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Abstract. Aerosol optical depth (AOD) is a key indicator for evaluating global climate change, and its long-term trends provide 

critical insights into the evolving climatic impact of atmospheric aerosols. In this study, we analyse the long-term (2003–2024) 

AOD record from the fourth-generation ECMWF Atmospheric Composition Reanalysis (EAC4) to investigate global and 

regional variability and long-term trends over the past two decades. EAC4 is evaluated against independent AERONET 

observations from 178 stations selected using strict data-availability criteria. The impact of satellite assimilation is explicitly 20 

quantified through comparison with a free-running control simulation (CTRL). EAC4 reproduces observed global AOD 

variability with high skill (R = 0.84, RMSE = 0.12, IOA = 0.90; >1.6 million collocations) and shows strong agreement with 

AERONET-derived trends at stations exhibiting statistically significant changes (R = 0.89), correctly capturing the trend sign 

at 96.7% of sites. Negative trends are generally well represented, while positive trends are more frequently underestimated. 

Trend analyses across 18 regions of interest reveal significant AOD declines over eastern China, North Africa, Central Europe, 25 

and the eastern United States, alongside persistent increases over South Asia and the Middle East. Decadal analyses identify 

pronounced transitions, including a reversal from increasing to decreasing trends over eastern China and shifts in several dust- 

and biomass-burning-dominated regions. Sliding-window trend diagnostics further highlight temporal variability and regime 

changes. By integrating long-term reanalysis data, independent validation, and component-resolved diagnostics, this study 

provides a consistent assessment of recent global AOD evolution. 30 
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1 Introduction 

Atmospheric aerosols, whether of natural or anthropogenic origin, play a pivotal role in the Earth–atmosphere system and 

remain among the most uncertain climate forcings (IPCC, 2021). Through the scattering and absorption of solar and terrestrial 

radiation, they perturb the radiative balance, modify surface temperature, and alter the atmospheric thermodynamic structure 35 

(Ackerman and Toon, 1981; Lohmann and Feichter, 2005; Zhao et al., 2012; Yang et al., 2020). Depending on their absorption 

properties, aerosols may cool the surface while heating the atmosphere, and changes in their optical characteristics can even 

reverse the sign of their radiative forcing (Hansen et al., 1997; Ding et al., 2016; Sun et al., 2018; Zheng et al., 2019; Moustaka 

et al., 2024), with the aerosol direct effect partly offsetting greenhouse gas–induced warming in recent decades (Bernstein et 

al., 2007). Aerosols also exert important indirect effects by acting as cloud condensation nuclei (CCN) and ice-nucleating 40 

particles (INPs), thereby modifying cloud microphysical and radiative properties, extending cloud lifetime, and influencing 

precipitation efficiency, atmospheric circulation, and the global water cycle (Twomey et al., 1984; Haywood and Boucher, 

2000; Jiang et al., 2018). Beyond climate, aerosols strongly influence environmental quality and human health. Their complex 

physical and chemical properties affect air quality (Che et al., 2014; Gui et al., 2022; Z. Li et al., 2017), visibility (Che et al., 

2007; Liu et al., 2013, 2020), and ecosystems (W. Li et al., 2017; Liu et al., 2017; Yue et al., 2017), and pose severe health 45 

risks, with fine particulate matter contributing to respiratory and cardiovascular diseases and premature mortality (Cohen et 

al., 2017; Xue et al., 2019; Wei et al., 2019, 2021). Unlike long-lived greenhouse gases such as CO₂, CH₄, and N₂O, aerosols 

are short-lived and highly variable in space and time; therefore, understanding their optical and microphysical properties, long-

term variability, and trends is essential, as changes in aerosol loading and composition can alter both the magnitude and 

direction of their forcing and influence the effectiveness of emission mitigation strategies (IPCC, 2021). 50 

Aerosol optical depth (AOD), which represents the column-integrated attenuation of solar radiation by atmospheric aerosols, 

is a fundamental parameter for quantifying aerosol loading and assessing its impacts on radiative forcing, climate, cloud 

processes, and precipitation. Owing to the sustained development of ground-based networks and satellite observing systems 

over the past decades, a broad suite of long-term AOD datasets is now available. These datasets enable detailed investigations 

of aerosol variability on annual, seasonal, and decadal timescales at both global and regional scales (De Leeuw et al., 2018; 55 

Proestakis et al., 2018; Gui et al., 2021; Logothetis et al., 2021; Xian et al., 2022; Zhang et al., 2025). Ground-based 

observations from networks such as the Aerosol Robotic Network (AERONET; Holben et al., 1998, 2001) provide high-

quality, long-term reference measurements, while satellite instruments—including the Moderate Resolution Imaging 

Spectroradiometer (MODIS; Levy et al., 2015) and the Multi-angle Imaging Spectroradiometer (MISR; Diner et al., 1998)—

provide near-global spatial coverage. In addition, the Cloud–Aerosol Lidar with Orthogonal Polarization (CALIOP; Winker 60 

et al., 2009) has delivered vertically resolved aerosol observations over more than 15 years, offering complementary 

information on aerosol vertical structure. In parallel, atmospheric reanalyses such as the Modern-Era Retrospective Analysis 

for Research and Applications, Version 2 (MERRA-2; Buchard et al., 2017; Gelaro et al., 2017) and the Copernicus 
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Atmosphere Monitoring Service (CAMS; Morcrette et al., 2009) combine numerical modeling with diverse observational 

datasets to provide temporally and spatially consistent estimates of aerosol distributions. 65 

The Copernicus Atmosphere Monitoring Service (CAMS) combines ground-based observations, satellite retrievals, and 

numerical atmospheric modeling to deliver temporally consistent and near–real-time aerosol products, including high-

resolution AOD fields (Peuch et al., 2022). Operated by the European Centre for Medium-Range Weather Forecasts 

(ECMWF), CAMS builds on more than a decade of experience in global atmospheric composition forecasting and reanalysis 

(Inness et al., 2019). A core component of the CAMS system is data assimilation, which optimally merges model background 70 

information with observations while explicitly accounting for their respective uncertainties (Courtier et al., 1994). This is 

implemented using a four-dimensional variational (4D-Var) assimilation framework within the ECMWF Integrated Forecast 

System (IFS). For aerosol modeling, CAMS assimilates AOD retrievals from the Moderate Resolution Imaging 

Spectroradiometer (MODIS) aboard the Aqua and Terra satellites since 2003 (Levy et al., 2015). These observations are 

complemented by Advanced Along-Track Scanning Radiometer (AATSR; Popp et al., 2016) retrievals from Envisat , spanning 75 

2003 to March 2012. Numerous studies have shown that the assimilation of satellite-based AOD significantly improves 

estimates of aerosol loading and reduces model spread compared with free-running simulations (Zhang et al., 2008; Benedetti 

et al., 2009; Di Tomaso et al., 2017; Xian et al., 2019; Garrigues et al., 2023). These improvements are particularly evident 

during intense aerosol events, such as dust storms and biomass burning episodes, where free-running models tend to 

underestimate AOD and where large emission uncertainties prevail (Benedetti et al., 2009; Choi et al., 2020; Escribano et al., 80 

2022). Through this integrated modeling and assimilation framework, CAMS provides a comprehensive suite of aerosol and 

atmospheric composition products supporting applications in air-quality monitoring and forecasting, climate research, and 

health impact assessments (Casciaro et al., 2022; Sbai et al., 2022). 

The performance of CAMS aerosol products has been extensively evaluated against AERONET observations (Blake et al., 

2025). Globally, CAMS exhibit good agreement with ground-based measurements, although regional overestimations remain, 85 

particularly over North America, western Europe, South America, and the Tibetan Plateau (Zhao et al., 2024). Inness et al. 

(2019) compared the latest CAMS Reanalysis (CAMSRA) with earlier versions and demonstrated that CAMSRA had the 

lowest mean bias against AERONET, while the previous CAMS Interim Reanalysis (CIRA; Flemming et al., 2017) and 

Monitoring Atmospheric Composition and Climate Reanalysis (MACCRA; Flemming et al., 2015) showed larger positive or 

negative biases depending on region. However, the authors reported unrealistic AOD hotspots near volcanic outgassing regions 90 

such as Mauna Loa and Mexico City, linked to difficulties in representing diffuse volcanic emissions at model resolution and 

uncertainties in the treatment of sulfate formation from volcanic SO₂. Regional validations provide additional insight: CAMS 

reproduces spatial AOD gradients in the eastern Mediterranean and Middle East but tends to underestimate extreme dust and 

pollution events (Tuygun and Elbir, 2024), while over Brazil CAMS performed well, showing high correlations, low error 

metrics, and Willmott indices close to 1 (Pedreira Júnior et al., 2024). More recent evaluations confirmed improvements in 95 

global AOD representation, though dust-heavy regions continue to show discrepancies (Eskes et al., 2024). Collectively, these 
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studies underline that CAMS offers reliable large-scale AOD fields and temporal consistency, while local-scale biases persist, 

particularly in regions with complex aerosol sources or during high aerosol loading outbreaks. 

Over the past decade, numerous studies have investigated intra-annual and interannual variability in aerosol loading at global 

and regional scales using combinations of ground-based observations, satellite retrievals, and numerical modeling frameworks 100 

(e.g., Chin et al., 2014; Klingmüller et al., 2016; Hammer et al., 2018; Che et al., 2019; Gui et al., 2021; Logothetis et al., 

2021; Zhao et al., 2024; Zhang et al., 2025). Early multi-sensor analyses by Chin et al. (2014), integrating satellite products 

(TOMS, AVHRR, MODIS, MISR), AERONET observations, and GOCART simulations over the period 1980–2009, revealed 

pronounced AOD declines over Europe and the United States, primarily driven by reductions in sulfate aerosols. In contrast, 

increasing AOD over East and South Asia was attributed to rising anthropogenic emissions, partially masked by high 105 

background dust levels. Their study further highlighted the dominant influence of meteorological factors—particularly near-

surface wind speed and soil moisture—in controlling dust variability over North Africa and the Middle East. Building on this 

work, Klingmüller et al. (2016) analysed MODIS Dark Target and Deep Blue AOD retrievals for 2000–2015 and reported a 

strong dust-driven increase in AOD over the Middle East during the early 2000s, linked to declining soil moisture, reduced 

precipitation, and enhanced surface winds, followed by a weakening of this signal after approximately 2012. Subsequently, 110 

Hammer et al. (2018) examined long-term changes in aerosol absorption and scattering using satellite observations and model 

simulations, demonstrating that regional AOD trends are strongly modulated by shifts in aerosol composition, particularly 

mineral dust, brown carbon, and secondary inorganic aerosols, underscoring the importance of aerosol-speciated analyses. 

Using long-term records from the MERRA-2 reanalysis (1980–2016) together with MODIS/Terra and MISR AOD retrievals 

for 2001–2016, Che et al. (2019) identified significant decreasing AOD trends over Europe and the eastern United States, 115 

contrasted by increasing trends over eastern China and South Asia, although the positive trend over China reversed during the 

most recent decade. Their analysis further showed that meteorological factors explained a substantial fraction (approximately 

20–73%) of AOD variability in most regions, with sulfur dioxide (SO2) dominating anthropogenic aerosol regimes and black 

or organic carbon driving variability in biomass-burning-influenced regions. 

More recent satellite- and model-based studies have refined the role of aerosol type in shaping total AOD trends. Gui et al. 120 

(2021), using MODIS Terra and Aqua AOD data for 2001–2018, reported widespread global and regional decreases in seasonal 

AOD, largely attributable to reductions in small-sized and spherical aerosols, with notable exceptions over South Asia, the 

Middle East, and North Africa. In parallel, Logothetis et al. (2021) employed the MIDAS satellite-derived dust optical depth 

(DOD) dataset (Gkikas et al., 2021) for 2003–2017 and identified pronounced regional contrasts in dust trends, including 

declining dust activity over large parts of the Sahara, the Mediterranean Basin, and East Asia, and increasing dust loads over 125 

the central Sahara and the Arabian Peninsula. These findings emphasized the dominant contribution of dust to total AOD 

trends in dust-rich regions. Using CAMS reanalysis data for 2007–2019, Zhao et al. (2024) showed that declining AOD over 

eastern China, the eastern United States, and western Europe was primarily driven by reductions in sulfate aerosols, with 

additional contributions from decreased dust over eastern China. In contrast, increasing sulfate, black carbon, and organic 

matter concentrations over South Asia and Siberia partially offset these declines at the hemispheric scale. Most recently, Zhang 130 
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et al. (2025) analysed long-term AERONET observations (2000–2022) and reported widespread decreases in AOD and aerosol 

absorption over Europe, North America, and East Asia, alongside increasing AOD over northern India and the Arabian 

Peninsula, driven mainly by fine-mode scattering aerosols and mineral dust, respectively. Their aerosol-type classification 

further reinforced the importance of aerosol-speciated approaches for interpreting long-term AOD trends. 

Collectively, these studies show that long-term AOD variability reflects the combined effects of emission controls, weather 135 

patterns, and changes in aerosol composition. There are notable regional differences between industrialized areas, where 

pollution measures have mostly reduced aerosol levels, and regions sensitive to weather variability, where AOD remains high 

or continues to rise. However, there is still a lot of uncertainty about how these factors interact to influence long-term aerosol 

trends and how reliable reanalysis-derived trends are compared to independent observations. In particular, the impact of 

satellite AOD assimilation on the magnitude, distribution, and stability of multi-decade trends has not been systematically 140 

measured. 

The main goal of this study is to use the 22-year CAMS aerosol climatology to look into recent shifts in global and regional 

AOD while specifically evaluating the reliability of the reanalysis product. To do this, we start with a thorough evaluation of 

the latest ECMWF Atmospheric Composition Reanalysis (EAC4) against independent AERONET observations. This 

assessment is carried out (a) in terms of absolute statistical agreement using all available collocated measurements, (b) by 145 

comparing the added value of satellite AOD assimilation with a free-running control simulation (CTRL), and (c) by checking 

the consistency of long-term AOD trends between 178 AERONET stations and corresponding CAMS time series. Following 

this evaluation framework, we quantify global and regional AOD trends over the full 2003–2024 period, examine decadal 

shifts (2003–2013 and 2014–2024), and assess the temporal robustness of detected changes using sliding-window analyses. 

Furthermore, we apply aerosol-speciated trend diagnostics to quantify the relative contribution of dust, sulfate, organic matter, 150 

black carbon, and sea salt to the observed total AOD trends across 18 regions of interest representing distinct aerosol regimes. 

By explicitly linking product evaluation, assimilation impact assessment, and aerosol-type attribution of trends within a unified 

framework, this study provides new insight into both the drivers and the reliability of recent global and regional AOD 

evolution, extending previous ground-, satellite-, and model-based assessments. 

2 Data and methods 155 

2.1 CAMS reanalysis 

The Copernicus Atmosphere Monitoring Service (CAMS; https://atmosphere.copernicus.eu) is a key component of the 

European Union’s Copernicus Earth observation programme. Among its core products, CAMS delivers a global reanalysis of 

reactive trace gases and aerosols. The production of this reanalysis began in early 2017, with the historical period from 2003 

to 2019 completed in January 2020 (Langerock et al., 2024). Since then, the dataset has been continuously extended and 160 

currently spans up to August 2025. The latest and fourth generation European Centre for Medium-Range Weather Forecasts 

(ECMWF) Atmospheric Composition Reanalysis (EAC4) is based on the Integrated Forecast System (IFS), which incorporates 
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the Carbon Bond 2005 (CB05) chemical mechanism (Huijnen et al., 2010), originally developed within the TM5 chemical 

transport model. The integration of CB05 into the ECMWF IFS resulted in the IFS-CB05 system, enhancing computational 

efficiency and improving the representation of interactions between meteorology and atmospheric chemistry (Flemming et al., 165 

2015). The reanalysis is produced at a horizontal resolution of T255 (approximately 80 km), representing a substantial 

improvement over the earlier CAMS Interim Reanalysis (CIRA; Flemming et al., 2017), which was generated at T159 

resolution (approximately 110 km).  

