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Abstract. High-frequency observations of tropospheric nitrogen dioxide (NO2) support regional air quality assessment and analysis 10 

of its photochemical evolution. Although the Geostationary Environment Monitoring Spectrometer (GEMS) and other new-11 

generation geostationary satellites provide hourly observations during daytime, their spatial coverage is often severely 12 

compromised by cloud obstruction and inherent retrieval limitations. Furthermore, their short observation history hinders long-13 

term, cross-regional environmental assessments. To address this, this study presents a gapless, 0.05° daytime-hourly tropospheric 14 

NO2 vertical column density (VCD) dataset for representative hotspots in Asia spanning 2019 to 2024, reconstructed using a 15 

physics-aware deep learning framework. The framework integrates partial convolutions to handle irregularly missing satellite 16 

observations and proposes a Physics-aware Normalization (PhysNorm) module. Specifically, the model inputs comprise the 0.05° 17 

TROPOMI tropospheric NO2 VCD and its validity mask, together with 0.25° predictors including ERA5 meteorological variables, 18 

EAC4 total-column NO2, land cover, elevation, and the cosine of the solar zenith angle. The supervised training target is the hourly 19 

GEMS tropospheric NO2 VCD from 2023. PhysNorm dynamically modulates 0.05° high-resolution feature maps using 0.25° low-20 

resolution physical features, thereby ensuring rigorous physical continuity while filling data gaps. Validation results show that the 21 

model performs exceptionally on the test set (R2 = 0.889) and maintains high generalization stability in an independent validation 22 

on 2024 data, which was not used for training. Cross-validation against an independent polar-orbiting satellite instrument (GOME-23 

2C) confirms the reliability of the dataset in reconstructing pollution hotspots and its applicability to periods without GEMS 24 

observations (2019–2022). Using this reconstructed dataset, this study finely delineates the periodic diurnal characteristics of NO2 25 

in typical Asian regions and characterizes inter-annual variations in NO2 concentration patterns over the past six years. This newly 26 

generated dataset provides a spatiotemporally continuous daytime record, overcoming the limitations of cloud cover and short 27 

observational histories, thereby facilitating long-term, high-resolution air quality assessments and epidemiological studies. This 28 

dataset is available at https://doi.org/10.5281/zenodo.20427767 (Gao et al., 2026). 29 

30 
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1. Introduction 31 

Nitrogen dioxide (NO2), a critical tropospheric trace gas and the primary constituent of nitrogen oxides (NOx = NO + NO2), 32 

predominantly originates from anthropogenic fossil fuel combustion, biomass burning, and biogenic soil emissions (Beirle et al., 33 

2011; Purchase et al., 2023; Chang et al., 2025). As a crucial precursor to tropospheric ozone (O3) and secondary aerosols, NO2 34 

profoundly impacts regional and global air quality (Wang et al., 2021; Baruah et al., 2022). Furthermore, by participating in the 35 

hydroxyl radical (OH) cycle, NO2 directly modulates the atmospheric oxidative capacity and the transformation rates of other 36 

pollutants (Monks et al., 2009). Elevated NO2 concentrations pose significant threats to human health, causing damage to the 37 

respiratory system and increasing the risk of asthma and cardiovascular diseases (Burnett et al., 2004; Samoli et al., 2006; Kampa 38 

and Castanas, 2008). Because of its short lifetime (typically ranging from a few hours to a day), the spatial distribution of NO2 39 

exhibits pronounced spatial heterogeneity and temporal variability, making it a widely adopted indicator for assessing atmospheric 40 

environmental changes and evaluating the effectiveness of emission control policies (Lamsal et al., 2013a; Goldberg et al., 2019). 41 

Given these environmental and health implications, continuous and accurate monitoring of NO2 through diverse technical 42 

approaches remains a core research imperative in the atmospheric and environmental sciences. 43 

Traditional ground-based monitoring networks provide NO2 observations with high temporal resolution and accuracy. 44 

However, they are unevenly distributed, and their spatial coverage remains inherently limited, rendering them inadequate for large-45 

scale monitoring requirements (Wei et al., 2022; Ahmad et al., 2024; Gu et al., 2025). In contrast, satellite remote sensing, 46 

characterized by its extensive and continuous observational capabilities, has undergone substantial development over the past few 47 

decades, emerging as a mainstream approach for regional and global NO2 monitoring (Safieddine et al., 2013; Liu et al., 2021c; Li 48 

and Wu, 2021). Since the Global Ozone Monitoring Experiment (GOME) first measured global NO2 column densities in the 1990s 49 

(Burrows et al., 1999), a succession of sensors, including SCIAMACHY, OMI, and GOME-2 has been launched (Bovensmann et 50 

al., 1999; Levelt et al., 2006a, b; Callies et al., 2000). These instruments enabled the study of global distribution and long-term 51 

NO2 trends (Richter et al., 2005; Boersma et al., 2011a; Russell et al., 2012; Duncan et al., 2016; Krotkov et al., 2016; Liu et al., 52 

2021b; Chan et al., 2023). In October 2017, the TROPOspheric Monitoring Instrument (TROPOMI) was launched onboard the 53 

Sentinel-5 Precursor satellite (Veefkind et al., 2012a). TROPOMI improved the spatial resolution from the 13 × 24 km2 offered by 54 

OMI to 3.5 × 5.5 km2, while maintaining daily global coverage. However, LEO satellites are limited by their orbital characteristics 55 

and can only provide daily observations. This sampling frequency is insufficient to resolve the diurnal dynamics of NO2 driven by 56 

morning and evening traffic peaks, industrial activity cycles, and photochemical processes(He et al., 2025). To address this, 57 

Geostationary Earth Orbit (GEO) satellites have been deployed to increase temporal resolution. In February 2020, the 58 

Geostationary Environment Monitoring Spectrometer (GEMS) onboard the GEO-KOMPSAT-2B (GK-2B) satellite became 59 

operational (Kim et al., 2020a), providing 6–10 hourly observations per day of air quality over East and Southeast Asia (Choi et 60 

al., 2024; He et al., 2024a). Together with the Tropospheric Emissions: Monitoring of Pollution (TEMPO launched on 7 April 61 

2023) over North America and Copernicus Sentinel-4 over Europe (launched on 1 July 2025 onboard EUMETSAT’s Meteosat 62 

Third Generation Sounder (MTG-S1)), GEMS forms part of the global geostationary constellation for monitoring air quality, 63 

promising near-continuous, high-frequency observations over the major emission regions (Ingmann et al., 2012; Zoogman et al., 64 

2017). 65 

Nevertheless, the ideal scenario of global hourly monitoring remains a distant prospect. First, regardless of whether 66 

considering the pioneering GEMS or the subsequent TEMPO and Sentinel-4, the available temporal record of these instruments is 67 

relatively short, constraining the application of high-temporal-resolution data to longer-term atmospheric environment studies, 68 

policy assessments, and health impact analyses. Second, data completeness is a major challenge. The daily frequency of valid 69 
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observations varies due to seasonal changes in solar illumination and daylight duration. In addition, due to cloud contamination 70 

and high aerosol loading, the number of valid pixels in retrieved products can be significantly reduced (Boersma et al., 2004; Belle 71 

and Liu, 2016; Lee et al., 2025), making spatiotemporal gap-filling an essential step to enhance data completeness and usability. 72 

These considerations motivate a compelling research topic: based on the existing LEO satellite data, combined with other auxiliary 73 

information, to construct a temporally extensible and spatially near-seamless hourly tropospheric NO2 dataset in time. To address 74 

this question, a method based on TROPOMI data and a series of auxiliary data to simulate the observation capability of GEMS is 75 

proposed in this study. It attempts to extend the hourly data to the time periods when GEMS does not have observations, even 76 

before launch, so as to provide more complete data support for scientific research in Asia, and contribute experience for future 77 

multi-sensor collaboration. 78 

There are already a considerable number of studies related to the construction of long-term, high-coverage remote sensing 79 

datasets. Early spatiotemporal gap-filling approaches for individual satellite sensors were rooted primarily in geostatistical 80 

principles, such as Kriging interpolation and its derivatives (Hengl et al., 2007; Zammit-Mangion et al., 2018; Chen et al., 2020). 81 

Data Interpolating Empirical Orthogonal Functions (DINEOF), which reconstructs missing information by extracting the dominant 82 

spatiotemporal modes of the dataset, has been applied not only in oceanography (Alvera-Azcárate et al., 2005), but also to 83 

atmospheric products (Jiang et al., 2022; Qin et al., 2024). Supported by auxiliary data, Land Use Regression (LUR) models and 84 

Geographically Weighted Regression (GWR) have been extensively utilized in urban-scale air quality assessments by establishing 85 

statistical relationships between pollutant concentrations and spatial variables such as land-use types and population density (Hoek 86 

et al., 2008; Beelen et al., 2013; Meng et al., 2015; Qin et al., 2017). However, these traditional methods exhibit limitations when 87 

addressing complex, multi-source, heterogeneous data fusion tasks. In recent years, machine learning algorithms have been widely 88 

adopted in the fusion and prediction of remote sensing data (Peng et al., 2024), including Random Forest (RF), Gradient Boosting 89 

Decision Trees (GBDT), and Light Gradient Boosting Machine (LightGBM) (He et al., 2020; Kang et al., 2021; Fu et al., 2023; 90 

Ma et al., 2023; Shao et al., 2023; Wang et al., 2023). Also, within the atmospheric remote sensing domain, deep learning has been 91 

successfully deployed across various tasks, including the improvement of satellite retrieval algorithms (Loyola, 2006; Xu et al., 92 

2017; She et al., 2020; Rao et al., 2022; Fan et al., 2023; She et al., 2024; Wei et al., 2025), the reconstruction of data gaps caused 93 

by cloud cover and other factors(Yu and Liu, 2021; Li et al., 2023; He et al., 2024b; Qu et al., 2025; Zhang et al., 2025a; Wang, 94 

2026), and the establishment of more accurate mapping relationships between satellite column observations and surface-level 95 

concentrations (Sun et al., 2019; Scheibenreif et al., 2022; Xing et al., 2024; Li et al., 2025; Handschuh et al., 2026). Despite these 96 

advances, existing deep learning models often struggle to effectively manage non-random missing patterns in satellite observations. 97 

Simplistic interpolation or masking strategies ignore the spatial continuity between valid observational pixels and their surrounding 98 

missing regions. Moreover, conventional deep learning architectures typically integrate meteorological variables or physical 99 

constraints through straightforward channel-level concatenation, lacking an in-depth characterization of the dynamic modulation 100 

between atmospheric physical processes and pollutant distributions. 101 

To address this, this study proposes PhysNorm-Net, a physics-aware network to reconstruct a gapless 0.05° daytime-hourly 102 

tropospheric NO2 dataset covering the period from 1 January 2019 to 31 December 2024 over four Asian hotspot domains: the 103 

