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* Motivation
« Combining multiple sources of air quality data
 NASA-funded project to support air quality managers
 The advantages of uncertainty quantification

e Data Fusion Approach
nase 1. model only

D
D
D
D

nase 2:
nase 3:

nase 4:

oring In satellite data
oring In historical ground monitor data

oring Iin near-real-time ground monitor data

e Quantifying uncertainty and defining confidence intervals
e Case Study Results

m
m
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nacts of site-to-site differences
nacts of different confidence intervals
pacts of forecasting lead times

e Conclusions & Ongoing Work
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req u Iato rv m O n ito ri n g Copernicus TROPOMI Nitrogen Dioxide Product (Orbit #9397) SatEI I Ite retrl eval S
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- expensive — & - low time resolution
representativity - column-integrated

good coverage and
frequency, but need
ground validation

form the “backbone” of
¥ the monitoring system,
" but insufficient alone ar

Z e

>
2.0

@’ GMAO|
? NASA/GMAO - GEOS CF Forecast Initialized on 12z 07/07/2020

simulation models _______ _ sueeno.
+ global coverage s RN
+ forecasting

- limited resolution

low-cost monitoring

+ relatively inexpensive

+ dense/remote deployment
- greater noise and bias

calibration Is an open issue, provide complete

but network density might maps and forecasts, AET N e S
offset these shortcomings but need validation praq 013 P Torecast valia wed 03z 2020.07 03
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Global Data Sources Local Data Sources

...Integrate diverse global and local air Satellite &ng—an::\Zr :;?W-Cqst it
guality data sources... o e — S more sites
el - = N
higher | -
4 g
| . e lower
...using the cloud computing platform of data o

quality

Google Earth Engine...

NASA GEOS-CF ESA TROPOMI Local AQ Agencies Community Science

...to provide synthesized estimates and
forecasts of air quality at a local scale
but with a global scope...

...freely accessible by air quality
managers worldwide, facilitating their - , s, S
.. . curren -NOour ahea
decision-making processes. — -

local air quality decision-making with fused global & local data

Source: NASA GMAO Science Snapshot “Google Earth Engine Data Fusion Tool to support Air Quality Managers”
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https://gmao.gsfc.nasa.gov/research/science_snapshots/2023/air_quality_data_fusion.php

* NASA GMAO: basic algorithm Global Data Sources Local Data Sources

development & reﬁnement Satellite Regulatory Monitors Low-Cost Monitors
. . . . '
» Clarity: low-cost sensor integration e - -
- Sonoma Technologies: data fusion ; | e
system implementation & user interface L . 0 q'ff.ifyr

« WUSTL: air quality data integration NASA GEOS-CF ESA TROPOMI Community Science
expertise (monthly/annual timescales)

e Columbia LDEO: experience training
end-users in AQ data interpretation

« UNEP: integration with global users
Dakar, Senegal
Rio de Janeiro, Brazil

3-hour ahead

paepey

« US EPA: Integration with US end-users

Oregon, Colorado, Idaho, Louisiana local air quality decision-making with fused global & local data
Source: NASA GMAO Science Snapshot “Google Earth Engine Data Fusion Tool to support Air Quality Managers”
GMU Seminar
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https://gmao.gsfc.nasa.gov/research/science_snapshots/2023/air_quality_data_fusion.php

a) Ground Data (US EPA) b) Model (GEOS-CF)  ¢) Satellite (TROPOMI) d) Forecast (Proposed)
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high(er) spatial resolution

fill gaps in space and time (and do forecasting)

ground-truthing with trusted “nose-level” data, identify local impacts

Source: Malings et al. (2021), “Sub-City Scale Hourly Air Quality Forecasting by Combining Models,
Satellite Observations, and Ground Measurements” Earth & Space Science. DOI: 10.1029/2021EA001743
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https://doi.org/10.1029/2021EA001743

Provide a prior estimate of the relative
confidence in a forecast

Convey probabilities of specific events,
e.g., exceedance of standards

ldentify a range of likely outcomes

Quantify the impacts of different data
sources in reducing uncertainties

ldentify the potential to reduce
uncertainties through additional data
collection

G®DDARD

[forecast>

estimate with uncertainty

measurement
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e Uncertainty — Overall characterization of potential errors in reproducing a process

e Blas — Systematic errors in reproducing a process
 Variability — Random errors in reproducing a process
» Representativity — Errors in representing a process due to mismatched resolution

U variability —

/) L

representation

representativity
(due to §cale)

FAW

value

bias
N true process
domain
4 GMU Seminar
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forecast model (GEOS-CF)

model surface concentration M (x, t)
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forecast model (GEOS-CF)

model surface concentration M (x, t)
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forecast model (GEOS-CF)
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forecast model (GEOS-CF)

