species, their concentrations are 
largely confined to the lower troposphere. We acknowledge the fact that by not taking into 



        Title: D5.1 Climate Assessment Report 
        Issue 02 - Revision 05 - Status: Draft 
        Date of issue: 28/05/2026 
        Ref.: Precursors_cci+_D5.1_CAR_02_05 
 
 

 
Generated by BIRA-IASB . Page 18-62 

account the impact of the vertical sensitivity of satellite measurements, a bias can be 
introduced in the comparison with GC simulations. This bias will be small when GC and TM5 
simulations compare reasonably well. Finally, it is important to note that in the model-
evaluation, we use the simulated concentrations on the model grid, sampled at the times 
corresponding to the overpass of the UV-Vis sounders (OMI as 13h30 as LT) and the IASI (9h30 
as LT). This allows us to choose the best inventory of ANT emissions and BB to best reproduce 
satellite observations with the models. 

 Bias analysis 
The OMI data provides the best coverage before 2020, and SOFRID O3 and CO column data 
are available for the 2008–2020 period. At this stage, we have not included the tropospheric 
columns from TROPOMI in the analysis as model-evaluation requires multi-year satellite data 
to capture variability and represent both seasonal cycles and long-term trends. The following 
Figures 3-2 and 3-3 displays biases for the global and regional domains from Figure 3-1 and 
Table 3-1. 
 

 
 
Figure 3-2: MBE for the GC relative to OMI tropospheric column, over the 2008–2020 period for the global and 
the regional domains (a) NO2 and (b) HCHO (blue) REF1, (red) REF2, (black) REF3 (magenta) REF4. 
 
NO2 is emitted both by ANT and BB sources. In Figure 3-2 (a), the blue and black curves 
represent results using the CEDS ANT emission inventory, while the red and magenta curves 
correspond to simulations using CAMS ANT emissions. Figure 3-2 (a) shows that CAMS and 
CEDS produce similar biases for both global and oceanic regions. For both inventories, the 
largest biases are located over Asian regions with the largest ANT emissions: China, SAs, and 
SEAs. The other important NO2 emitters, Europe and TENAm are characterised by much lower 
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biases meaning that the inventories better represent their emissions than those of Asian 
regions.   

Over China and SAs the biases from the simulations with the CEDS inventory (REF1 and REF3) 
are significantly larger than those from simulations with the CAMS inventory (REF2 and REF4). 
The differences may stem from their methodology, spatial resolution, and data sources. The 
CEDS provides a long-term global emission record using generic proxies (e.g. population 
density, land use, etc.), which may not capture local hotspots and/or seasonal variations (e.g., 
McDuffie et al., 2020; Chen et al., 2025), whereas CAMS incorporates observations and region-
specific data with higher spatial and temporal resolution, offering more accurate emissions in 
complex regions such as China and SAs. For the other regions, the differences between 
simulations with both ANT inventories concerning NO2 are not significant. 

Concerning BB emissions, the use of GFAS (blue REF1/red REF2) provides a slightly lower NO2 
biases in regions with intense BB activity (NAf and SAf) relative to FINN (black REF3/magenta 
REF4). The GFAS inventory therefore provides better emissions of NO2 emissions over Africa 
than FINN. This result is in agreement with Wiedinmyer et al. (2023) who have shown that the 
use of FINN v2.5 tends to an overestimation of tropospheric NO2 columns compared to other 
BB emission inventories in certain regions (e.g.  SEAs, NAf, SAf). Biomass burning emission 
inventories differ due to methodological approaches. FINN uses satellite-detected active fires 
(MODIS hotspots) and fixed emission factors by vegetation type and fuel load at 1 km 
resolution, which can overestimate emissions by counting many small fires, especially in 
regions with widespread low-intensity burning (Wiedinmyer et al., 2011, 2023). However, 
GFAS uses Fire Radiative Power (FRP) from MODIS and scales emissions by fire intensity at 0.5° 
× 0.5° resolution, producing lower totals and better capturing peatland fires that burn beneath 
the canopy and may be missed by hotspot-based inventories (Kaiser et al., 2012). 

For HCHO (Figure 3-2 (b)), the use of GFAS generally results in lower biases with OMI than the 
use of FINN, in regions with intense BB emissions such as SHSAm, NAf and EQAs. GFAS also 
provides slightly weaker biases over oceanic regions such as SPO, NAO, SAO and IO. For the 
whole globe, the use of CAMS results in an almost null bias while FINN provides a significant 
positive bias.  

The comparison between CO distributions from simulations with the CAMS and CEDS ANT 
emission inventories, (Figure 3-3 (a), blue/black for CEDS vs. red/magenta for CAMS), does not 
reveal significant differences for the biases across all regions (oceanic, regional, and global) 
throughout the analysed period (2008–2020). The use of CAMS or CEDS has therefore a limited 
impact on modelled CO columns.  

More significant discrepancies arise when comparing GFAS and FINN BB emission inventories, 
which exert a stronger impact on CO distributions, especially in BB intense regions. The results 
clearly indicate that the use of GFAS leads to a systematic underestimation of the CO columns 
except over Asian regions and SHSAm SAf, biases from simulations with the FINN inventory 
are very low. 
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Figure 3-3: MBE for the GC relative to IASI column, over the 2008–2020 period for the global and the regional 
domains (a) total column of CO and (b) tropospheric ozone column (blue) REF1, (red) REF2, (black) REF3 
(magenta) REF4 
 
Figure 3-3 (b) presents the distribution of the bias in the TOC (GC-IASI). Using the CEDS 
emission inventory (blue/black) leads to slightly lower overestimations than using CAMS 
(red/magenta) across all regions. Therefore, the analysis of the biases only is not sufficient to 
determine which emission inventory allows a more accurate representation of TOC. 

To make the right choice of inventories, it is crucial to address the ability of the simulations to 
represent the spatiotemporal variations of the different target species. 

 Taylor Diagram analysis 
In this section, we present and discuss the Taylor diagrams of the observations/simulation’s 
comparisons. Figures 3-4 (a) and 3-4 (b) display, the results for NO2 and HCHO respectively. 
The blue, red, black, and magenta colors represent the REF1, REF2, REF3, and REF4 
simulations, respectively, for the global and regional domains from Figure 3-1 and Table 3-1.  

For NO2, the variability with FINN as BB inventory (black/magenta colors in Figure 3-4 (a)) is 
largely overestimated, with standard deviation ratios larger than 1, particularly in regions 
impacted by BB such as SAs, EQAs, CEAm, NAf, SAf, SEAs (standard deviation ratios > 4.0) and 
SHSAm where the ratios range from 1.5 to 4.0.  

The correlation coefficients (R-values) from FINN simulations are generally much lower than 
those obtained using the GFAS inventory, especially over some regions impacted by BB such 
as EQAs, NAf, SHSAm, CEAm, SAs and SEAs (R-values around 0.2). GFAS is therefore more able 
to reproduce the NO2 columns variations resulting from BB in both amplitude (standard 
deviation ratios) and phase (R-coefficient). 
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For HCHO (Figure 3-4 (b)), the simulations using GFAS generally exhibit higher correlation 
coefficients and standard deviation ratios closer to the reference point compared to those 
using FINN. In major BB regions such as SHSAm, GFAS yields R-values around 0.8 with a 
standard deviation ratio close to 1, while FINN gives lower correlations (R ≈ 0.6) and higher 
variability (std. dev. ratio > 1), indicating an overestimation of the amplitude of the variability 
relative to OMI observations. At the global scale, GFAS simulations remain better correlated 
(R ≈ 0.6) with variability close to the reference, whereas FINN simulations show much lower 
correlation coefficients (R ≈ 0.2) and too large variability. 

 
 
Figure 3-4: Taylor diagrams for (a) NO₂ and (b) HCHO tropospheric columns over the 2008–2020 period. Each 
point corresponds to a different simulation, identified by color and symbol. The reference observation is 
positioned at a normalized standard deviation of 1 and a correlation coefficient of 1. The distance from this 
reference point reflects the centered RMSE, with simulations located closer to it representing better overall 
performance. 
 
The overall analysis (MBE and Taylor diagram) indicates that the GFAS and CAMS emission 
inventories provide the best consistency with NO2 observations from OMI. For HCHO, GFAS 
performs better than FINN, showing better variabilities and lower biases.  
 
Figure 3-5 summarizes the overall performance of the GC simulations for the total column of 
CO and TOC over the 2008–2020 period, based on comparisons with IASI-SOFRID products.  

