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Rapid updates of short-term numerical forecasts remain limited by the time it takes

to assimilate observations and run a dynamical model to produce new forecasts. Here

we use an ensemble-based statistical method to rapidly adjust a user-defined subspace

of the forecast grids as observations become available. Specifically, an ensemble

Kalman filter is used to adjust forecast variables based on covariances between the

ensemble estimate of the observation and the forecast variables. This approach allows

rapid adjustment of forecast fields, or functions of those fields, “offline,” without the

expense or time limitation of running the full dynamical model. Furthermore, by

updating an ensemble, forecast uncertainty is also adjusted. The technique is tested

using operational ensemble forecasts from the European Centre for Medium Range

Weather Forecasts and Canadian Meteorological Centre. Results show that the method

is effective at reducing forecast errors in surface pressure at least 18–24 hours after

the observation time, with maximum impact of 9–15% for 12-hour forecasts. Results

for surface temperature show error reduction 6–12 hours after the observation time.

Incorporating time-lagged ensembles provides even greater reduction in error, and

a novel covariance localization technique that operates in space and time based on

statistical significance is evaluated.
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1. Introduction

Frequently updating short-term weather forecasts (“nowcasting”),

using the latest observations, is a research problem with

substantial benefit to society (e.g., Mass 2012). In response

to the need for rapidly updated forecasts, some operational

centers produce dynamical models that cycle on an hourly

basis to assimilate the latest observations and generate short-

term forecasts. For example, the National Oceanographic and
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Atmospheric Administration (NOAA) has the Rapid Refresh

(RAP) forecast system and the experimental High-Resolution

Rapid Refresh (HRRR) system. However, including the time it

takes for observation reports to be acquired, the data assimilation

process, and integration of the forecast model, there is often a

lag on the order of several hours between the availability of new

observations and of a new forecast. For global models such as

the National Centers for Environmental Prediction (NCEP) Global

Forecast System (GFS) or the European Centre for Medium-

Range Weather Forecasts model (ECMWF), which are cycled

at 6- and 12-hour intervals, respectively, the delay between new

observation availability and the production of an updated forecast

can be more than 12 hours.

Statistical methods have been developed to modify existing

forecasts as new observations become available in order to shorten

the time between forecast updates. For example, one of the

longest-running methods is the Local Aviation Model-Output-

Statistics (MOS) Program (LAMP) which has been operational at

the National Centers for Environmental Prediction (NCEP) since

the late 1980s (Glahn and Unger (1986), Ghirardelli (2005)).

LAMP uses multiple linear regression on selected screened

observations and simple prognostic models for sea-level pressure,

moisture and cloud advection to adjust the future forecast

trajectory of several aviation-relevant variables, including surface

winds and temperature. Because this method relies on static,

station-specific relationships between observations and future

forecast states, it is insensitive to flow-dependent features, and

no updated forecast information is produced for locations that

do not have observations. Furthermore, this technique has only

been applied to single, deterministic, forecasts and offers no

update to forecast uncertainty. In addition, a long training period

of forecasts and observations is required to properly screen

predictand variables and develop calibrated regression equations.

To exploit flow-dependent relationships between variables,

covariances based on ensemble estimates have been widely

used, most notably in the various implementations of

the ensemble Kalman filter (EnKF) for data assimilation

(e.g. Houtekamer and Mitchell (1998), Anderson (2001),

Whitaker and Hamill (2002), Houtekamer and Mitchell (2005)).

These ensemble estimates of covariances relate variables and

locations such that the impact of an assimilated observation may

extend well beyond the observation location and to other variables

with which it covaries. The vast majority of data assimilation

research has addressed the analysis problem, which updates the

ensemble state at times for which the observations were made;

here we extend this approach into the future, beyond the time of

observations.

