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Introduction

For the UERRA project, the Met Office has developed a reanalysis system which is being used to
produce a satellite-era ensemble reanalysis and a corresponding high-resolution deterministic reanalysis over the European domain. The ensemble system consists of twenty independent reanalysis members. Sources of uncertainty (lower-boundary, observations and model) are perturbed
so that each reanalysis member uses a different realisation of input conditions. The ensemble
reanalysis system was initially documented in [Jermey et al., 2017] and the same configuration
has been used for production except that three dimensional variational assimilation (3DVAR) is
used in place of four dimensional variational assimilation (4DVAR) to improve production speed.
The deterministic reanalysis is similar in design to a single member of the ensemble reanalysis,
but at higher resolution. This system is detailed in section 2. The deterministic data assimilation
is 4DVAR and uses a ‘hybrid’ approach, which exploits ensemble data to improve the reanalysis.
This hybrid data assimilation is documented in section 3. This is based on the Met Office global
assimilation system for operational forecasting, which is being used in a regional context for the
first time.
Before production began, the hybrid data assimilation system was tuned to optimise information
from the ensemble. This process is described in section 4.
Some diagnostics and results demonstrating the quality of the deterministic reanalysis are detailed in section 5 and there is a summary in section 6.
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System Design

The system performs deterministic reanalysis of the atmospheric state at 0.11 ◦ ≈ 12km over
Europe, using the Met Office Unified Model (UM), [Davies et al., 2005], as shown in figure 1,
with assimilation at 0.22 ◦ ≈ 24km.
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Figure 1: UERRA reanalysis domain.
As with the ensemble reanalysis, the deterministic reanalysis is produced by a cycled forecast
using the Met Office Unified Model (UM), [Davies et al., 2005, Wood et al., 2014], with the Even
Newer Dynamics dynamical core (ENDGame), [Wood et al., 2014]. The forecast is initialised
three hours before the analysis time and runs for a further nine hours beyond the analysis
time to provide a background state for the subsequent cycle. An analysis increment to the
background is calculated by 4DVAR data assimilation, [Rawlins et al., 2007], which estimates
the optimal atmospheric state given the observations and background state within a six hour
window. The background error covariances exploit information from the ensemble system, as
detailed in Section 3. Hourly output atmospheric fields are available via reanalyses every six
hours and (re)forecasts from these reanalyses for hourly fields in between these times. The cycling system is shown in figure 2.
The system assimilates observations from the European Centre for Medium-Range Weather
Forecast’s (EMCWF) archive. These include surface stations, sondes, ships, buoys, aircraft,
and satellite radiances and this data is supplemented with additional atmospheric motion vector observations and zenith total delays from the Geostationary Positioning System (GPS),
[Pacione et al., 2017]. A full list of assimilated observations is available in appendix A of
[Jermey et al., 2017]. Lateral boundary conditions to the region come from ECMWF Interim Reanalysis (ERA-Interim), [Dee et al., 2011], the upper boundary is a fixed lid at approximately
43km and the lower land surface boundary is calculated using the Met Office surface analysis scheme (SURF), [Candy, 2014]. These boundary conditions and the observations are the
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Figure 2: Diagram of ensemble member cycling.
same as those used by the ensemble system. The lower sea surface boundary is given by the
mean of the Hadley Centre Ice and Sea Surface Temperature version 2 ensemble, (HadISST2),
[Rayner et al., 2003, Titchner and Rayner, 2014], until 2010, and the Met Office Operational
Sea Surface Temperature and Sea Ice Analysis, (OSTIA), [Donlon et al., 2012], for 2010-2016,
degraded to the resolution of HadISST2 (0.25 ◦ ). These sea surface boundary conditions are the
mean of those seen by the ensemble members.
The deterministic system also uses the new Monitoring and Updating Station Lists (MUSLi)
system to reject and correct observations by identifier based on departure statistics in preceding
months. Corrections are made for surface observations of pressure and for temperature observations from aircraft and upper air data. The system also performs variational bias correction for
the satellite data, [Lorenc, 2012], [Dee, 2004], (VarBC).
A wide variety of atmospheric variables are archived from the deterministic reanalysis in ECMWF’s
Meteorological Archival and Retrieval System (MARS) archive. These are detailed in appendix
A.
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Hybrid Data Assimilation
J = Jb + Jo + Jc1 + Jc2

(1)