Figure 3-5 (a) shows that simulations using FINN (black/magenta) as BB emissions exhibit too 
large CO variabilities with ratios from 1.2 to ~3.5. It is noteworthy that the combinations 
FINN/CEDS leads to the largest ratios meaning much too high variabilities relative.  Simulations 
with GFAS (blue/red) provides in better agreement with the observations with standard 
deviation ratios between 0.5 and 1.5. In addition, GFAS-based simulations generally display 
higher correlation coefficients ratio (R-values) at both global and regional scales (e.g., CEAm, 
EURO, TENAm) and result in lower centered RMSE ratios than FINN. These results indicate that 
GFAS emission inventories provides a better representation of BB emissions than FINN.  
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Figure 3-5: Taylor diagram for (a) total column of CO and (b) tropospheric O3 column over the 2008–2020 period 
 
We present in the figure 3-5 (b) the Taylor diagram for TOC comparisons between the GC 
simulations and the SOFRID products.  It clearly shows that all the GC-simulations are clustered 
between ocean regions, regions with high ANT emissions, and regions with high BB emissions. 
The weakest correlations with IASI-observations are found in the NAf and CEAm regions. 
However, R-values exceed 0.55 for all GC simulations over all regions, with standard deviation 
ratios ranging from 0.5 to 1.3. The agreement between GC and the SOFRID TOC is therefore 
good but the lack of differences between simulations show that TOC is not a good target for 
emission inventories selection.  
 
Our results indicate that CAMS is the best ANT emission inventory based on the ability of the 
simulations to reproduce NO2 biases and variabilities. Based mostly on the analysis of the 
variabilities of the target species we can also conclude that GFAS offers the most consistent 
representation of BB emissions. The CAMS–GFAS simulation (REF2) shows the best overall 
agreement with the satellite products.   

 Global distributions of ozone and its precursors   
 
Figures 3-6 and 3-7 display a comparison of the 2008-2020 annual averages between satellite 
retrievals (OMI and IASI) and model simulation. According to the previous section, we selected 
the “best” (REF2) simulation using a combination of CAMS ANT and GFAS BB.  
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Figure 3-6: Tropospheric NO2 column from OMI (a) vs GC (b) and HCHO tropospheric columns retrieved from 
OMI (c) and the that simulated by GC (d) on the 2008-2020 period. 
 
The distributions of tropospheric NO2 columns from OMI are largely consistent with the GC 
simulation and (Figures 3-6 (a) and (b)) and the model captures very well the overall spatial 
distribution and the emission hotspots. However, the model tends to overestimate 
tropospheric NO2 over regions that are heavily industrialised and densely populated, such as 
China, TENAm, SAs and EURO. This discrepancy can be explained by sampling biases in satellite 
NO₂, which tend to underestimate tropospheric column values (e.g., Geddes et al., 2012; 
Boersma et al., 2016). 

Concerning the HCHO tropospheric columns, the OMI and GC columns display similar features 
(Figure 3-6 (c) and (d)) with a similar order of magnitude (1E+16 molec.cm-2). The maxima, 
related to large biogenic (e.g. isoprene) emissions (e.g. Guenther et al., 2006, 2012, Lathière 
et al., 2006) are located over the same regions (e.g. Indochina peninsula, SHSAm, NAf). For 
OMI, the North Hemisphere latitudes above 40°N and the South Hemisphere latitudes above 
40°S are lacking (due to snow and ice coverage) which is not allowing to make a complete 
comparison.  

The influence of BB emissions on HCHO is clearly overestimated by GC, particularly in the 
SHSAm, NAf and SAf regions.  In these areas, GC tends to overestimate HCHO columns, 
reflecting uncertainties in the GFAS BB emission inventories. Additionally, the chemical 
conversion of non-methane volatile organic compounds (NMVOCs) and isoprene to HCHO can 
produce excess concentrations if oxidation or loss processes are oversimplified. Further 
discrepancies may arise from limitations in the model’s representation of transport and 
deposition processes (e.g. Hoque et al., 2024, Wang et al., 2025).  

Figure 3-7 (a) and (b) show that the general pattern of the CO annual distributions form 
SOFRID is correctly reproduced by the REF2 simulation (Figure 3-7). Nevertheless, GC clearly 
underestimates the CO total columns globally in agreement with what has been previously 
shown in the evaluation of the simulations. These results are not unexpected and have already 
been reported in studies using GC-model especially in the Northern Hemisphere, which may 
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be due to an overestimation of OH or missing CO emissions (e.g., Lin et al., 2024; Kopacz et al., 
2010, Kim et al., 2022). 

The distributions of TOC from the REF2 simulation agrees well with the SOFRID retrievals 
(Figure 3.7 (c) and (d)).  However, it displays bands of overestimated TOC at the tropical outer 
boundaries (30°S and 30°N). This discrepancy is unlikely to reflect excessive stratospheric 
influence, as GC calculates TOC using MERRA-2 meteorology and a dynamically defined 
tropopause. Instead, this discrepancy is likely derived from methodological differences in TOC 
definition and vertical sensitivity: SOFRID derives TOC from vertically smoothed O3 retrievals, 
constrained by a priori climatological profiles linked to the WMO tropopause, while GC 
integrates O3 up to a dynamic tropopause defined by the model.   

 

 
Figure 3-7: Yearly distributions of CO total columns (molecule.cm-2) from (a) SOFRID (b) GC and TOC (DU) from 
(c) SOFRID (d) GC averaged over the 2008-2020 period 
 
In the following section, we present and discuss the TOC trends derived from SOFRID and from 
the GC REF2 simulation.  

 Global ozone trends over 2008 -2020 period 
The raw datasets from SOFRID and the GC contain noise. The TOC ozone trend is also affected 
by seasonal cycles and interannual variabilities such as the El Niño-Southern Oscillation 
(ENSO), making it difficult to clearly detect a long-term evolution of the TOC. To overcome this 
difficulty, we applied the following simplified model which have already been used by Wespes 
et al. (2016) to SOFRID and GC TOC monthly time series for the 2008–2020 period: 
 

O3 (t)= C + A1 . cos �2π (t-ϕ1)
12

� + mt
12

 + A2. cos �2π (t-ϕ2)
24

� + A3 cos �2π (t-ϕ3)
6

� + α. ONI (t)     (eq. 1) 
 
Where:  

t: months 
C: monthly TOC 
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A1 . cos �2π (t-ϕ1)
12

� : annual seasonal cycle (12 months period) 

A2. cos �2π (t-ϕ2)
24

�:  semi-annual variability cycle (24 months period) 

A3. cos �2π (t-ϕ3)
6

�: biannual variation (6-months period) 
𝑚𝑚𝑚𝑚
12

: annual linear trend 
ϕ1,ϕ2 and ϕ3  : phase shifts of the respective cosine terms 
α. ONI (t): sensitivity to the ENSO events. The Oceanic Niño Index (ONI) data were obtained 
from the NOAA/Physical Sciences Laboratory.  

 
Figure 3-8: Time series of the TOC between 2008 and 2020, as derived from SOFRID (green color) and GC (red 
color). The dashed lines correspond to the linear trends derived from the simplified model (equation 1). 

 
TOC from SOFRID and GC (Figure 3-8) display similar seasonal variability over the 2008–2020 
period, but the model produces a positive trend of +0.170 DU/yr when SOFRID provides no 
significant trend (+0.006 DU/yr). This difference is consistent with rising ANT emissions of O3 
precursors in South and East Asia (e.g., Bowman et al., 2022), accounted for in the GC emission 
inventories. 

The IASI instrument, operating in the thermal infrared is more sensitive to ozone 
concentrations in the mid-and upper troposphere and less near the surface where most of the 
TOC increase related to ANT activities occurs. A study from the TOAR-I project has shown 
important discrepancies UV-Vis and TIR sensors for the TOC trends (Gaudel et al. 2018). TOC 
retrieved from UV-Vis sensors provided positive global trends while retrievals from TIR sensors 
resulted in negative (FORLI algorithm) or insignificant trends (SOFRID). Comparing three IASI 
retrievals Pope et al. (2024) confirm the absence of significant TOC trends with this sensor 
such as shown with SOFRID in Gaudel et al. (2018). The reason from the discrepancy between 
UV-Vis and TIR sensors was not understood at the time of Gaudel et al. (2018) but some 
possible causes maybe disclosed by the latest assessment study of satellite TOC from the 
TOAR-II project. 
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 Conclusion and perspectives 
We have performed four long-term (2006–2021) full-chemistry simulations with the 3D CTM 
GEOS-Chem model using the MERRA-2 as meteorological forcings to evaluate and constrain 
emission inventories. The GFAS and FINN v2.5 inventories for BB emissions inventories and 
the CAMS-ANT v6.2 and CEDS v2 for ANT emissions were evaluated against OMI ECVs for O3 
precursors (NO2 and HCHO) and against SOFRID IASI retrievals for O3 and CO columns.  From 
this model evaluation we concluded that the combination of GFAS for BB and CAMS for ANT 
emission provides the best overall agreement with the selected satellite observations.  

