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Part 2 Objectives

By the end of Part 2, participants will be able to:

Explain geophysical, hybrid, and machine learning methods of inferring surface PM, s from satellite
AOD.

Differentiate between available data products for surface PM, s from NASA and Washington
University in St. Louis based on their methodologies, strengths, and weaknesses.

Use NASA tools and the SatPM website to access these surface PM, s data products.
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Review of Prior Knowledge

PM,sis a measure of the in-situ mass concentration of particles smaller than 2.5 microns.
« Aerosol Optical Depth (AOD) is an optical measure of the atmospheric column aerosol loading.

« AOD can be well related 1o PM, s under certain conditions, but the relationship breaks down if:
— Aerosols are prevalent well above ground level
— Coarse aerosol particles are dominant
— Aerosols absorb water in high-humidity conditions
— Atmospheric or surface conditions prevent reliable AOD retrievals
— The spatial resolution of AOD data do not capture local PM, s variability
— The timing of PM, s measurements do not coincide with the satellite overpasses
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How to Ask Questions

« To ensure we see your question, please locate the three dofs ... to the bottom right of your training
window.

* You will see a Slido/Q&A option. You may also see a standalone Slido tab or app.
« Please place all questions there and we will answer them during the Q&A session.

«  We will fry to get to all of the questions during the Q&A session after the webinar. The remainder of
the questions will be answered in the Q&A document, which will be posted to the training website
about a week after the training.
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Geophysical and Hybrid PM, ; Estimation



Ground-based monitors can be far from population.
Motivates the use of AOD to represent PM, s, but challenges methods that rely heavily on

monitored locations Population-Weighted
— : : - = -1 Distance to Nearest Monitor

Global 200 km

North America 20 km

North Africa/Middle 260 km
East

South Asia 70 km
Cenftral Latin 130 km
America

e =500
>=250 to <500
>=100 to <250
>=50 to <100
m— >=10 to <50
— =1 to <10

s -
e

3
NS
y : 2020-2024
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How to Relate AOD to PM, ; without Local Monitors

From Last Week:

Mixing (boundary layer) Extinction coefficient
height AN 3/ for dry aerosols Aszjulmeds.f y
e ouga-iree sKies
N 30 :
ext,dry « Well mixed boundary
AODSSO nm — PMZ.S H f(RH) 4 DT layer
e

— f T rer T i particle * No aerosols above
UNncrion o1 aerosol scarrering Aerosol dry ' )
change with relative humidity mass density effective radius fhe boundary layer

» Aerosols are optically
similar throughout
column

Chrisopher and Hoff, 2009
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What if we relaxed our assumptions?

If we remove the assumption that there are no aerosols above the boundary layer and only
consider the AOD between the surface and a near-surface height of Az:

Between surface and Az and

associated with particles < 2.5 um Assumes:
4 p - » Cloud-free skies
2.5,Az "ef f(2.5Az + Wellmixed-boundary
PM, s = g(RH) F2.50280D550 nm

N L 3Qext,dry,2.5,AzAZ | A
AN \

Function of aerosol scattering Fraction of AOD

change with relative humidity near the surface

Chrisopher and Hoff, 2009
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Geophysical PM, : relies on the theory-based, physically-driven
relationship between total column AOD and PM, .

* Requires local assumptions/representation of parameters driving the relationship

* Independent of local PM, s measurements
: Aerosol Type:

. , Sooft
Growth Factor, Density, f(Type) Effective Radius, Near-Surface Fraction, (BC)
f(Type, RH) \ y'\ yP f(Type) , f(Vertical Profile)

Z

\ 4p » " /
2.5Az Teff,2.5Az
PM, s = g(RH) [3 A F2.50280D550 nm | |
Qext,dry,z_s,AZ Z Smaller Particles — > Larger Particles
\ Y Extinction Vertical Profile
Coefficient,
PM,: =n X AOD f(Type)

Growth Factor
Altitude [km]

For simplicity, the geophysical relationship is usually
represented to a single scalar term, n.

0 50 100 Extinction Coefficient
Relative Humidity [%] [km-1]
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Chemical Transport Models (CTMs) can provide a spatiotemporally
complete atmospheric representation of AOD to PM, ; relationship (n).

A CTM is a computer model
used to simulate atmospheric
composition.

CTMs combine the equations
that govern atmospheric
physics and chemistry with
global meteorology and
emissions.

CTMs provide a complete
representation of the
atmosphere.

> Gives all the information
needed to represent n

Meteorology

4

Chemical Transport Model

Aerosol
Chemistry Gas Phase
and Chemistry
Dynamics

Cloud
Chemistry
and
Dynamics

Deposition
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Tracer
Concenftratfion
(including
aerosol
vertical profile
and
properties)




CTMs capture the many factors that impact n.

"loverpass .
(PM, / AOD) o

High Performance
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Simulations represent the spatiotemporal variation of n.

Strengths: Noverpass

(PM, 5/ AOD) ot

July

« Spatial/Vertical variability driven by local emissions
and meteorology

« Temporal variability; compensates for satellite
overpass and sampling

« Globally applicable without additional ground- 0T A
. GEOS-Ch e W : o | -
based constraints High Performance SR — M e

7’0vergass

Limitations:

« Coarse resolution (50-100 km)

« Only as good isits inputs (e.g., emissions)

« Challenging to represent individual events

* Intensive to run/dependent on available model
results
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Geophysical PM, : can use a CTM-based n to relate AOD to PM, ..

- - 1 Iy .
. Aerosol Optical Depth | rl 00| Geophysical PMys
Strengths: 08 onitioss] 10 g/m]
« Successfully captures major | |04 - 00—
spatial features 0.2 20 B

* Allows AOD to be directly
converted into PM, s
(multiply by n)

 Often improves correlation
with measured PM, :
compared to AOD alone

. - Obs. = 72.04 x Hybrid 2021 RMSD=19.48 [ug/m°] 202]
Challenges: z = 0.39 AnrUG o 199|Obs. =071xBeo. L
- - 0 N=pGe b < t40|P=049
- Potential for bias - | 10 =
S | £ — = £
. n ®© 2 ®©
+  Large amount of scatter with QB a O E o
observations SE . 29 :
- Most effective for larger g 0.5 10° 9
spatiotemporal scales O O
<
- Difficult fo identify accuracy . |
without validation SRRSO O PRSP D®S
Observed PM, s [ug/m3] Observed PM, 5 [ug/m?]
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Hybrid PM, : builds on Geophysical PM, : using ground-based observations.

-
« Hybrid methods use statistical Ligh - arge-Scale
training to predict the bias . Vorio%ili’ry Overestimate
between geophysical PM, s and :
ground-based observations. . =

« Uses statistical model to predict St & ’:,\\\ - v

limitations associated with AOD s o IRl
retrievals or n simulation. LA I bl
& Bl
c 4 20 2 4
o Ground-based -
e Geophysical
. o2y PM, 5 [ug/m?]
ik N

van Donkelaar et al., ES&T, 2015
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Multiple Linear Regression (MLR) can predict geophysical bias in PM, ..

* Multiple Linear Regression (MLR) provides an intuitive
approach to predicting the geophysical bias with
independent variables

Dependent

(outcome) / 'y )\ T
Y = fo+ 1 X1 + faXo + -+ B Xy + €
Independent Variables Error Term
(Predictors)

 MLR extends single linear regression (i.e., one predictor)

— Slopes of each independent variable, X, is
represented by B,.

— B, can be thought of as the linear response in Y to
changes in predictor X,.
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e Data
— Curve Fit

B4 represents the
slope of the line of
best fit

B, represents Single Lir?eor
the offset Regression

X1

e Data
=— Curve Fit

Multiple Linear
Regression




Geographically Weighted Regression (GWR) allows spatially
varying predictor coefficients.

Dependent
Variable;, Intercept; Value at Location i,j . : R
' Predictor | >
(outcome) / -
\ I T T~ Coefficients;,
Yij = Boij * BrijXCij ) BoijXaij+ -+ BuijXnij + € j
Independent Variables;; !
(Predictors)
Error Term;;
LA R . p AT
« Individual predictor variables not spatially constant T e W ++giﬁiimﬂi
| I SO : : B4 SRR
; P~ ;  Jititttitittititbied GASASRTRLI TIEE R CEmthat t1 444 +4
* Map of predictor coefficients are applied fo map of R ERRTTRERERRREEERY Pt4+dtE44 +++F++++++++++++ +++
i i tHitttttittititite FhEtttbta ettt bt et b T TR T R 14
predictor variables R R EASSSETTRESEEEEE RS AAAAREE AaARAR L)
. . . . tHittitttiittittiiet ittt +g+t
* MLR calibrated at discrete locations on a global grid AAAARARS AR SRAR A ee i+
+tttttibitbtbtiiit - b+ttt
i i i i R e e i+ 4444+
— Sites weighted by distances from each monitor R R
. . bR R R R R R R R R R R R
— Sites beyond a distance threshold are excluded B LR Rt s
HHH B P R
— Grid can be constant or vary with ’rroining Site densiTy R LR Rl

Each + represents a discrete locations considered for GWR.
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Effective predictors in GWR relate to uncertainties in AOD and n.

Common predictors related to AOD or n uncertainty include:

) v AR

Smaller Particles —®  Larger Particles

Aerosol Type:

Nele)i
(BC)

Composition Meteorology Land type Elevation/Elevation
Representative of Potential impacts on Potential impacts on changes
different emissions vertical profile, AOD reftrieval, Potential impacts on

sources, vertical aerosol formation, emissions vertical profile,

profiles, growth emissions high-resolution

factors (subgrid CTM)
features
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Predictor insights combine for total geophysical bias prediction.