Fi(x,t) = M(x,t)

Presenter: Carl Malings <carl.a.malings@nasa.gov> 5 March 2024




Phase, _____Estimate Uncertainty

forecast model (GEOS-CF) cell-to-cell variability of model

Fi(x,t) = M(x,t)

B uncertainty due to forecasting by
‘ Vi(x,t) = Vp1(x, t,7) ahead (ignore this for now...)

data fustlon 1V (x, t) - unc.ert.a.lnty due to model internal

uncertainty variability

(variance) at +Vg,(x, t) - uncertainty due to model bias
phase 1

uncertainty due to spatial
representativity (model scale)

! ! 2]
Vi (6, 6) = Eyre coyperycey |(MG',t) = M(x, )

lon
< \<§>%o;urface concentration M(x, t)
lat

G®DDARD &
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Phase, _____Estimate Uncertainty

forecast model (GEOS-CF) cell-to-cell variability of model

Presenter: Carl Malings <carl.a.malings@nasa.gov> 5 March 2024 14




Phase, _____Estimate Uncertainty

forecast model (GEOS-CF) cell-to-cell variability of model

calibration period ‘ application period

time

' GMU Seminar
G@DDARD Presenter: Carl Malings <carl.a.malings@nasa.gov> 5 March 2024 15
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cell-to-cell variability of model

satellite-to-model and surface-
to-column ratios vary over time

Uncertainty

uncertainty due to forecasting by T ahead
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sub-model-grid variability
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column ratios vary over time

cell-to-cell variability of model
satellite-to-model and surface-
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Model
Model & F,(x,t)

+ Fi(x,t) = D(x,t) + F;(x,t)

Model &
Satellite & Fa(x,t)

Satellite — avgt’ETc(t) [(Scol(x: t,) - Mcol(x; t’)) ¢(x, t’) l/)(x) L, t’)] VBZ (x; t)

FB(x) t) — elFZ(x) t) + 90

Ground & = Fa(x,t)

Kriging + Z KCeo,x' t,t)[G(x', t") — F; (x', t]
x'€Xy (x),t" €Ty (L)

G®DDARD
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F]_(x, t) — M(x, t) VB]_(.X, t) VM(X, t)
0* 0%V (x,t)
0* 0%V (x,t)

Model &

Satellite &

Ground . I ./ I
with 6g,01 = LRyrer () x'ex. 0G0 (X", 1) ~ Fp(x, )]

GMAO

GMU Seminar
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Vi (x, t)

Vp(x,t)

+ 2Vyp(x, t)

912 [VD (X, t)

+ 2Vyp(x,t)]

612 [VD (X, t)

+ 2Vyp(x, t)]

5 March 2024

Vr1(x, t)

Uncertainty

Vra(x,t)

var[8,]F,(x, t)*

+ 2cov|[B,, 01 ]F,(x, t)
+ var|6,]
+ O-rgesidual
var[8,]F,(x, t)*

+ 2cov|6y, 01]F, (x, t)
+ var|[6,]

2
+ Oresidual
— Yxlex, ot'er, ) K x', 6, t) cov[G(x', t7), F3(x, )]

25



Sate”ite — avgt’ETc(t) [(Scol(x: t,) _ MCOl(xJ t,)) gb(x, t,) l/)(x' t! t’)] VBZ (X, t) VM (X, t) VD (X, t)

+ Fi(x,t) = D(x,t) + F;(x,t)

Model &
F;(x,t) =0,F,(x,t)+ 6
i Satellite & 3(%, £) 1F2(%,8) + 6o 0%[Vp(x,t)

+ 2Vyp(x, t)

0* 02V, (x,t)
Ground . 'Ly P LR + 2Vypn(x, t
with 08y,0; = LRycr (x'ex, oG’ t) ~ F(x, )] mp (X, t)]

Model & F(x, 0)
Satellite & falXt . . 0% [Vp(x,t)
Ground & = F3(x,t) 0 01V (x, 1) + 2Vyp(x, t)]

Kriging + Z KCeo,x' t,t)[G(x', t") — F; (x', t]
x'€Xy (x),t" €Ty (L)

G®DDARD
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Uncertainty

£ Model FyGe,t) = M(x, 0 V(6 8) V() Via (5,0 @
Model & F,(x,t)

VR7< L‘AI_\‘\
var[0;]F, (x, t)*
+ ZCOV[Q(), Ql]F )
+ var|8, /
+ O-rgesidual
var[6; ]F, (x, t)*

i ZCOV[H(), Hl]FZ (x, t)
+ var|[6,]

2
+ Oresidual

— Yxlex, ot'er, ) K x', 6, t) cov[G(x', t7), F3(x, )]
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Assume an empirical relationship
between bias and representation errors
and the quantifiable component of the
uncertainty in phases 1 and 2.

