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Abstract. 

South and East Asia have experienced contrasting air pollution trends over recent decades, with implications for regional 15 

climate, particularly surface temperature. However, the consistency between recent satellite-observed changes and climate 

model projections remains under-documented. Using IASI, OMI, MODIS and CERES satellite observations, we examine how 

changes in gaseous pollutants (CO, NO2, SO2) and aerosol loading (AOD) are associated with surface temperature (Tskin) 

changes over South and East Asia during 2008-2025, considering other key variables affecting Tskin (cloud fraction, surface 

shortwave radiation (SSW↓), vegetation cover). We compare observed changes with CMIP6 simulations under SSP1-2.6, 20 

SSP2-4.5, and SSP3-7.0 and discuss their evolution up to 2100. Observations reveal strong declines in CO, NO2, SO2, and 

AOD over East Asia and increases over South Asia. These trends align with a strong warming over East Asia and daytime 

cooling over South Asia, consistent with cloud fraction and SSW↓ trends. Vegetation greening reinforces cooling in South 

Asia while being outweighed by increased SSW↓ in East Asia. CMIP6 simulations reproduce observed gaseous pollutant 

changes over East Asia most consistently with SSP1-2.6, whereas South Asia lies between SSP1-2.6 and SSP2-4.5. AOD in 25 

both regions falls between SSP1-2.6 and SSP2-4.5. However, CMIP6 models do not reproduce the observed regional contrast 

in surface temperature. The extended historical period in CMIP7, overlapping with the satellite era, will provide new 

opportunities to evaluate model representations of recent air pollution changes and their associated climate responses. 

1. Introduction 

Asia has experienced remarkable demographic, economic, and industrial growth at varying paces since the 1980s, most notably 30 

South Asia and East Asia. While this transformation has profoundly reshaped the continent within a few decades, it has also 
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been accompanied by a marked deterioration in air quality, driven by increasing anthropogenic emissions (Kurokawa and 

Ohara, 2020; Lelieveld et al., 2001; Turnock et al., 2020).  

These emissions release a wide range of gaseous pollutants into the troposphere, such as carbon monoxide (CO), nitrogen 

oxides (NOx) and sulfur dioxide (SO2), as well as aerosols. CO is a toxic gas produced during incomplete combustion processes 35 

but also through oxidation reactions of methane and non-methane hydrocarbons (Seinfeld and Pandis, 2016). With its relatively 

long lifetime (few days to two months (Holloway et al., 2000)), CO can be transported over long distances and is therefore 

commonly used as a tracer of atmospheric pollution and biomass burning. NOx, which include nitrogen oxide (NO) and 

nitrogen dioxide (NO2), are emitted during fossil fuel combustion from sources such as vehicles, power plants, industries and 

biomass burning but also from natural sources (lightning, soil microbial processes). NOx are highly reactive and short-lived in 40 

the boundary layer, with a lifetime of only a few hours (Lange et al., 2022) and most atmospheric NO2 results from the rapid 

oxidation of NO (Seinfeld and Pandis, 2016). Besides volcanic sources, SO2 is emitted primarily from the combustion of fossil 

fuels such as coal and oil, as well as from industrial activities including power generation, oil refining, and metal smelting. It 

is also highly reactive, with a lifetime ranging from a few hours to several days (Chen et al., 2025b; Lee et al., 2011). Aerosols 

are emitted by anthropogenic activities and natural processes (e.g., dust storms, sea spray, and volcanic eruptions) and can be 45 

formed through chemical reactions in the troposphere. SO2 and NOx are important aerosol precursors, as they undergo rapid 

chemical transformation into secondary inorganic aerosols, mainly sulfate and nitrate, through nucleation and condensation 

processes (Szopa et al., 2021). Although CO is not a direct aerosol precursor, it can serve as a proxy for primary carbonaceous 

aerosols, especially black carbon, since they are often co-emitted during incomplete combustion. The lifetime of aerosols is 

relatively short, ranging from a few hours to a few days, depending on their size and removal processes through dry and wet 50 

deposition (Jacob, 2000). 

Exposure to gaseous pollutants and aerosols, in particular fine particulate matter (PM), is detrimental to human health, since 

they can induce cardiovascular and respiratory diseases, leading to increased morbidity and premature mortality (Chen et al., 

2007; Cui et al., 2022; Jo et al., 2026). Beyond its health impact, air pollution also influences the Earth's climate by altering 

the atmospheric and surface energy budgets. Gases can directly modify the Earth's radiative balance through the absorption 55 

and emission of radiation or indirectly through atmospheric chemical processes leading to the formation of radiatively active 

species such as ozone and aerosols. The radiative impacts of aerosols depend on particle size, chemical composition and 

loading and occur through two main mechanisms (Forster et al., 2021) : aerosol-radiation interaction (ARI) and aerosol-cloud 

interactions (ACI).  ARI refers to the direct effect via the scattering and absorption of shortwave radiation and is more directly 

related to aerosol loading and optical properties, commonly represented by the Aerosol Optical Depth (AOD). ACI is the 60 

indirect effect, where aerosols act as cloud condensation nuclei (CCN) and modify the radiative properties and lifetime of 

clouds (Albrecht, 1989; Twomey, 1974). Through these interactions, aerosols and clouds can substantially modify the amount 

of solar radiation reaching the surface, potentially contributing to regional surface cooling or warming depending on aerosol 

optical properties and atmospheric conditions (Huang et al., 2006; Krishnan and Ramanathan, 2002; Sarangi et al., 2018). 

While aerosols and clouds modulate incoming shortwave radiation, surface temperature also depends on the partitioning of 65 
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surface energy into radiative and turbulent fluxes which are modulated by surface characteristics such as albedo, roughness, 

and vegetation cover. In particular, vegetation affects surface temperature through changes in evapotranspiration and albedo, 

depending on the vegetation type and environmental conditions (Li et al., 2015; Yang et al., 2020, 2019). 

Monitoring long-term variations in atmospheric pollution is thus essential to assess its potential impact on regional climate. 

However, air quality monitoring stations remain spatially limited and unevenly distributed across Asia. In South Asia in 70 

particular, long-term trend analysis is difficult because measurements are sparse, often shorter than a decade, and sometimes 

affected by data quality issues (Vohra et al., 2025). Satellite observations offer consistent monitoring of the Earth’s atmosphere 

and surface at large spatial scales and relatively long time periods, making them well suited for investigating pollutant trends 

and their potential influence on climate variables.  

Trend studies of CO, NO2, SO2, and AOD using satellite observations over Asia are well established (Buchholz et al., 2021; 75 

Fan et al., 2025; Rahman et al., 2023; Ul-Haq et al., 2015; Wang et al., 2018; Zhang et al., 2020). These studies have 

documented notable changes in air pollution over recent decades, reflecting the impact of emission control policies across the 

region. This is particularly true for China where strong air quality regulations, such as the Air Pollution Prevention and Control 

Action Plan (APPCAP) deployed in 2013, have led to significant declines in pollutant levels (De Leeuw et al., 2024; Peng et 

al., 2025; Tang et al., 2026). In India, although air quality policies have been implemented, such as the National Clean Air 80 

Programme (NCAP) introduced in 2019, their effectiveness in reducing emissions and improving air quality remains uncertain 

(Gulia et al., 2022; Guttikunda et al., 2025; Xie et al., 2024).  In neighbouring countries, national air quality regulations are 

only now being introduced, such as Pakistan with the National Clean Air Policy in 2023, and Bangladesh with the National 

Air Quality Management Plan for 2024-2030 (Ministry of Environment, Forest, and Climate Change, 2024; Ministry of 

Climate Change, 2023). 85 

The air pollution variability and regulations over the last decades have implications for the regional climate, through their 

influence on aerosol-cloud dynamics and consequently, surface temperature (Chen et al., 2025a; Kant et al., 2022; Sarin and 

Vinoj, 2026). Over the last decades, the availability of advanced satellite instruments has made it possible to monitor both 

atmospheric composition and temperature changes concurrently, but most studies have focused on either air pollution or 

temperature trends separately. To our knowledge, few studies have jointly examined air pollution and surface temperature 90 

trends in Asia over the last two decades (2008-2025), based on long-term satellite observations. Furthermore, while future 

aerosol and temperature trends are frequently discussed, the future evolution of gaseous pollutants remains under documented, 

despite many of these species acting as essential aerosol precursors (Pathak and Kuttippurath, 2026; Ramachandran et al., 

2022; Ren et al., 2024; Samset et al., 2019). In particular, there is a gap in the literature on the extent to which current 

observations (of air pollutants and surface temperature) compare with the future projections defined within the sixth phase of 95 

the Coupled Model Intercomparison Project (CMIP6) scenarios, which were used in the last Intergovernmental Panel on 

Climate Change assessment report (IPCC, 2023).  