(GM PMz;.SAT PMys)i; = Bo,ij + ZBspecijkSPEC;« + ZBuvetijx MET); k*+ Berev,iELEV); + BLTi,j,kI—/Ti,j,k

Monitor-Geophysical PM, 5 Simulated Meteorology Elevation Land Type
Difference Composition Parameters Parameters ~ Parameters

- Captures observed bias features
- Predicts features in unobserved locations

L A bt = 4-2 02 4
Ground-Based - A s e Predicted
Geophysical C R Al 1 Geophysical Bias
.‘Q?Q\. PM, 5 [ug/m?®] B l“’ ; ’?:\ PMzs [Hg/m’]

\
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Individual predictors offer unique insights and directions.

-
.

Nitrate: \
« Fairly constant 3 over o Z
impactful regions g ( s
« Explains regional z L |
geophysical overestimate . il
»  Chemical/Emission I —
Effect? R
eC Net Impact [ug/m3]
| a =
Percent Urban: | . -y
 Clear East-West - -\ -
gradient in B _8 2 )
- Impacts fine-scale - ?\.- ‘ :
geophysical bias GC)
. nRgsquTion/AOD % - e — Yo
retrieval effecte o —~ I 2 X o © ., . .
© 3 5 5 o Lo T T @

B [ug/m?3/%] Net Impact [ug/m?]
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Hybrid PM, : globally refines purel

Strengths:

*  Maintains global applicability of
geophysical methods

* Includes on ground-based constraints

* Improves geophysical PM,

Limitations:
* Requires ground-based observations

 Effective model setup is complicated
— Model framework
— Predictor variable selection

*  Models need to be globally applicable
— Avoid overfitting
— Appropriate cross validation is key!

y Geop

Hybrid PM,

 [ug/m®]

JAN-DEC |
2015-2019€

60
40

Geophysical PM2 5 [ug/m3]

N
o

RMSD=12.81 [ug/m°]
Obs. =0.84 x Geo.

r? = 0.69
N=14873

Global
“JAN-DEC
2015-2019

10°

102

No. of Pairs
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RMSD=6.79 [ug/m’]
Obs. = 0.99 x Hybrid

> =0.90
N=14873

Global
“JAN-DEC
20152019

.
-t — - —_
o o (en) o
o - N w
No. of Pairs

4 r? =0.87
Obs. = 0.99 x Hybrid
RMSD=7.84 [1.g/m’]

PR S SS PR



Cross Validation (CV) allows for independent evaluation of uncertainty.

Method selection must balance complexity, accuracy, and representation, based on observation
site properties — must maintain independence of CV dataset.

Random k-Fold Cross-Validation:

» Train separate models k fimes (e.g. k=10), . | |
randomly withholding data sites from training * < | o
for subsequent validation S | g

» Simple implementation

» Clustered or related data sites will cause an
over-representation of accuracy

— Collocated sites aren’t independentl

F 4 ® o -
O & .
- - Wecte 4 vd Test Sites
Random 10-Fold ~ |[*7e o, t Training Sites
Cross—Volldg’non ‘;} #¢ Excluded Sites
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Spatially buffered CV reduces the impact of spatial auto-correlation.

Method selection must balance complexity, accuracy, and representation, based on observation site
properties — must maintain independence of CV dataset.

Spatially Buffered Cross-Validation: e B L Buffered Leave One OUL
+ Adds a spatial buffer to increase independence of CV sites s i '. : T . Cross-VaIidat{ioﬂr: .
» Train separate models, withholding data from training for i S:' : »
subsequent validation, plus exclude additional monitors within B 1
spatial buffer from fraining .-;es.;'
et s S ima et
* Multiple Implementations: N .f,megv:ﬁ-i,o.'ﬁ__ H Test Sites.
— Buffered Leave One Out (BLOO) o R, - e o K,.i’ : e
- Withholds one site out at a time L P S TR A% -
- Effective, but computationally expensive ,:5:1’ L ,‘\ *“ .";;k'.'q"' 2
~ Buffered Leave Cluster Out (BLeCO)/Buffered  |,=§ * * ° de L e oA
Leave Isolated Sites Wt ogih By
and Cluster Out (BLISCO) e ,.: vy LR ,.;‘,.’..
« Withholds groups of sites plus buffer e % _.’": o
« Enhanced computational efficiency Clustered Spatially Buffered ‘:' i O
Cross-Validation % Excluded Sites
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Temporal hold-back CV reduces the impact of temporal auto-
correlation.

Method selection must balance complexity, accuracy, and representation, based on observation site
properties — must maintain independence of CV dataset

Temporal Hold-Back 300 : :
- Specific to cases where models are applied Temporal Hold-Back
across time 200 Withheld from Training
- Informative for temporal uncertainties (i.e., . 200} Included in Training
time series) £
o 150
 Withhold all observations taken during a = '
specified period for subsequent validation < 100
o
« Can be combined with spatially buffered 50}
analysis

2020 2021 2022 2023 2024
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Summary - Geophysical and Hybrid PM, ; Estimation

«  Geophysical methods to estimate PM, s from satellite retrievals of AOD avoid the use of ground-
based monitors by using the theory-based, physically-driven relationship between total column AOD
and PM, s.

« Chemical Transport Models (CTMs) can be used to globally provide the parameters needed to
enable geophysical methods.

« Hybrid methods build on geophysical methods by using ground-based PM, = observations to
understand, predict, and correct bias in geophysical values using a statistical framework.

« Statistical frameworks require effective cross validation for accurate representation of uncertainty
and therefore must ensure strong independence of validation points.
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SatPM, . @ ACAG Washington University in St. Louis

L |t
«ACAG" | analvsi
N [ . 5 - WaShU



satpm.org

b

SatPM, ; provides a consistent, global, long-term, PM, s dataset that is:
Observationally constrained using satellite AOD and ground-based

monitors

Based on a hybrid-geophysical framework OGN
Monthly, 1998-2024 (updated annually) .'.@.0
High-resolution (0.01°x0.01° grid) ’.A;C,A,Gf
Publicly available from: hitp://satpm.org o’
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Atmospheric
Composition
Analysis
Group

ACAG SaiPM,

Multi-Source,
Combined AOD
|
Simulated n
|
Geophysical PM, ;
|
Hybrid-Geophysical

Bias Prediction
|

Geogrgphlcolly Convolutional
-Weighted
. Neural Network
Regression
|
V5.GL.06 V6.GL.03
Hybrid Hybrid
PMs s PM25
(GWR) (CNN)



https://satpm.org/

Multi-Source,
H H H H oye " Combined AOD
Different AOD retrievals are designed for different conditions. 3 =
= Geophysical PM, s
Differences result from mstrumentqhon methodolo y, qnd sampllng N mryerr—
RO B 37 B2 < ybpd—Geoph_ysmol
s 3 # (@) Bias Prediction
;i ; i 2N };‘ (C:5 ‘ _—__',5“ - d ;
0.3 «\\ 4 4 4 » 0.3 | :
otzlgl;-._ — 2 : 85 g n
0.1 -
0.05
e i a :: 59‘;3 & ! . e l e
0.4 . g b
0.3 - : R ol
L 0{, g oload . 7 . ‘ o e 2 & e
2 ' - B “7;7 i g%*ﬁgx
0.4 yst y ) “ % & - ™ v ‘ iy

g 2%

] MODIS MAIAC

P S 3

Mean Terra AOD for April 2014
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AERONET allows consistent evaluation of AOD unceriainty.

~ AEROSOL ROBOTIC NETWOR

AERONET AOD:

« Globdl

« Accurate

 Long-term

« allows direct evaluation of
satellite retrievals

ACAG SatPM, ;

Multi-Source,
Combined AOD

Geophysical PM, 5

Hybrid-Geophysical
Bias Prediction

HYb rid PM25

> How to globally extend location-
specific comparisons outside
network locations/times?

2.07
5 T 15| :
@ q.) 'n. : - .
o~ et -
~ v 1.0 ot R2=0.78
¥ Q 2 N=1979
o O : .
O3 05 . g4? N-AERO=556
= A’ RMSD=0.10
o y=1.21%0.00/[1
0 1.0 2.0|
AERONET
05
0.4
03
7
102 @
.'";:‘
3
)]
Q
i &G
10.4
0.05
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Multi-Source,
Combined AOD

|
Geophysical PMg s
| |
Hybrid-Geophysical
Bias Prediction
| |

HYb rid PM25

Local uncertainty can be inferred using locations with similar
conditions.

