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) Abstract

2European Centre for Medium Range . . .
Weather Forecasts, Reading, UK Recent studies have used ensemble-spread-based diagnostics to understand

atmospheric sources of uncertainty, and its growth and propagation. We aim
Correspondence to provide confidence in the diagnostics-based approach, and understand its
Douglas Wood, University of Reading, P g pp >
Reading, UK. limitations, by comparing Eulerian and Lagrangian geopotential height uncer-
Email: doug.wood@pgr.reading.ac.uk tainty growth diagnostics calculated from 12 different ensemble prediction

systems available in The International Grand Global Ensemble. In addition
to a Lagrangian growth-rate diagnostic that uses the ensemble mean velocity
(LGR), an alternative form (LGR2) is derived that includes all the uncertainty
transport terms and that, for variables with tracer-like characteristics, also rep-
resents the non-conservative sources of uncertainty. Good agreement between
ensemble prediction systems is found in the magnitude and distribution of
all growth-rate diagnostics applied in the midlatitude and polar regions for a
lead-time range starting at 48 hr and ending at between 96 hr and 192 hr, with
the best agreement for the largest ensemble size of 50 members. In these sit-
uations, ensemble-spread-based diagnostics provide a consistent measure of
uncertainty growth. However, at shorter and longer lead times, and in trop-
ical regions, ensemble prediction system dependence is greater. In addition,
LGR and LGR2 are compared for the fields of geopotential height and poten-
tial vorticity (a tracer-like variable) using data from the European Centre for
Medium-Range Weather Forecasts operational archive. For geopotential height,
LGR2 is found to include a significant non-advective component; therefore,
restricting the use of this diagnostic to variables that have tracer-like character-
istics is recommended. This study provides confidence in, and constraints on,
the use of spread-based diagnostics for understanding the sources and transport
of uncertainty growth that limit predictability.
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1 | INTRODUCTION

The atmosphere exhibits chaotic behaviour resulting
from the nonlinear dynamics that govern its development
over time (Lorenz, 1963). This chaotic behaviour leads
to an inherent uncertainty in the weather forecasting
process and imposes limits on predictability. Ensemble
forecasting, since the (UK) Met Office quasi-operational
probabilistic ensemble forecast system was developed
in 1985 (Palmer, 2019), has provided a method for
quantifying this uncertainty and attributing conditional
probabilities to future events. In ensemble forecasting
uncertainties in the initial conditions, the boundary condi-
tions and the modelling of physical processes are assessed
by running a forecast model with small perturbations rel-
ative to a control forecast (Lewis, 2005). The spread of the
ensemble members provides information on the forecast
uncertainty. For a given ensemble prediction system, the
growth of this spread varies both spatially and with time
through the forecast, indicating that forecast uncertainty
is dependent on the conditions; that is, it is flow depen-
dent (Rodwell et al., 2018). Synoptic-scale variations in the
growth of the spread can, therefore, provide insight into
the weather patterns and physical processes that are influ-
encing the atmosphere’s sensitivity to small perturbations,
as in Baumgart and Riemer (2019). Here, we investigate
whether forecast uncertainty growth, represented by the
evolution of ensemble-spread-based diagnostics, does pro-
vide a useful measure of the atmosphere’s sensitivity to
small perturbations, or whether it is significantly affected
by other factors associated with the ensemble prediction
system configuration, including its numerical weather
prediction (NWP) model and perturbation scheme. The
aim of this work is to provide confidence in the use of
ensemble-spread-based diagnostics for understanding the
physical processes that are associated with the growth and
transport of atmospheric uncertainty, where atmospheric
uncertainty is defined here as the sensitivity of the future
state of the atmosphere to small changes in the current
conditions. To achieve this aim, spread-based diagnostics
obtained from a number of different operational ensemble
prediction systems are compared.

