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(Huang 5%, 2020), MR A9 KA IE C 2L
S BRI OCHE IR . P, R H AR K
B b R ER B M I 50K, T B A R Y TR U

BRI EM AR IR T 20 42 70 4548, H:
WU B AR 2T WA R Z M . N ZEE)
oG AR B R AR v R A, BT RA

B ST - SRR e TR AR I 1 R
x1 2XSARVNHEEDE FEFER-RSR
Table 1 The main satellite platforms and sensors for global aerosol observations.
e (24) PEYEH JFURAEDY IR 9L 8] 53 B¢ km
Advanced Alnng—T/:a/tISSIzanning Radiometer Fnvisat=1 2002 500 10
Advanced Ceostatﬁ)ﬁfr; Radiation Tmager FY-44, -4B 2016 7000 05
Advanced H}i\rl;gwari Imager Himawari-8, -9 2014 8000 0.5
Mo Track Scanning Radiomete ERS-2 195 500 1o
Advanced Very nggfe{sRolulion Radiometer Nﬂi?iﬁ ;V[gétc:pl—ll’ 1978 2800 =
Cloud and AerosglAfE)Ilarizalion Imager TANSAT 2016 200 0-25
Disctiona Poarmetc Caers Dot TR 018 20 33
Globeﬁ’i‘n er ADEOS I 2003 1600 0.25
Global OzoneGl\(/l)(]J\/r[l}iE:t(;ri_rlzg Experiment Metof—[jﬁs,_%h, -C 1995 1920 400
Hyper—Angular I—Iiifr?l]iiv Polarimeter—2 PACE 2024 1536 26
Medium Resolution ivr[nzgllr?g Spectro radiometer Fnvisat=1 2002 130 0.3
Wedium Ressttion Spectl s Cop e s 280 025
Multi-angle Imagrf:f IS{peclroradiomeler Terra 2000 380 0-25
Moderate Resolutionhfn?iﬁg Spectro radiometer 'l:;ila; 1999 2230 0.25
Ocean Color andOTiE)erature Scanner ADEOS 1996 1400 0.7
Ozone Monil(u)ll'\i/lnlg Instrument Aura 2004 2600 13
Polaisaton and Diectonslty of e Forh's Reflecunces— PARASOL 1996 2400 65
Particlate obersing acanning polrietr CP-S(02).00-1 1 1850 64
Polarized Scannin;)i?rgospheric Corrector HI-2A/28 2020 800 6.0
Scanning Imaging Absorptionsb?plilgfn(l:;gr for Atmospheric Cartography Fnvisat 2002 960 30
Sea—viewing W i?iia;(i/;r;is—of—view Sensor OrbView-2 1997 2800 =
Sea and Land Surfacil_:?:rfperature Radiometer Sentinel-3A, 3B 2016 1400 05
Synchronization Monitf)l:/i[ri?gcAtmospheric Corrector GEDM 2020 15 70
Spe(:tro—polarimeterSfErE I)’(lzzllztary Exploration one PACE 2024 100 4.6
Total Orane Mapping Spectromete ADEOS Farl pube, 1978 300 00
Troposphericirl\ffit())nl:i)grig Instrument Sentinel=5p 2017 2600 70
Visual/Infrared Iij;{rS Radiometer Suite N?)qujr\ni;(\fIi’Zl 2011 3000 0-375
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LA AR R M AL AR AL 45 25 [ AVHRR
(Advanced Very High Resolution Radiometer) , LA
21 22 %1 & & /) MODIS (MODerate—resolution
Imaging Spectroradiometer) 4. X $E{4 B 1 W]
BT HARIFARL TR X I . LARRY ATSR
(Along—Track Scanning Radiometer) FVEAE K
), RAE T S BT H b 2 R B T ek B A
A, HEEERR W LE T EEZEN
(Holben, 1986), & fic - 5 90 fifi I 25 S R
P IR R AL A 2 —  (Veefkind %, 1998)
BLJF, MODIS Bz 175 i 5 U0 i 3 AR Y
BRI IEAR 15T 1999 4F 1 2002 4F #4520 7E
& [ Terra Fll Aqua TR &5, H36 )05k B
F10.25—1 km {925 (8] 7 HE R W E AR TH TR I 8
JET SR K (Remer 58, 2005) .

