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Abstract Advancements in artificial intelligence (Al) and satellite remote sensing have become pivotal in air quality
monitoring. This study presents a comprehensive review of 204 papers published between 2015 and 2025, synthesizing key
research trends, limitations, and future directions. Based on this review, we identify three principal research approaches: (1)
estimating ground-level concentrations from satellite column density products, (2) retrieving these values directly from top-of-
atmosphere reflectance, and (3) addressing data gaps in satellite observations to achieve all-sky estimates. Furthermore, we
highlight critical challenges identified in previous studies, including nighttime air quality monitoring, uncertainty quantification,
consideration of interactions among multiple air pollutants, and the integration of Al techniques for air quality forecasting.
Drawing on these findings, we propose targeted research directions to address existing gaps and advance the field. This study
enhances the understanding of Al and satellite remote sensing integration, providing a foundation for future advancements in
air quality monitoring. The development of a high-resolution, spatiotemporally continuous monitoring framework is expected to
improve public health protection and strengthen climate change mitigation efforts.
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Table 1. Overview of commonly used satellite sensors for air quality monitoring. Products column values without any annotation indicate total column density, while values
in parentheses represent vertical column density ranges (e.g., tropospheric, stratospheric, and profile).

. . .
Orbit **Sensqr/ #%products Spat@l Tempqral Spatial Temporal
satellite resolution resolution coverage coverage

Version 22:17.6km x 17.6 km/ ~9 days ~
MISR/Terra AOD, AE Version 23:44kmx44km  (~10:30 Local time) 2000.02-Present

MAIAC: 1 km/Deep Blue: 3km/ 1-2 days ~
MODIS /Terra AOD, AE, FMF Dark Target: 10km (~10:30 Local time) 2000.02-Present

MAIAC: 1 km/Deep Blue: 3km/ 1-2 days ~
MODIS/Aqua AOD, AE, FMF Dark Target: 10km (~13:30 Local time) 2002.07-Present

Polar Global

AOD, SSA, UVAI, . Daily _
OMI/ Aura NO, (Total/Tropospheric), O3, SO,, HCHO 13km > 24 km (nadir) (~13:45 Local time) 2004.10-Present
VIIRS / SNPP AOD, AE 6km Daily 2011.10-Present

! (~13:30 Local time) :
TROPOMI/ UVAI, NO, (Total/Tropospheric), 3.5X7km (nadir)/3.5km X 5.5 Daily 2017.10-Present
Sentinel-5P O3 (Total/Tropospheric), SO,, CO, HCHO km (2019.08-) (~13:30 Local time) :
Full Disk
AHI/Himawari-8 AOD, AE, FMF 5km X 5km 10 minutes (60°S-60°N, 2015.07-Present
80°E-165°W)
Hourly .
GOCI-1/COMS AOD, AE, FMF, SSA 6km X 6km @ti / day) East Asia 2011.04-2021.03
fmes 7 day (2,500 km X 2,500 km;
Geostationary Hourl @ Center coordinate
GOCI-II/ GK-2B AOD, AE, FMF, SSA 2.5kmx2.5km . Y 130°E, 36°N) 2020.12-Present
(10 times / day)
AOD, SSA, UVAI, VISAI, AEH, Asia-Pacific

GEMS/GK-2B NO, (Total/Tropospheric/Stratospheric), Aerosol: 3.5 km x 8km / Hourly (5°5-45°N, 2020.11-Present

O3 (Total/Tropospheric/Stratospheric/Profile),

SO,, HCHO, CHOCHO

Gaseous: 7 km x 8 km

(6-10 times / day)

75°E-145°E)

*Sensor: MISR (Multi-angle Imaging SpectroRadiometer), MODIS (Moderate Resolution Imaging Spectroradiometer), VIIRS (Visible Infrared Imaging Radiometer Suite), OMI (Ozone Monitoring
Instrument), TROPOMI (TROPOspheric Monitoring Instrument), AHI (Advanced Himawari Imager), GOCI-I/-Il (Geostationary Ocean Color Imager-I/-1), GEMS (Geostationary Environment Monitoring

Spectrometer)

**Satellite: SNPP (Suomi National Polar-orbiting Partnership), COMS (Communication Ocean and Meteorological Satellite), GK-2B (Geostationary KOrea Multi-Purpose SATellite-2B)