The VAR method of assimilation minimises a penalty function, J, given by equation 1, whose
principal terms penalise distance to the background (Jb ) and distance to the observations (Jo ),
[Rawlins et al., 2007]. These two terms are squared differences weighted by the inverse of the
corresponding error covariances. The final two terms (Jc1 + Jc2 ) penalise high frequency be3

haviour.
Traditionally the background error covariance has been estimated by a smooth parameterised
approximation to climatology tuned by forecast differences over a long period. This estimation
of the true error covariances is sufficient to consistently produce an analysis which is closer to the
true atmospheric state than the background. However, this estimation does not vary from cycle
to cycle and regions of activity in the background are given the same weight as regions of stability. An alternative to this estimation is to use a covariance matrix derived from an ensemble.
In contrast, this ensemble covariance does vary from cycle to cycle, but contains a significant
amount of noise, which leads to spurious responses to assimilated observations. Localisation
of the estimated covariances reduces noise, but still leads to inferior analyses. A hybrid of the
climatological and ensemble covariances creates a low-noise estimation that is dependent on the
synoptic pattern. This method has been used for background error covariance estimation for
operational global forecasts at the Met Office since 2011, [Clayton et al., 2013]. It is used here
for the first time in a regional context. This hybrid covariance estimation exploits information
from the ensemble reanalysis to improve the deterministic reanalysis.
There are few observations to constrain the atmosphere near the top of the model and, therefore,
ensemble covariances are generally large in this region. To avoid significant unphysical features
being propagated by the rigid lid and failures in the assimilation, it is essential that analysis
increments to the background are small near the top of the model. Therefore, following operations, only the climatological covariances are used above 21km, with a smoothing zone between
16km (hybrid) and 21km (static).
Following [Bowler et al., 2017], a larger number of vertical modes are used in the reanalysis
than for operational forecasting. The vertical localisation method is also changed from a scheme
based on modes of climatological stream functions to multiplication by a Gaspari-Cohn function,
[Gaspari and SE, 1999]. These changes reduce vertical noise. As in [Bowler et al., 2017] the vertical localisation has a cut-off of 1.5 scale-heights, which are defined as the vertical distance
necessary for the pressure to change by a factor of e.
Following operational practice, the horizontal localisation scheme is also an application of a
Gaspari-Cohn function, which is applied via a series of spectral transforms, with less significant
higher wave-numbers discarded to improve efficiency. As suggested by [Bowler et al., 2017], the
horizontal localisation scale is significantly shortened. This increases the significance of higher
wave-numbers and so the maximum is increased.
As described in [Clayton et al., 2013], an anti-aliasing high pass filter is applied to the ensemble to reduce spurious gravity waves in the assimilation. This is a homogeneous and isotropic
Gaussian function with height 1, centre 0 and standard deviation √h2 , where h is the horizontal
localisation scale described in section 4.
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Figure 3: Difference in root mean square error for 2m temperature, 10m winds and 850hPa
temperature and winds of hybrid relative to static system against localisation scale.
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Hybrid Tuning

To optimise use of the ensemble data by the assimilation, a number of short experiments were
carried out varying ensemble and climatological weights, size of ensemble (via lagging) and horizontal localisation scale. A full list of experiments is given in appendix B.
Figure 3 shows the relative difference in root mean square error for four atmospheric variables
- 2m temperature, 10m winds and 850hPa temperature and winds - in the hybrid system compared to a static reanalysis control for a variety of different hybrid settings. The figure shows
that there is no localisation scale for which representation of all variables is improved when moving from a static system to the hybrid. In particular at all scales RMSE is increased for some
variables/settings. However the majority of RMSEs are reduced by hybrid assimilation and the
best results are seen using a localisation scale of 200km. This means that responses to an assimilation are damped with distance and those that are more than 730km are blocked altogether.
The left hand plot of figure 4 shows the impact of moving from the static assimilation system
to the 20 member hybrid assimilation system for a variety of covariance weights. This shows
that such a move is beneficial if the weight given to the ensemble covariance is less than that
given to the climatological covariance. The hybrid is beneficial for all the variables shown if its
weight is less than half that of the climatological covariance. The optimal ratio shown here is 0.3.
An experiment to increase the ensemble size via lagging was carried out. Twenty error modes
were used initialised at the previous analysis time and a further twenty were used that were
initialised at the analysis time before that. The lagging process increases the cost of the ensemble
reanalysis since it requires a longer (re)forecast and, as shown in figure 5, does not improve the

5

Figure 4: Difference in root mean square error for 2m temperature, 10m winds and 850hPa
temperature and winds of hybrid relative to static system against covariance weights ratio (lhs)
and against total weight (rhs) for a horizontal localisation scale of 200km.

Figure 5: Difference in root mean square error for 2m temperature, 10m winds and 850hPa
temperature and winds of hybrid relative to static system against localisation scale. Plot shows
system with 20 error modes (blue) and 40 error modes (red).

