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Abstract. The goal of this study is to evaluate a version of suggests that EnVar and 4D-Var can both make better use of
the ensemble-variational data assimilation approach (EnVarpbservations distributed over time than 3D-Var. In summary,
for possible replacement of 4D-Var at Environment Canadathe results from this study suggest that the EnVar approach is
for global deterministic weather prediction. This implemen- a viable alternative to 4D-Var, especially when the simplicity
tation of EnVar relies on 4-D ensemble covariances, obtainednd computational efficiency of EnVar are considered. Ad-
from an ensemble Kalman filter, that are combined in a verti-ditional research is required to understand the seasonal de-
cally dependent weighted average with simple static covaripendence of the difference in forecast quality between EnVar
ances. Verification results are presented from a set of data asnd 4D-Var in the extra-tropics.
similation experiments over two separate 6-week periods that
used assimilated observations and model configuration very
similar to the currently operational system. To help interpret
the comparison of EnVar versus 4D-Var, additional experi-1 Introduction
ments using 3D-Var and a version of EnVar with only 3-D
ensemble covariances are also evaluated. To improve the raf@®r more than a decade, numerical weather prediction
of convergence for all approaches evaluated (including En{NWP) centers have been increasingly adopting the four-
Var), an estimate of the cost function Hessian generated bglimensional variational data assimilation (4D-Var) approach
the quasi-Newton minimization algorithm is cycled from one for global (Rabier et al., 2000; Rabier, 2005; Rawlins et
analysis to the next. al., 2007; Gauthier et al., 2007) and regional (Honda et al.,
Analyses from EnVar (with 4-D ensemble covariances)2005; Tanguay et al., 2012) deterministic prediction. This
nearly always produce improved, and never degraded, forebas contributed to significant improvements in analysis and
casts when compared with 3D-Var. Comparisons with 4p-forecast quality. During the same period, ensemble data as-
Var show that forecasts from EnVar analyses have either simsimilation approaches, including the Ensemble Kalman Fil-
ilar or better scores in the troposphere of the tropics and théer (EnKF; Houtekamer and Mitchell, 1998; Burgers et al.,
winter extra-tropical region. However, in the summer extra- 1998), have become increasingly used for initializing en-
tropical region the medium-range forecasts from EnVar haveseémble forecasts (Charron et al., 2010) and for providing
either similar or worse scores than 4D-Var in the troposphereflow-dependent background-error statistics used to produce
In contrast, the 6 h forecasts from EnVar are significantly bet-deterministic analyses (Clayton et al., 2012). Both 4D-Var
ter than 4D-Var relative to radiosonde observations for bothand ensemble data assimilation approaches rely on output
periods and in all regions. The use of 4-D versus 3-D en-from forecast models, though in different ways, within the
semble covariances only results in small improvements indata assimilation procedure when using observations to com-
forecast quality. By contrast, the improvements from usingPute @ correction to a short-term forecast (i.e., the back-
4D-Var versus 3D-Var are much larger. Measurement of thedround state). Several past studies have compared these ap-

fit of the background and analyzed states to the observationBroaches from both theoretical (Lorenc, 2003; Kalnay et al.,
2007; Gustafsson, 2007) and empirical (Caya et al., 2005;
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670 M. Buehner et al.: Four-dimensional ensemble-variational data assimilation

Whitaker et al., 2009; Buehner et al., 2010a, b; Miyoshi etdeterministic forecasts was also not tested, since it is not cur-
al., 2010; Zhang et al., 2011) perspectives. The present studsently being considered as a possible replacement of 4D-Var.
focuses on a comparison between 4D-Var and another variThis is mostly because the horizontal spatial resolution, ver-
ational approach, called ensemble-variational data assimitical extent, and volume of assimilated observations are all
lation (EnVar), which relies heavily on the ensembles pro-significantly lower in the EnKF than in the deterministic sys-
duced by an ensemble data assimilation approach, the EnKtem. In addition, an approach was evaluated for accelerating
(Houtekamer and Mitchell, 2005; Houtekamer et al., 2009)the minimization of the EnVar cost function by cycling an
in our case. The comparison is made in a context very closestimate of the Hessian generated by the quasi-Newton min-
to that of the systems currently operational at Environmentimization algorithm.
Canada. The previous study of Buehner et al. (2010a, b) does in-