B b3k B A BE AR IR AL, 2 A B Y
TR A B IR T e, 5
MODIS [A] *F & #5 % i) MISR (Multi—angle Imaging
SpectroRadiometer) LA AURE 1) 22 £ BEULIN RE )
S BEWE T B AL TR R 4EFE (Martonchik 4§
2002) . M4k, Mishchenko F1 Travis 25 A 1A 95 3¢
B, AHECT A i LI, i A L0 7 0 I e T
R ) VR TR Ty B AR B 1 T AT R 2
(Mishchenko FI Travis, 1997) . X — & 3 fit fiff
POLDER %7%1 (Polarization and Directionality of the
Earth’s Reflectances) [HEAE, HAE b2k 1~
HL A 4 F1 22 g B UL 68 g 1) AU IS AR T A% Rk
R ARRHE B RIE ST R TR I R A B R
(Deschamps %5, 1994) . It)5, K% POLDER-1,
POLDER-2. POLDER-3 MR A ht, MRS
i e LI 28 35 ok, hg RS T M M Y R e T
1 (Dubovik 5%, 2019).

B8 LI 52 A A AN W 5, 3 7 i
DAZATHER RS T AR, o, 20164
9 H & 4 69 MAT (Multi-Angle polarization Imager)
(Jiang 5%, 2019) FI[E4E 12 H # 2k [E TanSat T
B &% B /) CAPI (Cloud and Aerosol Polarization
Imager) (Chen%%, 2017) 23 FEHRR IR TIH K
TPARERWEZEZN; M5, 20184F5 ] pfsE /1
= (GF-5) % 59 DPC (Directional Polarimetric
Camera) &% E 1 & LI 55 1b2 17 19 £ 1
PR 2 U s AL s (Li%F, 2018); 20204F
TH, W LB (GFDM) T A # % 19 SMAC

(Synchronization Monitoring Atmospheric Corrector)
KT (LidE, 2022c; REESE, 2022); [4FE
9, BT AB (HJ-2A/B) P T #5HH
PSAC (Polarized Scanning Atmospheric Corrector)
KA T2 (LidE, 2022a), b 3 i e
Jie T A [ BRAEHEAT S . 202149 H &
JrIT 02 AT RFE T LLJAE PM, 55 U FRE
RHEZ R MR TR H AR Pk 32 K (Polarization
Crossfire) ZXfarzi1d:, RIS T POSP (Particulate
Observing Scanning Polarimeter) #1 DPC (Li 5%,
2022b), SEBL T [ BRATSE BT A LR L
AeJr. B, o SCRESE RS T AR IR 2 kg
AR IR NI TR (DQ-1) (FIEMAF,
2022) . Hr—4 DPC Zfar iy by b AF 285 ZR e e i T2
B (TECIS) (Du%f, 2022) %, {R3EH P E7E M
P i JE TR G B PR e kAT 8

E2 )17 o 3 r €S B VRIS S e I (S S
FE R FAEEC TR e i P i 2 T2 Y
W% 20244F2 7 8 B, ST [ M 2 LK SR 1Y
PACE (Plankton, Aerosol, Cloud, ocean Ecosystem)
TR W kB, # 8T SPEXone (Spectro-
polarimeter for Planetary Exploration one) F1HARP2
(Hyper—Angular Rainbow Polarimeter 2) P i 5 3
{18 D I JBC ARG TG AN o 3 7P Aol AL 2 14 I [] UL 00 T Sy
ERR T3 Bl i BB SCFF - (Werdell 55,
2019).