VBl(xJ t) T VRl(xJ t) ~ T]]z_ VM(x; t)

Vpo (x,t) + Vea(x, t) =
N3 (VM (x,t) + Vp(x,t) + 2Vyp(x, t))
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u(x,t) =log

Assuming a distribution for the values
being estimated (a lognormal
distribution is assumed in this case),
confidence intervals can be estimated.

F(x,t)

R

V(x,t)

1+ F(x,t)?

\

o(x,t) = |[log [1 +

V(x,t)
F(x,t)?

flx,t)~ LN(u(x, t), o(x, t))

GMU Seminar 5 March 2024 28

Presenter: Carl Malings <carl.a.malings@nasa.gov>



Case Study Detalls
San Francisco
September 2019
Surface NO,
Lognormal distribution
Cross-validation test
25 ground monitors

Ground Sites

39N

37°N

fraction of measurements in the 75% ClI

1239W 122°W

G®DDARD &

121°W

GMAO

1.0

0.8 -

0.6 T

0.4 -

0.2 -

underconfident
< target: 75%

overconfident

0.0

GMU Seminar 5 March 2024

Presenter: Carl Malings <carl.a.malings@nasa.gov>

29



Case Study Detalls
San Francisco
September 2019
Surface NO,
Lognormal distribution
Cross-validation test
25 ground monitors

Ground Sites

39N

37°N

fraction of measurements in the 75% ClI

1239W 122°W

G®DDARD &

121°W

GMAO

Phase 1
Model

0.8 -

0.6 T

0.4 -

0.2 -

underconfident
< target: 75%

overconfident

0.0

GMU Seminar 5 March 2024

Presenter: Carl Malings <carl.a.malings@nasa.gov>

30



Case Study Detalls
San Francisco
September 2019
Surface NO,
Lognormal distribution
Cross-validation test
25 ground monitors

Ground Sites

39N

37°N

fraction of measurements in the 75% ClI

123°W 1229W

G®DDARD &

121°W

GMAO

Phase 1
Model

0.2 -

0.0

underconfident
...................................................................... .- target: 7590
Microscale 0.1 km 5 overconfident
Middle 0.5 km 3
Neighborhood 4 km 13
Urban 10 km 3
local Regional 50 km 1
zzzcm
jE58S
Q@ 0z 2 5
Q o Y
> 3
S
Site Type
GMU Seminar 5 March 2024 31

Presenter: Carl Malings <carl.a.malings@nasa.gov>



Case Study Detalls
San Francisco
September 2019
Surface NO,
Lognormal distribution
Cross-validation test
25 ground monitors

39N

Ground Sites

37°N

fraction of measurements in the 75% ClI

123°W 1229W

G®DDARD &

121°W

GMAO

Phase 1
Model + Satellite Data

E[ ,L il, underconfident
IT[ m_ .............................................. - target: 7590
& - L‘J - overconfident
0.2 -
local
0.0 | | | | | | | | | | | |
< Z 2 C X < < 2 C X
~ o 238 > o 238
c55%3 ¢2535%
5 & & § 8 =
) > o) =
@) o
o o
o (@}
Site Type
oMU seminar 5 March 2024 32

Presenter: Carl Malings <carl.a.malings@nasa.gov>



Case Study Detalls
San Francisco
September 2019
Surface NO,
Lognormal distribution
Cross-validation test
25 ground monitors

39N

Ground Sites

37°N

fraction of measurements in the 75% ClI

123°W 1229W

G®DDARD &

121°W

GMAO

Phase 1 Phase 3
Model + Satellite Data + Ground Data

i _______ underconfident
........................................ - target: 7590
overconfident
0.2 -
local
0.0 | | | | | | | | | | | | 1 1 1 1 1 1
< Z 2 C X < < 2 C X < < 2 C X
o> o238 a o 28 a o228
s25%5 82585 25875
n n
c®8° 8 883 58°8 3
D > o 5 o s
(@) o @]
(@) o @]
o o (@}
Site Type
oMU seminar 5 March 2024 33

Presenter: Carl Malings <carl.a.malings@nasa.gov>



Case Study Detalls
San Francisco
September 2019
Surface NO,
Lognormal distribution
Cross-validation test
25 ground monitors