To make more efficient use of the limited resources avail-clude comparisons with the approaches just mentioned in a
able and accelerate the development of future NWP systemgontext where all experiments use the same spatial resolu-
there is currently an effort at Environment Canada to movetion (for the analysis increment), model configuration and
towards a more unified approach for data assimilation. Theset of assimilated observations. In that study, using ensemble
current situation of developing separate state-of-the-art aseovariances in 4D-Var resulted in improved forecast scores
similation approaches and software libraries for the deterwhen compared with either 4D-Var using simple static co-
ministic and ensemble prediction systems will gradually bevariances or the EnKF ensemble mean analysis. This is also
replaced by systems that all make effective use of ensemeonsistent with the results obtained in an idealized context
bles and share large amounts of computer code for commowith a low-dimensional toy model by Fairbairn et al. (2013).
tasks. Consequently, any improvements made to the qualit similar comparison of 4D-Var using either simple static
of the ensembles should benefit both the deterministic andbackground-error covariances or ensemble covariances by
ensemble prediction systems. The EnVar approach uses 4uhl et al. (2013) also showed significant forecast improve-
D ensemble covariances in a way that essentially replacements from using the ensemble covariances.
the use of tangent-linear and adjoint versions of the forecast In the next section the configurations of the variational
model in 4D-Var. The use of 4-D ensemble covariances indata assimilation approaches evaluated in this study are de-
EnVar is also similar to how they are used within the EnKF scribed. Verification results from a set of data assimilation
itself (Hunt et al., 2004; Houtekamer and Mitchell, 2005; experiments with the full set of operationally assimilated ob-
Buehner et al., 2010a). Since a significant effort is requiredservations are presented in Sect. 3. In Sect. 4, some simple
to develop and maintain computationally efficient tangent-diagnostic results are presented that demonstrate the ability
linear and adjoint models, replacing 4D-Var with an EnVar of EnVar to represent the temporal dimension within the as-
approach would significantly reduce the effort required to similation window in comparison with other approaches. Fi-
further develop the data assimilation component of the denally, some conclusions are given in Sect. 5.
terministic prediction systems.

The goal of this study is to evaluate a version of En-
Var for possible replacement of 4D-Var in the operational 2 Data assimilation approaches evaluated
global deterministic prediction system (GDPS) at Environ-
ment Canada. The configurations of the systems included irBeveral data assimilation approaches were chosen for eval-
this study were chosen specifically with this goal in mind. uation with the goal of understanding how EnVar com-
For example, the horizontal resolution of the analysis incre-pares with 4D-Var in the context of operational global de-
ment in EnVar is chosen to match the resolution of the op-terministic weather prediction. Each approach was tested in
erational EnKF, even though this resolution is higher than6 week data assimilation experiments for each of two seasons
the analysis increment in 4D-Var. In the context of compar-with the same configuration of the forecast model and the
ing approaches for potential operational use, such a differsame set of assimilated observations, both being very simi-
ence in resolution is appropriate because of the significantljar to the system implemented operationally at Environment
lower computational cost of EnVar as compared with 4D-Var. Canada on 13 February 2013. Briefly, the Global Environ-
Similarly, no experiments were performed using 4D-Var in mental Multiscale (GEM) forecast model is configured with
combination with an ensemble-based covariance matrix (as uniform horizontal latitude-longitude grid with 1024 by
in the 4D-Var-Benkf experiment by Buehner et al. (2010a, b)800 grids points (resulting in a grid spacing of about 25 km
and the system currently operational at the United Kingdomat 5C latitude) and 80 vertical levels with the top level at
Meteorological Office, described by Clayton et al., 2012) in- 0.1 hPa (CMC, 2013). The operationally assimilated obser-
stead of the simple static background-error covariance mavations include those from radiosondes; aircraft; wind pro-
trix. While such an approach provides improved background-ilers; land stations, ships and buoys (near-surface observa-
error covariances for 4D-Var, it does not result in any reduc-tions); scatterometers; atmospheric motion vectors; satellite-
tion in the effort required to maintain and develop the sys-based radio occultation; and microwave and infrared satellite
tem. Finally, the direct use of EnKF analyses for initializing sounders and imagers. All experiments use an incremental
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approach to generate an analysis at the spatial resolution ofhere the twog factors control the contributions &pnmc
the forecast model from an analysis increment computed orandBenks as a function of the vertical level, and the vectors
a lower resolution horizontal grid and a slightly different set &,mc and&enks are the portions of the control vector associ-
of vertical levels. The 4D-Var experiment uses 2 iterationsated with each covariance matrix. The complete control vec-
of an outer-loop during which the high-resolution forecast tor
model is integrated to obtain an updated trajectory for the
tangent-linear and adjoint models and an updated measurg— |:§nmc:| 2)
of the fit to the observations. The first inner-loop minimiza- Eenkf
tion uses .35. itgrations and the second uses 3.0 itergtions. TWE used by the minimization algorithm to find the minimum
ot_he_r gSS|_rn|Iat|_0n approac_hes all use only a single mner-looq)f the preconditioned cost function
minimization with 70 iterations.
EnVar is tested using 4-D background-error covariances 15 1 b T
obtained from 192 EnKF background ensemble members ) = 55 §+ 2 [H (x )+HAx @ —y]
stored every hour over the 6 h assimilation window, as they _
are also used in the EnKF version that was also imple- R l[H (xb) t+HAx (8)—y], ®)

mented operationally on 13 February 2013. To evaluate the be - . ] .
impact of using 4-D covariances, another experiment usingVhere H(x®) is the nonlinear observation operator applied

only the 3-D covariances valid at the centre of the assim-© the background state trajectofy, is the tangent linear
ilation window was performed. When discussing these ex-version of H(e), y is the vector containing all observations
periments the terms 4D-EnVar and 3D-EnVar will be used being assimilated ang is the observation-error covariance
to distinguish between the two, however, elsewhere the simMatrix. The analysis incremendyx, in Eq. @) is obtained
pler name of EnVar is used to refer to the experiment withfrom the control vector using Eqsl)(and @). The analy-
4-D covariances. Note that 3D-EnVar is similar to the ap- SiS; Xa, is then obtained by summing the analysis increment
proach called 3D-Var-Benkf and 4D-EnVar is similar to the @nd the background state, all valid at the middle of the 6h
approach called En-4D-Var by Buehner et al. (2010a, b). ~ assimilation window. . ,