The scale interactions that occur within the atmo-
sphere result in a limit to predictability, termed intrinsic
predictability, even if the initial and boundary conditions
are known almost perfectly and a nearly perfect NWP
model is used (Lorenz, 1969). In practice, uncertainties in
the initial and boundary conditions, combined with the
capability of current NWP models, place a practical pre-
dictability limit on the ensemble prediction system fore-
casts. The modelling goal in NWP is to provide reliable
ensemble forecasts at all lead times. This goal requires
ensemble prediction systems to represent, as well as

possible, the processes and dynamics that govern intrinsic
predictability. Therefore, in principle, ensemble predic-
tion systems should produce similar estimates for uncer-
tainty (in terms of ensemble spread), how it grows and
is transported from one location to another and how this
evolution is related to flow features, such as cyclones.
Note that other potential sources of similarity in the
uncertainty estimated by two ensemble prediction systems
include any common features in the formulation of their
underlying NWP models and the common set of obser-
vations that are available for use in their respective data
assimilation systems. In the Baumgart and Riemer (2019)
study, data from a single ensemble prediction system, the
European Centre for Medium-Range Weather Forecasts
(ECMWF) ensemble, was used to investigate the extrat-
ropical transition of Tropical Storm Karl. They found that
a maximum in the ensemble variance of potential vortic-
ity (PV), implying larger than average forecast uncertainty,
occurred where ex-Tropical Storm Karl interacted with
the large PV gradient in the midlatitudes. The growth of
PV variance in this region was attributed to uncertain-
ties associated with the moist processes involved in the
development of an extratropical cyclone. However, their
study did not investigate whether this PV relationship was
also obtained using data from other ensemble prediction
systems. A comparison between the uncertainty growth
rate obtained from four different ensemble prediction sys-
tems by Rodwell and Wernli (2023) showed large differ-
ences in the uncertainty growth rate, calculated from the
250 hPa geopotential height ensemble variance, in a region
of the North Atlantic over the first 24 hr of an example
forecast. Their results imply that, for short lead times,
ensemble-prediction-system-dependent factors make a
significant contribution to forecast uncertainty growth.
Leutbecher and Palmer (2008) separate forecast errors
into initial condition errors and model errors, although
they also note that these are not independent as an older
model run is used as the background forecast in the data
assimilation process that generates the initial conditions
for subsequent model runs. In addition, boundary con-
dition errors will also contribute to the overall forecast
error. Information on the contribution of these sources of
error to the forecast uncertainty is provided by the
spread—error relationship used to assess the performance
of an ensemble prediction system. This relationship com-
pares the forecast spread measured by the ensemble
variance of a given variable with the error in the ensemble
mean forecast, the latter calculated as the squared differ-
ence between the ensemble mean and the value obtained
from the verifying analysis. Over multiple forecasts, the
ensemble mean error would be expected to equal the
ensemble spread if the ensemble prediction system includ-
ing its associated NWP model was either (a) perfect—that
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is, it had an infinite number of members and there were
no ensemble prediction system errors—or (b) account had
been taken of the errors associated with using a finite num-
ber of members and an imperfect ensemble prediction sys-
tem by, for example, adjusting the magnitude of the initial
perturbations to obtain the required spread—error statistics
within a given lead-time range. However, for a real ensem-
ble prediction system, a difference between the ensemble
mean error and ensemble spread is expected at all, or
most, lead times. The development of this difference with
forecast lead time was investigated by Park et al. (2008)
for eight ensemble prediction systems using data obtained
from The International Grand Global Ensemble (TIGGE)
archive (Swinbank et al., 2016). In their study, the ensem-
ble standard deviation and the root-mean-squared error
of the 500 hPa geopotential height, when averaged across
the Northern Hemisphere, were typically within +10 m
during the first 4 days of the forecast. Sources of the differ-
ence between the spread and error (Buizza et al., 2005) are
associated with NWP-related factors and how they affect
each perturbed member, including:

« the design and resolution of the NWP model grid in both
the horizontal and vertical directions;

« simplifications to the dynamic and thermodynamic
equations and the numerical methods for solving these
equations; and

« the methods used for parametrisation of subgrid-scale
processes.