ACAG SatPM, ;

Perform AOD comparisons using all

AERONET sites based on:

« Reftrieval

* Month -

- Land Type b

- Normalized Difference Vegetation
Index

* Proximity to Location of Interest

> Recombine based on local conditions "N

Continuous, Consistent, 02
Dark Target

Global Error Definition , July2005
I
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Global Evaluation: Use Each AOD Dataset at its Best Mutt-source,

Different AOD sources combined using a
weighted average based on local
uncertainties:

« NRMSD

* Bias (i.e., slope)

« Data Density (number of observations)

Geophysical PM, 5

Hybrid-Geophysical
Bias Prediction

ACAG SaiPM,

1
H yb rid PMQ'S

AOD =

2

N

1
1 [840D,;

X
n=1 NRMSD, ~| AOD,,

ﬂx NZssn X AODy,

2

-1
N 1 X@Aouad,-,n ,
n=1 NRMSD,, L AOD,, oo




Global Evaluation: Use Each AOD Dataset at its Best Mutt-source,

|
Geophysical PM, 5
|
Hybrid-Geophysical
Bias Prediction
|

H yb rld PM2'5

(&) =N
o O
o

ACAG SaiPM,

The resulting weights for each
dataset are intuitive.

gMODIS)g » 10

(Population-weighted)

Relative Contribution [%]

» Combine all AOD sources weighted by
NRMSD-, bias correction-!, data density:

-1
i 1 ”AAODadjn

X ~Ix N2, ... x AOD
Zn=1NRMSDn L AODn obsn 0 n

-1
N 1 AAOD,;;
Z X|’ ad]'n:|x Nozbs,n

n=1 NRMSD,, L AOD,,

AOD =




Global Evaluation: Use Each AOD Dataset at its Best Mutt-source,

gMODIS)

Relative Contribution [%]

S I
% Geophysical PM, 5
n |
. 2 Hybrid-Geophysical
O @) Bias Prediction
9 < I
.E——_D Hybrid PM, 5
)
3
-
0
5 Simulated AOD can help over
> . .
o unretrieved conditions.
(a1

» Combine all AOD sources weighted by
NRMSD-, bias correction-!, data density:

-1
i 1 ”AAODadjn

X ~Ix N2, ... x AOD
Zn=1NRMSDn L AODn obsn 0 n

AOD = -1
ZN 1 X|’AA0Dadj'n:|X NZ
n=1 NRMSD,, L AOD,, oS
§ « Emissions Weight AERONET + Species
I ey = Chemistry — * Proximity
1 ¢ -« Optics . « Elevation
2 - Meteorology ompansen by Similarity



gMODIS)

(&) =N
o O
o

Relative Contribution [%]

(Population-Weighted)

Multi-Source,
Combined AOD

g

Geophysical PM, 5

Hybrid-Geophysical
Bias Prediction

ACAG SaiPM,

|
H yb rld PMQ's

Combined AOb .‘

1998-2018

» Combine all AOD sources weighted by
NRMSD-, bias correction-!, data density:

ZN i ”AAODad i
X
n=1 NRMSD, ~| AOD,,

-1
ZN 1 XPAAODad,-,n ,
n=1 NRMSD,, L AOD, oo

-1
ﬂx NZssn X AODy,

AOD =

Sim. Error

» Emissions Weight AERONET -« Species
- Chgmlsfry — . Proxml’ry
* Optics * Elevation

comparison by

Meteorology Similarity




Multi-Source,
Combined AOD

|
Geophysical PM, 5
: I
Hybrid-Geophysical
Bias Prediction
|

H yb rid PM2'5

AOD datasets are combined to benefit from multi-source
averages and preserve fine scale features.

ACAG SaiPM,

A5,
GE.=

Chem -
. .  APUREEOREY v
High SeasStar/SeaWiFS || Terra/MODIS || Terra/MISR Aqua/MODIS Suomi NPP/VIIRS || NOAA-20/VIIRS
Performance Deep Blue Dark Target || Dark Target Dark Target Dark Target Dark Target
/Classic 1998-2010 Deep Blue Deep Blue Deep Blue Deep Blue Deep Blue
1998-present 14 km MAIAC MAIAC MAIAC MAIAC MAIAC
~50 km 2000-2027 2000-2027 2002-2027 2012- 2018-
1-10 km 5-18 km 1-10 km 1-6 km 1-6 km
| | I =]
1. AOD combined at : :
< 10 km Relative Variation >
AOD @ Common 10 km grid
3. AOD to PM, s relationship . : — :
interpolated to 1 km grid I 1 km Relative Variation (via MAIAC)
(assumes smooth variation in n) AOD @ Common 1 km grid 2. Relative sub-grid resolution
: : applied to preserve fine scale
Il AOD to PM, s Relationship (n) > information

| PM, @ 1 km grid
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Multi-Source,
Combined AOD

1
Geophysical PM, 5
|
Hybrid-Geophysical
Bias Prediction
|

H yb rld PMQ'S

ACAG at WashU is a proud part of the GEOS-Chem community.

GEOS-Chem Community Mission: To advance understanding of human and natural
influences on the environment through a comprehensive, state-of-the-science,
readily-accessible global model of atmospheric composition.

= -8 | =

ACAG SaiPM,

-~

S

The 111 International GEOS-Chem meeting at WashU in June
2024 had 278 registrants from 96 institutions and 22 countries.

New
Zoalanc
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Multi-Source,
Geophysical Relationship (n) is Produced using GEOS-Chem CTM | ; L=
% Geophysical PM, s
Relevant Features of GEOS-Chem CTM to SatPM, s: § S e—
S() Bias Prediction
«  Open-source, community-driven rybrid Pz
» Detailed aerosol-oxidant model
Toverpass I o I SR ¥ S, July

— Sulfate-Nifrate-Ammonium System (PM < /ACD)
— Carbonaceous (primary and secondary) .
— Mineral Dust (natural and anthropogenic)
— Seaqsalt

* Emissions Include:

— Meteorologically-driven dust aerosoal, lightning
NOx, biogenic VOCs, soil NOx, and sea salt
aerosol

— High-resolution anthropogenic emissions via
regional and the CEDS v2 inventories

— Open Fires — Temporally varying GFED4.1s, GFAS,
etc.

« Assimilated meteorology (MERRA2, GEOS-IT, etc.)
+ Typicalresolutions of ~50x50 km?

GEOS-Chem :
High Performance e - , ‘ o B r——

[ =]
0 40 80 120 160 200
nOverpass
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Global

Multi-Source,
Combined AOD

Geophysical PM, 5
|

Hybrid-Geophysical
Bias Prediction

ACAG SaiPM,

Hybrid PM, 5
o P
® Introduced V5.GL.06 Ty
Introduced V5.GL.05.02. Nt
Introduced V5.GL.04
® Introduced V5.GL.03
® Introduced V5.GL.02
® Introduced V5.GL.01 | y
We currently include ground-based PM, ; from approximately 15,000 sites, using observations collected from:
«  USA (EPA/AQS) « Taiwan (Taiwanese «  Oman (EA) « Chile (SINCA)
« Canada (NAPS) EPA/OpenAQ) «  Hashemite Kingdom - Colombia (SISAIRE)

. Europe (Airbase) Global (GBD/WHO, OpenAQ)
o Australia ° Chiho (Chinese EPA)
(NT,Q,NSW) - India (CPCB)

« South Korea (MoE)
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of Jordan (MoE)

Argentina
(ACUMAR)

Brazil (IEMA)

Ecuador (REMMAQ)

Uruguay
D

(Montevideo)



Ground-based observations are not temporally complete. o | S
Need to represent missing time periods for consistent time series. & | Geophysical PMys
L] 1
O Hybrid-Geophysical
YT 100> Krakow, Poland ] | § Bias P"f""°"°"
L B3 | t A ! h Hybrid PM, 5
__ 50f f) W 1 N | ,
""E Y - » ~ 4 { ' ' ' ""'
5 0 | | 1 1 |
® ntroduced V5 GL.06 % 60[ MeXiéO City, Mexico | | .
Introduced V5.GL.05.02 ~
® Iifodtced Va.6L 03 S 40
o hirodvesd Va.GLoT | | o
] 20i
« Infer ground-based observations N 1 1 1 1 ,
using: 2000 2005 2010 2015 2020
- Ground-based monitors Including other Monitors  Observed PM, 5 [ug/m?]
- Simulations “E' 200 | R2=0.99 £ | R2=0.92 Ny 1oooom
- Geophysical PM,s. S y=0.99x+0.2 ./~ y=0.97x+0.5 /- 5
. . = : L o g 1000 §
« Combine inferred .values using 2 200 | a0 5
observed uncertainty 2 ol 100 &
« Temporally complete ground-based B 100 | 0 10 I
time-series limits impact of coverage © *Including 2 “No Monitor [# o 8
changes on SatPM, s time-series £ N other MonitorSo 1020 30 40 so| e Informattion’s 10 20 s0 20 0 §>
“ "0 100 200 300 400 500 6000 100 200 300 400 500 600 ™

van Donkelaar et al., ES&T, 2021 Observed PM, ; [ug/m3]
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i 1 Multi-Source,
ACAG Hybrid PM, ; uses a Convolutional Neural Network (CNN). | utisouce
. , , , CNN Predictor Variables = —L
* A CNN is a state-of-the-science machine learning 3 Geophvsllcol PM2.
algorithm. . Sat:l(l;t; Products  ° CTI\;)\ Ac;u’rput O [Thybrd-Geophysical
. . . . . o ° 2.5 3 Bias Prediction
Specmlly des.|gned to |d.en’r|fy and learn from.|moges. . Geophysical PM,. * components < T
— Highly effective for spafial tasks, such as relationship . 7 Hybrid PM, 5
of geophysical PM, s bias with surrounding predictors. * n uncerfainty
* Trained separately each month . Emissions - Meteorology - Site Locations
— Capture temporal variability in relationships between -« Anthropogenic + PBLH * Geology
predictors and bias « Organic Carbon * Relative Humidity * Land type
. : : + Black Carbon « Temperature (2m)  Elevation
* Geographically Weighted Regression (GWR) also .« Dust « V wind speed (10m)
available, as version V5.  Sea Salt « U wind speed (10m)
. . Global
Hybrid-Geophysical ) .
Bias Prediction Predictor Local Congs;ét':ngl Output
Variables  predictive Flatten (PM, 5 Bias)

|
: l 77 Patch
Geographically Convolutional ol

-Weighted Neural Network (A7
Regression I T
I # g il
V5.GL.06 V6.GL.03 it i :
PMys PM, 5 42iiiqi Kernel Connected [
(GWR) (CNN) F&FEEGY (filter) CNN Model Layer
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Geophysical and process-based predictors drive agreement Mlisource,