In addition, a 3D-Var experiment is also included in Because the top model level in the operational EnKF
the comparisons. The same static and highly parameterizet? NPa) is lower than the top model level of the GDPS
background-error covariances are used in both 3D-Var and0.1hPa), the ensemble covariances are not available for the
4D-Var. These are generated using lagged forecast differ/PPer portion of the GDPS levels. To overcome this, the
ences (48 h forecasts minus 24 h forecasts valid at the sami€ighting between the two matrices (controlled by fifac-
time) following the so-called “NMC method” (Parrish and tors in Eq.1) depends on the vertical level and gradually
Derber, 1992; see Charron et al., 2012 for details). The hor¢hanges from being equamc = Benks = 0.5) from the sur-
izontal resolution for the analysis increment in the 3D-Var facé up to about 40hPa to become fully weighted towards
and both EnVar experiments is chosen to match the resolut® Bame matrix (8nme = 1.0, fenks = 0.0) above 10 hPa and
tion of the EnKF, which uses a Gaussian grid with 600 by UP 10 the top level of the GDPS (see Fig. 1 in which the ver-
300 grid points (grid spacing of about 66 km at the equator).tical model co-ordinate very approximately equals the pres-
The 4D-Var experiment computes an analysis increment afure divided by the surface pressure, more details on this re-
lower resolution on a Gaussian grid with 400 by 200 grid lationship in CMC, 2013). Consequently, above 10hPa the
points (grid spacing of about 100 km at the equator), as inEnVar analysis is nearly equivalent to 3D-Var an_d therefore
the system that became operational on 13 February 2013, cannotbe expected to be as good as 4D-Var. A brief summary

The EnVar experiments in this study use hybrid of the four different data assimilation approaches is given in
background-error covariances (Hamill and Snyder, 2000)Table 1. An alternative weighting between the two covari-
that are a weighted average of the flow-dependant 4-D (oPNC€S mgtnce; was testgd in preliminary experiments with
3-D) ensemble covarianceBgn) and the same static co- More weight given tdenks in the tropospherefome = 0.25,
variances used in 3D-Var and 4D-Vrnc). The approach ﬂe-nkfz 0.75). The resulting forecast scores were similar or
for incorporating spatially localized ensemble covariancesSlightly worse than when using equal weighting and are not
within a preconditioned cost function, including the spatial included in this study. It should be noted that some additional
localization parameters used, are the same as described Brtical covariance localization is imposed by vertically vary-
Buehner et al. (2010a). Additional details related to the ap-Nd the weighting between the two covariance matrices. This
proach are given by Bishop et al. (2011). Unlike the study offresults from the assumption that the increments from the two
Buehner et al. (2010a), the ensemble covariances are confpatrices are independent of each other. However, the use of

bined with the static covariances by computing the analysis? 9radual variation in the weightings, spread out over many
increment model levels, minimizes this effect.

