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Abstract

Using the Lorenz-95 simple model, which can simulate many atmospheric characteristics, we compare the performance
of ensemble strategies such as bred vectors, the bred vectors rotated (to be orthogonal to each bred member), and the
Ensemble Transform Kalman Filter (ETKF). The performance metrics used are the RMSE of ensemble means, the ratio
of RMS error of ensemble mean to the spread of ensemble, rank histograms to see if the ensemble member can well represent
the true probability density function (pdf), and the distribution of eigen-values of the forecast ensemble, which can provide
useful information on the independence of each member. In the meantime, the orthogonal bred vectors can achieve the
considerable progress comparing the bred vectors in all aspects of RMSE, spread, and independence of members. When
we rotate the bred vectors for orthogonalization, the improvement rate for the spread of ensemble is almost as double as
that for RMS error of ensemble mean compared to the non-rotated bred vectors on a simple model. It appears that the result
is consistent with the tentative test on the operational model in KMA. In conclusion, ETKF is superior to the other two
methods in all terms of the assesment ways we used when it comes to ensemble prediction. But we cannot decide which
perturbation strategy is better in aspect of the structure of the background error covariance. It appears that further studies
on the best perturbation way for hybrid variational data assimilation to consider an error-of-the-day(EOTD) should be
needed.
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Fig. 1. Ensemble simulation with 16 members for a certain variable (J=21). The solid thick line represents the truth run
and the thin solid lines the ensemble members. The truth is mainly located within the spread of the ensemble, and the spread

grows as the forecast time is increased.
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Fig. 2. Structure of climatological error covariance after averaging over 1,000 time steps with 16 members. The error is
symmetric and non-zero cross correlations are showed to the nearest 2 variables. The averaged error variance (mean of

diagonal components) is about 0.0043.
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Fig. 3. Time series of the inflation factor (PI( 17), ALP ( ¢)). The x-axis represents time for the first 50 time steps and the
y-axis is the inflation factor. At early times, the inflation factor highly fluctuates , but it comes to be stable after 3 weeks
(about after 42 time step). The value is ranging from 0.64 to 3.4 with mean of 1.33.
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Fig. 4. Schematic diagram of the breeding cycle which is currently operated in Korea Meteorological Administration (KMA)

(KMA, 2005).

Table 1. Reduction of RMSE of Ensemble mean and the increment rate of ensemble spread
from the factor-rotated bred vectors compared to the previous (non-rotated) bred vectors (KMA,

2005).
g
19 29 39 4% 5% ) 7% 89
IR(%)
RMWSE =30 -4.0 -39 =36 =23 1.7 =21 17
Spread 28 45 47 5.1 49 41 38 47
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Fig. 5. An example of spreads over the variables (grid points) from original bred vectors (solid line) and from rotating bred

vectors (dotted line) to make them orthogonal.
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Fig. 6. RMS errors of control run and the ensemble means. ETKF shows the best performance and the orthogonal bred vectors
can largely reduce the error about 5% and 9% for 5-day and 10-day forecast, respectively. The result is consistent with the
real experiment of KMA. CONT, ETKF, BRED, and RBRD represent control run, ETKF, the original bred vectors (non-ro-
tated), and orthogonal bred vectors after rotation, respectively.
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Fig. 7. The ratio of RMS ensemble error to the spread of the ensemble. The ratio of ETKF has nearly 0.97, and that of orthogonal
bred vectors is almost the same as ETKF within 5 days. But the difference of ratio between ETKF and orthogonal bred
vectors is getting increased after 5-day forecast. It appears that ETKF is superior to the others.
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show that outliers can be progressively reduced compared to bred vectors. It also appears that ETKF has the best performance

among these strategies.
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Fig. 9. Normalized eigen values for the forecast perturbation fields from ETKF, bred vectors, and orthogonal bred vectors
with rotation. The leading 2 eigen modes from bred vectors consist of 90% of perturbation variance, but 8-9 leading eigen
modes from ETKF and orthogonal bred vectors explain 90% of the total variance of perturbation. Even though the rotation
of bred vectors can also make the perturbations more independent from one another, ETKF has a slight better performance

than the orthogonal bred vectors.
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Fig. 10. Background error structures obtained from ETKEF, the bred, and the orthogonal bred vectors. It appears that the
error structures show almost similar features, but ETKF and orthogonal bred vectors are slightly better than bred vectors.
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