Covariances between model-based observation estimates and

variables at different times has been previously considered

in the four-dimensional version of the ensemble Kalman fil-

ter (Hunt et al. 2004), in ensemble–variational hybrid systems

(EnVar) (e.g., Liu et al. 2008), and in an ensemble Kalman

smoother (Evensen and van Leeuwen 2000). Furthermore, relat-

ing ensemble covariances at different forecast times forms the

basis for ensemble sensitivity analysis (Torn and Hakim 2008),

which involves choosing a scalar metric that defines an aspect

of the forecast. Ensemble covariances between that metric and

the ensemble estimate of antecedent states can then be used

to identify locations and patterns in the antecedent states to

which the metric is most sensitive. This technique has numerous

applications, including allowing the forecaster to adjust his or

her assessment of the forecast metric as additional observations

become available, and targeting observations to sensitive locations

(e.g. Ancell and Hakim (2007), Migliorini (2013)).

Here we apply the ensemble sensitivity approach to adjusting

future forecast states as new observations become available. There

are two main steps to the approach:

1. An ensemble forecast is initialized at time t0 and produces

forecasts out to time tn.

2. At some later time (ta), new observations are assimilated to

adjust a subspace of the ensemble forecast fields at chosen

forecast times.

This technique is first described in Etherton (2007) where it

is termed “preemptive forecasting” and tested for an idealized,

perfect-model experiment using a barotropic model. He finds

that updating 48-hour forecasts with vorticity observations at 24-

hours verifies better than the control 48-hour forecasts. Here we

extend the work of Etherton (2007) by testing this approach on

operational forecasts.
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This ensemble forecast adjustment (EFA) technique offers

several advantages for nowcasting applications, including:

• Rapidly updating forecasts at data assimilation time

without the expense of running the full dynamical model

• Selectively updating only the forecast fields of interest

instead of the full forecast state

• Forecasts that derive from the updated fields, such as from

hydrological or storm surge models, can also be updated

• Using the spread-reducing properties of ensemble data

assimilation to adjust future forecast uncertainty in addition

to updating the ensemble mean

• Allowing flow-dependent covariances to adjust forecasts

instead of static relationships

• Not being limited to observation locations for forecast

updates; the entire domain may be updated

The remainder of the paper is organized as follows. The

method is fully described in Section 2, and results in Section 3.

Conclusions are drawn in Section 4.

2. Method

The two main elements of the method, data and the algorithm that

uses the data, are described in sequence.

2.1. Data: Ensemble Forecasts and Observations

Inherent to the success of this technique is a well-calibrated

ensemble forecast that supplies physically consistent information

to relate model estimates of observations in space and time.

Here we compare results for two operational ensemble forecast

systems: the Canadian Meteorological Centre Global Ensemble

(CMCE) and the ECMWF Global Ensemble whose features

are compared in (Buizza et al. 2005). A summary of relevant

characteristics of these ensemble systems is provided in Table 1.

The ECMWF and CMC ensembles are chosen because they

have distinct characteristics amenable to this technique. Larger

ensemble sizes are generally more successful at estimating

covariance relationships and the ECMWF ensemble has among

the largest number of members (50). The initialization method of

the ECMWF ensemble involves ensemble perturbations derived

from a hybrid ensemble of data assimilations and singular

vector initialization technique (EDA-SVINI), which includes

perturbations based on 10 perturbed runs of a 4DVAR data

assimilation scheme and singular vector components optimized

for ensemble performance at the 48-hour forecast (Buizza et al.

2008; Persson and Andersson 2013). With this initialization

technique, the quality of the ensemble covariances at very short

forecast lead times, such as those examined in this study, is

unclear. In contrast, the CMC ensemble, while having fewer

members (20), draws its perturbed members from a cycled, 192-

member ensemble Kalman filter (Houtekamer and Mitchell 2005;

Houtekamer et al. 2014), which may provide better covariance

information at short forecast lead times. For this study, we choose

to examine the ensemble forecast update technique using the raw

ensemble output without additional post-processing or calibration.

This permits examination of how this technique’s performance

varies with the afore-mentioned differences in these operational

ensembles at short forecast lead times. Aspects of this technique

may benefit from calibration of the ensemble output; we leave

exploration of those methods to future research.

Ensemble forecast data for this study are obtained from the

THORPEX Interactive Grand Global Ensemble (TIGGE) archives

(Bougeault et al. 2010). The forecasts are available at 0000 UTC

and 1200 UTC initialization times with forecast output every 6

hours on a 0.5 degree horizontal resolution grid that covers the

Northern Hemisphere during the three-month period from 1 April

2013 through 30 June 2013.