Sources of difference are also associated with the ensemble
prediction system design, including:

« the finite number of ensemble members;

« the methods for generating the initial perturbations;
and

« the stochastic perturbation methods used to represent
the effects of subgrid-scale model uncertainty.

Ensemble-spread diagnostics are only useful as a mea-
sure of the atmospheric uncertainty if these sources of
difference do not contribute a significant proportion of the
forecast uncertainty. Furthermore, if their contribution is
small across a number of ensemble prediction systems,
the forecast spread for these ensembles should be similar.
Thus, by comparing ensemble-spread-based diagnostics
across ensemble prediction systems, the quality of these
diagnostics as a measure of atmospheric uncertainty can
be assessed.

In this study, spread-based diagnostics are compared
across 12 ensemble prediction systems to understand
whether the differences in the uncertainty growth rates
obtained by Rodwell and Wernli (2023) are typical,
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or whether there are circumstances under which
spread-based diagnostics are relatively independent of
the ensemble prediction system. The intent of the work
is to determine the limitations of ensemble-spread-based
diagnostics for understanding both the sources of atmo-
spheric uncertainty and how this atmospheric uncertainty
is transported. Understanding these limits will support
their use in investigating the atmospheric conditions and
processes that contribute to uncertainty. The benefit of the
approach, when compared with the use of forecasting skill
measures obtained directly from the spread—error relation-
ship, is that it enables the spatial distribution of forecast
uncertainty and uncertainty growth for each ensemble
prediction system to be compared for individual forecasts.

In Section 2, the uncertainty and uncertainty growth
diagnostics are introduced. The ensemble prediction sys-
tems, selection of the diagnostic variables, and comparison
methods used within this study are addressed in Section 3.
The results of the comparisons and their interpretation are
presented in Section 4. Finally, Section 5 summarises the
conclusions and discusses the implications of the findings.

2 | UNCERTAINTY DIAGNOSTICS

Forecast uncertainty can be quantified using either the
ensemble variance (Baumgart & Riemer, 2019),

N
1 2

V = — X; — X)*, 1

ary N_lizzl(z ) €))

or, as selected for this current study, the ensemble standard
deviation (Rodwell & Wernli, 2023),

N
1 J—
=4 — ) X; —X)?, 2
ox =\ v 7 Z:,( i —X) )
where X is the variable of interest, N the ensemble size,
and X the ensemble mean (%Zﬁle) In addition to

ox, which provides useful information on the spatial dis-
tribution of forecast uncertainty at a given forecast lead
time, measures of uncertainty growth can also be used to
understand the sources and transport of uncertainty. The
Eulerian growth is a standard measure of local instanta-
neous growth and can be expressed in a growth tendency,
Jdo X
EGTx = —, 3
x=2 3)
or growth rate form in which the growth tendency has
been normalised:
1 do X

EGRy = — —X 4
X = 4)
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EGTy is independent of spread for cases in which the local
uncertainty grows linearly, whereas EGRy is independent
of spread for cases in which the local uncertainty grows
exponentially.

An alternative growth-rate diagnostic with a
Lagrangian form has been used by Rodwell and
Wernli (2023). In this Lagrangian growth diagnostic, the
uncertainty growth following the ensemble mean velocity
v is calculated. The diagnostic can be expressed in either
a growth tendency form,

Dyox _ dox

LGTy = =
X7 Dt ot

+v- Vox, (5)

or in a growth rate form,

1 Dgox 1 (dox —
LGRy = — =2 (X4 %.vox). (6
X~ ox Dt <at v 6X> ©)

The advecting velocity assumption in Equations (5) and
(6) can be investigated by deriving the equation for LGRx
using an approach based on Baumgart and Riemer (2019).
For each ensemble member i, the transport equation for
the variable X; can be written as

aa—)i +v;- VX + NOIlAdVi =S, (7)
where v; is the wind velocity, NonAdv; represents any
non-advective terms in the conservative dynamics, and S;
represents non-conservative source and sink terms. For
tracer-like variables, such as PV on a constant potential
temperature (0) surface, NonAdv; = 0. Expressing Xj, vi,
NonAdv;, and S; as a sum of the ensemble mean values and
a perturbation from the mean X + 86X;, V + 6v;, NonAdv +
6NonAdv; and S+ 6S; respectively, multiplying through-
out by 26X;/(n — 1), rewriting 26X;(06X;/0t) as 05Xl.2 /ot,
and summing over all ensemble members leads to the
following equation:

" 96X?

n _

2 0X 1 i
oXi— +

n—lgf "ot n—lizz1 ot

n
+ LZ&XI-(‘_/ +6v) - VX + 6X)+
n-—1 4

n_ Zax (NonAdv + 6NonAdv;)

i=1

= —25X(S+55) (8)

i=1

The first term in Equation (8) and those involving
NonAdv and S sum to zero. The second term is the time
derivative of the ensemble variance, do? +/0t. The third

‘WOOD ET AL.
term can be separated into
2 (ZSXV VX + ZSXV VX,
h= i=1 i=1
+Z§Xi5vi VX + 5Xi)>. 9)
i=1

The first term in Equation (9) also sums to zero, and the
second term can be rewritten as

T VeX?
L =v-Vol. (10)
(n-1)
Thus, Equation (8) becomes
062
— X 4v-Vol + —ZéX(SV, V(X + 6X;)
i=1
2 n
+ —— ) 6X;6NonAdv;
— ; ;6NonAdv;
s (11)

or, dividing by 267 to rewrite Equation (11) in terms of the
growth rate of o,

1dox \ 13 vou+ Zaxavl VX,
ox Ot ox (n— ) oy i1
ZéXéNonAdvl
(n— 1) Ox i=1
5X55 (12)
(n - 1) Ox i=1 :

Moving the non-advective term to the right-hand side of
Equation (12), so that the left-hand side only contains
terms that can be directly calculated from the values of v;
and X;, and rewriting it in terms of either LGRx or EGRy,

LGR2x = LGRx + Dx
= EGRx + Ax + Dx
= NCx — NAy, (13)

where NCx and NAy are used to represent the sums that
include the non-conservative and non-advective terms, Ax
is advection of the uncertainty by the ensemble mean
wind, and Dy is an additional transport term that is gen-
erated when summing the left-hand side of Equation (7)
over the ensemble members:

Dy = ——— ) 6X;6v; - VX,. (14)
<n—1>X; l
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The notation LGR2x has been introduced as the sum of
LGRy, the Lagrangian growth rate based on advection by
the ensemble mean, and Dy, the additional transport term.
A growth tendency diagnostic, LGT2x, can be obtained by
multiplying LGR2x by ox.

The uncertainty growth-rate equation, Equation (13),
and its individual terms have the same form as those for
the evolution of tracer variance in turbulent flow; for
example, in eq. 13.67 of Vallis (2017). Although the pertur-
bations in the tracer variance equation are due to the eddy
component of the flow, whereas in Equation (13) they are
the differences between values for the individual members
and the ensemble mean, the comparison between these
two equations provides an insight into the role of Dy. In
the Vallis (2017) tracer variance equation, the equivalent
term is diffusive since the tracer flux often satisfies the
downgradient flux hypothesis, 6X;6v; = —xVX, where x
can be interpreted as the eddy diffusivity. Here, Dy acts
to diffuse perturbations in the tracer across the ensem-
ble mean tracer gradient. Dx would then act to increase
ensemble spread (like a plume in turbulent dispersion)
as well as to smooth the ensemble mean gradient. In this
regime of behaviour LGR2x describes “transport”, includ-
ing the action of advection and diffusion associated with
the perturbation velocities between ensemble members.
However, it must be established by calculation whether
the output of ensemble prediction systems is consistent
with this behaviour. Rodwell and Wernli (2023) moved
the Dx term onto the right-hand side of Equation (13) in
their appendix B since they found that typically Dx < 0
and therefore contributes to the increase of ensemble vari-
ance with time following the mean flow (LGRx > 0) (note
that in their derivation they used D to instead represent
the diabatic and frictional terms that are included here
within the non-conservative term NCy). An attribute of
LGR2y is that it isolates the effects of non-conservative,
and other non-advective, processes on the rate of increase
of ensemble spread. For tracer-like variables NAx = 0,
LGR2x = NCyx, where NCy is the covariance between the
variable and the source terms. Thus, as an example, if 6
on a constant PV surface were chosen as the tracer-like
variable, LGR2y would be the covariance between 6 and
the heating term @, and a positive value of LGR2y would
be consistent with a growth in the uncertainty of 6.