Combined AOD

away from ground-based constraints. 3 -
= Geophysical PM,,
Demonstrated by both spatially-buffered cross validation and SHapley Additive exPlanations (SHAP) Analysis a I -
2 Hybrid-Geophysical
Processed-based predictors are those that include the atmospheric . . Q Bias Prediction
response to physical and chemical drivers, such as simulated SHAP Analysis: Variables are Hybrid' o
component concentrations and n. ordered by importance —
.. 1
0.9 ACAG’s CNN has been optimized
: . : GeoPM25
’ to relax to geophysical PM, s with
. . . ’ . GC PM25/A0D 7
0.8 increasing distance from monitor —— 3
: < I
N , c s
07 Without geophysical 55D 3
) weighting, quality would b E
0.6 degrade with monitor - 5
% \ | distance Lat ;é
0.5 N T2M a
—$— Optimized CNN model k\\\ Sum of 25 other features smme
04/| —¥— Standard CNN model , ‘ | , , : : 0
MSE CNN model Excluding process-based = < B 4 4 = 4
03|| T 'excluding GEOS-Chem constraints from a CTM Impact of Hybrid PM. s [ug/m
—e— Geophysical PM; s (GEOS-Chem) reduces  Geo indicates geophysical a priori
0.2 | performance away from constrained by GEOS-Chem output
10 50 100 150 2000 monifors « GC indicates GEOS-Chem
Buffer Radius (km)

Shen et al., ES&T, 2024
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SatPM, : provides high quality, global PM, . representation.

SatPM, 5 V6.GL.03 refines the
geophysical PM, s surface using
ACAG's optimized CNN model.

Evaluated using the highest cross-
validation standards — temporally
and spatially buffered

SatPM, s are particularly well-suited
for applications that require:
High spatial resolution

Consistent, long-term temporal
coverage

Consistency away from
ground-based constraints

5 £
o
. 53 <
"y ° . (T) +— O
/\ Atmospheric - O =
H R
Composition o= 3
<l Analysis >> =
W Group S25
e = 0.0
O < 'C
QO —g
< T

g

£

-

3

-
=

o

Multi-Source,
Combined AOD

w
N
S 1
% Geophysical PM,
= ¢/ 1
= - - 2 Hybrid-Geophysical
> <4 . : % o (3] Bias Prediction
——— A § 3 - e <
= 2 S 4 1
~ 5 \ S Hybrid PM; s
? oy W A i
3 ?’-\-,__ y 7
< - !
200 N > 5
__“7IrR?=0.81 . @ AL *
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= i i
g 50 ._'.-f ° l‘ S\ Y %
] ’ -ACAG §
© . g ; »
i 15 3
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©
> 5 - 199801 PM; 5 (IJg/m3) )y
‘ ~5 15 50 200 5 10 20 5Q
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20.0§ ] | r
R?=086 R?=0.59 3 R2=0.70 0 R0 10°
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Summary - SatPM, : @ ACAG Washington University in St. Louis

In this section, we've focused on the ACAG SatPM, s dataset.

This dataset:

Is based on the Geophysical-Hybrid method.

Combines multiple AOD products, using AERONET to identify which retrievals are most
effective under specific conditions, locations, and fimes.

Incorporates and actively maintains a database of ~15,000 ground-based monitors.
— Accounts for variations in tfemporal coverage of these ground-based observations.

Uses a Convolutional Neural Network (CNN) to understand, predict, and correct geophysical
bias. Process-based constraints essential to maintain quality away from monitors.

Focuses on long-term consistency across the entire time series and away from ground-based
constraints.

s freely and publicly available.
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Accessing SatPM, ;: Data Products - Website Demo

http://satpm.org



http://satpm.org/

= Home | satpm.org X | + v — (m} X

(0}
)
i

— ;G © & www.satpm.org B} s ¥ Q v Search

Dedicated Website o
(www.satpm.org) Provides Access
to Latest SatPM, ; Versions

NS/

Satellite-Derived PM.:s

Data on the distribution of fine particulate matter (PM...) in outdoor air are needed to support
air quality assessment, research, and management. Rigorously validated open-access
satellite-derived PM..; datasets offer:

+ Global coverage of fine particulate matter concentrations
* Multi-year records for trend analysis (1998-present)
« Multiple product versions tailored to regional and compositional studies

" V6.GL-03 (ug/m?)

0bs (ugim?)
SatPM global and regional PMs.; cor i ine the
observational int of i i th age and
insight of p based simulations and data-driven algorithms,
and the accuracy of ground-based measurements. E
Aerosol observed throughout the atmospheric column from multiple 4 Satgits %
satellite-based instruments (MODIS Terra, MODIS Aqua, MISR/ Tarre,

SeaWiFS/SeaStar, VIRS/SNPP and VIRS/NOAA20) and their 4
respactive retrievals [Dark Targot, Deep Blue, MAIAC) are related to
near surface PM;.; concentrations using the GEOS-Chem ' 4
transport model , where GEOS-Chem provides the spatially and Simulation
temporally varying relationship between asrosol optical depth and

PM,... Targeted observations (e.g.. SPARTAN] are used for process-

¥

level of algo A of gr based
observations from around the world (e.g., WHO Ambient Air quality
database, OpanAQ, nati latory SPARTAN) are

then used to refine these initial estimates using advanced statistical
fusion and deep-learning techniques.

S atPM Join our mailing Iist. :.‘r ;,':.:, o TS peRARGEs

Satellite-Derived Particulate Matter

Emar*
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http://www.satpm.org/

= Home | satpm.org X | + v = O X

. . - C Q@ & wwwsatpm.org Bl s ¢¢ Q v Search & N =
Dedicated Website = A~
(www.satpm.org) Provides Access - !

SatPM V5.GLO6

to Latest SatPM, s Versions ERellitegperived PM..

Data on the distribution of fine particulate matter (PMz.s) in outdoor air are needed to support

air quality 1, and mar Rigorously vali P!
derived PM;.z offer:

+ Global coverage of fine particulate matter concentrations

Data Access Tab Links to Wty sy s ]
Latest SatPM, ; Datasets

" V6.GL.03 (ug/m?)

%
Obs {ug/m?) -

SatPM global and regional PMz.z i ine the
observational lint of satellite retri the age and

insight of process-based simulations and data-dri ithms,

and the accuracy of ground-based measurements. ,x\
Asrosol o hroug| the ic column from multiple Aatelllte

SeaWIFS/SeaStar, VIRS/SNPP, and VIRS/NOAAZ0) and their J
respactive retrievals [Dark Target, Deep Blue, MAIAC) are related to J 25
near surface PM;.. concentrations using the GEOS-Chem F 4

transport model , where GEOS-Chem provides the spatially and (’ latio M s\
temporally varying relationship between aerosol optical depth and ———

PM.;. Targeted observations (e.g.. SPARTAN] are used for process-

level evaluation of A ion of ground-based
observations from around the world (e.g., WHO Ambient Air quality
database, OpanAQ, nati y SPARTAN) are

then used to refine these initial estimates using advanced statistical
fusion and deep-learning techniques.

S atPM Join our mailing 'iﬂ. :-‘r:'::::u on data products

Satellite-Derived Particulate Matter

Emai

www.satpm,org/data-access
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http://www.satpm.org/

8

Dedicated Website
(www.satpm.org) Provides Access
to Latest SatPM, s Versions

7 N
SACAG-
(R0

Data Access Tab Links to
Latest SatPM, . Datasets

Individual Pages Provide Details
of Each Version

SatPM V6.GLO3 | satpmorg X = + v

C © & www.satpm.org/v6-gl-03 B B s Y9 Qv Searc

SatPM

© V6.GLO3 (ugim®)

Home Data Access Tools & Examples  Archive Publications

SatPM V6.GL.03

This version is recommended for users interested in our most state-of-the-
science global algorithm, and is available for 1998-2024

»

We estii | and ground-level fine particulate matter (PM:..) for
1998-2024 by combining Aerosol Optical Depth (AOD) retrievals [Dark Target, Deap
Blue, MAIAC] that make use of observations from numerous satellite-based NASA
instruments [MODIS/Terra. MODIS/Aqua, MISR/Terra, SeaWiFS/SeaStar, VIIRS/SNPP,
and VIIRS/NOAA20) with the GEOS-Chem chemical transport model, and
subsequently calibrating to global ground-based observations using a residual
Convolutional Neural (CNN), as iled in the balow for SatPM
VB.GL.O1. SatPM VE.GL 03 follows the methodology of VE.GL.01 and VEGL.02.04, but
updates the ground-based observations used to calibrate the geophysical PM;.z
estimates for the entire time series, extends temporal coverage through 1998 - 2024,
and includes additional MAIAC AOD retrievals using the VIIRS instruments onboard
the Suomi NPP and NOAA-20 satsllites. Also, the GEOS-Chem information (and the
geophysical PM:.-) includes the latest updates on dust size and distribution, as
describad in Zhang etal. [2025].