Here, we investigate the evolution of air pollution in South and East Asia alongside changes in surface temperature over the 

recent decades (2008-2025) and through the end of the century (2008-2100). To do so, we combine observations from a diverse 
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suite of polar-orbiting satellite instruments, including the Infrared Atmospheric Sounding Interferometer (IASI, Clerbaux et 100 

al., 2009), the Ozone Monitoring Instrument (OMI, Levelt et al., 2006), the Moderate-Resolution Imaging Spectroradiometer 

(MODIS, Xiong & Barnes, 2006), and the Clouds and the Earth's Radiant Energy System (CERES, Wielicki et al., 1996), with 

simulations from selected CMIP6 models under various future scenarios (Sect. 2). We first analyze the drivers of observed 

regional surface temperature trends to identify their underlying mechanisms in Sect. 3. This includes an assessment of air 

pollutants (both aerosols through AOD and gaseous species such as CO, NO2 and SO2), cloud fraction, incoming shortwave 105 

radiation (Surface Shortwave Downward Flux, SSW↓) and vegetation cover, represented by the Normalized Difference 

Vegetation Index (NDVI). We then assess how regional air pollution and surface temperature changes align with different 

CMIP6 Shared Socio-economic Pathways (SSP) over the 2008-2025 period, evaluating the extent to which current 

observational trends are captured by model projections (Sect.  4). The future evolution of air pollutants and their implications 

for future surface temperature trends are examined in Sect. 5, followed by a discussion and conclusion. 110 

2. Datasets and methods  

2.1. Satellite observations  

2.1.1. CO concentrations, cloud fraction and skin temperature from IASI  

In this study, we use three IASI Level-2 data products: CO total columns, cloud fraction, and skin temperature (Tskin). IASI is 

a nadir-viewing Fourier Transform Spectrometer that has been measuring the Earth-atmosphere system’s thermal infrared 115 

emission in the 645-2760 cm⁻¹ spectral range since 2007, aboard the polar-orbiting meteorological satellites Metop-A, -B and 

-C. With a swath width of 2200 km, IASI achieves global coverage twice a day at 09:30 a.m./p.m. local solar time. Each IASI 

field of view is composed of four pixels with a 12 km diameter circular footprint at nadir, expanding to a 20×39 km elliptical 

footprint at the swath extremities. A wide range of meteorological parameters and columnar concentrations of diverse trace 

gases can be retrieved from IASI radiances, thanks to its excellent spectral resolution of 0.5 cm-1 (apodised) and low 120 

radiometric noise (Clerbaux et al., 2009). Metop‐A has been in drifting orbit since mid‐2019 and Metop-B since late 2022. 

Although Metop-A was officially decommissioned in October 2021, the IASI mission has provided over 19 years of continuous 

data and is expected to last until at least 2030 with Metop-C. This extensive dataset enables long-term global atmospheric 

monitoring, from tracking pollution from anthropogenic sources (Boynard et al., 2014; Clarisse et al., 2011) and biomass 

burning (Ehret et al., 2025; Sinnathamby et al., 2026; Turquety et al., 2009) to evaluating thermal comfort in the context of 125 

climate change (Safieddine et al., 2022). Beyond atmospheric composition and surface applications, IASI measurements have 

also been used to estimate spectrally resolved outgoing longwave radiation and investigate radiative forcing (Whitburn et al., 

2021, 2026). 

CO total columns  
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IASI CO total columns are obtained from the Climate Data Record (CDR, AC SAF, 2024a) and near-real time (NRT) products. 130 

Both datasets are generated using the same version of the Fast Optimal Retrievals on Layers for IASI (FORLI) v20151001 

algorithm (George et al., 2015; Hurtmans et al., 2012), ensuring consistency across the time series. The CDR is based on 

reprocessed IASI Level 1C radiances and meteorological input fields and spans from July 2007 to December 2023 for Metop-

A and Metop-B (EUMETSAT, 2025). IASI CO retrievals show maximum sensitivity around 5-7 km, while near-surface 

sensitivity is strongly dependent on the thermal contrast (Bauduin et al., 2017; Clerbaux et al., 2009). We only consider daytime 135 

observations (solar zenith angle < 90°) and the most reliable pixels (general quality flag of 2 and cloud cover <25%).  

Cloud fraction  

Cloud fraction is obtained from the IASI Cloud Detection product, which is derived from a supervised neural network 

developed by Whitburn et al. (2022). This algorithm uses IASI radiances selected outside the spectral regions sensitive to CO2 

and water vapor, ensuring the dataset’s stability over time and hence suitability for climate studies. The Cloud Detection 140 

product has been evaluated against the operational IASI Level 2 cloud product and other satellite-based cloud datasets, showing 

good agreement and consistent performance over the IASI time series (Whitburn et al., 2022). We only consider daytime 

observations (solar zenith angle < 90°).  

Skin temperature (Tskin) 

Tskin is obtained from the latest version of the clear-sky IASI skin (surface) temperature neural network product (Safieddine et 145 

al., 2020, 2026). The IASI Tskin product has been evaluated through a global comparison with other satellite products and 

reanalysis data, showing broadly consistent spatial patterns and temporal variability over the 2008-2022 period (Safieddine et 

al., 2026). 

IASI data processing 

For each L2 product, we combine observations from the three Metop platforms to ensure a continuous 18-year time series, as 150 

follows: 

• January 2008 - February 2013: Metop-A only 

• March 2013 - December 2019: Metop-A and Metop-B combined  

• January 2020 - December 2025: Metop-B and Metop-C combined  

Metop-A is excluded after 2019 due to its orbital drift. Regarding Tskin, only Metop-C is considered after 2023, to avoid biases 155 

on local overpass times introduced by the orbital drift of Metop-B. For all IASI datasets, monthly grids were obtained by 

averaging 1°×1° daily grids, generated from the Level 2 data described above.  

2.1.2. Tropospheric NO2 and SO2 concentrations from OMI 

We use here tropospheric NO2 and SO2 concentrations from OMI aboard NASA’s Aura satellite, operational since 2004. OMI 

measures solar backscattered radiation in the ultraviolet and visible range (260-500 nm) at a local overpass time at 01:45 p.m. 160 

Its spatial resolution extends from approximately 13×24 km² at nadir, to 24×160 km² at swath edges with a global coverage of 

approximately every two days (Lamsal et al., 2021). OMI provides the only continuous and consistently reprocessed satellite 
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record of both tropospheric NO2 and SO2 over the 2008-2025 period, making it particularly well suited for long-term trends 

globally, including Asia (Ali et al., 2024; Krotkov et al., 2016; Li et al., 2017; Rahman et al., 2023).  

Tropospheric NO2 vertical column densities  165 

Tropospheric NO2 vertical column densities (VCDs) are obtained from the Level 2 OMI NO2 standard product, version 5 

(OMNO2) (Krotkov et al., 2024a). The retrieval is performed in the 402-465 nm spectral range using Collection 4 Level 1B 

data. The algorithm employs a spectral fitting technique to estimate slant column densities which are subsequently converted 

to VCDs using Air Mass Factors (AMFs) (Bucsela et al., 2013). Only good quality pixels are selected here, i.e. with a cloud 

fraction < 30%, solar zenith angle < 85° and a “XTrackQualityFlagsModified” value of 0 (Krotkov et al., 2024b).  170 

SO2 vertical column densities 

SO2 VCDs are obtained from the Level 2 SO2 standard product, version 2.1 (OMSO2) (Krotkov and Li, 2025). The retrieval 

algorithm uses an updated principal component analysis (PCA)-based algorithm in the 310-340 nm range to derive SO2 SCDs, 

which are converted to VCDs using pixel-specific SO2 Jacobian (AMFs) and updated monthly model-based a priori profiles. 

High-quality observations are used here, i.e., scenes near the center of the swath (rows 4-54), with solar zenith angle < 65°, 175 

cloud radiance fraction < 0.3 and AMF > 0.3 (Krotkov and Can, 2025).  

OMI retrieval sensitivity and data processing 

Both NO2 and SO2 retrievals rely on the conversion of slant column densities into VCDs using AMFs. AMFs characterize the 

vertical sensitivity of the retrieval and depend on observation conditions, including cloud and aerosol loading. Sensitivity to 

near-surface trace gases is generally reduced, particularly under high cloud or aerosol conditions (Boersma et al., 2004; Lamsal 180 

et al., 2021; Li et al., 2020).  

For this study, NO2 and SO2 data are gridded at a 1°×1° spatial resolution from the Level 2 products. For SO2, we apply a 

Hampel filter to the daily grids to reduce the impact of volcanic SO2 plumes on the monthly averages (Hampel, 1974).  

2.1.3. AOD and NDVI from MODIS 

We use here MODIS observations to characterize both aerosols loading and vegetation cover changes through Aerosol Optical 185 

Depth (AOD) and Normalized Difference Vegetation Index (NDVI), respectively. MODIS observes radiation reflected and 

emitted by the Earth and its atmosphere in the visible and infrared ranges (0.4-14.4 μm) along a 2300 km-wide swath (Xiong 

and Barnes, 2006). It has been operating on the Terra satellite since 2000 and crosses the equator at approximately 10:30 

a.m./p.m. local time, with a revisit time of 1-2 days. 

Aerosol Optical Depth (AOD) 190 

AOD at 550 nm from MODIS Terra is used in this study to quantify the light extinction by aerosols. We specifically use daily 

1°×1° grids from the Level 3 MOD08D3 product (MODIS Atmosphere Science Team, 2015), derived from the Level 2 

MOD04 product at a spatial resolution of 10km. MODIS AOD products have been validated in East and South Asia against 

aircraft, AERONET and other satellite measurements (Choi et al., 2019; Payra et al., 2023; Su et al., 2022; Wei et al., 2019), 

showing good performance in representing regional aerosol loading. The Level 2 AOD retrieval uncertainty over land is 195 
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estimated to be ±(0.05 + 0.15 × AOD) for the Dark Target retrieval and ±(0.03 + 0.20 × AOD) for the Deep Blue retrieval. 

Monthly grids were obtained by averaging the MOD08D3 daily grids. 