For a perfect ensemble prediction system, the
LGR2x value in Equation (13) equals the sum of the
non-conservative and non-advective terms associated
with atmospheric uncertainty. However, for real ensem-
ble systems, a component of these non-conservative and
non-advective terms is associated with ensemble predic-
tion system errors. Therefore, when comparing the LGR2x
diagnostic calculated across several ensemble prediction
systems, any differences in the LGR2x values are also a
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relative measure of these errors. In addition to an under-
standing of these relative errors, a comparison of each of
the three growth diagnostics (EGRyx, LGRx and LGR2y)
across several different ensemble prediction systems pro-
vides information on the relative magnitude of the Ax and
Dyx terms.

Although these comparisons are not sufficient to
eliminate the possibility that all the ensemble prediction
systems are subject to the same systematic error, the inde-
pendence of growth-rate diagnostics from the amplitude
of the spread reduces the potential for any systematic
errors arising from the use of the same set of observations.
In addition, previous work investigating the spread—-error
relationship for different ensemble prediction systems,
including Park et al. (2008) and Rodwell et al. (2018),
has demonstrated good agreement between ensemble
spread and error when measured over a large number of
forecasts. This agreement suggests that the ensemble pre-
diction systems are not subject to a large systematic error.
Thus, consistency in diagnostics provides confidence that
they are representative of atmospheric uncertainty and are
not strongly influenced by the design and simplifications
associated with the ensemble prediction systems.

3 | ENSEMBLE PREDICTION
SYSTEMS AND METHODS OF
ANALYSIS

An overview of the ensemble prediction systems and the
sources of data used for the comparisons are described in
Section 3.1. Section 3.2 discusses the selection of variables
for calculating the diagnostics, and Section 3.3 discusses
the methods used to compare the diagnostics calculated for
the different ensemble prediction systems.

3.1 | Ensemble prediction systems

Data stored within the TIGGE archive (Swinbank
et al., 2016) was used in this study. Global data from the
13 ensemble prediction systems that have participated in
TIGGE since 2006 have been stored within this archive.
As organisations have joined and left the collaboration
since its inception, a maximum of 12 have participated at
any point in time (since July 2020). This study has used
data for the 12 ensemble prediction systems that were
participating in 2022. Table 1 lists these ensemble predic-
tion systems and some of their key attributes according
to information documented within TIGGE. Model grid
and resolution, initial perturbation strategy and ensemble
size vary across the ensemble prediction systems, thereby
reducing the possibility that where consistent results are
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TABLE 1 Ensemble prediction systems used for comparison analysis.
Initial
perturbation Tinax®
Model code Forecasting centre Model Grid/resolution strategy® NP (hr)
BoM Australian Bureau of GE3 Arakawa C (N400), ETKF 18 240
Meteorology 0.45° lon x 0.3° lat
CMA China Meteorological GRAPES GFS Arakawa C, 0.5° NY% 31 360
Administration lon x 0.5° lat
DWD Deutscher Wetterdienst ICON 2.6.0 R2B06, 40 km LETKF 40 180
ECCC Environment and Climate GEPS 6.0.0 Yin-Yang, 39 km EnKF 21 384
Change Canada
ECMWF European Centre for IFS 4713 TCo0639 SV, EDA 51 360
Medium-Range Weather
Forecasts
IMD India Meteorological GEFS T1534 ETR, EnKF 21 240
Department
IMA Japan Meteorological GEPS 2103 T479 SV, LETKF 51 264
Agency
KMA4 Korea Meteorological EPSG 1306 Arakawa C (N320), ETKF 25 288
Administration 0.5625° lon x 0.375°
lat cubed sphere
grid about 32 km
EPSG 2201 LETKF 26 288
MF MeteoFrance PEAR P4 TL798 SV 35 48°¢
NCEP US National Centres for GEFS v12 C384 EnKF 31 384
Environmental Prediction
NCMRWF National Centre for NEPS v2 Arakawa C (N1024), ETKF 12 240
Medium Range Weather 0.175° lon x 0.117° lat
Forecasting (India)
UKMO UK Met Office MOGREPS-G v16 Arakawa C ETKF 18 174
(N640) 0.28125°

