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MOTIVATION KEY POINTS

é?é, For convective-scale data assimilation, a vast amount of information is available from ground-based remote sensing
’, /ﬁ
|

instruments, various satellites, and also from human activities such as smartphones and weather cameras. Local Ensemble Transform Kalman Filters (LETKFs) allow

us to explicitly calculate the Kalman gain matrix and by
The assimilation of such complex observations is non-trivial as in many cases algorithms rely on assumptions that do not this the contribution of every observation to the analysis

reflect reality, for example linear forward operators. field (partial analysis increment, PAI).

I;] Monitoring the system and understanding which observations are effectively used is crucial for improving data assimilation.

’ We propose their use to diagnose and optimize LETKF

@ Thelocal ensemble transform Kalman filter (LETKF) enables direct computation of the Kalman Gain, allowing assessment of systems in particular with respect to satellite data
observation influence. assimilation and vertical localization.

X A diagnostic tool is developed to evaluate 3D observation influence and analyze sensitivity to observation types and
assimilation settings.

May 29, 2016, 1100 UTC May 29, 2016, 1700 UTC
The influence of the observations on the analysis : Using any subset of observations indicated by Data assimilation set-up 56°N - 56°N
mean is determined through the increment ~index}, i.e. only certain columns of K, and rows Assimilation of radiosonde (RASO) and 54°N - 54°N | §
~ of the innovation vector [(y, - H(x,)] allows for colocated satellite observations (VIS, 0.6 pm) =N 2°N
X, = Xp+ K [yo . H(xb)} . computing the partial analysis increments (PAI) using the KENDA system of the German 50°N - 50°N - [
N g > f Weather Service (DWD). 4N | | 4N |
increment 46°N : 46°N | A8 A
PA]-:K-[ ~H(x } | |
The Kal Gai h d usi | J i Yo (Xp) j In total 29 colocated observation locations and T e s e R
€ Raiman ain can be expressed using only ~ 773 radiosonde measurements per variable e 5. 2016, 1100 UG Jne s 2016, 1700 UTC
available LETKF model output Description Dim. o o
Xa Analysis ensemble mean state vector nxit One analysis step, no inflation — —
: X, Background ensemble mean state vector nx 1
1 Tp—1 5 Observation vector x 1 =N =
K=——X, YR . L , P Horizontal localization radius such that every o B o
E— 1 a”"loc 5 H Observation operator pXxn , T _ 20 =0 _
: K Kalman Gain nxp grid point is influenced by only one observation . || won | (IR
k Number of ensemble members 1 a6°N | e R 46°N | |
: X. Analysis perturbation matrix nxk Different settings for vertical localization
K is not directly computed in the LETKF. Y. Model equivalent of X PXK

R, Observation error covariance, localized pXxp

THREE USE CASES
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