6

Setting
Value
Upper limit of hybrid zone
16km
Lower limit of static zone
21km
Number of vertical modes
20
Vertical localisation type
Gaspari-Cohn
Vertical localisation cut-off
1.5 scale-heights
Maxmimum horizontal wave number 40
Number of error modes
20
√1
High pass filter scale
2
Horizontal localisation scale
200km
Hybrid climatology weight
100
Hybrid ensemble weight
30
Table 1: Summary of hybrid settings.
quality of the reanalysis. Therefore the production system does not include this feature.
A summary of hybrid settings used for the Met Office reanalysis is given in table 1.
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5.1

Results & Diagnostics
Assimilation Statistics

Figure 6 shows the penalty statistics from the Met Office UERRA deterministic reanalysis for
April 1987 to July 1987 and for April 2008 to July 2008. The first two plots show the converged
total penalty and background penalty for 1987 and 2008, respectively. The background penalty
is a measure of the distance of the reanalysis from the (re)forecast from the previous reanalysis
(called the background), see section 3. The figures show that the total penalty remains stable
throughout, with the contribution of the background penalty remaining small and of consistent
magnitude. Both total and background penalties from 2008 are larger than those for 1987 due
to the substantial increase in the number of assimilated observations. The penalties show a
sub-daily pattern since a larger number of observations are available for assimilation at 00Z and
12Z than at 06Z and 18Z.
The third and fourth plots in figure 6 show the observation penalty (initial and converged) for
1987 and 2008, respectively. This is the most significant component of the total penalty and is
a measure of the distance of the model to the observations. Throughout the two periods, the
converged penalty, a measure of the distance of the reanalysis from the observations, is smaller
than the initial penalty, a measure of the distance of the background from the observations.
This reduction in penalty indicating the reanalysis is always closer to the observations than the
background. Again, moving from 1987 to 2008, the penalty increases, since it is dependent on
the number of observations.
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5.1 Assimilation Statistics

Figure 6: Penalty statistics from Met Office UERRA for Apr - Jul 1987 & 2008 against cycle number. Top to bottom: Total and background penalties for 1987, total and background
penalties for 2008, observation penalties for 1987, observation penalties for 2008, high frequency
penalties for 1987 and high frequency penalties for 2008, respectively.
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5.1 Assimilation Statistics

Figure 7: Number of iterations for assimilation from Met Office UERRA for Apr - Jul 1987 (top)
& 2008 (bottom) against cycle number.

The fifth and final plots in figure 6 show the high frequency penalties (biggest and converged)
for 1987 and 2008, respectively. A large ‘spike’ in either of these statistics may indicate an
assimilation failure. These plots demonstrate that such problematic behaviour does not occur
for the two periods.
Figure 7 shows the number of iterations required to reach convergence for the assimilation in
both 1987 (top) and 2008 (bottom). These plots indicate that the descent algorithm performs
well throughout the two periods since convergence is reached within a reasonably consistent
number of iterations on every cycle. The number of iterations required for convergence is higher
in 2008 than in 1987 due to the increase in the number of assimilated observations.
Figure 8 shows the number of assimilated observations in 1987 and 2008 for surface stations,
sondes, aircraft and satellite winds (atmospheric motion vectors). Other observation types are
not shown. The plots show that the number of observations assimilated from these observation
types is reasonably consistent cycle-to-cycle, with the exception of satellite winds in 1987. The
number of assimilated surface observations does not substantially vary with the time of day, but
increase from approximately 2700 in 1987 to approximately 9000 in 2008. The number of sondes
is higher at 00Z and 12Z (approximately 120) than at 06Z and 18Z (approximately 20). This
does not vary substantially between 1987 and 2008. The number of aircraft observations is much
higher for 06Z, 12Z and 18Z than at 00Z and much higher in 2008 than in 1987 (5000 and 100,
respectively). The number of satellite winds also follows this pattern.
Figure 9 shows the RMS differences between the reanalysis and sonde observations. For each
variable - relative humidity (RH), potential temperature (theta) and eastward wind (U), statistics are shown at model levels 5 (approximately 230m) and 15 (approximately 1.7km). On each
plot the difference between the reanalysis and assimilated observations (O-A) is shown by a
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5.1 Assimilation Statistics

Figure 8: Number of assimilated observations Met Office UERRA for Apr - Jul 1987 & 2008
against cycle number. Top to bottom: Surface and sondes 1987, surface and sondes 2008, aircraft
and satellite winds 1987, aircraft and satellite winds 2008, respectively.

10

5.1 Assimilation Statistics

Figure 9: Sonde observation departure statistics from Met Office UERRA for Apr - Jul 1987 &
2008 against cycle number. Top to bottom: RH 1987, RH 2008, theta 1987, theta 2008, U 1987
and U 2008, respectively.
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5.1 Assimilation Statistics