39N

Ground Sites

37°N

fraction of measurements in the 75% ClI

123°W 1229W

G®DDARD &

121°W

GMAO

Phase 1

Model

Phase 3
+ Satellite Data + Ground Data

Phase 4
+ Kriging

0.2 -

local

underconfident

.- target: 75%

overconfident

0.0

3]e2S0UDI| -

S|PPIN

1 1 1 1 1 1
=z C X < < 2
™ S O 5 o O
Q 5 < S 2 &
Q) - O Q_
> 5 O ) >
o > A o
@) Q Q @)
- — -
> o) >
o e
o e
o o
GMU Seminar

| | | | |
cC X < < 2
= O = =
O O Nn O —.
Q = S Qo Q
S O o = =
> w o
o3
Q 0 @)
- 91 =
o) >
@]
o
o}
Site Type

Presenter: Carl Malings <carl.a.malings@nasa.gov>

ueqgJn -
|leuolbay -

OIPPIN
ueqgin -
|leuolbay -

9|e2SO0.UDI| -
pPooyloqybiaN -

5 March 2024

34



1.0
—— Phase 1 -

_ 0.9 - Phase > underconfident
2 0.8- Ezase 2 Similar performance for
+ — ase « . .
£07- 3 different confidence
= 2z interval definitions
g 0.6 - =
Q RN .t 2 . .
5 0.5 1 141 = Overall coverage within
O AN target: 1. > ~5% of target

0.4 - £ Q
eV = +/- 5% -
o

0.3 - =
S :

0.11. overconfident 7

0.0

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Confidence Interval (Cl)

y: GMU Seminar
GQ DDARD @ GMAO Presenter: Carl Malings <carl.a.malings@nasa.gov> 5 March 2024 35



Similar performance for

different forecast lead times

Widest spread in phase 4
coverage at O lead time

G®DDARD &

fraction of measurements in the 75% CI

Phase 1 Phase 3

Phase 4

Model + Satellite Data + Ground Data  + Kriging

1.0

0.8

0.6

0.4 -

0.2 A

il

Bl Phasel
[ Phase 2
B Phase 3
B Phase 4

. ---“-iii-ii-i---i- i

0.0

GMAO

| | | I 1 I I 1 I 1 I 1 I | | [ | I | | [ I [ I 1

T T T 1
OMOANTOMNLO OMOANSOMNOY OMONSOMNOY OMOMNO N
—ON<T~NO —ON<T~O —ON<TT~O —ON<T ~O

forecast lead time [hrs]

GMU Seminar
Presenter: Carl Malings <carl.a.malings@nasa.gov>

5 March 2024

|

underconfident
& target: 75%

overconfident

36



Q

e
-
-
o)
e
-

o)

—— Phase 1
14 O
0.8 - T Phase 2
12 - —— Phase 3
- o) _ —— Phase 4
2 0.6 - a 10
- o
o ~ 8- |
Q L Reduced errors as phase increases
- U
o 0-4 7] E 6 1 S
~ - Phases 3 & 4 degrade correlation,
0.9 4 A Phase 4 improves correlations for
' 5 short-term forecasts
0 0 ] : : : : : 0 : : : : : : Previous work focused on performance assessment:
O 3 6 12 24 48 72 96 O 3 6 12 24 48 72 90  alings et al (2021), “Sub-City Scale Hourly Air Quality
. . Forecasting by Combining Models, Satellite Observations,
Iead time [hrS] Iead time [hrS] and Ground Measurements” Earth & Space Science.
DOI: 10.1029/2021EA001743
& GMU Seminar
GQ’Q{LH)A,B(Q @ GMAO Presenter: Carl Malings <carl.a.malings@nasa.gov> 5 March 2024 37



https://doi.org/10.1029/2021EA001743

e Theoretical

e Better approach to uncertainty quantification near sources

 Include ancillary data, experiment with non-linear (machine learning) methods

 Better approach to uncertainty quantification at Phase 4

* Non-isotropic correlation functions?

e Incorporating low-cost air quality sensors
» Possiblility to regionally re-calibrate sensors based on Phase 3 outputs

 Practical
* Implement data fusion system in Google Earth Engine
o Efficiency improvements needed!

* Design the user interface
 How to display uncertainty in an intuitive way?
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Earth Engine Apps Q  Search places all outputs presented here are preliminary :
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Select the region of interest to view forecasts : f
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40
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Source: NASA GMAO Science Snapshot “Google Earth Engine Data Fusion Tool to support Air Quality Managers”
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https://gmao.gsfc.nasa.gov/research/science_snapshots/2023/air_quality_data_fusion.php

G@DDARD Global Modeling and Assimilation Office
' GESTAR Il Cooperative Agreement

EARTH SCIENCES

Partner

Thank you!
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