1/2 1/2 1/2 1/2
Ax = nr/nc(leve|k) Bn{ncgnm(:‘f‘ ﬂeékf(levelk) Beékfgenkfa 1)
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-4 , , , ) ) 4D-Var and all of the experiments included in this study use
the cost function Hessian estimated during the previous anal-
ysis cycle to initialize the Hessian for the current analysis.
While being very efficient and simple to implement, this ap-
proach results in a significantly improved convergence of the
minimization problem when using a fixed number of itera-
tions. The full Hessian depends on the specified background-
error covariances, observation error covariances and the ob-
servation operator. Therefore, if these three quantities remain
relatively similar over time, the strategy of cycling the Hes-
sian from one analysis time to the next can be beneficial, with
negligible additional computational cost. Figure 2 shows the
impact of cycling the Hessian in the context of EnVar. For a
: : single analysis time well after the beginning of the data as-
10° ; : ' : ; similation experiment, the minimization is performed both
0 025 05 075 1 with (dashed line) and without (solid line) the estimate from
Weighting factor . . L .
the previous analysis used to initialize the Hessian. Even
Fig. 1. The hybrid covariance weights used in computing the av- though the background-error covariances change each anal-
erage of theBeni (line with circles) andBpmc (line with crosses)  YSis time in EnVar, the impact on the rate of convergence of
covariance matrices for the EnVar experiments. using the Hessian from the previous analysis is clearly posi-
tive. The total cost function (Fig. 2a) is reduced much more
rapidly with Hessian preconditioning, but the value is nearly
Like 4D-Var, the EnVar approach could potentially also the same as without Hessian preconditioning after 70 iter-
use an outer-loop to provide an updated measure of the fiitions. The impact on the total observation cost function
to observations for computing the cost function. This can be(Fig. 2b) and the cost function component associated with
accomplished by producing an analysis at the beginning obnly the satellite radiance observations (Fig. 2c) and only the
the assimilation window for initializing a model integration aircraft observations (Fig. 2d) are also shown. This shows
over the window. However, since the increment is temporallythat the fit of the analysis to the observations, most noticeably
constant above 10 hPa and below this level the increment stilfor the aircraft observations, is improved when using Hessian
has a significant contribution from the static background-preconditioning. Consequently, even in EnVar in which all
error covariances that are temporally constant, the analysithree quantities (background- and observation-error covari-
increment computed at the beginning of the window is notances and the observation operator) change from one anal-
fully appropriate for that time. Consequently, significant er- ysis time to the next, these changes are small enough such
rors would result from starting a model integration from the that the strategy of cycling the Hessian estimated by the min-
EnVar analysis at the beginning of the assimilation window. imization algorithm is still effective.
Nevertheless, such an approach was attempted with the re-
sult of significantly degraded forecast scores that are also not
included in this study. 3 Forecast verification results
It should be noted that the computational cost of the En-
Var approach is currently significantly lower than the cost of |n this section, forecast verification scores are presented from
4D-Var at Environment Canada. Since the EnKF is alreadyusing analyses produced by 4D-Var, 3D-Var and versions of
an operational system, the cost of producing the ensemble aftnVar that use either 3-D or 4-D ensemble covariances. For
background states used in both the EnKF and EnVar is noeach approach, the data assimilation experiments span the
considered as being associated with EnVar. Given this factperiods 1 February to 14 March 2011 and 1 July to 14 Au-
the cost of only producing an EnVar analysis requires lessgust 2011. First the impact of using EnVar analyses instead
than one fifth of the time and less than half of the number ofof either 4D-Var or 3D-Var analyses is shown. Then the im-
processors as compared with 4D-Var, even though the anabact of using 4-D versus 3-D ensemble covariances within
ysis increment horizontal resolution is significantly higher in EnVar is examined. Though not entirely analogous with this
EnVar than in 4D-Var. last comparison, it is also interesting to evaluate the impact
The minimization algorithm M1QN3 (Gilbert and of including the time dimension in 4D-Var versus 3D-Var.
Lemaréchal, 1989) is used in the operational system and in
the experiments performed for this study. This algorithm is3.1 EnVar versus 4D-Var and 3D-Var
a limited-memory quasi-Newton approach that generates an
approximate estimate of the cost function Hessian duringFigure 3 shows the standard deviation (solid curves) and
the minimization to accelerate convergence. The operationadbias (dashed curves) relative to radiosonde observations of

10

Vertical model coordinate
=
S
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Table 1. Summary of experiments.

Experiment name Increment/analysis grid spacing  Minimization iterations B matrix

EnVar or 4D-EnVar 66 km/25 km 70 Hybrid: 4-Bgnki+ 3-D Bnme
3D-EnVar 66 km/25 km 70 Hybrid: 3-Benki+ 3-D Bnme
4D-Var 100 km/25 km 35+ 30 (2 outer-loop iterations)  3-Bnmc

3D-Var 66 km/25 km 70 3-Bnme

standard deviation than 4D-Var (however note the small, but
significant degradation for temperature near 250 hPa in the
northern extra-tropics with EnVar relative to 4D-Var). The
boxes on the left of each panel indicate that the bias is not
consistently larger or smaller in magnitude for EnVar than
4D-Var, except possibly for zonal wind in the tropics, which
is significantly smaller for EnVar than 4D-Var for almost all
levels. Figure 4 shows similar results for the EnVar and 4D-

Total cost function
Observation cost function

No Hessian precon. 05

I With Hessian precon. ' Var experiments, except for the July/August period. The re-
o0 o 0 o o0 o 0 o sults for this period are quite similar to the February/March
period.
1 1t The next set of verification scores are computed relative
3515 513 the ERA-Interim reanalyses (Dee at al., 2011). The stan-
3 s dard deviation of the difference between forecasts and the

reanalyses was computed for all experiments after interpo-
lating the forecasts with spatial averaging onto a coarse res-
olution global 1.5 latitude-longitude grid. Figure 5 shows
contours of the differences in these standard deviations com-
puted from the EnVar and 3D-Var experiments for the Febru-

Satellite radiance cost function
Aircraft cost function
w

05 ' ary/March period as a function of pressure from 100 hPa to
0 0 1000 hPa and lead time every 24 h from Oh to 120 h. Nega-

0 20 40 60 0 20 40 60 . . I
Iteration number Iteration number tive values correspond with a lower standard deviation for

EnVar than for 3D-Var. These are shown for geopotential
Fig.. 2. Evolution _of(a) the total cost function(b) the tota! obser- height for both the northern extra-tropics (Fig. 5a) and the
vatlon.cost function(c) the cost. functlon for satellite rqdlance ob- southern extra-tropics (Fig. 5¢) and for zonal wind in the
servation, andd) the cost function for aircraft observations. These . ioo (ig 5h). The forecasts initialized with EnVar anal-
are shown for a single EnVar minimization without Hessian pre- P .
conditioning (solid line) and with Hessian preconditioning from the yses have better verification scpr(_as than W.Ith 3D-Var anal-
previous analysis cycle (dashed line). yses (i.e., small_er standard dewatlong relative to the reanal-

yses) for all regions, levels and lead times, except for some

later lead times in the tropics near the surface for which the

) scores are nearly equal. Interestingly, the impact in the trop-
the 6 h forecasts (forecast-minus-observed values) from thg.q iq |argest at the shortest lead time, whereas in the extra-