GFAS clearly improves the representation of the variabilities of HCHO and CO columns 
compared to FINN which largely overestimates these variabilities. The use of CAMS allows 
reducing the positive biases of NO2 columns over highly polluted Asian regions compared to 
CEDS. 

The GC simulation reproduces the annual spatial distributions of NO2 and HCHO reasonably 
well compared to OMI retrievals. Low data coverage does not allow to conclude about the 
simulated HCHO distributions at latitudes higher than 40°. Tropospheric ozone column and CO 
columns are also consistent with IASI-SOFRID. Significant TOC overestimations are found 
around 30°S and 30°N, likely linked to overestimated stratospheric influence. 

The” best” set of inventories has now been selected. We will proceed to perform sensitivity 
simulations to document the impact of emissions on the evolution of the TOC. The first 
sensitivity simulation has been performed setting the ANT emissions constant to the 2006-
2008 average in the tropics. The second one is similar with fixed BB emissions. Comparisons 
between these sensitivity simulations with the REF2 simulation will enable to determine the 
impact of the evolution of the two different types of emissions on the TOC trend. 

4. Assessment of the variability and trends of HCHO 
columns over Africa 
 Executive summary 

This report presents an assessment of the variability and trends of tropospheric formaldehyde 
(HCHO) columns over Africa based on long-term satellite observations from OMI CCI+ and 
simulations performed with the regional chemistry-transport model MAGRITTE over 2005-
2018. The objective is to evaluate the capacity of the model to reproduce observed HCHO 
distributions and trends, and to interpret these in terms of changes in emissions, land cover 
and climate. 

Overall, we find that the model successfully captures the main spatial and seasonal variability 
of HCHO across the continent and exhibits high correlations with OMI data. Observations 
indicate widespread positive HCHO trends across Africa between 2005 and 2018, ranging from 
+0.4 to +1 %yr⁻¹, with the strongest values in southern African regions. MAGRITTE succeeds in 
reproducing the trend patterns but underestimates their magnitude. Systematic biases 
remain in average HCHO columns, with overestimations in equatorial forests and 
underestimations in southern Africa, likely reflecting uncertainties in isoprene emission 
factors and vegetation types. Methane oxidation is found to be the dominant source of HCHO 
(50-60% of total columns), except over tropical forests where biogenic emissions prevail. 
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Biogenic emission trends, while having only a modest overall impact, improve the agreement 
between model and observations. Increasing anthropogenic activity and declining biomass 
burning contribute to the observed regional contrasts. Sensitivity tests highlight the crucial 
role of soil NO emissions in driving regional HCHO trends through their influence on OH 
concentrations. Large discrepancies between existing soil NO inventories introduce significant 
uncertainties in the simulated trends, underscoring the strong coupling between NOX, OH and 
VOC oxidation processes and the importance of accurately representing natural emission 
sources. 

This work demonstrates the complementarity of long-term satellite datasets and regional 
chemistry-transport modelling for quantifying changes in atmospheric composition due to 
climate, and to changes in emissions and land use over Africa. Future work will extend the 
analysis to more recent years and explore joint use of HCHO and NO2 CCI+ data within the ESA 
PIRAMID project framework. 

 Introduction 
Emissions of non-methane volatile organic compounds (NMVOCs) play a crucial role in air 
quality and climate. They act as precursors of secondary organic aerosols (SOAs; Claeys et al., 
2004; Hallquist et al., 2009) and influence tropospheric ozone concentrations through 
interactions with nitrogen oxides (NOX) (Atkinson, 2000; Ryerson et al., 2001; Saunier et al., 
2020). On the global scale, biogenic sources dominate NMVOC emissions, accounting for 
about 85%, compared to 12% from anthropogenic and 3% from pyrogenic sources (Granier et 
al., 2019; Stavrakou et al., 2018). Among the biogenic volatile organic compounds (BVOCs), 
isoprene (C5H8) is by far the most dominant BVOC emitted by vegetation, representing about 
half of global NMVOC emissions (Guenther et al., 2012; Sindelarova et al., 2014). 

Formaldehyde is a key product of VOC oxidation and can be reliably detected by both ground- 
and space-based instruments. While direct emissions contribute only marginally, the 
oxidation of methane (CH4) accounts for about 60% of the global HCHO budget (Stavrakou et 
al., 2009). Because of its long lifetime, this contribution acts as a background source. In 
contrast, short-lived volatile organic compounds (VOCs) such as isoprene and monoterpenes 
exert a stronger influence on the spatial variability of HCHO. Formaldehyde is also relatively 
quickly removed via photolysis and reaction with hydroxyl radical (OH), with a typical lifetime 
of approximately 5 h (Stavrakou et al., 2015). Importantly, VOCs-NOX interaction affects OH 
concentrations, thereby modifying both their lifetimes and degradation pathways. Due to its 
short lifetime and rapid chemical processing, transport processes play a limited role in shaping 
the observed HCHO distribution except under certain conditions such as nighttime, winter, or 
low NOX environments (Marais et al., 2012). Consequently, HCHO is an excellent tracer, and 
its observed abundancies can directly be linked to the emissions of reactive NMVOCs. 

In recent years, air pollution in Africa has become a growing concern, driven by rapid 
population and economic development, with serious environmental and health implications 
(Brauer et al., 2012; Mead et al., 2023; Petkova et al., 2013; Singh et al., 2020). Major 
contributors to deteriorating air quality include emissions from megacities such as Lagos and 
Kinshasa, oil exploitation (e.g. in Nigeria), coal mining and power generation in South Africa, 
widespread biomass burning, as well as aerosol dust predominantly from the Sahara and Sahel 
are key examples of sources affecting air quality over the continent. Glob-ally, anthropogenic 
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activities are the dominant source of NOX (Soulie et al., 2024). Howev-er, natural processes, 
particularly soil and lightning emissions, account for roughly 30 % of the total global NOX 
budget and play an even larger role in remote regions (Jaeglé et al., 2005). In Africa, NOX 
release from soils, due to soil microbial activity and fertilizer use, can be strong enough to be 
detected by satellites (Jaeglé et al., 2004, 2005; Stavrakou et al., 2013), with important 
consequences for atmospheric OH concentrations. In addition, ev-ergreen tropical forests 
across western and equatorial Africa represent major sources of isoprene (Guenther et al., 
2012; Lathière et al., 2006; Messina et al., 2016; Sindelarova et al., 2022). Current estimates 
suggest that about 80 % of total isoprene emissions originate in tropical regions, reflecting the 
combination of high temperatures, intense solar radia-tion and the widespread distribution of 
broadleaved trees (Guenther et al., 2012; Opacka et al., 2021). 

The Tropospheric Chemistry Modelling (TMOD) team at the Royal Belgian Institute for Space 
Aeronomy (BIRA-IASB), partner of the ESA CCI+ Precursors project, aims to improve the 
understanding of the processes driving the observed variability of the Ozone Monitor-ing 
Instrument (OMI) CCI+ HCHO column densities over Africa. This is achieved through multiyear 
numerical simulations using the MAGRITTE CTM. Satellite ECV HCHO from the ESA CCI+ 
consortium will be used as benchmark for model evaluation and validation. 

This report is structured as follows. Section 4.3 describes the satellite datasets employed. 
Section 4.4 presents the regional CTM MAGRITTE configuration and simulation setup. Section 
4.5 discusses the main results, including spatial and temporal patterns. Finally, Section 4.6 
summarises the conclusions and outlines perspectives for future research. 

 Satellite OMI formaldehyde observations 
Aboard NASA AURA spacecraft launched in 2004 (Levelt et al., 2006), OMI is a nadir-viewing 
imaging spectrometer observing Earth’s global solar backscatter radiation in the ultraviolet–
visible spectral window at a spectral resolution of about 0.5 nm. It has an ear-ly afternoon 
overpass time (13:30 LT) and provides daily global observation at a spatial resolution of 13 × 
24 km² at nadir, increased to 13 × 48 km² for affected detector rows following the 2007 row 
anomaly. Here we use tropospheric OMI CCI+ HCHO L2 columns at that were developed in the 
framework of the ESA CCI+ consortium by BIRA-IASB (De Smedt, 2025). The retrieval of trace 
gases such as NO2, O3, SO2, and HCHO uses the Differential Optical Absorption Spectroscopy 
(DOAS) technique, with extensive validation against ground-based networks.  

