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Introduction DustTrack-Al

* NASA SPoRT introduced the "Dust RGB" via NASA satellites to demonstrate GOES-R ABI capabilities
and then evaluated the impact in operations (Fuell et al. 2016)

» The Dust RGB allows for continued dust detection at night, but the cooling ground surface limits
the effectiveness as night progresses.

NASA/NOAA GOES-16 ABI
Dust RGB 7 March 2017 (a) 0002 UTC (b) 0102 UTC
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http://nwafiles.nwas.org/jom/articles/2016/2016-JOM6/2016-JOM6.pdf

SPoORT has developed a '‘Machine Learning' (ML) model using a
physically-based approach which can correctly label 85% of dust pixels
and 99% of no-dust pixels in GOES-16 imagery (Berndt et al. 2021)



Credit: NASA's Scientific Visualization Studio

07 Apr 2022 11:21




Evaluating Meteorological Dust Events and Machine-Learning Based Dust
Identification in Geostationary Satellite Imagery

Documentation:

= Goal: Provide a more detailed synopsis of the
weather related to the captured dust event.

= |nitiation and ending times for the entire event
outside of the training image times were included
for reference.

= [Initiation Lat/Lon included to aid in determining
soil conditions and dust source regions.

* Images Included:
= Surface observation map.
= 500mb observation map.
= Skew-T plots from observed Radiosonde
data.

Date: March 14% 2019 T 010200 - 030200 - 050200 - 070200 — 110200 | Initiation 03/13/2019 T
170200, End 03/14/2019 T 083200

Initiation Lat/T.on: 33 286, -104.589 | 32.644, -101.569 | 34.965, -102.691

Event Description:

A strong low-pressure system and associated pressure gradient centered over Kansas propagates
to the northeast over the event duration. The main driver for this event was the pre-frontal winds that both
initiated and sustained the dust event. In the first image wind velocities in the identified dust region were
around 30kt sustained with some gusts getting close to 45kt Winds are not as intense later in the event
when the dust becomes more widespread, however, they are still around 20kt sustained. In the 050200
image the dust signals in Missoun are likely primarily lofted as METARs do not have indications of dust
or blowing dust nor impacts upon surface visibility. The locations for event initiation given above are
from the system imtiating additional dust plumes during the full duration of the event.




Primary = 16

= Synoptic =14
= Post-frontal winds =12
= Pre-frontal winds =1
= PostDryLine=1
= Mesoscale =2
= Winds =2

Secondary = 2

= Pre-frontal winds =1
= Downslope winds = 1

Meteorological Drivers

Total of Each Met. Driver (All Dust Events)

Dust Training Only : 9 total (5 Surface, 4

Lofted)

Post-frontal = 5 -- 56%
Pre-frontal = 1 --11%
Post Dry Line =1 -- 11%
Winds = 2 -- 22%

Post Dry Line,
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Dust Training Event Count Per Forecast Area
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= Seasonal Distribution
= Spring Event Count =7
=  Fall Event Count =2

= Hourly Coverage of Events
= Event Images covered hours from 0-11 UTC
(6pm — 5am CST)
= Most events started at 00 UTC or 01 UTC
= Longer duration events typically lead to images
covering the 05-11UTC hours.

= Dust Training Event Duration
= Full range was from 2 hours 30 minutes as the
shortest to 24 hours as the longest duration.
= Mean =12 hours ~14 minutes
= Median =11 hours



Pressure (mb)

Dust Event Mixed Layer Depths
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Average Event Winds
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0 Sustained 7.5 16.0 22.5 271.5 32.5 21.4
1 Gusts 16.0 25.0 36.0 42.5 520 349




Classification Key Takeaways

= Most of the Dust training images occur during the Spring season.

= Night coverage of images seems good however, most of the events start at 00z or
01z and the duration of event is what provides the coverage into the early morning.

= \Wind speeds are generally higher and correspond with some impressive mixed
layers behind cold frontsand dry lines.

» The model has a heavy focus on synoptically driven events in training, testing, and
validation.



What Could Be Missing?



ENE

GOES-16 ABI Dust RGB with Dust Probabilities 2022-06-08 23:56 UTC
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Thunderstorm Outflow to Trainin

Date: 07/05/2018

Location: Southern Arizona

Description: Isolated Thunderstorms developed in the afternoon hours and generated gusty
outflows that exceeded 40 mph.




Best Performer Version 3 Trainin




V3

GOES-16 ABI Dust RGB with Dust Probabilities 2022-06-08 23:56 UTC
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Q&A

Dust ML Paper SPoRT Viewer _ o _
NASA Visualization Studio

(Berndt et al. 2021) Machine Learning: GOES East
DustTracker-Al Finding Dust at Night