Figure 10: Observation departure statistics from Met Office UERRA for Apr - Jul 1987 & 2008
against cycle number. Top to bottom: Aircraft theta and surface temperature 1987, aircraft
theta and surface temperature 2008, aircraft, satellite wind and surface U 1987 and aircraft,
satellite wind and surface U 2008, respectively.
heavy line and the difference between the background and the observations (O-B) is shown by
a feint line. The O-B values can be considered the error at a (re)forecast time of six hours and
are a measure of the quality of the reanalysis. The first and second plots show O-A and O-B for
RH, the third and fourth for potential temperature and the fifth and final plots are for eastward
wind. Throughout the two periods O-A is lower than O-B indicating that the reanalysis is always
closer to the sonde observations than the background. For RH, the level 15 statistics are greater
than those at level 5 indicating that the disagreement with observed RH increases with height.
Moving from 1987 to 2008 decreases the O-B statistics indicating that the quality of representation of all three variables improves with the increased number of (non-sonde) observations, as
expected.
Figure 10 shows the RMS differences between the reanalysis and other observations. Again, O-A
is shown by a heavy line and O-B by a feint line. As with sonde observations, the O-A are lower
than the O-B in every variable and the statistics are reduced with the move from 1987 to 2008.
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5.2 Representation of Temperature

Figure 11: RMSE of T+6 2m temperature against station observations for Met Office UERRA
and ERA-Interim for Apr - Jul 1987 (top) and Apr - Jul 2008 (bottom). Full domain.

5.2

Representation of Temperature

Figure 11 shows the RMSE of 2m temperature across the UERRA domain for a six hour forecast
from ERA-Interim and the Met Office deterministic reanalysis, which is used as an upper limit
of the RMSE of the reanalysis for April, May and June in both 1987 and 2008 when compared
against station observations valid at forecast time. The models are interpolated to station positions and a height correction applied using a lapse rate of 0.0065 Km−1 . For both periods
shown, the Met Office deterministic reanalysis is not an improvement on ERA-Interim. In 1987,
on average, the Met Office reanalysis performs slightly worse than ERA-Interim and in 2008,
they are of similar quality. For both reanalysis the RMSE is decreased by approximately 3%
between 1987 and 2008 due to increased observation density. The relative increase in quality of
the Met Office reanalysis in the later period could be due to an increase in observation density
which the hybrid assimilation scheme is better able to exploit.
Figure 12 shows the RMSE of 2m temperature across regional sub-domains for a six hour forecast from ERA-Interim and the Met Office deterministic reanalysis for April, May and June in
2008. The quality of both reanalyses is dependent on geographical location. ERA-Interim is
better than average over France, Germany, the UK and Scandinavia and the Met Office reanalysis is better than average over Iberia, France, Germany and the UK. The Met Office reanalysis
improves on ERA-Interim in Iberia and France, is similar quality in Germany and the UK and
is worse over Scandinavia.
Figure 13 shows the mean error of 2m temperature across the UERRA domain for a six hour
forecast from ERA-Interim and the Met Office deterministic reanalysis, which is used as an
estimate of the bias of the reanalysis for April, May and June in both 1987 and 2008. This
figure suggests that the bias of both reanalyses is small. ERA-Interim is slightly cooler than the
observations and the Met Office reanalysis is slightly warmer. In moving from 1987 to 2008, the
bias in the Met Office reanalysis is halved, but that of ERA-Interim doubles.
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5.2 Representation of Temperature

Figure 12: RMSE of T+6 2m temperature against station observations for Met Office UERRA
and ERA-Interim for Iberia, France, Germany, the UK and Scandinavia, top to bottom, respectively. Apr - Jul 2008.
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5.3 Representation of Wind

Figure 13: Mean error of T+6 2m temperature against station observations for Met Office
UERRA and ERA-Interim for Apr - Jul 1987 (top) and Apr - Jul 2008 (bottom). Full domain.

Figure 14 shows the mean error of 2m temperature across regional sub-domains for a six hour
forecast from ERA-Interim and the Met Office deterministic reanalysis for April, May and June
in 2008. This figure shows that the bias of both reanalyses varies with the region. Over Iberia
and France the bias is smaller in the Met Office reanalysis than ERA-Interim, but over Germany,
the UK and Scandinavia it is larger. In particular there is an increasing cold trend in the Met
Office reanalysis over Scandinavia for the final week of April.
Figure 15 shows the RMSE of 850hPa temperature across the UERRA domain for a six hour
forecast from ERA-Interim and the Met Office deterministic reanalysis compared against sonde
data valid at the forecast time. This shows that at 850hPa, the Met Office reanalysis improves
on quality of representation of temperature over ERA-Interim. The improvement is slight in
1987 and larger in 2008, which is consistent with the benefits of the regional system increasing
with increasing observation density.

5.3

Representation of Wind

Figure 16 shows the RMSE of 10m wind vector across the UERRA domain for a six hour forecast
from ERA-Interim and the Met Office deterministic reanalysis compared against station data
valid at the forecast time, which, again, is used as an upper limit of the RMSE of the reanalysis
for April, May and June in both 1987 and 2008. This shows that the Met Office reanalysis
improves on ERA-Interim for 10m wind representation in both periods and that the improvement is greater in 2008 than in 1987. For both reanalyses, the RMSE decreases with increasing
observation density in the move from 1987 to 2008.
Figure 17 shows the RMSE of 10m wind vector across regional sub-domains for a six hour forecast from ERA-Interim and the Met Office deterministic reanalysis for April, May and June in
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5.3 Representation of Wind

Figure 14: Mean error of T+6 2m temperature against station observations for Met Office
UERRA and ERA-Interim for Iberia, France, Germany, the UK and Scandinavia, top to bottom,
respectively. Apr - Jul 2008.
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5.3 Representation of Wind

Figure 15: RMSE of T+6 850hPa temperature against station observations for Met Office
UERRA and ERA-Interim for Apr - Jul 1987 (top) and Apr - Jul 2008 (bottom). Full domain.