 MAGRITTE model and simulation setup  

 MAGRITTE CTM  
Simulations of atmospheric composition are performed using a CTM, MAGRITTEv1.1 (Müller 
et al., 2019), which is based on the global CTM IMAGES (Bauwens et al., 2016; Müller and 
Brasseur, 1995; Stavrakou et al., 2015). The model simulates the transport, chemical 
transformation, and deposition of atmospheric trace gases and aerosols in the troposphere. 
It computes the concentrations of 170 chemical species with a 6-hour time step and a 6-month 
spin-up time. First, MAGRITTE is run in its global configuration at a spatial resolution of 
2° × 2.5° (latitude, longitude). The global simulation provides the boundary conditions for the 
regional configuration of MAGRITTEv1.1, which operates at the finer horizontal resolution of 
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0.5° × 0.5° from the surface up to the lower stratosphere, using 40 hybrid sigma-pressure 
vertical levels. 

MAGRITTE offers a state-of-the-art representation of VOC oxidation chemistry, especially in 
low NOX conditions. The oxidation mechanism of isoprene in MAGRITTE builds on the Leuven 
Isoprene Mechanism (Peeters et al., 2014), the Caltech mechanism (Wennberg et al., 2018), 
and the laboratory data of Berndt et al. (2019). A detailed description of the model is provided 
by Müller et al. (2019). Regarding the influence of isoprene on NOX, MAGRITTE accounts for 
organic nitrate formation via isoprene oxidation by OH and NO3 (Kwan et al., 2012; Paulot et 
al., 2009; Wennberg et al., 2018), NOX-recycling pathways such as photolysis (Müller et al., 
2014), and NOX terminal sinks through heterogeneous hydrolysis in aqueous aerosols (Romer 
et al., 2016) and dry deposition (Nguyen et al., 2015). 

 Model setup and simulations 
Simulations of monthly HCHO tropospheric columns at a 0.5° resolution are performed with 
MAGRITTEv1.1 model over the African domain delimited by 30°S-17°N and 18°W-56°E (Figure 
4-1) from 2005 to 2018. The output files contain simulated HCHO concentrations on the model 
grid, sampled at the overpass of the OMI sounder, i.e., at 13:30 LT. 

The meteorological fields used in MAGRITTE are provided by the European Centre of Medium-
range Weather Forecasts Reanalysis v.5 (ERA5) global reanalyses (Hersbach et al. (2020). The 
standard simulation accounts for all the VOC sources prescribed as follows. The model uses 
anthropogenic emissions of NOX, CO, SO2, NH3, and non-methane VOC species from the global 
CAMS-GLOB-ANTv5.3 inventory (Granier et al., 2019). The biomass burning inventory is 
provided by the Quick Fire Emissions Dataset (QFED) version 2.4 (Darmenov and Da Silva, 
2015) with emission factors from Andreae (2019). Biogenic emissions of isoprene, 
monoterpenes, and methylbutenol are prescribed based on the Model of Emissions of Gases 
and Aerosols from Nature (MEGAN v2.1) inventory (Guenther et al., 2012). This inventory is 
used to account for the land cover changes (LCC) relying on satellite-based land cover 
distribution maps obtained by modifying the MODIS PFT dataset (MCD12Q1; Friedl and Sulla-
Menashe, 2019) in order to match the reconstructed yearly tree cover distribution based on 
the Global Forest Watch dataset (Hansen et al., 2013), as detailed in Opacka et al. (2021). 

Biogenic emissions of acetaldehyde and ethanol are parameterised following Millet et al. 
(2010), biogenic methanol emissions are from the MEGANv2.1 inventory and biogenic CO 
emissions are accounted for following Müller and Stavrakou (2005). Natural sources of NOX 
are also prescribed. In particular, soil NO emissions are obtained from the dataset of Weng et 
al. (2020) generated with the Harvard-NASA Harmonized Emissions Component (HEMCO) 
version 2.1 model and rely on the parameterisation of Hudman et al. (2012). Alternative 
bottom-up inventories for BB and soil NO emissions will be evaluated through sensitivity tests. 
Given the large disparities in BB emissions among bottom-up inventories (Pan et al., 2020),  
the Global Fire Emissions Database (GFED4s; van der Werf et al., 2017) will be included in the 
analysis. Similarly, considering the large uncertainties in natural NOX emissions, the in-house 
YL-ERA5 bottom-up inventory, based on the Yienger-Levy algorithm (Yienger and Levy, 1995) 
and driven by ERA5 meteorological fields will also be tested.  
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To investigate the variability and trends of HCHO columns across the African continent, we 
defined five regions, shown in Figure 4-1. These regions were selected to capture the diversity 
of emission sources, climatic conditions, and ecosystem types across Africa, thereby allowing 
for a more detailed and region-specific analysis of both interannual variability and long-term 
trends. 

 

                       
Figure 4-1: The African domain used in the study (30°S-17°N, 18°W-56°E), and selected regions defined as: (i) 
West Africa (15°W-12°E, 5°-15°N), (ii) Equatorial forests (12°E-30°E, 10°S-10°N), (c) East Africa (30°E-48°E, 10°S-
10°N), (d) South-West Africa (12°E-26°E, 10°-25°S), and (e) South-East Africa ( 26°E-40°E, 10°-25°S).  

 Results and interpretation  

 Average HCHO columns, variability and trends 
 
Figure 4-2 displays the spatial distribution of average HCHO columns over 2005-2018 in 
January and July, as retrieved from OMI CCI+ and simulated with MAGRITTE model. The 
modelled spatial distribution corresponds very well with the observations. The highest 
columns in OMI CCI+ are found over forested regions, Equatorial and West Africa, and biomass 
burning areas, and they display a clear seasonal pattern. In January, concentrations peak in 
the northern equatorial belt, while in July the maximum shifts southward, reflecting the fire 
season. This north-south shift of burning regions follows the migration of the Intertropical 
Convergence Zone (ICZ), which drives the alternation of rainy and dry seasons across Africa.  
 
The model shows a positive bias over forested regions. For instance, in January, the modelled 
HCHO columns reach about 30 × 1015 molec. cm-2 in the vicinity of the Central African Republic, 
whereas OMI columns are around 20 × 1015 molec cm-2. Conversely, the model exhibits a 
substantial underestimation over the savannas of the Southern Hemisphere. 
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Figure 4-2: Spatial distribution of OMI CCI+ and MAGRITTE HCHO columns (in 1015 molecules cm-2) in January 
(upper row) and July (lower row) averaged over 2005-2018. 
 
Figure 4-3 illustrates the monthly variation of observed and simulated HCHO columns over a 
subset of the entire period, 2014-2017. The correlations are strong (~0.9) across most regions, 
except in East Africa, where the model accounts for 61% of the OMI variability. In West Africa 
(Figures 4-1 and 4-3a) the overall bias is very small (~-2%) and the observed amplitude of 
HCHO columns is well captured by the model. Over equatorial forests (Figures 4-1 and 4-3b), 
the model reproduces well the two wet and two dry seasons every year and overestimates 
HCHO columns during the dry seasons. East Africa (Figures 4-1 and 4-3c) shows generally low 
HCHO column densities (~8×1015 molec. cm-2) with limited seasonal and interannual 
variability, and here, the model underpredicts columns by ~18%, likely due to missing or 
underestimated sources in this region. In southern Africa (South-West and South-East, Figures 
4-1 and 4-3d-e), the model underpredicts HCHO columns throughout the year by nearly 30% 
relative to OMI CCI. Previous studies suggest that the underprediction in southern Africa is 
associated with an underestimation of isoprene emissions, likely due to underestimated basal 
emission rates of regional vegetation species (Marais et al., 2012; Opacka et al., 2025; Wells 
et al., 2020). 
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Figure 4-3: Monthly OMI CCI+ and MAGRITTE HCHO columns (in 1015 molecules cm-2) over 2014-2017 averaged 
over the selected regions shown in Fig. 4- 1. 
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Figure 4-4: Spatial distribution of trends (% yr-1) of (a) OMI CCI+ and (b) MAGRITTE HCHO columns over 2005-
2018. 
 
