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OVERVIEW

e Review key challenge (spindown) and mitigation strategies
related to inner-core DA in HWRF

e Review DA CONOPS challenges in HWRF

e Relate above to HAFS and recommend DA path forward
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HWRF HISTORY

KEY CHALLENGE: SPINDOWN
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HWRF HISTORY
MITIGATION: “BLENDING”

e “Blending” procedure used from 300 km
2013-2018 to reduce spindown

e No low-level increments near
center for VMAX > THRESHOLD

No DA
increment

e Drawback was no use of
iInner-core recon

Partial
increment

Full increment



HWRF HISTORY

MITIGATION: SPECTRAL FILTER
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HWRF HISTORY

MITIGATION: RELOCATION

VMAX BIAS & VORTEX RELOCATION
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Lu et al. (2017b)




HWRF HISTORY
MITIGATION: IMPROVING COVARIANCE
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Lu et al. 2017a: Using HWRF-cycled error covariance
with 3DENVAR produces better analyses and forecasts




HWRF HISTORY

MITIGATION: IMPROVING COVARIANCE
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Lu et al. 2017a: Using HWRF-cycled error covariance
with 3DENnVAR produces better analyses and forecasts




HWRF HISTORY

MITIGATION: IMPROVING COVARIANCE
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HWRF-cycled covariance implemented
operationally in 2017




HWRF HISTORY

MITIGATION: ADVANCING COVARIANCE

6-H CYCLED 3DEnVAR 1-H CYCLED 3DEnVAR TDR ANALYSIS

Lu et al. 2017b, Davis et al. 2021: Considering time-evolution
of covariance improves analysis & spindown




HWRF HISTORY

MITIGATION: ADVANCING COVARIANCE

a) Vmax Forecasts b) MSLP Forecasts
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Lu et al. 2017b, Davis et al. 2021: Considering time-evolution
of covariance improves analysis & spindown




HWRF HISTORY

MITIGATION: ADAPTIVE OBS ERRORS

e Pseudo-Desroziers assessment

Suggested inner-core obs errors Impact of obs errors on VMAX bias
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HWRF HISTORY

DA ADVANCEMENT TIMELINE
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HWRF HISTORY

2018 RECON ASSESSMENT

Timeline of Data Usage
Impact on HWRF Intensity
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Significant improvement in recon impact seen since
Tong et al. (2018) H213 assessment




DIRECT IMPACT
BY COVARIANCE

HWRF HISTORY

DROPSONDE IMPACTS IN HWRF

HWRF-CYCLED COVARIANCE GDAS COVARIANCE
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ALMOST all improvement from dropsondes occurs when using HWRF-cycled covariance




HWRF HISTORY

CONOPS CHALLENGES

e Resources available for ONE instance of HWRF-cycled covariance
at a time

e “Priority storm” determined from a number of criterion (e.g., threat to
land, recon, etc) for “advanced” DA configuration

e DA trigger file sent via web interface through gateway to initiate
cycled covariance for target storm (or change to another storm)

e This is an undesirable MO for an operational center



Moving forward to HAFS...



HAFS DA
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HAFS DA

IOC-RELATED DEVELOPMENTS

e Tune adaptive obs errors

e Tune localization

e Adaptive VM

e 4DENnVAR with GDAS

IMPACT OF VAR CHOICE ON HAFS TRACK

TRACK MAE (km)
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HAFS DA

CONOPS BEYOND IOC

e NEEDS advanced mesoscale covariance treatment
e CANNOT replicate HWRF CONOPS
e These two limitations mean you either:

o Cycle mesoscale covariance per-storm OR

o Cycle mesoscale covariance over basin or ALL storms

e Second option sets us up for future improvements



POSSIBLE FUTURE FRAMEWORK

POTENTIAL DA CONFIGUATION

CYCLED-ANALYSIS BENEFITS:

HAFS-Cycled covariance
|IC for any parent in basin
Online BC

Online QC

Simple

Continuous DA

NEST OPTIONS:

e Interpolation from parent
e Nested DA
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HAFS DA

PATH TO SUCCESS

PROPOSED INITIAL JTTI HAFS DA CONFIG
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HAFS DA

OTHER MAJOR NEEDS

Spindown-related Other
e Ensemble relocation e Better recon observation
e Better account for variability in processing (e.g., superobs)
obs errors (e.g., variance in e All-sky DA :|
superob bin) e Coupled DA <
o I|AU [Tl

e Account for non-Gaussian errors
(e.g., PF)



SUMMARY

e Beneficial inner-core data impact requires adequate DA
e CONOPS has to be tenable

e HAFS needs major ramp up in DA resources



BONUS SLIDES



HWRF HISTORY
MITIGATION: ADVANCING COVARIANCE

6-H CYCLED 3DEnVAR 6-H CYCLED 4DEnVAR TDR ANALYSIS

OPERATIONAL NOT OPERATIONAL

Lu et al. 2017b, Davis et al. 2021: Considering time-evolution
of covariance improves analysis & spindown




RECENT WORK

DROPSONDE IMPACTS IN HWRF
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Difference in impact due to covariance bigger than difference between direct and indirect
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RECENT WORK

DROPSONDE IMPACTS IN HWRF

DIRECT IMPACT BY INITIAL CLASSIFICATION
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DIRECT IMPACT BY ONGOING INTENSITY CHANGE

SUBSET: OBS-IN SUBSET: OBS-SS m

SUBSET: OBS-WK

TRK
VMAX
PMIN
R34
R50

0 12 24 36 48 60 72 84 96 108 120 132 0 12 24 36 48 60 72 84 96 108 120 132 0 12 24 36 48 60 72 84 96 108 120 132

Forecast Lead Time (h) Forecast Lead Time (h) Forecast Lead Time (h)
Improvement Degradation
Improvement Degradation

e Improvement since Tong et al. (2018) for hurricanes (esp. for asymmetric data)

e Results suggest problem with non-evolving covariance over 6-h window
29




HAFS DA

POSSIBLE FRAMEWORK

PROMISING RESULTS: s [

= HAFS B (40-mem)

——— GDAS B (80-mem)
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e UMD developed augmented
covariance approach,
combining HAFS+GDAS
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framework verify better than
GDAS alone

5 6 05 1.5 2

4 1
wind RMSE (m/s) T RMSE (K)

Short-term forecasts evaluated against radiosondes