Figure 16: RMSE of T+6 10m wind vector against station observations for Met Office UERRA
and ERA-Interim for Apr - Jul 1987 (top) and Apr - Jul 2008 (bottom). Full domain.
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5.3 Representation of Wind

Figure 17: RMSE of T+6 10m wind vector against station observations for Met Office UERRA
and ERA-Interim for Iberia, France, Germany, the UK and Scandinavia, top to bottom, respectively. Apr - Jul 2008.
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5.4 Representation of Precipitation

Figure 18: Mean error of T+6 10m wind vector against station observations for Met Office
UERRA and ERA-Interim for Apr - Jul 1987 (top) and Apr - Jul 2008 (bottom). Full domain.
2008. Again, the quality of both reanalyses depends on the region, but unlike 2m temperature,
the Met Office reanalysis improves on quality of 10m wind representation over ERA-Interim for
every sub-domain displayed.
Figure 18 shows the mean error of 10m wind vector across the UERRA domain for a six hour
forecast from ERA-Interim and the Met Office deterministic reanalysis for April, May and June
in both 1987 and 2008. This figure shows that for both reanalyses, the wind bias is small. The
bias of the Met Office reanalysis is a slight improvement than that of ERA-Interim.
Figure 19 shows the mean error of 10m wind vector across regional sub-domains for a six hour
forecast from ERA-Interim and the Met Office deterministic reanalysis for April, May and June
in 2008. This figure shows that for all sub-domains the bias is small for both reanalyses and over
each sub-domain the bias of the Met Office reanalysis is similar to or smaller than ERA-Interim.
Figure 20 shows the RMSE of 850hPa wind vector across the UERRA domain for a six hour
forecast from ERA-Interim and the Met Office deterministic reanalysis compared against sonde
data valid at the forecast time. This shows that the Met Office reanalysis does not perform as
well as ERA-Interim at this height.

5.4

Representation of Precipitation

Figures 21 and 22 show the equitable threat scores (ETS) for ERA-Interim and the Met Office
reanalysis for daily (06Z to 06Z) rainfall accumulations from 1mm to 32mm. The observed
values are taken from station data from the European Climate Assessment & Dataset (ECAD)
project, [Klein Tank et al., 2002]. Model values are taken at the nearest neighbouring grid-point
to the observation to avoid a degradation of extreme values. No precipitation observations are
assimilated into either reanalysis and so these observations are fully independent of the model
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5.4 Representation of Precipitation

Figure 19: Mean error of T+6 10m wind vector against station observations for Met Office
UERRA and ERA-Interim for Iberia, France, Germany, the UK and Scandinavia, top to bottom,
respectively. Apr - Jul 2008.
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5.4 Representation of Precipitation

Figure 20: RMSE of T+6 850hPa wind vector against station observations for Met Office UERRA
and ERA-Interim for Apr - Jul 1987 (top) and Apr - Jul 2008 (bottom). Full domain.
data. Data points when fewer than four events are observed are not included. The figures show
that the score for both reanalyses decreases with increasing threshold. For all thresholds shown,
the score for the Met Office reanalysis is greater than or equal to that of ERA-Interim. The
improvement of quality in representing precipitation in the regional Met Office reanalysis over
the global ERA-Interim increases with increasing threshold, which is consistent with the findings in [Jermey and Renshaw, 2016]. An ETS score of zero indicates dates when four or more
events are observed, but no events are represented in the reanalysis. For a threshold of 32mm
these zero scores occur frequently for ERA-Interim, but not so frequently for the Met Office reanalysis. This is because the regional reanalysis is better able to represent high threshold events.
Figures 23 and 24 show the frequency bias for ERA-Interim and the Met Office reanalysis for
daily (06Z to 06Z) rainfall accumulations from 1mm to 32mm. This is the ratio of forecast
events over observed events. Again, data points when fewer than four events are observed are
not included and a score of zero indicates when no events are represented in the reanalysis. Both
reanalyses over-represent low threshold events. High threshold events are over-represented in
the Met Office reanalysis, but under-represented in ERA-Interim. At most thresholds, the Met
Office reanalysis is closer to matching the observed frequency of events than ERA-Interim.
The fraction skills score compares the fraction of events in a model with the fraction of events
in gridded observations across neighbourhoods of increasing size, [Roberts and Lean, 2008]. In
figure 25 the fractions skill score is used to compare daily precipitation over Germany in ERAInterim and the Met Office reanalysis with the equivalent 0.25◦ ≈ 24km ECAD gridded observations averaged over April-June and October-December for 1987 and 2008. These figures show
that the Met Office reanalysis improves on representation of precipitation over ERA-Interim
across all the thresholds shown. The improvement is higher in 2008 than 1987, suggesting that
the high resolution data assimilation is better able to exploit the increased density of observations. For both models, the ability to accurately represent events increases with decreasing
threshold size and with event scale.
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5.4 Representation of Precipitation