lon x 0.1875° lat

2EDA: ensemble of data assimilations; EnKF: ensemble Kalman filter; ETKF: ensemble transform Kalman filter; ETR: ensemble transform with rescaling;

LETKF: local ensemble transform Kalman filter; SV: singular vectors.

YNumber of perturbed members, including, where applicable, the control forecast.

‘Maximum duration of the 0000 UTC and 1200 UTC forecasts.
dKMA introduced new model in July 2022.

¢MF model duration is longer for 0600 UTC and 1800 UTC forecasts. However, 0000 UTC and 1200 UTC forecasts were used for consistency.

obtained this is attributable to common features of the
ensemble prediction system design. The duration of the
0000 UTC and 1200 UTC forecasts stored in TIGGE are
also included in Table 1, with some centres running fore-
casts at additional start times. The results presented in this
article are based on the 0000 UTC forecasts. For some sys-
tems, interpolation is used to translate the model output
to their specific storage grid within the TIGGE archive.
Further interpolation is also employed, in combination
with the selection of the download grid, when retrieving
the data. These interpolation processes may contribute to
differences in the diagnostics calculated for the different
ensemble prediction systems.

3.2 | Selection of variables

The preferred method for the ensemble prediction system
comparison is to calculate diagnostics for a tracer-like vari-
able, such as PV on a constant 0 surface, or 0 on a constant
PV surface. However, insufficient data are available within
the TIGGE archive to calculate diagnostics for these vari-
ables; therefore, comparisons were limited to the use of
five variables, all of which are available on several pressure
levels: geopotential height Z, specific humidity g, temper-
ature T, and the zonal and meridional wind components u
and v respectively. These variables are archived every 6 hr
throughout the duration of each forecast. For the Rodwell
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and Wernli (2023) study, which also compared ensemble
prediction systems using TIGGE data, geopotential height
on the 250 hPa surface Z,s, was used. The horizontal dis-
tribution of Z can be considered to be a smoothed version
of the PV field (Hoskins et al., 1985) and, therefore, the
evolution of the synoptic-scale structure of this Z field
should be similar to the evolution of the equivalent struc-
ture in the PV field. Thus, Z,s0 has also been selected
as the main variable for this study. The 250 hPa pressure
surface was selected as it is in the upper troposphere or
lower stratosphere spanning the tropopause, an impor-
tant region in the development of weather systems in the
midlatitudes. Selecting the 250 hPa pressure surface also
enables the results to be compared with those of Rodwell
and Wernli (2023).

Although data are not available within the TIGGE
archive to enable a comparison of diagnostics between
ensemble systems for PV, approximate PV values can
be calculated for the ECMWF ensemble prediction sys-
tem using data from the ECMWF operational archive.
This archive stores PV data on the 6 = 320 K surface
but without any corresponding wind velocity data. How-
ever, approximate PV values can be calculated for a
constant-pressure surface using the vertical component of
relative vorticity &, and static stability in pressure coordi-
nates:

PV~ —g6, + N, (15)
ap

where f is the Coriolis parameter. This approximate form
of PV enables diagnostics for Z,5y and PV,sy to be com-
pared with the vertical derivative of 6 estimated from the
centred finite difference of data on the 200 hPa and 300 hPa
pressure surfaces.