The CAMS aerosol module includes 12 prognostic tracers that describe the mass mixing ratios of the main aerosol species. 

Sea salt (SS) and desert dust (DU) are each represented by three size bins (SS: 0.03–0.5, 0.5–5, and 5–20 μm; DU: 0.03–0.55, 170 

0.55–0.9, and 0.9–20 μm), in addition to hydrophobic and hydrophilic organic matter (OM) and black carbon (BC), sulfate 

aerosols (SO₄), and their gaseous precursor sulfur dioxide (SO₂) (Morcrette et al., 2009). Within the ECMWF IFS, emissions 

of natural aerosols (DU and SS) are simulated online as a function of meteorological conditions, accounting for processes such 

as dust saltation over arid regions (Marticorena and Bergametti, 1995; Ginoux et al., 2001) and sea spray generation over the 

oceans (Monahan et al., 1986). Biomass-burning emissions are provided daily by the Global Fire Assimilation System version 175 

1.2 (GFASv1.2; Kaiser et al., 2012), which is based on fire radiative power observations from the MODIS instruments aboard 

the Aqua and Terra satellites. Anthropogenic emissions are taken from the monthly MACCity inventory (Granier et al., 2011), 

with additional adjustments applied to enhance wintertime road traffic emissions over Europe and North America following 

Stein et al. (2014). Additionally, monthly mean biogenic emissions are derived from the hourly MEGAN-MERRA dataset 

(Sindelarova et al., 2014). Aerosol removal processes in the model include both dry and wet deposition. Dry deposition 180 

represents turbulent transfer to the surface and gravitational settling, while wet deposition encompasses in-cloud scavenging 

(rainout) and below-cloud scavenging (washout) associated with large-scale and convective precipitation. The model also 

accounts for hygroscopic growth, particularly the aging of carbonaceous aerosols from hydrophobic to hydrophilic states, as 

well as the chemical conversion of SO₂ to particulate sulfate (SO₄) using a simplified parameterization. A comprehensive 

description of aerosol emissions and removal processes is provided by Morcrette et al. (2009). 185 

In addition to the assimilation of satellite observations for individual chemical species, EAC4 constrains the total aerosol mass 

through the assimilation of total AOD at 550 nm retrieved from the Moderate Resolution Imaging Spectroradiometer (MODIS; 

Levy et al., 2015) aboard the Aqua and Terra satellites for the period from 2003 to the present. AOD retrievals from the 

Advanced Along-Track Scanning Radiometer (AATSR; Popp et al., 2016) aboard Envisat were also assimilated from 2003 

until March 2012. Following the loss of AATSR observations in April 2012, Inness et al. (2019) reported a small global 190 

increase in CAMS AOD, with more pronounced positive biases over Europe and North America. Further details on the data 

assimilation methodology are provided by Inness et al. (2015) for chemical trace gases and by Benedetti et al. (2009) for 

aerosols.  

In addition to EAC4, a control simulation (CTRL) is performed using the same IFS-CB05 configuration as the EAC4, but with 

data assimilation of satellite retrievals switched off. The CTRL simulation therefore provides a baseline against which the 195 

impact of data assimilation on aerosol and chemical fields can be explicitly evaluated through direct comparison with EAC4. 
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In this study, the analysis focuses on CAMS AOD. Consequently, when referring to the CTRL simulation, the emphasis is 

placed on assessing the impact of satellite-based AOD assimilation. Although EAC4 also assimilates additional observations 

for different chemical species, the assimilation of AOD is expected to be the primary driver of differences between EAC4 and 

CTRL with respect to the simulated aerosol fields. 200 

To better understand the relative contribution of each aerosol type to the total AOD on a regional scale, we computed the 

fractional values for each component. These fractions were estimated using the following formula: 

𝐹𝑅𝑡𝑦𝑝𝑒 =
𝑡𝑦𝑝𝑒𝑂𝐷

𝐴𝑂𝐷
, (1) 

where type refers to the aerosol-speciated AOD: dust (DUOD), sea salt (SSOD), black carbon (BCOD), organic matter 

(OMOD), and sulfate (SUOD).  

The global reanalysis data provided at a spatial resolution of 0.75° × 0.75° and a 3-hourly temporal resolution, were retrieved 205 

from the Copernicus Atmosphere Data Store (https://ads.atmosphere.copernicus.eu/, last access: 19 February 2026). Detailed 

guidance on data access and download procedures is available on the official website. 

2.2 AERONET  

The Aerosol Robotic Network (AERONET) is a global network comprising over 1,700 ground-based sun photometers that 

provide high-quality, multi-wavelength measurements of aerosol optical properties over the last 30 years (Holben et al., 1998; 210 

2001). In this study, we use the latest version (V3) of Level 2.0 AERONET data, which provides cloud-screened and quality-

assured direct-sun AOD retrievals with uncertainties of about ±0.01 in the visible and ±0.02 in the ultraviolet range (Giles et 

al., 2019; Sinyuk et al., 2020). The derived AOD measurements span a broad spectral range, typically from 340 to 1640 nm, 

covering both visible and near-infrared regions. These observations are provided both as daily averages and at the highest 

temporal resolution (i.e., all individual measurements at ~5 to 15 min), enabling a detailed characterization of aerosol columnar 215 

properties (Giles et al. 2019; Sinyuk et al., 2020). AERONET AOD retrievals serve a dual purpose in the present study, as 

they are used both to evaluate the EAC4 and CTRL AOD datasets and to assess their long-term trends. 

Following Zhang et al. (2025), to ensure a robust and consistent analysis of long-term trend analysis, a comprehensive set of 

selection criteria was applied to identify AERONET stations with extensive and continuous data records during the 2003-2024 

study period. Initially, for the low-AOD stations we excluded abnormally high AOD records (e.g., greater than 2.0) to avoid 220 

bias from extreme events. Monthly mean AOD values were calculated only when there were at least five valid daily 

observations distributed over three or more different days within the month, ensuring that monthly statistics accurately 

represent aerosol conditions. For yearly data sufficiency, stations were required to have at least ten years with a minimum of 

eight valid months per year to improve the reliability of long-term trend assessments; this threshold was relaxed to four valid 

months per year for polar stations located above 65° latitude to account for extended periods of solar darkness. To guarantee 225 

seasonal representativeness and capture intraseasonal variability, only stations with at least ten years of valid data for each 

climatological season (DJF, MAM, JJA, SON) were included. Additionally, following Inness et al. (2019), the Mauna Loa and 
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Mexico City stations were excluded due to biases introduced by volcanic sulfate emissions that pose challenges for global 

aerosol model representation. These biases may be attributed to the model’s tendency to inject volcanic SO2 at lower altitudes 

than observed, where SO₂ is more efficiently converted to sulfate through the sulfur oxidation pathways represented in CAMS 230 

IFS(CB05) chemical scheme (Huijnen et al., 2010; Innes et al., 2019). 

The aforementioned selection criteria resulted in a total number of 178 AERONET stations, distributed across diverse regions 

of the world characterized by different aerosol conditions, providing a high-quality observational dataset suitable for robust 

global and regional aerosol trend assessments. The spatial distribution of the selected stations is shown in Fig. 1, where non-

polar sites (black-outlined) and polar sites (cyan-outlined) are indicated separately. The background shading represents the 235 

annual mean AOD of the individual EAC4 aerosol components (i.e., dust, sea salt, organic matter, black carbon, and sulfate), 

thereby illustrating the dominant aerosol type in each region. Each station is additionally colored according to the number of 

available monthly observations used to estimate AOD trends, with the methodology for trend estimation described in Section 

2.3.2. 

Since CAMS does not assimilate ground-based AOD measurements from the AERONET network, AERONET provides a 240 

fully independent reference dataset for the evaluation of CAMS outputs (see Section 2.1). To enable consistent AOD 

comparisons between CAMS and AERONET stations, since AERONET does not provide observations at 550 nm, it was 

necessary to interpolate the AERONET AOD values using the Ångström power-law formula (Ångström, 1929): 

𝐴𝑂𝐷𝜆 = 𝐴𝑂𝐷𝜆0 ∙ (
𝜆0
𝜆
)
𝑎̇

, (2) 

where 𝜆 refers to 550 nm, and 𝜆0 = 440 nm, and 𝑎̇ is the Ångström exponent calculated using AOD measurements within the 

440-675 nm interval (Eck et al., 1999; Giles et al., 2019) 245 
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Figure 1: Locations of the AERONET stations fulfilling the criteria for extensive and continuous data records during the 2003-2024 

period. Each station is coloured based on its available number of monthly records. The stations located northern of 65° N are outlined 

in cyan (polar stations), while all others are outlined in black (non-polar stations). For the same 22-year period, the background 

shows the annual mean aerosol optical depth (AOD) at 550 nm for each aerosol subtype based on EAC4, illustrating the spatial 250 
distribution of dust (orange), organic matter and black carbon (green), sea salt (blue), and sulfate (white). Map source: NASA Earth 

Observatory. 

2.3 Statistical analysis  

2.3.1 Evaluation method 

The 3-hourly CAMS AOD fields (i.e., EAC4 and CTRL) were evaluated against the 178 AERONET stations presented in Fig. 255 

1. For each station, the CAMS AOD from the nearest model grid cell was used for the spatial collocation. A sensitivity analysis 

was also performed using distance-weighted averages of the surrounding CAMS grid cells, but this approach did not lead to 

any noticeable differences in the results; therefore, for simplicity, only the nearest-grid-cell method is applied in this study. To 

ensure temporal consistency, instantaneous AERONET AOD observations within ±1 hour of each CAMS output time were 

averaged to obtain mean AOD values, which were then compared with the corresponding 3-hourly CAMS AOD fields. 260 

The performance and uncertainties of the CAMS AOD are assessed using several statistical metrics, including the Pearson 

correlation coefficient (𝑅; Eq. 3), mean absolute error (𝑀𝐴𝐸; Eq. 4), root-mean-square error (𝑅𝑀𝑆𝐸; Eq. 5), relative mean 

bias (𝑅𝑀𝐵; Eq. 6), percent mean fractional error (%𝑀𝐹𝐸; Eq. 7), percent fractional gross error (%𝐹𝐺𝐸; Eq. 8), and the index 

of agreement (𝐼𝑂𝐴; Eq. 9), following the validation approach of Yumimoto et al. (2017) and Che et al. (2019). 

The mathematical formulations of the evaluation metrics are provided below: 265 
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𝑅 = −
∑ (𝑂𝑖 − 𝑂̅)(𝑀𝑖 − 𝑀̅)
𝑁
𝑖=1

√∑ (𝑂𝑖 − 𝑂̅)
2𝑁

𝑖=1 ∑ (𝑀𝑖 − 𝑀̅)
2𝑁

𝑖=1

 , (3) 

 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑀𝑖 − 𝑂𝑖|

𝑁

𝑖=1

 , 
(4) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑀𝑖 − 𝑂𝑖)

2

𝑁

𝑖=1

 , (5) 

𝑅𝑀𝐵 =  
𝑀̅

𝑂̅
 , (6) 

%𝑀𝐹𝐸 =  
2

𝑁
∑

|𝑀𝑖 − 𝑂𝑖|

𝑀𝑖 + 𝑂𝑖

𝑁

𝑖=1

 ∙ 100 , (7) 

%𝐹𝐺𝐸 =  
2

𝑁
∑

𝑀𝑖 − 𝑂𝑖
𝑀𝑖 + 𝑂𝑖

𝑁

𝑖=1

 ∙ 100 , (8) 

𝐼𝑂𝐴 =  1 −
∑ (𝑂𝑖 −𝑀𝑖)

2𝑁
𝑖=1

∑ (|𝑂𝑖 − 𝑂̅| + |𝑀𝑖 − 𝑀̅|)
2𝑁

𝑖=1

 , (9) 

where 𝑁 represents the total number of matched AOD pairs between the model (𝑀, i.e., EAC4 or CTRL) and the ground-

based observations (𝑂, i.e, AERONET). The 𝑅 evaluates the strength and direction of the linear relationship between the model 

and observations, with values closer to 1 indicating stronger agreement. It ranges from -1 (perfect anticorrelation) to 1 (perfect 

correlation), with 0 indicating no linear correlation. The 𝑀𝐴𝐸 provides a complementary measure of the average absolute 

difference between modelled and observed AOD, treating all deviations equally and therefore offering a more robust indication 270 

of general error magnitude, especially in the presence of outliers. The 𝑅𝑀𝑆𝐸 quantifies the average magnitude of the error, 

giving more weight to larger discrepancies; lower values suggest better model performance. The 𝑅𝑀𝐵 expresses the mean 

ratio between model and observed AOD and helps identify overall overestimation (𝑅𝑀𝐵 > 1) or underestimation (𝑅𝑀𝐵 < 1) 

tendencies. The %𝑀𝐹𝐸 quantifies overall modelling error without giving undue weight to outliers, with values ranging from 

0% (perfect agreement) to 200%; values below 50% are generally considered acceptable for aerosol models. The %𝐹𝐺𝐸 275 

assesses the symmetric bias between model and observations, distinguishing both underestimation and overestimation; like 

%𝑀𝐹𝐸, it ranges from 0% to 200%, with lower values indicating better performance. The 𝐼𝑂𝐴, introduced by Willmott (1981), 

measures the degree of model accuracy and ranges from 0 (no agreement) to 1 (perfect agreement), with values above 0.6 

typically reflecting reasonable model skill. Using this combination of metrics allows for a balanced and nuanced evaluation, 

as each metric highlights different types of errors—whether absolute, relative, or directional—in the comparison between 280 

EAC4/CTRL and AERONET AOD. 
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2.3.2 Trend analysis 

In this study, the AOD trend analysis is performed using the non-parametric Mann–Kendall (M-K) test (Mann, 1945; Kendall, 

1975) combined with Sen’s slope estimator (Sen, 1968). The Mann–Kendall test and Sen’s slope estimator were implemented 

using the Python package pyMannKendall (Hussain et al., 2019; https://github.com/mmhs013/pyMannKendall). The M-K test 285 

is commonly used to evaluate the statistical significance of monotonic trends in environmental time series, as it does not require 

the data to follow a specific distribution. Sen’s slope (k) provides a robust estimate of the magnitude and direction of the trend 

by calculating the median of all pairwise slopes between data points, while the M–K test evaluates the statistical significance 

and direction of the trend (Gui et al., 2021). The Sen’s slope is expressed as follows (Sen, 1968): 

𝑘 = 𝑚𝑒𝑑𝑖𝑎𝑛 (
𝑋𝑗 − 𝑋𝑖

𝑡𝑗 − 𝑡𝑖
) , ∀ 𝑗 > 𝑖  

(10) 

 

where 𝑋𝑖  and 𝑋𝑗 are the values of the variables (in our case, the monthly AOD anomalies, obtained by deseasonalizing the 290 

monthly data through subtraction of the long-term monthly means) at times 𝑡𝑖  and 𝑡𝑗, respectively. 