Normalized Difference Vegetation Index (NDVI) 

To characterize land surface changes, particularly to assess the extent to which vegetation cover influences surface temperature 

trends, we use the NDVI also from MODIS Terra, more specifically the monthly MOD13A3 Version 6.1 product (Didan, 200 

2021). This dataset is given at 1km spatial resolution and was gridded at a spatial resolution of 1°×1°. NDVI represents 

vegetation greenness and density and is calculated from reflectance in the red (0.6 -0.7 µm) and near-infrared (NIR, 0.7-1.1 

µm) bands, as: 

𝑁𝐷𝑉𝐼 =  
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
            (1) 

NDVI values range from −1 to 1 with low values (< 0.2) indicating bare surfaces (urban areas or sparse vegetation) and high 205 

values (> 0.5) dense vegetation cover (tropical forests).  

2.1.4. Surface Shortwave Downward Flux (SSW↓) from CERES  

As Tskin depends on the amount of solar radiation reaching the surface, we use Surface Shortwave Downward Flux (SSW↓) 

from CERES to examine how atmospheric processes modulate surface radiation and consequently Tskin trends. The CERES 

instruments, which are currently operating on the Terra, Aqua, Suomi-NPP and NOAA-20 satellites, measure broadband 210 

radiances across the 0.3-200 µm spectral region, including the shortwave region (0.3-5 µm). These observations are used to 

derive top-of-atmosphere (TOA) and surface radiative fluxes (irradiances) at spatial resolutions ranging from 20 to 24 km, 

depending on the satellite.  

We use here 1×1° monthly grids of SSW↓ given by the Energy Balanced and Filled (EBAF) Edition 4.2.1. dataset, as it is the 

only consistent satellite-based product over the 2008-2025 period (Kato et al., 2018, 2025; Loeb et al., 2018). This product 215 

estimates all-sky and clear-sky SSW↓ through radiative transfer calculations using cloud and aerosols properties from MODIS 

and VIIRS along with temperature and humidity profiles from MERRA-2 reanalysis. These fluxes are constrained by CERES 

TOA irradiances from Terra and Aqua through March 2022 and NOAA-20 thereafter (Loeb et al., 2024). Comparison with 

surface observations indicate an uncertainty of approximately 12 W/m² for the EBAF surface shortwave irradiance over land 

(Kato et al., 2018). Both clear-sky and all-sky SSW↓ are discussed in this study.  220 

2.2. MERRA-2 reanalysis  

Air temperature at 2 meters (T2m) and clear-sky SSW↓ from the Modern-Era Retrospective analysis for Research and 

Applications Version 2 (MERRA-2, Gelaro et al., 2017) reanalysis are used in this study to link the observed IASI Tskin trends 

with atmospheric processes, specifically at IASI overpass times. MERRA-2 is produced by NASA Global Modeling and 

Assimilation Office (GMAO) using the Goddard Earth Observing System Model (GEOS) version 5.12.4. It incorporates and 225 

assimilates a wide range of observations, including satellite observation of AOD from MODIS making it suitable for our study. 
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T2m and clear-sky SSW↓ are retrieved from the M2T1NXSLV and M2T1NXRAD collections, respectively. These datasets are 

given at a spatial resolution of 0.5°×0.625° and a temporal resolution of 1-hour, and are matched to IASI overpasses in both 

time and space. The collocated data are then regridded onto a 1×1° grid. 

2.3. Anthropogenic emissions from CAMS-GLOB-ANT and fire emissions from GFAS  230 

To assess changes in anthropogenic and fire emissions over 2008-2025, we used the CAMS-GLOB-ANT and the Global Fire 

Assimilation System (GFAS) emission inventories. The CAMS-GLOB-ANT version 6.2 provides the yearly emissions of 

pollutants in different sectors such as CO, SO2 and NOx (Soulie et al., 2024). The methodology consists of using the 

Community Emissions Data System (CEDS) emissions to extrapolate emissions the Emissions Database for Global 

Atmospheric Research (EDGAR) version 6 and 7 up to 2026 (Crippa et al., 2018, 2021). For China, extrapolation was instead 235 

performed using REAS trends (2012-2015) for available species and sectors to ensure better regional agreement (Denier van 

der Gon et al., 2025). Fire emissions of CO and NOx are derived from GFAS, which estimates daily fire fluxes by assimilating 

fire radiative power from satellite observations (Kaiser et al., 2012). We use here a combination of the versions 1.2 (January 

2008- November 2025), based on MODIS Aqua and Terra data, and 1.4 (December 2025), which incorporates VIIRS Suomi-

NPP observations in supplement.  240 

2.4. CMIP6 simulations  

2.4.1. Model and scenario selection  

To examine the present and future evolution of pollutants and surface temperature, we work with outputs from selected Earth 

system models contributing to CMIP6 (Eyring et al., 2016), as detailed in Table 1. Among all the models contributing to 

CMIP6, only three currently provide all the required outputs for our study (CO, NO2 (including tropopause height), SO2, AOD 245 

at 550 nm, and surface temperature) across both the historical simulation (2008-2014) and the SSP1-2.6, SSP2-4.5, and SSP3-

7.0 future scenarios (2015-2100). We chose these scenarios to capture a full range of future evolutions of air pollution and 

surface temperature. They span from a low-warming pathway with SSP1-2.6, where global radiative forcing reaches 2.6 W/m² 

by the end of the century, to a high-warming pathway with SSP3-7.0, reaching 7.0 W/m². Between these two pathways, SSP2-

4.5 represents a “middle-of-the-road” pathway that follows historical trends, with a moderate radiative forcing reaching  4.5 250 

W/m2 by 2100 (O’Neill et al., 2016). Air quality trajectories in SSPs are defined by the stringency of pollution control measures 

and the timing of their implementation at the global and regional scales, but also on the co-benefits arising from climate 

mitigation policies (Rao et al., 2017; Riahi et al., 2017). While the SSP1-2.6 combines strong climate mitigation, such as 

transition to cleaner energies and decarbonized transport and industries, with strict pollutant emissions control, SSP3-7.0 

represents the opposite extreme. In SSP3-7.0, a lack of climate mitigation policies and delayed air quality regulations in 255 

developing countries lead to less efficient emission control than in SSP1-2.6. This scenario also features high population 

growth and economic development fuelled by fossil fuels, with an increasing contribution of coal to the energy mix at the end 
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of the century. Meanwhile, SSP2-4.5 follows a similar pathway to SSP1-2.6 but adopts a more gradual and less ambitious 

approach to pollution control. Here, only a single simulation (variant) is considered for each model. The corresponding variant 

labels are given in Table 1. 260 

Model/Institution Horizontal and vertical resolution Variant Model references Data citation 

GFDL-

ESM4/NOAA 

1.25°×1°  

49 levels (top level 0.01 hPa) 

r1i1p1f1 Dunne et al., 2020 

Horowitz et al., 2020 

John et al., 2018; 

Krasting et al., 

2018 

MRI-ESM2-

0/MRI 

1.125° × 1.125° (surface temperature, 

AOD) 

2.8125° × 2.8125° (CO, NO2, SO2) 

80 levels (top level 0.01 hPa) 

r1i1p1f1 Yukimoto et al., 2019 

Oshima et al., 2020 

(Yukimoto et al., 

2019b, a) 

UKESM1-0-

LL/MOHC 

1.875×1.25° 

85 levels (top level 85 km) 

r1i1p1f2 Sellar et al., 2019 

Archibald et al., 2020; 

Mulcahy et al., 2018 

Good et al., 

2019; Tang et al., 

2019 

Table 1. Description of CMIP6 models used in this study.  

Anthropogenic and biomass burning emissions from the Community Emissions Data System (CEDS, Hoesly et al., 2018) and 

BB4CMIP (Van Marle et al., 2017) datasets, respectively, which were both developed in support of CMIP6, are used as input 

emissions. Note that the BB4CMIP dataset for the era since 1997 is built upon the Global Fire Emissions Database (GFED4.1s, 

van der Werf et al., 2017), which is directly derived from satellite observations of fire activity (e.g., burned areas and thermal 265 

anomalies from MODIS). While anthropogenic and biomass-burning emissions are prescribed, other natural emissions (e.g., 

dust and biogenic volatile organic compounds) are calculated internally and depend on the configuration of each model (see 

references in Table 1 for detailed information).  

2.4.2. Processing CMIP6 outputs for comparison with satellite observations 

All outputs from selected models are re-gridded to the same spatial resolution of the coarsest model (3×3°) then averaged to 270 

produce the multi-model mean. For the gaseous pollutants, vertical profiles are converted beforehand to column concentrations 

in order to compare with the satellite products. CO and SO2 total column are calculated by integrating over pressure levels, 

from the surface to the top level as defined in the model configuration. Tropospheric NO2 column is calculated by integrating 

from the surface to the tropopause height, which is also given by the same simulations. We decided to not smooth the model 

profiles with the satellite instruments’ averaging kernels (AK), contrary to standard practice (Pandey et al., 2025). The AKs, 275 

which represent the vertical resolution and sensitivity of the retrieval, vary significantly with instantaneous atmospheric 

conditions, such as thermal contrast for thermal infrared sounders (Bauduin et al., 2017). As CMIP6 outputs are provided as 
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monthly averages, applying monthly averaged AKs would be physically inconsistent. Averaging AKs over a month erases the 

key information needed to properly represent the instrument's vertical resolution, leading to a loss of physical 

representativeness.   280 

2.5. Linear trend estimation and regions of study  

Trend analysis for each variable is performed using quantile regression at the median (Koenker and Bassett, 1978) on monthly 

data, which were beforehand deseasonalized by subtracting the monthly climatology (average over the 2008-2025 period) from 

the original data. To account for temporal autocorrelation and non-normal error distributions, trends standard error and 

significance are estimated using the moving block bootstrap (MBB) method (Fitzenberger, 1998). The MBB approach consists 285 

of resampling overlapping blocks of the time series to generate synthetic series of the same length, from which linear slopes 

(trend values) are estimated. Trend standard error is defined as the standard deviation of the bootstrap linear slopes. Trends are 

considered statistically significant at the 95% confidence level (2σ) and their values are expressed in percent per decade 

(%/dec) after normalization by the 2008-2025 average, except for surface temperature trends which are reported in °C/dec.  