North China Plain (NP; 34–44° N, 112–122° E), the Sichuan Basin and its surroundings (CC; 26–36° N, 100–110° E), Korea and 104 

Japan (KJ; 32–42° N, 126–136° E), and northern India (NI; 20–30° N, 75–85° E). This architecture is designed to fuse multi-source 105 

heterogeneous satellite data with physical and meteorological priors, achieving high-precision, spatiotemporally continuous 106 

tropospheric NO2 vertical column density (VCD) reconstruction. The value and major contributions of this dataset are summarized 107 

as follows: 1) High spatiotemporal completeness and resolution: It provides seamless hourly NO2 records during daytime at 0.05° 108 

resolution covering both pre- and post-GEMS periods, effectively mitigating data gaps caused by cloud contamination and 109 
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observation limitations. 2) Physical consistency: Instead of simple statistical interpolation, the dataset generation is strictly 110 

constrained by meteorological and chemical priors, ensuring that the reconstructed concentration fields adhere to atmospheric 111 

physical continuity. Independent validation confirms its robust inter-annual stability. 3) Enhanced utility for long-term 112 

environmental analysis: The dataset enables fine-grained delineation of previously obscured periodic diurnal characteristics and 113 

supports the characterization of inter-annual variations in NO2 concentration patterns over the past six years. 114 

2. Study area and data 115 

2.1 Study area 116 

This study selects four typical regions encompassing diverse climatic zones, emission characteristics, and topographical 117 

complexities, as detailed in Table 1. 118 

Table 1: Four representative study regions and their geographical extents selected in this study. 119 
Region Abbreviation Latitude Longitude 

North China Plain NP 34–44°N 112–122°E 

Sichuan Basin and surroundings CC 26–36°N 100–110°E 

Korea and Japan KJ 32–42°N 126–136°E 

Northern India NI 20–30°N 75–85°E 

The North China Plain (NP) is one of China’s largest plains, characterized by intensive heavy industrial and traffic emissions. 120 

The Sichuan Basin and its surrounding areas, encompassing major urban centers such as Chengdu and Chongqing (CC), are defined 121 

by an enclosed topographic configuration that severely restricts atmospheric ventilation and promotes pollutant accumulation, 122 

thereby producing a topographically driven atmospheric environment fundamentally distinct from that of the other study regions. 123 

The Korea and Japan (KJ) region spans the Korean Peninsula and the Japanese archipelago, where NO2 distributions are 124 

significantly influenced by transboundary transport and maritime climatic conditions. Northern India (NI), situated in the Indo-125 

Gangetic Plain, experiences frequent winter haze episodes and agricultural biomass burning. Given the high spatial heterogeneity 126 

of NO2 distributions, the selection of these four representative regions maximizes information density and gradient diversity within 127 

the training sample. 128 

2.2 GEMS tropospheric NO2 data 129 

The Geostationary Environment Monitoring Spectrometer (GEMS), an ultraviolet-visible (UV-Vis) imaging spectrometer 130 

onboard the GEO-KOMPSAT-2B (GK-2B) satellite, was launched in February 2020 and became operationally active in November 131 

2022 following in-orbit testing. GEMS provides spectral measurements from 300 to 500 nm with a spectral resolution of 132 

approximately 0.6 nm. It achieves a spatial resolution of 3.5 km × 7 km (over Seoul at nadir) and a temporal resolution of one hour. 133 

The observational domain of GEMS covers 5°S–45°N and 75°E–145°E, delivering 6–10 measurements per day over the Asian 134 

region (Kim et al., 2020b). 135 

This study utilizes the GEMS Level 2 NO2 tropospheric VCD v3.0 product. To ensure data quality, quality control was applied, 136 

retaining only pixels where the VCD is greater than zero, the cloud fraction is less than 0.3, and the solar zenith angle is less than 137 

70°. Thus, negative and zero GEMS retrievals were treated as missing values rather than being replaced with zero. This criterion 138 

was adopted because the supervised target was defined as a nonnegative tropospheric NO2 column field and because the subsequent 139 

logarithmic transformation requires nonnegative input values. Pixels removed by this criterion were excluded from the training 140 
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loss and did not act as zero-valued training labels. The quality-controlled GEMS data were then regridded to a uniform 0.05° × 141 

0.05° latitude-longitude grid using bilinear interpolation to facilitate spatial alignment with other datasets. GEMS data from January 142 

1, 2023, to December 31, 2023, were used as the training labels for the model, with data of 2024 reserved for additional validation. 143 

Furthermore, all the GEMS data mentioned subsequently refer to the nearest whole-hour time point of their average transit time in 144 

that area. 145 

2.3 TROPOMI tropospheric NO2 data 146 

The TROPOspheric Monitoring Instrument (TROPOMI) is an imaging spectrometer onboard the European Space Agency’s 147 

(ESA) Sentinel-5 Precursor (S5P) satellite, which was launched on October 13, 2017 (Veefkind et al., 2012b; Ialongo et al., 2020). 148 

S5P operates in a sun-synchronous polar orbit at an altitude of approximately 824 km, achieving daily global coverage with a local 149 

equator crossing time of around 13:30. TROPOMI employs a push-broom imaging technique with a wide swath of 2600 km. Its 150 

spectral range covers the ultraviolet, visible, near-infrared, and shortwave infrared bands (270–2385 nm), with the NO2 retrieval 151 

primarily relying on the visible band (405–465 nm) (Geffen et al., 2019) and the cloud retrieval relying on UV/visible/NIR bands 152 

(Loyola et al., 2018). The instrument’s spatial resolution was enhanced from 7 × 3.5 km2 to 5.5 × 3.5 km2 (across-track × along-153 

track) on August 6, 2019 (Liu et al., 2021a), making it the highest-resolution operational sensor for NO2 monitoring on a polar-154 

orbiting platform. 155 

The TROPOMI NO2 product has been validated against ground-based Pandora spectrometers, Multi-Axis Differential Optical 156 

Absorption Spectroscopy (MAX-DOAS) observations, and aircraft campaigns, demonstrating high accuracy (Griffin et al., 2019; 157 

Ialongo et al., 2020; Verhoelst et al., 2021). This study uses the TROPOMI Level 2 tropospheric NO2 VCD products from 2019 to 158 

2024, with data from 2023 employed for model training. For TROPOMI data, a quality assurance flag (qa_value) greater than 0.75 159 

was used as the filtering criterion. The filtered data were subsequently regridded to the same 0.05° × 0.05° grid using the HARP 160 

toolkit (https://github.com/stcorp/harp). In addition to the qa_value threshold, TROPOMI retrievals with tropospheric NO2 VCD 161 

values less than or equal to zero were treated as missing. This filtering maintained consistency with the nonnegative model-input 162 

domain and the logarithmic normalization used in the framework. 163 

2.4 GOME-2 tropospheric NO2 data 164 

GOME-2 (Global Ozone Monitoring Experiment-2) is an ultraviolet-visible imaging spectrometer onboard the MetOp series 165 

of satellites operated by the European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT). The GOME-166 

2 series consists of three satellites: MetOp-A (launched in October 2006), MetOp-B (launched in September 2012), and MetOp-C 167 

(launched in November 2018). GOME-2 has a local overpass time of approximately 09:30 and provides daily global coverage 168 

(Munro et al., 2016). 169 

The GOME-2 NO2 products (Valks et al., 2011) have undergone long-term validation and improvement. Comparison studies 170 

with ground-based MAX-DOAS, Pandora observations, and other satellite products have demonstrated good consistency at both 171 

global and regional scales (Pinardi et al., 2010; Liu et al., 2019). This study utilizes the GOME-2C Level 2 daily tropospheric NO2 172 

product provided by EUMETSAT AC-SAF (Hassinen et al., 2016). The nominal native ground-pixel size of GOME-2C is 80 km 173 

× 40 km for forward-scan observations and 240 km × 40 km for back-scan observations (Chan et al., 2023). The data were regridded 174 

to a 0.25° × 0.25° resolution using the HARP toolkit, and pixels with a cloud fraction greater than 0.3 were filtered out. For 175 

consistency with the GEMS and TROPOMI processing, GOME-2 retrievals with tropospheric NO2 VCD values less than or equal 176 

to zero were also excluded. This product is primarily used for the cross-comparison and independent validation of the model’s 177 

prediction results in subsequent chapters. Given the significant difference between GOME-2’s overpass time and those of 178 
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TROPOMI and GEMS, its data offer an independent reference for assessing the diurnal variation of NO2 and the model’s temporal 179 

generalization capability. 180 

2.5 ERA5 meteorological reanalysis data 181 

Meteorological conditions play a decisive role in influencing the spatiotemporal heterogeneity of tropospheric NO2 through 182 

physical transport and chemical modulation processes. This study uses the fifth generation of the European Centre for Medium-183 

Range Weather Forecasts (ECMWF) atmospheric reanalysis, ERA5 (Hersbach et al., 2020). This dataset is produced using the 184 

Integrated Forecasting System (IFS) Cycle 41r2, which assimilates a vast range of global observations through a 4D-Var data 185 

assimilation system. It provides data at a spatial resolution of 0.25° × 0.25° and an hourly temporal resolution. ERA5 has been 186 

widely adopted in atmospheric chemistry research, serving as a meteorological driver for chemical transport models (CTMs), as 187 

auxiliary input for satellite retrievals, and as feature variables in machine learning models (Zhang et al., 2025b; Mols et al., 2026). 188 

Both single-level and pressure-level variables from ERA5 were utilized in this study. The single-level variables include 189 

boundary layer height (blh), surface pressure (sp), and total cloud cover (tcc). Boundary layer height is a key physical parameter 190 

governing near-surface NO2 concentrations (Stull, 2012; von Engeln and Teixeira, 2013) and indirectly influences satellite-191 

retrieved tropospheric NO2 VCDs through the lower-tropospheric contribution to the column. Surface pressure not only indicates 192 

the evolution of weather systems but also directly affects the normalization of a priori profiles and the weighting of lower-layer 193 

contributions in the calculation of air mass factor (AMF) (Boersma et al., 2007). Total cloud cover modulates the photolysis rate 194 

of NO2 and photochemical equilibrium by altering shortwave radiation reaching the lower atmosphere (van Weele and Duynkerke, 195 