The M-K trend test, is calculated as follows: 

𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑋𝑗 − 𝑋𝑖)

𝑁

𝑗=𝑖+1

𝑁−1

𝑖=1

, 
(11) 

 

where 𝑁 represents the total number of 𝑋 values used for the estimation of the trend. From Eq. (11) it is obvious that the M-K 

trend test analyses the difference in sign between earlier and later data points in the time series. The 𝑠𝑔𝑛( ) is the sign function 

defined as: 295 

𝑠𝑔𝑛(𝑋𝑗 − 𝑋𝑖) =  {

+ 1, 𝑋𝑗 − 𝑋𝑖 > 0 

0,            𝑋𝑗 − 𝑋𝑖 = 0

− 1, 𝑋𝑗 − 𝑋𝑖 < 0
 

(12) 

 

The statistic 𝑆 is approximately normally distributed with a mean of zero under the null hypothesis of no trend (Li, 2020). Its 

variance, which accounts for tied groups within the data, can be computed using the following formula: 

𝑉𝑎𝑟(𝑆) =
𝑁(𝑁 − 1)(2𝑁 + 5) − ∑ 𝑡𝑗(𝑡𝑗 − 1)(𝑡𝑗 + 5)

𝑃
𝑗=1

18
, 

(13) 

 

where 𝑃 is the number of tied groups (repeated values in the time series). 

Finally, the trend test is performed through the test statistic 𝑍𝑀𝐾, which is estimated through the formula: 

𝑍𝑀𝐾 = 

{
 
 

 
 

𝑆 − 1

√𝑉𝑎𝑟(𝑆)
, 𝑆 > 0 

0,                       𝑆 = 0
𝑆 + 1

√𝑉𝑎𝑟(𝑆)
, 𝑆 < 0

 
(14) 

 

The statistical significance of the trend is determined by comparing the absolute value of 𝑍𝑀𝐾  to a critical value from the 300 

standard normal distribution. If |𝑍𝑀𝐾| > 𝑍𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 , the null hypothesis of no trend is rejected, indicating that the observed trend 
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is statistically significant. Conversely, if |𝑍𝑀𝐾| ≤ 𝑍𝑐𝑟𝑖𝑡𝑖𝑐𝑎𝑙 , the null hypothesis cannot be rejected, and the trend is considered 

not statistically significant. For the present study, the 95% significance level was considered with the critical value of ± 1.96. 

It should be noted that the M–K test assumes serial independence of the data, although some degree of autocorrelation is 

common in climatic time series. When autocorrelation is present in a time series, it can significantly affect the power and 305 

reliability of the MK test, particularly increasing the likelihood of detecting a false trend in the presence of positive 

autocorrelation (Kulkarni and von Storch, 1992; von Storch, 1995; Yue et al., 2002; Li et al., 2014; Collaud Coen et al., 2020). 

To address this, pre-whitening techniques are commonly applied to remove the influence of serial correlation before 

conducting trend analysis. In this study, we use the classical pre-whitening method proposed by von Storch (1995) and 

evaluated in depth by Yue and Wang (2002). Their simulation-based analysis revealed that while pre-whitening can effectively 310 

remove lag 1 autocorrelation, particularly in short to medium-length datasets where autocorrelation can significantly bias trend 

detection. 

In the current study, the trend analysis is applied at multiple geospatial and temporal scales. Specifically, we estimate the trends 

of the AOD globally, as well as over selected ROIs dominated by different aerosol species. To capture temporal variability 

and assess the evolution of trends over time, the analysis was performed not only for the complete 2003–2024 study period 315 

but also for shorter sub-periods. Additionally, we assessed the EAC4/CTRL AOD trends against the AERONET observations 

to enable a direct comparison between model- and ground-based aerosol load trends over the 2003–2024 period.  

2.4 Regions of Interest (ROIs) 

Despite the global perspective, we further defined 18 regions of interest (ROIs) to assess long-term regional trends while 

accounting for variability in anthropogenic and natural aerosol loading. The ROIs were selected based on the dominant 320 

fractional contribution of CAMS speciated AOD components (dust, sea salt, black carbon, organic matter, and sulfate) to total 

AOD, as shown in Fig. 2, following the Eq. (1), and consistent with regional definitions adopted in previous studies (e.g., Chen 

et al. 2019; Gui et al. 2021). Regions were assigned to the aerosol type exhibiting the largest systematic contribution to total 

AOD, ensuring that each ROI represents a well-established aerosol-dominant regime. The 18 ROIs comprise three mineral 

dust–dominated regions: North Africa (NAC), the Middle East (ME), and northwestern China (NWC); five biomass-burning–325 

dominated regions: Amazon (AMZ), Central Africa (CA), Southeast Asia (SEA), Canadian fires zone (CFZ), and Siberian 

fires zone (SFZ); five anthropogenic-pollution–dominated regions: eastern China (EC), South Asia (SA), eastern United States 

(EUS), western United States (WUS), and Central Europe (CEU); two sea-salt–dominated oceanic regions: South Pacific 

Ocean (SPO) and South Atlantic–Indian Ocean (SAIO); and three mixed regimes influenced by seasonal dust transport: 

Atlantic dust transport zone (ADTZ), western Mediterranean (WME), and eastern Mediterranean (EME). The geographical 330 

boundaries of all ROIs are provided in Table 1. 

ROIs Geographical boundaries Dominant Aerosol Regime 

North Africa (NAC) 9.5–31ºN, 13.5 W–25ºE Mineral dust 

Middle East (ME) 12.5–38ºN, 36–65ºE Mineral dust 
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Northwestern China (NWC) 35-44ºN, 73.5–98.5ºE Mineral dust 

Amazon (AMZ) 0–15.5ºS, 49.5–75.5ºW Biomass burning 

Central Africa (CA) 4ºN 14ºS, 14.5–36ºE Biomass burning 

Southeast Asia (SEA) 9ºS 10ºN, 96–127ºE Biomass burning 

Canadian fires zone (CFZ) 68-125ºN, 50-65ºW Biomass burning 

Siberian fires zone (SFZ) 60–70ºN, 90–135ºE Biomass burning 

Eastern China (EC) 22–44ºN, 104–121ºE Urban/Pollution 

South Asia (SA) 10–30ºN, 72–90ºE Urban/Pollution 

Eastern United states (EUS) 25–45ºN, 72–99ºW Urban/Pollution 

Western United states (WUS) 35–48ºN, 100–125ºW Urban/Pollution 

Central Europe (CEU) 44–58ºN, 0–33ºE Urban/Pollution 

South Pacific Ocean (SPO) 47–65ºS, 80–150ºW Sea salt 

South Atlantic-Indian Ocean (SAIO) 45–60ºS, 10ºW 140ºE Sea salt 

Atlantic Dust Transport zone (ADTZ) 10–30ºN, 18–62ºW Mixed/ Seasonal Dust Outbreaks 

Western Mediterranean (WME) 34–43ºN, 11.5ºW–13ºE Mixed/ Seasonal Dust Outbreaks 

Eastern Mediterranean (EME) 32–43ºN, 14–35ºE Mixed/ Seasonal Dust Outbreaks 

Table 1: Geographical boundaries of the 18 regions of interest (ROIs) considered in this study and their associated dominant aerosol 

regimes, based on EAC4 climatology for the period 2003–2024.  

The 18 ROIs are presented in Fig. 2, along with the computed climatological mean EAC4 AOD (2003–2024) and the fractional 

contribution of each aerosol subtype (i.e., dust, sea salt, organic matter, black carbon, and sulfate – Following Eq. (1). Figure 335 

2 highlights both the spatial variability in aerosol loading and the dominant aerosol types across different climatic and 

geographic regions.  
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Figure 2: The geographical locations of the 18 regions of interest (ROIs): North Africa (NAC), the Middle East (ME), northwestern 

China (NWC), Amazon (AMZ), Central Africa (CA), Southeast Asia (SEA), Canadian fires zone (CFZ), Siberian fires zone (SFZ), 340 
eastern United States (EUS), western United States (WUS), central Europe (CEU), South Pacific Ocean (SPO), South Atlantic–

Indian Ocean (SAIO), Atlantic Dust Transport Zone (ADTZ), western Mediterranean (WME), eastern Mediterranean (EME), 

South Asia (SA), and eastern China (EC). Next to each region, a pie chart illustrates the fractional contribution of five major aerosol 

subtypes based on EAC4 (2003–2024): dust (DU, yellow), black carbon (BC, black), organic matter (OM, brown), sea salt (SS, blue), 

and sulfate (SU, coral). The size of each pie chart is proportional to the regional climatological mean aerosol optical depth (AOD) 345 
over the 2003–2024 period based on EAC4. The legend at the right of the figure indicates the scaling of pie chart size with respect to 

the different AOD magnitudes, while the corresponding climatological AOD values for each region are also displayed near each pie 

chart. 

3 Results 

3.1 Aerosol Optical Depth evaluation 350 

3.1.1 Global scale  

First, we assessed the global performance of EAC4 and CTRL AOD against observations from the 178 AERONET stations. 

As illustrated in Fig. 3, both CAMS configurations show generally good agreement with ground-based AERONET 

measurements. However, EAC4 (Fig. 3b) demonstrates superior performance, characterized by smaller deviations from the 

observations (R = 0.84, RMSE = 0.12, MAE = 0.07, MFE = 46.1%, FGE = 0.7%, RMB = 1.0, and IOA = 0.9, based on 355 

1,657,564 collocated data pairs). In contrast, the CTRL simulation (Fig. 3a), which does not assimilate satellite observations, 

captures the observed AOD variability but with reduced skill (R = 0.75, RMSE = 0.16, MAE = 0.08, MFE = 53.8%, FGE = 

20.8%, RMB = 0.87, and IOA = 0.85). These results clearly demonstrate that the assimilation of satellite-based observations 

in EAC4 substantially improves the agreement between modelled and ground-based AOD observations. 

 360 

Figure 3: Evaluation of (a) CTRL, and (b) EAC4 AOD against the 178 ground-based AERONET stations on a global scale. The 

scatter points are coloured according to the number of collocated samples in each bin (N = total number of collocated data points). 

The statistical metrics for the AOD comparison of each panel include the correlation coefficient (R), the mean absolute error (MAE), 
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the root-mean-square error (RMSE), the relative mean bias (RMB), the mean fractional error expressed as a percentage (%MFE), 

and the fractional gross error expressed as a percentage (%FGE), and (f) index of agreement (IOA). The black dashed line represents 365 
the 1:1 line, while the red line shows the linear regression fit.  

As an alternative and more detailed comparison of the two CAMS configurations, we analysed the AOD differences (ΔAOD), 

defined as EAC4 − AERONET and CTRL − AERONET, as a function of AERONET AOD. The station selection procedure 

is described in Section 2.2, and the geographic distribution of the sites is shown in Fig. 1. Figure 4b presents box–whisker 

plots of ΔAOD (y-axis)—with EAC4 − AERONET shown in orange and CTRL − AERONET in blue—plotted against the 370 

corresponding AERONET AOD values (x-axis). The AERONET AOD is binned into ten equal-width intervals (0.0–0.1, 0.1–

0.2, etc.), with the final bin including all cases where AERONET AOD exceeds 0.9. The number of collocated observations 

within each AOD bin is indicated above the respective classes. 

Figure 4a reveals several important features regarding the performance of the EAC4 vs CTRL AOD products against 

AERONET across the different AOD classes. At low AERONET AOD values (0.0–0.2), both products show very small ΔAOD 375 

values centred near zero, indicating good overall agreement with AERONET. These low-AOD regimes also contain most of 

the global collocated samples, as reflected in the high sample counts in the first bins (~72.5 % of the total sample). As the 

AERONET AOD increases, systematic differences emerge: both CAMS products increasingly underestimate AOD, but the 

negative bias is clearly more pronounced in the CTRL. The ΔAOD values for the CTRL decrease more steeply with increasing 

AERONET AOD, demonstrating that the underestimation intensifies under moderate and high aerosol loadings. In contrast, 380 

EAC4 exhibits a systematically smaller negative bias across all bins, showing that the assimilation of satellite AOD 

substantially mitigates this tendency. The spread of the box–whisker distributions also grow with increasing AOD, reflecting 

greater variability and uncertainty under high-aerosol conditions; however, the EAC4 distributions remain consistently 

narrower than those of the CTRL, further illustrating the stabilizing effect of the assimilation. At very high AOD (>0.7), where 

sample sizes become much smaller, the underestimation becomes substantial for both CAMS products, although EAC4 still 385 

performs noticeably better than the CTRL. Overall, while both CAMS products reproduce low-AOD conditions well, EAC4 

provides a significantly improved representation of AOD at moderate and high aerosol loadings, correcting a large part of the 

systematic underestimation present in the CTRL. 

Additionally, Fig. 4b presents the histograms of ΔAOD, together with the corresponding linear-regression statistics for the 

AOD evaluation (EAC4 vs. AERONET and CTRL vs. AERONET). The metrics are shown separately for EAC4 (orange fonts) 390 

and CTRL (blue fonts). The definitions of these metrics are provided in detail in Section 2.3.1. The evaluation metrics clearly 

demonstrate that EAC4 achieves substantially improved agreement with AERONET relative to the CTRL. In addition to its 

higher correlation and lower MAE and RMSE, EAC4 exhibits an RMB of 1.00 and an IOA of 0.91, reflecting an almost perfect 

correction of mean bias and a markedly improved consistency in temporal variability. The ΔAOD distribution for EAC4 is 

also more symmetric and sharply centred near zero, with noticeably narrower spread and greatly reduced extreme negative and 395 

positive deviations, indicating a substantial reduction in overall error magnitude. The most pronounced improvement appears 

in the fractional gross error (%FGE), which increases from −20.7% (CTRL) to 0.78% (EAC4). This substantial reduction 
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demonstrates that the systematic underestimation characterizing the CTRL is largely eliminated through the satellite 

assimilation in EAC4. 

The pie charts shown on the right-hand side of Fig. 4b depict the relative contributions of the CAMS aerosol components (DU, 400 

BC, OM, SS, and SU) to the total AOD for EAC4 and CTRL, as estimated using Eq. (1) averaged over the 178 AERONET 

stations included in this study. A pronounced reduction in the dust fraction is evident in EAC4 (∼19%) compared with CTRL 

(∼29%), corresponding to an approximately 50% larger relative dust contribution in the CTRL simulation and indicating a 

tendency for CTRL to overestimate the contribution of mineral dust to the total AOD. In contrast, EAC4 shows a substantially 

higher contribution from organic matter (44% compared with 38% in CTRL), together with enhanced contributions from black 405 

carbon (∼23%), sea salt (∼19%), and, to a lesser extent, sulfate (∼5%) relative to CTRL. These changes in aerosol-speciated 

fractions reflect a redistribution of the total AOD budget toward fine-mode and marine aerosols driven by the assimilation of 

satellite-based AOD observations. Consistent with this redistribution, EAC4 reproduces the AERONET mean AOD with 

remarkable accuracy (0.185 versus 0.184), whereas CTRL clearly underestimates the mean AOD. The standard deviation of 

AOD in EAC4 is also slightly lower than that of AERONET, suggesting a moderate smoothing effect associated with AOD 410 

assimilation, while CTRL underestimates both the mean and the variability of AOD. 