The spatial distribution of trends of OMI CCI+ HCHO columns over the 2005-2018 period shows 
predominantly positive trends across most of the African continent, with a few exceptions in 
Central African Republic and the Sahel (Figure 4-4). The simulated spatial distribution of trends 
is generally in good agreement, although weaker on average. Positive observed trends across 
African sub-regions range from +0.4% to +1% per year, cf. Table 4-1. The strongest regional 
trends in the satellite record are found in the South-West and South-East regions, ca. 0.8-0.9% 
yr-1. MAGRITTE predicts slightly lower trends (0.6%yr-1) in South-West Africa and 
nonsignificant trends in the South-East. West Africa exhibits slightly lower positive trends, 
0.6% yr-1. In the equatorial forests and East Africa, the observed trends are weaker (+0.4%yr- 1), 
partly due to the presence of localised negative trends in these regions. The calculated model 
trends are consistent with the observations in East Africa, mainly due to strong positive 
localised trends over major Ethiopian cities, Addis-Ababa and Jimma, but are not significant 
above equatorial regions. 
 
Table 4-1: Regional trends (% yr-1) from observed OMI CCI+ and modelled MAGRITTE HCHO columns over 2005-
2018. Trends are calculated using the seasonal Mann-Kendall method. 
 

Regions OMI CCI trend (% yr-1) MAGRITTE trend (% yr-1) 
West Africa 0.6 0.2 
East Africa 0.4 0.5 
Equatorial forests 0.4 Not significant 
South-West Africa 0.9 0.6 
South-East Africa 0.8 Not significant 
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Table 4-2: Definition of wet and dry seasons per selected region based on the QFEDv2.4 fire inventory. The dry 
seasons coincide with peaks in biomass burning emissions. 

Regions WET DRY 
West Africa May-September January-March, 

November-December 
East Africa May-September January-March,  

October-December 
Equatorial forests January-April 

October-December 
May-September 

South-West Africa January-April 
November-December 

June-October 

South-East Africa January-April, December June-October 
 
   

 
 
Figure 4-5: Seasonal averages of OMI CCI+ (black) and modelled (red) HCHO columns, normalised by the 2005-
2018 mean seasonal average, over the regions of Fig. 4-1. Seasonal averages are calculated for the wet season 
of each region defined in Table 4-2. Correlation coefficients are given inset.  
 
Figure 4-5 shows normalised interannual HCHO columns averaged over the wet season (Table 
4-2) for each across the regions of Figure 4-1. The wet season variability is within 10% of the 
seasonal average values over 2005-2018. The model agrees well with the observations, with 
correlation coefficients exceeding 0.7 in all regions, demonstrating the model skill to 
reproduce the interannual HCHO variability in the wet season. Lower correlations are found 
in East Africa (0.72) and the equatorial forests (0.58) compared to other regions, where the 
model explains 84-91% of the observed HCHO variability. For example, in East Africa the model 
underestimates the HCHO peaks in 2007-2008 and 2010-2011 (Figure 4-5).  
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In the dry season (Figure 4-6), the model captures the interannual variability very well in East 
Africa (0.86), including the 2016 maximum associated with El Niño, and in South-West Africa 
(0.84). The correlations are lower in the other three regions, likely due to flaws in the 
distribution and magnitude of the bottom-up inventory for fires used in the model. An 
alternative biomass burning inventory should be tested in the future. 
 

 
 
Figure 4-6: Seasonal averages of OMI CCI+ (black) and modelled (red) HCHO columns, normalised by the 2005-
2018 mean seasonal average, over five regions (Fig. 4-1). Model results correspond to the standard simulation 
including all sources. Seasonal averages are shown for the dry season (Table 4-2). Correlation coefficients are 
given in the top left of each panel.  
 

 Contributions to HCHO columns from individual sources 
Figure 4-7 illustrates the spatial distribution of trends of the individual VOC sources from 
bottom-up inventories used in the MAGRITTE multiyear simulations. The anthropogenic VOC 
emission trends are predominantly positive across the continent, with the exception of 
Namibia and South Africa. Biomass burning emissions display strong negative trends across 
the northern equatorial belt stretching from west to east, particularly over Côte d’Ivoire, Togo 
and Nigeria. In contrast, relatively strong emission trends persist over equatorial forests, 
especially in the Democratic Republic of Congo. Isoprene exhibits positive trends across 
central Africa (Central African Republic, Democratic Republic of Congo), with enhanced 
increases over southern Sudan and northern South Sudan, as well as over southern Africa 
(Namibia, Zambia, Botswana and South Africa). These trends are primarily driven by 
temperature trends due to climate change, while land cover changes contribute to localised 
enhancements (Figure 4-7d). In western Africa, in particular, strong negative trends are linked 
to deforestation in the region.   
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Figure 4-7: Trend maps over 2005-2018 of different bottom-up VOC emission sources used in MAGRITTE 
simulations: (a) anthropogenic CAMS-GLOB-ANT, (b) biomass burning QFEDv4.2 and isoprene (biogenic) 
MEGAN-MOHYCAN using (c) static (Stavrakou et al., 2018) and (d) dynamic vegetation maps (Opacka et al., 
2021). 
 
The MAGRITTE model enables numerical sensitivity test by selectively switching off different 
VOC sources, thereby quantifying their relative contributions to HCHO columns. A major 
contribution stems from the background, a ubiquitous and relatively uniform source of HCHO 
from CH4 oxidation. The background source accounts for a substantial fraction (50-60%) of the 
total column, except for equatorial forests where biogenic emissions dominate (47%) due to 
the large isoprene fluxes from tropical forests, cf. Table 4-3. In other regions, biogenic sources 
contribute 22-28% of HCHO production, while biomass burning contributes mainly to the 
regions of the Southern Hemisphere.  Overall, the full model simulation systematically 
underestimates HCHO compared to bias-corrected OMI CCI+ observations across all regions, 
with biases of about -11% over equatorial forests and -18% over West Africa (not shown). This 
bias-correction (1.33 x OMI - 1.2 1015 molec. cm-2) is derived by the validation teams of the 
ESA CCI+ project, based on independent FTIR column observations of HCHO from a large 
number of sites worldwide.  
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Table 4-3: Relative contributions (in percentage) of background (CH4-oxidation), biogenic and biomass burning 
sources to the modelled HCHO columns averaged over 2005-2018. 

Regions Background (%) Biogenic (%) Biomass burning (%) 
West Africa 58 25 7 
East Africa 63 22 8 
Equatorial forests 35 47 18 
South-West Africa 55 28 15 
South-East Africa 61 25 11 

 
 

 
 
Figure 4-8: Spatial distributions of MAGRITTE simulated HCHO trends for (a) the background source only, (b) 
as in (a) but with additional anthropogenic sources (background + anthropogenic), (c) as in (b) but with 
additional biogenic sources (background + anthropogenic + biogenic), and (d) as in (c) all sources (including 
biomass burning). 
 
Overall, the observed trends (Figure 4-4a) are largely explained by the background source, 
which provides the dominant contribution across most regions (Figure 4-8a). In Ethiopia, 
however, stronger positive trends are driven by the positive anthropogenic VOC emission 
trends in the major cities Addis Abeba and Jimma (Figure 4-8b). Biogenic emission trends are 
comparatively small, but their inclusion improves the agreement between modelled and 
observed patterns over the Congo Basin, where tropical forests are a major source of isoprene 
(Figure 4-8c). In contrast, the model simulates negative trends over western Africa, mainly 
linked to decreasing fire emissions and biogenic fluxes. These trends are not supported by the 
observations, highlighting potential shortcomings in the representation of biomass burning 
and land-cover changes in the inventories used. Alternatively, the discrepancies may arise 
from uncertainties in OH levels, which strongly influence oxidation processes and 
consequently, HCHO production. The following section investigates these potential 
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shortcomings in West Africa through an analysis of alternative bottom-up inventories for 
biomass burning VOC and soil NO emissions.  

 Sensitivity analysis: Biomass burning VOC and soil NO inventories 
To assess the sensitivity of our results to the choice of biomass burning inventory, we 
performed a test by replacing the QFED inventory with GFEDv4. Both inventories exhibit 
consistent spatial patterns in VOC trends, which is expected given that they are both based on 
MODIS fire products. GFED relies primarily on burned area and active fires counts, while QFED 
uses fire radiative power and aerosol optical depth. In West Africa, QFED estimates BB VOC 
emissions of 5.34 Tg yr-1 over 2005-2018, with a decreasing trend of -2.8% yr-1 (Figure 4-7a). 
GFED provides slightly lower estimates (4.12 Tg yr-1 and -2.6 %yr-1) and shows a different 
annual variability e.g., 2005-2008 or the 2016 peak in GFED missing in QFED. The use of 
GFEDv4 is found to have a small impact on the modelled HCHO trends in West Africa (Figure 
4-9).  
 