Regional analysis is made over the AR6 reference regions East Asia (EAS) and South Asia (SAS) as defined in Iturbide et al 290 

(2020), but restricted to land areas below 2 km elevation to exclude high-altitude regions such as the Himalayas. Regional 

means and trends discussed in Sect. 3, as well as relative changes in Sect. 4 and 5, are therefore representative of the low-

elevation regions where most pollution sources and population are located. The SAS region extends from southern Pakistan, 

India, Bangladesh to Myanmar, while East Asia encompasses mainly Eastern China, the Korean Peninsula and Japan. An 

elevation map including the cities and sub-regions discussed in Sect. 3 is provided in the Supplement (Fig. S1). Trend values 295 

discussed in Sect. 3 are calculated from the regional mean monthly anomaly time series for each reference region. 

3. Observed trends in air pollutants and their impact on the regional climate (2008-2025) 

3.1. Regional evolution of gaseous pollutants (CO, NO2 and SO2) and aerosol loading (AOD) 

Figure 1 shows the average spatial distribution of CO, NO2, SO2 and AOD across Asia over the 2008-2025 period in panels a, 

c, e and g, respectively. Their corresponding annual trends are illustrated in panels b, d, f and h, where hatched areas denote 300 

statistical significance. Trends are calculated on a 1×1° grid and are only shown for grid cells with at least 70% data availability.  

Since relative trends are normalized by the mean concentration over the study period, they can become artificially large in 

regions with very low background concentrations. Therefore, to avoid spurious relative trends resulting from normalization by 

very small mean concentrations, values are only displayed for cells where the average concentration exceeds 0.5×1015 

molecules/cm² for NO2 and 0.01 DU for SO2. Trends values with their associated standard errors for each variable across South 305 

and East Asia (represented by the magenta lines in panel a) are provided in Fig. 3.  
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Figure 1. Left column (top to bottom): spatial distributions of CO (a), NO2 (c) and SO2 (e) concentrations, and AOD (g) averaged 

over the 2008-2025 period. Right column (top to bottom): corresponding trends at a 1×1° spatial resolution for CO (b), NO2 (d), SO2 

(f) and AOD (h) over 2008-2025. Hatched areas indicate statistically significant trends. East Asia (EAS) and South Asia (SAS) are 310 
delimited by the solid lines in magenta on panel (a).  

From Fig. 1a, 1c and 1e, we observe a distinct regional difference in average CO, NO2 and SO2 concentrations between South 

Asia and East Asia. For CO, East Asia exhibits a higher mean value (2.6 × 1018 molecules/cm²) and greater spatial variability 

than South Asia (2.3×1018 molecules/cm²). Within the East Asian region, the highest CO levels (> 3×1018 molecules/cm²) are 
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observed across Eastern China and the Sichuan Basin. In South Asia, the highest CO concentrations are found over the eastern 315 

part of India and Bangladesh (> 2.5×1018 molecules/cm²), particularly along the eastern Indo-Gangetic Plain (IGP).  

NO2 and SO2 share very similar spatial patterns, as both gases are short-lived and share some common anthropogenic sources 

and so, remain concentrated close to emission sources. The highest NO2 concentrations (> 4×1015 molecules/cm²) are found in 

densely populated cities, such as Lahore, Delhi, Varanasi, and Dhaka in the IGP, as well as Guangzhou and Shenzhen, 

Chongqing in South Central China, Chengdu in Sichuan, Seoul in South Korea and Tokyo in Japan (Fig. 1c and Fig. S1 in 320 

Supplementary). Elevated NO2 concentrations are also prominent in heavily industrialized regions, notably the North China 

Plain (NCP) and the industrial complexes and coalfields located in the eastern Indian states of Chhattisgarh, Jharkhand, and 

Odisha, part of the Indian coal belt. Despite these shared characteristics, East Asia exhibits a significantly larger extent of high 

NO2 concentrations, explaining its higher average value compared to South Asia (4.4×1015 molecules/cm² vs. 1.9×1015 

molecules/cm²). Similarly, SO2 hotspots are also observed in these sub-regions, as they are associated with heavy industry and 325 

coal-fired power plants (Fig. 1e). In South Asia, these hotspots are prominently visible over the eastern Indian coal belt, 

whereas in East Asia, they are primarily located in the Sichuan Basin, the Ningxia province and the Beijing-Tianjin-Hebei 

region. While regional mean values for SO2 remain relatively low due to the highly localized nature of its emissions (0.04 DU 

for South Asia and 0.06 DU for East Asia), concentrations within these specific hotspots can exceed 0.2 DU. 

CO, NO2 and SO2 trends illustrated in Fig. 1b, 1d, 1f and summarized in Fig. 3, reveal a clear divergence between South Asia 330 

and East Asia: a steady increase is observed in South Asia for all three pollutants, while East Asia exhibits a significant and 

widespread decline. This contrast is first evident for CO, where South Asia exhibits a positive and significant trend of +3.9 ± 

1.1 %/dec whereas East Asia shows a negative and significant trend of -9.4 ± 1.7 %/dec. The NCP and Sichuan Basin display 

the most pronounced declines (< -10 %/dec), while the increasing trend in South Asia appears more regionally homogeneous 

(Fig. 1b). We also observe a similar contrasting pattern in NO2 trends between the two regions, though with greater magnitude 335 

than for CO (Fig. 1d). Specifically, South Asia exhibits a significant upward trend (+12.4 ± 2.1 %/dec) whereas East Asia is 

characterized by a significant downward trend (-22.5 ± 4 %/dec). Fig. 1f also shows divergent pattern in SO2 trends between 

South Asia and East Asia. A significant negative trend of -84.6 ± 16.3 %/dec is found over East Asia, while South Asia shows 

a positive significant trend of 14.4 ± 3.5 %/dec. We also notice from Fig. 1f that trends are spatially less homogenous in 

comparison to CO, especially for South Asia. The significant and increasing trends are mainly located over the Eastern Indian 340 

coal belt, consistent with the intensified activity and expansion of coal-fired power plants found in the region (Fioletov et al., 

2023).  

These divergent satellite-observed trends align with the evolution of anthropogenic emissions of CO, NOx, and SO2, as given 

by the CAMS-GLOB-ANT inventory (Fig. S2 in Supplement). In contrast, no divergence between East Asia and South Asia 

is observed in biomass burning emissions of CO and NOx, with decreases observed in both regions according to the GFAS 345 

inventory (Fig. S3 in Supplement). However, biomass burning represents a smaller contribution than anthropogenic emissions. 

For example, CO emissions from local anthropogenic sources are approximately 7 and 20 times larger than those from biomass 

burning over South and East Asia, respectively, suggesting a dominant role of anthropogenic sources in driving the observed 
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regional trends. The decline in local fire emissions may have contributed to the decreasing trends observed over East Asia but 

cannot explain the increasing trends observed over South Asia. 350 

Both South Asia and East Asia generally present high values of AOD (0.42 and 0.47, respectively), implying a high aerosol 

loading in these regions, as shown in Fig. 1g. However, within each region, specific areas exhibit even higher values, such as 

the IGP in South Asia, and the NCP and Sichuan Basin in East Asia, where average AOD exceed 0.75. While AOD only 

provides an indication of the total aerosol loading and not its specific chemical composition, its spatial distribution coincides 

with those of CO, NO2 and SO2, suggesting a predominantly anthropogenic nature for the aerosols in the regions. However, 355 

mineral dust transport can also influence the observed AOD, particularly in South Asia through emissions from arid regions 

surrounding the Indian subcontinent and the Thar Desert (Jain et al., 2025; Prasad and Singh, 2007), and in East Asia through 

the Taklamakan and Gobi Deserts (Chen et al., 2025c), although this contribution is generally more episodic and strongly 

modulated by wind conditions compared with the more continuous contribution of anthropogenic emissions. 

Same as CO, NO2 and SO2, a significant positive trend is found in South Asia (+9.2 ± 1.7 %/dec), while East Asia shows a 360 

significant negative trend (-32.2 ± 1.8 %/dec, Fig. 1h and 3). The consistency between AOD and gaseous pollutant trends 

suggests a substantial contribution from anthropogenic sources to aerosol changes, particularly in East Asia where the decline 

is most pronounced. This decrease is also consistent with the reduction in dust optical depth observed over Eastern China, 

especially during March–May (Liu et al., 2024). In South Asia, the AOD trend shows notable spatial heterogeneity (Fig. 1g) : 

while the majority of the Indian Peninsula exhibits a significant increasing trend, the Thar Desert shows a significant decline, 365 

previously reported by Pandey et al. (2017). This was attributed to a reduced dust loading associated with increased 

precipitation during the pre-monsoon season (March-May).  