***products: AOD (Aerosol Optical Depth), AE (Angstrom exponent), FMF (Fine Mode Fraction), SSA (Single Scattering Albedo), UVAI (Ultraviolet Aerosol Index), VISAI (Visible-aerosol index), AEH

(Aerosol Effective Height
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Fig. 1. Trends in the number of publications on Al-based remote sensing of air quality by year and distribution of sensor/sat-
ellite usage. (a) The dotted line represents the total annual number of publications from 2015 to 2025 (investigated until
February 2025), and the stacked bar chart categorizes the yearly number of publications by commonly used sensors/satel-
lites, as indicated by the color bars. (b) The pie chart illustrates the normalized usage share of each sensor/satellite, computed
as the total usage count divided by its number of operational years.
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Liu, 2021). £3] NO,= &2
hfetime)jq- 7ot st Egoz olg)] =
Aol AF 5ol sk 1 .em, o]9 E}E’r
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Fig. 4. Overall flow diagram of Al-based approaches for estimating ground-level air pollutant concentrations using satellite

vertical column density data.
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Reﬂectance)% _Qél-.g_ }o:] X]/l]—lr_EE 7(]73 %7&6}&
HPo] 521 Itk TOAR 7|4 el 2| E A7}
G710 b AEE BAst] drled AR
ZZs), W A1elg Z1e Agete wet Fut 2
Y&k F70] 7F5SItt (Chen et al., 2022b). o2t
AR E o9 ez ARSE s o] Aol
Fa% Q47 Zgsn, 7]E AFoME A F
712 M2 o] B85 7 9tk AA= EA 7)Y
=4 »Er%L 7 545 19sto 8 diE A
Alo]™ (Kim ef al., 2025; Hu et al., 2024;
Kang et al., 2023; Luo et al., 2023; Yang et al., 2023a),
SAlE wAlEd 2do] s HHstelr] S8l &
A3 A (feature selection) 7| HS Z-8oh= wh4]o|t}
(Abu El-Magd et al., 2023; Chen et al., 2023; Chen et
al., 2022b; Li et al., 2022c¢).

d7ledEde 74 Edd= B4 sdolA
T AR A YEhR R, B2 2o
do] 3t S AAst] F-gole o
2] Hgxo] gt} 9§ 591, Hu et al. (2024)=
NO, &4 EAJo] 75t apdtjje} Atz o & oFst up
gl ZEe] Hl&2 Altshs WHE Hl-E 712 285t
At °ol= HAF R (radiance)& IHE AMESHE
AR AT o F2HE HAdskal REo] B
=°|H NO, T 749 A=E A7l d 7]
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oo [T

i}

o] = "R 5}7] 9I5fl Chen et al. (2023)= AH JER
1 (information entropy)i]' AR 0]—57(1nf0rmation
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g e EOJ, w0l 4

, Saman Malik, Jebun Naher Keya, O|A|&, 2&S

Shote Ak Y= I QUTH(Chen et al., 2022b; Li
et al., 2022c).
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3F9.2 M, Yin et al. (2021)-& TO
FEHT} ZHo] AOD AFE0] of 1% 1
FAY AT AEAAS NS & U= 7*16
T} Li et al. (2022¢)= 7]F 5km PO 0F
VCDE &85t 799} vl w5}te] Landsat-82] TOAR
= AFESHH 300 m SRR @FE AdEEE 54
T 4= 22 FRISHSITE BlE©], Choi et al. (2023)
GOCI-II AOD 715t PM, s 54 29 tjH] GOCI-II
TOAR 7|5t B o] X & v &2 %ﬂ AR YA E
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A2 4 9ge Bastark o
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2 el ) S T ] el
9Eo Fgalt P A

20, B GFIHE olelet FAR
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Al RYE o] &AZE At (Tang et al., 2024;
Zhang et al., 2024; Kang et al.,, 2023). ©|&$F SHAI&

=5t A (au-sky)ow FHH o7 A&l 7
HEES 245 99, 22 1Y JNS Bee
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[ e R R
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et al., 2024; Tang et al., 2024; Zaman et al., 2024; Mila
et al., 2023; Mu et al., 2023; Wei et al., 2023a, 2022b;
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Fig. 5. Conceptual diagrams of three major approaches for gap-filling in satellite-based ground-level air pollution monitoring.
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