 

Figure 4: (a) Box–whisker plots of the AOD differences (ΔAOD) (y-axis) (displaying the 75/25 percentiles at the boxes, and the 

median in the centre line, while the whiskers are displaying the ±1.5 IQR from the 25/75 percentiles, respectively) between CTRL – 

AERONET (blue) and EAC4 – AERONET (orange) as a function of the AERONET AOD (x-axis). The AERONET AOD values are 415 
grouped into equal-width classes (0.0–0.1, 0.1–0.2, …), with the number of ΔAOD pairs shown above each bin. The background 

shading highlights the individual AOD classes. (b) Histograms of ΔAOD for CTRL (blue) and EAC4 (orange). The total number of 

collocated pairs (N) and the evaluation metrics (R, MAE, RMSE, RMB, %MFE, %FGE, IOA) are reported separately for each 

product. Pie charts indicate the relative contributions of the CAMS aerosol subtypes (DU, BC, OM, SS, SU) to the total AOD for 
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CTRL and EAC4. The mean AERONET AOD, together with the mean ± standard deviation of CTRL and EAC4, are also shown. 420 
Background colours in both panels denote over- and underestimation. 

3.1.2 Station-level evaluation  

To further assess model performance at the station level, site-specific evaluation metrics were computed for all AERONET 

stations and grouped into three categories: measures of agreement (R and IOA), absolute error metrics (MAE and RMSE), and 

relative and bias-related metrics (RMB, %MFE, and %FGE). The full spatial distributions of these metrics for EAC4 and 425 

CTRL are shown in Figs. S1–S3 of the Supplement. 

Overall, EAC4 exhibits consistently strong performance across the AERONET network. The majority of stations show high 

correlation and agreement with AERONET observations, low absolute errors, and relatively small biases. Most sites are 

characterized by RMSE values below 0.20 and MAE values below 0.10, while mean biases remain close to unity at a large 

fraction of stations. Relative error metrics further indicate that large fractional errors are uncommon, confirming that EAC4 430 

captures both the magnitude and variability of AOD across a wide range of aerosol regimes. Despite some localized 

discrepancies, these results demonstrate robust station-level performance of EAC4 on a global scale. 

In contrast, the CTRL configuration, shows systematically weaker performance at many stations. Compared with EAC4, CTRL 

exhibits lower correlations, larger absolute and relative errors, and stronger systematic biases, with a pronounced tendency to 

underestimate AOD. The degradation in performance is evident across all metric categories, indicating that the absence of 435 

satellite assimilation substantially limits the model’s ability to reproduce observed AOD variability at the site level. Taken 

together, the station-level evaluation confirms that the assimilation of satellite observations in EAC4 leads to a marked 

improvement in the representation of AOD relative to CTRL.  

3.1.3 Regional scale evaluation  

To assess the reliability of AOD over the selected regions of interest (ROIs; Fig. 5), which are characterized by different 440 

dominant aerosol types, the regional performance of both CAMS configurations (EAC4 and CTRL) was evaluated against 

AERONET observations. A summary of the regional statistics, including the number of AERONET sites, total sample size, 

mean AERONET AOD, and evaluation metrics for CTRL and EAC4 (R, MAE, RMSE, RMB, %MFE, %FGE, and IOA), is 

provided in Table S1 of the Supplement. ROIs denoted by “–” correspond to regions excluded from the analysis due to the 

absence of AERONET stations (SFZ, SPO, and SAIO). In addition, regional scatterplots for both CAMS configurations are 445 

also provided (Figs. S4–S5).  

Overall, CAMS reproduces the spatial and temporal variability of AOD reasonably well across most ROIs; however, 

systematic differences emerge between the two configurations. In nearly all regions, EAC4 exhibits higher correlation and 

agreement with AERONET observations, together with lower absolute and relative errors, confirming that assimilation 

consistently improves regional model performance. 450 
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In dust-dominated regions such as North Africa (NAC), CTRL substantially underestimates AOD (RMB = 0.91), while EAC4 

shows an even stronger underestimation (RMB = 0.84), but with markedly improved temporal agreement (R = 0.79 vs 0.58; 

IOA = 0.83 vs 0.69) and reduced errors (MAE = 0.13 vs 0.17; RMSE = 0.22 vs 0.28). This indicates that assimilation improves 

the representation of day-to-day variability despite the persistent underestimation of coarse-mode dust. Such underestimation 

is consistent with previous studies showing that global models tend to under-represent coarse dust particles (≥ 5–10 µm) and 455 

are affected by uncertainties in removal processes and wind biases, particularly away from source regions (Adebiyi and Kok, 

2020; Ansmann et al., 2017; Evan, 2018). Over the Middle East, EAC4 improves all evaluation metrics (R = 0.83 vs 0.65; 

RMB = 0.96 vs 1.13; IOA = 0.89 vs 0.76), indicating enhanced temporal agreement and reduced bias. In regions influenced 

by long-range transported Saharan dust (e.g., ADTZ), EAC4 shows excellent agreement with AERONET (R = 0.91, RMB = 

1.09, IOA = 0.95), clearly outperforming CTRL. 460 

In biomass-burning regions, both configurations capture AOD variability reasonably well, but CTRL generally exhibits 

stronger biases and larger errors. Over the Amazon (AMZ), EAC4 performs exceptionally well (R = 0.93, IOA = 0.96), while 

over the Canadian Fire Zone (CFZ), CTRL strongly underestimates AOD (RMB = 0.56). EAC4 substantially reduces errors 

and improves agreement (IOA increases from 0.71 to 0.85), although a tendency toward overestimation (RMB = 1.27) remains, 

consistent with known uncertainties in GFAS emissions related to fire persistence assumptions during periods of missing fire 465 

radiative power (FRP) observations (Kaufman et al., 2003; Di Giuseppe et al., 2017). Over Southeast Asia, assimilation 

improves correlation and error statistics, although challenges persist due to possible cloud contamination and complex terrain 

limiting satellite availability (Zhang et al., 2022). 

For pollution-dominated regions, EAC4 again consistently outperforms CTRL. Over Eastern China, assimilation improves 

both correlation (R = 0.85 vs 0.74) and RMSE (0.26 vs 0.33), while reducing the mean bias toward unity (RMB = 0.99 vs 470 

1.10). Similar improvements are observed over Southern Africa, the Eastern and Western United States, and Central Europe. 

Over the Mediterranean basins (WME and EME), EAC4 improves all metrics, although episodic dust transport continues to 

affect short-term agreement. Residual discrepancies may partly reflect uncertainties in the MACCity anthropogenic emissions 

inventory, which does not account for recent emission reductions and therefore cannot be fully corrected through AOD 

assimilation alone (Granier et al., 2011). 475 

As a more detailed diagnostic, we analyse the behaviour of the AOD differences (ΔAOD = CAMS − AERONET) as a function 

of AERONET AOD, resolved into ten AERONET AOD bins and examined separately for each ROI and for both EAC4 and 

CTRL (Figs. 5–6). In addition, regional ΔAOD histograms summarize the overall bias characteristics (see also Table S1). The 

corresponding ΔAOD histograms for each of the ten AERONET AOD bins are provided in the Supplement (Figs. S6–S15), 

allowing a direct assessment of how uneven sampling across AERONET AOD bins influences the aggregated regional 480 

statistics, as illustrated below for North Africa. 

Across nearly all ROIs, the ΔAOD histograms reveal that CTRL is characterized by broader distributions and stronger 

systematic biases, whereas EAC4 produces narrower and more symmetric distributions centred closer to zero. This indicates 

that the assimilation of satellite AOD reduces both the mean bias and the variability of model–observation differences. The 
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ΔAOD–AERONET relationships further show a consistent tendency in CTRL toward increasing AOD underestimation with 485 

rising AERONET AOD, particularly for values exceeding ~0.3–0.4. In contrast, EAC4 exhibits a much weaker dependence 

of ΔAOD on aerosol loading, demonstrating that assimilation stabilizes model performance across a wide range of AOD 

conditions. Only at the highest AOD values—where sample sizes decrease—do both configurations exhibit stronger negative 

excursions, although the underestimation remains systematically smaller in EAC4. 

In major dust-dominated regions, the regional ΔAOD distributions indicate predominantly negative CTRL biases that intensify 490 

with increasing AOD, reflecting an under-representation of dust loading. EAC4 substantially reduces this negative bias and 

narrows the ΔAOD spread, although a residual underestimation persists, particularly over North Africa (NAC), consistent with 

known limitations in representing coarse-mode dust. In regions dominated by transported finer Saharan dust, the ΔAOD 

distributions in EAC4 become more symmetric, suggesting improved constraints on dust outflow and long-range transport. An 

apparent inconsistency arises for NAC when comparing the binned ΔAOD analysis with the bulk statistics in Table S1, where 495 

EAC4 appears to underestimate AOD more strongly than CTRL. This discrepancy is largely explained by uneven sampling 

across AERONET AOD bins. For AERONET AOD between 0.1 and 0.4—accounting for roughly 50% of the collocations—

a substantial fraction of CTRL boxplots lies above zero, indicating weak overestimation or reduced negative bias. These 

frequent low-to-moderate AOD cases disproportionately influence the aggregated metrics, partly compensating for the strong 

underestimation at high AOD (≥ 0.7), which represents only ~14% of the samples. Consequently, bulk statistics can give the 500 

misleading impression that CTRL performs better overall, whereas the binned analysis clearly shows that EAC4 reduces the 

negative bias during the strongest dust events (Figs. S6a–S15a). A different behavior is observed over the Middle East (ME), 

where CTRL exhibits persistent overestimation across a broad AOD range (approximately 0.0–0.5), which is not offset by 

high-AOD underestimation. As a result, no similar contradiction between bulk and binned statistics arises for this region. 

In biomass-burning regions, CTRL again displays wider ΔAOD distributions and larger departures from zero, particularly 505 

during intense smoke episodes. EAC4 reduces both the central bias and the spread of ΔAOD, most notably over the Amazon 

(AMZ) and Southeast Asia (SEA), where smoke loadings exhibit strong seasonal variability. Over the Canadian Fire Zone 

(CFZ), CTRL shows positive ΔAOD tails consistent with overestimated smoke emissions, while EAC4 shifts the ΔAOD 

distribution closer to zero and suppresses large outliers, indicating that assimilation corrects much of the excess aerosol loading, 

albeit with a slight tendency toward overestimation. 510 

In regions dominated by anthropogenic emissions, CTRL exhibits pronounced AOD-dependent biases with contrasting 

regional behaviour. Over Eastern China (EC) and Southern Asia (SA), CTRL tends to overestimate AOD at low to moderate 

AERONET AOD, whereas over Central Europe (CEU), the Eastern United States (EUS), and the Western United States 

(WUS), the bias is predominantly negative across most of the AOD range. In all pollution-dominated regions, CTRL shows 

an increasingly negative ΔAOD at higher AOD, reflected in a negative ΔAOD–AERONET slope. EAC4 consistently mitigates 515 

these biases by reducing both low-AOD overestimation and high-AOD underestimation, yielding ΔAOD distributions that are 

more symmetric and centred closer to zero. This behaviour suggests that, in the absence of assimilation constraints, the control 

simulation is more sensitive to prescribed anthropogenic emissions and less responsive to regional mitigation effects. Although 

https://doi.org/10.5194/egusphere-2026-1107
Preprint. Discussion started: 6 March 2026
c© Author(s) 2026. CC BY 4.0 License.



20 

 

some spread and weak residual biases remain—particularly in regions characterized by complex aerosol mixtures such as the 

Mediterranean basin—the ΔAOD distributions clearly demonstrate that assimilation improves both the representativeness of 520 

the mean AOD and the stability of day-to-day variability. 

Finally, the regional pie charts in Fig. 6 illustrate how satellite AOD assimilation modifies the relative contributions of 

individual aerosol components (DU, BC, OM, SS, and SU) to the total AOD, estimated following Eq. (1). Across nearly all 

ROIs, the fractional contribution of dust is systematically lower in EAC4 than in CTRL, while the contribution of OM generally 

increases. This effect is most pronounced in dust-dominated regions. Over North Africa, for example, dust contributes 80.1% 525 

of the total AOD in CTRL but only 67.3% in EAC4, while the organic matter contribution increases from 17.8% to 21.1%. 

Similar shifts are observed over the Middle East, the Mediterranean basins, and the ATDZ, where the strongly dust-dominated 

aerosol mixture in CTRL becomes more balanced in EAC4, with increased contributions from SU, SS, and OM. In biomass-

burning regions, OM remain dominant in both configurations, with only minor differences between simulations, while in 

pollution-dominated regions such as EC, CEU, and the EUS, assimilation similarly reduces the DU fraction and leads to a 530 

more even partitioning among OM, SU, and UU. Overall, these results show that satellite AOD assimilation substantially 

redistributes the simulated aerosol burden in addition to improving agreement with AERONET in terms of total AOD. 

However, since the assimilation system optimizes the fit to total AOD by adjusting the total aerosol mixing ratio while keeping 

the relative fractional contributions of individual species fixed within the assimilation window, the aerosol speciation itself is 

not independently constrained by observations. Therefore, the differences in composition between EAC4 and CTRL should 535 

be interpreted with caution, as they may reflect structural aspects of the assimilation approach rather than a true improvement 

in aerosol speciation. 
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Figure 5: Regional box–whisker plots of the AOD differences (ΔAOD) (y-axis) (displaying the 75/25 percentiles at the boxes, and the 

median in the centre line, while the whiskers are displaying the ±1.5 IQR from the 25/75 percentiles, respectively) between CTRL – 540 
AERONET (blue) and EAC4 – AERONET (orange) as a function of the AERONET AOD (x-axis). The AERONET AOD values are 

grouped into equal-width classes (0.0–0.1, 0.1–0.2, …), with the number of ΔAOD pairs shown above each bin. The background 

shading highlights the individual AOD classes. Background colours in both panels denote over- and underestimation. 
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Figure 6: Regional histograms of ΔAOD for CTRL (blue) and EAC4 (orange). The total number of collocated pairs (N) and the 545 
evaluation metrics (R, MAE, RMSE, RMB, %MFE, %FGE, IOA) are reported separately for each product. Pie charts indicate the 

relative contributions of the CAMS aerosol subtypes (DU, BC, OM, SS, SU) to the total AOD for CTRL and EAC4. The mean 
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AERONET AOD, together with the mean ± standard deviation of CTRL and EAC4, are also shown. Background colours in both 

panels denote over- and underestimation. 

3.2 Assessment of Aerosol Optical Depth Trends 550 

3.2.1 Station-level assessment  

Following the evaluation of CAMS AOD performance, this section examines the consistency of CAMS-derived AOD trends 

with those obtained from AERONET at the station level over the 2003–2024 study period. The spatial distribution of the 

AERONET stations, together with the corresponding AOD trends estimated from AERONET and from both CAMS 

configurations (EAC4 and CTRL), is shown in Fig. 7. The methodology used for trend estimation is described in detail in 555 

Section 2.3.2. Stations exhibiting trends that are statistically significant at the 95% confidence level are indicated by lime-

outlined triangles. 

 

Figure 7: The AOD trends (AOD yr-1) at 550 nm over the 178 AERONET stations based on (a) CTRL, (b) EAC4 and (c) AERONET. 

The lime-colored triangles indicate stations with trends above the 95% significance level. 560 
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Overall, both CAMS configurations reproduce the large-scale spatial patterns of AERONET-derived AOD trends, including 

predominantly negative trends over Europe, and North America (particularly the eastern United States), as well as positive 

trends over South Asia. However, EAC4 shows systematically better consistency with AERONET than CTRL, both in terms 

of trend sign and magnitude. The differences are most pronounced at stations exhibiting relatively strong positive or negative 565 

trends (e.g., in East Asia). In such cases, CTRL more frequently departs from the AERONET-derived trends, either by 

underestimating their magnitude or, in a few instances, by reproducing the opposite trend sign. By contrast, EAC4 rarely 

misrepresents the sign of the trend and generally shows smaller deviations from the AERONET estimates. 