The greatest impact on forecast updates is expected for

observations that have long correlation length scales in space

and time, and relatively minor issues with representativeness

error and bias. Here we consider primarily surface pressure

observations in the form of altimeter settings as these observations

satisfy these criteria (e.g., Madaus et al. 2014). Additional tests

are performed assimilating surface (2m) temperature observations

to explore a variable with generally shorter correlation length

scales. Observations used for assimilation and verification are

acquired from the NOAA Meteorological Assimilation Data

Ingest System (MADIS). These data include stationary surface

observations, marine observations when available, and twice-daily

radiosonde observations. Quality control checks are performed on

the observations before assimilation and verification, including

c© 2014 Royal Meteorological Society Prepared using qjrms4.cls
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Table 1. Comparison of relevant characteristics for ensemble systems used. Note that the actual operational systems may differ in their maximum resolution,

forecast output interval, etc., but the configurations shown here are what are used for this study.

Ensemble Number of Update Forecast Initialization Horizontal

System Members Interval Interval Method Resolution

ECMWF 50+1 12 hr. 6 hr. EDA-SVINI 0.5 deg.

CMCE 20+1 12 hr. 6 hr. EnKF 0.5 deg.

Figure 1. Sample of surface observations available at 0600 UTC 01 April 2013 over the Northern Hemisphere domain used in this study.

discarding outlier observations (outside a 800-1100 hPa range

for altimeter setting) and checking that the terrain near the

station is well-represented by the model topography by excluding

observations where the model elevation of any of the nearest four

gridpoints differs by more than 300 meters (Ancell et al. 2011).

An example of the observation distribution used at one particular

time is shown in Fig. 1.

2.2. Algorithm

Here we use an approach based on the square-root version of

the ensemble Kalman filter (ENSRF) (Whitaker and Hamill 2002)

for updating the ensemble forecasts. At each initialization time,

the 6-hour through 30-hour ensemble forecasts are obtained and

compiled into a single state vector. The observations valid at the

time of the 6-hour forecast are then assimilated with ensemble

estimates of these observations derived from the 6-hour ensemble

forecasts. These observations are allowed to update not only the

6-hour forecast fields, but also the 12-30 hour forecast fields for

all state variables. Both the original ensemble forecasts and the

newly-updated ensemble forecasts are then verified against all

observations valid at the forecast time.

For forecast verification. the statistic used to quantify forecast

performance is the ensemble-mean mean-squared-squared error

(MSE) computed as follows:

MSE =
1

n

n∑

i=1

(xi − yi)
2

(1)

Where n is the total number of observations for a given

verification time, xi is the ensemble mean forecast at the

verification time interpolated to the location of the i-th observation

and yi is the value of the i-th observation. This statistic is averaged

across all forecast updates for the month-long study to summarize

the quality of the forecast.

To address sampling error during the assimilation process, we

employ covariance localization using the follow procedure. In

most experiments we apply the covariance localization function

of Gaspari and Cohn (1999) with a half-width of 1000 km.

We note that a static, space-only, localization centered on the

observation is sub-optimal since the signal propagates in time.

We investigate varying the localization half-width over a range

of values to determine the sensitivity of the forecast updates to

this parameter. In addition, we propose and examine a method for

localization based on statistical significance tests on the sample

covariance between the ensemble estimates of the observation

and the gridpoint variable at each forecast hour. Where the

statistical significance passes a certain threshold (here, 99%), the

observation is allowed to update that forecast point. At locations

where this criterion is not met, no update is applied. Features of
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Figure 3. Altimeter RMSE difference (updated ensemble mean forecast minus

original ensemble mean forecast) for the CMCE (red) and ECMWF (black)

ensembles as a function of forecast hour from Figure 2. 95% bootstrapped

confidence intervals are shown.

this localization technique will be examined in more detail in the

results section.

