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National Hurricane Center Official Track Errors
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Tropical cyclone track is mostly determined by larggrale environment whose forecast improves with
better observations, better models, higher resolution (F8B82) and 100,000 times faster computers



National Hurricane Center Official Intensity Errors
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Tropical cyclone intensity is strongly dependent on internal dynamics and moist convection which
smaller in scales, more chaotic, undebserved, underesolved, and/or intrinsically less predictable?



First Test of EnKF for Limited -area Models:
Assimilation of Radar Observations ofSupercells

(Snyder and Zhang 2003; Zhang, Snyder and Sun 2004ell, Zhanget al.2004;all in MWR)

Observations: radial velocity,nly, available every 5 minutes where reflectivity dBZ>12

Vertical velocity at 5km (colored) and surface cold pool (black lines, every 2K)
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Assimilate W88D Doppler Winds with WRFENKF

(Zhang et al. 2009 MWR)
A Model: Weather Research and Forecast Model (WRF) with 4 domains two-way
nested and grid sizes of 40.5, 13.5, 4.5, and 1.5km

A Data: Doppler winds from three coastal weather surveillance radars [available

routinely for more than 20 years but never used in any NOAA operational models]

A Data assimilation method: Ensemble Kalman Filter (Meng and Zhang 2008a,b)




SuperObs: QC and thinning of WSB8D Vr Obs

(Zhang et al. 2009 MWR; Weng, Zhang et al 2011 CiSE)
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MDefine SO positiomlepended on the radial distance
Averagel0 nearest data poiitighe raw polar scan to create a SO

Aaveraging binis 5km max radial range and 5max azimuthally
resolution

AT here are at leadtvalid velocity datavithin an averaging bin.
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Assi mi | ate W88D Doppl el
WRF/EnKF Forecast vs. Observations vs. 3aDVAR
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The WRF/3DVAR (as a surrogate of operational algorithm) assimilates the same radar data but
without flow-dependent background error covariance, its forecast failed to develop the storm
despite fit to the best-track observation better initially

(Zhang et al. 2009 MWR)



Successive Covariance Localization (SCL)
(Zhang et al. 2009 MWR)

A Dense observations contain information of the state

at different scales, e.g., hurricanes. 0

A Rationale: largescale errors have larger correlation

length scalethus need fewer observations, largejoos:
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radius of influence are needed to constrain small

scale errors (Zhang et al. 2006). |
A SCL has some similarity to successive correctiof
method (SCM) used in some earlier empirical a0

objective analysis schemes (e.g., Barnes 1964),

though subgrouping of observations is used in th&"
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EnKF so the same observation not used twice.



Covariance Relaxation: Inflation through Relaxation to Prior
(Zhang, Snyder and Sun 2004 MWR)

B+ -U) & x

or mi X1 na

( R)Qw =

AU is the relaxation

coefficient

A Treats sampling issues with respect to

both model error and ensemble size

A More inflation in the area of denser

observations while no inflation if nabs

A The method is adopted from the
commonly used relaxation method in

interactive numerical solver

A Itis the 1st known adaptive covariance
inflation method
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(Poterjoy, Zhang & Weng, 2014 MWR)



Assimilate Airborne Doppler Winds with WRF-EnKF

(Weng and Zhang 2012 MWR)
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Superobservations 1. Separate forward and backward scans; 2. treat every 3 adjacent full

scans as one fixedpace radar (translation<5km); 3. thinning---one bin for 2 km in radial
distance and 3 degree in scanning angle; 4. use medium as SO after additional QC check
5. similar to the superobing procedure for WSR88DWr in Zhang et al. (2009 MWR)

Thanks to JohnGamacheat HRD, these SOs are generated on flight of NOAA B&and G4,

transmitted to ground in reatime; adopted by HWRF in firsbperationalassimilation 2013



WRF-EnKF Performance Assimilating Airborne Vr

all 100+ P3 TDR missions during 2008-2012

Quasi-operational evaluation by NHC since 2011 as HFIP stream 1.5 run
WRF-EnKF: 3 domains (27, 9 , 3km), 6thember ensemble, PSUC flux scheme



