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/1. Introduction \

Effective utilization of frequent observations such as those from radars for model initialization poses a significant chal-
lenge for traditional sequential data assimilation algorithms such EnSRF. Recently, several four-dimensional algo-
rithms based on different forms of ensemble Kalman filter have been developed to deal with observations distributed
over time, and have been successfully applied to large-scale data assimilation problems. These ideas have not been ap-
plied at the storm scale, however. In this study, an Asynchronous Ensemble Square-root Filter (AEnSRF) is designed

following the idea of Sakov et al (2010). Its performance for storm-scale radar data assimilation is compared to the

\s\tandard sequential EnSRF on which the AEnSRF is based, by using simulated observations.
[2. EnSRF and AEnSRF algorithms }
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Figure 1. The flow charts of EnSRF (a) and AEnSRF (b) algorithms. The thick arrows represent the calcula-
tion flow (including the analysis and forecast), thin dashed arrows and thin dot arrows represent the input
and output operations, respectively.
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Figure 2. The analysis equations of EnSRF (a) and AEnSRF (b). using observation posteriors.

Radar observations on elevations are grouped into
batches with different time spans. In this study, we test 5
different data batch lengths, namely, 1 min, 3 min, 5 min,

The full volume scan of radar data is assumed to span 5

[3. OSSE designs
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minutes. OSSEs are performed for a supercell storm.

Figure 3. Settings of observation batches for 5 min data batch and 10 min data

Experiment group Analysis interval | Analysis start time | Analysis end time Fore::lnsltestart Time span of data batch
GP1M 1 min 21 min 88 min 45 min 1 min
GP3M 3 min 22 min 88 min 49 min 3 min
GP5M 5 min 23 min 88 min 48 min 5 min
GP10MA 10 min 25 min 85 min 45 min 10 min
GP10MP 10 min 25 min 85 min 45 min 5 min
GP20MA 20 min 25 min 85 min 45 min 20 min
GP20MP 20 min 25 min 85 min 45 min 10 min

Table 1. Time and data settings for different experiment groups. In each experiment group, there are one AEnNSRF experiment and one
EnSRF experiment.

[4. Experiment results
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Figure 4. The analysis Difference Total
Energy (DTE) calculated against the truth
(upper panel) and HydroDTE for water
variables (lower panel) for experiment
groups GP1M(a and f), GP3M(b and Q)
and GP5M(c and h). GP10MA and
GP10MP are shown in (d and 1), GP20MA
and GP20MP are shown in (e and j).

AENSRF results are shown in black lines
and EnSRF results are shown in grey
lines. Results of GP10MP and GP20MP
are shown in dashed lines.
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Figure 6. Vertical cross-sections of reflectivity for truth simulation
(shaded contours) and analysis (black contours) at 88 min (a and b)

and 85 min (c and d). AEnSRF on the left and EnSRF on the right.
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Figure 7. As in Figure 4, but for DTE and HydroDTE during the forecast period.

g Conclusions

1. The analysis accuracies of PEnSRF and
EnSRF are found to be similar in cur-
rent storm-scale data assimilation prob-

Figure 8. As in Figure 5, but for forecast DTE
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Figure 8. Vertical cross-section of reflectivity (shaded), wind vectors,
vertical velocity (black contours), and potential temperature (red con-
tours) for truth simulation at 45 min (a). Pressure error at 14 km above
ground for experiment groups GP5M (b) and GP20MA (c). AEnSRF
results are shown in green solid lines and EnSRF results in red dashed
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lem, employing PEnSRF in AEnSRF is

thus reasonable.

lower levels.

2. Accounting for the time difference be-
tween frequent observations and model
state IS necessary for obtaining accu-
rate analysis. This Is supported by the
results of experiment group GP5M .

3. The advantage of AEnSRF in utilizing
frequent observations is more signifi-
cant when analysis interval is longer.

4. Apart from the improvement in con-
vective regions, AENSRF can also im-
prove gravity wave analysis at the up-
per levels. This improvement is very
Important because gravity wave error
can propagate downward and contami-
nate the analysis and forecast at the

. Performing assimilation too frequently
not only increases data 10 and analysis
costs but also introduces shocks to the
model solutions. Therefore, longer
analysis interval is desirable and the
AENSRF is the better choice for longer
analysis interval.

~

6 Future plan

We plan to examine the impact of AEnSRF in the presence of model error, and apply the algorithm to real data
cases, and eventually use it in realtime EnKF analysis and forecasting.
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The above results were obtained using WRF. A scalar (non-parallel) implementation of AEnSRF for ARPS has been
completed based on the more sophisticated ARPS EnKF system. OSSE results of AEnSRF for ARPS are similar to
those for WRF. To further improve the efficiency of the overall EnKF system, the calculation and output of observa-
tion priors are being carried out within the ARPS forecast model, avoiding writing out and reading in of full model
state at non-analysis times. The implementation of an MPI version is in process.
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