3. Results

3.1. Surface Pressure and temperature adjustments

Surface altimeter observations are assimilated 6-hours into the

forecast to update the 12–30 hour forecasts of altimeter setting

(ALT). Figure 2A shows the ensemble-mean mean-squared-error

(MSE) and 2B the mean ensemble variance in the original

and updated ensemble forecasts from the ECMWF and CMCE

systems as a function of forecast hour. At all forecast hours

considered, MSE is reduced after assimilation. At forecast hour

12, MSE in altimeter setting is reduced by approximately 15% for

the CMCE and 9% for the ECMWF ensemble. The improvement

decays with increasing forecast hour; however, reductions in MSE

over the control remain statistically significant through the 30

hour forecast (Fig. 3). Ensemble variance is also reduced by

this technique at all forecast hours. The ensemble variance for

both systems is less than would be expected based on the MSE,

with the CMCE variance approximately 60% of the MSE and

the ECMWF variance 20% of its MSE at forecast hour 12. For

the ECMWF ensemble, the singular vector components of the

initial perturbations are selected to optimize error growth at 48-

hours (Buizza et al. 2008). As such, it is not surprising that the

ECMWF ensemble variance is lower than the MSE and a smaller

fraction of the MSE compared to the CMCE system for these

very short forecast lead times. After assimilating observations, the

percent reduction in variance for the CMCE is comparable to the

reduction in MSE, indicating that this technique is able to reduce

variance in a manner that is roughly consistent with the reduction

in error. With additional calibration of the ensemble variance or

the application of covariance inflation techniques, which are not

considered here, more accurate updates of forecast uncertainty

may be possible.

Limited tests were performed where the assimilated surface

pressure observations update forecasts of 500hPa height field.

Verification of results against radiosonde observations for 12 and

24 hour forecasts reveal small sample-mean reductions in 500hPa

MSE, but these reductions were not statistically significant (not

shown).

Results for assimilating surface (2m) temperature observations

at forecast hour 6 to update the 12-30 hour forecasts of 2m

temperature reveal a smaller impact of the observations compared

to the altimeter observations (Fig. 4). Local variations in surface

temperature are not well captured by coarse 0.5-degree-resolution

data and, we hypothesize, the correlation length scales in time

and space for temperature is much less than for surface pressure.

Nevertheless, statistically significant reductions in MSE are

apparent for both ensemble systems at the 12-hour forecast: 7%

for the CMCE and 1.5% for the ECMWF. No MSE reduction

is observed for the ECMWF ensemble beyond 12 hours. The

CMCE shows no reduction in error for 18-24 hours, and a small

reduction at 30 hours. One possibility for this improvement at

30 hours relates to the diurnal temperature cycle, suggesting

some possibility of longer-term temperature improvement due to

a diurnal bias in the forecast.

Ensemble variance (Figure 4B) again shows too little spread

for both unadjusted ensembles, consistent with previous results

(Hagedorn et al. 2012). The ECMWF variance is not effectively

reduced by this technique, which is encouraging given the lack of

adjustment at most forecast times. The CMCE variance, however,

is reduced at all forecast times even though the MSE is not. In

this case, the implied reduction of uncertainty would lead to an

overconfidence in the updated forecast.
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Figure 2. Altimeter setting RMSE and ensemble spread in both the original ensemble forecast (dashed) and the updated ensemble forecast (solid) as a function of forecast

hour for the CMCE ensemble (black) and ECMWF ensemble (red). Only altimeter setting observations were assimilated at forecast hour 6.
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Figure 4. 2m temperature RMSE and ensemble spread in both the original ensemble forecast (dashed) and the updated ensemble forecast (solid) as a function of forecast

hour for the CMCE ensemble (black) and ECMWF ensemble (red). Only 2m temperature observations were assimilated at forecast hour 6.

3.2. Character of the forecast adjustments

Here we consider measures and depictions of the impact of

observations on forecasts. One way that observations improve

the forecast is through removal of bias. While this technique

provides a convenient, flow-dependent approach to bias removal,

the influence of the approach is not limited to bias. To quantify the

impact of observation assimilation on bias relative to total forecast

error, we compute the fraction of the change in error variance in

the ensemble mean that comes from bias as described in equation

2.

1

n

n∑

i=1

∆ei
2

∆e2
i

(2)

For each verification observation location i over the three-month

study period, we separate the total ensemble-mean error variance
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Figure 5. 2m temperature RMSE difference (updated ensemble mean forecast

minus original ensemble mean forecast) for the CMCE (red) and ECMWF (black)

ensembles as a function of forecast hour. 95% bootstrapped confidence intervals are

shown.