Reference:

Shen, §. Li, C. van Donkelaar, A. Jacobs, N. Wang, C. Martin, Rv.Enhanangelohal
Estimation of Fine Particulate Matter C by aPriori
Information in Deep Learning. [2024) ACS ES&T Air. DOk 10.1021/acsestair3c00054
ILink]

Scientific Datasets:

Annual and monthly datasets are provided in NetCDF [.nc] format. Gridded files use
the WGS84 projaction.

Nota that these estimates are primarily intendad to aid in large-scale studies. Annual

and co pond to a simple mean of within-grid values.
Gridded datasets are provsdsd to allow users to agglomerate data as best meets their
parti needs. High: ion (0.01° X 0.01°) datasets are gridded at the finest

ion of the i J that wereir but are unlikely to fully

resolve PM,.; gradients at the gridded resolution due to the influence of information
sources at coarser resolution.

Annual and monthly mean PM;.; [ug/m3] at 0.01° x 001"
[https://wust.box.com/v/VEGLO3-FineResolution|

Support Team

1l
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http://www.satpm.org/

& SatPM V6.GLO3 |satpmorg X + v = O )4

« C @ o= www.satpm.org/v6-gl-03 B B so% w Q. ~ Search @f i]

Dedicated Welbsite &
(www.safpm.org) Provides Access ~ —
fo Latest SatPM, s Versions PRI e

Nota that these estimates are primarily intendad to aid in larga-scale studies. Annual
and coarse-resolution averages correspond to a simple mean of within-grid values.
Gridded datasets are provided to allow users to agglomerate data as best mests their
particular needs. High-resalution (0L01° % 0.01°) datasets are gridded at the finest
resalution of the information sourcas that were incorporatad, but are unlikely to fully

Data Access Tab Links to O

Annual and monthly mean PMz.s [ug/m3] at 0.01° x 0017

L O -I- e S-l- S O -I-P M 55 D G -I- O S e -I- S Inttpe: fwustibox.com/vVEGLO3-FineResolution]

Annual and monthly mean PMa.s [pg/m3] at 0.1° = 01
|https:wustlappbox.com v VEGLOZ-CoarsaResolution]

Homs Data Accass Tools & Examples  Archive Publications Support Team

This SatPM,.; data is alternatively availabla via the Registry of Opan Data on AWS:

Individual Pages Provide Details e
of Each Version ——

Browse and download files directly through the secure web partal:
[satpmdata s3-wabsite-us-gast-1 amaronaws.com #@VEGLO3)

2. Browse via AWS CLI *listing only]*. No credentials requirad for listing:

Includes Dataset/Access Instructions PP —

2. Doawnload via AWS CLI
Usa ‘aws 53 sync to download a spacific folder or file:

aws a3 ayne 83://satpmdata/VECLO3/<path/te/ foldary <local-
dastinations

Replaca <path/ba/foldar=" with the path to the desired folder or file, and “<local-
destination>" with the target location on your machine.

Processed Datasets:

Thase surmmary files are procassed from the Scientific Datasets above for sasa of
accessibility. Population-waighted estimates and total population describe anly those
people coverad by the SatPM VEGL 03 dataset and are provided by GPWvd, Gountry
borders ara defined following GAD3.6.

Annual Global count:
Annual Cal

leval mesn PMz.=

|-lavel mean P

Annual China regional-level mean Pz,
Annual India regional-level mean PM.-

Annual United States state-level mean PM...

SatPM;.s WE.GLOS are licensed under CC BY 4.0
I EEEEEE——— J
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http://www.satpm.org/

M B FineReschsion | Powered by B % o w - O x

& @ & wustlappbowoom, iy VEGLYI-Finefes: B - & 8

WashU Sign up m

WWW.S

\> )

FineResolution &
-I-O I_ AEME UFDATED 4 H-J 4
8 £ E I
AF Apr 24, 2026 by Thep wee )
Da . oo

AS Apr 22, 2026 by Th

INndivid v
OT EAQch Version

Includes Dataset/Access Instructions
via Box Folders

=

SatPM

SatPMVEGLO3 |satpmorg X | 4 ~ =

www.satpm.org/v6-gl-03 B B sos ﬁ’ Q. ~ Search @f i]

Homs Data Accass Tools & Examples  Archive Publications Support Team

Scientific Datosets:

Annual and monthly datasets are provided in NetCDF [.nc] format. Gridded files use
the WES84 projaction.

Nota that these estimates are primarily intendad to aid in larga-scale studies. Annual
and coarse-resolution averages correspond to a simple mean of within-grid values.
Gridded datasets are provided to allow users to agglomerate data as best mests their
particular needs. High-resalution (0L01° % 0.01°) datasets are gridded at the finest
resalution of the information sourcas that were incorporatad, but are unlikely to fully
res0lve PMy.z gradients at the srissad sacat sion dia to the influence of information
sources =" L resolution.

nual and monthly mean PMz.s [ug/m3] at 0.017 x 0017

o5/ nustibox oo NVEGLO3-FineRasolution]

Annual and monthly mean PMa.s [pg/m3] at 0.1° = 01
lalies

(fwustlappbox.com/vVEGLOZ-CoarsaResolution]

This SatPM,., data is alternatively available via the Registry of Opan Data on AWS:
Ihttos:

Accassis configured o v ., - _ _._ee weuurity policy.

How to Access:

1. Wab Access *Becormnmended]*

Browsa and download filas directly through the secure wab partal:
hittpe//satpmdats s3-wabsite-us-east-1 amazonaws.com/#VEGLOI,

2. Browse via AWS CLI *listing only]*. No credentials requirad for listing:

aws 33 1a Lgn-Tadg 23/ / VEGLO3/

2. Doawnload via AWS CLI
Usa ‘aws 53 sync to download a spacific folder or file:

aws 23 ayne 83://satpmdats/VECLDA/<path/te/ foldars <local-
dastinations

Replaca <path/ba/foldar=" with the path to the desired folder or file, and “<local-
destination>" with the target location on your machine.

Processed Datasets:

Thase surmmary files are procassed from the Scientific Datasets above for sasa of
accessibility. Population-waighted estimates and total population describe anly those
people coverad by the SatPM VEGL 03 dataset and are provided by GPWvd, Gountry
borders ara defined following GAD3.6.

Annual Global country-leval mesn P .-
Annual Canada provincial-lavel mean Py
Annual China regional-lavel mean Pha.-
Annual India ragional-laval maan P
Annual United States state-level mean PM...

SatPM;.s WE.GLOS are licensed under CC BY 4.0
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http://www.satpm.org/

1 | @ 5w 53 Exploner x  + v - o »
O (2 NotSecure hitp/satprdatasi-website-us-ea: B 7 O v 5 & H =

AWS 53 Explorer m B Hide folders? & Folder % Buckel ¢ 3 o

50 . enines per page Search

Object o Last Modified Timestamp Size

Showing 1101 of 1 entry d - g

ails

B SatPMV6.GLO3 |satpmarg X +

@ o= www.satpm.org/v6-gl-03 B B sox ik Q v Search

Homs Data Accass Tools & Examples  Archive Publications Support Team

Scientific Datosets:

Annual and monthly datasets are provided in NetCDF [.nc] format. Gridded files use
the WES84 projaction.

Nota that these estimates are primarily intendad to aid in larga-scale studies. Annual
and coarse-resolution averages correspond to a simple mean of within-grid values.
Gridded datasets are provided to allow users to agglomerate data as best mests their
particular needs. High-resalution (0L01° % 0.01°) datasets are gridded at the finest
resalution of the information sourcas that were incorporatad, but are unlikely to fully
resalve PMa.» gradients at the gridded resolution due to the influence of information
sources at coarser resolution.

Annual and monthly mean PMz.s [ug/m3] at 0,017 x 0017
|https:/fwustlbox. com/v/VEGLD3-FineResolution]

Annual and monthly mean PMa.s [pg/m3] at 0.1° = 01
|https:wustlappbox.com v VEGLOZ-CoarsaResolution]

This SatPM,.; data is alternatively availabla via the Registry of Opan Data on AWS:

Accass is configured = - T Tt Security policy.

P . o AcCBss:

1. Wab Access *Becormnmended]*
Browse and dewnload files directly through the secure wab portal:

Includes Dataset/Access Instructions
via Box Folders
and via AWS Registry of Open Data

hittpe -'rf'satprndata.sB-wuhsila-us-east- 1 amazonaws.com#vEGL03)

2. Browse via AWS CLI *listing only]*. No credentials requirad for listing:

aws 33 1a Lgn-Tadg 23/ / VEGLO3/

2. Doawnload via AWS CLI
Usa ‘aws 53 sync to download a spacific folder or file:

aws 23 ayne 83://satpmdats/VECLDA/<path/te/ foldars <local-
dastinations

Replaca <path/ba/foldar=" with the path to the desired folder or file, and “<local-
destination>" with the target location on your machine.

Pru_ =sed Datasets:

Thase surnn.. | S'ss are procassed from the Scientifi= T _sets above for sasa of
accessibility. Population-weis e wow waess and total population describe anly those
people coverad by the SatPM VEGL 03 dataset and are provided by GPWvd, Gountry
borders ara defined following GAD3.6.

Annual Global country-leval mesn P .-

Annual Canada |
Annual China regional-level mean Pz,
Annual India ragional-lavel mean PM. -

Annual United States state-level mean PM...

