TEMPERED LOCAL ENSEMBLE TRANSFORM KALMAN
FILTER: SIMPLE MODEL EXPERIMENTS
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SINGLE OBSERVATION EXPERIMENT

Extreme meteorological events associated with deep moist convection
pose significant societal risks, emphasizing the need for advanced tech-
nologies to anticipate such events. This study focuses on improving
data assimilation techniques to increase the forecast accuracy of deep
convection events.

MODEL DESCRIPTION

|dealized experiments are conducted using the N-variable Lorenz
model (L96), simulating damped-forced nonlinear advection dynamics
over a 1-dimensional cyclic domain. Model equations are integrated
using a Runge-Kutta scheme with a time step of 0.025 time units. The
model forcing is set to F' = 8 and the number of state variables is
N, = 40. Observations are simulated from the nature run using a pre-
defined observation operator (h(x)) emulating radar reflectivity given

by:
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Figure 1. (a) shows the model solution over a time frame of 200 time units, (b)
shows the evolution resulting from the application of h(x) at each model grid
point.(c) Polar view of the state, (d) polar view in the operator space.

METHODS

The study uses the Local Ensemble Transform Kalman Filter (LETKF)
to assimilate the observations. In this work we used the tempered
LETKEF, an iterative version of the filter associated with strongly non-
inear observation operators [Kurosawa and Poterjoy, 2021]. The
tempered LETKF is described by the following algorithm:

Algorithm 1: Tempered LETKF Algorithm

Input: Xf,yo,a

x(0) = xf

fori =1to N, do
forn=1to N, do
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Where N, is the number of steps or parts in which the likelihood is
factorized and «; must satisfy the following condition:

Nq
Z Q; = 1
1=1

Different choices are possible for the «;. In this work, we propose
the following form:
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When the parameter ag = 0, o; values are equal, and the observa-
fion error is the same at each iteration of the tempered-LETKF. The
larger the a, the smaller the first o, resulting in a larger observation
error at the first tempering iteration. This means that in the initial
iterations, a relatively smaller portion of the information from the
observations is assimilated.
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In these simple experiments we compare we assimilate a single ob-
servation with a nonlinear observation operator assuming a Gaussian
prior. The particle filter posterior is used in this case as a reference.
The posterior of the ETKF and tempered ETKF are compared, being
the last one the one closer to the particle filter posterior (Figure 2)
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Figure 2. Probability density function for the prior specific concentration (blue line),
the ETKF posterior (red line), the ETKF-T3 posterior o ETKF with 3 iterations
(magenta line), and the importance sampling particle filter (black dashed line).

LORENZ-N ASSIMILATION EXPERIMENTS

Observations are assimilated using LETKF and tempered LETKF. Here-
after, we refer to the tempered versions with 2 and 3 iterations as
LETKF-T2 and LETKF-T3, respectively. Experiments are conducted
across different observation error levels to evaluate algorithm perfor-
mance.

Our results, shown in Figure 3, indicate that the tempered LETKF con-
sistently performs better than the LETKF, particularly when the obser-
vation error is low. This improvement is due to the iterative update
approach used by the tempered LETKF, which effectively reduces the
negative impacts caused by non-linear observation operators.
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Figure 3. Time-averaged analysis RMSE as a function of the inflation factor (x-axis)
and localization scale (y-axis) for different observation errors (o3) and number of
iterations for the LETKF. The black dots indicate the location of the minimum RMSE
for each case. Observation density = 1, observation frequency every 4 time steps,
20 ensemble members, and a, = 2.

In Figure 4 it can be observed that, although in all cases the tempered
LE TKF outperforms the LETKF, as can have a significant impact on the
magnitude of the improvement. In this case, there is a tendency to see
better results with as = 1 and as = 2. However, this is not always the
case in other scenarios with different observation error and/or obser-
vation density. Also, the inflation and localization range explored may
be too short in some of the scenarios.
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Figure 4. Time-averaged analysis RMSE as a function of the inflation factor (x-axis)
and localization scale (y-axis) for different ay, and number of iterations for the
LETKF. The black dots indicate the location of the minimum RMSE for each case.
Observation density = 0.5, observation frequency every 8 time steps, 20 ensemble
members, and o3 = 5.

We performed an experiment to evaluate the impact of tempering for
different ensemble sizes. Figure 5, shows the analysis errors for en-
semble sizes of 10, 20 and 40 members, and different number of tem-
pering iterations. Overall, the larger the ensemble, the better the per-
formance of the filter as expected. The impact of the tempering is
significant independently of the ensemble size. This is consistent with
the idea that tempering helps in the handling of nonlinearities in the
observation operator, which can not be improved by the increase of
the ensemble size.
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Figure 5. Time-averaged analysis RMSE as a function of the inflation factor (x-axis)
and localization scale (y-axis) for different ensemble sizes and number of iterations
for the LETKF. The black dots indicate the location of the minimum RMSE for each
case. Observation density = 0.5, observation frequency every 8 time steps,a, = 2,
and of = 5.

CONCLUSIONS

= The tempered LETKF improves the analysis accuracy with
non-linear observation operators.

= The impact of the tempered LETKF is larger for smaller
observation errors. This is an interesting property which may
depend on the particular form of the observation operator.

= The distribution of the observation error among different
tempering steps may have an impact on the performance of the
filter.

= Current research is focused on evaluating the impact of
tempered LETKF on convective scale radar data assimilation.
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