                 
 
Figure 4-9: (a) Annual VOC emissions in two BU inventories QFED (blue) and GFED (green) averaged over West 
Africa and (b) difference in simulated HCHO trends (%yr-1) when using QFED or GFED as BB BU inventory. 
 
Uncertainties in OH levels can be partly attributed to soil NOX emissions, since NOX plays a key 
role in OH production through photochemical reactions. At the surface, OH concentrations 
are strongly influenced by NO fluxes originating from microbial activity in the upper soil layers, 
a process that remains highly uncertain. To assess this impact, we compared two bottom-up 
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inventories of soil NO emissions: HEMCO and YL-ERA5. Figure 4-10 shows the trend map in 
Africa for both inventories, as well as their influence on HCHO column trends.   
 

 
Figure 4-10: Spatial distribution of trends in (a) HEMCO and (b) YL-ERA5 soil NO emissions, and the difference 
(HEMCO – YL-ERA5) in simulated HCHO trends (in % yr-1). 
 
The comparison reveals large discrepancies between the two datasets. The HEMCO inventory 
exhibits a strong negative overall trend in African soil NO emissions (-1.3% yr-1), whereas YL-
ERA5 shows no significant trend (Figure 4-10a-b). HEMCO indicates negative soil NO trends 
across western Africa (e.g., Liberia, Guinea), and much of the equatorial forests, except along 
the western coast (Gabon, Equatorial Guinea, southern Cameroon), where strong positive 
trends are apparent. These differences have direct implications for OH levels: a negative trend 
in soil NO reduces boundary layer OH (Figure 4-11), thereby inducing a negative trend in HCHO 
columns over regions with strong biogenic and pyrogenic VOC emissions, particularly in the 
Northern Hemisphere savannas. 
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Figure 4-11: Spatial distribution of planetary boundary layer (PBL) OH concentrations (in % yr-1) over 2005-
2018, based on two soil NO inventories: (a) HEMCO, as in the standard simulation and (b) YL-ERA5.  
 
Over the equatorial forests, the simulated negative trend in PBL OH is primarily driven by three 
factors: the increase of CH4 levels, the increase in isoprene fluxes, and the decreasing soil NO 
fluxes as represented by the HEMCO inventory (Figure 4-11a). Together, these processes 
reduce the oxidative capacity of the boundary layer and contribute to a pronounced decrease 
in modelled HCHO columns throughout the years. In contrast, slightly positive OH trends are 
simulated in other regions, largely because of the negative trend in isoprene emissions (Figure 
4-8c-d) outweigh the opposing influence positive PBL OH trend due to CH4 oxidation (Figure 
4-8a). The treatment of soil NO emissions in the model proves to play a key role. Trends in soil 
NO directly affect OH production, thereby exerting a first-order control on modelled HCHO 
variability. In fact, approximately half of the simulated negative HCHO trend over equatorial 
forests can be attributed to the strong negative soil NO trend prescribed by the HEMCO 
inventory.  
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 Conclusion and perspectives 
We have performed long-term (2005-2018) simulations with the regional CTM MAGRITTE at 
0.5°x0.5° to assess and evaluate long-term tropospheric OMI CCI+ HCHO columns variability 
and trends across the continent and at regional scales.  

Overall, the model reproduces the observed OMI trends well when all emission sources are 
included, although the simulated trends are generally lower, for reasons that remain unclear. 
A dominant contribution to the HCHO columns is due to CH4 oxidation, except over tropical 
forests where the HCHO formation from the oxidation of biogenic emissions is more 
significant. The background source, largely controlled by CH4, OH, and hence by NOX, explains 
a substantial part of the observed OMI trend. Biogenic emission trends, while having only a 
modest overall impact, improve the agreement between model and observations. In contrast, 
the soil NOX source emerges as particularly significant, exerting a strong influence on the 
predicted HCHO trends. Importantly, the model captures well the observed interannual 
variability of HCHO during both wet and dry seasons, with correlation coefficients exceeding 
0.7 across all regions, highlighting its ability to capture the temporal variability despite 
remaining uncertainties in trend magnitude. 

Future work could focus on several avenues to refine our understanding of HCHO trends. First, 
the trend of the L3 CCI+ products should be investigated in detail to assess consistency with 
current findings. The impact of bias correction on satellite-model comparisons warrants 
further evaluation, as it may affect the magnitude of the observed columns. The use of 
alternative inventories for anthropogenic emissions could improve the representation of 
recent years and help resolve discrepancies between modelled and observed trends. 
Extending the analysis beyond 2018 would provide insights into more recent changes and the 
influence of evolving emission patterns. Finally, combining HCHO observations with CCI+p NO2 
data (Glissenaar et al., 2025), as explored in the Progress in the Interpretation of Remotely-
sensed Atmospheric climate products using Modelling, Inversion and Data assimilation 
(PIRAMID) project (ESA ITT AO/1-12469/24/I-LR), could allow for a more comprehensive 
assessment of atmospheric oxidation processes and a better constraint on OH levels. 
 

5. IASI/MOPITT/TROPOMI CO total column comparison 
 Introduction and context 

To account for TROPOMI data in the project, the team first proposed to generate TROPOMI 
L3 grids (Precursors_cci+_Negotiation_meeting_minutes_01_00) but it was then decided that 
a few pages of comparison of the CO distribution of IASI, MOPITT and TROPOMI would be 
more suitable as the Level 3 TROPOMI monthly grids can easily be generated from Level 2 
available on line (https://sentinels.copernicus.eu/web/sentinel/data-products/-
/asset_publisher/fp37fc19FN8F/content/sentinel-5-precursor-level-2-carbon-monoxide). 

This study is not a validation, but a comparison of 6.5 years of IASI, MOPITT and TROPOMI CO 
data, based on timeseries over different latitude bands as well as seasonnal maps in order to 
get seasonal biases. The data used in the comparison are first presented in Section 5.2, then 
the comparison is given in Section 5.3 and 5.4. A regional trend analysis is also included in 
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Section 5. At last, a summary of Antje Inness paper published in ACP in 2022 is given in Section 
5.6. 

For this comparison, we focused on the period 1 May 2018-31 Dec 2024 and used the data 
presented in Table 5-1. Note that two TROPOMI products are available: «all-sky» and «clear-
sky». Here, we used TROPOMI clear-sky data, to be comparable with IASI and MOPITT 
retrievals where the retrieved pixels are not considered contaminated by clouds. The different 
spatial coverage for half a day (daytime) for each product can be seen in Figure 5-1. In this 
study, only data between 70°S and 70°N are considered, since high-latitude regions are not of 
primary interest for CO studies. These regions are typically filtered out in the assimilation 
schemes. 
Table 5-1: Description of the IASI, MOPITT and TROPOMI L2 CO products used for this comparison. 

  IASI (Metop-B 
and -C) 

MOPITT (Terra) TROPOMI (Sentinel-5P) 

Instrument 
type 

Fourier Transform 
Spectrometer 

Gas Correlation Radiometer UVNS spectrometer 

Overpass 
time (LT) 

09:30 a.m. and 
p.m. 

10:30 a.m. and p.m. 01:30 p.m. 

Spectral 
range for CO 

2143-2181.25 
cm⁻¹ (TIR) 

TIR 4329-4273.50 cm⁻¹ (SWIR) 

Pixel 
resolution 
(swath 
width) 

12 km diameter 
at nadir (~ 2200 
km) 

22x22 km (~ 640 km) 7×5.5 km (~ 2600 km) 

Before 2019-08: 7x7km 

Retrieval 
method 

Optimal 
Estimation 
Method (FORLI) 

Optimal Estimation Method 
(MOPFAS) 

Tikhonov regularization (SICOR) 

L2 data 
version 

FORLI V6.7 9T RPRO V2 2018-2022/07/25 

Data filtering Solar zenith angle 
< 90°, COTC error 
< 7.5%, 
QF=2, cloud cover 
< 25% 

Solar zenith angle < 90°, no 
Pixel 3, 5A SNR > 1000, 
RetrievalAnomalyDiagnostic 
= all at 0 

Solar zenith angle < 80° 
Clear-sky data only (QA=1) 

Data 
availability 

https://iasi.aeris-
data.fr/ 

https://www.earthdata.nas
a.gov 

https://sentinels.copernicus.eu
/web/sentinel/data-products/-
/asset_publisher/fp37fc19FN8F
/content/sentinel-5-precursor-
level-2-carbon-monoxide 

DOI https://doi.org/1
0.25326/64 and 
https://doi.org/1
0.25326/65 

https://doi.org/10.5067/TE
RRA/MOPITT/MOP02T.009 

https://doi.org/10.5270/S5P-
bj3nry0 
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Figure 5-1: Spatial distribution for day time (half a day) of 15 Feb. 2019 for MOPITT, IASI B and C, as well as 
TROPOMI (all-sky and clear-sky). Only TROPOMI clear-sky data are used in this comparison. To perform the 
comparison, we first gridded daily data in 1°x1° grids. 
 