An alternative visualization of the AOD trend comparison is presented in Fig. 8, where the trends derived from EAC4 and 

CTRL are plotted directly against the corresponding AERONET trends for all 178 stations. In both panels, points lying along 570 

the 1:1 line indicate perfect agreement, while departures from this line reflect differences in trend magnitude and/or sign. The 

color scale denotes the total number of months contributing to each trend estimate, providing an indication of the temporal 

robustness of the trends. Stations with trends that are statistically significant at the 95% confidence level in both CAMS and 

AERONET are highlighted with lime-outlined triangles. The dashed envelopes (±0.005 and ±0.01 AOD yr⁻¹) illustrate 

increasing absolute deviation thresholds and provide a direct measure of how closely the simulated trends reproduce the 575 

observed trend magnitudes, independent of sign. 

Figure 8 reveals a strong linear relationship between EAC4 and AERONET AOD trends, with a correlation coefficient of R = 

0.86, a small mean bias error (MBE = 0.02 × 10⁻²), and a relatively low RMSE (0.0019). In contrast, CTRL exhibits 

substantially weaker agreement with AERONET (R = 0.46, MBE = 0.09 × 10⁻², RMSE = 0.0033; Fig. 6.13a), highlighting the 

impact of the absence of satellite-based AOD assimilation in the control simulation. Consistently, EAC4 shows a noticeably 580 

reduced scatter around the 1:1 line compared to CTRL, indicating a more constrained and accurate reproduction of observed 

trend magnitudes. 

To further quantify the agreement in trend magnitude, we evaluate the absolute deviation from the 1:1 line between CAMS 

and AERONET trends. For EAC4, 97.2% of stations exhibit |Δtrend| ≤ 0.005 AOD yr⁻¹, and all stations fall within ±0.01 AOD 

yr⁻¹. By comparison, CTRL shows lower fractions within the same thresholds, with 91.0% of stations within ±0.005 AOD yr⁻¹ 585 

and 95.5% within ±0.01 AOD yr⁻¹. This confirms that assimilation improves the quantitative consistency of simulated AOD 

trends with AERONET observations. When restricting the analysis to stations with statistically significant trends in both 

CAMS and AERONET, a similar behaviour is observed: 95.3% of EAC4 stations fall within ±0.005 AOD yr⁻¹ compared with 

94.7% for CTRL, while 100.0% (EAC4) and 98.7% (CTRL) lie within ±0.01 AOD yr⁻¹. The persistence of these differences 

indicates that the improved agreement in EAC4 is not driven solely by weak or noisy trends. 590 

The ability of EAC4 and CTRL to reproduce the sign of the AOD trends is assessed using the quadrant structure of the scatter 

plots in Fig. 8. Stations for which CAMS and AERONET exhibit the same trend sign fall within quadrants B1 (both negative) 

and A2 (both positive), whereas quadrants A1 and B2 indicate opposite-sign trends. Based on this classification, the overall 

sign agreement is 78.1% for EAC4 (121 stations in B1 and 18 in A2) and 80.9% for CTRL (114 in B1 and 30 in A2). Although 

CTRL shows a marginally higher sign agreement, sign consistency alone does not imply accurate trend representation. As 595 
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demonstrated by the absolute deviation analysis, EAC4 consistently exhibits smaller departures from the 1:1 line than CTRL 

across all tolerance thresholds, indicating a more faithful reproduction of trend magnitudes despite the slightly lower sign 

agreement. 

Despite the overall strong performance of EAC4, a small cluster of five stations with statistically significant trends exhibits 

comparatively larger deviations from the 1:1 line. Four of these stations (Chen-Kung_Univ, EPA-NCU, Taipei_CWB, and 600 

Lulin) are located in Taiwan, while the fifth (XiangHe) is situated near Beijing in northeastern China. The larger discrepancies 

over Taiwan may be related to the island’s complex topography and the relatively coarse spatial resolution of CAMS (≈80 

km), which frequently spans land–ocean transitions and may not fully capture the local conditions sampled by AERONET. 

Retrieval uncertainties in the assimilated satellite observations over such heterogeneous surfaces may also contribute. For 

XiangHe—and to a lesser extent the nearby Beijing site—the discrepancies likely reflect a combination of uncertainties in 605 

emission trends, potential biases in assimilated observations over mixed urban–rural environments, and limitations in resolving 

station-scale variability. 

Overall, the improved performance of EAC4 reflects the benefits of assimilation in constraining long-term aerosol variability 

in CAMS. Nevertheless, remaining discrepancies in both configurations highlight the combined influence of model 

uncertainties, potential biases in the assimilated AOD fields, emission assumptions, and the representativeness of individual 610 

AERONET stations. 

 

Figure 8: Scatter plots of AOD (550 nm) trends (AOD yr⁻¹) from (a) CTRL and (b) EAC4 versus AERONET over 178 stations. 

Marker color indicates the total number of months contributing to each trend estimate. Lime-outlined triangles denote stations 

where trends are statistically significant at the 95% confidence level in both CAMS configurations and AERONET. The dashed 615 
black line represents the 1:1 correspondence between modeled and observed trends, while the additional dashed envelopes indicate 
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increasing absolute deviation thresholds (±0.005, and ±0.01 AOD yr⁻¹) around the 1:1 line, illustrating the degree of quantitative 

agreement in trend magnitude. 

3.2.2 Regional scale assessment  

Following the station-level evaluation of AOD trends, a regional summary of AOD trends is presented in Table 2. For each 620 

region, the table reports the number of available AERONET stations and the total sample size, together with the mean AOD, 

its standard deviation, and the linear AOD trend (in ×10⁻³ yr⁻¹) derived from AERONET, EAC4, and CTRL. An additional 

GLOBAL row summarizes the same metrics for all available stations worldwide, comprising a total of 178 sites. Regions 

denoted by “–” correspond to ROIs excluded from the analysis due to the absence of AERONET stations (i.e., SFZ, SPO, and 

SAIO). The regional comparison reveals systematic differences between the assimilated EAC4 product and the free-running 625 

CTRL simulation when evaluated against AERONET. Overall, EAC4 shows closer agreement with AERONET-derived AOD 

trends in both sign and magnitude, highlighting the importance of satellite AOD assimilation for capturing long-term aerosol 

variability. 

In anthropogenic pollution regions, including Central Europe (CEU), the eastern and western United States (EUS and WUS), 

and South Asia (SA), all three datasets generally agree on the sign of the trends but differ in magnitude. Over CEU and the 630 

United States, negative trends are consistently reproduced by both CAMS configurations, with only minor differences between 

EAC4 and CTRL, suggesting that gradual emission reductions are already reasonably represented in the free-running model 

and that assimilation mainly refines the trend magnitude. Over South Asia, all datasets indicate increasing AOD trends; 

however, CTRL exhibits a substantially stronger increase than both AERONET and EAC4, implying that, in the absence of 

assimilation, the control simulation may overemphasize emission growth or fail to capture regional mitigation effects. A 635 

notable exception among pollution-dominated regions is eastern China (EC), where AERONET indicates a strong negative 

trend that is partially captured by EAC4 but entirely missed by CTRL, which shows a near-neutral to weakly positive trend. 

This pronounced divergence underscores the inability of the free-running simulation to represent rapid, policy-driven emission 

reductions without observational constraints, demonstrating that assimilation is essential not only for adjusting trend magnitude 

but also for reproducing the correct trend direction. 640 

In biomass-burning regions, including the Amazon (AMZ), Central Africa (CA), Southeast Asia (SEA), and the Canadian fires 

zone (CFZ), both CAMS configurations generally reproduce the sign of the AERONET-derived trends, which are weak to 

moderately positive or negative. Differences between EAC4 and CTRL are comparatively small, reflecting the strong 

interannual variability of fire emissions and the limited robustness of long-term trend estimates in these regions. 

In dust-dominated regions, the comparison of AOD trends reveals some inconsistencies between AERONET and the CAMS 645 

configurations, although the trends are generally weak and should be interpreted with caution. Over North Africa (NAC), both 

AERONET and EAC4 indicate small positive trends, whereas CTRL shows a weak negative trend, indicating a fundamental 

inconsistency in the free-running simulation. Over northwestern China (NWC), AERONET and CTRL suggest a weak positive 

trend, while EAC4 shows a weak negative trend; however, the small trend magnitudes across all datasets limit the robustness 
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of this discrepancy. In the Middle East (ME), all datasets indicate positive AOD trends, but CTRL substantially underestimates 650 

the trend magnitude relative to both AERONET and EAC4. 

In regions characterized by complex aerosol mixtures and seasonal dust intrusions, such as the eastern and western 

Mediterranean (EME and WME), all three datasets consistently show weak negative AOD trends close to zero, indicating 

good agreement in both sign and magnitude. This consistency suggests that, despite episodic dust events, the long-term AOD 

trend signal over the Mediterranean remains limited and is similarly represented in both assimilated and free-running 655 

simulations. In contrast, over the Atlantic dust transport zone (ADTZ), both CAMS configurations fail to reproduce the sign 

of the AERONET-derived trend, although the trend magnitudes remain close to zero. 

Taken together, the regional AOD trend analysis demonstrates that satellite AOD assimilation substantially improves the 

representation of long-term aerosol trends in the CAMS reanalysis. The closer agreement between EAC4 and AERONET 

trends, compared with CTRL, confirms that observational constraints are essential for capturing regional aerosol trend signals, 660 

particularly in anthropogenic pollution regions. At the same time, many regions exhibit weak trend magnitudes that likely fall 

within combined observational and modeling uncertainties. Consequently, small trends should be interpreted with caution, as 

residual discrepancies may reflect limited trend robustness rather than physically meaningful changes. 

Table 1: Summary of regional aerosol optical depth (AOD) statistics and AOD trends derived from collocated AERONET, CTRL, 

and EAC4 datasets over the Regions of Interest (ROIs) shown in Fig. 6.3. For each ROI, the table reports the number of available 665 
AERONET stations, the total number of collocated observations, the regional mean AOD, its standard deviation, and the linear 

AOD trends (in × 10⁻³ yr⁻¹) for each dataset. The GLOBAL row summarizes the same metrics for all available stations worldwide. 

ROIs labelled with “–” indicate regions excluded from the analysis due to the absence of collocated AERONET observations. 

   AERONET CTRL EAC4 

ROIs 
AERONET 

stations 
Sample size 

AOD std AOD trend 

(× 10⁻³ yr-1) 

AOD std AOD trend 

(× 10⁻³ yr-1) 

AOD std AOD trend 

(× 10⁻³ yr-1) 

GLOBAL 178 1,657,564 0.18 0.23 -1.72 0.16 0.20 -0.78 0.19 0.20 -1.48 

NAC 4 59,168 0.40 0.34 -0.42 0.37 0.19 +0.94 0.34 0.22 -1.78 

ME 1 10,493 0.38 0.25 +13.34 0.43 0.18 +0.38 0.36 0.20 +10.58 

NWC 1 10,605 0.13 0.11 +1.45 0.10 0.11 +0.21 0.14 0.10 -0.52 

AMZ 3 20,971 0.26 0.37 -1.46 0.22 0.27 -2.65 0.28 0.38 -2.19 

CA 1 6,490 0.20 0.13 +1.32 0.30 0.09 +4.09 0.20 0.13 +1.37 

CFZ 2 14,251 0.11 0.15 +0.13 0.06 0.09 +0.39 0.14 0.15 +0.41 

SEA 6 31,036 0.33 0.34 -3.58 0.26 0.20 -4.11 0.33 0.25 -3.18 

SFZ – – – – – – – – – – – 

EC 6 51,734 0.38 0.49 -7.85 0.42 0.39 +0.28 0.38 0.38 -4.32 

SA 4 39,144 0.49 0.37 +3.23 0.59 0.38 +5.55 0.51 0.35 +3.92 
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EUS 18 172,086 0.14 0.14 -1.73 0.11 0.08 -2.15 0.15 0.15 -2.1 

WUS 13 122,863 0.09 0.15 -0.5 0.06 0.08 -0.39 0.10 0.12 -0.71 

CEU 21 170,834 0.15 0.12 -3.15 0.09 0.07 -2.03 0.15 0.11 -2.57 

ADTZ 2 21,089 0.25 0.23 +0.27 0.22 0.19 -0.26 0.27 0.22 -0.47 

WME 15 189,774 0.13 0.11 -0.35 0.11 0.11 -0.47 0.12 0.11 -0.79 

EME 6 64,384 0.18 0.12 -1.96 0.14 0.12 -1.66 0.17 0.12 -1.51 

SPO – – – – – – – – – – – 

SAIO – – – – – – – – – – – 

3.3 Interannual Evolution of Regional Aerosol Optical Depth 

Figure 9 presents the temporal evolution of regional EAC4 AOD, based on monthly mean values computed for the 18 ROIs 670 

over the 22-year period from 2003 to 2024. The respective regional time series are presented in the Supplement (Fig. S16).  

Over the dust dominated regions (i.e., the NAC, the ME, and the NWC), the monthly maximum AOD (up to 0.6) generally 

occurs between March and August (Figs. 9a–c). Over the ADTZ, maximum AOD values are observed from May to August, 

when the Saharan Air Layer (SAL) efficiently lifts dust to altitudes of 5–7 km, facilitating its long-range transport across the 

tropical Atlantic (Stuut et al., 2012; Adams et al., 2012; Muhs, 2013; Tsamalis et al., 2013). Due to cyclonic circulations over 675 

North Africa, the Mediterranean, and Europe, monthly AOD over the Mediterranean regions (EME and WME) (Gkikas et al., 

2013; 2016) and CEU is also elevated during MAM and JJA, reflecting the influence of seasonal dust transport. Over the 

Mediterranean, monthly AOD shows clear seasonal and spatial variability, reflecting the influence of Saharan dust transport 

and prevailing circulation patterns (Varga et al., 2014; Gkikas et al., 2015). In March 2022, CAMS captured a strong dust 

outbreak over the WME, with monthly AOD values exceeding 0.3 due to intense advection from North Africa (Fig. 9p; WMO, 680 

2023). In contrast, the May 2022 outbreak primarily affected the EME, where the monthly AOD was elevated, while WME 

remained less impacted (Fig. 9o; WMO 2023).  

Across the regions dominated by biomass-burning activities (i.e., CA, AMZ, SEA, CFZ, and SFZ; Figs. 9e-i), higher monthly 

AODs are generally observed during JJA, with the exception of the AMZ and SEA, where the maximum values of monthly 

AODs are shifted to SON (Figs. 9h and 9f). From May to September 2023, CAMS captured the large-scale wildfires over the 685 

CFZ, with the resulting smoke plumes transported across the North Atlantic Ocean and reaching the Swiss Alps between late 

September and early October (Karanikolas et al., 2025; Masoom et al., 2025). The 2023 Canadian wildfires consumed nearly 

five times more biomass than the 2003–2020 reference average, underlining the growing severity of fire activity in boreal 

regions (Kaiser et al., 2024). This is consistent with the observed long-term increase in burnt area across Canada and Alaska 

(Calef et al., 2015; Hanes et al., 2019), a trend that is expected to be intensified in the future (Flannigan et al., 2005; Amiro et 690 

al., 2009; Park et al., 2023; Lund et al., 2023; Allen et al., 2024). Over SEA, a reduction in extreme fire events is observed—

such as those recorded in 2006, 2015, and 2019, which were characterized by elevated monthly AOD values (Fig. 9f). In 
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particular, the intense wildfire episode of 2015 was driven by exceptional regional meteorological conditions, with extensive 

peatland fires in Indonesia linked to strong El Niño–induced drought (Flemming and Innes, 2024). The subsequent decline 

during the past five years likely reflects the effectiveness of stricter Indonesian government regulations aimed at limiting 695 

agricultural fires (Kaiser et al., 2024). Over SFZ, fire activity has shown a marked increase, particularly during the last decade 

compared with the previous one (Fig. 9g). This trend may be linked to the growing frequency and intensity of climate extremes, 

such as the prolonged heatwaves like the one that lead to the record-breaking wildfires of August 2021 (Flemming and Innes, 

2024). 