Figure 21: ETS of 06Z to 06Z accumulated rainfall against station observations for Met Office
UERRA and ERA-Interim for 1mm, 4mm, 8mm, 16mm and 32mm, top to bottom, respectively.
Apr - Jul 1987.
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5.4 Representation of Precipitation

Figure 22: ETS of 06Z to 06Z accumulated rainfall against station observations for Met Office
UERRA and ERA-Interim for 1mm, 4mm, 8mm, 16mm and 32mm, top to bottom, respectively.
Apr - Jul 2008.
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5.4 Representation of Precipitation

Figure 23: Frequency bias of 06Z to 06Z accumulated rainfall against station observations for
Met Office UERRA and ERA-Interim for 1mm, 4mm, 8mm, 16mm and 32mm, top to bottom,
respectively. Apr - Jul 1987.
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5.4 Representation of Precipitation

Figure 24: Frequency bias of 06Z to 06Z accumulated rainfall against station observations for
Met Office UERRA and ERA-Interim for 1mm, 4mm, 8mm, 16mm and 32mm, top to bottom,
respectively. Apr - Jul 2008.

25

5.4 Representation of Precipitation

Figure 25: Fraction skill score of daily precipitation over Germany against ECAD gridded observations for Met Office reanalysis and ERA-Interim for April - June 1987 (top left), October
- December (top right), April - June 2008 (bottom left) and October - December 2008 (bottom
right).
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6

Summary

Production has begun on the Met Office deterministic reanalysis, which uses ensemble information to inform its assimilation scheme, allowing the background error covariance to vary with
synoptic patterns. Statistics from the assimilation suggest that the reanalysis is consistently
closer to the observations than the background and that the convergence of the descent algorithm is well-behaved.
The results shown here demonstrate that the regional reanalysis shows some improvement over
ERA-Interim for most variables and locations, but not all. In particular the Met Office reanalysis
performs comparatively badly over Scandinavia. Results are shown for the same three months
for 1987 and 2008. The number of available observations is substantially higher in 2008 and this
leads to an improvement of the quality of both ERA-Interim and the Met Office reanalysis when
moving from 1987 to 2008.

27

A

Archived Fields

Archived fields are listed in tables 2 and 3. All variables are stored in MARS under class=ur,
origin=egrr, stream=oper. All variables, apart from precipitation, are available at reanalysis
times. All variables are also available at hourly forecast times from 1 to 6 at 00Z, 06Z, 12Z and
18Z and three hourly from 9 to 30 at 00Z and 12Z. In addition to these variables static fields are
available at reanalysis times: surface roughness, land-sea mask and orography. Soil temperature
and soil moisture are available at all times on four soil model levels, 0.1m, 0.25m, 0.65m and
2m.
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Variable
Temperature
Maximum Temperature
Minimum Temperature
Albedo
Latent heat flux
Sensible heat flux
Q
QCF
QCL
Precipitation
TCWV
Evaporation
Snow depth
Snowfall
RH
Pressure
Geopotential Height
Cloud Cover
U component of wind
V component of wind
Wind direction
Wind speed
Wind gust

M
x

P
x

H
x

2m
x
x
x

10m LMH

MSL

Skin
x

Total

x
x
x
x
x
x

x
x

x
x
x
x
x
x
x

x
x
x
x
x

x
x
x
x

x
x

x
x

x

x

x
x

x
x

x
x
x

Table 2: Summary of major reanalysis output. Q, QCF and QCL are specific humidity, cloud
frozen fraction and cloud liquid fraction, respectively. TCWV is total column water vapour. M
are the 63 model levels, P are pressure levels 1000, 975, 950, 925, 900, 875, 850, 825, 800, 750,
700, 600, 500, 400, 300, 250, 200, 150, 100, 70, 50, 30, 20 and 10hPa and H are 15, 30, 50, 75,
100, 150, 200, 250, 300, 400 and 500m heights above orography. LMH and MSL refer to low,
medium and high and mean sea level, respectively.
Type
Direct
Surface net
Surface downward
Clear-sky downward
Clear-sky upward

