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Part 2 Objectives

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

A Explain geophysical, hybrid, and machine learning methods of inferring surface PM » 5 from satellite
AQOD.
A Differentiate between available data products for surface PM > 5 from NASA and Washington

University in St. Louis based on their methodologies, strengths, and weaknesses.
A Use NASA tools and the SatPM website to access these surface PM  , < data products.
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Review of Prior Knowledge

A PM,: is a measure of the in -situ mass concentration of particles smaller than 2.5 microns.

A Aerosol Optical Depth (AOD) is an optical measure of the atmospheric column aerosol loading.

A AOD can be well related to PM  , ¢ 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 » 5 variability
The timing of PM , : measurements do not coincide with the satellite overpasses
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How to Ask Questions

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

T>

You will see a Slido/Q&A option. You may also see a standalone Slido tab or app.

o

Please place all questions there and we will answer them during the Q&A session.

To

We will try 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



Ground -based monitors can be far from population.

Motivates the use of AOD to represent PM 5, but challenges methods that rely heavily on
monitored locations

Population -Weighted

Distance to Nearest Monitor

Global 200 km
North America 20 km

North Africa/Middle 260 km
East

South Asia 70 km
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How to Relate AOD to PM , ; without Local Monitors

From Last Week:

Mixing (boundary layer) Extinction coefficient
height - \ / for dry aerosols A,\;ajm(ejs.f ’
3 oud -1ree SsKies
N OV { A :
” Well mixed boundary
! /$ O- 8 ( /EY @ .[ ” ‘l Iayer

o | _ ) "N Particle ANo aerosols above
unction of aerosol scattering Aerosol dry : |

change with relative humidity mass density  €ifective radius the boundary layer

A Aerosols are optically
similar throughout
column

Chrisopher and Hoff, 2009
NASA ARSE Estimating Surface PM , 5 using Satellite Data and Other Information Sources van Donkelaar et al., 2006 8



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 Gz:

Between surface and Gz and _
associated with particles <2.5 Tm Assumes:

ACloud -free skies

woen| L 8D o AWell-mixed-boundary—
O' 8 QY@ ~ . . _ ’ ~ 8h . /$
« 10V R hgh 3Q] %
\
&nctofarer osoadttering Fraction of AOD
changve trrel ahumedi ty 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 5 &

A Requires local assumptions/representation of parameters driving the relationship

A Independent of local PM  ,; measurements
' Aerosol Type:

. . Soot
Growth Factor, Sensity. f(T Effective Radius, Near -Surface Fraction, (BC)
f(Type, RH) \ ensity, f(Type) f(Type) f(Vert|caI Profile)

\ L /
" 8h | hah
0- 8 (IY @ - > | . 8h - $ | |
h h8h 3"(} Smaller Particles =~ ——— > Larger Particles
\ Y \l\ Extinction Vertical Profile
— — Coefficient,
00 g — 000 f(Type)

Growth Factor
Altitude [km]

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

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 » 5 relationship ( E).

Chemical Transport Model

A A CTM is a computer model

used to simulate atmospheric Meteorology
composition. Aerosol
. : Chemistry Gas Phase
A CTMs combine the equations and Chemistry Tracer
that govern atmospheric ‘ Dynamics Concentration
physics and chemistry with (including
global meteorology and aerosol
emissions. Cfe'?n‘fgtry vertical profile
A CTMs provide a complete Dyr?gr?]ics and
representation of the properties)
atmosphere.

U Gives all the information

Deposition
needed to represent E
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CTMs capture the many factors that impact

"loverpass .
(PM2,5 / AOD) _

High Performance
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Simulations represent the spatiotemporal variation of

Strengths:

A

Spatial/Vertical variability driven by local emissions
and meteorology

A Temporal variability; compensates for satellite
overpass and sampling

A Globally applicable without additional ground -
based constraints

Limitations:

A Coarse resolution (50 -100 km)

A Only as good is its inputs (e.g., emissions)

A Challenging to represent individual events

A Intensive to run/dependent on available model

results
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Geophysical PM , . can use a CTM -based E to relate AOD to PM ..

Strengths:

A

Successfully captures major
spatial features

A Allows AOD to be directly
converted into PM ,
(multiply by E)

A Often improves correlation
with measured PM ¢
compared to AOD alone

Challenges:

A Potential for bias

A Large amount of scatter with
observations

A Most effective for larger
spatiotemporal scales

A Difficult to identify accuracy

without validation
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Hybrid PM , ¢ builds on Geophysical PM , : using ground -based observations.

A Hybrid methods use statistical
training to predict the bias
between geophysical PM , s and
ground -based observations.