EnVar (red) and 4D-Var (blue) experiments over the Febru-y s the impact is largest at 120 h, most noticeably near
ary/March period. The results are shown for temperature (Upfhe tropopause. Figure 6 shows similar results as the previ-

per panels) and zonal wind (lower panels) on pressure I_evbus figure, except for the July/August period. These results
els between 100 hPa and 1000 hPa and for three regions: t e similar as for the February/March period, except that

northern extra-tropics (left panels), tropics (middle panels)the difference in standard deviation is smaller in the north-

and southern extra-tropics (right panels). The small coloredy ., ey ra_tropics (summer season) and larger in the southern
boxes indicate the level of statistical significance with which extra-tropics (winter season).

the scores for the two experiments can be considered dis- Similar to the previous two figures, Figs. 7 and 8 show
tinct from each other and are only shown when the S"gmf"the difference in standard deviation relative to the ERA-

cance level is 90 % or higher. The color of the boxesindicateqmerim reanalyses between the EnVar and 4D-Var experi-

which experiment has the lower magnitude for standard deh1ents. For the February/March period, shown in Fig. 7, the

viation or bias. The predominantly red shading of most of ¢, 0.4t scores are only very slightly better for Envar as com-
the boxes on the right of each panel indicates that the EnVap, o \yith 4D-var in the northern extra-tropics and worse in
experiment produces 6 h forecasts with significantly smaller
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Fig. 3. The standard deviation (solid curves) and bias (dashed curves) for the 6 h forecasts produced by the EnVar (red) and 4D-Var (blue)
experiments for the February/March 2011 period relative to radiosonde observations. The results are shown for temperature (upper panels
and zonal wind (lower panels) for the northern extra-tropics (left panels), tropics (middle panels) and southern extra-tropics (right panels).
The small shaded squares on each side of the panels indicate the significance level of the differences between the statistics (bias for left side
standard deviation for right side) and the color indicates which experiment has the better score.

the southern extra-tropics. In the tropics, the scores are imforecasts relative to the reanalyses are shown comparing the
proved for EnVar relative to 4D-Var, similar to the compari- EnVar experiment with either 3D-Var (Fig. 9a) or 4D-Var
son between EnVar and 3D-Var. Similarly, Fig. 8 shows the(Fig. 9b). As expected, the comparison with 3D-Var shows a
same comparison for EnVar versus 4D-Var, except for thesmall consistent improvement for EnVar below about 10 hPa
July/August period. The difference in the forecast scores inand very similar forecast scores above. When compared with
the northern extra-tropics is again quite small, but for this4D-Var, the forecasts are of similar quality below 10hPa
season the 4D-Var has slightly better forecasts. In the southand significantly degraded above. Consequently, it appears
ern extra-tropics, the scores also have the opposite sign as ihat the gradual transition with vertical level of the weight-
the February/March period, with a small improvement in theing between the two covariance matrices in EnVar has the
scores for EnVar relative to 4D-Var, especially above 850 hPapredictable effect of producing similar quality forecasts as
and at lead times beyond 48h. In the tropical region, the3D-Var for the levels where the covariances are equivalent
scores are again better for EnVar than 4D-Var and similarwith 3D-Var and forecasts of improved quality for the levels
to those seen in the comparison between EnVar and 3D-Varwhere Benks makes a significant contribution to the hybrid
The hybrid background-error covariances used in the Encovariances.

Var experiments gradually transition from being a simple av- In summary, the comparison between EnVar with 3D-Var
erage of theBnme and Benks covariances in the troposphere shows that EnVar nearly always produces improved forecasts
and lower stratosphere to being equivalent withBhgcco-  when compared with 3D-Var. When compared with 4D-Var,
variances above 10 hPa. To evaluate the impact of this on ththe forecasts from EnVar analyses always have either sim-
stratospheric analyses and forecasts, Fig. 9 shows similar relar or better scores than 4D-Var in the troposphere of the
sults as in the previous figures, except for the layer of the attropics and the winter extra-tropical region (i.e., northern
mosphere between 1 hPa and 100 hPa for the entire global de@xtra-tropics in February/March and southern extra-tropics
main. The difference in the standard deviation of temperaturen July/August). Conversely, in the summer extra-tropical
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Fig. 4. Same as the previous figure, except for the July/August 2011 period.
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Fig. 5. The difference in standard deviation relative to ERA-Interim reanalyses for the EnVar and 3D-Var forecasts for the Febru-
ary/March 2011 period fofa) geopotential height in the northern extra-tropi@s,zonal wind in the tropics, anft) geopotential height in

the southern extra-tropics. Note that negative values corresponds with a smaller standard deviation relative to ERA-Interim reanalyses (i.e.,
better quality) for the forecasts from EnVar analyses than for the forecasts from 3D-Var analyses.

region, the medium-range forecasts from EnVar have eistratosphere above 10 hPa, the forecasts from EnVar are of
ther similar or worse scores than 4D-Var in the tropospheresimilar quality as 3D-Var and significantly worse than 4D-
These seasonal differences in the extra-tropics are largest ivar.

the southern extra-tropics, where the EnVar is significantly

worse in February/March and better in July/August than 4D-

Var. In contrast, the short-range forecasts are consistently

improved for EnVar when compared with 4D-Var. In the
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Fig. 6. Same as the previous figure, except for the July/August 2011 period.
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Fig. 7. Same as Fig. 5, except showing the difference in standard deviation relative the ERA-Interim reanalyses for the EnVar and 4D-Var
experiments for the February/March 2011 period. Note that negative values correspond with improved forecasts from EnVar analyses as
compared with forecasts from 4D-Var analyses.