[ Jo5T R A I 1Y) TR i St 5 D AR T DL K
B, R AU T B X —, HZ IR FI AR
0355 LIRS B BRI, 7R S EORS R S Rk
AIATPERY T §R T EEOR ARG (Levy 55,
2013). R TR FBery kb, AU I s i 5
VEMAERF SR o AE A T TR UL R A4 2
T, AnAer gt — 27 P R bR B R U B
Je 13 3 U RS AU A A% O ) G AR
ST G U i 5125 A B AT AT RE A Al TR T 58
Z— (Dubovik 4, 2011; Lu%¥, 2022; KSi& )
4, 2022), fENEETY R RO RO, HAL
O S 108 i U0 S A2 i T re AU - T L
(ERILHRNUFIRS A R, &IGEE
VR AR TR AS A T o e B Y 52
IF TR 7 g AR 7 T B R PR, R T Y R
e
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BB . Z AR T 20 tH40 40 4248 McCulloch
A Pitts 42 1 9 N T4 22 S0 B 7 (McCulloch %5
1943) . 21 4l 20 AR LIk, FfiE GPT (Floridi
4, 2020). Gemini (Gemini Team Google, 2023) .
Llama 2/3 (Touvron % , 2023) Pk } DeepSeek (Guo
%, 2024) AT BER AR, HLERF
AEARGEI T ZMH, ERERT, ATHEGE
5RO RERNIREMGEEERRBHZ —
(Remer %%, 2024). AXEEEX—HH, WkIF5
BTN T8 BB 7 3 A R TG 328 Je g i 3k 1
FHELIR 5B
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40% . X — PR B 5 RIS T T AR ) B
EAIYI & (20194E—20204F) . ML), BCdmukzh )y
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Article numbers on aerosol remote sensing
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Fig. 1  Number of published articles year by year in the field of
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Fig. 2 Proportion of published article numbers by different countries in the field of machine learning related aerosol remote sensing

from 2000 to 2024
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Fig. 3 A visualization of the keyword co—occurrence network for machine learning related aerosol remote sensing articles
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K2 NMBFIFEERSSBRESERREF N ANARB T %

Table 2 Methodological literature on quantitative remote sensing inversion of atmospheric aerosols using machine

learning methods

5 eIk ViReS A WFE SCRik
MODIS/Terra
Yl 2 ) £ hen % (202
MODIS/Aqua N TR 26 Chen%$(2020)
MODIS/T )
‘ OIS A B LA Liang 4 (2021)
SRR E (AOD) qua
MSI/Sentinel-2 BRI 22 2% Jiang %7(2023)
MODIS/Terra A RO 9 2% Fan %:(2024)
AHI/Himawari—8 Transformer She 4:(2024)
SeaWiFS/OrbView—2 25 ) 2% Jamet %5 (2004)
AHI/Himawari-8 Fifi LR AR Bao %(2023)
Angstrom FE 3L (AE) ASI LightGBM Logothetis %:(2023)
MODIS/Te HHLAR .
oo " WQ** " Cao%(2023)
MODIS/Aqua e s o6 BE 2 T Light GBM
MODIS/Terr: . .
, e 2 4 Taylor 2(2014)
BT IR (SSA) OMI/Aura
MODIS/Terra AT R4 Qi%5(2022)
. 15 F A PEIIE i 22 () 245 Lamb Hl Gentine(2023)
KB IE
POSP/GF-5(02) Transformer Li%5(2024)
MODIS/Terra
bootstrap & Li(2020
MODIS/Aqua ootstrap 5 i(2020)
MODIS/Terr:
A o R P Chen %(2023)
YR i (PM, ) MODIS/Aqua
MODIS/Terra
KLY i 25 (20231
MODIS/Aqua W RE BEHLIY Wei %5(2023b)
R e s i 42 T Chen %(2024)

3.1 |SEREFMESHRE

TERADE S B, AL 2T O AR HOR 3
B JEOUL I A S VS TR R R Y LR AT
BLER7 2T 3K Bl , PRt 32 0 ] T o 7 35 2 J 0
I3 £ (9 4042 3R AErosol RObotic NETwork £l
[E Sun—sky radiometer Observation NETwork W i [
A ) AR R ISR, AR IO
22 JEEE AOD  (Aerosol Optical Depth) N jo\ngstrijm 15
# AE (Angstrom Exponent) | #i#% 25 L 5] FMF
(Fine Mode Fraction) . i 5 45 <% G 27 )& B
FAOD (Fine—mode Aerosol Optical Depth) Fl LK
A R B8 SSA (Single Scattering Albedo) %5 (2%
IE#RAE, 2015).