, e y e .
A Uses statistical model to predict a2t S r:h\H e v

High 3
Variability

limitations associated with AOD Ao > arge -Scale
retrievals or E simulation. _ y(v.‘—‘\ - °
K.
e 4 2 0 2 4
o Ground -based &
» Geophysical
. g PM, 5 [T g/m 3]
ik O

van Donkelaar et al., ES&T, 2015
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Multiple Linear Regression (MLR) can predict geophysical bias in PM 55

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

Dependent i
Variable Intercept Cprif' |_ctor[
(outcome) \ J T - T —7 “oe icients
W f T @w T w E T .‘\
Independent Variables r r r Error Term

(Predictors)

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

I Slopes of each independent variable, X, IS
represented by a,.

I a, can be thought of as the linear response in Y to
changes in predictor  X,.
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[ o represents the
slope of the line of

best fit
I .represents Single Lin_ear
the offset Regression

® Data
= Curve Fit

Multiple Linear
Regression
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Geographically Weighted Regression (GWR) allows spatially

varying predictor coefficients.

Dependent
Variable ;; ~ INtercept Value at Location i, _
| Predictor
(outcome) / Coeffic
\ ¢ { i T oefficients |
OV I F ee®rn B T pp®rp - f
Independent Variables j; T

1 /
(Predictors)

Error Term;;

Individual predictor variables not spatially constant

To 3>

Map of predictor coefficients are applied to map of
predictor variables

MLR calibrated at discrete locations on a global grid
I  Sites weighted by distances from each monitor
Sites beyond a distance threshold are excluded
Grid can be constant or vary with training site density
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Effective predictors in GWR relate to uncertainties in AOD and E.

Common predictors related to AOD or E uncertainty include:

Smaller Particles ——®  Larger Particles

Aerosol Type:

Soot
(BC)

Composition Meteorology Land type Elevation/Elevation
Representative of Potential impacts on Potential impacts on changes
different emissions vertical profile, AQOD retrieval , 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 PMzi.SAT PM,yc)ii= o+ BpbcijkSPECjk + Welijx MET;j+ efey;;ELEV;; + Lﬁj,k'j.i,j,k

Monitor -Geophysical PM ;5 Simulated Meteorology Elevation Land Type
Ditierence Composition Parameters Parameters Parameters

A Captures observed bias features
A Predicts features in unobserved locations

- ‘m
WL ey T s
4202 4 A G S I Sy ST 4202 4
Ground -Based 9 ' e _'t.‘ i Predicted
Geophysical v AR 3 Geophysical Bias
? o8 -3 v “ A
), PMas [1g/m 7] N W, PMys [T g/m 7]

\
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Individual predictors offer unique insights and directions.

Nitrate:
A Fairly constant & over @ p
impactful regions g b
A Explains regional pa T
geophysical overestimate . il
A Chemical/Emission m;‘ —
Effect? Net Impact[ Tg/m 3]
Percent Urban: | " . - ) . i
A Clear East -West -\ & '
gradientin a y

A Impacts fine -scale
geophysical bias

A E Resolution/AOD
retrieval effect?

Percent Urban

L |

Net Impact[ Tg/m 9]

NASA ARSET™ Estimating Surface PM , 5 using Satellite Data and Other Information Sources van Donkelaar et al., ES&T, 2015 20 .



Strengths:

A Maintains global applicability of

geophysical methods o
: = o
A Includes on ground -based constraints o mg
A Improves geophysical PM _é !
=

JAN-DEC |

Limitations: 2015-2019¢&
i - i 180 180
A Requires ground -based observations _ o [Ruso=1zs1 A J /?'\.lobmc '+ [RusD=6.79 - J /?'\.lobmc
. . . ! Obs. =0.84 x Geo. 3 Obs. = 0.99 x Hybrid 3
£ —
A Effective model setup is complicated £ 1|2 =08 20152019 o 140|200 20152019
i Model framework =, 120 |N=14873 L D 190 [N=14873 10° o
L] - - . N 2 m = m
I Predictor variable selection = 100 = ol 2 100 P g0e &
. T 80| = e Rl Z 80 | R0t 5
A Models need to be globally applicable 2 ol I I 2 = 50 , " A =
as > ! 10 = 4 | 10
. . o | B o
|  Avoid overfitting § 0 P 40 - . fpf-=0-67
I Appropriate cross validation is key! O 20 o 20 i Qbs. = 0,99 3 Hybrid
‘ RMSD=7.84 [ug/m”]
PRSP L PRSP L
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Cross Validation (CV) allows for independent evaluation of uncertainty.

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

Random k -Fold Cross-Validation:

A Train separate models k times (e.g. k=10), . )
randomly withholding data sites from training *
for subsequent validation o
A Simple implementation PR T
A Clustered or related data sites will cause an ;_ %~
over -representation of accuracy
iColl ocated sites ar enc”)t:‘.;.' iy
,': b Y . “ 3 ‘
* - 3 o N Y Test Sites
Random JTO _I.:Old [\\' b‘%"' t Training Sites
Cross-Validation K} %  Excluded Sites

NASA ARSE® Estimating Surface PM ;5 using Satellite Data and Other Information Sources Shen et al., ES&T, 2026 22 .