3.2. Surface temperature responses to air pollution changes and associated radiative processes 

Aerosols have an influence on cloud formation and land surface temperature (Tskin) through both direct and indirect radiative 

effects, which alter the amount of incoming shortwave radiation reaching the surface (SSW↓). Tskin is also modulated by land 370 

surface properties such as vegetation changes, represented here by NDVI. Figure 2 illustrates the spatial distribution of cloud 

fraction, clear-sky SSW↓, Tskin and NDVI across Asia, averaged over the 2008-2025 period in panels a, c, e and g, respectively. 

Their corresponding annual trends, calculated at a 1×1° spatial resolution, are given in panels b, d, f and h. Note that we show 

here only Tskin average and trends over 2008-2025 from IASI daytime observations in Fig. 2e and 2f.  

https://doi.org/10.5194/egusphere-2026-4393
Preprint. Discussion started: 17 August 2026
c© Author(s) 2026. CC BY 4.0 License.



14 

 

 375 

Figure 2. Left column (top to bottom): spatial distribution of cloud fraction (a), clear-sky SSW↓ (c), Tskin (e), and NDVI (g) averaged 

over 2008-2025. Right column (top to bottom): corresponding trends at a 1×1° spatial resolution for cloud fraction (b), clear-sky 

SSW↓ (d), Tskin (f) and NDVI (h) over 2008-2025. Hatched areas indicate statistically significant trends. East Asia (EAS) and South 

Asia (SAS) are delimited by the solid lines in magenta on panel (a). 

From Fig. 2a, we observe an overall higher cloud fraction in East Asia than in South Asia (69% vs. 42%). South Asia includes 380 

areas with low cloud fraction, reaching down to 20% in the arid areas of Southern Pakistan. In contrast, East Asia contains 

areas with much higher cloud fraction exceeding 80%, such as South-Central China and the Sichuan Basin.  

Figure 2c shows that East Asia presents a lower average clear-sky SSW↓ compared to South Asia (241 vs. 260 W/m²), which 

is partly due to the higher latitudes of the region. Beyond this latitudinal effect, significant spatial variations within each region 
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can be linked to high aerosol loading. This is particularly evident in the NCP and the IGP, both of which exhibit reduced 385 

radiation with clear-sky SSW↓ values dropping to approximately 220 W/m².  

Same as clear-sky SSW↓, South Asia records a significantly higher average Tskin than East Asia (31°C vs. 18.2°C, Fig. 2e). 

Tskin is spatially more homogenous in East Asia than in South Asia, where a thermal gradient is observed from higher 

temperatures in Southern Pakistan toward lower temperatures in Central India.  

These climatic features are also closely coupled with surface vegetation. South Asia presents a lower mean NDVI than East 390 

Asia (0.46 vs. 0.55, Fig. 2e), reflecting the larger extent of semi-arid and arid regions (Southern Pakistan, Thar desert). The 

remaining vegetated areas are largely dominated by croplands, while forests are mainly located in Central and Eastern India 

and Myanmar (Reddy et al., 2020). East Asia is characterized by a mosaic of intensive agricultural areas, such as the NCP, 

and dense forests regions mainly located in Central and Southern China (Yang and Huang, 2021).  

Similarly to the diverging trends in gaseous pollutants and aerosols, we observe a marked contrasting pattern of cloud fraction, 395 

SSW↓ and Tskin trends across Asia (Fig. 2b, 2d and 2f). Over the 2008-2025 period, South Asia exhibits a widespread positive 

trend in cloud fraction, at a rate of +4.3 ± 2.3 %/dec, where East Asia shows a moderate decline of -1.5 ± 1.1 %/dec (Fig. 3). 

Although not statistically significant, trends in cloud fraction are consistent with the observed trends in AOD, supporting the 

relationship between aerosols and cloud formation.  

Regarding clear-sky SSW↓, a significant negative trend is found over South Asia, whereas a significant positive trend is 400 

observed over East Asia (-1.1 ± 0.1 vs. +1.2 ± 0.4 %/dec, Fig. 3). Similar trend directions but of greater magnitude are observed 

for all-sky SSW↓ (Fig. S4 in Supplement). Because of the difference in overpass times between CERES and IASI, and to 

ensure better temporal consistency for Tskin trends which are dependent on the hour of day (Safieddine et al., 2025), we 

conducted a supplementary analysis using clear-sky SSW↓ from the MERRA-2 reanalysis. The spatial distribution and the 

associated trends of MERRA-2 clear-sky SSW↓ spatially and temporally matched to IASI daytime overpass at clear-sky 405 

conditions are shown in Fig. S5 (Supplement). We find the same regional trend directions as in Fig. 3d, though with different 

magnitude. Overall, across all SSW↓ datasets, the same regional trend pattern is found, regardless of whether clear-sky or all-

sky conditions are considered, or the time of the day. 

The same regional trend pattern is observed for daytime IASI Tskin (Fig. 2f). South Asia shows a non-significant negative trend 

of -0.2 ± 0.2 °C/dec (Fig. 3), although most of the Indian Peninsula shows strong and significant negative trend while the IGP 410 

(except Bangladesh) exhibits a non-significant and very weak negative trend. East Asia shows a positive significant trend of 

+0.6 ± 0.1 °C/dec (Fig. 3) with trends being the strongest over the NCP, where they are also significant (Fig. 2f). In contrast 

to the daytime trends, no diverging pattern is found across Asia during the night and both South and East Asia exhibit positive 

trends (+0.4 ± 0.1 °C/dec and +0.8 ± 0.1 °C/dec, respectively, Fig. 3). When considering the combined daytime and nighttime 

Tskin, the regional contrast persists, with a significant warming in East Asia (+0.7 ± 0.1 °C/dec) and near-zero non-significant 415 

trend in South Asia (0.0 ± 0.1 °C/dec, Fig. 3). The spatial distribution of the nighttime and combined daytime and nighttime 

Tskin trends are shown in Fig. S6 (Supplement). The combined daytime and nighttime trends still reveal a clear coverage of 

negative values over the Indian Peninsula, same as the trends observed in the daytime-only observations (Fig. 2f). A similar 
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but weaker pattern is observed for MERRA-2 T2m sampled at IASI overpass times (Fig. S7, Supplement), indicating that these 

temperature changes extend beyond the surface into the lower atmosphere. 420 

In contrast to the other studied variables, NDVI exhibits a positive trend across both South and East Asia (Figs. 2h and 3), 

consistent with the widespread greening reported over recent decades (Chen et al., 2019). This greening is mainly attributable 

to human-induced land management, including forest expansion in East Asia (China) and cropland expansion in both South 

and East Asia (India and China, Kuttippurath and Kashyap, 2023; Wang et al., 2025).  

Vegetation greening generally exerts a cooling effect on surface temperature during the day through changes in surface energy 425 

balance, mainly via evapotranspiration and albedo. Over the Indian Peninsula, vegetation greening is associated with 

decreasing Tskin (Fig. 2f and 2h), which could be linked to enhanced evapotranspiration driven by increased soil moisture from 

irrigated croplands (Ambika and Mishra, 2019). In contrast, East Asia shows a positive Tskin trend despite a widespread 

greening, indicating that the biophysical effects of vegetation alone are not sufficient to explain regional Tskin trends. This 

suggests a potential contribution from atmospheric factors: in South Asia, the cooling effect of greening acts in synergy with 430 

increasing AOD and cloud fraction (reducing SSW↓), whereas in East Asia, declining AOD and cloud fraction (increasing 

SSW↓) reinforce regional warming despite widespread greening. 

 

Figure 3. Regional trend values of CO, NO2, SO2, AOD, cloud fraction, clear-sky SSW↓, NDVI (in %/dec, left axis) and day-only, 

night-only, day and night combined Tskin (in °C/dec, right axis), for South Asia (SAS, in pink) and East Asia (EAS, in blue). Trend 435 
standard errors are shown as error bars. Significant trends are indicated by thicker contours. 
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4. Evaluation of CMIP6 simulations: which scenario captures the observed present-day trend pattern between South 

Asia and East Asia? 

We first evaluate which SSP best reflects the divergent observational patterns between South and East Asia discussed above, 

in order to examine how selected CMIP6 models simulate air pollution and surface temperature changes for the present-day 440 

(2008-2025). Since the historical simulations end in 2014, we show in Fig. 4 the relative changes between 2015-2025 and 

2008-2014 for CO, NO2 and SO2 concentrations, AOD and surface temperature (from top to bottom) over Asia, as depicted 

by satellite observations (first column) and the CMIP6 multi-model mean under SSP1-2.6 (second column), SSP2-4.5 (third 

column), and SSP3-7.0 (fourth column). As mentioned previously, these SSPs were selected to cover a range of different future 

trajectories, spanning from a strong pollution control scenario (SSP1-2.6) to a weak one (SSP3-7.0). Changes between the 445 

present-day and the historical period are expressed in %, except for surface temperature, which are given in °C. Same as in 

Fig. 1d and 1f, the relative changes in NO2 and SO2 (Fig. 4e and 4i) are only displayed for grid cells where the average 

concentration over 2008-2014 exceeds 0.5×1015 molecules/cm2 and 0.01 DU, respectively. The relative changes in IASI 

surface temperature (Tskin) presented in panel (q) are derived from combined daytime and nighttime observations to ensure a 

consistent comparison with the monthly mean outputs provided by the CMIP6 models. The relative changes values for each 450 

variable, region and dataset (satellite observations and simulations) are summarized in Table 2. 
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Figure 4: Observed and simulated relative changes (2015-2025 vs. 2008-2014) in CO, NO2 and SO2 concentrations, AOD and surface 

temperature (top to bottom) at a 3×3° spatial resolution. The first column shows changes from satellite observations (IASI, OMI, 

MODIS), while the subsequent columns show changes from the CMIP6 multi-model mean under SSP1-2.6 (second column), SSP2-455 
4.5 (third column), and SSP3-7.0 (fourth column). Note that the changes in IASI surface (skin) temperature presented in panel (q) 

are derived from combined daytime and nighttime observations.  