Jia % (2022) i 4 G114 5 07 e AL I G
A, FR T — AR b 2 2 50 A 1 28 ) 2%
B, I IR T MODIS T $ods i s i, A

BT 1 km %5 [H) 43 B AOD 77 i o Mauceri 5
(2019) W J F MODTRAN #ij [l #5900, 7 B 1 8
FRER b 2R PR B O S 1Y R I 1 7 B A
D IR A, Bk IR KR ] T AVIRIS-NG
(Airborne Visible/Infrared Imaging Spectrometer Next
Generation) = G ECHE 10 S BE BT, ARA% TR
[F 043 S R AOD 4347 o She % (2020) 7]
FHR 2 W 2545 A, 38 3 AHI (Advanced Himawari
Imager) & %4 5 AERONET () AOD b 3 Y il
G AT IE A NGRS, TT R 15X AOD By PR
PRSI AR, I X L SR g ] TR 22 I 4
ERPEREOLS o Jamet 55 (2004) FIFH 4 22 9 45 5
RAEG AR T T, 456 SeaWiFS (Sea—viewing
Wide Field—of-view Sensor) 3 19 £1 )% A T 21 4p
P BOWLI , SHLT AOD I AE (4[] if S 8 . Shi 4
(2025) Z=T POSP WL KH , 8 1 4R A 22 1 2%
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i ENN (Ensemble Neural Networks), DA BEAIG[H)
AN ST FMEF S50 [ 3

& 48 B B g 27 2T A RS AE DT 00 1000 45 4l e
ZMRIERSE A B R R YE, FEAETH
SME LU FE AN 5] R AT T 00 I 5008 1) 4 o 2
St o N IR il DR R) T i — 20 AR T SOTEORT
WEFEEATHE TR B R SR, DA G b A 1 K
KA BB 25 FE M. ShidE (2022) 2
W T B oD R T, T SR T A 5
PEATIE A3, A2 8 PSAC iR T3 L 281 WL B di
R ILECE B L BE S 20 ool I 0 T 2 R 1Rl
AOD i Y 28 I 28 A58, ik S UM A e
KA, PRI AOD” RYSRmE, ST EORE R
AOD i, Caof (2023) WITFA& 1 —F ki Betll
frF B, 7T AERONET MWL 4 4is
5 MODIS TR 8d , Hg 17#h 2 W2 B8 T
HEfili 9 AOD . AE. FMF L& FAOD, i i %
AP ARARL AN (A REAS 20 I k& AL, SR P AR R
AR T BB =S BRSO — A G — 1 BT
ARG, ARALTE T RHORS B AE FHPE . Tao %5
(2023) % T £ ff B I 48 4L MAP (Multi-Angle
Polarimeter) WL, TF A& T —Fh 28 16 1 I
S, T AR MAP LI 78 SR A 2%
G BV DT T A OCH, R B | S R 2
>J PDL (Physics—informed Deep Learning) , &7} T
AR S e i SR i N, Y T

A GHLAS 2 > LM LG, Transformer 5 7
SR JH T AT Y R T BRI R 45 R 28 0 2 48 A
W E ST T IR ITAT R A B B ORI 5C & 1
HEMIREJ) (Vaswani 55, 2017) o FE /I i B4
Bk, Shed§ (2024) F&TF AHI#FRIE TR AL A UL
B b I 2R84 4 . A Transformer 15570 i1 (1Y
HERALE, ARAHRR T =15 Q5 W R S BUNEHE
23 BROOT IR ] 3 81 S T4, SEBE T AOD FAE (1)
Wi E TR RO, SRS B S . AN, Wei 5
(2024) [A)FER H Transformer B AY | SEHL T 45 [H]
SPHERAOD P2 A B, #E— P RE TR AT
A N SR AT B IO T T