SatPM;.s WE.GLOS are licensed under CC BY 4.0
I EEEEEE———

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources
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Dedicated Website
(www.satpm.org) Provides Access
to Latest SatPM, s Versions

Data Access Tab Links to
Latest SatPM, - Datasets

Individual Pages Provide Details
of Each Version

Includes Dataset/Access Instructions
via Box Folders
and via AWS Registry of Open Data

Processed Datasets Provide
Simplified Summaries

B

SatPM V6.GLO3 | satpmorg X A

@ a2 www.satpm.org,/v6-gl-03 B B sox g Q, v Search

Home Dats Acceas Tools & Examplea  Archive Publications

Annual and monthly datasats are provided in NetCDF [.nc] format. Gridded files use
the WES84 projaction.

Nota that these estimates are primarily intandad to aid in large-scale studiss. Annual
and coarse-resolution averages correspond to a simple mean of within-grid values.
Gridded datasets are provided to allow usars to agglomerate data as bast meats their
particular needs. High-resolution (0.01° = 0.01%) datasets are gridded at the finast
rasalution of the information sourcas that ware incorporated, but are unlikely to fully
resalve PMz. gradients at the gridded resolution due to the influence of information
sources at coarser resalution.

Annual and monthly mean PMa.s [pg/m3] at 0,017 x 0017
[https:wust box.com v/ VBGLO3-FineResolution]

Annual and monthly mean PMa.s [pg/m3] at 017 = 0017
[https:wustlapp.box.com/v/WEGLO3-CoarseResolution]

This SatPMz.; data is alternatively available via the Registry of Opan Data on AWS:

Acesss is configurad to camply with WashU's Claud Security pelicy.

How to Access:
1. Wab Access “Recommended]*
Browse and download files directly through the secure wab partal:

2. Browse via AWS CLI *[listing only]*. No credentials requirad for listing:

awa a3 1z Lgn-Teg 83: /). VEaL3,)

2 Download via AWS CLI
Usa ‘aws 53 sync’ to download a specific folder or file:

aws a3 ayme 33://satpmdata/VECLO3 <path/to/ foldar> <local-
dagtination>

Replaca <path/to/foldar>" with the path to the desired folder or file, and “<local-
destination=’ wits = s . s

Processed Datasets:

These summary files are procassed from tha Scientific Datasets above for sasa o
aceessibility. Population-weighted estimates and total population deseriba only those
people coverad by the SatPM VE.GLO3 datasat and are provided by GPWv4. Country
borders ara defined following GAD2.5.

Annual Global country=laval mean PMz.«
Annual Canada provincial-lavel mean Pia. .
Annual China regional-lavel mean PMa.x
Annual India ragional-lavel mean Ph .5
Annual United States state-level mean PM: -

BatPM;.= VB.GLO3 are It ioou wie wo wr s
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via Box Folders
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Istry of Open Data

Processed Datasets Provide

Simplified Summaries

Usja ‘aws $3 sync’ to download a specific folder or file:
awa ayme 83://satpmdata/VECLO3/<path/tof foldars> <local-
dag tlons

aga <path/to/foldar> with the path to the desired folder or file, and <local-

dbatidations" wisa: i

/

i immary files are procassed from the Scientific Datasets above for easa o

ibility. Papulation-waighted estimates and total population describa anly those
fopla by the SatPM VE/GL 03 dataset and are provided by GPWvd. Country
rders ara defined following GAD3.6.

Ang?g | Global country=leval mean PM .-
Anndal provincial-lavel mean PM:..

Annual China regional-lavel mean PMa.x

Annual India regional-laval mean PMz .-

Annual United States stabe-level mean PM;. -
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ibility. Papulation-waighted estimates and total population describa anly those

Processed datasets provide e
simplified summaries =

Annual India ragional

-laval mean PMz .-
Annual United States stabe-level mean PM;. -

BatPM;.= VB.GLO3 are It ioou wie wo wr s

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources



http://www.satpm.org/

Dedicated Website
(www.satpm.org) Provides Access
to Latest SatPM, s Versions

Previous Versions are Archived
for Subsequent Access

G

&« C @ & www.satpm.org Bl s 9 Q v Search

c' .-. SatPM Home Data Access Tools & Exampler  Archive Publications

SatPM VBGL02.04
WY d setemvecLOL
SatPM VENAOS
Satellite-Derivs ¢ ssomsciose
SatPM VS.GLO4
Data on the distribution of fine particulate matter (PM :)in SetbM 203 1 support
air quality assessment, research, and management. | gort SatPM VSNA04.02 388
derived PM;... offer: SatPM VS.GLO2
SatPM VS.GLO1
* Glahat=n . ..we paruculate matter concer ratio SatPM va.GLO3

* Multi-year records for trend analysis (1998-prese t] SatPM VANAOS
* Multiple product versions tailored to regionaland oMp gaeon va 03
SatPM VACHO3
SatPM VA.NAO2.MAPLI
SatPM VACH.02
SatPM VA EU.02

* V6.61.03 (ug/m’)

0bs {ug/m?) -
SatPM global and regional PMz.» cor i ine the
observational int of i i the and

insight of process-based simulations and data-driven algorithms,
and the accuracy of ground-based measurements.

Asrosol observed throughout the atmospheric column from multiple
sateliite-based instruments (MODIS Terra, MODIS/Aqua, MISR/Terra,
SeaWiFS/SeaStar, VIIRS/SNPP, and VIIRS/NOAA20)} and their
respactive retrievals [Dark Target, Deep Blue, MAIAC) are related to
near surface PM;.; concentrations using the GEOS-Chem chemical

Home | satpm.org X e N

= i o w SatPM VA.GLO2 &
7 sstPMvaNAOL S

transport model , where GEOS-Chem provides the and zSI

temporally varying relationship between aerosol optical depth and T—
PM.... Targeted observations (e.g.. SPARTAN] are used for process-

level evaluation of algorithms. A collection of ground-based

observations from around the world (e.g., WHO Ambient Air quality

database, DpanAQ, national regulatory networks, SPARTAN) are

then used to refine these initial esti using adv istil

fusion and deep-learning techniques.

S atPM Join our mailing |m. t:‘r :'.e.:.tiu o ata prsasts

Satellite-Derived Particulate Matter

www.satpm.org/archive
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(www.satpm.org) Provides Access
to Latest SatPM, - Versions i il
Previous Versions are Archived %
for Subsequent Access

Dedicated Support Team
Available for Assistance
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Support Team

(www.satpm.org) Provides Access 4
to Latest SatPM, s Versions

Previous Versions are Archived
for Subsequent Access

Dedicated Support Team
Available for Assistance

Sign up to receive data
product updates!

 SatPM
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" V6.GL.03 (ug/m’)
e
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SatPM global and regional PM.; concentrations combine the
observational int of i g th age and

insight of process-based simulations and data-driven algorithms,
and the accuracy of ground-based measurements. ,\
Aalallite"

Asrosol observed the ic column from ipl \
satellite-based instruments (MODIS/Terra, MODIS/Aqua, MISR/Terra, ; %
SeaWiFS/SeaStar, VIIRS/SNPP, and VIIRS/NOAA20) and their %
respactive retrievals [Dark Target, Deep Blue, MAIAC) are related to §

near surface PM;.; concentrations using the GEOS-Chem chemical ;

transport model , where GEOS-Chem provides the spatially and Simulation Monitors .
porally varying relationship \ aerosol optical depth and BE——

PM;.;. Targeted observations (e.g.. SPARTAN] are used for process-

level evaluation of algorithms. A collection of ground-based

observations from around the world (e.g., WHO Ambient Air quality

database, DpenAQ, national regulatory networks, SPARTAN) are

then used to refine these initial esti; using istil

fusion and deep-learning techniques.

Satellite-Derived Particulate Matter
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Data Acosss

Tools & Examples
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Join our mailing list for updates on data products
and events
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-
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Direct Machine Learning for PM, :



Direct Machine Learning Approaches for Surface PM, ; Estimation

A Machine Learning (ML) model learns the mapping from satellite/reanalysis inputs to surface PM, =
without a chemical tfransport model in the loop.

Geophysical Hybrid Direct ML

Section 1 Sections 1-2 This Section
Chemical tfransport model Start from a geophysical ML model learns the mapping
(CTM) provides the AOD — estimate; then calibrate to end-to-end from observations
PM, s conversion physics. ground monitors using GWR, alone — no CTM scaffold.
Satellite AOD constrains the statistics, or ML methods like
result. CNN.
e.g., MERRA-2, GEOS-Chem-based e.g., WashU SatPM, s e.g., GHAP,
products MERRAZ2_CNN_HAQAST_PM25

Why Direct ML Grew: Satellite + reanalysis archives, ground-monitor networks (e.g., OpenAQ), and
GPU computing made data-driven approaches tractable — and often more flexible in regions where
CTM emissions inventories are weak.
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ML-Based PM, ; Applications Across Different Time Horizons

PAST NOW
Bl Historical » Near-Real-Time
"What was PM, ; in 2010?" "What is PM, ; right now?"
DEFINING CONSTRAINT DEFINING CONSTRAINT
Full retrospective archive: satellite Streaming geostationary AOD +
+ reanalysis + ground monitors NRT meteorology forecasts
TYPICAL USE TYPICAL USE
Reconstruct decades-long records Operational monitoring, wildfire
for exposure studies, frend analysis alerts, public health advisories

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources

FUTURE

» Forecasting
"What will PM, ; be tomorrow?"