In relation to anthropogenic emissions, a significant decline in monthly AOD is observed over EC, followed by EUS and CEU, 700 

consistent with reductions driven by emission-control strategies (Ridley et al., 2018; Zheng et al., 2018; Quaas et al., 2022). 

By contrast, over SA and ME, monthly AOD exhibits an increasing trend, reflecting the rise in anthropogenic emissions, 

particularly over India and Iran (Satheesh et al., 2017). Over the WUS, the evolution of monthly AOD over the 22-year period 

appears more complex, as it is strongly influenced by extreme fire events (Fig. 9m). Notably, the severe wildfires of September 

2020 and August 2021 stand out, with monthly AOD values reaching ~0.4. These events rank among the most significant fires 705 

recorded over WUS since 1980 (MacDonald et al., 2023). The large amounts of smoke from the September 2020 event were 

lofted into the free troposphere, and within only 3–4 days the plumes were transported from the WUS to central Europe 

(Peterson et al., 2018; Baars et al., 2021; Ceamanos et al., 2023), with a clear impact over EUS, where elevated AOD values 

were recorded during September 2020 (Fig. 9m). 

Over the oceanic regions, namely the SPO and SAIO (Figs. 9q–r), AOD exhibits a generally constant pattern, with monthly 710 

values around 0.1–0.15. Notably, over the SPO, an increase in monthly AOD is observed in January 2020 reaching ~0.2. This 

peak in AOD during January–February 2020 coincides with the rapid transition from a strong La Niña (NDJ 2019–2020, ONI 

≈ –1.2) to a weak El Niño (DJF/JFM 2020, ONI ≈ +0.5), based on the NOAA Oceanic Niño Index (ONI; 

https://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ONI_v5.php, last access: 19 February 2026). The 

transition in the El Niño–Southern Oscillation (ENSO) likely induced anomalous wind patterns and locally enhanced wind 715 

speeds, which may have contributed to the observed AOD increase through enhanced sea spray production (Monahan et al., 

1986; Smith et al., 1993). In addition, part of the elevated AOD values may be attributed to the long-range transport of smoke 

layers from the 2019–2020 Australian bushfires (Hirsch and Koren, 2021). Pyrocumulonimbus events associated with these 

fires lifted large amounts of smoke particles into the atmosphere, which were subsequently transported over the SPO, 

influencing regional AOD (Li et al., 2021). Similar to the SPO, AOD over the SAIO is not solely influenced by sea salt 720 

particles. Prevailing wind patterns facilitate the long-range transport of aerosols from adjacent dust sources (e.g., southern 

Africa and South America; Ginoux et al., 2012; Kok et al., 2023), seasonal large-scale fires, and emissions from international 

shipping, local industries, and biofuel and fossil fuel combustion in southern Africa (Dentener et al., 2006; Flemming et al., 

2017; Kaiser et al., 2012; 2024), all of which contribute significantly to the observed AOD variability over this oceanic region. 
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Figure 9: Temporal evolution of regional monthly averaged aerosol optical depth (AOD) for the 18 regions of interest (ROIs) (a-r). 

Each year is represented by a coloured ring with 12 directions, where each direction corresponds to a specific month. The distance 

from the centre of the ring indicates the regional monthly mean AOD value, and the colour of the ring represents the year. A 

magenta-coloured ring highlights the monthly mean AOD over the period 2003–2024. Seasonal variations are indicated by 

background colours: light blue for DJF, light green for MAM, light orange for JJA, and light grey for SON. 730 

3.4 Global Distribution and Decadal Evolution of AOD Trends: Impact of Satellite Data Assimilation 

In this section, annual AOD trends derived from the EAC4 and CTRL configurations are analysed at a spatial resolution of 

0.75° × 0.75° for the full period 2003–2024, as well as for two sub-periods corresponding to the decades 2003–2013 and 2014–

2024. This temporal subdivision is primarily used to illustrate the evolution of AOD trends over time, while potential non-

linear behaviour, variability, and trend reversals in EAC4 are examined in greater detail in the following section using sliding-735 

window trend analyses. The global spatial distributions of AOD trends are shown in Figs. 10–11, where grid cells with 

statistically significant trends (p < 0.05) are indicated by black outlines. A detailed description of the trend estimation 

methodology is provided in Section 2.1.2. Throughout this section, EAC4 is used as the primary dataset for the description 

and physical interpretation of the AOD trends, whereas the CTRL configuration is included for comparison only, in order to 

highlight the key differences between the assimilated and free-running model simulations on the diagnosed trends. Aerosol-740 

speciated AOD trends are additionally presented in the Supplement for both EAC4 and CTRL (Figs. S17–S26). 

Over the entire 22-year period (Fig. 10a), statistically significant negative trends in annual AOD are mainly observed over 

eastern China—reaching values as low as −0.026 AOD yr⁻¹—as well as over North Africa, central Europe, and the eastern 

United States. In contrast, widespread positive trends are evident across much of the Middle East and South Asia, with the 

strongest increases occurring over the Indian Peninsula, where trends reach up to +0.015 AOD yr⁻¹. The CTRL configuration 745 

shows notable differences, particularly over eastern China, where positive AOD trends are simulated in clear contradiction to 

both the EAC4 results and documented emission reduction policies (Zheng et al., 2018; Quaas et al., 2022). In addition, positive 

trends over the Middle East are weaker in magnitude and more spatially diffuse, extending westward toward the Sahel. 

Although positive trends persist over the sub-Sahel and central Africa—regions strongly influenced by biomass-burning 

activity—negative trends are simulated over the South Atlantic Ocean, where long-range transport of biomass-burning aerosols 750 

typically occurs (Zuidema et al., 2016). This contrasting behaviour is examined in more detail in the following paragraph. 

When the analysis is separated into the two decades (Figs. 10b–c), pronounced regional shifts in both the magnitude and sign 

of AOD trends become apparent. During the first decade (2003–2013; Fig. 10b), statistically significant decreases in annual 

AOD are observed over the eastern United States, South America, Europe, the sub-Sahel region of North Africa, and Indonesia. 

In contrast, positive AOD trends dominate across large parts of the globe, including most oceanic regions, the Middle East, 755 

India, eastern China, and northern Siberia. The strongest positive trends during this period occur over eastern China and India, 

reaching up to +0.02 and +0.016 AOD yr⁻¹, respectively. During the second decade (2014–2024; Fig. 10c), increasing AOD 

trends persist over the Middle East and India, with particularly pronounced increases over the Middle East and more spatially 

confined but intensified trends over the northeastern Indo-Gangetic Plain. By contrast, the negative trends over the eastern 

United States and Europe weaken during the second decade relative to the first. The CTRL configuration exhibits a distinctly 760 
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different decadal evolution, with the largest discrepancies relative to EAC4 emerging during the 2014–2024 period (Figs. 11b–

c). While the first decade shows broadly comparable large-scale patterns between the two configurations, the second decade 

is characterized in CTRL by widespread positive AOD trends over large parts of North Africa and substantially weaker 

negative trends over eastern China. This contrasting behaviour during the later period largely explains the differences in global 

AOD trends between EAC4 and CTRL, underscoring the dominant role of the second decade in driving the divergence between 765 

the assimilated and free-running CAMS simulations. 

 

 
Figure 10: Geographical distribution of the annual EAC4 AOD trends at 550 nm, analysed at 0.75° × 0.75° grid resolution for (a) 

the full period 2003–2024, as well as for the two sub-periods, namely (b) 2003–2013 and (c) 2014–2024. Grid cells with statistically 

significant trends (p < 0.05) are highlighted with black outlines. The side panels show the corresponding zonal (right) and meridional 

(top) mean AOD trends. 770 
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Figure 11: Geographical distribution of the annual CTRL AOD trends at 550 nm, analysed at 0.75° × 0.75° grid resolution for (a) 

the full period 2003–2024, as well as for the two sub-periods, namely (b) 2003–2013 and (c) 2014–2024. Grid cells with statistically 

significant trends (p < 0.05) are highlighted with black outlines. The side panels show the corresponding zonal (right) and meridional 

(top) mean AOD trends. 

Over eastern China, the most pronounced reversal in AOD trends is observed, with trends shifting from strongly positive 775 

during 2003–2013 (up to +0.02 AOD yr⁻¹) to markedly negative during 2014–2024, reaching values as low as −0.035 AOD 

yr⁻¹ (Figs. 10b–c). This transition is most likely attributable to the implementation of stringent emission control measures over 

the past decade (Zheng et al., 2018; Quaas et al., 2022). This interpretation is further supported by the strong negative trends 

in sulfate and organic matter optical depths (SUOD and OMOD), which dominate the contribution to the total AOD trends 

over the region. While AOD trends reached values of up to +0.025 AOD yr⁻¹ during the early part of the record (approximately 780 

until 2008), they subsequently transitioned rapidly to negative values. These finer-scale temporal variations, derived from 
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overlapping 10-year moving windows, are examined in detail in the following section. In parallel with declining aerosol 

emissions over eastern China, AOD trends over the northern Pacific Ocean also reverse from positive during 2003–2013 to 

negative during 2014–2024. Given that the Taklamakan and Gobi Deserts are major dust source regions influencing eastern 

China (Chen et al., 2024), the concurrent negative trends in dust optical depth (DOD) suggest a secondary, yet non-negligible, 785 

contribution from reduced dust emissions to the observed AOD decline (Fig. S17). In the CTRL configuration, the negative 

trends in OMOD and SUOD are substantially weaker than those in EAC4 (Figs. S19–S23), highlighting the limitations of the 

MACCity emission inventory in capturing the effects of recent emission control policies. As discussed in Section 3.1, these 

discrepancies likely stem from the use of MACCity anthropogenic emissions (Granier et al., 2011), which do not account for 

recent emission reductions and therefore underestimate the impact of emission control measures. 790 

Over Indonesia, negative AOD trends intensify markedly during the second decade, increasing in magnitude by nearly 80% 

and reaching values as low as −0.016 AOD yr⁻¹ over Sumatra and Singapore (Fig. 10c). Aerosol-speciated trend analysis 

indicates that organic matter is the dominant contributor to these strong negative AOD trends (Figs. S21b–c). Moreover, the 

close agreement between CTRL and EAC4 over this region suggests that the observed decline in AOD is not primarily driven 

by changes in anthropogenic emissions. Given the known limitations of the MACCity inventory in representing recent 795 

anthropogenic emission changes, the pronounced AOD reduction is therefore more likely attributable to a decrease in biomass-

burning activity. 

Over the Middle East and South Asia, AOD trends remain persistently positive and intensify from 2003–2013 (approximately 

+0.015 AOD yr⁻¹) to 2014–2024 (up to +0.02 AOD yr⁻¹), consistent with reported increases in anthropogenic emissions in 

these regions (Satheesh et al., 2017). However, aerosol-speciated trend analyses indicate that this increase is not driven solely 800 

by organic matter and sulfate aerosols (Figs. S21b–c), but also by a substantial contribution from enhanced dust emissions, as 

reflected in positive DOD trends (Figs. S17b–c). A similarly complex behavior is evident in the CTRL configuration, although 

the positive trends are generally weaker across both decades (Fig. 11b–c). 

Over North Africa, a pronounced increase in both the magnitude and spatial extent of statistically significant negative AOD 

trends is evident during the second decade. Specifically, during 2014–2024, negative AOD trends expand across most of North 805 

Africa, encompassing the Sahel and large portions of the Sahara Desert. The strongest declines, reaching up to −0.009 AOD 

yr⁻¹, occur over northeastern countries such as Libya, Egypt, and Sudan, which include major dust source regions such as the 

Libyan and Nubian deserts. Following this intensification of negative trends over North Africa, AOD trends over the open 

Atlantic Ocean, far from the North African coastal regions, shift from positive during 2003–2013 to negative during 2014–

2024, whereas AOD trends in the near-coastal Atlantic remain persistently negative over both decades. This pattern suggests 810 

a reduction in long-range aerosol transport along the westerly circulation toward downwind regions, including South America 

and the Caribbean, where trends change from approximately +0.002 AOD yr⁻¹ in the first decade to nearly −0.01 AOD yr⁻¹ in 

the second decade. Aerosol-speciated analyses indicate a substantial contribution from dust to these changes, while reductions 

in biomass-burning activity over the Sahel and sub-Sahel regions are the primary driver of the negative AOD trends observed 

over the Atlantic Ocean (Figs. S17c, S19c, and S21c). 815 
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Notably, during the second decade (2014–2024), DOD trends over the northwestern Sahara are positive and statistically 

significant (Fig. S17c). However, this signal is largely masked in the total AOD trend maps by concurrent declines in other 

aerosol components (Fig. 10c). In contrast, the CTRL configuration exhibits markedly different behavior during the second 

decade (Fig. 11c). While differences relative to EAC4 are minimal during 2003–2013 (Figs. 10b and 11b), negative AOD 

trends in CTRL during 2014–2024 are largely confined to northern North Africa, mainly over parts of Libya and Algeria, 820 

whereas most other areas display predominantly positive trends. These positive trends closely follow the spatial distribution 

of organic matter optical depth (OMOD; Fig. S22c) and, to a lesser extent, DOD (Fig. S18c), indicating a stronger influence 

of biomass-burning-related aerosols in the absence of satellite-based AOD assimilation. This behaviour likely reflects an 

overestimation of biomass-burning emissions in the CTRL simulation, consistent with documented uncertainties in the GFAS 

fire emission product, although a concurrent overestimation of dust emissions cannot be excluded. In particular, persistence 825 

assumptions applied during periods of missing FRP observations can artificially prolong fire emissions, leading to enhanced 

organic matter loadings (Kaufman et al., 2003; Di Giuseppe et al., 2017). In addition, the positive CTRL DOD trends may 

partly reflect enhanced biomass-burning activity associated with land-use changes, such as deforestation and vegetation 

degradation, which increase surface erodibility and dust mobilization (Yu and Ginoux, 2022; Meng et al., 2025). 

Over the Taklamakan Desert in northwestern China, AOD trends over the full 22-year period are negligible (Fig. 10a), owing 830 

to nearly compensating trends across the two decades, shifting from +0.012 AOD yr⁻¹ during 2003–2013 to −0.02 AOD yr⁻¹ 

during 2014–2024 (Figs. 10b–c). This behaviour highlights substantial temporal variability in regional dust emissions, further 

supported by the dominant contribution of DOD trends in this region (Figs. S17b–c). A comparable pattern is also evident in 

the CTRL configuration (Figs. 11b–c). 