For CO, the observed divergent pattern between South and East Asia is only reproduced under SSP2-4.5, whereas SSP1-2.6 

and SSP3-7.0 show an across overall decrease and increase across Asia, respectively (Fig. 4a-d). However, the simulated 

changes in CO concentrations under SSP2-4.5 is less pronounced than that observed with IASI. The observed decline in East 460 

Asia is closer to the SSP1-2.6 projection than to SSP2-4.5, while the observed increase in South Asia is more aligned with the 

moderate growth of SSP2-4.5 (Table 2). Simulated changes are consistent with the annual relative emission trajectories shown 

in Fig. S8a and S8b (Supplement). Over the 2015-2025 period, CO emissions in East Asia decrease in both SSP1-2.6 and 

SSP2-4.5 but at different rates (more pronounced in SSP1-2.6), while they show a slight increase in SSP3-7.0. For South Asia, 

we note an increase in CO emissions both in SSP2-4.5 and SSP3-7.0, while a decline is observed only for the SSP1-2.6 465 

scenario.  
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Contrasting changes in NO2 concentrations as observed by OMI are reproduced under SSP1-2.6 and SSP2-4.5, while an 

increase of NO2 is simulated over all Asia in SSP3-7.0 (Fig. 4e-h). South Asia experiences an increase of NO2 in all SSPs, 

with SSP3-7.0 presenting the largest increase (Table 2). The observed relative change in South Asia falls between SSP1-2.6 

and SSP2-4.5, while in East Asia, it aligns most with SSP1-2.6, although the multi-model mean still underestimates the 470 

magnitude of this decline (Table 2). The regional differences in the scenarios are explained by the NOx emission trajectories 

(Fig. S8c and S8d, Supplement). In South Asia, NOx emissions increase under all SSPs over 2015–2025. In East Asia, NOx 

emissions strongly decrease under SSP1-2.6 and SSP2-4.5, which is consistent with the simulated NO2 concentration changes 

shown in Fig. 4. 

For SO2, a contrasting pattern between East and South Asia is evident in all SSPs, although the magnitudes differ significantly 475 

(Fig. 4i-l and Table 2). The changes in SO2 concentration in both regions as observed by OMI are the closest to the SSP1-2.6 

projection. However, the observed changes exhibit stronger spatial heterogeneity than the model simulations, particularly in 

South Asia, where the increase is mainly driven by the eastern Indian coal belt (Fig. 4i). Overall, the simulated concentration 

changes are consistent with the SO2 emissions trajectories: all SSPs show a continued increase in SO2 emissions for South 

Asia, whereas a consistent decline is noted for East Asia (Fig. S8e and S8f).  480 

A characteristic diverging pattern in AOD is found in all studied SSP, but with varying magnitudes (Fig. 4m-p). AOD increases 

in South Asia following the severity of the SSP, while in East Asia, the magnitude of the decrease weakens from SSP1-2.6 to 

SSP3-7.0 (Table 2). Over South Asia, the observed increase in AOD by MODIS falls between SSP1-2.6 and SSP2-4.5. 

However, this regional mean hides spatial heterogeneity: the northern part of South Asia exhibits an observed negative change, 

while most of the Indian Peninsula shows an increase (~30%) closer to SSP3-7.0 (Fig. 4m). In contrast, MODIS shows a more 485 

homogeneous decline in East Asia, with a magnitude lying between SSP1-2.6 and SSP2-4.5 (Table 2).  

Unlike gaseous pollutants and AOD, no diverging pattern in surface temperature changes between South and East Asia is 

found for any of the studied SSPs (Fig. 4q-t). While CMIP6 simulations do not reproduce the sharp regional divergence seen 

in IASI observations, they consistently simulate stronger warming in East Asia than in South Asia across all SSPs (Table 2). 

The lowest average surface temperature change over South Asia is simulated under SSP2-4.5, while the highest warming over 490 

East Asia occurs under SSP1-2.6.  

To better understand the regional differences in simulated temperature changes, we further examine clear-sky SSW↓ changes 

across the different SSPs given in Fig. S9 (Supplement). Changes in clear-sky SSW↓ are consistent with the simulated AOD 

across all SSPs, with an increasing (decreasing) clear-sky SSW↓ in East Asia (South Asia). While surface temperature changes 

in East Asia are consistent with the magnitude of the simulated AOD and clear-sky SSW↓ changes in all SSPs (i.e. decreasing 495 

warming with increasing AOD), this relationship is less straightforward over South Asia. Despite a continuous increase in 

AOD across the SSPs and a corresponding and intensifying reduction in clear-sky SSW↓, South Asia does not exhibit a 

proportional attenuation of surface temperature. Localized areas of weak negative changes or near-zero changes are 

nevertheless observed over parts of South India in SSP2-4.5 and the eastern part of the IGP under SSP3-7.0 (Figures 4s and 

4t). We investigated the origin of this spatial heterogeneity by examining the changes in surface temperature as simulated by 500 
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each individual model (Figure S10, Supplement). We observe that an overall negative change of surface temperature is only 

visible for the GFDL-ESM4 simulation and a weak (near-zero) change in surface temperature for MRI-ESM-2-0 and 

UKESM1-0-LL, explaining the average limited warming over South Asia under SSP2-4.5.  

Relative changes  Region Satellite observations SSP1-2.6 SSP2-4.5 SSP3-7.0 

CO (%) SAS +3.7 -7.9 +2.7 +7.2 

EAS -8.2 -11.2 -3.5 +3.5 

NO2 (%) SAS +10.7 +5.5 +14.1 +19.2 

EAS -17.9 -11.7 -8.4 +12.5 

SO2 (%) SAS +10.2 +7.0 +17.6 +22.4 

EAS -63.5 -56.8 -45.9 -36.4 

AOD (%) SAS +7.1 +5.5 +11.2 +16.1 

EAS -27.1 -30.3 -25.5 -16.2 

Surface 

temperature (°C) 

SAS +0.14 +0.41 +0.25 +0.37 

EAS +0.74 +0.62 +0.59 +0.55 

Table 2. Regional mean changes in CO, NO2 and SO2 concentrations, AOD and surface temperature between 2015-2025 and 2008-

2014 over South Asia (SAS) and East Asia (EAS), from satellite observations (IASI, OMI and MODIS) and the CMIP6 multi-model 505 
mean under the SSP1-2.6, SSP2-4.5 and SSP3-7.0 scenarios. 

5. Future changes in air pollution and surface temperature in South Asia and East Asia under different scenarios 

We now examine the long-term trajectories of air pollutants and surface temperature to see how the regional disparities 

discussed above evolve throughout the 21st century, under the different scenarios. Figure 5 presents the regional time series of 

CO, NO2 and SO2 concentrations, AOD and surface temperature changes relative to the 2008-2014 period up to 2100, from 510 

top to bottom.  Results are shown for South and East Asia in the left and right columns, respectively. Observed changes from 

satellite instruments are represented by the black curves, while simulated changes from the CMIP6 multi-model mean are 

shown for in blue for the historical simulation, in green for SSP1-2.6, in yellow for SSP2-4.5, and in red for SSP3-7.0. Shaded 

areas around each curve corresponds to the inter-model variability. Same as Fig. 4, yearly changes are expressed in % except 

for surface temperature which is given in °C. Changes in IASI surface temperature (Tskin, Fig. 5i and 5j) are derived from 515 

combined daytime and nighttime observations to ensure a consistent comparison with the monthly mean outputs of the CMIP6 

models. 
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Figure 5: Regional changes predicted up to 2100 in CO, NO2, and SO2 concentrations, AOD and surface temperature relative to 

2008-2014 (top to bottom) for South Asia (SAS, left column) and East Asia (EAS, right column). Observed changes from satellite 520 
instruments are represented by the black curves. Simulated changes from the CMIP6 multi-model mean are shown for the historical 

simulation in blue, SSP1-2.6, in green, SSP2-4.5, in yellow and SSP3-7.0, in red. Shaded areas around each curve correspond to the 

inter-model variability. The vertical dotted line at 2014 in each subplot marks the transition from the historical simulation to the 

SSPs.  

Future regional changes of CO, NO2 and SO2 concentrations from the CMIP6 multi-model average generally follow the 525 

emissions trajectories as defined in each SSP (Fig. 5a-f and S8). Our analysis over 2015-2025 in Sect. 4 showed that CO 

concentration changes in South Asia closely align with the moderate increase projected by SSP2-4.5. The observed changes 

from IASI in Fig. 5a further support this consistency, showing a similar evolution to SSP2-4.5 until 2025. Under this scenario, 

CO concentrations are projected to increase until 2040 before declining toward 2100, reaching a reduction of -31% (Fig. 5a). 