1993), while also being closely linked to precipitation and local thermal circulations (Sfica et al., 2021). For multi-level variables, 196 

specific humidity (q), temperature (T), and horizontal wind components (u, v) were extracted at four levels: 500 hPa, 850 hPa, 925 197 

hPa, and 1000 hPa. Lower-level variables can capture thermodynamic and dynamic conditions near NO2 emission sources, whereas 198 

the 500 hPa level represents the large-scale circulation background and vertical transport potential in the mid-troposphere (Wang 199 

et al., 2026). Temperature and specific humidity jointly determine the thermodynamic conditions and oxidant environment for 200 

atmospheric chemical reactions (Mentel et al., 1996; Wang et al., 2020). The wind components provide vector information on the 201 

horizontal transport of pollutants. All ERA5 variables used are hourly data at a 0.25° resolution, serving as part of the low-202 

resolution channels input to the model. 203 

2.6 EAC4 reanalysis data 204 

The ECMWF Atmospheric Composition Reanalysis 4 (EAC4) is a core data product of the Copernicus Atmosphere 205 

Monitoring Service (CAMS), providing a spatiotemporally consistent reanalysis of global atmospheric composition from 2003 to 206 

the present (Inness et al., 2019). EAC4 is based on the atmospheric chemistry module of the ECMWF’s IFS and assimilates multi-207 

source satellite observations with model forecasts using a 4D-Var scheme to produce chemically consistent and spatiotemporally 208 

complete atmospheric composition fields (Flemming et al., 2017). 209 

This study employs the total column NO2 (tcno2) variable from EAC4 as an input feature. Because tcno2 includes both 210 

tropospheric and stratospheric NO2, it is not directly equivalent to the GEMS tropospheric VCD used as the supervised target. 211 

EAC4 is therefore used as a spatially complete, coarse-resolution chemical background prior rather than a target-equivalent 212 

representation of tropospheric NO2. Although it differs from the satellite-observed tropospheric NO2 concentration, this product 213 

provides a spatiotemporally complete a priori estimate of the NO2 field, thereby enriching valuable physical prior information 214 

available to the model. The original EAC4 product has a temporal resolution of 3 hours and a spatial resolution of 0.75° × 0.75°. 215 
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To align with the overall framework, EAC4 data were resampled to a 1-hour temporal resolution and a 0.25° × 0.25° spatial 216 

resolution using linear interpolation, making it consistent with the ERA5 reanalysis data. 217 

2.7 MCD12C1 land cover data 218 

Land use/land cover (LULC) type is a critical factor influencing the spatial distribution of NO2. Different land use types 219 

correspond to distinct emission source characteristics and intensities: urban and built-up areas concentrate emissions from traffic, 220 

industry, and residential activities; agricultural lands are associated with emissions from farm machinery and soil nitrogen cycles; 221 

and forests and grasslands are primarily influenced by natural emissions and biomass burning (Lamsal et al., 2013b; Song et al., 222 

2019). Furthermore, land use types indirectly affect the accuracy of satellite retrievals and local meteorological conditions by 223 

influencing surface albedo and roughness (Auer, 1978; Noguchi et al., 2014). Consequently, incorporating land use information as 224 

a spatial prior helps the model to better understand the heterogeneity of NO2 spatial patterns. 225 

This study uses the annual MODIS Version 6.1 Climate Modeling Grid (CMG) land cover product, MCD12C1, for the years 226 

2019–2023 (Friedl and Sulla-Menashe, 2022). The Leaf Area Index (LAI)-based classification scheme (LCType3) was selected. 227 

Given the mismatch in spatial resolution between MCD12C1 (0.05°) and physical driver fields (0.25°), the land cover data were 228 

spatially aggregated to the 0.25° grid by averaging. 229 

2.8 ETOPO 2022 elevation data 230 

Topography is another essential spatial prior variable. Elevation is directly related to atmospheric pressure and air density 231 

(Zhou et al., 2009), while topographical variations influence local circulation patterns (e.g., valley and slope winds) and pollutant 232 

transport pathways (Gohm et al., 2009). Topography is also closely linked to the spatial distribution of emission sources, as human 233 

activities and NO2 emissions are predominantly concentrated in low-lying plains and basins, whereas emissions are sparse in high-234 

altitude mountains and plateaus (Lamsal et al., 2013b; Yuan et al., 2025). Additionally, terrain elevation affects the calculation of 235 

the AMF in satellite retrievals, with higher uncertainty typically observed over high-altitude areas (Boersma et al., 2011b). 236 

Therefore, integrating topographical information into the model enhances its predictive capability for NO2 distribution, especially 237 

in regions with complex terrain. 238 

This study utilizes the Earth TOPOgraphy (ETOPO) 2022 global relief model (NOAA National Centers for Environmental 239 

Information, 2022). As the latest version in the ETOPO series, it integrates multi-source topographic and bathymetric data, 240 

including satellite altimetry, shipborne sonar, airborne gravity, and terrestrial digital elevation models, to provide a high-resolution 241 

global relief dataset for land and ocean (MacFerrin et al., 2025). This study utilizes the 60-arc-second resolution version, which 242 

was resampled to a 0.25° × 0.25° resolution via spatial aggregation (averaging) to align with the grid of the other physical variables.  243 

3. Methodology 244 

3.1 Multi-source data integration framework 245 

This study integrates multi-source datasets with heterogeneous origins, spatiotemporal resolutions, and physical units, 246 

constructing an input tensor system comprising two 0.05° high-resolution input channels (the TROPOMI tropospheric NO2 VCD 247 

and its validity mask), 33 low-resolution predictor channels at 0.25° resolution, and one supervised target channel consisting of 248 

the quality-controlled 0.05° hourly GEMS tropospheric NO2 VCD. Table 2 systematically summarizes the source, original 249 

resolution, physical significance, and normalization strategy of all input variables. All reconstructed hourly fields correspond to 250 

daytime GEMS observation hours. 251 
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Table 2: Summary of input variables for PhysNorm-Net. 252 

Source Variable Name Abbreviation Spatial 
Resolution 

Temporal 
Resolution Channels Normalization 

Method 

TROPOMI 

Tropospheric NO2 
VCD TROPOMI NO2 0.05° daily 1 Log+Z-Score 

mask mask 0.05° daily 1 / 

GEMS Tropospheric NO2 
VCD GEMS NO2 0.05° hourly 1 (label) Log+Z-Score 

EAC4 NO2 Total 
Column tcno2 0.25° hourly 1 Z-Score 

ERA5 

Surface Pressure sp 

0.25°  hourly 

1 Z-Score 

Total Cloud 
Cover tcc 1 Z-Score 

Boundary Layer 
Height blh 1 Z-Score 

Specific Humidity q 4 Z-Score 

Temperature T 4 Z-Score 

U-component of 
wind u 4 Z-Score 

V-component of 
wind v 4 Z-Score 

ETOPO2022 Digital Elevation 
Model DEM 0.25° / 1 Min-Max 

MCD12C1 Land Cover Type / 0.25° yearly 11 Convert to 
decimals 

Computed Cosine of Solar 
Zenith Angle cos(𝜃𝜃SZA) 0.25° hourly 1 / 

Note: The 4 channels for ERA5 multi-level variables correspond to 1000, 925, 850, and 500 hPa pressure levels. The 11 channels 253 
for MCD12C1 represent the 11 land cover types. 254 

To ensure numerical stability during neural network training and eliminate the influence of dimensional discrepancies on 255 

gradient propagation, differentiated normalization strategies were tailored to the characteristics of each variable type. Prior to 256 

normalization, the 2023 dataset was randomly partitioned by date into training (256 days), validation (54 days), and test (55 days) 257 

sets. This split was used for model development and for evaluating performance on held-out dates within 2023. Because randomly 258 

selected dates may have weather conditions similar to those of nearby training dates, the 2023 test set is not interpreted as a strictly 259 

temporally independent evaluation. The complete 2024 dataset was retained outside the 2023 data split and used for independent-260 

year validation. 261 
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The probability distribution of tropospheric NO2 column densities exhibits a pronounced positive skew, with several orders 262 

of magnitude separating high-value tails (corresponding to pollution events) from background concentrations. A direct linear 263 

scaling would compress the information content of high-concentration pixels while disproportionately amplifying minor variations 264 

in low-concentration regions, thereby hindering the model’s ability to learn the spatial features of both pollution hotspots and 265 

background areas. To address this, TROPOMI and GEMS tropospheric NO2 VCDs were first scaled by a factor of 10-15 (converting 266 

to units of Pmolec/cm2), followed by logarithmic transformation and Z-score normalization: 267 

𝑥𝑥log = ln�𝑥𝑥trop + 𝜖𝜖� (1) 268 

𝑥𝑥norm =
𝑥𝑥log − 𝜇𝜇log

𝜎𝜎log
(2) 269 

Here, 𝜖𝜖 is a small constant to prevent undefined logarithms for zero values, while 𝜇𝜇log and 𝜎𝜎log represent the global mean and 270 

standard deviation of the log-transformed training data, respectively. The logarithm transform effectively compresses the dynamic 271 

range of the data, making its distribution more Gaussian-like while preserving the relative relationships between concentration 272 

gradients. The subsequent Z-score standardization centers the data and scales it to a standard deviation of one, aligning it with the 273 

standard input assumptions of deep neural networks (LeCun et al., 2012). 274 

For ERA5 and EAC4 reanalysis variables, Z-score normalization was uniformly applied: 275 

𝑥𝑥′ =
𝑥𝑥 − 𝜇𝜇
𝜎𝜎

(3) 276 

Where 𝜇𝜇 and 𝜎𝜎 are the spatiotemporal statistics of each variable computed over the training set. It is emphasized that all 277 

normalization statistics are derived exclusively from the training set and subsequently applied to the validation and test sets to 278 

strictly prevent data leakage. 279 

Since DEM data possess well-defined physical boundaries (from sea level to the highest peak) and its absolute values carry 280 

physical meaning, a min-max normalization was applied to preserve this characteristic while mapping values to the [0, 1] interval: 281 

𝑧𝑧′ =
𝑧𝑧 − 𝑧𝑧min

𝑧𝑧max − 𝑧𝑧min
(4) 282 

Where 𝑧𝑧max and 𝑧𝑧min are the global minimum and maximum DEM values. 283 

Land use data from MCD12C1 are provided as area fractions (original values as percentages from 0–100); these were directly 284 

converted to decimals in the [0, 1] range by dividing by 100. Normalization of both DEM and land use data was performed prior 285 

to spatial resampling. 286 

For temporal encoding, while spatiotemporal prediction tasks typically employ periodic functions (e.g., sine/cosine transforms) 287 

to explicitly embed hour, day, or year cycles, such purely mathematical encodings may lack a direct connection to atmospheric 288 

physical processes. Therefore, this study proposes using the cosine of the solar zenith angle (cos(𝜃𝜃SZA)) as a substitute for 289 

conventional time encoding. For a given UTC time, regions at different longitudes experience different local solar times and 290 

corresponding SZAs. The SZA implicitly encodes the longitude-time coupling, enabling the model to understand local illumination 291 

conditions without needing to learn complex time zone conversion logic. Furthermore, the SZA reflects both diurnal and seasonal 292 

variations (depending on solar declination), allowing a single variable to represent periodicity across multiple time scales and 293 

reducing input feature redundancy. 294 

The calculation process is as follows: based on the UTC timestamp and the central coordinates of the region, the solar elevation 295 

angle (𝛼𝛼) is first computed using a solar position algorithm (Reda and Andreas, 2004), from which the solar zenith angle (𝜃𝜃SZA) is 296 

derived: 297 

𝜃𝜃SZA = 90° − 𝛼𝛼 (5) 298 
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To constrain input values within the numerical range preferred by neural networks, the cosine is taken: 299 

