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Abstract001

Satellite-based air quality monitoring plays a cru-002

cial role in evaluating and managing human-induced003

emissions. Sentinel-5P, carrying the TROPOspheric004

Monitoring Instrument (TROPOMI), provides the005

state of art global data of NO2 total column con-006

centrations. However, its spatial resolution is a007

limitation in detecting fine-scale emission sources,008

particularly in densely populated urban regions and009

maritime corridors. This study critically reviews010

and highlights the relatively underexplored class of011

super-resolution frameworks that employ deep learn-012

ing techniques to enhance the spatial resolution of013

Sentinel-5P radiance data. In future, large scale014

super-resolved dataset would be useful for ship level015

analysis.016

1 Introduction017

Monitoring NO2 concentrations from space is lim-018

ited by the spatial resolution of current satellite sen-019

sors. Sentinel-5P, launched under ESA’s Copernicus020

program, provides near-daily global NO2 data us-021

ing the TROPOMI instrument. However, its coarse022

resolution ( 7 km) restricts its ability to capture fine-023

scale pollution sources such as shipping lanes, ports,024

and industrial zones. Enhanced spatial resolution025

is crucial for local air quality assessment, emission026

compliance, and urban-scale decision-making.027

This paper explores super-resolution (SR) tech-028

niques using deep learning to enhance Sentinel-5P029

data. By reconstructing high-resolution outputs030

from low-resolution inputs, we aim to improve NO2031

monitoring fidelity without requiring new satellite032

missions.033

2 Related Work034

Guarino et al. [1] proposed a U-Net model to esti-035

mate NO2 from PCA-reduced Sentinel-5P radiance,036

bypassing traditional retrievals. Carbone et al. [2]037

introduced S5Net, later enhanced with dynamic038

fine-tuning to reduce training time. Their follow-039

up study [3] incorporated PSF-based degradation040

modeling and showed performance benefits when041

matching sensor characteristics. Another work [4]042

validated super-resolution results using real Sentinel-043

5P bands and no-reference image metrics. Finally,044

Hu et al. [5] provided a broad review of satellite- 045

based CO2 reconstruction and highlighted the role 046

of super-resolution in enhancing coarse-resolution 047

atmospheric datasets. 048

Beyond these foundational approaches, recent 049

works have explored novel directions in resolution 050

enhancement and NO2 estimation. Ali et al. [6] 051

introduced S5-DSCR, a depth separable convolu- 052

tional network trained individually on Sentinel-5P 053

spectral bands. While efficient, their approach lacks 054

degradation modeling, limiting robustness. Shetty et 055

al. [7] proposed S-MESH, an XGBoost-based model 056

estimating surfaceNO2 at 1 km resolution across Eu- 057

rope by combining TROPOMI with auxiliary data. 058

However, their method is regression-based and does 059

not enhance radiance data itself. Kuhn et al. [8] ad- 060

dressed vertical profiling by predicting tropospheric 061

NO2 layers using DL trained on synthetic WRF- 062

Chem data. These approaches, while valuable, do 063

not directly address the sensor-specific degradation 064

challenge we target in this work. 065

In parallel, other studies have focused on comple- 066

mentary tasks such as imputation and surface-level 067

estimation. Lops et al. [9] developed a depthwise 068

partial convolutional neural network (DW-PCNN) 069

to impute missing pixels in TROPOMI NO2 data 070

caused by cloud coverage and sensor gaps. Although 071

effective for data recovery, their work does not en- 072

hance spatial resolution or address sensor degrada- 073

tion. Cedeno and Brovelli [10] estimated ground- 074

level NO2 concentrations in Milan using Sentinel-5P 075

and ERA5 meteorological data via an MLP-SVR 076

ensemble. Their model, designed to support air 077

quality assessments in data-sparse regions, predicts 078

single-point surface values without modifying the ra- 079

diance imagery or spatial granularity. These studies 080

highlight the growing interest in Sentinel-5P data 081

applications, but do not tackle the super-resolution 082

of radiance images using degradation-aware learning 083

as proposed in our work. 084

3 Methodology 085

Our super-resolution framework is designed to en- 086

hance Sentinel-5P Level-1B radiance data by recon- 087

structing higher-resolution images from degraded 088

inputs. The approach involves two key components: 089

degradation modeling and deep learning-based re- 090

construction. 091
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3.1 Degradation Simulation092

To generate training data, we simulate the degra-093

dation observed in Sentinel-5P’s TROPOMI sen-094

sor using a sensor-specific point spread function095

(PSF). The PSF is modeled as an anisotropic Gaus-096

sian kernel representing the instrument’s spatial re-097

sponse, combined with downsampling, co-addition,098

and row-binning effects. This generates realistic low-099

resolution (LR) images from proxy high-resolution100

inputs.101

3.2 Network Architecture102

We adopt a modified U-Net architecture with103

encoder-decoder blocks and skip connections. To im-104

prove spectral consistency, residual blocks and spec-105

tral attention layers are added. The model receives106

LR radiance images and outputs super-resolved esti-107

mates, aiming to reconstruct finer spatial structures108

in NO2 plumes.109

3.3 Loss Function and Training110

The network is trained using a combination of pixel-111

wise mean squared error (MSE) and perceptual112

loss (e.g., SSIM). Training data includes simulated113

LR-HR pairs generated from known high-quality114

samples. Evaluation metrics include PSNR, SSIM,115

BRISQUE, and visual assessment of NO2 hotspot116

localization.117

4 Results and Discussion118

Preliminary results suggest that our sensor-aware119

super-resolution model produces sharper reconstruc-120

tions of Sentinel-5P radiance images compared to121

traditional interpolation and baseline CNNs. The122

model effectively enhances the localization of NO2123

plumes, especially in urban-industrial zones and124

coastal shipping lanes.125

Visual inspection shows that emission hotspots126

become more distinct, enabling finer differentiation127

of localized sources. This improvement is attributed128

to the use of a degradation-aware training strategy129

and spectral consistency mechanisms embedded in130

the network architecture.131

While quantitative evaluations are ongoing, early132

assessments using PSNR and BRISQUE indicate133

consistent gains over bicubic upsampling and SR-134

CNN baselines. The approach demonstrates strong135

potential for supporting finer-scale emission track-136

ing, air quality modeling, and regulatory decision-137

making.138

Future experiments will include comparisons139

against SwinIR and other transformer-based mod-140

els, and cross-validation with CAMS reanalysis data141

and ground-based stations such as TCCON and142

EM27/SUN.143

5 Conclusion 144

We reviewed a deep learning-based framework to en- 145

hance the spatial resolution of Sentinel-5P radiance 146

data using a sensor-aware super-resolution approach. 147

By modeling the TROPOMI sensor’s degradation 148

process and training a modified U-Net, the system 149

produces sharper and more spatially accurate NO2 150

reconstructions. This method holds promise for im- 151

proving urban-scale pollution tracking and emission 152

hotspot analysis. Future work will explore more 153

advanced architectures and validate results against 154

high-resolution proxies and ground measurements. 155
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