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Introduction
The EnKS-4DVAR method uses the ensemble
Kalman smoother (EnKS) as a linear least-
squares solver in the Gauss-Newton method for
weak-constraint 4DVAR. This method requires
to have neither tangent nor adjoint operators,
which is the greatest asset of the algorithm.
The algorithm has been already tested on toy
models, such as Lorenz 63 and quasi-geostrophic
flow model, and we present the first experi-
ment using this assimilation algorithm with a
real world numerical weather prediction (NWP)
model.

Model configuration
• WRF model [1] version 3.7.1 with horizontal
resolution 27×27 km, 38 vertical levels and typ-
ical physics configuration (NOAH LSM, Kain-
Fritsch cumulus scheme, RRTMG short and long
wave radiation)
• Time step of the model: 1 hour
• Boundary condition from GFS
• Background error matrix constructed using
WRFDA version 3.7.1 with option cv5 [2]
• Ensemble containing 101 members created us-
ing WRFDA

Conclusions
The first experiments show that it is possible to
use the the proposed method with a real world
NWP model.
On the other hand, the usage is not completely
straightforward, and at least 2 questions remain
open.
• How to choose optimal values of parameters
need by the algorithm?
• How to implement another, possibly more ef-
ficient, localisation?
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Hybrid EnKS/weak-constraint 4DVAR
The weak constraint 4DVAR minimises the cost function

J (~x0, . . . , ~xL) = ‖~x0 − ~xb‖2B−1 +
L∑
i=1

‖~xi −Mi (~xi−1)‖2Q−1
i

+
L∑
i=1

‖~yi −Hi (~xi)‖2R−1
i
,

where ~xb denotes the background state, ~xi is the state at time i, ~yi is the observation vector,Mi is
the model operator, Hi is the observational operator, and Bi, Qi and Ri are the background, model
and observational error covariance matrices respectivelly.
The function J is iteratively minimised using linear approximations

Mi

(
~xi−1 + ~δxi−1

)
≈Mi (~xi−1) +M′i (~xi−1) ~δxi−1, Hi

(
~xi + ~δxi

)
≈ Hi (~xi) +H′i (~xi) ~δxi,

M′i (~xi−1) ~δxi−1 ≈
Mi

(
~xi−1 + τ ~δxi−1

)
−Mi (~xi−1)

τ
, H′i (~xi) ~δxi ≈

Hi
(
~xi + τ ~δxi

)
−Hi (~xi)

τ
,

and in each iteration ~xi ← ~xi+ ~δxi, i = 0, . . . , L, one solves the auxiliary linear least-squares problem

∥∥∥ ~δx0 − ~δxb

∥∥∥2
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+
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∥∥∥ ~δxi −Mi
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i
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∥∥∥~di −Hi
~δxi
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+γ
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i=0

∥∥∥ ~δxi∥∥∥2
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i

→ min
~δx0,..., ~δxL

for the increments ~δx0, . . . , ~δxL with

δ~xb = ~xb − ~x0, ~mi =Mi (~xi−1)− ~xi, ~di = ~yi −Hi (~xi) , Mi =M′i (~xi−1) , Hi = H′i (~xi) .

The term γ
L∑
i=0

∥∥∥ ~δxi∥∥∥2
S−1

i

, with appropriate covariance matrices S0, . . . ,SL, is additional Tikhonov

regularisation, which guarantees the convergence of the method if the parameter γ > 0 is large
enough.
The hybrid EnKS/weak-constraint 4DVAR uses the ensemble Kalman Smoother as a solver to the
above mentioned auxiliary least-squares problem, and the full, step by step, algorithm can be found
in [3].
When the size of the ensemble is much smaller than the dimension of the state, some localisation to
the EnKS algorithm might be required. In this poster we use the similar localisation technique as in
[4], which is based on using only diagonal part of the sample covariance matrix in the appropriate
spectral space in the EnKS update equation.

Experiment with pseudo observations
The initial value for this experiment has been downscaled from the GFS model, and additional three
hour spin-up has been performed. The state after the spin-up is referred as the state at time zero.
The pseudo observations at times 1 and 2 have been the wind speed at one grid point in the middle
of the domain, and they have been created by adding 2 ms−1 to the forecast values.
The parameter τ has been set close to 1, and the parameter γ has been set close the 0.
Ten iterations of the hybrid EnKS/weak-constraint 4DVAR has been performed, and the analysis
increments after the last iteration are shown in the following figures.

The algorithm has nicely increased the forecast in the observational locations, and also smoothly
changed the state at time 0. However, even thought the localisation has been used, there are still
significant innovations in long distances from the original observations, which are caused, probably,
by spurious correlations.