𝑓𝑓SZA = cos(𝜃𝜃SZA) (6) 300 

This value approaches 0 near sunrise/sunset and approaches 1 at solar noon in tropical regions (or less than 1 at mid-to-high 301 

latitudes), offering intuitive physical interpretation. Given that the spatial resolution of data such as EAC4 is 0.25°, corresponding 302 

to a grid scale of approximately 25–30 km, the spatial variation of the SZA within this scale is negligible (< 0.1°). Therefore, 𝑓𝑓SZA 303 

is treated as a spatially uniform field and appended to the low-resolution tensor. 304 

3.2 Overall architecture of PhysNorm-Net 305 

Let the high-resolution TROPOMI NO2 observations be denoted as 𝛸𝛸obs ∈ ℝ𝐻𝐻×𝑊𝑊. Due to cloud cover, aerosol contamination, 306 

and sensor swath gaps, the observation field is spatially sparse. Therefore, a binary mask 𝛭𝛭 ∈ {0,1}𝐻𝐻×𝑊𝑊  is introduced to mark the 307 

locations of valid pixels (1 for valid, 0 for missing). Concurrently, to incorporate the dynamic constraints of atmospheric transport 308 

and dispersion, a set of spatiotemporally aligned, low-resolution physical and topography data is utilized, denoted as 𝑃𝑃 ∈ ℝℎ×𝑤𝑤×𝐶𝐶, 309 

where ℎ < 𝐻𝐻 , 𝑤𝑤 < 𝑊𝑊, and 𝐶𝐶 is the number of physical variable channels. The objective of this study is to learn a nonlinear 310 

mapping function ℱ that infers the complete, high-spatiotemporal-resolution NO2 field 𝑌𝑌�  by fusing the sparse observations with 311 

the dense physical prior: 312 

𝑌𝑌� = ℱ(Χobs,𝑃𝑃,𝑀𝑀) (7) 313 

The challenge inherent in this problem lies in the significant modality gap between Χ𝑜𝑜𝑜𝑜𝑜𝑜 and 𝑃𝑃: the former contains high-314 

frequency spatial textures but is incomplete, while the latter is physically continuous but spatially coarse. To address this multi-315 

modal fusion challenge, the PhysNorm-Net is designed. As illustrated in Figure 1, the network’s main body inherits the classic U-316 

Net architecture (Ronneberger et al., 2015), comprising a contracting path (encoder) and an expansive path (decoder), with skip 317 

connections to preserve multi-scale features. However, two critical asymmetric modifications are introduced to the standard U-Net 318 

to accommodate irregularly missing data and to integrate physical constraints: 319 

The Main Observation Stream, which forms the U-Net backbone, is responsible for extracting multi-scale features from the 320 

spatially incomplete TROPOMI field. Unlike traditional Convolutional Neural Networks (CNNs) that use standard convolutional 321 

layers, this stream is constructed from a stack of Partial Convolution layers. This enables the network to adaptively handle data 322 

missing in arbitrary shapes, progressively in-painting the feature maps during the encoding process. 323 

The Physics-Conditional Stream operates as a parallel feature extractor, deriving latent physical information from the low-324 

resolution data. This stream employs a deep residual network (ResNet) structure to prevent gradient vanishing during deep feature 325 

extraction and to ensure the effective propagation of physical information. 326 

During the decoding (upsampling) phase, features from the physics stream are not simply concatenated with the observation 327 

features. Instead, they are used to dynamically modulate the statistical distribution of the observation features through a novel 328 

Physics-Aware Normalization (PhysNorm) module. This conditional affine transformation fuses the two streams of information to 329 

reconstruct the high-resolution tropospheric NO2 field. This design ensures that the generated pollutant concentration field not only 330 

retains the fine details from the satellite observations but also adheres macroscopically to the prevailing meteorological dispersion 331 

patterns. 332 
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 333 
Figure 1: Architecture diagram of PhysNorm-Net. 334 

3.3 Observation encoding via Partial Convolution 335 

Spatial gaps in satellite remote sensing imagery exhibit high irregularity, with patterns, areas, and locations varying across 336 

samples. Standard convolution operations implicitly assume all input pixels are valid and incorporate padded values (e.g., zeros or 337 

mean-filled values) in missing regions into feature calculations. This leads to the contamination of features from valid areas by 338 

missing areas, an error that propagates and diffuses throughout the feature map as network depth increases. To resolve this issue, 339 

this study adopts the Partial Convolution (PConv) layer, proposed by Liu et al. (2018), as the fundamental operator in the encoder. 340 

The core mechanism of PConv is to perform convolution exclusively on the valid pixels defined by a mask and to re-weight the 341 

result based on the proportion of valid pixels. 342 

Assume the input feature at layer 𝑙𝑙 is 𝑋𝑋(𝑙𝑙), the corresponding binary mask is 𝑀𝑀(𝑙𝑙),  the convolution kernel is 𝑊𝑊, and the bias 343 

is 𝑏𝑏. The partial convolution output at position (𝑖𝑖, 𝑗𝑗) is computed as: 344 
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𝑥𝑥(𝑖𝑖,𝑗𝑗)
′ = �𝑊𝑊

𝑇𝑇�𝑋𝑋(𝑙𝑙) ⊙𝑀𝑀(𝑙𝑙)�(𝑖𝑖,𝑗𝑗) ∙
sum(1)

sum(𝑀𝑀(𝑙𝑙))(𝑖𝑖,𝑗𝑗)
+ 𝑏𝑏,  if sum�𝑀𝑀(𝑙𝑙)�(𝑖𝑖,𝑗𝑗) > 0

0,  otherwise
(8) 345 

Here, ⊙  denotes element-wise multiplication, 𝑠𝑠𝑠𝑠𝑠𝑠(1)  is the total number of pixels in the convolutional window, and 346 

𝑠𝑠𝑠𝑠𝑠𝑠�𝑀𝑀(𝑙𝑙)�(𝑖𝑖,𝑗𝑗) is the number of valid pixels within that window. The scaling factor sum(1)
sum�𝑀𝑀(𝑙𝑙)�(𝑖𝑖,𝑗𝑗)

 automatically corrects for the 347 

reduction in signal strength caused by the diminished amount of valid information. Simultaneously, the mask is updated after each 348 

layer: a position in the next layer’s mask is marked as valid if at least one valid pixel existed within its receptive field in the current 349 

layer. This hierarchical update mechanism enables valid information to propagate layer-by-layer toward missing regions as network 350 

depth increases, providing the decoder with structurally complete semantic features. 351 

Specifically, the high-resolution encoder employs a three-stage downsampling architecture. The first stage uses a 7×7 large-352 

kernel convolution (64 channels) to rapidly expand the receptive field while preserving the original resolution, which is suitable 353 

for capturing medium-scale NO2 spatial structures. The subsequent two stages use 3×3 convolutions (128 and 256 channels, 354 

respectively) to perform 2x downsampling. The feature maps and updated masks at each stage are preserved for use in the decoder 355 

via skip connections. 356 

3.4 Residual encoding of physical priors 357 

The physical prior encoding module is tasked with extracting a hierarchical feature representation of the atmospheric state 358 

from the low-resolution tensor 𝑃𝑃 ∈ ℝℎ×𝑤𝑤×𝐶𝐶 . The design objectives for this module are: (a) to capture the nonlinear mapping 359 

relationships between meteorological fields, surface characteristics, and NO2 distribution; and (b) to generate multi-level physical 360 

features for fusion at different resolution scales in the decoder. Traditional deep convolutional networks, after alternating between 361 

multiple layers of linear convolution and nonlinear activation, are prone to gradient degradation, which can lead to the over-362 

abstraction or even loss of spatially continuous information present in the original meteorological data. Therefore, this module 363 

adopts a residual network (ResNet) architecture, consisting of an initial convolutional layer followed by three residual blocks. The 364 

introduction of residual connections alleviates gradient vanishing in deep networks (He et al., 2015) while facilitating the learning 365 

of incremental functions near identity mappings from input to output. This network produces three levels of physical feature maps 366 

�𝐹𝐹phy
(1) ,𝐹𝐹phy

(2) ,𝐹𝐹phy
(3)� (with 64, 64, and 128 channels, corresponding to f2, f3, f4 in Figure 1), which encode hierarchical information 367 

from raw meteorological variables to abstract physical patterns. 368 

Specifically, the low-resolution input is first mapped to a latent feature space via an initial convolutional layer, followed by 369 

deep feature extraction through a stack of residual blocks. If the input feature to the 𝑘𝑘-th residual block is 𝐹𝐹phy
(𝑘𝑘−1), the feature 370 

propagation process can be described as: 371 

𝐹𝐹phy
(𝑘𝑘) = ReLU �𝐹𝐹phy

(𝑘𝑘−1) + ℛ𝑘𝑘�𝐹𝐹phy
(𝑘𝑘−1)�� (9) 372 

where ℛ𝑘𝑘  represents the residual mapping composed of two consecutive convolutional layers with embedded nonlinear 373 

activation functions. The identity mapping term 𝐹𝐹phy
(𝑘𝑘−1) allows fundamental physical information provided by the low-resolution 374 

branch to be directly transmitted to deeper network layers. The residual term ℛ𝑘𝑘(∙) is consequently forced to learn only refinements 375 

