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Abstract  One of the major difficulties in data assimilation is that the degree of freedom in NWP model far exceeds
the number of observations collected at any single time, so the problem is usually underdetermined. In order to re-
duce the degree of underdetermined problem, Qiu and Chou (2006) suggested that the solution should be restricted
to the attractor of atmosphere dynamic equations in the phase space. Based on this idea, an ensemble-based reduced-
dimensional data assimilation (ERDA) method was developed. In it, one set of short-range forecasts (include the
simulated observations) is obtained with the different perturbation initial conditions. The ensemble of atmospheric
state is generated by sampling in a time window. Then the singular value decomposition (SVD) technique is used to
construct the orthogonal basis vectors from the ensemble. The assimilation is performed in the space spanned by a
few leading basis vectors. In this paper the effect of performing data assimilation using ERDA is examined via com-
parison with three-dimensional variational technique (3DVAR) in an idealized environment. The experiments are
performed using the Pennsylvania State University-NCAR Mesoscale Model version 5 (MM5) with 99X 99X 31 grid
points and the simulated observations. A set of 24-hour forecasts with 20 members is used to generate 180 samples
of the ensemble following the precept of selecting a snapshot every 3 hours. The 3DVAR scheme used in the experi-
ments is one designed for the MM5 model. In order to ensure a fair comparison, ERDA and 3DVAR both use the
same observational data at a single time level only. Therefore, the four-dimensional data assimilation method pro-

posed by Qiu and Chou (2006) is reduced to a three-dimensional scheme. In all experiments, it is assumed that only
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temperature observations are available at sparsely selected grid points. The numerical experiments are performed
with the different number of truncated basis vectors, observed density and error level in the observation. The results
indicate that (i) the quality of the analysis by ERDA is better evidently than that by 3DVAR. Though 3DVAR can
produce a little more precise analysis for the temperature than that by ERDA in most cases, ERDA is more effectual
than that of 3DVAR to recover winds, pressure, and humidity these unobserved variables from observed tempera-
ture; (i) in ERDA the observed information can be reasonably extrapolated to the data-void areas by the basis vec-
tors, which represent the basic special configuration of the atmospheric state (increment) ; (iii) in ERDA, the anal-
ysis increment is restricted in a space spanned by a few singular vectors and these vectors are dynamically constrained
fields produced by the model while random noises in observations do not fit any of the dynamic constraints., There-
fore the errors in the observation have even less damage to the analysis. Nevertheless some useful information in the

observation is also lost. So the intensity of analysis increment is light usually than actual one. This is a weakness of

ERDA.
Key words reduced-dimension, forecast ensemble, data assimilation, single value decomposition
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Table 1 Relative rms error (¢) and correlation coefficient () of the analysis increment by ERDA for different truncation order

e o
r T P Vi T p Vi q

20 0. 860 0. 807 0.917 1. 030 0. 529 0.516 0. 504 0.418
30 0. 816 0. 899 0.913 1. 028 0. 537 0. 515 0. 490 0. 403
45 0. 797 0. 873 0. 939 1. 038 0. 553 0. 483 0. 452 0. 392
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Table 2 Comparison of relative rms error (¢) and correlation coefficient (p) of the analysis increment obtained by ERDA and

3DVAR
€ o
Expt. Method T P Vi q T P Vi q
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2 ERDA 0. 815 0. 813 0. 906 1. 026 0. 534 0. 516 0. 499 0. 466
3DVAR 0. 678 1. 047 1. 377 1. 003 0. 663 0. 401 0. 103 0. 021
3 ERDA 0. 819 0. 807 0. 908 1. 035 0. 533 0. 514 0. 482 0. 404
3DVAR 0. 856 1. 223 1. 068 1. 004 0. 514 0. 365 0. 114 0. 022
4 ERDA 0. 832 0. 825 0.925 1. 053 0.510 0. 492 0. 454 0. 370
3DVAR 0. 885 1. 111 1. 059 1. 011 0.494 0. 341 0. 032 0. 030
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Fig. 2 Temperature increment (K) at level ¢=0. 75 in Expt 1.
(a) True field; (b) assimilated field by 3DVAR (three-dimen-

sion variational technique); (c) assimilated field by ERDA (en-

semble-based reduced-dimensional data assimilation)
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Fig. 4 Specific humidity increment (g/kg) fields at level s=0.
75 in Expt 1: (a) True field; (b) assimilated field by ERDA
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Fig. 5 Increment fields at level 6=0. 75 by ERDA in Expt 5
(a) Temperature (K); (b) horizontal wind; (c) specific humidi-
ty (g/kg)
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