Spatiotemporal Estimates of Surface PM, . Concentrations in the Western U.S. using NASA Retrievals, Deep

Learning, and Data Assimilation Techniques
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Air pollution has been recognized as one of the major concerns for human health and — | |
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causes of death and disease, having been found responsible for 3.2 million deaths per year. ' yod A5 : Winter (20°2-2022) spring (2012-2022)
Many regions in North America have experienced increased acute exposure due to poor air
quality (AQ), suffering the associated consequences (i.e., health, ecological, and economic |
effects). When AQ exposure information is extrapolated from monitoring networks, the "% Aquamopis WO - — _ B
accuracy of exposure models increases in higher population density areas because most 201005 0AuguUst 20136, TS b
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monitors are located in urban areas. However, this can lead to poor information in areas with T —— e ow MODIS, Terra (True Color) RSN
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few or no sensors since fidelity is lost the further the point of interest is from monitors. Many lng( ) l
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satellite-based exposure models provide annual or monthly estimates; modeling acute, daily %3\3«%1 25
exposure can be highly biased, as discussed recently at the Virtual Workshop on Health 5 fEe , G |l
Applications for Satellite-Derived Air Quality by the Health Effects Institute. B 2,0 | | S0 e
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Q1) How can we implement NASA Deep Blue aerosol retrievals to create daily PM, . acute Advantages Advantages

exposure estimates? 1) Improved smoke detection, and higher horizontal resolution (a and c). 1) Able to retrieve some temperature inversion episodes in California (a and b).

L : : : : Challenges Multiple investigations have shown that tracking aerosol pollution using
. . . . - g 2) Plume injection height (PIH) products provide a smoke vertical top estimate (d).
QZ) What is the associated Change in surface PMz,s concentrations that Impacts communities ) J ght (PIH) p P P (0) 1) Large spatial gaps due to cloud cover and snowpack (b and c). satellite AOD is challenging because of heterogeneous vertical transport,

due to smoke, urban emissions, dust, etc.? e 2) AOD gaps can be found all winter (Nov-Apr) clouds impeding AOD retrieval algorithms (Fig. a, b, ¢, and d), bright surfaces

0 h I int ted int hi im to i te dail 1) Large spatial gaps due to cloud cover and high surface reflectance (a and c). (b and c). (Fig. c), and temperature inversion events.
R G qn overarching aim to Improve acute daily exposure 2) PIH products still have high up/downwind biases (after 100 km) (d). 3) States such as UT, NV, OR, WA, ID, WY, MT, and CO often would not have any
estimates Of PM2.5. 3) PIH products are less available than AOD products or unfriendly to the user.

AOD retrievals for this period, limiting AQ risk assessments (c).
Resea rc h G Od IS ML-Derived Gap-filled AOD ML-Derived Gap-filled AOD ML-Derived Gap-filled AOD Evaluation for Acute

RG1) Create a gap-filled spatial dataset of aerosol optical depth (AOD) from NASA heritage VIIRS, MODIS DB AOD o —_— Average MODIS and VIIRS DB AGD Exposures

Deep Blue aerosol retrievals from Terra/Aqua (MODIS) and Suomi-NPP (VIIRS) using Machine B J—— LR o i g ¢ SN ¥ (a) (b) (c)
Learning (ML) UNet3+ architecture, b i e NN e > PR 2% | | [Eesi ] T e e
RG2) Utilize state-of-the-art atmospheric models to simulate PM, . concentrations and C s Y AR o] - Ly PR ] DS . aerosol events, |

estimate the PM, . sources’ contribution (e.g., dust, smoke) to acute elevated PM,. :

exposure. e | © - bl
RG3) Create daily high-resolution exposure estimates of PM, . using gap-filled AOD (RG1), ey | Output MERRA-2 AOD Gap-filled DB AOD o acutecuents : “ﬁf o ' f,'e?ﬁ-:-:?;r;iri‘;:fcﬁltehr;ge

=, — s : 0.0 4 . . = . 0.0 = - : .
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atmospheric models (RG2), and statistical data fusion techniques. . ! “ - © % mcwracottomm 7 0™ seaeraco Sanm

™3 <t _ T LT 3 N . _ Gap-Filled AOD 20180819 . i T o = » - 5 g = :
— ; > ol bas e et We evaluated our results using 68 AERONET stations across the U.S. The UNet 3+ DB
' . _ ' . P : e ot N AOD overall evaluation achieved a correlation R~0.83, root mean square error
. " o RMSE~0.08, and normalized mean bias NMB~0.07 with an additional 25,000 paired

I points than the MODIS/VIIRS DB AOD (113,594 for DB vs. 138,759 for UNet 3+ DB).
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Data Integration Products Research Goals Outcomes

Satellite Data Numerical Models " Gap-filled AOD | Daily Gap-filled Plagram with the data We. will - f A significant difference between the UNet 3+ DB model and MERRA-2 is that
/' Deep-Blue Aerosol | Regional Numerical from DB (OCl) Spatial Datasets |mp|ement. RG]. IntendS tO f|” the Lee et al., (In-prep) o . " ° 00 MERRA-2 underestimates AOD (Fig. b) and cannot capture acute aerosol events for

Optical Depth Weather Prediction |||\ (RG1) 1l (AOD, U.S. CONUS) .
(@@, MoDIs, VIIRS, || (WRFandNAM) || = AOD gaps in the Deep Blue (DB) Input Variable Resolution Lag PM, 5 exposure assessments.
e — Paily Acute AQ and (km?) The large smoke plume in the green box is mainly missing from the satellite