Over the Mediterranean basin, differences between the two decades are limited and primarily confined to the western 835 

Mediterranean, where AOD trends transition from weakly negative to weakly positive. This behaviour may reflect enhanced 

dust transport from western North African sources; however, the trends remain weak and statistically insignificant and 

therefore do not support robust conclusions. Nevertheless, the spatial pattern is consistent with the corresponding DOD trends 

(Fig. S17c). A similar, slightly stronger increase is observed in the CTRL configuration (Fig. 11c), likewise associated with 

positive DOD trends. 840 

In the Southern Hemisphere, near-zero trends over the full period mask pronounced decadal shifts, particularly over South 

America and central Africa (Figs. 10b–c). During 2003–2013, negative AOD trends dominate over South America, 

encompassing the Amazon Basin and extending southward into Bolivia and Paraguay, with values reaching −0.01 AOD yr⁻¹. 

During 2014–2024, these trends reverse sign and become positive, reaching up to +0.005 AOD yr⁻¹, primarily driven by 

enhanced biomass-burning emissions, as indicated by organic matter optical depth trends (Figs. S21b–c). Over central Africa, 845 

the opposite behaviour is observed: weak positive AOD trends during 2003–2013 (up to +0.005 AOD yr⁻¹) transition to 

statistically significant negative trends during 2014–2024, reaching values as low as −0.06 AOD yr⁻¹ and closely linked to 

OMOD trends (Figs. S21b–c). Overall, the CTRL configuration broadly agrees with EAC4 over South America and central 
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Africa, although it exhibits substantially stronger negative AOD trends over central Africa during the second decade, extending 

into the South Atlantic Ocean. 850 

3.5 Regional Aerosol Optical Depth Trends 

Building on the global AOD trend analysis over the full 22-year period and the two sub-periods (2003–2013 and 2014–2024) 

presented in the previous section, we apply sliding-window trend analyses to further assess the robustness and temporal 

evolution of the diagnosed EAC4 trends. Because both the sign and magnitude of trends can depend on the length of the 

analysis period, this approach allows a more precise identification of the timing, persistence, and potential reversals of trend 855 

signals. The analysis is performed for the 18 regions of interest (ROIs; Fig. 2) over the period 2003–2024, using varying start 

years and window lengths with a minimum duration of 10 years. The grouping of the different ROIs follows the dominant 

aerosol-type contributions illustrated by the pie charts in Fig. 2, which indicate the prevailing fractional contribution of CAMS 

aerosol components to total AOD in each ROI. The results are presented by region type, beginning with dust-dominated regions 

(e.g., North Africa, the Middle East, and northwestern China), followed by biomass-burning regions (e.g., Central Africa, 860 

Southeast Asia, and the Amazon), anthropogenic pollution regions (e.g., eastern China and South Asia), remote Southern 

Hemisphere oceanic regions (South Pacific Ocean and South Atlantic–Indian Ocean), and finally regions characterized by a 

heterogeneous aerosol burden and pronounced seasonal dust outbreaks, such as the Mediterranean Basin. To support the 

interpretation of the total AOD trends and to identify the dominant drivers associated with individual aerosol components, 

aerosol-speciated sliding-window trends for dust (DU), sea salt (SS), organic matter (OM), black carbon (BC), and sulfate 865 

(SU) aerosols are additionally provided in the Supplement (Figs. S27–S51). 

3.5.1 Dust 

As illustrated in Fig. 12, the sliding-window trend analysis over North Africa (NAC) reveals significant declines in AOD for 

windows starting in the early 2000s. For windows beginning around 2007–2009, the trends weaken and show mostly 

insignificant reversals; however, from approximately 2010 onward, negative trends re-emerge and become statistically 870 

significant. During the most recent decade, these declines further intensify and become more consistent, indicating a sustained 

reduction in AOD, with trend magnitudes reaching down to −0.006 yr⁻¹. 

The aerosol-speciated trend analysis provides further insight into the drivers of this behaviour. DOD trends over NAC (Fig. 

S27) are generally negative but weak and statistically insignificant during the earlier sub-periods, becoming stronger and 

statistically significant during the most recent decade. This behaviour is consistent with satellite-based DOD trend analyses by 875 

Logothetis et al. (2021), who used the MIDAS dataset (Gkikas et al., 2021) to derive global and regional dust trends and 

reported a widespread decline in dust activity over NAC, accompanied by a reduction in Saharan dust export after 2010. 

Similar decreasing AOD trends over NAC were reported by Che et al. (2019), who analysed long-term aerosol variability 

https://doi.org/10.5194/egusphere-2026-1107
Preprint. Discussion started: 6 March 2026
c© Author(s) 2026. CC BY 4.0 License.



37 

 

using the MERRA-2 reanalysis (1980–2016) and attributed a substantial fraction of the inter-decadal AOD variability in this 

dust-dominated region to meteorological changes, particularly reduced surface wind speeds. 880 

In parallel, organic matter optical depth (OMOD) exhibits strong and statistically significant negative trends across nearly all 

sub-periods, with a tendency toward stronger declines after approximately 2009, indicating a substantial contribution of 

organic aerosols to the total AOD decrease (Fig. S29). Sulfate aerosols play a more minor role, with significant negative trends 

emerging only after about 2013 (Fig. S31). It should be noted that NAC includes large parts of the Sahel and sub-Sahel, regions 

characterized by pronounced biomass-burning activity. The observed decline in organic matter—and to a lesser extent 885 

sulfate—is therefore consistent with reported reductions in biomass-burning emissions in recent years. This interpretation is 

further supported by Wei et al. (2020), who identified a long-term decline in fire activity across northern sub-Saharan Africa 

during 2001–2016, primarily driven by cropland expansion and increased drought frequency leading to reduced fuel 

availability. Additionally, Zhang et al. (2025), using long-term AERONET observations of aerosol optical and microphysical 

properties, reported predominantly negative trends in both AOD and absorbing aerosol optical depth (AAOD) over North 890 

Africa, accompanied by weak or insignificant changes in the Ångström exponent. This behaviour indicates an overall reduction 

in aerosol loading—driven by both coarse-mode dust and fine-mode aerosols—rather than a fundamental shift in aerosol type, 

in agreement with the declining dust and organic matter contributions identified here. 

Over the Middle East (ME), the trend evolution exhibits an essentially opposite behaviour. Windows starting in the early 2000s 

are characterized by significant positive trends, followed by a brief transition to significant negative trends for start years 895 

around 2007–2008. Subsequently, positive trends re-emerge and intensify, with the strongest increases occurring during the 

most recent decade, reaching up to +0.007 yr⁻¹. This behaviour is consistent with satellite-based analyses by Klingmüller et al. 

(2016), who used MODIS AOD retrievals to identify pronounced positive AOD trends over large parts of the ME during the 

early 2000s, primarily driven by enhanced dust emissions associated with declining soil moisture and increasing aridity. They 

further showed that this dust-driven increase weakened after about 2012, consistent with the partial reversals and subsequent 900 

re-intensification captured by the sliding-window trends presented here. Similarly, Che et al. (2019) reported strong positive 

AOD trends during the early 2000s that turned negative when assessed using decadal-scale windows starting around 2005.  

Notaro et al. (2015) further demonstrated that changes in dust activity over the Arabian Peninsula can be closely associated 

with large-scale climate variability, particularly El Niño–Southern Oscillation (ENSO) and the Pacific Decadal Oscillation 

(PDO), underscoring the influence of ocean–atmosphere teleconnections on regional dust variability. The aerosol-speciated 905 

trend analysis indicates that organic matter, sulfate, and dust all contribute to the observed AOD trends over the ME, 

highlighting the complex aerosol regime of the region, which is influenced by dust emissions, biomass burning, and 

anthropogenic pollution (Figs. S27, S29, and S31). 

Finally, over northwestern China (NWC), AOD trends are significantly positive until the mid-2000s, reaching values of up to 

+0.004 yr⁻¹, before reversing to statistically significant negative trends from approximately 2009 onward. The strongest 910 

declines occur during the most recent decade, with magnitudes reaching −0.005 yr⁻¹. Unlike NAC and ME, the overall 22-year 

trend over NWC remains weak and statistically insignificant, reflecting a pronounced but largely compensating transition from 

https://doi.org/10.5194/egusphere-2026-1107
Preprint. Discussion started: 6 March 2026
c© Author(s) 2026. CC BY 4.0 License.



38 

 

increasing to decreasing tendencies over the study period. Aerosol-speciated trend analysis indicates that dust is the dominant 

driver of AOD variability over NWC, with DOD largely controlling both the positive trends during the early period and the 

subsequent decline (Fig. S27). This behaviour is in very good agreement with Che et al. (2019), who reported a clear reversal 915 

of AOD trends over NWC, from increasing tendencies in earlier decades to declining trends in more recent periods, primarily 

driven by meteorological changes affecting dust emissions, especially surface wind speed. Importantly, their long-term 

analysis further indicates that AOD trends over NWC exhibit multiple sign reversals when examined using sliding windows 

starting as early as the 1980s, with several transitions evident up to windows beginning in the mid-2000s. 

 920 

Figure 12: Regional aerosol optical depth (AOD) trends at different time intervals for the dust-dominated regions, with at least 10-

year time series (the acronym full names of the regions are presented in Fig. 2). The x-axis shows the starting year, while the y-axis 

represents the length of the time series used to calculate the trend. The colors of the rectangles indicate the magnitude of the trend 

(units: AOD yr⁻¹), and the lime-hatched rectangles denote trends that are above the 95% significance level. 

3.5.2 Biomass-Burning 925 

Across regions dominated by biomass-burning activity, the most pronounced AOD trends—both in magnitude and statistical 

significance—are observed over the Amazon Basin (AMZ), Central Africa (CA), and Southeast Asia (SEA) (Fig. 13). 

Over the AMZ, the sliding-window analysis reveals marked declines in AOD for windows starting in the early 2000s, with 

statistically significant negative trends between 2003 and 2006 reaching values as low as −0.005 yr⁻¹. Around 2007–2008, 

https://doi.org/10.5194/egusphere-2026-1107
Preprint. Discussion started: 6 March 2026
c© Author(s) 2026. CC BY 4.0 License.



39 

 

these trends weaken and lose statistical significance, indicating a transitional phase. From approximately 2009 onward, the 930 

trends reverse sign, with moderate positive tendencies emerging during the most recent decade and reaching up to +0.002 yr⁻¹. 

This evolution is consistent with Che et al. (2019), who reported strong inter-decadal variability over the AMZ, including 

negative AOD trends during the early 2000s. Similarly, Gui et al. (2021), using MISR type-segregated AOD data (2001–2018), 

showed that variability and trends over the AMZ are primarily controlled by small, spherical aerosols associated with biomass-

burning activity, with predominantly negative trends for windows starting in the early to mid-2000s and reversals toward 935 

positive tendencies around 2009–2010. 

In contrast, Central Africa exhibits a clear reversal from significant positive AOD trends for windows starting in the early 

2000s to statistically significant negative trends for windows beginning around 2010. Trend magnitudes transition from values 

as high as +0.005 yr⁻¹ to declines of up to −0.004 yr⁻¹, indicating a shift toward decreasing AOD levels during the most recent 

decade. A similar reversal was reported by Che et al. (2019), who identified positive AOD trends over CA for early-2000s 940 

windows analysed at decadal scales. Consistently, Gui et al. (2021) found a comparable transition, with decreasing AOD in 

later years primarily linked to a reduced contribution from non-spherical aerosols, indicative of declining biomass-burning 

activity. This interpretation is further supported by recent estimates showing that, while African fire-related carbon emissions 

accounted for nearly half of the global total during the 2000s, their relative contribution has since declined to approximately 

40% (Kaiser et al., 2024). 945 

Over Southeast Asia, the sliding-window trends indicate a more persistent decline in AOD. Most windows exhibit negative 

trends, many of which are statistically significant, particularly for start years in the early 2000s and again from around 2010 

onward. Trend magnitudes reach down to −0.004 yr⁻¹, whereas positive trends are rare, weak, and statistically insignificant. 

Overall, SEA emerges as a region characterized by a sustained downward trajectory in AOD, in contrast to the more variable 

or reversing patterns observed in other biomass-burning regions. A similar evolution was reported by Che et al. (2019), who 950 

identified negative AOD trends during the early 2000s followed by a brief transition toward positive tendencies in the mid-

2000s. Furthermore, Gui et al. (2021) documented pronounced negative AOD trends over SEA for windows starting from 

around 2011 onward, although their trends are generally weaker and less statistically significant than those identified here. The 

reported reduction in fire intensity over SEA is likely linked to stricter governmental regulations aimed at limiting agricultural 

burning practices (Kaiser et al., 2024). 955 

For the Canadian fires zone (CFZ), sliding-window trends are more heterogeneous. Windows starting in the early 2000s exhibit 

weak and mostly statistically insignificant positive trends. Between approximately 2006 and 2010, several negative trends 

emerge, some of which are relatively strong and statistically significant, particularly for window lengths of 10–15 years. In 

subsequent years, weak positive tendencies reappear but remain inconsistent. As a result, no robust long-term AOD trend can 

be identified for this region, indicating relatively stable aerosol conditions over the full 22-year period. 960 

In contrast, the Siberian fires zone (SFZ) shows a more coherent temporal evolution. Windows starting in the early 2000s are 

characterized by strong and statistically significant positive AOD trends that persist until the mid-2000s. From around 2008 

onward, the trend direction reverses, with negative trends becoming increasingly dominant. During the most recent decade, 
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this decline is further reinforced, with several statistically significant negative trends evident, particularly for window lengths 

of 13–17 years. 965 

Finally, aerosol-speciated analyses indicate that, across biomass-burning-dominated regions, the observed increases or 

decreases in total AOD are primarily driven by organic matter aerosols, while other aerosol components contribute more 

weakly but remain statistically significant in many cases (Figs. S32–E36). 

 

 970 

Figure 13: Regional aerosol optical depth (AOD) trends at different time intervals for the biomass-burning-dominated regions, with 

at least 10-year time series (the acronym full names of the regions are presented in Fig. 2). The x-axis shows the starting year, while 

the y-axis represents the length of the time series used to calculate the trend. The colors of the rectangles indicate the magnitude of 

the trend (units: AOD yr⁻¹), and the lime-hatched rectangles denote trends that are above the 95% significance level. 

3.5.3 Urban/Pollution 975 

As shown in Fig. 14, the sliding-window trend analysis over regions primarily influenced by anthropogenic emissions reveals 

a marked contrast between South Asia (SA) and the other regions considered. SA stands out as the only region exhibiting a 

persistent increase in AOD, with nearly all windows showing positive and statistically significant trends, particularly for 

windows starting in the early 2000s. This upward tendency persists over most of the study period, with trend magnitudes 

reaching up to +0.009 yr⁻¹, indicating an overall increase in aerosol loading over SA during the past two decades. This 980 

behaviour is consistent with reported persistent anthropogenic emissions across the region (Satheesh et al., 2017).  

In contrast, all other anthropogenic-pollution regions exhibit predominantly declining AOD trends, albeit with varying 

magnitudes and degrees of persistence. Over eastern China (EC), one of the most robust signals is observed, characterized by 
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a sustained and statistically significant decrease in AOD across nearly all windows, particularly for start years after 2005, with 

trend magnitudes reaching down to −0.019 yr⁻¹. Over the eastern United States (EUS), negative and statistically significant 985 

trends dominate most windows, indicating a steady decline in AOD over the study period, with values reaching −0.004 yr⁻¹. 