Spatially buffered CV reduces the impact of spatial auto

properties o must maintain independence of CV dataset.

Spatially Buffered Cross -Validation:

A Adds a spatial buffer to increase independence of CV sites

L) .
A Train separate models, withholding data from training for i
subsequent validation, plus exclude additional monitors within

spatial buffer from training

A Multiple Implementations:

I Buffered Leave One Out (BLOO)
A Withholds one site out at a time

A Effective, but computationally expensive

I Buffered Leave Cluster Out ( BLeCO)/Buffered

Leave Isolated Sites
and Cluster Out (BLISCO)

A Withholds groups of sites plus buffer
A Enhanced computational efficiency

-correlation.
Method selection must balance complexity, accuracy, and representation, based on observation site

= Buffered Leave One Out
i Cross-Validation

Y Test Sites

°
=~ o X, ° A '.o o%‘.r
° ° L o *° e o ®
e, ° D °
2 ° % o L4 ..o £ ®e p °
.: s*t o .0' 'S .’\ ...:.. : % %
‘ .... A4 .‘ e Qoo Y .‘.
I TR .‘."‘.:i;f"
’.o:o. ."‘ o :“ & go. .?w.;.:
w2 Sty e 18 2 it
(4 00 00,0, o0, @ °eg ¢ o o *h
r o &+ 4 A el .'d",‘:?i/
~ :

dis » 2% 4

Clustered Spatially Buffered
Cross-Validation

@ Training Sites
3 Excluded Sites

Y& Test Sites
@ Training Sites
¥ 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 0 must maintain independence of CV dataset

Temporal Hold -Back 300 : :
A Specific to cases where models are applied Temporal Hold -Back
across time e Withheld from Training
Alnformative for temporal uncertainties (i.e., — 200[ Included in Training
time series) =
> 150
Awithhold all observations taken during a = ’
specified period for subsequent validation EN 100
A Can be combined with spatially buffered 50|
analysis

2020 2021 2022 2023 2024

NASA ARSE® Estimating Surface PM ;5 using Satellite Data and Other Information Sources Shen et al., ES&T, 2026 24 .



Summary 0 Geophysical and Hybrid PM , ¢ Estimation

A

Geophysical methods to estimate PM - 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 , .

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
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, ¢ dataset.

Multi - Source,
Combined AOD
|
Simulated E
|
. Geophysical PM 5
o |
-”,ﬁ 925 Hybrid - Geophysical
RN 3 Bias Prediction
satpm.org (<.E’) |
> O | Geographically .
< _Weighted Convolutional
) ) ) . Neural Network
SatPM, ; provides a consistent, global, long  -term, PM , ; dataset that is: Regression
. : : : : |
| rvationally constrained using satellite AOD and ground -based
ObS?[ ationally g g V5.GL.06 V6.GL.03
monitors Hybrid Hybrid
I Based on a hybrid -geophysical framework OGN PM, s PM, 5
.. / . At heri : '
i Monthly, 1998 -2024 (updated annually) .'@0 Eomaosition (GWR) (CNN)
L . . ‘ACAG" P9
High-resolution (0.01 °x0.01° grid) ’.w' énaIVSIS
: : : » rou
Publicly available from: http://satpm.org oo’ ¢
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Multi - Source,

Different AOD retrievals are designed for different conditions. o =
% Geophysical PM 5
Differences result from mstrumentatlon methodology, and sampllng Sl ETwTI———

= TR : g, ' B £ 5 yBias Predr;c?i/on

x =2 - 5 < I
I Hybrid PM .5
c:4 i s ’-'f" 2 7]
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AERONET allows consistent evaluation of AOD uncertainty.

2.0f

=
[

;o0 R2=0.78
) N=1979
" *N-AERO=556

~ AEROSOL ROBOTIC NETWOR

ACAG SatPM ,

Multi - Source,
Combined AOD

Geophysical PM ;5

Hybrid -Geophysical
Bias Prediction

Hybnd PM, 5

Dark Target
(MODIS Terra)
|_\

o

054 ;f RMSD=0.10|}
AERONET AOD: e Y
A Global
A Accurate 05
A Long-term 04
A allows direct evaluation of 03
satellite retrievals -
102 8
U How to globally extend location - oS
specific comparisons outside
network locations/times?
0.05
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Multi - Source,
Combined AOD

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

Hybrid PM , 5

Local uncertainty can be inferred using locations with similar
conditions.

ACAG SatPM ,

Perform AOD comparisons using all
AERONET sites based on:

Retrieval

Month

Land Type

Normalized Difference Vegetation
Index

Proximity to Location of Interest

o o Do Do Do

U Recombine based on local conditions

Continuous, Consistent,
. Dark Target
Global Error Definition July 2005
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