(or perturbations). The physical prior encoder does not merely output a single global feature vector but extracts multi-scale 376 

hierarchical features under different receptive fields. These features are then routed to and precisely aligned with the PhysNorm 377 

modules at different depths of the high-resolution decoder. 378 
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Additionally, this module includes an auxiliary prediction head (a 1×1 convolution layer) that directly predicts a coarse-379 

resolution NO2 field 𝑌𝑌�coarse from the intermediate feature layer 𝐹𝐹phys
(2) . This auxiliary output provides an additional supervisory 380 

signal during training (detailed in Section 3.6), ensuring that the physical features possess direct predictive capability for NO2 381 

concentrations. 382 

3.5 Physics-Aware Normalization (PhysNorm) module and multi-scale decoder 383 

A core challenge of this research is how to effectively fuse low-resolution physical information during the decoder’s process 384 

of recovering high-resolution details. Traditional fusion methods, such as concatenation or addition, treat physical information as 385 

an additional feature channel, relying on the network to implicitly learn its relationship with satellite observations. This often leads 386 

to the deep learning network prioritizing the observational data and ignoring the physics stream, causing the model to degrade into 387 

image interpolation. Inspired by Spatially-Adaptive (De)normalization (SPADE) from the image generation domain (Park et al., 388 

2019), this study proposes the Physics-Aware Normalization module. This module treats the meteorological field as an 389 

environmental context that dynamically modulates the normalized statistics of the satellite feature map via an affine transformation. 390 

The workflow of PhysNorm involves three main steps: 391 

Destylization: First, the input satellite feature map (𝐹𝐹sat, corresponding to mid, e2, e1 in Figure 1) undergoes parameter-free 392 

Instance Normalization (IN). This step removes biases in absolute concentration that are specific to a particular time and region by 393 

subtracting the mean and dividing by the standard deviation, thereby retaining the pure relative structural information: 394 

𝐹𝐹�sat =
𝐹𝐹sat − 𝜇𝜇(𝐹𝐹sat)

𝜎𝜎(𝐹𝐹sat)
(10) 395 

Parameter Mapping: Using the multi-scale features (𝐹𝐹phy ) extracted by the physics encoder, two separate shallow 396 

convolutional networks, ϕ𝛾𝛾 and ϕ𝛽𝛽, learn the scaling (𝛾𝛾) and shifting (𝛽𝛽) coefficients corresponding to the specific meteorological 397 

conditions: 398 

𝛾𝛾 = ϕ𝛾𝛾�𝐹𝐹phy�,𝛽𝛽 = ϕ𝛽𝛽�𝐹𝐹phy� (11) 399 

Here, 𝛾𝛾 and 𝛽𝛽 are tensors of the same spatial dimensions as 𝐹𝐹�sat. 400 

Physics Injection: The learned parameters are then used to modulate the normalized features: 401 

𝐹𝐹out = 𝐹𝐹�sat ∙ (1 + 𝛾𝛾) + 𝛽𝛽 (12) 402 

The scaling factor 𝛾𝛾 and shifting factor 𝛽𝛽 control the local concentration contrast and background level, respectively. For 403 

instance, under conditions of strong winds and high dispersion, where the pollutant distribution tends to be more uniform, the 404 

model would predict smaller 𝛾𝛾 values to suppress local peaks. In areas with a low boundary layer height or high emissions, the 405 

model would generate positive 𝛽𝛽 values to holistically elevate the predicted concentrations in that region. Through PhysNorm, the 406 

model can be compelled to rely on the physical state (low-resolution input) to determine the numerical range and distribution 407 

intensity of the final output, fundamentally resolving the information imbalance issue in modality fusion. 408 

The decoder adopts a symmetric three-stage upsampling architecture, progressively recovering spatial resolution via 409 

transposed convolutions. PhysNorm is deployed at each decoder stage, modulated by the deep, intermediate, and shallow features 410 

from the physical prior module, respectively. This hierarchical design allows physical information of varying abstraction levels to 411 

act on corresponding spatial scales: deep features modulate weather-scale patterns, while shallow features modulate variations at 412 

the local scale. 413 
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In this architecture, the PhysNorm module modulates encoder features prior to concatenation. The final output layer is a 414 

lightweight convolutional head (two 3×3 convolutional layers, 128→32→1 channels), which maps the fused features to a single-415 

channel NO2 prediction field. 416 

3.6 Dual-task loss function 417 

To maintain physical consistency while ensuring high-resolution reconstruction accuracy, this study proposes a dual-task 418 

constrained loss function. The total loss is a linear combination of a fine-grained reconstruction loss and a coarse-grained physical 419 

consistency loss: 420 

ℒtotal = 𝜆𝜆1ℒfine + 𝜆𝜆2ℒcoarse (13) 421 

The fine-grained reconstruction loss (ℒfine) supervises the final high-resolution output of the U-Net. Since the ground truth 422 

labels (GEMS data) themselves contain missing values, the loss is computed only over valid pixels. An L1 loss is adopted to 423 

enhance robustness against outliers in satellite data. 424 

The physical consistency loss (ℒcoarse) supervises the coarse-resolution prediction from the physical prior module. The GEMS 425 

labels are downsampled to the low-resolution grid after handling invalid values, and the loss is computed in the same masked L1 426 

form. This auxiliary task ensures that the physical features possess direct predictive capability for NO2 and provides a more direct 427 

gradient signal to the shallow layers of the network, alleviating the gradient dilution problem in deep networks. In our setup, both 428 

𝜆𝜆1 and 𝜆𝜆2 are set to 1.0. 429 

3.7 Evaluation metrics 430 

This study employs multiple evaluation metrics to assess model performance, all of which are calculated based on valid 431 

observation pixels. Detailed descriptions follow: 432 

The coefficient of determination (R2) measures the extent of the variance between predictions and original observations. It is 433 

defined as: 434 

𝑅𝑅2 = 1 −
� (𝑛𝑛

𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2

� (𝑛𝑛
𝑖𝑖=1 𝑦𝑦𝑖𝑖 − 𝑦𝑦

¯
)2

(14) 435 

where 𝑦𝑦𝑖𝑖 and 𝑦𝑦�𝑖𝑖 are the observed and predicted values for the 𝑖𝑖-th sample, 𝑦𝑦� is the mean of the observed values, and 𝑛𝑛 is the 436 

total number of samples. R2 ranges from −∞ to 1, with values closer to 1 indicating a better fit. To evaluate the statistical 437 

significance of R2, the F-test is employed to compute its associated probability (p-value). The F-statistic is defined as: 438 

𝐹𝐹 =
𝑅𝑅2 𝑘𝑘⁄

(1 − 𝑅𝑅2)/(𝑛𝑛 − 𝑘𝑘 − 1)
(15) 439 

where 𝑘𝑘 is the number of independent variables in the regression model. Under the null hypothesis (𝑅𝑅𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 = 0), 𝐹𝐹 follows an 440 

F-distribution with degrees of freedom (𝑘𝑘,𝑛𝑛 − 𝑘𝑘 − 1). The p-value is computed via the survival function of the F-distribution, and 441 

p<0.05 indicates that R2 is significantly different from zero at the 95% confidence level. 442 

When validating against another independent source (e.g., the LEO satellite GOME-2), which may have inherent differences 443 

in retrieval algorithms and observation geometries, this study uses the Pearson correlation coefficient (R) as the core metric for 444 

cross-validation: 445 

𝑅𝑅 =
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�)�𝑦𝑦�𝑖𝑖 − 𝑦𝑦���𝑛𝑛
𝑖𝑖=1

�∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2𝑛𝑛
𝑖𝑖=1 �∑ �𝑦𝑦�𝑖𝑖 − 𝑦𝑦���2𝑛𝑛

𝑖𝑖=1

(16) 446 



  15 

where 𝑦𝑦�� is the mean of predicted values. Pearson R ranges from −1 to 1, and values closer to ±1 indicate stronger linear 447 

correlation. 448 

Root Mean Square Error (RMSE) quantifies the overall magnitude of the prediction error. It is defined as: 449 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑛𝑛
� (

𝑛𝑛

𝑖𝑖=1
𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2 (17) 450 

RMSE has the same units as the observations (Pmolec/cm2), facilitating a direct assessment of the error’s actual magnitude. 451 

Mean Absolute Error (MAE) measures the average magnitude of the errors, assigning equal weight to each error. It is defined 452 

as: 453 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
� ∣

𝑛𝑛

𝑖𝑖=1
𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖 ∣ (18) 454 

Compared to RMSE, MAE is more robust to outliers. Using both metrics can reveal characteristics of the error distribution: 455 

a RMSE value significantly larger than the MAE suggests the presence of a few samples with large errors. 456 

Normalized Mean Bias (NMB) normalizes the mean bias relative to the mean of the observations, enabling comparable 457 

assessments across different regions and time periods. It is defined as: 458 

𝑁𝑁𝑁𝑁𝑁𝑁 =
� (𝑛𝑛

𝑖𝑖=1 𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖)
∑ 𝑦𝑦𝑖𝑖𝑛𝑛
𝑖𝑖=1

(19) 459 

NMB expresses the relative degree of systematic bias as a percentage, eliminating the influence of varying absolute NO2 460 

concentrations across different regions or seasons. 461 

4. Results 462 

4.1 Overall dataset accuracy and spatiotemporal consistency 463 

To characterize model performance on held-out dates within the 2023 training year, Figure 2 presents the overall scatter 464 

density plots for the training, validation, and test sets. The predicted dataset achieved high prediction accuracy across all three sets, 465 

with R2 values of 0.939, 0.882, and 0.889, respectively (all p-values < 0.01). Furthermore, during the training and testing process 466 

involving tens of millions of samples, the performance metrics on the validation and test sets were highly consistent, with no 467 

significant signs of overfitting. This indicates that the designed PhysNorm-Net model can effectively learn the non-linear mapping 468 

relationship between multi-source physical drivers and pollutant concentrations. Although this evaluation directly examines model 469 

performance under naturally occurring TROPOMI gaps wherever valid GEMS references are available, reconstructed pixels for 470 

which GEMS itself is unavailable cannot be directly verified against GEMS. Therefore, the reported metrics should not be 471 

interpreted as a pixelwise validation of the entire gapless product. 472 
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 473 
Figure 2: Scatter density plots of model predictions versus original GEMS observations. 474 

Notably, the predicted dataset does not show a systematic underestimation or overestimation trend, except for a slight 475 

underestimation in regions with high tropospheric NO2 column densities (>40 Pmolec/cm2). A value-stratified evaluation of valid 476 

GEMS pixels in the fixed 2023 test set indicates that the reconstruction remains well constrained across the main moderate-to-high 477 

concentration range. For observed VCDs between 5 and 40 Pmolec/cm2, which account for 21.73% of valid test pixels, the 478 

aggregated NMB is −0.044, with an MAE of 1.994 Pmolec/cm2 and an RMSE of 2.753 Pmolec/cm2. Within the 20–40 Pmolec/cm2 479 

range, the mean bias is −3.239 Pmolec/cm2 (NMB = −0.126; N = 317,663), showing that the model retains useful discrimination 480 

of elevated pollution conditions. A more pronounced compression occurs only in the extreme tail above 40 Pmolec/cm2, which 481 

contains 15,037 valid pixels (0.062% of the test set): the mean bias is −12.203 Pmolec/cm2 (NMB = −0.264; MAE = 12.442 482 