3.2 4D-EnVar versus 3D-EnVar and 4D-Var versus as compared with using the 3-D ensemble covariances. The
3D-Var impact in the southern extra-tropics is larger than the north-
ern extra-tropics. Since the background-error covariances are
The 4-D ensemble covariances in EnVar act to propagate inidentical at the middle time in the 4D-EnVar and 3D-EnVar
formation from observations distributed throughout the 6 hexperiments, observations near the middle time will have the
assimilation window to the middle of the window where the same influence on the analysis increment in the two experi-
computed analysis increment is used to produce the finafments. In contrast, observations near either the beginning or
analysis. This ability is likely to be somewhat limited be- end of the time window should be more accurately assimi-
cause the ensemble covariances are used in combination witated when using the 4-D covariances than the purely 3-D co-
the 3-D climatological covariances. To help determine theyariances. Similar results were obtained for the July/August
impact of using the 4-D ensemble covariances in this contextperiod (not shown), except that the impact is slightly larger in

an additional EnVar experiment was performed using the 3the southern extra-tropics and slightly smaller in the northern
D ensemble covariances valid at the middle time. The experextra-tropics.

iments are referred to as 3D-EnVar and 4D-EnVar to indicate |n 4D-Var, the tangent linear and adjoint versions of the
the type of ensemble covariances used in each. Figure 1fprecast model are used to propagate information between
is similar to those shown in the previous subsection, butthe observations distributed throughout the 6 h assimilation
comparing the forecasts from the 4D-EnVar and 3D-EnVarwindow and the analysis increment computed at the begin-
experiments for the February/March period. These resultsiing of the window. The analysis increment computed at the
demonstrate that the use of 4-D ensemble covariances givaseginning of the window is then propagated with the non-

a generally small improvement (note that the contour inter-linear forecast model to the middle time to produce the final
vals in Fig. 10 are 5 or 10 times smaller than in Figs. 5-8)
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Fig. 8. Same as the previous figure, except for the July/August 2011 period.
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Fig. 9. The difference in standard deviation relative to ERA-Interim reanalyses in the stratosph@elierEnVar-minus-3D-Var forecasts
and(b) the EnVar-minus-4D-Var forecasts for the February/March 2011 period for temperature over the entire global domain.

“analysis” used to initialize the medium-range forecasts. In4 Temporal fit to observations over the assimilation
3D-Var, the analysis increment is computed directly at the  window
middle of the assimilation window, like in EnVar, based on
observations distributed throughout the window. However,The ability of the EnVar analyses to fit observations dis-
in 3D-Var the information from the observations is propa- tributed through time over the assimilation window provides
gated assuming it is unchanged through time. Therefore, alévidence of how well the 4-D ensemble covariances capture
of the observations are treated differently in 4D-Var versusthe spatial-temporal structure of the errors. In 4D-Var, the
3D-Var and such a comparison is not directly analogous withtemporal covariances are implicitly modeled by the tangent-
the comparison between 4D-EnVar and 3D-EnVar. Nonethefinear and adjoint versions of the forecast model, whereas in
less, Fig. 11 shows the results comparing 4D-Var with 3D-3D-Var the errors are assumed to be constant through time.
Var. The verification scores from 4D-Var are generally better|n this section, the ability of all three assimilation approaches
than 3D-Var in all three regions. Note that the differences into fit observations distributed over the assimilation window
the southern extra-tropics are as much as an order of mags examined to evaluate the accuracy of the spatial-temporal
nitude larger than the difference between 4D-EnVar and 3D-background-error covariances used by each.
EnVar. Similar results were obtained for the July/August pe- Figure 12 shows the fit to temperature (upper panels) and
riod (not shown), except that the impact is slightly smaller in zonal wind (lower panels) observations near 250 hPa (be-
the southern extra-tropics and slightly larger in the northerntween 225 hPa and 275 hPa) from aircraft computed over the
extra-tropics. entire February/March period for the EnVar (red curves), 4D-
Var (blue curves) and 3D-Var (green curves) experiments.
For 4D-Var, the fit to the observations is measured with
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Fig. 10. Same as Fig. 5, except showing the difference in standard deviation relative the ERA-Interim reanalyses for the 4D-EnVar and
3D-EnVar experiments for the February/March 2011 period. Note that negative values correspond with improved forecasts from 4D-EnVar
analyses as compared with forecasts from 3D-EnVar analyses.
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Fig. 11.Same as the previous figure, except showing the difference in standard deviation relative the ERA-Interim reanalyses for the 4D-Var
and 3D-Var experiments for the February/March 2011 period.

respect to either the final integration of the tangent-linear verit to the observations,

sion of the forecast model (blue), or an integration of the

high-resolution nonlinear forecast model starting from the 5, ) _ var[y (t) — H (xp(1))] — var[y () — H(xa(f))]! 4)
analysis at the beginning of the assimilation window (not var(y (1) — H (xp(1))]

shown). The standard deviation of the observation-minus- . . . .