B U R SRR WA BT i 20, i e
SO S H T ME LU R RS R TR
AINHN R K o AR, WF5E H R 38 W e 1o R
i T BOR U B U B R, AR SR
LG AT L ARFRMR B DL R S A S5 A 55 S 2

B, DU 4 T Hb A s R I B AR R B L
BN o Taylor % (2014) ZET NNBERI, 454
MODIS I A%, SCEL T 00 i U0 155 H DX 5 v 24
RAFM TR OGRS BESE00 R i
F AN ) DX 1 A I e AR e R i 22 5,
— 25 BRI A BRG] ) S I B S B T R
GERT R RIME, HREGUA DB L2 T 2 EkiE
FBl N B SR IS ) PR 2 80 i . Zhang 25 (2024)
P T —Fh 44 SR S2STM 114 i 5] i I i 22 2 850
FAMLER > RO, ERLA ik TR WL 458 |
GBI . KA EE UL R AR 55 2 U0
EWERL F, SIS WAL B K R &, LY
B = Pk 2L s POSP 114 4 BROUL I 24 475
ST R E AR ST S RO R R

PLE iR 5L F AL 25 S iR R IR S B
TEOIE 9 32 BB T 1 XL 5 b 3ty A5 BSCHE ) D
B, SECKEICTE S Hh 3L 0 o5 DTS (Y T3 2 XL £
TR REA US54, R — A, Yan
B (2024) SR T BIYIZRBE RS mS , i iR R AR
TR T KB AR bR iC B AR O R A 25 10 4
(5, M T DLFE-satellite B %), 33427 T
AR AR, SEEMINGT ML, %k
T Gt = iy 35 XL A5 A X ek 2 B B v ) R TR
B, X — et A A A A AR B . 1k
Gb, A WEFE N G R A R e o AL
frsE BRI RE R UE AT DL R
BRCR, B, FandF (2019) KA M2 M4 NN
(Neural Networks) #7F: 8 T 4% 45 10 1 72 A= 90O
SERAY NN A R S T T ERCR,
KGR TAFfE TR, RIS T Lo R
e RO T A3 . Di Noia 25 (2017) D)3 3 4t
25 W 4% S 1 A Phillips—Tikhonov 1F 1 £k 3% £¢ £ {1t %)
GRME, BT T RERCR
32 SBERUERSRE

AN TR I J o3 ) A R I 2 S i 2, HOR
T L 2 ) R R A S R A W ME R AL (2R
IESRSE, 2019) . RIGAVMCREER 2257, [
JE 1843 T 43 SR WG AR O PE R RS . o
N5y 32 AL S AR BC (Black Carbon) | Ff 6
BrC (Brown Carbon) VL A S8 AL 8k 4 1% 11 75 22 Du
(Dust) 45 AEMOEPER W DAL ER AS (Ammonium
Sulfate) . #E3h SS (Sea Salt) FIE W G M A HLHk
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oC (Organic Carbon) "N £ (Benedetti &, 2009;
Morcrette 5, 2009) . Hrr, SBafE R KA HOE
AE ) e o ) IR A o, MR 2y, &
BERUR T AL A BRI A ) ke (Andreae Fll
Gelencsér, 2006). 5MBEAF, A5G
AR P B DR A 1 T S 55 (Feng 5, 2013) ¢
BBk AR R U TR A, (HLE 7 R A e
ST AR, H v S A BT W CR P R AT HL
Y, TEi 5 NG BeR B SR MO R . ot
Hh, AR R R AR Y B A — s RO
P, B RO P PR R 50 DX s 22 S T R L Y I
E A Bl Rt (Koven Ml Fung, 2006) .