SSP1-2.6 shows a similar long-term decline, but with an earlier decrease starting in 2015 and reaching -46% by 2100. A similar 530 

evolution is observed in East Asia, where satellite observed changes over 2015-2025 are consistent with the SSP1-2.6 trajectory 

characterized by a continuous decrease in CO concentrations throughout the century and reaching a reduction of -53% by 2100 

(Fig. 5b). Under SSP2-4.5, East Asia exhibits a continuous decline in CO starting in 2015, in contrast to South Asia. However, 

under SSP3-7.0, the regions show contrasting evolutions: CO concentrations in South Asia are projected to rise drastically and 

continuously until 2100 (+59%), whereas in East Asia, they remain stagnant after 2040, reaching +16% by 2100, despite a 535 

decline in CO emissions (Fig S8b).  

For NO2, our analysis of the 2015-2025 period suggested South Asia was positioned between SSP1-2.6 and SSP2-4.5. Figure 

5c indicates the satellite-observed evolution is more closely aligned with SSP2-4.5 than SSP1-2.6. Despite contrasting near- 

and mid-term trajectories, with NO2 concentrations decreasing from 2025 onwards under SSP1-2.6 and peaking around 2040 

under SSP2-4.5, both scenarios project a long-term decline by 2100 (-44% and -12%, respectively). In contrast, the SSP3-7.0 540 

scenario for South Asia leads to a continuous increase by 2100 (+88%). Regarding East Asia, NO2 is projected to decline by 

2100 under all scenarios. While this reduction begins immediately in 2015 under SSP1-2.6 and SSP2-4.5, it is delayed until 

2040 under SSP3-7.0, following the emission trajectory depicted in Fig. S8d. By the end of the century, NO2 concentrations 

decrease by approximately -85% under SSP1-2.6 and SSP2-4.5, and -47% under SSP3-7.0. 

SO2 concentration changes in Fig. 5e and 5f reveal distinct regional evolutions throughout the 21st century. Satellite-observed 545 

changes in South Asia seem to be the closest to the SSP1-2.6 trajectory over 2015-2025 (Fig. 5e), although all SSPs project an 

increase in SO2 concentrations until 2030 but at varying magnitude (+1% under SSP1-2.6, +62% under SSP2-4.5 and +45% 

under SSP3-7.0). After 2030, a clear divergence emerges between the SSPs. While SSP1-2.6 leads to a continuous decline 

through 2100 (-88%), SSP2-4.5 exhibits a more complex pattern, where SO2 concentrations decrease between 2030 and 2050 

but subsequently stagnate from 2060 to 2080. This is explained by the temporary rebound in emissions (Fig. S8e) before the 550 

downward trend resumes after 2080, reaching a change of -32% in 2100. Under SSP3-7.0, SO2 changes peak around 2050, 

followed by a gradual decrease toward the end of the century (+5% in 2100). In contrast, East Asia region shows a consistent 

decline in SO2 concentrations across all three SSPs, with the most pronounced reduction occurring under SSP1-2.6 (-97% in 

2100), whose early trajectory is most consistent with the satellite-observed changes over 2015-2025, as discussed above. 
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Future AOD changes generally follow the trajectories to those of gaseous pollutants discussed above within each region (Fig. 555 

5g and 5h). As discussed in the previous section, MODIS data revealed that average AOD changes over 2015-2025 in both 

South and East Asia fall between the SSP1-2.6 and SSP2-4.5. However, for South Asia, these two scenarios follow different 

trajectories during the first half of the century. While SSP1-2.6 shows a consistent decline starting from 2015 and reaching -

58% by 2100, SSP2-4.5 exhibits an AOD increase until 2030 (+34%), followed by a decrease through 2100 (-59%). This 

mirrors the SO2 trajectories under SSP2-4.5 and, to a lesser extent, NO2 and CO (both of which peak around 2040). In contrast, 560 

under SSP3-7.0, AOD increases until 2050 before declining very gradually, although the AOD change remains positive in 

2100 (+19%).  In East Asia, AOD declines across all SSPs starting from 2015, though the magnitude of these reductions varies 

significantly by the end of the century (-78% for SSP1-2.6, -68% for SSP2-4.5, -29% for SSP3-7.0). The AOD trajectories 

closely mirror those of SO2 in all three scenarios. The similarity is less evident for NO2, particularly in SSP3-7.0, where NO2 

levels increase during the first half of the century. This suggests that sulfate aerosols represent a dominant component of 565 

aerosol composition in East Asia. 

For surface temperature, the multi-model mean projects a continuous increase throughout the century in both regions (Fig. 5i 

and 5j), in contrast to the observational analysis presented in Sect. 3 and 4. Warming values remain relatively consistent across 

all scenarios until mid-century, after which the trajectories diverges after 2050, reaching in South Asia +1.7°C under SSP1-

2.6, +2.7°C under SSP2-4.5, and +4.4°C under SSP3-7.0 by 2100. This divergence after 2050 coincides with the moderate and 570 

high decrease in AOD under SSP2-4.5 and SSP3-7.0, respectively. However, this trend is also explained by the CMIP6 scenario 

design, as greenhouse gas emissions (CO2 and CH4) diverge more sharply across the SSPs after the middle of century (Gidden 

et al., 2019). This explains also why the same observation can be made for EAS, where surface temperature changes also seem 

to diverge after 2050, with end-of-century warming levels ranging from +1.5°C to +4.8°C (Fig. 5j).  

Interestingly, we find a larger inter-model spread in surface temperature changes over South Asia starting as early as 2015, 575 

whereas East Asia exhibits a spread that increases more gradually throughout the century in all SSPs. In South Asia, the highest 

warming is simulated by UKESM1-0-LL, with values ranging from +4.3°C (SSP1-2.6) to +8.3°C (SSP3-7.0) by 2100. The 

lowest warming is projected by GFDL-ESM4, with values reaching only +0.3°C to +2°C. This difference in model is also 

observed in EAS (+3.5-8°C for UKESM1-0-LL and +0.02-2.5°C for GFDL-ESM4). These discrepancies are consistent with 

the known characteristics of these models: UKESM1-0-LL features a high effective climate sensitivity, whereas GFDL-ESM4 580 

and MRI-ESM2-0 are characterized by lower sensitivities (Wang et al., 2021a).  

6. Conclusion and discussion 

This study documents and analyzes present-day and future air pollution and surface temperature trends in South Asia and East 

Asia relying on satellite observations and climate simulations. By examining the full chain of processes considered in this 

study, from gaseous pollutants and aerosols to cloud cover and surface shortwave radiation, we provide an integrated view of 585 

how air quality changes are associated with regional surface temperature trends. To do so, we used long-term, high-quality 
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and continuous satellite measurements of atmospheric composition and surface temperature, which provide a robust 

observational baseline for evaluating climate model simulations through direct comparison with both recent historical 

simulations and future projections. Since CMIP6 historical experiment ends in 2014, the subsequent decade (2015-2025) 

provides a unique opportunity to assess which trajectories are most consistent with recent observations over South and East 590 

Asia. Comparing current satellite observations trends with SSP projections (SSP1-2.6, SSP2-4.5 and SSP3-7.0) allows for a 

more nuanced discussion of the regional air pollution-temperature relationship, which often diverges from the global averages 

typically reported in the literature (Forster et al., 2026).  

Satellite observations show that South and East Asia have undergone contrasting changes in air quality over 2008-2025, with 

a significant decline in CO, NO2, SO2 and AOD in East Asia, as opposed to an increase in South Asia. The observed air 595 

pollution trends are consistent with previous studies reporting contrasting changes in atmospheric composition across South 

and East Asia over recent decades (Rahman et al., 2023). However, for CO, while Buchholz et al. (2021) reported decreasing 

trends from MOPITT over 2002-2018 for South Asia, we find a significant increase over 2008-2025. This difference highlights 

the importance of considering recent changes in atmospheric composition when evaluating regional pollution trends. These air 

pollution trends, particularly aerosol trends, affect regional cloud fraction and incoming surface shortwave radiation, 600 

subsequently affecting surface temperature. We find a daytime cooling and a nighttime attenuated warming over South Asia 

and a strong significant warming in East Asia, both consistent with observed cloud fraction and surface shortwave radiation 

trends. However, cloud fraction and skin temperature trends over South Asia are not statistically significant, suggesting that 

high interannual variability of clouds and temperature, potentially associated with large-scale phenomena like ENSO or the 

Asian monsoon (not discussed here), can mask the long-term signal over the 18-year time study period (Santer et al., 2011). 605 

Nevertheless, significant daytime cooling is observed over large parts of India, indicating that robust regional signals can still 

emerge despite the lack of significance in the regional mean. Vegetation changes further modulate these trends, but the 

observed temperature divergence suggests that biophysical cooling from greening is either synergistic with aerosol-induced 

cooling in South Asia or outweighed by increased surface solar radiation in East Asia. 

Beyond characterizing recent changes, comparing observations with CMIP6 simulations provides insight into whether present-610 

day air quality changes and their associated climate responses are consistent with the trajectories represented in current 

scenarios. The observed regional differences between South and East Asia are reproduced under specific SSPs for CO and 

NO2, while for SO2 and AOD, contrasting regional changes are found in all scenarios. AOD trends in South and East Asia 

have also been examined in CMIP6 simulations against MODIS observations by Ramachandran et al. (2022). They showed 

that, although the multi-model mean under SSP2-4.5 did not reproduce the observed contrasting pattern, some individual 615 

models, including those selected in our study, captured a weak negative AOD trend over parts of East Asia during 2002-2018. 