Pmolec/cm2). This phenomenon is relatively common in current deep learning-based atmospheric remote sensing retrieval studies 483 

(Wei et al., 2021). The main reasons are twofold: first, the L1 loss functions used for model optimization tend to fit the global 484 

mean, with a relatively insufficient penalty weight for extreme high values; second, high-concentration samples constitute a very 485 

small fraction of the overall data distribution and often correspond to local, sudden emission events or adverse stagnant 486 

meteorological conditions, which low-resolution data cannot fully capture. Nevertheless, considering that the core concentration 487 

range of tropospheric NO2 accounts for the vast majority of samples, the dataset demonstrates high reliability in this range, thereby 488 

supporting regional air quality assessment and spatiotemporal evolution analysis, including the characterization of the occurrence, 489 

spatial extent, and temporal evolution of elevated pollution conditions. However, analyses requiring the absolute magnitude of 490 

individual extreme peaks should account for the quantified negative bias. 491 

Regarding spatial distribution details, Figure 3 uses April 26, 2023, as an example to show a single-day spatial comparison 492 

across the four typical regions. It is visually evident that the predicted dataset not only successfully fills large data gaps caused by 493 

factors like cloud cover but also accurately reproduces the spatial patterns of the original observations and the locations of heavy 494 

pollution plumes. In some local areas with complex terrain or dense emission sources (e.g., urban clusters in the NP region), the 495 

concentration gradients in the predictions are slightly smoother compared to the original high-resolution satellite observations. 496 

This is due to an unavoidable spatial smoothing effect introduced by the physical prior module when fusing the 0.25° physical 497 

driving fields with the 0.05° remote sensing data. However, this trade-off effectively eliminates non-physical abrupt changes in 498 

the original satellite products caused by retrieval noise and surface albedo errors, while also significantly mitigating common 499 

sensor striping artifacts. As a result, the final generated spatial distribution retains sufficiently accurate local hotspot information 500 

while adhering to the physical laws of atmospheric diffusion and transport. 501 
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 502 
Figure 3: Comparison of single-day spatial distributions of NO2 concentration from TROPOMI, GEMS, and model 503 
predictions on April 26, 2023. 504 

Figure 4 shows the complete hourly GEMS observations and model predictions from 23:00 (UTC) on January 9, 2023 to 505 

08:00 (UTC) on January 10, 2023, clearly demonstrating that the model not only has the ability to fill spatial gaps but also can 506 

predict the complete observation time series, thereby obtaining a more coherent dynamic change process. 507 
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 508 
Figure 4: Hourly spatial distributions of NO2 concentration from GEMS, and model predictions. 509 

To further validate the model’s temporal extrapolation capability and long-term application potential, this study applied the 510 

model to the data of 2024, which was not involved in any training phase, for independent validation. The performance was 511 

compared by region with that of 2023, and the results are shown in Table 3. 512 

Table 3: Comparison of model performance on 2023 and 2024 datasets by region. 513 

Metric NP CC KJ NI 
2023 2024 2023 2024 2023 2024 2023 2024 

R2 0.921 0.855 0.879 0.771 0.897 0.817 0.819 0.650 
RMSE 1.722 2.339 0.829 1.006 0.884 1.017 1.096 1.403 
MAE 1.055 1.461 0.507 0.610 0.492 0.571 0.561 0.815 
NMB -0.016 0.076 -0.023 0.119 -0.035 0.098 -0.041 0.226 

The 2024 evaluation produced lower R2 values and higher RMSE and MAE values than the internal 2023 test set but retained 514 

predictive skill in all four regions, with R2 values above 0.81 in NP and KJ. These results indicate that the learned relationships 515 

remain partly transferable to an unseen year, although performance varied by region and decreased most in NI. Notably, the NMB 516 

changed from negative values in all four regions in 2023 (-0.041 to -0.016) to positive values in all four regions in 2024 (0.076 to 517 

0.226), indicating a consistent positive mean bias in the independent-year evaluation. Because the model was trained on 2023 data 518 
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and the normalization statistics for the dynamic variables were derived from that training set, this sign reversal may reflect an 519 

interannual shift in the predictor-target relationship relative to the training distribution; however, evaluation of only one unseen 520 

year is insufficient to establish persistent temporal drift. The comparatively larger decrease in NI may be partly associated with the 521 

smaller number of valid GEMS labels available for this region, which provides less information for model training. Overall, the 522 

2024 results support partial temporal transferability of the proposed framework while revealing a year-dependent bias that should 523 

be considered when applying it to longer-term historical reconstruction. 524 

4.2 Assessment of spatial hotspot capture and historical reconstruction capability using GOME-2 525 

In order to evaluate the hotspot reconstruction capability and historical prediction accuracy of the dataset predicted by 526 

PhysNorm-Net, this section introduces the GOME-2 instrument as a completely independent reference object. Although GOME-527 

2C is independent of model training, it is not a retrieval-harmonized reference. Differences in AMF formulation, a priori NO2 528 

profiles, cloud treatment, viewing geometry, and spatial sampling among GOME-2C, GEMS, and TROPOMI may introduce 529 

systematic differences among the retrieved tropospheric NO2 VCDs. The following cross-satellite comparisons are therefore 530 

interpreted primarily as an assessment of consistency in spatial patterns and variability, rather than as an estimate of an absolute 531 

sensor-independent NO2 scale. 532 

Figure 5 selects typical cases from the four study regions to demonstrate the dataset’s capability in reconstructing NO2 spatial 533 

distributions and capturing hotspots during the morning. The dataset predicted by PhysNorm-Net exhibits high spatial 534 

completeness and continuity in all cases, successfully capturing morning concentration hotspots that TROPOMI failed to observe 535 

effectively. Specifically, in Figure 5(a), the prediction clearly reconstructs the extensive high-value area stretching across the 536 

Beijing-Tianjin-Hebei region to Shandong and Henan. This accurately captures the morning NO2 accumulation caused by the 537 

superposition of industrial emissions and rush-hour traffic, and this spatial pattern is highly consistent with both GOME-2 538 

observations and the valid GEMS pixels. In Figure 5(b), the prediction not only fills these gaps but also restores the pollution 539 

hotspots centered around the three major cities of Chengdu, Chongqing, and Xi’an. Similar high-fidelity reconstruction is also 540 

evident in Figure 5(c) for the Seoul metropolitan core area, and in Figure 5(d) for areas including New Delhi and the junction of 541 

Chhattisgarh and Odisha states. These findings demonstrate that the dataset predicted by PhysNorm-Net can not only perform 542 

spatiotemporal continuous reconstruction but also realistically reconstruct missed NO2 hotspots. 543 

 544 
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 545 
Figure 5: Comparison of tropospheric NO2 spatial distributions from TROPOMI, GOME-2, GEMS, and model predictions 546 
at the GOME-2 overpass time for the four study regions. 547 

Figure 6 displays the validation results of the predictions and original GEMS against GOME-2C from 2019 to 2024, across 548 

the four study regions and at the combined all-region scale. Since GEMS data are only available for 2023–2024, the comparison 549 

for 2019–2022 is only shown for predictions versus GOME-2C. 550 
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551 
Figure 6: Annual and overall validation results of GEMS and predictions against GOME-2C for each region. 552 

At the all-region scale, the predictions exhibit good inter-annual stability from 2019 to 2024. The annual R for the four 553 

combined regions ranges from 0.76 to 0.79, with the RMSE stable within 3.00–3.25 Pmolec/cm2, and the MAE maintained between 554 

1.80–1.90 Pmolec/cm2. For the entire six-year period, the overall statistics for predictions against GOME-2C are R = 0.780, RMSE 555 

= 3.113 Pmolec/cm2, and MAE = 1.854 Pmolec/cm2. Notably, during the 2019–2022 retrospective period, the overall correlation 556 

and error levels are comparable to those of 2023–2024, indicating that the dataset predicted by the model has good stability in 557 

temporal extrapolation and does not show significant performance degradation when backtracking to non-training years. 558 

At the regional scale, different regions exhibit clear differences. The NP region shows the highest correlation, with a six-year 559 

combined R of 0.765 for the predictions, but it also has the largest error magnitude, with RMSE and MAE of 4.794 and 3.177 560 

Pmolec/cm2, respectively. This suggests that the dataset can effectively capture the dominant structure of NO2 spatial variations in 561 

the North China Plain but is accompanied by larger absolute errors in the context of high values and strong gradients. In contrast, 562 
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the CC region exhibits the lowest correlation, with a multi-year combined R of only 0.533 for the predictions, while its RMSE and 563 

MAE are 2.360 and 1.514 Pmolec/cm2, respectively. This indicates that although the absolute error is not high, the spatial 564 

consistency is relatively weak in this region. The KJ and NI regions have relatively low overall error levels. The predicted RMSE 565 

and MAE for the KJ region are 1.945 and 1.214 Pmolec/cm2, and for the NI region, they are 1.812 and 1.204 Pmolec/cm2. The R 566 

for both regions is approximately 0.65, indicating that the dataset maintains a relatively stable fitting ability in low-to-medium 567 

concentration backgrounds. 568 

In the 2023–2024 period when GEMS observations are available, Figure 6 further validates the high consistency and 569 

comparability between the predictions and the GEMS products. At the all-region scale, the correlation of GEMS with GOME-2C 570 

(R = 0.829–0.836) indeed shows a slight advantage, while the predictions’ R value for the same period also reaches a high level of 571 

0.761–0.789. This demonstrates that the output dataset has successfully internalized and inherited the capability of GEMS data to 572 

capture large-scale NO2 spatial variability. A detailed regional comparison further highlights the robust performance of the 573 

predictions across different pollution backgrounds. In KJ, the performance gap between predictions and GEMS is minimized, with 574 

very close RMSE (approx. 1.87–1.93 vs. 1.72–1.91 Pmolec/cm2) and MAE values. In NI, the predictions also show excellent 575 

reliability: in 2023, its RMSE (1.799 Pmolec/cm2) and MAE (1.179 Pmolec/cm2) were both lower than those of GEMS for the 576 

same period (RMSE = 2.076 Pmolec/cm2, MAE = 1.352 Pmolec/cm2). 577 

Overall, the independent validation based on GOME-2C demonstrates that the predictions from PhysNorm-Net can stably 578 

maintain a high overall correlation and a relatively controlled level of error during the 2019–2024 period. Furthermore, it did not 579 

show significant performance degradation in the retrospective years without GEMS label support. This indicates that the 580 

reconstructed dataset not only effectively inherits the spatiotemporal distribution information from GEMS but also has the potential 581 

for extension to historical periods, providing a reliable foundation for constructing long-term, hourly tropospheric NO2 datasets. 582 