The western United States (WUS) displays a more heterogeneous evolution, with weak and mostly insignificant trends during 

the early 2000s followed by more consistent, stronger declines in later years. Over central Europe (CEU), the sliding-window 

analysis reveals a widespread decrease in AOD, with statistically significant negative trends across nearly all windows and 

magnitudes reaching −0.003 yr⁻¹. 990 

Overall, anthropogenic-pollution regions present a coherent picture of declining AOD over the past two decades, with South 

Asia representing a clear exception characterized by a persistent and statistically significant increase in aerosol loading. The 

widespread decreases observed over EC, EUS, WUS, and CEU are consistent with large-scale reductions in anthropogenic 

emissions documented in previous studies (Ridley et al., 2017; Zheng et al., 2018; Quaas et al., 2022). The increasing AOD 

over SA is primarily driven by enhanced fine-mode aerosols, with organic matter and sulfate contributing most strongly to the 995 

positive trends (Figs. S39 and S41). This is consistent with aerosol-type analyses by Zhang et al. (2025), who reported 

increasing contributions from weakly absorbing and scattering fine-mode aerosols over South Asia. Conversely, Zhang et al. 

(2025) also documented pronounced decreases in fine-mode anthropogenic aerosols over eastern China, the United States, and 

Europe, affecting both organic matter and sulfate components, in agreement with the widespread negative AOD trends 

identified here (Figs. S39 and S41). 1000 

Comparable AOD trends across these regions have been reported in other independent studies, including Che et al. (2019) and 

Gui et al. (2021), providing additional confidence in the robustness of the trends identified here. For eastern China, it is also 

noteworthy that dust optical depth (DOD) trends contribute significantly to the total AOD decrease (Fig. S37). Reduced dust 

emissions over the broader Taklamakan and Gobi Desert regions—major dust source areas influencing China (Chen et al., 

2024)—have therefore played a non-negligible role in shaping the observed negative AOD trends. 1005 
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Figure 14: Regional aerosol optical depth (AOD) trends at different time intervals for the urban/pollution-dominated regions, with 

at least 10-year time series (the acronym full names of the regions are presented in Fig. 2). The x-axis shows the starting year, while 

the y-axis represents the length of the time series used to calculate the trend. The colors of the rectangles indicate the magnitude of 

the trend (units: AOD yr⁻¹), and the lime-hatched rectangles denote trends that are above the 95% significance level. 1010 

3.5.4 Sea Salt 

Over the remote Southern Oceanic regions—the South Pacific Ocean (SPO) and the South Atlantic–Indian Ocean (SAIO)—

where AOD is largely controlled by natural sea salt emissions (Fig. S43), the sliding-window analysis reveals more modest 

and less systematic trends than those observed over continental regions (Fig. 15). 

Over the SPO, the strongest and most statistically significant trends occur during the early 2000s, with several windows starting 1015 

between 2003 and 2005 exhibiting significant positive tendencies. Around 2010, a distinct negative and statistically significant 

trend emerges; however, this signal is short-lived and does not persist in subsequent windows. Outside these periods, AOD 

trends weaken and become less coherent, with no sustained long-term tendency evident. 

Over the SAIO region, the temporal evolution is more complex. During the early 2000s, most windows show positive AOD 

trends, several of which are statistically significant. Around 2007–2008, these positive signals weaken and become less 1020 

consistent. In the most recent part of the record, corresponding to window start years around 2014–2015, the trend direction 

reverses, with negative tendencies becoming apparent. 
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Overall, the remote oceanic regions are characterized by episodic rather than persistent AOD changes, with the early 2000s 

standing out as a period of relatively stronger and more significant trends. Further investigation is required to assess the role 

of meteorological drivers—such as changes in wind speed, circulation patterns, and sea surface temperature—which directly 1025 

influence sea-salt aerosol emissions (Monahan et al., 1986; Smith et al., 1993). In addition, the potential contribution of long-

range aerosol transport by the westerlies from adjacent continental regions should be considered, including episodic intrusions 

of dust or smoke originating from South America, southern Africa, and Australia. For example, dust outbreaks from the 

Patagonian Desert and the Lake Eyre Basin—two major contributors to Southern Hemisphere dust emissions (Prospero et al., 

2002; Gkikas et al., 2021)—as well as seasonal biomass-burning activity, may intermittently enhance aerosol loadings over 1030 

these remote oceanic basins. 

 

Figure 15: Regional aerosol optical depth (AOD) trends at different time intervals for the salt-dominated regions, with at least 10-

year time series (the acronym full names of the regions are presented in Fig. 2). The x-axis shows the starting year, while the y-axis 

represents the length of the time series used to calculate the trend. The colors of the rectangles indicate the magnitude of the trend 1035 
(units: AOD yr⁻¹), and the lime-hatched rectangles denote trends that are above the 95% significance level. 

3.5.5 Tropical Atlantic Ocean and Mediterranean 

Over regions characterized by complex aerosol regimes influenced by seasonal dust outbreaks, the sliding-window analysis 

reveals diverse and often intricate AOD trend behaviour (Fig. 16). 
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Over the western Mediterranean (WME), the analysis indicates predominantly negative AOD trends, with magnitudes reaching 1040 

down to −0.004 yr⁻¹. Strong and statistically significant declines dominate windows starting in the early 2000s, particularly 

for window lengths of 10–15 years. For windows beginning after approximately 2009, the trends weaken and, in some cases, 

lose statistical significance, indicating a less persistent downward signal. From about 2012 onward, a partial reversal emerges, 

with several windows exhibiting weak positive tendencies that are largely statistically insignificant. Aerosol-speciated trend 

analysis shows that dust optical depth (DOD) exhibits statistically significant positive trends during this later period, suggesting 1045 

that changes in dust contributions play a dominant role in shaping the observed partial reversal of AOD trends (Fig. S47). 

In contrast, the eastern Mediterranean (EME) displays a more robust and coherent evolution. Negative and statistically 

significant AOD trends dominate nearly all windows throughout the record, with magnitudes reaching −0.003 yr⁻¹ and little 

evidence of weakening over time. Although both regions are part of the broader Mediterranean basin, their temporal evolution 

differs markedly: the WME exhibits pronounced variability, including periods of negative trends followed by recent positive 1050 

tendencies, consistent with reported increases in winter dust outbreaks in the WME during recent years (Cuevas-Agulló et al., 

2024), whereas the EME shows a more persistent and spatially coherent downward trend. 

Overall, these results are broadly consistent with the findings of Logothetis et al. (2021), who reported Mediterranean basin 

DOD trends ranging approximately from −0.006 to +0.002 yr⁻¹. A comparable DOD trend pattern over the 2003–2024 period 

is also identified in the present study when considering the global DOD trend maps discussed in the previous section (Fig. 1055 

S17). However, because Logothetis et al. (2021) treated the Mediterranean as a single region in their sliding-window analysis, 

the differing behaviour of the western and eastern sub-basins could not be resolved. The present regional subdivision therefore 

provides additional insight into the heterogeneous nature of AOD trends across the Mediterranean basin. 

Over the Atlantic dust transport zone (ADTZ), AOD trends are more heterogeneous. Windows starting in the early 2000s show 

weak or statistically insignificant tendencies, whereas windows beginning after about 2009 reveal more pronounced and often 1060 

statistically significant declines, with magnitudes reaching down to −0.003 yr⁻¹. Notably, while AOD decreases over the ADTZ 

during the most recent decade, parts of the WME exhibit the opposite tendency. This contrasting behaviour likely reflects 

regional differences in dust optical depth trends, as positive dust trends over the northwestern Sahara during the second decade 

may enhance the transport of dust layers toward the western Mediterranean (Fig. S17c), highlighting the complexity of aerosol 

sources and transport pathways influencing the region. 1065 

Aerosol-speciated trend analysis provides further insight into the drivers of these changes. Dust optical depth trends over the 

ADTZ show weak positive tendencies for windows starting around 2008 (Fig. E42), with alternating statistically significant 

and non-significant behaviour, indicating a limited and temporally variable dust contribution. In contrast, the decline in total 

AOD over the ADTZ (Fig. 16) is primarily driven by reductions in organic matter and sulfate aerosols, consistent with 

decreased biomass-burning activity over the Sahel and sub-Sahel regions. This reduction likely limits the westward transport 1070 

of smoke aerosols over the Atlantic, thereby lowering the aerosol burden over the ADTZ. Overall, while mineral dust remains 

a major aerosol component in the region, changes in biomass-burning-related aerosols play a key role in shaping recent AOD 

trends. 

https://doi.org/10.5194/egusphere-2026-1107
Preprint. Discussion started: 6 March 2026
c© Author(s) 2026. CC BY 4.0 License.



45 

 

 

Figure 16: Regional aerosol optical depth (AOD) trends at different time intervals for the regions characterized by a complex aerosol 1075 
regime and seasonal dust outbreaks, with at least 10-year time series (the acronym full names of the regions are presented in Fig. 2). 

The x-axis shows the starting year, while the y-axis represents the length of the time series used to calculate the trend. The colors of 

the rectangles indicate the magnitude of the trend (units: AOD yr⁻¹), and the lime-hatched rectangles denote trends that are above 

the 95% significance level. 

4 Summary and conclusions 1080 

This study provides a comprehensive assessment of global and regional aerosol optical depth (AOD) variability and trends at 

550 nm using the fourth-generation ECMWF Atmospheric Composition Reanalysis (EAC4) and the corresponding free-

running simulation (CTRL) over the 2003–2024 period. Ground-based AERONET observations were used as an independent 

reference to evaluate the ability of EAC4 to reproduce both AOD magnitudes and long-term trends prior, and to quantify the 

added value of assimilation by directly comparing EAC4 with CTRL, to analysing the global and regional evolution of 1085 

aerosols. A rigorous station-selection strategy was applied to ensure robust trend estimation, resulting in a high-quality dataset 

of 178 AERONET stations with extensive and continuous records.  

The evaluation against AERONET confirms that CAMS reproduces global AOD variability with high skill, with EAC4 clearly 

outperforming CTRL. EAC4 achieves a correlation of R = 0.84, RMSE = 0.12, MAE = 0.07, and IOA = 0.90 (based on more 

than 1.6 million collocated pairs), while CTRL exhibits systematically weaker agreement and a pronounced underestimation 1090 

of AOD, demonstrating the substantial benefit of satellite assimilation. Regional performance depends on the dominant aerosol 

type: variability is well captured in anthropogenic and biomass-burning regions, while larger uncertainties persist in dust-
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dominated areas, particularly over North Africa, where coarse dust remains underrepresented in both configurations. CAMS 

successfully reproduces long-range Saharan dust transport across the Atlantic, while discrepancies in biomass-burning 

regions—most notably the Canadian fire zone—likely reflect uncertainties in fire emission estimates. CAMS-derived long-1095 

term AOD trends show strong agreement with AERONET observations at stations with statistically significant trends, with 

EAC4 again outperforming CTRL in both trend magnitude and consistency. For EAC4, a correlation of R = 0.89, low bias 

(MBE = 0.052 × 10⁻²), and small error (RMSE = 0.0021) are obtained. The magnitude of observed trends is accurately 

reproduced at most sites, with 88 out of 92 stations exhibiting absolute trend differences smaller than 0.005 AOD yr⁻¹. EAC4 

correctly captures the sign of the AOD trend at 96.7% of stations, successfully reproducing all negative trends, while CTRL 1100 

shows weaker agreement and more frequent underestimation of trend magnitudes. Remaining discrepancies in EAC4 are 

confined to a small cluster of stations in Taiwan and northeastern China, where complex terrain, coarse model resolution, 

satellite retrieval uncertainties, and emission-related limitations likely contribute to the misrepresentation of trend magnitude 

or sign. 

Trend analyses over the full 22-year period and over two sub-periods (2003–2013 and 2014–2024) reveal clear decadal shifts 1105 

in both the magnitude and sign of AOD trends, with aerosol-speciated trends clarifying the mechanisms behind these 

transitions. The most pronounced change occurs over eastern China, where trends reverse from positive during the first decade 

to strongly negative during the second, reflecting a sharp decline in sulfate and organic matter AOD following the 

implementation of stringent air-quality policies. Negative trends also intensify over North Africa and the Sahel, coinciding 

with reductions in dust optical depth and a weakening of trans-Atlantic dust transport. In contrast, South Asia and the Middle 1110 

East maintain persistent positive trends across both decades, driven by continued increases in sulfate and organic aerosols, and 

by enhanced dust loading over the Middle East. Biomass-burning regions exhibit more complex behaviour: Central Africa 

shifts from increasing to decreasing trends, associated with declining organic aerosol contributions in the later period, while 

the Amazon shows the opposite transition, linked to increasing organic aerosol from intensified fire activity. Sliding-window 

trend analyses further demonstrate that the inferred sign and magnitude of AOD trends strongly depend on the selected time 1115 

window, especially in regions dominated by natural aerosol sources. While anthropogenic regions exhibit robust and 

temporally consistent declines driven by fine-mode aerosol reductions (primarily sulfate), dust- and biomass-burning-

dominated regions show pronounced variability in both total and speciated AOD, reflecting the combined influence of 

meteorological factors, and surface changes. A summary and highlight figure of the regional aerosol-speciated trend analysis 

for the full 2003–2024 period and the two decadal sub-periods (2003–2013 and 2014–2024), is presented in Fig. 17. 1120 
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Figure 17: (a) Regional AOD trends for the full period 2003–2024, and the two decades (b) 2003–2013 and (c) 2014–2024, shown for 

total AOD and individual aerosol components (DU: dust, SS: sea salt, OM: organic matter, BC: black carbon, and SU: sulfate). 

Arrows indicate the direction and relative magnitude of the linear trend, with arrow orientation and colors proportional to the trend 

sign and magnitude (AOD yr⁻¹). Lime-outlined arrows denote statistically significant trends (p < 0.05). Top panel displays the 1125 
geographical locations of the 18 ROIs (as presented in Fig. 2). 

Over regions where the most pronounced shifts in AOD trend patterns are observed, further work is required to better quantify 

the role of different driving mechanisms in modulating the diagnosed aerosol trends. While this study has explicitly and in an 

introductory way examined the contributions of individual aerosol components to the total AOD signal, it remains essential to 
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assess how changes in atmospheric circulation, wind regimes, precipitation, and humidity interact with these components to 1130 

shape long-term AOD variability. In desert regions, variations in soil moisture, vegetation cover, and surface winds can 

strongly influence dust emissions and transport, whereas in biomass-burning regions, climate-driven changes in fire frequency 

and intensity may modulate organic aerosol production. For example, increased aridity and land degradation can enhance dust 

mobilization, while higher precipitation and vegetation growth can stabilize soils and suppress dust emissions, leading to 

reduced AOD. These considerations highlight the need for future studies that explicitly link aerosol-speciated trends with 1135 

meteorological drivers and land–atmosphere interactions, thereby providing a more complete understanding of the mechanisms 

governing long-term AOD evolution and strengthening the basis for future climate and air-quality assessments. 

Data availability. The CAMS global reanalysis (EAC4) data used in this study were obtained from the Copernicus Atmosphere 

Monitoring Service (CAMS) Atmosphere Data Store (ADS) (Copernicus Atmosphere Monitoring Service, 2020; 

https://doi.org/10.24381/d58bbf47, accessed on 19-02-2026). The CAMS reanalysis dataset is described in Inness et al. (2019). 1140 

The Aerosol Robotic Network (AERONET) data are publicly available and can be accessed through the official website at: 

https://aeronet.gsfc.nasa.gov/. The derived datasets generated in this study—including the regional monthly mean values for 

all regions of interest (ROIs), global total AOD trends, aerosol-speciated trends, and the corresponding AERONET-based 

trend and evaluation metrics—will be made publicly available through a Zenodo repository upon publication. These derived 

products correspond exclusively to the EAC4 dataset. 1145 
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