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Motivation

Surface observations comprise a wide, non-expensive and reliable source of information about
the state of the near-surface planetary boundary layer (PBL). Operational data assimilation systems
have encountered several difficulties in effectively assimilating them, among others due to their
local-scale representativeness, the transient coupling between the surface and the atmosphere
aloft and the balance constraints usually used.

A long-term goal of this work is to find an efficient system for probabilistic PBL nowcasting that
can be employed wherever surface observations are present. Earlier work showed that surface
observations can be an important source of information with a single column model (SCM) and an
ensemble filter (EF). Here we investigate several questions that arise from ours and related studies
using SCM and EF to estimate the state of the PBL:

*What is the necessary complexity or sophistication of the model and assimilation scheme?
*Would the resulting nowcast PBL profiles be as accurate when assimilating the information
in the surface observations into background profiles using simpler schemes than an EF?

Do flow-dependent covariances derived from an SCM (including externally-imposed
horizontal advection) ensemble contain the needed 3D flow information?

SCM predictions and SCM/EF flow-dependent covariances (SCM/EF)

Experiments

e SCM resolved dynamics: Momentum, e Radiation: Dudhia short-wave and RRTM long-wave
thermodynamic and moisture equations.  schemes (in particular to improve night simulations

e SCM forcing and closure: vertical when radiative cooling can be important in the PBL).
turbulence, atmospheric surface layer, e Externally-imposed horizontal advection: upstream
and land-surface as in WRF (ARW) advection that relaxes the SCM state toward a
version 2.2.1 (MYJ, similarity, Noah-LSM) prescribed 3D state, e.g. WRF forecasts, on the
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e Vertical grid: 81 vertical levels on a vertically-
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Z T

a

e EF: The SCM is coupled to the NCAR/DART system, default ensemble adjustment Kalman filter
(EAKF, a square-root filter and implemented with serial observation processing).

e Vertical covariance localization: with an element-wise multiplication of a fifth-order piece-wise
rational function (Gaspari and Cohn 1999) and the background error covariance estimates.

e Ensembles of initial conditions, large scale forcing, advective tendencies and surface radiation (if
not explicitly computed by the SCM): imposed by starting with a WRF forecast column closest to
the location of the surface observations for a given day and hour, then perturbing it with the
scaled difference between that forecast and a randomly selected archived forecast from the same
season; the scaling of the difference is drawn randomly from #(0; 1).

A column dressing approach with climatological covariances (CD)

® A deterministic mesoscale forecast (3D WRF) is adjusted using surface-atmosphere 3D-
climatological covariances ( o-fc , calculated within the 3D WRF sample and conditioned on the local
time of day) and surface-forecast errors ( ( ) where surface observations are available.

® Surface-error model: 30-min persistence.y

® It can be interpreted as an optimal interpolation technique based on climatological covariances
and a 30-min persistence error model: )

o Observation increment: Ay = af (af + o-oz) d,
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o Observation error variance: 6 (assigned as in the EF)
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. Ay (the adjustment applied to a WRF-column
c state variable)

o State increment: AX =
O

® The adjusted profile is dressed with the in-sample uncertainty distribution scaled by the most
recent observed error to provide a probabilistic nowcast.
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Deterministic SCM/EF and CD skill

Experiment period and location: 3 May — 15 July 2003, over the Atmospheric Radiation Measurement : : : :
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assimilation, radiation parameterization, and advection (not shown here):
(a) Results confirm surface assimilation as the most important factor
(b) A factor can be deterministically beneficial and probabilistically detrimental, or vice versa, depending on
its role in reducing mean error or improving sharpness
(c) Assimilation results in notable improvement for nowcasts of low-level jet structures.





 
 
    
   HistoryItem_V1
   Nup
        
     Trim unused space from sheets: no
     Allow pages to be scaled: yes
     Margins and crop marks: none
     Sheet size: 55.118 x 39.370 inches / 1400.0 x 1000.0 mm
     Sheet orientation: best fit
     Scale by 500.00 %
     Align: centre
      

        
     0.0000
     8.5039
     20.0013
     0
     Corners
     0.3005
     ToFit
     1
     1
     5.0000
     0
     0 
     1
     0.0000
     0
            
       D:20120515090050
       2834.6457
       Blank
       3968.5039
          

     Best
     413
     139
    
    
     0.0000
     C
     0
            
       CurrentAVDoc
          

     0.0000
     0
     2
     0
     1
     0 
      

        
     QITE_QuiteImposingPlus2
     Quite Imposing Plus 2.1b
     Quite Imposing Plus 2
     1
      

   1
  

 HistoryList_V1
 qi2base