Our analysis extends these previous assessments by evaluating which SSP trajectories are most consistent with recent satellite-

observed changes, including gaseous pollutants. We find that the rapid decline of gaseous pollutants in East Asia aligns most 

closely with the SSP1-2.6 trajectory, whereas South Asia lies between SSP1-2.6 (for SO2) and SSP2-4.5 (for CO and NO2). 

For AOD, both regions show changes positioned between SSP1-2.6 and SSP2-4.5 in terms of magnitude and the sign of the 620 

https://doi.org/10.5194/egusphere-2026-4393
Preprint. Discussion started: 17 August 2026
c© Author(s) 2026. CC BY 4.0 License.



25 

 

changes remain consistent with those of their gaseous precursors. For example, in East Asia, the similarity between AOD and 

SO2 patterns suggests a strong sulfate contribution. This is consistent with Ren et al. (2024), who showed that sulfate represents 

a large fraction of simulated PM2.5 over East Asia, particularly in the GFDL-ESM4 and MRI-ESM2-0 models.  

However, the observed surface temperature pattern is not fully replicated in terms of magnitude and direction in the CMIP6 

simulations, which can be partly explained by the design of the SSPs. While these pathways diverge significantly after 2050, 625 

surface temperature evolution over 2015-2025 mainly depends on the competition between regional aerosol cooling and 

warming from rising greenhouse gases concentrations (Gidden et al., 2019). The overall warming simulated in both regions 

suggests that greenhouse gas forcing dominates over aerosol effects during this period, partly explaining the weaker spatial 

contrast compared with observations. 

Moreover, interpreting surface temperature as provided by Earth system models is challenging since it is a prognostic variable 630 

resulting from a multitude of interacting processes. Discrepancies between observed and simulated changes can thus arise from 

how these processes are represented across models, through parameterization, which introduce uncertainties in simulated 

surface temperature. This includes uncertainties stemming from aerosol representation, which depends on the aerosol cycle 

schemes implemented in each model as well as the underlying emission inventories. For instance, some studies have reported 

an overestimation of aerosol concentrations in East Asia, particularly for black carbon, due to overestimated emissions (Ikeda 635 

et al., 2023) whereas others have shown an underestimation of fine particulate matter (PM2.5) concentrations partly attributed 

to an inadequate representation of nitrate and ammonium aerosols (Ren et al., 2024). This is particularly important as parts of 

Asia experience an increase in ammonia concentrations (Ismaeel et al., 2024; Van Damme et al., 2021). Accurate 

representation of aerosol composition is critical as different species have distinct effects on the radiation budget and surface 

temperature (Luo et al., 2025; Wang et al., 2021b). Furthermore, uncertainties in aerosol representation also propagate into 640 

aerosol-cloud interaction (ACI) schemes, which remain a major source of uncertainty in climate modelling due to limitations 

in observations and process understanding (Intergovernmental Panel On Climate Change, 2014). While ACI radiative forcing 

can exceed aerosol direct effects (Kalisoras et al., 2024; Smith et al., 2020), differences in how models simulate these 

interactions regionally can lead to substantial variability in regional cloud responses (Fig. S11, Supplement), despite relatively 

consistent spatial distribution of aerosols across models and scenarios (Fig. S12). Cloud properties are also influenced by a 645 

wide range of processes beyond aerosols (atmospheric dynamics, cloud microphysics, thermodynamics), further contributing 

to uncertainties in simulated radiation budgets. 

Surface temperature depends not only on atmospheric processes but also on land-atmosphere exchanges, which are strongly 

influenced by energy and water cycles. Differences among models arise from the representation of both physical and 

biophysical land surface properties, including albedo, surface roughness, soil moisture, irrigation and vegetation structure 650 

associated with land cover definitions. These land properties can thereby modify the radiation budget and the partitioning of 

surface energy into sensible and latent heat fluxes, through evapotranspiration and hydrological processes (Li et al., 2021; Luo 

et al., 2024; Niu et al., 2019). Surface temperature is also modulated by exchanges with the lower atmosphere, especially 

through planetary boundary layer dynamics and turbulent mixing, which regulate sensible and latent heat fluxes and are thus 
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themselves represented differently across models (Meng et al., 2023; Shin et al., 2018). It is also important to note that our 655 

analysis is based on three Earth system models and may not fully represent the entire CMIP6 ensemble.   

While this study focuses on the impact of air pollution on surface temperature, changes in surface temperature also influences 

air pollution trends, whose future evolution remains uncertain due to a multitude of sources (Doherty et al., 2022). This includes 

future emissions, such as those from biomass burning, which are not interactive and are defined based on land management 

assumptions (Popp et al., 2017). Rising temperatures increase fire risks, leading to higher emissions of carbonaceous aerosols 660 

and other trace gases (Tian et al., 2023, 2025).  Natural aerosol emissions, such as dust, are also expected to rise with increasing 

temperatures, alongside emissions of temperature-sensitive precursors like ammonia or biogenic volatile organic compounds, 

further contributing to the formation of secondary organic aerosols (Abeed et al., 2023; Gomez et al., 2023; Thornhill et al., 

2021). Global and regional atmospheric dynamics (i.e. the Asian monsoon) and meteorological patterns are also reshaped 

under climate change, by increasing or decreasing atmospheric stability and thus directly impacting pollutants transport (Banks 665 

et al., 2022; Katzenberger et al., 2021; Paulot et al., 2022; Zhou et al., 2024).  

Finally, this work highlights the importance of continuous air pollution monitoring in regions facing evolving and uncertain 

air quality challenges, with important implication for regional climate. This study is relevant in the context of the upcoming 

CMIP7 simulations, which will benefit from an extended historical period running through 2021 (Dunne et al., 2025). This 

extension will provide an opportunity to better evaluate model responses to recent observed changes (2015-2021), such as 670 

quantifying the radiative impact of aerosols over this period with a clearer separation between aerosol-driven changes and 

concurrent climate change. In CMIP6, such attribution is limited to the SSP3-7.0 scenario within AerChemMIP experiments 

(Collins et al., 2017), which may not fully represent present-day observed emission trajectories. More generally, current 

scenario frameworks remain constrained by their design, as they are not intended to capture abrupt changes associated with 

unforeseen events, such as the COVID-19 pandemic, and should be viewed as physically consistent storylines of possible 675 

evolution rather than deterministic representations of future atmospheric composition and climate. This highlights the inherent 

uncertainty in scenario-based projections and the need for continuous satellite monitoring to better evaluate and refine not only 

emission trajectories but also the interactions between climate and chemistry. 

Data availability 

• The IASI L2 Carbon Monoxide (CO) Climate Data Record (CDR) product is available on the EUMETSAT Data 680 

Store (https://user.eumetsat.int/catalogue/EO:EUM:DAT:0959) (AC SAF, 2024). Daily files generated from the CO 

CDR orbit files can be downloaded from the Aeris portal (http://iasi.aeris-data.fr/CO/), as well as the IASI L2 Carbon 

Monoxide NRT from Metop-B (https://doi.org/10.25326/64) and Metop-C (https://doi.org/10.25326/65). Last 

accessed on 2 February 2026.  

• The IASI skin temperature and cloud detection products from Metop-A, -B and -C are available on https://iasi-ft.eu/ 685 

(Safieddine et al., 2020, 2026; Whitburn et al., 2022).  
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• OMI/Aura L2 Tropospheric NO2 is derived from https://doi.org/10.5067/Aura/OMI/DATA2417  (Krotkov et al., 

2024a) and SO2 from https://doi.org/10.5067/Aura/OMI/DATA2422 (Krotkov and Li, 2025). Last accessed on 15 

March 2026.  

• Daily L3 AOD data from MODIS/Terra are available in http://dx.doi.org/10.5067/MODIS/MOD08_D3.061 (MODIS 690 

Atmosphere Science Team, 2015). Last accessed on 10 February 2026. 

• Monthly NDVI data (MOD13A3) from MODIS/Terra can be downloaded from 

https://doi.org/10.5067/MODIS/MOD13A3.061 (Didan, 2021). Last accessed on 24 February 2026.  

• The CERES EBAF dataset is obtained from the NASA Langley Research Center Atmospheric Science Data Center 

(https://doi.org/10.1175/JCLI-D-17-0523.1, Kato et al., 2018). Last accessed on 15 April 2026. 695 

• Anthropogenic emissions from CAMS-GLOB-ANT are provided by https://permalink.aeris-data.fr/CAMS-GLOB-

ANT (Soulie et al., 2024). Last accessed on 5 April 2026. 

• Fire emissions from GFAS can be downloaded from the Copernicus Atmosphere Monitoring Service Atmosphere 

Data Store catalogue (https://doi.org/10.24381/a05253c7, Kaiser et al., 2012). Last accessed on 5 April 2026. 

• MERRA-2 T2m and clear-sky SSW↓ can be derived from https://doi.org/10.5067/VJAFPLI1CSIV and 700 

https://doi.org/10.5067/Q9QMY5PBNV1T respectively (Global Modeling And Assimilation Office, 2015b, a). Last 

accessed on 20 April 2026. 

• CMIP6 model outputs from the historical experiment and SSP1-2.6, SSP2-4.5 and SSP3-7.0 were downloaded from 

https://metagrid.esgf-west.org/search/cmip6/ (see Table 1 for more details). Last accessed on 20 March 2026.  
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