3.3 | Comparison methods

To enable comparisons between ensemble prediction sys-
tems to be consistent, data were retrieved from TIGGE
using a 1° x 1° latitude-longitude grid. In addition to the
standard latitude-longitude grid, data were also retrieved
using a rotated “latitude-longitude” grid with the grid
“South Pole” located at 180° W, 0° N and grid “North
Pole” located at 0° W, 0° N. The rotated grid was used to
avoid both large variations in resolution and to maintain a
more regular grid lattice near the Earth’s poles when cal-
culating diagnostics in the Arctic and Antarctic regions.
Spatial derivatives were calculated from the gridded data
using finite differences. Diagnostics were calculated at
six-hourly intervals throughout the duration of forecasts
initiated at 0000 UTC on the first day of each month in
2022, with the number of forecasts limited by the storage
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capacity and computational expense. These 12 forecasts
were selected to understand whether the comparisons
showed any obvious seasonal effects.

Diagnostics were calculated at the midpoint between
consecutive forecast lead times (i.e., at 0300 UTC,
0900 UTC, 1500 UTC, and 2100 UTC on each day of each
forecast) using the following centred averages for the o,
values, centred differences for the time derivatives, and
spatial derivatives calculated from the centred average oy
values:

o™+ o
nts Ui ij
ntl ol — ot
(G =~ a7)
5t )i At
= ntl
S\ iy T Oiiy
(2) == (18)
ox ij 2Ax
1 n+l n+:
so e %41~ %ij1 (19)
& /i 20y

where, here, n is the time index and i and j are the indices
in the x-direction and y-direction of the grid. The calcu-
lation of derivatives using centred differences and centred
averages will introduce a numerical error into the cal-
culation of diagnostics. However, the magnitude of this
numerical error should be similar for cases in which the
diagnostic values obtained from different ensemble predic-
tion systems are also similar. In addition to the individual
ensemble prediction systems, the diagnostics were also
calculated for a combined ensemble. To ensure that the
same number of members was used for all forecast lead
times, the MeteoFrance ensemble members (for which
only 48-hr forecasts were available) were not included in
the 319-member combined ensemble and diagnostics were
only calculated for lead times between 9 hr and 171 hr.
Qualitatively, the spatial distribution of the diagnostic
values (e.g., maps of LGR) between ensemble prediction
systems can be compared visually. Quantitative com-
parisons were obtained using the area-weighted spatial
averages of each diagnostic, and the Pearson correlation
coefficient rap for the spatial correlation between maps of
the same diagnostics for ensemble prediction systems A
and B. The area-weighted spatial averages enable a generic
comparison of the uncertainty and uncertainty growth
behaviour between ensemble prediction systems but do
not provide information on whether they consistently pre-
dict high and low uncertainty growth values for the same
synoptic-scale features. This limitation is addressed by the
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spatial correlation method that compares the spatial dis-
tribution of the diagnostic values. Area-weighted averages
were calculated directly from the 1° x 1° grid. However,
prior to calculating the spatial correlation coefficient
between the diagnostic maps for each ensemble predic-
tion system pair, spatial smoothing to synoptic scales was
applied to the final diagnostic values using a Gaussian
kernel filter with the standard deviation of the kernel filter
set to one grid space; that is, 1° on the standard or rotated
grid. The rap values for each lead time were averaged
over all pairs of ensemble prediction systems to provide a
combined spatial correlation value 755. The quantitative
measures were calculated globally and, to understand
whether the results were latitude dependent, for 30°
bands of latitude. Data for calculating the diagnostic val-
ues were retrieved on the standard grid for the tropical
regions (30° S to 0° S and 0° N to 30° N), the rotated grid
for the polar regions (90° S to 60° S and 60° N to 90° N),
and both grids for midlatitude regions (60° S to 30° S and
30° N to 60° N).