background (solid curves) and observation-minus-analysi@fter being normalized by its value at the middle of the as-
(dashed curves) is shown in Fig. 12a and c as a functiorpimilation window,
of the relative time within the assimilation window. For all D)
experiments the background state fits the observations mor® (¢) = Dy’
closely at the beginning of the window than at the end. (fmidde)
While the analysis fits the observations more closely thanyhere the variable denotes the relative time within each 6 h
the background state over the entire window, it appears tgssimilation window, that is, frora3 h to 3h, andmigdie is

vary less over the assimilation window than for the back-0h. Since this quantity is normalized to have a value of one
ground state. Note that the background state from 4D-Varat the middle of the window, it provides a relative average
consistently agrees more with the aircraft temperature obsemeasure of how each assimilation approach improves the fit
vations than for EnVar, consistent with the similar measureto observations at times away from the middle of the window.
at 250 hPa shown for radiosonde observations in Fig. 3a. To/alues less than one for a particular time in the assimilation
give a more direct measure of how the analysis from each asyindow indicate that the analysis is drawn to these observa-
similation approach fits the observations over time, Fig. 12btions less than it is drawn to the observations at the middle of
and d show the proportional reduction in the variance of thethe assimilation window. Figure 12b and d show that all of

®)
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Fig. 12. Results showing the mean fit of the analyses from different assimilation approaches over the 6 h assimilation window. Left pan-
els: the standard deviation of the observation-minus-background (solid curves) and observation-minus-analysis (dashed curves) for aircrafi
observations. Right panels: the relative improvement in the fit to the observations made by the assimilation procedure, normalized by this
measure at the middle of the assimilation window (see Egsd5). These are shown for all observations of 250 hPa temperature (upper
panels) and 250 hPa zonal wind (lower panels) from aircraft over the February/March 2011 period for the EnVar (red), 4D-Var (blue), and
3D-Var (green) experiments. The 4D-Var results are from propagating the analysis increment with the tangent linear model.

the assimilation approaches generally move the backgrounds compared with 3D-Var and EnVar, and significantly more
state a greater “distance” towards the aircraft observationglosely in the second half of the window relative to the mid-
in the second half of the assimilation window than for the dle of the window. This can possibly be explained by a large
observations in the first half of the assimilation window, con- growth rate of the temperature perturbations around 2 hPa
sistent with the results seen in the panels on the left. Also, theluring the 6 h forecast model integration. This would make
3D-Var approach (green) appears less able to fit observationis easier in 4D-Var to create large analysis increments near
before and after the middle of the assimilation window thanthe end of the assimilation window as compared with EnVar
both EnVar (red) and 4D-Var (blue). In general, the EnVar and 3D-Var which both have analysis increments at this level
and 4D-Var approaches fit the observations before and aftethat are constant in time due to the use of 3-D background-
the middle of the assimilation window similarly, except that error covariances (since EnVar fully usgnc at this level).
EnVar fits the zonal wind observations in the second half con-The impact of partially using the 4-D ensemble covariances
sistently more closely than 4D-Var. Only small differences in EnVar at lower levels is seen in the results for channels
are seen in the fit to the observations with 4D-Var when us-10 and 6. In both cases, the EnVar analyses are drawn more
ing either the tangent-linear or nonlinear model to propagatestrongly towards the observations away from the middle of
the analysis increment from the beginning of the assimilationthe assimilation window than with 3D-Var. For channel 10,
window to later times (not shown). which is most sensitive to temperature around 40 hPa, the En-
Similarly, Fig. 13 shows the same type of information as Var analyses generally provide the closest relative fit to the
the previous figure, but for the brightness temperature obsembservations, especially near the beginning of the assimila-
vations from channels 6, 10 and 14 of the AMSU-A instru- tion window as compared with 3D-Var and 4D-Var. For chan-
ments. For channel 14, which is most sensitive to tempernel 6, which is most sensitive to temperature around 300 hPa,
ature around 2 hPa, the 3D-Var and EnVar approaches giveoth EnVar and 3D-Var provide a larger relative fit to the
very similar results, consistent with the equivalence of theobservations near the beginning of the assimilation window,
two approaches above 10 hPa, as mentioned previously. Farhereas both EnVar and 4D-Var give a similarly larger fit to
both 3D-Var and EnVar, the relative fit to observations by the observations than for 3D-Var near the end of the assimi-
the analysis is slightly less near the beginning and end ofation window.
the assimilation window as compared with the middle of the The same results were computed also for the 3D-EnVar
window. In contrast, with 4D-Var the analysis fits the obser- experiment, though they are not shown in Figs. 12 and
vation much less closely near the beginning of the window13 for the sake of clarity. Consistent with the forecast
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Fig. 13.Same as the previous figure, except for brightness temperature observations from AMSU-A channel 14 (upper panels), 10 (middle
panels), and 6 (lower panels).