DEFINING CONSTRAINT

Forecast meteorology only; no
current satellite olbservations

TYPICAL USE

Public alerts, planning, advance
exposure mitigation




Typical Workflow of ML-Based PM, ; Estimation

Primary Input
Satellite AOD, Reanalysis Aerosols
MODIS, VIIRS, MISR, SeaWiFs,

GOES-R/Geo, MERRA-2, CAMS ML MODEL OUTPUT
Random Forest 3 Surface PM
XGBoost i 25
- ) CNN, DNN, LSTM, (ug/m?)
Auxiliary Fields GNN, Transformer On Satellite/Reanalysis Grid

Mostly from Reanalysis (ERA-5, MERRA-2)

Humidity, Boundary layer height,
Temperature, Winds, Surface pressure,
Land cover

H ¥ .
Concentration (ug/m’)

Ground Truth

Target Variable — In-Situ PM, 5 JRND N
EPA AirNow, OpenAQ, Regional Park et al., (2025)

openaqg Networks

s
™,

Date : 2020-08-20 13:00
.. VIIRS RGB Image Observations

Sayeed et al., (2022)
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From Satellite Signal to Surface PM, ; — ML Method Pipeline

STEP 01
Acquire Data

Obtain AOD from satellite
retrievals and PM, s from
ground monitoring
stations.

Satellite AOD

=
-y

©

STEP 02
Collocate

Matchin time (closest to
overpass) and space
(nearest pixel or local

average).

Temporal match

STEP 03

Build Model

Apply regression or ML
models to predict PM; 5
from satellite AOD.

4 Dally distribution of PM,. ¢ estimation ?t 2023/06/07
Q 1 AL

IR ENEREENE
P, s Concentration (g/m®)

Ground PM, 5

AOD € PM,

Spatial match

Statistical & Al/ML

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources

STEP 04
Estimate PM, 5

Derive surface PM; s using
column AOD.

Source: Park et al., (2025)

Re gression

Machine Leaming

150

Unhealthy

Very
Unhealthy 300

500

Source: US EPA

STEP 05
(OPTIONAL)

Convert to AQI

Translate PM; 5
concentrations into the
Air Quality Index (AQ).

Concentration

AQI category

61




Examples of ML-Based PM, ; Datasets Across Temporal Modes

Examples

Inputs

Methods

Common ML
pattern

Highlight

<« Historical/Retrospective » Near-Real-ime

Pendergrass et al. (2022) — East Asia, RF + GOCI
Sayeed et al. (2025) — CONUS, DNN + GOES-R
Zhang & Kondragunta (2024) — CONUS, DNN +
geostationary

Di et al. (2019) — CONUS, ensemble (NN + RF + GB)
Park et al. (2020) — East Asia, RF + GOCI AOD
Wei et al. (2023) — Global, big-data ML (GHAP)

MODIS/MAIAC AOD, GOCI, modeled PM, s,
reanalysis met, land cover, ground monitors

Ensemble (NN + RF + GB), Random Forest, big-
data ML with gap-filing

Mostly direct estimation —rich data archives
support full ML mapping

Global daily 1 km gapless (GHAP);
CONUS 1 km ensemble widely used in health
studies (Di et al. 2019)

Geostationary AOD (GOES-R / GOCI),
radiance, HRRR / NRT met, AirNow / AirKorea

RF/LGBM/DNN bias-correction of operational
products; gap-filed AOD

Often bias correction of an operational
product (GOES-GWR, CAMS)

RMSE | 8.72 — 6.55 ug/m?® (Sayeed et al. 2025);
DNN beats RF/LGBM by up to ~45% IOA

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources

Sayeed et al. (2021) — CONUS, CNN + CMAQ
Lee et al. (2022) — East Asia, ML + DA + GOCI
Seo & Gupta (2026) — Global, TCN + MoE +
GEOS-FP

Forecast meteorology (CMAQ, GEOS-FP,
WRF), ground observations - no current
AOD

CNN/TCN bias-correction of CTM
forecasts; data assimilation + ML; Mixture-
of-Experts

Predominantly bias correction of CTM
forecasts

Reliable 2-day forecast;
DA + ML improves PM, s analysis;
R?=0.88, captures wildfire peaks



Strengths & Limitations of ML-Based PM, ;

v Strengths X Limitations

« Captures nonlinear AOD ¢ PM, s  Depends heavily on density and quality
relationships of ground monitors; spatial CV is

 Flexible in regions with sparse CTM imporfant!
emissions inventories « Risk of poor performance on extreme

. Can incorporate diverse predictors (mef, events (wildfires) it under-represented in
land cover, time) fraining

« Satellite AOD gaps (clouds, snow)
propagate 1o PM, s

« Fastinference once trained

« Generalization across regions and time
periods is not guaranteed
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Example: Bias-Corrected MERRA-2



Comparative Overview of Global PM, ; Products

[
Dataset Lemporal Resolution Source/Method
overage

CAMS + Ground + Deep

DeepCAMS 2003-2020 0.25°, hourly ] :
earning
Global High Air Pollutants (GHAP) 20172022 1 km, daily fGTe”'Te + Ground + Deep
earning
Berkeley Earth Real-time AQ Real-time 0.10°, data gaps Ground Measurements +
Intferpolation
WashU SaiPM 1998-2023 1 km, monthly/yearly Satellite + Models + Ground
MERRA2_CNN_HAQAST_PM25  2000-2024 0.5° x 0.625°, hourly ’(‘)"E';'n'é + CNN Ensemble +

MERRA2_CNN_HAQAST _PM25 Niche:
Long-term (25 years), globally complete, hourly, and bias-corrected — filing the gap left by daily/monthly
products and short-record hourly products.

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources



MERRA2 CNN HAQAST PM25 Product Overview

I Temporal Coverage  2000-2024 (periodically updated) MERRA-2 Bias °°"ecﬂiﬁ‘u:;T‘;i;ﬁ;f;oﬂ“ﬁ'f'5 mass concentration
I Temporal Resolution Hourly (00:30-23:30 UTC)
I spatial Resolution 0.5° latitude x 0.625° longitude
I Spatial Coverage Global (90°5-90°N, 180°W-180°E)
I File Format NetCDF, ~14 MB per daily file
MERRA2_CNN_Surface_PM25

I Variables

(U g/m3) , Q FLAG ( ‘| _4) Al Bias f:orrected surj‘ace total PM2.5 mass concentration (ug m-3) >

0.00 30.00 £0.00 90.00 120.00 150.00

Bias-Corrected Surface Total PM, ;s — 1 January 2023,
DOI: Gupta and Sayeed (20254) 00:30 UTC.

10.5067/OCKK5HCFWS5N3
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MERRA2_CNN_HAQAST_PM25 Quality Control

Quality Flag (QFLAG) provides qualitative
indicator of data quality

QFLAG determined based on proximity to
surface monitors, land cover type, latitude

QFLAG Values 1-4
— QFLAG = 1: Low Data Quality
— QFLAG = 2: Medium Data Quality
— QFLAG = 3: High Data Quality
— QFLAG = 4: Best Data Quality

Use QFLAG 2 3 for quantitative analysis. Bias-Corrected Surface Total PM, . — 8 June 2023,
00:30 UTC.

Inset map shows the QFLAG quality flag at each
grid point (1 = low, 4 = best).

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources



Motivation for MERRA-2 PM, ; Bias Correction

«  Raw MERRA-2 PM, s is computed empirically:

PM, s = DUST, + SS,; + BC + OC + 1.375 x SO,

— Missing Species: No nitrate, no ammonium — both can contribute substantially in many regions
— Grid-Box Averaging: ~50 x 65 km cells smooth over local sources and gradients

— Emission & Meteorology Assumptions: Bias varies regionally and seasonally

— Aerosol Size & Composition: Semi-volatiles and hygroscopic growth not captured

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources



Mean Bias of Raw MERRA-2 PM,.: vs. Ground Monitors in 2020
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« Bias patterns vary by region and aerosol Result: Regionally Variable Bias
reglme Over-Estimation: California, Eastern China, Middle East

(> +20 ug/md)

ML approach can correct these biases
Under-Estimation: Indo-Gangetic Plain, Southern South America
(< =15 pg/md)
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Inputs: MERRA-2 Aerosols and Meteorology

B
« Selected based on their geophysical connection to surface PM, s formation, transport, and removal.

Aerosol Diagnostics (M2TTNXAER) Meteorology (M2TT1NXSLV)

BCSMASS Black Carbon Surface Mass PS Surface Pressure

OCSMASS Organic Carbon Surface Mass QV10m, Q500 Specific Humidity (10 m, 500 hPa)
DUSMASS25 Dust Surface Mass (PM, s fraction) T10m, 1500, T850 Temperature (10 m, 500, 850 hPQ)
SO2SMASS SO, Surface Mass u1o0, vi0 Wind Components at 10 m
SO4SMASS Sulfate Surface Mass

Total Aerosol Extinction AOT

TOTEXTTAU (550 nm)

grid and timing.
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I All inputs are at MERRA-2 native resolution (0.5° x 0.625°, hourly) — ensuring the output product inherits the same



Ground Truth: OpenAQ Reference-Grade Observations

« Reference-grade PM, s observations obtained from
OpenAQ

« How OpenAQ Data were used:

Each stafion is spatially collocated with its nearest
MERRA-2 grid point

Hourly PM, s values temporally are matched with
MERRA-2 inputs

Quality control is applied to remove outliers and invalid
records

Split: 2018-2019 training, 2020 independent validation

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources

5,187

Monitoring Stafions Worldwide

30.4M

Valid Hourly Collocated Observations

2018-2020

Data Collection Period




Methodology: From MERRA-2 Inputs to Bias-Corrected PM, 5

* Meteorology
= AerosolDiagnostics

Spatialand
Temporal
Collocation

M1 -Whole
dataset

M2 - Dominating
species at sp. hour

M3 - Dominating
species for2018-
2020

Ensemble
CNN

M4 - Dominating
species with
weighted SO4

M5 —Dominating
species - Carbon
and sulfates are
combined

Surface PM, s Conc.