Short wave
x
x
x
x
x

Long wave
x
x
x
x

Table 3: Summary of radiation flux reanalysis output. All variables are stored in MARS under
class=ur, origin=egrr, stream=oper. All variables are available at reanalysis times. All variables
are also available at hourly forecast times from 1 to 6 at 00Z, 06Z, 12Z and 18Z and three hourly
from 9 to 30 at 00Z and 12Z.
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Suite
EU3H40S300d70d70
EU3HYB300d70d70
EU3H40S200d50d50
EU3H40S200d70d30
EU3H40S200d70d70
EU3HYB200d100d30
EU3HYB200d100d50
EU3HYB200d60d60
EU3HYB200d70d30
EU3HYB200d70d70
EU3HYB200d70d70
EU3HYB200d80d50
EU1HYB100d50d50
EU1HYB100d50d50
EU3H40S100d70d70
EU3HYB100d50d50
EU3HYB100d50d50
EU3HYB100d70d30
EU3HYB100d70d30
EU3HYB100d70d70
EU3HYB100d70d70

S M
R 40
R 20
R 40
R 40
R 40
R 20
R 20
R 20
R 20
R 20
R 20
R 20
O 20
O 20
R 40
R 20
R 20
R 20
R 20
R 20
R 20

L
300
300
200
200
200
200
200
200
200
200
200
200
100
100
100
100
100
100
100
100
100

C
70
70
50
70
70
100
100
60
70
70
70
80
50
50
70
50
50
70
70
70
70

E
70
70
50
30
70
30
50
60
30
70
70
50
50
50
70
50
50
30
30
70
70

D
18
28
18
18
18
29
29
8
29
7
29
29
4
15
18
4
30
4
15
4
21

Mon
Dec
Dec
Dec
Dec
Dec
Dec
Dec
Dec
Dec
Dec
Dec
Dec
Nov
Dec
Dec
Nov
Dec
Nov
Dec
Nov
Dec

T2
-0.04
-0.36
0.6
0.48
-0.05
-0.59
-0.73
0.8
-0.1
0.8
-0.42
-0.38
-0.61
-0.1
-0.16
-0.5
0.11
-0.73
-0.3
-1.02
-0.5

T850
2.2
-1.98
0.03
-0.98
-0.72
-2.03
-1.51
-1.61
-0.56
-2.95
-0.4
-1.02
-0.09
-0.12
-1.93
0.12
-1.11
-1.63
-0.07
-0.36
-2.02

UV10
0.11
-0.02
-0.01
-0.02
-0.08
0.05
-0.06
0.04
-0.06
-0.08
0.01
-0.1
-0.79
-0.39
-0.02
-1.04
-0.07
-0.42
-0.25
-0.63
-0.21

UV850
-0.11
-0.44
-0.21
-0.12
-0.7
-0.3
-0.51
0.11
0.01
0.39
0.07
-0.46
-0.7
-0.09
1.06
-1.89
0.93
-1.15
-0.22
-1.61
-0.38

Table 4: Summary of hybrid experiments (winter 2008). M is ensemble size, L is horizontal localisation scale in km. C and E are weightings given to climatological and ensemble covariances,
respectively. D is the experiment in days. The relative change in RMSE of T+6 fields from the
control is given as a percentage under T2 (2m temperature), T850 (temperature at 850hPa),
UV10 (10m wind vector) and UV850 (850hPa wind vector). S refers to general settings. Experiments labelled O(R) follow operational(reanalyis production) settings.

B

Hybrid Experiments

Hybrid experiments used for tuning are detailed in table 4.