GOES) A — : T
p _ | Emissions Processing Estimates CTMs Smoke Exposure d | (0 ”t h m. RG 2 Wi I I Im | eme nt d . . . . . .
Fire Radiative Power (NEI, SMOKE) ||| (RG2) ||| spatial Datasets 5 P NASA MODIS and VIIRS DB Best Estimate AOD 10 X 10 2d, 1d retrievals in (Fig. b). It is reproduced by UNet 3+ in (Fig. d). MERRA-2 AOD shows

(MODIS, VIIRS) (Pm,, us.conus) || chemical transport model (CTM) to NASA VIIRS DB aerosol type, land and ocean algorithm flags 6X6 2d, 1d a_similar smoke plume shape in a courser resolution but underestimates

UNet 3+ - Satellite DB AOD compo_site diffrence '0'10
Regional Chemical oY W, - ST L Y s
Reanalysis Transport Modeling Integrate R1 and : : intensities. These underestimations can impact acute exposure assessments of N A | [0
R2 into PM, 5 Co-Production for estimate P M2 5 Source Impa cts. RG1- NAM-12km reanalysis — P, T, U, V, orography, vegetation, 12 X 12 2d, 1d, 0d . = = '

(MERRA-2, HMS) || (CMAQ) : i Pt : :
: Exposure Model AQ Applications PBLH PM, . The red boxes show areas of smoke where MERRA-2 vastly underestimated : T .. | Mean composite difference between DB

; S : : : L
Ground Stations Social Indicators (RG3)  J||l (oK DEQand TEK 2 will be spatial predictors and NASA MERRA-2 reanalysis AOD 50 X 62.5 2d, 1d, 0d AOD and missed some portions of the smoke plume. The visible image (Fig. a) = o - AOD and UNet 3+ DB AOD (2012-2022).

AERONET ' Social Vulnerability | integrateR3 ||| from OK Tribes) covariates for P|V|25 (PM with an NOAR TS smoke Product %1 2d, 1d supports the thickness of the smoke plume. The yellow boxes show aerosol g ¥ .05

- | neraitynd iaking and G raps, AQ Counc transport in a cloudy region (a-d) - [ - l
Vulnerabilityindex, || pakingand co- ||| T3P AQCouncl | garodynamic diameter smaller than NASA MODIS FRP ~1X 1 2d, 1d ' 010
EPA EPA's EJ Screen, U.S. Production PACE (EA), Meetings

(PM, ) Census, Rural Index, | (RGA<3RG3) and Workshops 2.5 um) |n RG3.
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m Modeling PM, . Exposure Using Satellite Retrievals Modeling PM, . Exposure Using Satellite Retrievals Estimating Acute PM, . Exposure Using Satellite
during Temperature Inversions with Statistical Data from Smoke with Statistical Data Fusion Techniques Retrievals in the Western U.S. 2013-2014
Smoke Fusion Techniques (SDF) (SDF) T e — X Fresno, cA

1. PM,  from the data fusion model with UNet 3+ AOD Gap-Filled input (R~0.65) can capture local | ‘ R v \’v @ i S
and long-range transport smoke. P PTG S B g (0 e fid) e PN s v e L e s A |

2. PM, . from the data fusion model with CMAQ PM, . input (R~0.65) is not able to recreate B o STe ; PRCIN . L N Y Rt e e
up/downwind transport R B : s e o _ | _ gl L

Temperature Inversions e Y EMRETT N R O T P N XA Ve B inversion s BEE - L ¥

PV from the data fusion model with UNet 3+ AOD Gap-Filled input (R™0.65) can capture Lo A o s s o s a0 s i W ik S ety . § MODIS, Aqua (True Color) DB UNET 3+ PM, 5 Jan 213 Day of 20132014 0
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temperature inversions in California. However, satellite AOD presents significant limitations in e Auei i Color) 12152013 e O raem e ua (True Color) o'l | DBUNET3+PM,; | CMAQPM,; derived F O i () 120 e e

- . _ - . 12-25-2013 02:00 p.m. erived I g e derived —— Do T 100, Rim | Temp.lnv [——Obs
estimating PM, . during winter in the north-western U.S. (WA, OR, NV, UT, ID, WY, MT, CO) due to SR 2R 2013 W - AR e e | |

cloud cover and snowpack. (b) DF model with MAIACAOD 4 (1°) DRT;’SG' with VIIRS UNET3+ AOD K s~ e e i T . King Fire
. PM, . from the data fusion model with CMAQ PM, . input (R~0.65) can reproduce the effects on R™0.65 e & ol ok

' 2.
_ , _ _ ) . Able to capture inversions in : b) DF model with MAIACAOD 7%  (d) DF Model with CMAQ ) ¢ ,_
air quality due to temperature inversions despite cloud cover and snowpack challenges. CA 3. No spatial Gaps (b) 1. R~0.66 P I S _ i ATVt ol

4. Issues est|mat|ng in northern States' 1, R~0.65 : : -_:" B PO S o i b ; _ Longitude 0 Jan 2014 Jan 2015

. ) i 2. No spatial gaps e ] DB UNET 3+ PM, 5 Day of 2013-2014
Large spatial gaps nversions 2. Able to capture smoke plumes 3. No able to capture 03-24-2011;302:: :)Zc::]or) o
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