 Timeseries over different latitude bands 
The time series of total CO columns from IASI, MOPITT, and TROPOMI over different latitude 
bands (Figure 5-2) shows that the three products capture consistent seasonal cycles and long-
term variability, including recurrent biomass burning peaks and interannual fluctuations. IASI 
(light blue) generally reports the highest CO values, MOPITT (black) the lowest, and TROPOMI 
(purple) lies in between, tracking the seasonal cycles closely but with slightly lower amplitudes 
compared to IASI. The patterns are particularly clear in the tropics, where strong fire signals 
dominate, and in the Northern Hemisphere mid-latitudes, where anthropogenic emissions 
and seasonal transport play a key role. 
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Figure 5-2: Time series of total column CO (×10¹⁸ molec./cm²) from IASI (light blue), MOPITT (black), and 
TROPOMI (purple) for the period 2018–2025. Panels show global (70°S–70°N), Northern Hemisphere mid-
latitudes (30°N–70°N), tropics (30°S–30°N), and Southern Hemisphere mid-latitudes (70°S–30°S). 
 

The mean relative biases table (Table 5-2) confirm these systematic differences. Globally, IASI 
columns are on average 9% higher than MOPITT, whereas TROPOMI is 5.7% lower than IASI 
and 2.7% higher than MOPITT, again placing it between the two. The largest discrepancies 
occur in the tropics, where IASI exceeds MOPITT by nearly 15%, possibly due to stronger mid-
tropospheric sensitivity over intense burning regions (we are currently examinating this 
difference). In contrast, biases are smaller at mid-latitudes (3–4%), and in both hemispheres 
TROPOMI agrees closely with MOPITT (−0.8%). 
Table 5-2: Mean relative biases (%) of total column CO between IASI, MOPITT, and TROPOMI for the period 
2018–2025, calculated globally and by latitude band.  

Mean_Rel_IASI-
MOPITT (%) 

Mean_Rel_TROPOMI-
IASI (%) 

Mean_Rel_TROPOMI-
MOPITT (%) 

Global (70°S - 70°N) 9.0 -5.7 2.7 

Northern Mid-Latitudes 
(30°N - 70°N) 

3.4 -3.6 -0.8 
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Tropical (30°S - 30°N) 14.9 -7.9 5.8 

Southern Mid-Latitudes 
(70°S - 30°S) 

4.5 -5.2 -0.8 

 

 Seasonal comparison 
The seasonal mean CO total column maps from IASI, MOPITT, and TROPOMI presented in 
Figure 5-3 highlight both common large-scale patterns and differences between the 
instruments. All three products capture the strong seasonal signals associated with biomass 
burning and anthropogenic emissions, such as enhanced columns over central Africa in DJF 
and JJA, over Southeast Asia in MAM, and over South America in SON. These regional large 
concentrations are consistently detected across the instruments, but their magnitude differs: 
MOPITT generally reports lower total CO compared to IASI, while TROPOMI often lies in 
between the two, with stronger sensitivity to near-surface enhancements. 

 
Figure 5-3: Seasonal distributions (DJF, MAM, JJA and SON) for IASI (column 1), MOPITT (column 2) and 
TROPOMI (column 3). Data above 70° of latitude have been masked. Dash lines indicate the Tropics (for biases 
calculated by latitude bands in Table Table 4.  
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The relative bias statistics presented in Table 5-3 confirm these systematic offsets. IASI 
columns are about 9–11% higher than MOPITT throughout the year, with little seasonal 
variation. TROPOMI, by contrast, shows a negative bias relative to IASI (−3.7% in DJF to −5.9% 
in SON), but a positive bias relative to MOPITT (+3.8% to +4.5%). This implies that TROPOMI 
consistently bridges the gap between the higher IASI and lower MOPITT columns. The slightly 
stronger negative bias against IASI in SON (−5.9%) coincides with the South American biomass 
burning season, visible in the maps as very pronounced enhancements. This suggests that 
differences in vertical sensitivity (TROPOMI being more responsive to boundary-layer 
emissions, IASI to mid-tropospheric signals) may partly explain the seasonal divergence. 

 
Table 5-3: Mean Relative biases for (IASI-MOPITT)/MOPITT in column 2, (TROPOMI-IASI)/IASI in column 3 and 
(TROPOMI-MOPITT)/MOPITT in column 4. 

Season 
Mean_Rel_IASI-
MOPITT (%) 

Mean_Rel_TROPOMI-
IASI (%) 

Mean_Rel_TROPOMI-
MOPITT (%) 

DJF 10.22 -3.66 4.47 

MAM 9.48 -4.58 4.22 

JJA 10.34 -5.2 4.3 

SON 10.79 -5.93 3.79 

 

The latitude-dependent bias statistics presented in Table 5-4 reveal important regional 
differences that are not visible in the global means alone. In the Southern Hemisphere (lines 
highlighted in yellow), IASI consistently reports substantially higher CO than MOPITT, with 
relative biases reaching +14% in DJF and remaining positive across all seasons (+1.7 to 
+10.3%). TROPOMI reduces this discrepancy, showing a negative bias relative to IASI (−0.4% 
to −7.3%) but still remaining slightly higher than MOPITT (+1.4% to +5.5%). This suggests that 
in regions dominated by biomass burning emissions, such as Southern Africa and South 
America, TROPOMI again bridges the gap between IASI’s higher and MOPITT’s lower column 
values. In the Northern Hemisphere (lines highlighted in green), it is more variable : in DJF, 
IASI even shows a slight negative bias compared to MOPITT (−2.2%), but in MAM, JJA, and SON 
the bias becomes positive again, peaking at +13.5% in JJA. TROPOMI follows a consistent 
pattern of lying between the two datasets, with biases of about −2.6% to −8.9% relative to 
IASI and +1.0% to +3.2% relative to MOPITT. The larger contrasts in the north during summer 
(JJA) likely reflect stronger sensitivity differences between the SWIR (TROPOMI) and TIR 
(IASI/MOPITT) retrievals under high solar illumination and variable surface conditions. 

 
Table 5-4: Same as Table 5-3 but divided by latitudes bands (South, Tropics and North) 

Season Band 
Mean_Rel_IASI-
MOPITT (%) 

Mean_Rel_TROPOMI-
IASI (%) 

Mean_Rel_TROPOMI-
MOPITT (%) 

DJF South 14.03 -7.26 5.45 
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DJF Tropics 17.75 -9.68 6.12 

DJF North -2.15 5.91 1.53 

MAM South 4.72 -2.35 2.53 

MAM Tropics 18.21 -7.69 9.01 

MAM North 5.45 -3.72 1.1 

JJA South 1.68 -0.36 1.37 

JJA Tropics 15.64 -6.31 8.25 

JJA North 13.51 -8.94 3.22 

SON South 10.33 -5.69 3.7 

SON Tropics 18.12 -9.54 6.67 

SON North 3.94 -2.62 0.99 

 

Overall, this latitude-banded analysis reinforces the global picture: IASI tends to report higher 
CO columns than MOPITT, particularly in the Southern Hemisphere, while TROPOMI 
consistently provides intermediate values, closer to MOPITT in the north and closer to IASI in 
the south.  

 Regional trend analysis 
Temporal variations and trends in CO concentrations were examined across several regions, 
with particular focus on the North China Plain (30°–40° N, 110°–123° E) and the Amazon Basin 
(17°–2° S, 68°–53° W). These regions were selected because the North China Plain is largely 
influenced by anthropogenic CO emissions, whereas the Amazon region is characterized by 
recurrent biomass burning events.  

Figure 5-4 shows the monthly time series of CO concentrations from IASI, TROPOMI, and 
MOPITT over the regions of interest, with monthly averages computed for days with 
simultaneous observations from all three instruments. The corresponding relative bias 
statistics are given in Table 5-5. 
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Figure 5-4: Monthly time series of CO concentrations calculated over the North China Plain (top panel) and the 
Amazon region (bottom panel) for IASI (blue), TROPOMI (black) and MOPITT (red), from May 2018 to December 
2024. 
  
Table 5-5: Average relative biases for (IASI-MOPITT)/MOPITT, (TROPOMI-IASI)/IASI and (TROPOMI-
MOPITT)/MOPITT, for the North China Plain and Amazon regions. 