(e2i ) into a time-mean component (ei; the bias) and perturbations

about that mean. This is computed for both the forecast error

variance and the updated, analysis error variance. We then

compute the squared change in the time-mean error between the

forecast and the analysis and divide this by the change in the total

error variance to estimate the fraction of the update that is due

to bias removal. For updating the 12-hour altimeter forecasts, the

result obtained by averaging over all n observations reveals that

61% of the forecast error reduction is attributable to bias for the

CMCE and 23% of the error reduction is attributable to bias for

the ECMWF ensemble.

We now explore the dynamical structure of the forecast updates

by examining two forecast scenarios. Figure 6 shows one example

of the adjustments made to the 12-hour surface altimeter field

forecasts made by assimilating observations taken 6 hours into

the forecast. At 1200 UTC 22 April 2013, an anticyclone in the

northeast Atlantic was contributing to northerly cross-barrier flow

over the Alps, and a surface low pressure center was forecast

to develop in the Tyrrhenian Sea near Sardinia in response to

this pattern. Observations assimilated at 0600 UTC 22 April

2013 update the forecast 6 hours later to increase the surface

pressure over much of Great Britain and into northwestern Europe,

enhancing high pressure to the north of the Alps. In addition,

the forecast low pressure center in the Tyrrhenian Sea was

strengthened and shifted toward the northwest. Observations from

1200 UTC confirm this update, with substantial reductions in

forecast error over northern Europe and in Sardinia and southern

Italy. This highlights the ability of this technique to update the

strength, structure and position of rapidly-deepening cyclones as

observations become available.

Another sensible weather feature affected by this technique is

frontal boundaries. Accurate forecasts of the timing and intensity

of frontal passages can be critical for many applications, including

forecasting convective initiation, aircraft operations, and wind

energy concerns. Figure 7 shows an example of two forecast

adjustments from a developing cyclone in the central United

States on 9–10 April 2013. These adjustments are from the

experiment where only temperature observations are assimilated

at 6 hours into the forecast to updated the 12-hour forecast. The

ECMWF deterministic 0.5 degree 2m temperature analysis is used

as verification here for comparison. At 0000 UTC, 9 April 2013

(top row), the cyclone is beginning to intensify with developing

warm and cold fronts. The 286 K isotherm is chosen as a rough

outline of the boundaries of the developing warm sector. When

temperature

observations at 1800 UTC 8 April 2013 are assimilated, the

forecast 6 hours later is adjusted such that the temperature is

reduced by 2–4 K over an area in northern Nebraska, southeastern

South Dakota and southwestern Minnesota. A closer inspection of

the forecast location of the 286 K isotherm in this area (upper right

panel) reveals that the updated ensemble mean is much closer to

the position of the analyzed 286K isotherm than in the original

ensemble. Furthermore, the spread about the ensemble mean is

significantly reduced in the updated forecast.

The bottom panels of figure 7 show the same cyclone at

1200 UTC10 April, 2013. A clearly-defined warm sector is again

apparent in the distribution of the 286 K isotherm. Assimilating

temperature observations 6 hours previously make substantial

temperature adjustments (greater than 1K) in the vicinity of the

southern end of the cold front near southern Oklahoma and Texas.

The updated ensemble-mean location of the 286 K isotherm shows

that this cooling adjustment moves the cold front eastward, which

more closely matches the analyzed position of this isotherm, and

the spread about the ensemble mean is reduced.
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Figure 6. 12 hour CMCE altimeter setting forecasts and adjustments for 1200 UTC, 22 April, 2013. Background colored shading shows the altimeter setting increment

at this forecast time. Contours showing the original forecast (gray) and updated forecast (black) altimeter setting are also shown. The change in forecast error at each

observation location is shown by the color and size of the dots. Forecast error was reduced after assimilation at observations with green shading; error was increased at

locations with purple shading.

3.3. Time-lagged Ensembles

As noted previously, the EDA-SVINI ECMWF ensemble

initialization may not produce meaningful spatial covariances

at short forecast lead times, particularly in comparison to the

ensemble-Kalman-filter based initialization used in the CMCE.

