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1) PMoqre NAS Mmajor implications in the US, 4) Combining multiple data products may help
but is understudied . estimate PM_, 4. CONCeNtrations.

- Sources of coarse particulate matter (PM_,,,so; Particulate matter> 2.5 ymand <10 pm) Spatial and Temporal data: Latitude, longitude, year, hour, and day of year
include deserts, dry lake beds, agriculture, and construction’2.

/) Combining multiple data products may
help estimate PM_ ... CONcentrations.

PM i ts h health t limat d visibility345:6 Pink dustindex (long wave-based satellite algorithm used for dust detection)
_ coarse [MPATES NEIHAT NEATH, GEOSYSTEMS, FHMATS, and VISR and Aerosol Optical Depth from GOES (with plans to include TEMPO)

¢

Regions with higher
monitor density
Satellite Data seem to have better
p performance in the
Onay ‘ random forest model

Hourly PM Meteorological
- In the US, data sources of PM are limited and lack complete spatiotemporal coverage Land Type y coarse g - Regions of higher
’ coarse P P P ge. Estimates Data elevation have worse
% land type within 9x9 km? box performance
from the cropland data layer 2 m temperature, soil moisture,
- - - oy from the USDA surface pressure, and wind
2) High spafiotemporal variability | speed (with plans to include

e.g. 10% barren and 90% Monitor Data planetary boundary layer) from Figure 4: Scatter plot of the

necessitates hourly PM_ ... €sfimates, cultivated crops e theERA‘SLanddata roniorlovel._pearson
. . rige coarse AN rige 10 values across CONUS —
but coverage varies regionally”’. (with plans to include distance to 08 s

' Monitor-level P
nearest monitors) from the EPA onitor-level Pearson r

- Since PM_,, .. IS NOot measured directly, there needs to be co-located hourly PM,,and PM,
monitors to determine PM_,,. €Stimates.

- Some states, such as California, have a denser monitoring network than other states, such as 5) MQCh”’]@ |eC”’r']|ﬂg, Sp@ClﬂCO”y

Texas where there are few co-located hourly PM,, and PM, ; monitors.

3) The machine learning model relies most on
ensemble methods, can help infegrate

monitor data to estimate PM

codarse®

. PM10 Kriged - i
Ensemble methods use decision Gradient Boosted trees train sequentially e ::grsein:ssi(r:}oraejeeiisf?c:izg?fr:lzgroé:Zijz:
trees to estimate the predictand®. to fix the errors of the previous tree - L &4 sp &
‘ PMcoarse Kriged indicate more important features)?®
Random Forests train decision trees in parallel,
PDI Value - PM,,is likely more important than PM__, ..
\ because of the denser PM,, monitoring network
Wind Speed (m/s)
| - The satellite product identifying the presence of
Latitude dust, PDI value, is next most important in
° Jo 0 ® QT - Figure 1: Locations of co-located eStimating PM
* 4 By & hourly PM,, and PM, . monitors / % Cultivated coarse
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average of the output of the trees. output is an output 0.0 0.5 .0 .5 2.0 PM_(ugm).
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3) Interpolating surface monitors does not
capture the high spatiotemporal variabillity
Oof PM,,4c CONCENtrations.

Conclusions:

bQQg’[ed dec]gign frees can he|p - Machine learning can help integrate many data sources together to produce better

6) Preliminary work suggests gradient

estimates of PM

1 0 coarse-*
eSTImOTe PMCOOrse observc’rlcms. - In preliminary work, the R? value increased from 0.18 to 0.49 between kriged
) ?t?:er%:tlu\gr?sm o6 - The gradient only estimates, and machine learning predictions.
i | boosted model was ‘ | |  10° - So far, regional performance varies.
2018-2023 -
400 - trained on 70% of - ) . . . ]
the hourly daytime 400 | - Adding more features, such as distance to monitor, additional meteorological

C o ordnarykrene A PM oo " data, and TEMPO data, should help.

through leave- 0. gg:zgztzigns n : - The machine learning model relies most heavily on monitor data to predict PM_, <

one-out cross 104 300 -

lidati L 10*
validation - Here the validation

datais plotted (the
next 15% of data)
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