4.3 Spatiotemporal analysis of the dataset predicted by PhysNorm-Net 583 

Leveraging the predicted hourly tropospheric NO2 dataset from 2019 to 2024, this section systematically analyzes the 584 

spatiotemporal features of tropospheric NO2 across the four study regions, focusing on diurnal variations and inter-annual evolution 585 

at different spatial scales. 586 

Figure 7 presents the multi-year average Month-Hour 2D heatmaps of NO2 for the four regions. In the East Asian regions 587 

(NP, CC, KJ), an NO2 valley typically appears between 12:00–14:00 local time (LT), with high-value bands in the morning (around 588 

08:00 LT) and evening (after 17:00 LT). Seasonally, they always exhibit high values in winter and low values in summer. This 589 

macroscopic feature aligns well with physical expectations: the bimodal morning and evening peaks are primarily attributed to 590 

concentrated emissions from rush-hour traffic coupled with a shallower planetary boundary layer, while the midday trough is due 591 

to strong photochemical dissociation of NO2 induced by intense solar radiation. The NI region exhibits a seasonal phase distinct 592 

from that of East Asia, with its highest concentrations occurring not in winter but in the spring (March–May, the pre-monsoon 593 

period). This unique characteristic may reflect a combination of intense surface heating, frequent agricultural biomass burning, 594 

and potentially weakened photochemical loss due to aerosol-radiation feedback from heavy dust aerosols, collectively leading to 595 

extremely high NO2 loads. This evolution of diurnal patterns with the seasons highlights the necessity of high-frequency and high-596 

coverage observations for capturing complex regional pollution mechanisms. 597 
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 598 
Figure 7: Month-Hour 2D distribution of tropospheric NO2 in the four study regions from 2019 to 2024. 599 

Beyond the regional macroscopic patterns, Figure 8 focuses on four representative cities, including Beijing, Chengdu, Seoul, 600 

and Delhi, to reveal fine-grained diurnal structures and their inter-annual evolution under the combined influence of anthropogenic 601 

activity, atmospheric chemistry, and meteorological conditions. The diurnal amplitude in Beijing is higher in winter, whereas 602 

strong photochemical loss and deeper boundary-layer mixing suppress the overall NO2 levels and weaken the amplitude in summer. 603 

From 2019 to 2024, the seasonal diurnal curves in Beijing show a generally parallel downward shift, indicating a sustained decrease 604 

in the reconstructed NO2 column burden across daytime hours. Chengdu exhibits a relatively flat diurnal variation, which may be 605 

associated with the enclosed topography of the Sichuan Basin, restricted horizontal ventilation, and limited boundary-layer 606 

development. The comparatively smaller decrease in Chengdu and the temporary rebound in 2021 may reflect the combined effects 607 

of local anthropogenic activity, regional transport, and inter-annual variations in basin meteorology. Seoul exhibits an afternoon 608 

peak in winter and spring, indicating that its NO2 burden may be influenced by regional transport from surrounding industrial areas 609 

in addition to local traffic emissions. Seoul shows the largest six-year decrease among the four cities, consistent with the declining 610 

trend recorded by the official surface NO2 monitoring network in the Seoul metropolitan area. Delhi is strongly modulated by the 611 

South Asian monsoon system. Its diurnal amplitude is largest during the pre-monsoon spring, with high morning values followed 612 

by a sharp afternoon decrease. During the summer monsoon, daytime concentrations decline to their annual minimum under the 613 

combined effects of convective mixing, wet removal, atmospheric transport, and seasonal changes in anthropogenic and natural 614 

sources. 615 
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 616 
Figure 8: Inter-annual evolution of seasonal diurnal variations of tropospheric NO2 in Beijing, Chengdu, Seoul, and Delhi 617 
from 2019 to 2024. 618 

It should be emphasized that the inter-annual differences in the reconstructed tropospheric NO2 VCDs should not be 619 

interpreted as direct estimates of changes in NOx emissions. Tropospheric NO2 columns are jointly affected by emissions, chemical 620 

lifetime, boundary-layer mixing, horizontal and vertical transport, and meteorological factors such as wind, temperature, humidity, 621 

and solar radiation (Seo et al., 2024; Yang et al., 2024; Wang et al., 2025). Accordingly, all the analyses describe inter-annual 622 

increases and decreases in the reconstructed NO2 column burden rather than inferring direct changes in NOx emissions. 623 

Socioeconomic activities and emission-control policies are therefore considered only as contextual information for interpreting the 624 

observed patterns. The reconstructed dataset characterizes when and where the NO2 column burden changes, but it does not by 625 

itself quantitatively attribute those changes to specific drivers or separate policy-related effects from regional transport and 626 

meteorological variability. 627 

Figures 9 and 10 use the hourly structure of the reconstructed dataset to compare inter-annual changes during full daytime 628 

(daily, 08:00–17:00 LT), morning (08:00–10:00 LT), midday (11:00–13:00 LT), and afternoon (14:00–17:00 LT) periods. This 629 

time-of-day-resolved analysis provides information that cannot be obtained from polar-orbiting satellite observations made at a 630 

single local overpass time. The broad 2019–2024 patterns are consistent with a recent TROPOMI-based analysis reporting 631 
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substantial NO2 VCD decreases in North and East China and South Korea, together with more heterogeneous changes across India 632 

(Huber et al., 2026).  633 

The NP region exhibited an overall decrease in reconstructed NO2 VCD from 2019 to 2024 across the morning, midday, and 634 

afternoon periods. The 2019–2020 decrease was slightly larger in the morning, whereas the pronounced decrease from 2023 to 635 

2024 occurred during all three periods. Figure 10 further shows that the strongest six-year decreases extended from the Beijing–636 

Tianjin–Hebei urban corridor towards Shandong, with a broadly consistent spatial footprint throughout the daytime. 637 

In the CC region, the decrease in 2020 and the subsequent rebound in 2021 occurred during all three daytime periods. Spatially, 638 

the principal urban centers, including Chengdu, Chongqing, and Xi’an, showed localized decreases, whereas several surrounding 639 

industrial and urban areas exhibited increases. In contrast to the relatively consistent daytime decrease in NP, the six-year decrease 640 

in CC was most pronounced during the afternoon. 641 

The KJ region showed an overall decrease from 2019 to 2024 during the morning, midday, and afternoon periods, together 642 

with a modest rebound in 2022 and a pronounced decrease in 2024. Figure 10 indicates that the six-year decreases were 643 

concentrated over South Korea during all three periods, although localized inter-annual variations remained near Incheon, coastal 644 

areas, and the surrounding waters. 645 

The NI region exhibited the most spatially heterogeneous pattern among the four study regions. Regional mean reconstructed 646 

NO2 VCD increased markedly in 2022 during all three daytime periods and subsequently returned to approximately its 2019 level 647 

by 2024. Figure 10 reveals a complex mixture of increases and decreases along the Indo-Gangetic Plain, with clear differences in 648 

their spatial distribution among the morning, midday, and afternoon periods. 649 

 650 
Figure 9: Inter-annual variation of tropospheric NO2 in the four study regions during full daytime, morning, midday, and 651 
afternoon periods from 2019 to 2024. 652 
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 653 
Figure 10: Spatial distribution of inter-annual differences in tropospheric NO2 for different time slots in the four study 654 
regions from 2019 to 2024. 655 
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5. Discussion 656 

5.1 Physical interpretability and feature importance analysis of PhysNorm-Net 657 

The following diagnostics are reported to build trust in the dataset by demonstrating that the reconstruction responds to 658 

physical drivers, rather than as a stand-alone mechanistic study. This study first verified the functional integrity and physical 659 

responsiveness of the dual-branch architecture through a model diagnostic experiment (Fig. 11). The experiment compared the 660 

outputs of the normal prediction mode (using both satellite observations and physical prior inputs) with a “blind test” mode (where 661 

satellite branch inputs were zeroed out with a full missing-data mask, forcing the model to rely solely on the physical branch). This 662 

was done to examine the model’s sensitivity to changes in physical inputs. The diagnostic results show that the model can still 663 

output the general distribution of NO2 even when relying exclusively on the physical branch, which ensures predictive capability 664 

during periods without TROPOMI observations. The inclusion of the satellite branch then effectively corrects the concentration 665 

details and gradients. From a functional validation perspective, this finding confirms that the physical branch plays a primary role 666 

in providing foundational information, while the satellite branch is mainly responsible for the fine-grained refinement of high-667 

resolution details. 668 

 669 

 670 
Figure 11: Functional diagnostic experiment of the PhysNorm-Net dual-branch architecture. The example shown 671 

corresponds to the KJ region at 04:00 UTC on 11 November 2024. 672 

Building on this diagnostic foundation, to further unveil the model’s decision-making mechanism, we quantitatively analyzed 673 

the relative contributions of each input variable during daytime hours in 2023 using a zero-out perturbation method (Zhang and 674 

Gao, 2020). This method calculates a variable’s importance score by zeroing out its specific channel and measuring the resulting 675 

deviation from the baseline output, quantified by MAE. Figure 12 reports the three highest-ranked individual input channels for 676 

each bin. The dominant variable combinations differ significantly across the four regions, indicating that the model does not simply 677 

rely on a fixed set of factors but instead forms region-specific control structures. 678 

Because several input variables are physically and statistically correlated, such as specific humidity and temperature across 679 

multiple pressure levels, the individual-channel scores are not additive and should not be interpreted as unique causal contributions. 680 

When correlated variables contain overlapping information, the model may compensate for the perturbation through the remaining 681 

channels, or the perturbation may disrupt information shared across several channels. Therefore, the resulting rankings represent 682 

conditional model sensitivity under the applied perturbation, rather than independent explanatory importance; the rankings in Fig. 683 

12 are interpreted as diagnostic evidence of relative model sensitivity under the sampled 2023 conditions, and are considered 684 

together with the physical context of each region and season. 685 
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 686 
Figure 12: Monthly and hourly feature importance rankings for the four regions based on the zero-out perturbation 687 

method. 688 

As shown in Fig. 12, in the NP region, the most stable and prominent variables during winter and late autumn are EAC4 and 689 

surface pressure, with the third position often supplemented by near-surface or mid-tropospheric thermodynamic variables. This 690 

channel-level pattern has a clear physical meaning: in East Asian winters, frequent temperature inversions, stable weather 691 

conditions, and high relative humidity collectively suppress vertical mixing and promote the accumulation of NO2 in the near-692 

surface layer (Chai et al., 2014; Xu et al., 2011). Concurrently, the increased importance of EAC4 during certain winter periods 693 

indicates greater model sensitivity to the large-scale chemical background represented by EAC4. In summer (JJA), SZA becomes 694 

more prominent and shows a strong daytime peak around noon. This aligns with the physical processes of enhanced convective 695 

mixing and accelerated photochemical decomposition in the warm season  (Liu et al., 2022). 696 