30

REFERENCES

References
[Bowler et al., 2017] Bowler, N. E., Clayton, A. M., Jardak, M., Lee, E., Lorenc, A. C., Piccolo,
C., Pring, S. R., Wlasak, M. A., Barker, D. M., Inverarity, G. W., and Swinbank, R. (2017).
Inflation and localization tests in the development of an ensemble of 4d-ensemble variational
assimilations. Q.J.R. Meteorol. Soc, 143(704):1280–1302.
[Candy, 2014] Candy, B. (2014). Assimilation of satellite data for the land suface. ECMWF
Annual Seminar Proceedings: Use of Satellite Observations in Numerical Weather Prediction.
[Clayton et al., 2013] Clayton, A. M., Lorenc, A. C., and Barker, D. M. (2013). Operational
implementation of a hybrid ensemble/4D-Var global data assimilation system at the Met
Office. Q.J.R. Meteorol. Soc, 139(675):1445–1461.
[Davies et al., 2005] Davies, T., Cullen, M. J. P., Malcolm, A. J., Mawson, M. H., Staniforth,
A., White, A. A., and Wood, N. (2005). A new dynamical core for the Met Office’s global
and regional modelling of the atmosphere. Q.J.R. Meteorol. Soc, 131(608):1759–1782.
[Dee, 2004] Dee, D. P. (2004). Variational bias correction of radiance data in the ECMWF
system. Proceedings of ECMWF workshop on assimilation of high spectral resolution sounders
in NWP, pages 97–112.
[Dee et al., 2011] Dee, D. P., Uppala, S. M., Simmons, A. J., Berrisford, P., Poli, P., Kobayashi,
S., Andrae, U., Balmaseda, M. A., Balsamo, G., Bauer, P., Bechtold, P., Beljaars, A. C. M.,
van de Berg, L., Bidlot, J., Bormann, N., Delsol, C., Dragani, R., Fuentes, M., Geer, A. J.,
Haimberger, L., Healy, S. B., Hersbach, H., Hlm, E. V., Isaksen, L., Kllberg, P., Khler, M.,
Matricardi, M., McNally, A. P., Monge-Sanz, B. M., Morcrette, J.-J., Park, B.-K., Peubey,
C., de Rosnay, P., Tavolato, C., Thpaut, J.-N., and Vitart, F. (2011). The ERA-Interim
reanalysis: configuration and performance of the data assimilation system. Q.J.R. Meteorol.
Soc, 137(656):553–597.
[Donlon et al., 2012] Donlon, C. J., Martin, M., Stark, J., Roberts-Jones, J., Fiedler, E., and
Wimmer, W. (2012). The operational sea surface temperature and sea ice analysis (OSTIA)
system. Remote Sensing of Environment, 116:140 – 158. Advanced Along Track Scanning
Radiometer(AATSR) Special Issue.
[Gaspari and SE, 1999] Gaspari, G. and SE, C. (1999). Construction of correlation functions in
two and three dimensions. Q. J. R. Meteorol. Soc, 125.
[Jermey et al., 2017] Jermey, P., Davie, J., and Renshaw, R. (2017). Ensemble variational DA
diagnostics. UERRA Deliverable, 2.3. www.uerra.eu.
[Jermey and Renshaw, 2016] Jermey, P. M. and Renshaw, R. J. (2016). Precipitation representation over a two-year period in regional reanalysis. Q.J.R. Meteorol. Soc, 142(696):1300–1310.

31

REFERENCES

[Klein Tank et al., 2002] Klein Tank, A. M. G., Wijngaard, J. B., Knnen, G. P., Bhm, R.,
Demare, G., Gocheva, A., Mileta, M., Pashiardis, S., Hejkrlik, L., Kern-Hansen, C., Heino,
R., Bessemoulin, P., Mller-Westermeier, G., Tzanakou, M., Szalai, S., Plsdttir, T., Fitzgerald,
D., Rubin, S., Capaldo, M., Maugeri, M., Leitass, A., Bukantis, A., Aberfeld, R., van Engelen,
A. F. V., Forland, E., Mietus, M., Coelho, F., Mares, C., Razuvaev, V., Nieplova, E., Cegnar,
T., Antonio Lpez, J., Dahlstrm, B., Moberg, A., Kirchhofer, W., Ceylan, A., Pachaliuk,
O., Alexander, L. V., and Petrovic, P. (2002). Daily dataset of 20th-century surface air
temperature and precipitation series for the european climate assessment. Int. J. Climatol.,
22(12):1441–1453.
[Lorenc, 2012] Lorenc, A. (2012). Variational bias correction of observations. VAR Scientific
Paper, 32.
[Pacione et al., 2017] Pacione, R., Araszkiewicz, A., Brockmann, E., and Dousa, J. (2017). EPNRepro2: A reference GNSS tropospheric data set over Europe. Atmos. Meas. Tech., 10:1689–
1705.
[Rawlins et al., 2007] Rawlins, F., Ballard, S. P., Bovis, K. J., Clayton, A. M., Li, D., Inverarity,
G. W., Lorenc, A. C., and Payne, T. J. (2007). The Met Office global four-dimensional
variational data assimilation scheme. Q.J.R. Meteorol. Soc, 133(623):347–362.
[Rayner et al., 2003] Rayner, N. A., Parker, D. E., Horton, E. B., Folland, C. K., Alexander,
L. V., Rowell, D. P., Kent, E. C., and Kaplan, A. (2003). Global analyses of sea surface
temperature, sea ice, and night marine air temperature since the late nineteenth century. J.
Geophys. Res. Atmos., 108(D14).
[Roberts and Lean, 2008] Roberts, N. M. and Lean, H. W. (2008). Scale-selective verification of
rainfall accumulations from high-resolution forecasts of convective events. Mon. Wea. Rev.,
136(1):78–97.
[Titchner and Rayner, 2014] Titchner, H. A. and Rayner, N. A. (2014). The met office hadley
centre sea ice and sea surface temperature data set, version 2: 1. sea ice concentrations. J.
Geophys. Res. Atmos., 119:2864–2889.
[Wood et al., 2014] Wood, N., Staniforth, A., White, A., Allen, T., Diamantakis, M., Gross,
M., Melvin, T., Smith, C., Vosper, S., Zerroukat, M., and Thuburn, J. (2014). An inherently
mass-conserving semi-implicit semi-lagrangian discretization of the deep-atmosphere global
non-hydrostatic equations. Q.J.R. Meteorol. Soc, 140(682):1505–1520.

32

