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Atmospheric Rivers (ARs) determine water security in the West Airborne radio occultation (ARO) collects thermodynamic AR Recon collects observations in
« ARs are long filaments of water vapor transport in the lowest 3-4 km altitude that account for > 90 % of meridional midlatitude water vapor transport prOfileS Of the middle & upper troposphere and arou nd ARS

[1]. . .
* Variability in AR frequency, intensity and landfall location impact water security in the American West. ’ A GNSS recelver onboard the aircraft tracks refracted atmosphere

* Clouds and satellites in and above the AR limit the utility of satellite observations of ARs

» 84% of All Flood Damages over 40 years in the West are from ARs [2]. S:I\:ESS signals p?lssmg thr(?ugh.';he atmosplherf. Engentpott _ oNsssaies [4]. |
+ Inwateryear 2022, the lack of ARs led to 10% of the normal precipitation. Water security is a huge challenge in the West. [3] . © ractl\gty pro (ljes c.o:talry T' totgpper— evel pressure, ) _ \f\\\~\7,/ p * The Ce'nter for Western Weather and Water Extremes (CWB3E) has flown reconnaissance
« Skillful forecasting of ARs can allow for mitigation against flooding and drought impacts [4]. Selml?ce(rja ur?‘lan ;no;shuril|n orma Lllc())rcl).k i airchaf ~ 2 flights into ARs with ARO onboard.
.. . - . . . . b ~ / < ° i i
* For the assimilation of ARO to be most beneficial, an accurate estimate of observation error is required. tr::k: profites stretch sideways miromthe lig / Y SRO con;ple[r;l]ents other sensing techniques employed by AR Recon, such as
. z ropsondes [7].
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29 (@) Atmospheric River: Plan View (b) Atmospheric River: Vertical Cross-section * Non_lnvaSIVe Observat|0ns are retrleved over l'and and erosenere ® 6,921 ARO prOﬁleS have been COlleCted on 152 fl|ghts during AR Recon Since 201 8.
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* Analyzing 6 AR Recon flights 20 o A . i = B e e o 16000 P S —
.. . from AR Recon ’2.1 [6] indica’Fes . Bend o i ted in MPAS JEDI using ROPP 2D
Hypothesis: AR Structures Affect Penetration Depth & Error the bottom 20 points of profiles 110 ending angle s assimilated in using
have higher apparent error with | 14000 1 operator [o].
respect to ERAS5. z 100 * ARO observations improve precipitation forecasts in the
« The lower vertical extent of RO profiles (penetration depth) varies Transect Refractivity Anoma‘l’y (N%) «  Since penetration depth varies % 90 - . Se000:] area of maximum precipitation for a landfalling AR event
between the AR core and surrounding environments [5]. L across the AR. the location of £ g0 = [8].
* ltis hypothesized that penetration depth in and around ARs is a function % this less accurate data will vary in % = = 10000 - * Currently, latitude and height varying observation error
. . . .. dN 5 . = | = 2 . .
of vertical gradient in refractivity — [5]. T R height across the AR. 5 70 £ 10000 1 g \e;:rate.fr%? ?paceporqe BO |sfuslegl [18]. ) o
* Refractivity anomaly shown at right illustrates high anomaly for very moist - BE * Therefore, it is possible to more 5 6o - @ 8 8000 1 Ile suitable for assimilation of global spaceborne
AR and boundary layer [7][9]. 9 sm/s, w=0.1m/: - accurately predict observation E ~ — £ data, th|§ may not be representative of observation error
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ARO bending angle observation error can be characterized as a function of height, and
distance from the bottom of the profile

Model and ARO refractivity anomaly profiles can be clustered using unsupervised machine
learning techniques

Refractivity error within each cluster varies, its statistical significance needs to be
assessed

South -  North Post-processed and NRT ARO observations are available
https://agsweb.ucsd.edu/gnss-aro/

Result: Use Machine Learning to Correlate Error

Cluster centroids are developed from NASA GEOS N’ profiles ARO Profiles N’ (%), by cluster Further |mprovem.ents to unsupervised clustering methods could improve ability to sort
Relationshios like th b K s f 12- n = 661 1- n =404 n=8l - n = 459 . n =344 s profiles by synoptic scale features
® elationsnips like e one above - . . . . .
onen p.t. e S I?Tvelopl)led n;eanfsl.cintrmdks rom :]3:5:0NASAFFEO'S moldel Better characterization of ARO observations will allow for more accurate forecasting of
ma e Intuitive, equa ere ma rofti | r r rofti N r 11 A 11 - 114 . . . 5 e
y ! q‘ y y profiles collocated to Hight track, sorte profites into clusters impactful AR events, enabling community stakeholders to take action and mitigate some
be many other less intuitive 1o 1o 104 flood and drought impacts
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* Unsupervised machine learning 2 8 8- 8- 2
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