In the CC region, the rankings are dominated by surface pressure and SZA. Surface pressure is the top-ranked input channel 697 

throughout the daytime in winter and remains prominent during the morning and late-afternoon periods in transitional months, 698 

whereas SZA is generally top-ranked from spring to early autumn, particularly around midday. DEM frequently appears among 699 

the three highest-ranked channels outside midsummer, while the savannah land-cover channel is more prominent during colder 700 

months. During summer, the 500 hPa temperature and 1000 hPa specific humidity channels also become prominent. These seasonal 701 

and diurnal shifts indicate changes in model sensitivity between circulation and ventilation constraints and radiation and 702 

thermodynamic conditions, consistent with the meteorological characteristics of the Sichuan Basin (Sun et al., 2020; Feng et al., 703 

2022). 704 
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In the KJ region, the water-body land-cover channel is the top-ranked variable during almost all months and daytime hours. 705 

This implies that in a peninsula-archipelago system with complex coastlines and strong land-sea segmentation, the water body 706 

variable effectively encodes the regional land-sea distribution, which in turn determines the spatial extent of emission sources and 707 

sea breeze influence. EAC4 also remains among the three highest-ranked channels in nearly all month–hour bins, generally 708 

occupying the second or third position. SZA and surface pressure account for most of the other highly ranked channels, with their 709 

prominence varying across seasons and daytime hours. Overall, the channel-level results indicate persistent model dependence on 710 

both the land-sea spatial pattern and the large-scale chemical background, together with seasonal and diurnal modulation by 711 

radiation and meteorological conditions. 712 

The NI region exhibits a strong seasonal switch. During winter and late autumn, surface pressure is almost consistently ranked 713 

first, indicating that NO2 distribution in this region is primarily controlled by boundary layer stability and ventilation conditions 714 

during the cold and transitional seasons. Concurrently, the land use types grasslands/cereal crops and broadleaf crops become 715 

prominent in winter. These agricultural land types are widespread in the Indo-Gangetic Plain, and their high importance reflects 716 

the impact of agricultural burning—the widespread burning of crop residues in this region is a major seasonal source of NOx 717 

(Cusworth et al., 2018; Jethva et al., 2018). Around the monsoon season, the dominant variables shift to specific humidity, 718 

temperature, and SZA, with these thermodynamic and radiation-related channels appearing more frequently among the top-ranked 719 

variables, whereas the prominence of individual land-use channels decreases. This reflects the profound influence of monsoon 720 

dynamics on vertical mixing, wet scavenging, and the large-scale redistribution of pollutants (Ravindra et al., 2003). 721 

The rankings in Fig. 12 quantify the model’s dependence on individual input channels rather than the aggregate contributions 722 

of broader physical processes. Furthermore, the zero-out perturbation method measures model dependency rather than strict 723 

physical causality. Therefore, the importance of static variables such as land use and DEM should be interpreted as the model’s 724 

reliance on spatial encoding and regional templates. 725 

During the above feature-importance analysis, EAC4 was identified as an important chemical prior. We therefore further 726 

quantified the dependence of the reconstructed values on EAC4 using all 1,450 scenes in the held-out 2023 test set. With the model 727 

weights and all other inputs fixed, the de-standardized EAC4 field was perturbed by ±20%, and the results were pooled over 728 

GEMS-valid pixels for which the TROPOMI input was missing. The baseline reconstruction for this subset achieved R2=0.801 729 

and an RMSE of 1.235 Pmolec/cm2. Increasing and decreasing EAC4 by 20% changed the pooled mean reconstruction by +4.02% 730 

and −4.60%, respectively, corresponding to a central bias elasticity of 0.216 (defined as 𝐸𝐸 = 𝑦𝑦��+20%−𝑦𝑦��−20%
0.4𝑦𝑦��baseline

, where 𝑦𝑦��baseline denotes 731 

the mean reconstructed NO2 VCD). The region-specific elasticities were 0.134, 0.269, 0.220, and 0.227 for CC, KJ, NI, and NP, 732 

respectively. This attenuated and regionally variable response indicates that EAC4 provides an important large-scale chemical 733 

constraint but is not transferred proportionally to the model output. 734 

5.2 Limitations and future work 735 

Although the validation results support several uses of the reconstructed dataset, users should consider the following 736 

limitations.  737 

The training domains were selected to emphasize representative high-emission and complex-terrain regions, which increases 738 

the representation of polluted and high-gradient conditions but limits model generalizability to very clean backgrounds, such as 739 

remote oceanic regions. Uncertainty under low-column conditions also arises from treating satellite NO2 VCD retrievals less than 740 

or equal to zero as missing values. Although this treatment is consistent with the nonnegative model domain and the logarithmic 741 

transformation, negative retrievals form part of the random retrieval-error distribution, and their exclusion may introduce an 742 
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upward conditional-sampling bias near the satellite retrieval detection limit. The reported evaluations therefore characterize the 743 

positive-retrieval subset, and the product should not be interpreted as an unbiased estimate under ultra-low background conditions. 744 

Future work will examine adaptive sampling, loss weighting, sign-preserving preprocessing, and alternative transformation 745 

strategies. 746 

The framework was trained primarily on 2023 data from four hotspot regions. Longer training records may improve robustness 747 

to extreme meteorological conditions and inter-annual shifts in the emission baseline. Because the physicochemical evolution of 748 

tropospheric NO2 depends on local meteorology, atmospheric chemistry, transport, and emission characteristics, direct application 749 

of the model beyond the training domains may be affected by domain shift. Transfer to a new region should therefore be 750 

accompanied by region-specific validation, with fine-tuning using local reference data when performance degradation is observed. 751 

Regions characterized by substantially different emission structures, meteorological regimes, topography, or seasonal behavior 752 

may require more extensive retraining (Tiwari et al., 2026). Independent evaluation should be conducted before the reconstructed 753 

product is used for quantitative analyses in a new domain. 754 

At the data-product level, integrating the 0.25° physical prior fields with the 0.05° observations may introduce spatial 755 

smoothing. Although this integration can suppress retrieval noise, it may also weaken localized gradients around individual 756 

emission sources. Related uncertainty arises from the EAC4 chemical prior because EAC4 tcno2 is a coarse-resolution, 3-hourly 757 

total-column quantity, whereas the target is an hourly tropospheric VCD. The column-type mismatch may transmit EAC4 758 

background or stratospheric biases into the reconstruction, while linear temporal interpolation may smooth rapidly evolving 759 

chemical features between EAC4 analysis times. These effects are expected to be most relevant where TROPOMI information is 760 

absent or sparse. Future work will examine higher-temporal-resolution and vertically resolved tropospheric chemical priors and 761 

methods that explicitly represent uncertainties associated with temporal interpolation and column-type mismatch. 762 

The independent evaluation of the pre-GEMS period is limited by temporal sampling. For 2019 to 2022, GOME-2C provides 763 

an external satellite comparison only near its approximately 09:30 LT overpass, and the reconstructed variability at other daytime 764 

hours has not been independently evaluated across all study domains. Cross-sensor retrieval differences add further uncertainty 765 

because the TROPOMI input, GEMS training target, and GOME-2C external reference differ in their retrieval configurations, 766 

observation times, and spatial sampling. Differences in AMF formulation, a priori NO2 profiles, cloud treatment, viewing geometry, 767 

and spatial footprints may affect both the relationship learned between TROPOMI and GEMS and the discrepancies observed in 768 

the GOME-2C evaluation. Future work will assess cross-sensor consistency using retrieval-harmonized products or comparison 769 

approaches that explicitly account for these differences. The continued operation of GEMS, TEMPO, and Sentinel-4 will also 770 

provide opportunities to examine cross-sensor transferability and extend the framework to broader daytime-hourly NO2 771 

applications. 772 

6.  Conclusions 773 

This study presents the first seamless, 0.05° daytime-hourly tropospheric NO2 vertical column density dataset covering typical 774 

Asian hotspots from 2019 to 2024. To overcome the core challenges of spatial discontinuity and short historical records inherent 775 

in high-frequency geostationary satellite data, this dataset was reconstructed using an advanced physics-aware deep learning 776 

framework (PhysNorm-Net). 777 

The high quality and physical reliability of this dataset are ensured through a rigorous multi-modal fusion mechanism. First, 778 

this study utilizes a Partial Convolutional network with dynamic mask updates to effectively isolate mean-value contamination 779 

from invalid pixels, enabling the precise extraction of high-resolution spatial textures. Second, deviating from traditional channel-780 
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wise concatenation, PhysNorm module uses multi-level meteorological, topographical, and chemical prior fields as environmental 781 

context to adaptively control the affine transformation of high-resolution features. This ensures that the reconstructed concentration 782 

fields strictly adhere to the physical laws of advection-diffusion and photochemical reactions. Third, the loss function adopts a 783 

combination of fine-grained reconstruction and coarse-grained physical consistency constraints to further mitigate the gradient 784 

dilution problem in deep networks. 785 

Quantitative assessments confirm that the reconstructed dataset achieves extremely high fitting accuracy on the test set (R2 = 786 

0.889) and can effectively recover morning and evening pollution hotspots missed by polar-orbiting instruments like TROPOMI 787 

due to their spatiotemporal coverage limitations. More importantly, the long-term retrospective validation against GOME-2C data 788 

(R = 0.780), not used in the PhysNorm-Net training, demonstrates that the dataset possesses robust temporal stability and high 789 

fidelity in historical periods (2019–2022) prior to the operational deployment of GEMS. A limitation is that, for 2019–2022, this 790 

independent assessment is confined to the approximately 09:30 LT GOME-2C overpass; the reconstructed variability at other 791 

daytime hours has not been independently evaluated across all study domains. 792 

Through in-depth analysis, this newly generated long-term hourly dataset has proven its unique scientific utility in capturing 793 

complex atmospheric dynamics. It not only clearly reveals the monsoon-driven seasonal phase reversal in North India and the 794 

typical bimodal and single-trough diurnal pattern in East Asia, but also characterizes the sustained decreases in reconstructed NO2 795 

in the North China Plain and the Korea-Japan region since 2019, together with localized inter-annual rebounds in specific years 796 

(e.g., 2021). By combining sparse satellite retrievals with continuous physical priors, the dataset provides a continuous record that 797 

can support studies of long-term air pollution variability, health exposure, and epidemiological applications across the four study 798 

regions. 799 
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