s b, AR RE R AL A B T
KR T BERPRO A A, s
sty 38 F A AE A5 1] 3 BB . A HE R L
KR A () )5 55 R PR (Randles 55, 2017) 6
IAEBFSE R, TR LI 228 B i 4 ik O e
B ¥ f1 (Chen %5, 2019a, 2018; Dubovik %%,
2008) . FIABESY FEEET O AR B ROLE S EL
HEAT RS ALR S, o Zhang SE7ET] [ L8
FIAZ W WOR A LR R S S 48 %, JF il
o 00 B A [ B S0 1) S A S e B e B T R
e R U (Zhang 55, 2020, 2018, 2017).
Bahadur %% (2012) W3 T AERONET XLl 19 15 Ui
Angstrom #5850 AAE (Absorption Angstrom Exponent)
FISSA{H, kT Dust. OCHUCHEKEC (Elemental
Carbon) BYAAXT L], Wang % (2013) 3T SSA
(TS AR AL RFAE , X 43 BrC il Dust S OGHE L7 o
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Abstract: Atmospheric aerosols play a crucial role in the atmospheric environment, impacting climate change and human health, gathering

significant attention over the last fifty years. With the continuous development of satellite remote sensing technologies, satellite-based
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aerosol observation has become one of the most important and effective means of acquiring large-scale, long-term aerosol data. The
advancement of satellite sensor technologies has also played a critical role in enabling highly accurate aerosol retrieval. Moreover, with the
successful launch of POLDER (Polarization and Directionality of the Earth’s Reflectances), multi-angle joint polarization observation has
become a key development direction for atmospheric aerosol monitoring. China has made significant progress in satellite-borne
polarimeters, including DPC (Directional Polarimetric Camera) on GF-5 in 2018, SMAC (Synchronization Monitoring Atmospheric
Corrector) on GFDM in 2020, PSAC (Polarized Scanning Atmospheric Corrector) on HJ-2A/B in 2020, and the PCF (Polarization Crossfire
Payload) on GF-5(02) in 2021. Subsequently, China launched a series of atmospheric environment monitoring satellites equipped with PCF
suits. Internationally, NASA launched the PACE satellite in 2024, equipped with SPEXone and HARP2 polarimeters. A review of the
development of satellite remote sensing for atmospheric aerosols reveals that early observation methods were limited. Constrained by
computational capacity and the few satellite data, early retrieval algorithms primarily relied on lookup table (LUT) approaches to strike a
balance between retrieval accuracy and algorithmic feasibility. With advancements in satellite observation technologies, aerosol retrieval
algorithms have continued to evolve. In the current era of massive satellite datasets, a central challenge in aerosol remote sensing is how to
effectively extract meaningful atmospheric information from these vast data resources. Over the past decade, statistically optimized
algorithms have emerged as one of the most promising solutions. These physically based inversion methods aim to retrieve aerosol
parameters by fitting satellite observations with forward radiative transfer simulations. However, the high computational cost of optimization
algorithms poses a significant barrier to the real-time generation of satellite aerosol products on a large scale, highlighting the urgent need
for innovative technological breakthroughs.

Recently, the evolution of Artificial Intelligence (AI) has introduced transformative changes to aerosol remote sensing. Machine
Learning (ML) techniques have shown notable enhancements in retrieval efficiency and the capability to tackle persistent issues that
traditional physical methods face, such as separating signals from the surface and atmosphere. ML technologies are propelling satellite
aerosol retrieval into an era of intelligent development. This paper presents a comprehensive review of the latest advancements in satellite-
based aerosol retrieval algorithms using ML methods. It evaluates the strengths and limitations of mainstream ML techniques in different
retrieval contexts. Overall, ML methods show great potential in aerosol remote sensing but still face limitations. It cannot yet fully replace
physical models, but it offers promising prospects. Current research focuses on improving retrieval accuracy and efficiency for aerosol
optical properties, while retrieval of microphysical and chemical properties remains exploratory. For near-surface Particulate Matter (PM)
concentrations, ML methods can build statistical models supported by meteorological data, yet underlying physical mechanisms need
refinement. Integrating ML with physical models is a key future direction to enhance the accuracy and robustness of aerosol retrieval. This
review aims to offer useful insights for researchers and developers working on next-generation aerosol retrieval systems.
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