verification scores shown in the previous section, the fit ofconcluded that the inclusion of this aspect in EnVar only re-
the background state to the observations is similar to, busults in a relatively small improvement to forecast quality.
slightly worse than for the 4D-EnVar experiment for both
aircraft and AMSU-A observations. However, for the relative
measure given by Eqsd{and ) the results from 3D-EnvVar 5 Conclusions
are very similar to those for 3D-Var. This confirms that the
improved relative fit of 4D-EnVar analyses to observations The goal of this study was to evaluate a version of the
near the beginning and end of the assimilation window (asensemble-variational data assimilation approach (EnVar) for
compared with 3D-Var in Figs. 12 and 13) is due to the usePossible replacement of 4D-Var for operational global de-
of the 4-D ensemble covariances. terministic weather prediction at Environment Canada. This
The results shown in this section suggest that the use of 4implementation of EnVar relies on the 4-D ensemble covari-
D ensemble covariances below about 10 hPa enables Envances obtained from the Canadian ensemble Kalman filter,
to produce a 4-D analysis increment that is reasonably concurrently used for initializing ensemble forecasts. Verifica-
sistent with the misfit between the observations and the backtion against ERA-Interim reanalyses were generated from a
ground state throughout the 6 h assimilation window. Thisset of data assimilation experiments over two separate 6 week
allows the EnVar approach, like 4D-Var, to better make usePeriods for EnVar, 4D-Var and also for 3D-Var and a ver-
of the observations distributed throughout the assimilationsion of EnVar that uses 3-D ensemble covariances. In these
window than assimilation approaches that assume the errdg#Xperiments, EnVar analyses nearly always result in im-
in the background state is constant for all times in the as-Proved, and never degraded, forecasts when compared with
similation window, like 3D-Var or 3D-EnVar. However, this 3D-Var. Compared with 4D-Var, the forecasts from EnVar
aspect of EnVar, as implemented for this study, is certainlyanalyses have either similar or better scores in the tropo-
limited by the weighted average between the 4-D ensembl&phere of the tropics and the winter extra-tropical region.
covariances and the 3-D static covariances used to specifi the summer extra-tropical region the medium-range fore-
the background_error covariances. From the Comparison ofasts from EnVar have either similar or worse scores than

4D-EnVar with 3D-EnVar in the previous section, it can be 4D-Var in the troposphere. The seasonal differences in the
extra-tropics of medium-range forecast quality are largest in
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the southern extra-tropics, where the EnVar is significantlyReferences

worse in February/March and better in July/August than 4D-

Var. In contrast, the 6 h forecasts from the EnVar experiments ) .

are significantly better than those from 4D-Var relative to ra- Bishop. C. H., Hodyss, D., Steinle, P., Simms, H., Clayton, A. M.,

diosonde observations for both periods and in all regions. In Lorenc, A_' C. Barke_r, D.' M." and_ Bgehner, M. Ef.f'c!en.t ensem-
ble covariance localization in variational data assimilation, Mon.

the stratosphere above 10 hPa, the forecasts from EnVar anal- Weather Rev. 139. 573-580. 2011

yses are of similar quality with those from_3D—Var, consmtentBuehnen M., Houtekamer, P. L., Charette, C.. Mitchell, H. L.. and

with the fact that both use the same static background-error e g - Intercomparison of variational data assimilation and the

covariances here, and significantly worse than those from Enpsemble Kalman Filter for global deterministic NWP, Part I:

4D-Var. A possible approach for improving the EnVar anal-  Description and Single-Observation experiments, Mon. Weather

yses and resulting forecasts in the stratosphere is to raise the Rev., 138, 1550-1566, 2010a.

top model level in the EnKF (currently 2 hPa) to the sameBuehner, M., Houtekamer, P. L., Charette, C., Mitchell, H. L., and

level as in the deterministic system (0.1hPa). The use of He, B.: Intercomparison of variational data assimilation and the

4-D ensemble covariances as compared with 3-D ensemble Ensemble Kalman Filter for global deterministic NWP, Part II:

covariances only results in small improvements in forecast One-Month Experiments with Real Observations, Mon. Weather

. - . Rev., 138, 1567-1586, 2010b.
ggr?:g};rzg \(I:v?tr;]tgig’\}:rez;gpr;%\gehn;;%t;rfrom using 4D-Var aSBurgers, G., van Leeuwen, P. J., and Evensen, G.: Analysis Scheme

. ; in the Ensemble Kalman Filter, Mon. Weather Rev., 126, 1719—
In conclusion, the results from this study suggest that the ;754 1995

EnVar approach is a viable alternative to 4D-Var, especiallycanadian Meteorological Centre (CMC): Improvements to the
when the simplicity and computational efficiency of EnVar  Global Deterministic Prediction System (from version 2.2.2 to
are considered. It should be emphasized that, due to prac- 3.0.0), and related changes to the Regional Deterministic Predic-
tical reasons, a version of 4D-Var that uses 3-D ensemble tion System (from version 3.0.0 to 3.1.0), Canadian Meteorolog-
background-error covariances in place of the static covari- ical Centre technical note, available http://collaboration.cmc.
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of understanding the causes of the lower quality medium-Caya A., Sun, J., and Snyder, C.: A comparison between the 4dvar
range forecasts in the summer extra-tropical regions as com- an_d the ensemble Kalman filter techniques for radar data assimi-
pared with 4D-Var. If this problem is eventually resolved by lation, Mon. Wea.ther Rev., 133, 3081-3094, 2005.

. ) . Charron, M., Pellerin, G., Spacek, L., Houtekamer, P. L., Gagnon,
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