Region Mean_Rel_IASI-
MOPITT (%) 

Mean_Rel_TROPOMI-
IASI (%) 

Mean_Rel_TROPOMI-
MOPITT (%) 

North China 
Plain 

3.47 3.01 4.86 

Amazon 18.07 -11.57 3.96 

 

From Figure 5-4 and Table 5-5, we note that over the North China Plain, the instruments 
exhibit good overall agreement. The mean relative biases are small, ranging from 3.01% 
(TROPOMI–IASI) to 4.86% (TROPOMI–MOPITT), indicating that all three datasets capture the 
temporal variability of CO concentrations in this region consistently. Over the Amazon Basin, 
larger discrepancies are observed: IASI shows a positive mean relative bias of 18.07% with 
respect to MOPITT, whereas TROPOMI exhibits a negative bias of −11.57% relative to IASI. 
Nevertheless, the relative bias between TROPOMI and MOPITT remains small (3.96%).  

Figure 5-5 presents the monthly time series of CO anomalies from the three instruments, 
along with their corresponding linear trends. Trends were estimated using the Weighted Least 
Squares (WLS) linear regression method over the May 2018–May 2024 period. To reduce the 
influence of seasonal variability, the analysis was performed on monthly averaged anomalies, 
which were computed relative to the 2018–2024 monthly climatology and including only days 
with coincident observations from all three instruments. The monthly variance of CO 
concentrations was used as a weighting factor in the regression, thereby minimizing the 
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impact of outliers on the trend estimates. Table 5-6 summarizes the trend values obtained for 
each instrument over the regions of interest using the WLS method. 

 

 
Figure 5-5: Monthly time series of CO anomalies from IASI (blue), TROPOMI (black) and MOPITT (red) and their 
associated linear trend (dotted lines) for the North China Plain (top panel) and Amazon regions (bottom panel). 
 
Table 5-6: CO trends values and their associated standard error in %/year estimated using the WLS regression 
method for the regions of interest. Significant trends to one standard-error are marked by an asterix (*). 

 North China Plain Amazon 

IASI -1.53 ± 0.1* 0.87 ± 0.1* 

MOPITT -1.22 ± 0.1* 0.62 ± 0.2 

TROPOMI -1.07 ± 0.1* 1.15 ± 0.1* 

 

From Figure 5-5 and Table 5-6, a strong and significant trend in CO concentrations over the 
North China Plain is observed by all three instruments. This decrease is attributed to the 
reduction in anthropogenic emissions following the deployment of China’s “Air Pollution 
Prevention and Control Action Plan” in 2013 (Zheng et al., 2019a). In the Amazon region, all 
three instruments indicate positive CO trends, although statistically significant increases are 
observed only for IASI and TROPOMI. This rise in CO concentrations is consistent with the 
increased fire activity reported in the region during 2024 (Friedlingstein et al., 2025b). 
Although the 2018–2024 period is relatively short for robust trend estimation, all three 
instruments exhibit consistent trends of similar magnitude across the regions of interest. 

 
a https://essd.copernicus.org/articles/11/1411/2019/ 
b https://essd.copernicus.org/articles/17/965/2025/essd-17-965-2025.html 
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 Summary of Antje Inness ACP paper: Assimilation of 
S5P/TROPOMI carbon monoxide data with the global CAMS near-real-
time system (2022)c 

Inness et al. (2022) present a comprehensive assessment of the impact of assimilating CO total 
column (TCCO) observations from three satellite instruments—IASI, MOPITT, and TROPOMI—
within the CAMS 4D-Var system. The three products differ significantly in their spectral 
domain, vertical sensitivity, and treatment within the assimilation. IASI, operating in the 
thermal infrared (TIR) from the Metop satellites, has strongest sensitivity in the mid-
troposphere, typical of TIR CO retrievals. Its data are assimilated after applying variational bias 
correction (VarBC) using predictors such as 1000–300 hPa thickness and thermal contrast and 
thinned to a horizontal resolution of 0.5°×0.5°. MOPITT, also a TIR product (on NASA’s Terra 
platform), provides a similarly mid-tropospheric view of CO but is used without bias correction 
and serves as the long-term “anchor” for VarBC, chosen for its stable, multi-decadal record; it 
is likewise thinned to 0.5°×0.5°. In contrast, TROPOMI retrieves CO in the shortwave infrared 
(SWIR, 2.3 µm) aboard Sentinel-5P, providing sensitivity to the entire column with particularly 
valuable boundary-layer information in clear-sky land scenes. Cloudy-scene retrievals contain 
less sensitivity to the lower-troposphere but still add useful information, especially over ocean 
where clear-sky SWIR signals are too weak; for this reason, only cloudy ocean scenes are 
assimilated. TROPOMI data are filtered with qa_value>0.5, aggregated into model-scale 
super-observations to reduce representativeness errors given the native high resolution 
(~5.5×7 km), and are assimilated without bias correction because of their very different 
sensitivity characteristics compared to the TIR products. 

Assimilation experiments demonstrate that the inclusion of TROPOMI significantly influences 
the CAMS CO analyses. On average, assimilating TROPOMI increases global CO columns by 
~8%, helping to reduce the persistent low bias in CAMS relative to independent 
measurements. The largest improvements are found in comparisons with NDACC FTIR and 
IAGOS profiles, particularly in the lower and middle troposphere where SWIR sensitivity is 
strongest, and during pollution and biomass burning events such as the 2021 boreal fires. 
However, because MOPITT columns are generally lower than those from TROPOMI, the 
combined assimilation leads to a slight degradation in the fit to MOPITT, whereas the fit to 
IASI improves through smaller analysis departures. These contrasting outcomes illustrate the 
complementarity of the instruments: IASI and MOPITT provide stable, mid-tropospheric 
constraints, while TROPOMI contributes critical sensitivity to the boundary layer and cloudy 
scenes. When all three are assimilated together, CAMS achieves the most accurate total-
column representation of CO, although sensitivity above ~500 hPa remains limited and high-
altitude plume transport is less constrained. 

Overall, the study highlights that each instrument plays a distinct role in constraining CO 
distributions: MOPITT as the stable anchor, IASI as a bias-corrected TIR product providing 
continuity, and TROPOMI as a high-resolution SWIR sensor adding valuable near-surface and 
cloud-scene information. Their combined assimilation leverages these complementary 
strengths to deliver improved global CO analyses. 

 
c https://acp.copernicus.org/articles/22/14355/2022/ 
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 Conclusion 
This study provides a comprehensive comparison of six and a half years of total column CO 
observations from IASI, MOPITT, and TROPOMI over the latitude range 70°S–70°N. Despite 
differences in their spectral domains and retrieval sensitivities, the three instruments show a 
high degree of consistency in both spatial and temporal CO variability. All datasets capture the 
major seasonal cycles and interannual fluctuations associated with biomass burning and 
anthropogenic emissions, with particularly strong enhancements over central Africa, South 
America, and Southeast Asia during their respective fire seasons. 

Systematic differences were observed between the instruments, with IASI generally reporting 
higher CO columns than MOPITT, and TROPOMI consistently lying in between. The global 
mean biases indicate that IASI exceeds MOPITT by about 9%, while TROPOMI is approximately 
6% lower than IASI and 3% higher than MOPITT. The largest discrepancies occur in tropical 
regions, probably linked to differences in vertical sensitivity and surface reflectivity between 
TIR (IASI, MOPITT) and SWIR (TROPOMI) measurements. Latitude- and season-dependent 
analyses confirm that these biases are robust and consistent through time, reflecting the 
complementary nature of the three datasets. 

Regional trend analyses further demonstrate the reliability of these products for detecting 
temporal changes in CO. All three instruments capture a significant decrease in CO over the 
North China Plain, attributed to reduced anthropogenic emissions, and a moderate positive 
trend over the Amazon Basin, consistent with intensified biomass burning activity in recent 
years. The overall agreement in trends, despite differences in retrieval characteristics, 
reinforces confidence in the stability and comparability of the instruments. 

In summary, IASI, MOPITT, and TROPOMI together provide a coherent and complementary 
view of global CO distributions. IASI and MOPITT offer long-term continuity and robust mid-
tropospheric sensitivity, while TROPOMI contributes high-resolution observations with 
enhanced boundary-layer sensitivity. Combined use of these products, as demonstrated in 
both this comparison and in assimilation studies such as Inness et al. (2022), represents a 
powerful approach for monitoring CO variability, evaluating emission trends, and improving 
atmospheric reanalyses at global and regional scales. 
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