Furthermore, both the CMC and ECMWF ensembles have

relatively few members, which may not allow for robust

covariance estimation. Time-lagged ensembles provide a cost-

effective approach to increasing ensemble size to address these

issues. Moreover, by including ensemble members with longer

lead time, the spatial covariance structures may be better

developed, particularly for the ECWMF ensemble. Here we test

this approach by generating time-lagged ensembles for both the

ECMWF and CMCE ensemble systems using a combination

of the most recent ensemble and the ensemble initialized 12

hours previously. Forecasts of altimeter setting are updated as in

the earlier experiments through assimilation of surface altimeter

observations taken 6 hours after the initialization time of the most

recent ensemble.

Figure 8 shows the altimeter setting MSE and ensemble

variance for the CMCE as a function of forecast hour using as

the prior forecast both the most recent ensemble run (CMC20;

black) and the two most recent ensemble runs (CMC40; blue).

As one may expect, the addition of the time-lagged members

worsens the performance of the control (prior) ensemble mean by

adding forecasts having a longer lead time. However, the updated

forecasts with the CMC40 ensemble show slight improvement

for short forecast for lead times for 12–18 hours, beyond which

time there is little difference from the 20-member ensemble. One

notable exception is the ensemble variance, which reveals much

more spread when the time-lagged members are included.

Figure 9 shows the same comparison as in Figure 8, but for

the ECMWF ensemble. Again, the additional ensemble members

have a greater ensemble-mean MSE at all forecast hours in

the control (prior) ensemble. However, the updated 100-member

ensemble after assimilation has a lower MSE than the updated

ECM50 ensemble at all forecast times. We speculate that this

reflects the different ensemble initialization technique for the

c© 2014 Royal Meteorological Society Prepared using qjrms4.cls
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Figure 7. 12 hour surface (2m) temperature forecasts and adjustments for 0000 UTC 9 April 2013 and 1200 UTC 10 April 2013. Background shaded contours in all panels

show the ECMWF 0.5 deg. deterministic 2m temperature analysis at each time. The position of the analyzed 286K isotherm is denoted by a solid black line on each panel.

The 12-hour forecast ECMWF ensemble-mean 286 K isotherms are shown from the original ensemble (red, dashed) and the updated ensemble after assimilating surface
temperature observations 6 hours previously (blue, dashed). In the left panels, the adjustment (increment) to the temperature forecast is contoured where its magnitude

exceeds 1K. The right panels zoom in on the areas of interest boxed in the left panels. The right panels show the ensemble mean 286 K before and after the update and

also the encompassing envelope of 286 K isotherms from all ensemble members both before (red, solid) and after (blue, solid) the assimilation and adjustment.

ECMWF ensemble. Namely, the EDA-SVINI method produces

ensemble members that require time to develop spatially rich

covariance patterns, which is promoted by inclusion of the

additional time-lagged members.

3.4. Effect of Localization Radius

The effectiveness of this forecast adjustment technique may

be sensitive to the covariance localization treatment (Etherton

2007). A potentially important complication from traditional

ensemble spatial localization concerns the treatment of the

signal in time, since observational signals propagate. Here we

compare traditional static localization techniques of various

localization radii with one that allows temporal evolution and

spatial irregularity.

3.4.1. Static localization radius

As discussed earlier, the results shown above use the Gaspari-

Cohn localization function with a half-width radius of 1000 km.

Here we vary the localization radius half-width from 100 km

though 2000 km to examine the impact on forecast adjustment for

different forecast lead times. For each experiment, the localization

radius remains fixed and does not vary with different forecast lead
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Figure 8. Altimeter setting MSE and ensemble variance in both the original ensemble forecast (dashed) and the updated ensemble forecast (solid) as a function of forecast

hour for the CMCE ensemble. Results from populating the ensemble with only the most recent 20 member ensemble (CMC20; black) and by including both the most

recent two ensemble runs to have 40 members (CMC40; blue) are shown.
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Figure 9. Altimeter setting MSE and ensemble variance in both the original ensemble forecast (dashed) and the updated ensemble forecast (solid) as a function of forecast

hour for the ECMWF ensemble. Results from populating the ensemble with only the most recent 50 member ensemble (ECM50; red) and by including both the most

recent two ensemble runs to have 100 members (ECM100; magenta) are shown.

times. Results show that for the 12-hour forecast, the greatest

reduction occurs with the 500 km localization half-width (Fig.