Gupta & Sayeed, 2026

1. MERRA-2 inpufts spatially & temporally collocated with OpenAQ surface PM, -
2. Five aerosol-aware data-processing strategies (M1-M5) each frain an independent CNN

3. Ensemble CNN (Mé) combines M1-M5 outputs — single bias-corrected PM, s value per grid per hour
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Five Aerosol-Aware Strategies — One Ensemble

« Each strategy trains an independent CNN; their predictions are combined by a final ensemble
model (M)

Baseline By Hour By Station By Grid Cell M4 Refined
Whole dataset, no Dominant aerosol Each station Each MERRA-2 grid M4 with sulfate +
strafification. species at each assigned its cell assigned its carbonaceous
hour, from average dominant dominant species aerosols merged
MERRA-2. aerosol type (2018-2020). into one class.
(2018-2019).

$

Mé Ensemble CNN

Combines M1-M5 outputs — single bias-corrected PM, s per grid per hour

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources



Validation: M6 reduces concentration-dependent bias in MERRA-2.

Estimated PM, s(ug/m?)

102 1

101 -

100 -

Training (2018-2019)

- M6
-&— MERRA2

10°

o
Observed PM; s(ug/m?)

oy
10?

Estimated PM, 5(ug/m?)

102 1

101 -

10° 4

Validation (2020)

- M6
-®— MERRA2

vvvvv

RS
Observed PM; 5(ug/m?)
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—
102

Setup

Observed PM, s binned into 10
quantiles (1st-99th percentile).

Mé (Blue)

Tracks the 1:1 line across the
full concentration range and
stays inside the +20 band.

MERRA-2 (Red)

Systematically overestimates
at low PM, s5; underestimates
at high PM, 5. Both effects
visible in training and
validation.

Gupta & Sayeed, 2026
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Validation: Mé substantially reduces bias across regions in MERRA -2.

45°N

45°N

Key Findings:
MERRA-2 (Top)

MERRA2 - Bias

" : = } ,: T .- Lo, . .
% : . e Wide Error Range: > +20 ug/m?2in
AN California, Eastern China, Middle East;
) v - : < =15 ug/m?3in Indo-Gangetic Plain,
" ' e Southern §. America.
{; b -15
{ e 20 Mé (Bottom)
- " ow | ww s ik . ke Substantially reduced bias, more localized
= E ’ 25 error patterns, and better calibration
_ \ o it - 20 across diverse aerosol regimes.
N ,\) ¥ T R & 1. g ‘v',;»‘; 2 10
S iy e : Honest Caveat
| fers 3 Some Mé over-prediction remains in E/SE
| o ™ Asia at high concentrations — though IOA
{ L 3 15 still exceeds MERRA-2 there.
{ ' -20
¢ -25
135°W 90°W 45°W 0° 45°E 90°E 135%E
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Regional Performance: M6 Outperforms MERRA-2 Everywhere

Median Index of Agreement (IOA) by region — higher is better, max = 1.

Index of Agreement
Best

Worst

B M6 (ML ensemble) ® MERRA-2 (raw)

0.82

Europe South Asia Southeast Asia United States

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources

What IOA Measures

Index of Agreement scores how
well the predictions reproduce
both magnitude and pattern.
Closer to 1 is better.

Almost 2x Better

In Southeast Asia (0.76 vs. 0.39)
and South Asia (0.82 vs. 0.47).

Take-Home

Mé better reproduces temporal
& spatial variability of PM, ;.



Summary for MERRA2_CNN_HAQAST_PM25 Bias-Corrected MERRA-2 PM, ;

\/ Long-Term, Global, Hourly \/ Bias-Corrected via CNN Ensemble
2000-2024 coverage at MERRA-2 native Aerosol-aware stratification (M1-M5)
0.5°x0.625° resolution. combined into an ensemble (Mé).

\/ Improves PM, s over MERRA-2 \/ Quality-Aware
Higher IOA, reduced spatial bias, robust QFLAG enables filtering;
to unseen years and regions. use 2 3 for quantitative work.
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Bias-Corrected MERRA-2 Data Access



Data Access Options

Resource Description

Data Landing Page  Primary source for information about the product, including access
options and links to other resources

Readme Document Detailed description of the dataset and the format of data files

Online Archive Download individual files

Earthdata Search Search for and download sefts of files for a specific time interval

AWS Access data directly on in Amazon S3 cloud

OPeNDAP Remotely access files using common programming languages and tools
(e.g., Python, Matlab, R, Panoply)

Giovanni Online tool to subset, average, and plot data (e.g., map, time series)
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Data Landing Page at NASA GES DISC

ssss | EARTHDATA Find a DAAC ~

GES DISC A°  Feodback  Gloud Migration

Atmospheric Composition, Water & Energy Cycles and Climate Variability

Health and Air Quality Applied Sciences Team
MERRA2_CNN_HAQAST bias corrected global hourly surface total PM2.5 mass concentration, V1
(MERRA2_CNN_HAQAST_PM25)

- = This product provides MERRA-2 bias-corrected global hourly surface total PM2.5 mass concentration with the same horizontal

2 spatial resolution as MERRA-2, covering a temporal range from 2000 to 2024. It is derived using a machine learning (ML)

i : approach with a convolutional neural network (CNN) method and is specifically developed for the NASA Health and Air Quality
Applied Sciences Team (HAQAST).

= The dataset consists of two parameters: MERRA2_CNN_Surface_PM25 and QFLAG. MERRA2_CNN_Surface_PM25, a 3-

dimensional variable (time, latitude, longitude), represents the surface PM2.5 concentrations in pg/m?. QFLAG denotes the
~ - y quality of data at each grid point, where 4 indicates the highest quality and 1 indicates the lowest quality. It is recommended to
sloud Enabled
— Ll Souly use QFLAG values of 3 and 4 for quantitative analysis.

 View Full-size Image

Product Summary Data Citation Documentation References Data Calendar

Shortname: MERRA2_CNN_HAQAST_PM25
Longname: MERRA2_CNN_HAQAST bias corrected global hourly surface total PM2.5 mass concentration, V1
DOI:  doi:10.5067/OCKKSHCFWS5N3
Version: 1
Format: netCDF
Spatial Coverage: -180.0,-90.0,180.0,90.0
Temporal Coverage: 2000-01-01 to 2024-06-01
File Size: 14 MB per file
Data Resolution
Spatial: 05°x0.625°

Temporal: 1 hour

NASA ARSET - Estimating Surface PM, s using Satelite Data and Other Information Sources

Help ~

Data Access

Online Archive

Earthdata Search

Web Services ~

.‘, Get Data

%) Login




Visualizing Bias-Corrected MERRA-2 PM, ; with NASA Giovanni



Part 2:

Summary



Summary

Washington University in St. Louis SatPM, s NASA Bias-Corrected MERRA-2 PM, ;
«  Methodology: Methodology:

— Hybrid-Geophysical — Ensemble CNN
« Strengths: « Strengths:

— Fine spatial resolution (0.01°x0.01°) — Hourly temporal resolution

— Longrecord (1998-2024) — Long record (2000-2024)

— Consistent performance even far from — Betterrepresents PM, s spatial and

ground-based monitors temporal variability compared to MERRA-2

* Limitations: « Limitations:

— Monthly temporal resolution — Coarse spatial resolution (0.5° x 0.625°)
« Datfa Access: « Data Access:

— Free & open — Free & open

— hitp://satpm.org — NASA Earthdata (GES DISC)

« e.g., online analysis with Giovanni
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Looking Ahead to Part 3

In Part 3, we will present a case study comparing SatPM, s and Bias-Corrected MERRA-2 PM, 5 to ground
monitor data, demonstrating how to access & evaluate these data in practical applications.

Ground-Based Monitors SatPM, s Bias-Corrected MERRA-2
32°5 T 32°S ° v
32°5 I <0
40
| 0%
33°S __“ 33°s 33°S E
20 ;-?
- 10
34°S 34°S 34°5 —-0
T2°W 71w 70°W 72°W 71°wW 70°W J2°W °

71w JOW
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Preparing for Part 3

To prepare for part 3, please ensure that:

* You have access to Google Colab, using a free Google or Gmail account.

* You have a free NASA Earthdata account and know your username and password.
* You have a free OpenAQ account and know your OpenAQ API| Key.
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https://colab.research.google.com/
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Homework and Cerlificates

- Homework:
— One homework assignment
— Opens on July 22, 2026
— Access from the training webpage
— Answers must be submitted via Google Forms
— Duvue by August 5, 2026

Certificate of Completion:
— Attend all three live webinars (attendance is recorded automatically)
— Complete the homework assignment by the deadline

— You will receive a certificate via email approximately two months after completion of the
course.
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Contact Information

Trainers: « ARSET Website
« Carl Malings  ARSET YouTube
— carl.a.malings@nasa.gov
» Pawan Gupta For questions, comments, or to share how you
—  pawan.gupta@nasa.gov have applied our frainings to your work or studies,

emaqil nasa.arset@gmail.com.

Aaron van Donkelaar
— qgaron.vandonkelaar@wustl.edu

Junhyeon Seo Join our quarterly newsletter to stay up-to-date on
our latest trainings:

1. Send an email with no subject line to arset-
join@lists.nasa.gov.

2. Follow the instructions sent in response.

— Junhyeon.seo@nasa.gov
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