10). For the 18 and 24 hour forecasts, the greatest reduction is

at the 1000 km localization half-width. At longer lead times, the

need to expand the half-width motivates a more-general approach

that can accommodate arbitrary signal propagation.

3.4.2. Localization by statistical significance

The ideal localization method for EFA would allow the area

updated by an observation to evolve in time while also reducing

the impact of spurious covariances that increase with forecast

lead time. Here we test a method that localizes using a statistical

confidence test to dictate the locations to be updated. Specifically,
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Figure 11. Locations where the correlation between the CMCE estimate of altimeter setting are statistically significantly correlated (at 99% confidence) with the CMCE

estimate of altimeter setting at KUIL at 0600 UTC 10 April, 2013. Statistically significant correlations are shown at both the time of the observation (F06) and subsequent

forecast hours. The CMCE ensemble mean altimeter field at each forecast hour is contoured in gray.
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Figure 10. Altimeter MSE differences (updated ensemble mean forecast minus
original ensemble mean forecast) for the CMCE ensemble as a function of

localization half-width radius. The effects at three forecast hours are shown: 12-

hour forecast (black), 18-hour forecast (red), 24-hour forecast (magenta). 95%

bootstrapped confidence intervals are shown.

the correlations between the ensemble estimate of the observation

and the ensemble estimate of all state variables at all locations are

tested for statistical significance. Where the correlation is found

to be statistically significant, the observation is allowed to update

the state variable at that location. No update is performed if the

correlation is not found to be statistically significant. This leaves

forecasts at times and locations where there is no statistically

significant covariance unaffected by the update procedure. While

this technique is impractical for dynamical model initialization,

which relies on smoothly varying fields, here the updated forecasts

are not intended to be used for such purpose.

We repeat the experiments assimilating altimeter setting

observations for this statistical significance localization technique.

Statistical significance is computed by estimating the confidence

in a computed Spearman rank-correlation coefficient between the

observation estimate and each forecast point. A 99% confidence

threshold is chosen. A fixed cutoff radius of 4000 km around each

observation is still imposed to minimize very long range spurious

updates. Within that 4000 km range, no covariance weighting is

applied—the full magnitude of the covariance is used when it is

found to be statistically significant. Figure 11 shows one example

of how the areas of statistical significance may evolve through a

forecast. A “plume” of locations where the covariance between

ensemble estimated altimeter setting is statistically significant

initially surrounds the location of the observation and evolves with

time.
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Figure 12. Average percentage of points within a 4000 km radius surrounding each

observation that are covary with the observation with a statistical significance of at

least 99% as a function of forecast hour. One standard deviation is also shown. The

1% noise level from the 99% confidence is shown with a dotted line.

Figure 12 shows the average fraction of points within 4000 km

radius of each observation that pass the statistical significance

test for both ensembles as a function of forecast hour. It is

apparent that, on average, this method has a functional form that

decays with increasing forecast lead time while also retaining

the variability from flow-dependent statistics. There is a notable

difference between the ECMWF and CMCE curves in that the

CMCE has a lower fraction of significant points and the variance

in that number is also smaller for the CMCE. Because the

statistical significance test is sensitive to sample size, results for

the 20-member CMCE may not be as robust as for the 50-member

ECMWF.

The performance of this localization technique is evaluated

against the static localization experiments with a localization

half-width of 2000 km so that each observation may potentially

affect the same number of points. Figure 13 illustrates that the

statistical significance technique does fairly well in comparison

with the static localization method for the CMC ensemble. It

is particularly noteworthy that for 12–18 hour forecast lead

times, over 90% of the error reduction is recovered by the

statistical-significance localization approach where only 2-7% of

the forecast points are adjusted (Fig. 12). However, the statistical

significance localization fails to produce the same error reduction
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Figure 13. CMC ensemble difference in surface altimeter MSE (updated minus

original) as a function of forecast hour while using static Gaspari-Cohn localization

radii of 2000 km half-width (black) and with the statistical significance method of

localization with a cutoff radius of 4000 km (blue). Bootstrapped 95% confidence

intervals are shown.

as the static technique beyond the 18-hour forecast. Figure 12

shows that at longer lead times, the percentage of significant

points is close to the noise threshold of 1% expected with this

99% confidence test. We again attribute this outcome to the

relatively small CMC ensemble size, which allows for less-robust

confidence testing.

For the ECMWF ensemble, the 12-hour forecast the statistical

significance technique performs as well as the static Gaspari-Cohn

technique but at 18 hours, the statistical significance localization

only returns half of the error reduction as the static technique

(Fig. 14). For longer forecast times, the statistical significance

technique appears to have a greater reduction in error than in

the static Gaspari-Cohn technique, though the differences in error

reduction are not statistically significant with 95% confidence.

Nevertheless, for a larger ensemble that can better estimate

the statistical signficance, longer-term forecast updates may

benefit from the adaptive properties of the statistical significance

localization technique.

4. Conclusions

We examined the utility of an ensemble forecast adjustment

(EFA) technique first described in Etherton (2007) to improve

short-term forecasts of two operational global ensemble systems.

This technique exploits covariances between ensemble estimates

of new observations as they become available, and ensemble

forecasts of forecast states. The effectiveness of this method

was tested for the ECMWF and CMCE ensemble systems.
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Figure 14. ECMWF ensemble difference in surface altimeter MSE (updated minus

original) as a function of forecast hour while using static Gaspari-Cohn localization

radii of 2000 km half-width (black) and with the statistical significance method of

localization with a cutoff radius of 4000 km (blue). Bootstrapped 95% confidence

intervals are shown.

Assimilating surface pressure observations (as altimeter settings)

improved subsequent forecasts of surface pressure up to 24 hours

after the observation time. These improvements were 15% for the

CMCE and 9% for the ECMWF ensemble for 12-hour forecasts

(6 hours after the observation time). In addition, 12-hour forecast

ensemble variance reduction was consistent with this reduction

in error, although further calibration of both ensembles is still

needed. Similar experiments for 2m temperature observations

improved subsequent temperature forecasts 6 hours after the

observation time, but with no improvement at longer lead times.

Adjustments made to the forecasts reduced forecast bias and were

also shown to project onto specific, flow-dependent phenomena,

such as cyclones and fronts.

Using time-lagged ensembles to increase the ensemble size by

incorporating the previous cycle ensemble cycle’s members in the

prior ensemble further reduced the error in the updated forecasts

for forecast lead times of 12 hours or less. Beyond this time, the

time-lagged ECMWF ensemble continued to show error reduction

but the time-lagged CMCE did not. We speculate that this contrast

is due to the difference in initialization methods between the

two ensemble systems. More generally, this suggests that the

effectiveness of EFA may strongly depend on the ensemble

initialization method.

A method of adaptively localizing the forecast updates in space

and time through statistical significance testing was proposed

and evaluated. This localization method captured nearly the

same amount of error reduction as the static localization for

short lead times. However, in contrast to the static localization

method, a much smaller number of points were updated with each

assimilated observation. Results from the ECMWF experiment

suggest that larger ensembles can better estimate statistical

significance, so that longer-lead-time forecast updates may benefit

from this adaptive statistical significance localization technique.

The EFA technique as examined here has a number of

limitations that motivate further work. While the EFA method may

refine probabilities, it will not help explicitly refine forecasts of

binary events if they are not captured in the ensemble forecast. For

instance, if this update were applied to accumulated precipitation

estimates and no ensemble members had precipitation in a certain

location, this technique would not generate precipitation at that

location. In addition, most current operational ensembles are

not designed for EFA purposes; they lack a sufficient number

of members or are not calibrated to produce realistic spread

and covariance structures for short forecast lead times. This is

somewhat problematic, since the linearization implicit in the

EFA technique is most relevant for updating short-term forecasts,

particularly on the mesoscale. For this technique to be most useful

on the mesoscale, high spatial and temporal resolution ensembles

are needed, but are currently lacking from operational centers.
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