4 | EVOLUTION OF FORECAST
UNCERTAINTY

Section 4.1 discusses the evolution of the forecast uncer-
tainty diagnostics calculated using Z,so for the midlati-
tude and polar regions. Section 4.2 documents the growth
behaviour in the tropical regions. Section 4.3 discusses
the impact of ensemble size on the spatial correlation
between ensemble prediction systems for the LGRz,
diagnostic. Finally, Section 4.4 compares uncertainty
growth-rate diagnostics calculated from the ECMWF oper-
ational archive using Z,sp and the approximate value of
PV,sg as the variable.

4.1 | Extratropical regions

Figure 1 shows, for five of the diagnostic values, how
the quantitative comparison between the 12 ensemble
prediction systems evolves with lead time during the
0000 UTC May 1, 2022, forecast. Figure 1a,d,g,j,m shows
the area-weighted average values of the diagnostics in the
Northern Hemisphere midlatitudes, and Figure 1b,e,h,k,n
shows the area-weighted average values of the same diag-
nostics in the Arctic. Figure 1c,f,i,l,0 shows the average
spatial correlation coefficient 75, the spatial distribu-
tion of diagnostic values for each ensemble pair averaged
across all ensemble prediction system pairs, for both these
regions over the first 168 hr of the same forecast. The error
bars shown represent the standard deviation of the rap
values. The area-weighted averages for the EGT,,, and

LGT2,, diagnostics (not shown) are similar to those for
LGT,,, and the 7o for EGT,  and LGT2z,  (not shown)
are almost identical to those for EGRz,_ and LGR27,_
respectively. Figure 1 shows that the area-weighted aver-
age values for EGRz, , LGRz, , and LGR2;, evolve in
almost the same way, implying that the advection term
Az, and the diffusion term D, are small when spatially
averaged over a large surface area. The evolution of the
area-weighted averages for the various diagnostics can be
divided into three time periods. The first period covers
the initial 48 hr of the forecast, whereas the second and
third periods cover the longer lead times. The transition
between the second and third periods is more gradual than
between the first and second and takes place at lead times
between 96 hr and 192 hr.

In the northern midlatitude region the initial value of
Fm, a measure of the spread of a given ensemble’s ini-
tial perturbations, ranges by a factor of more than five
from 1.8 m (National Centre for Medium Range Weather
Forecasting) to 9.5 m (Deutscher Wetterdienst) (Figure 1a).
By 48hr, oz, has increased to between 10.8m (UK
Met Office) and 20.2m (Deutscher Wetterdienst). Thus,
although oz, has grown for all ensembles over these
first 48 hr of the forecast, the range between the low-
est and highest values has only increased from 7.7 m to
9.4 m, indicating that differences in growth are not a strong
function of the initial spread during this period. This is
the period in which the spatially averaged growth rates
(EGRz,,, LGRz,, and LGR2z, ) are at a maximum and
is characterised by inconsistencies in the values of these
diagnostics between the ensemble systems. Although dif-
ferences are also found for the average growth tendency
values, they are much more consistent than the average
growth-rate values. The evolution of LGT,_, is shown as
an example in Figure 1g. The results indicate that some
ensemble prediction systems have growth tendency values
that are at the higher or lower end of the range through-
out the first 144 hr of the forecast. The better consistency
in the average growth tendencies implies that the differ-
ences in the average growth rates are due to the relative
magnitude of the oz, values amplifying the differences
in the growth tendency diagnostics. The second period
is characterised by almost constant LGRz,,, and LGR2z,_
values, implying that o grows approximately exponen-
tially in the northern midlatitudes, and there is much more
consistency between the average growth-rate values cal-
culated for each of the ensemble prediction systems than
at shorter lead times. In this midlatitude region, the tran-
sition to the third period is associated with a peak in the
average growth tendency values. During this third period,
both average growth rates and growth tendencies start to
decrease towards zero and oz, values tend towards a max-
imum, indicating that the spread is no longer growing
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FIGURE 1 Quantitative comparison of diagnostics between the 12 ensemble prediction systems across the northern midlatitudes
(between 30° N and 60° N) and Arctic (between 60° N and 90° N) as a function of lead time for forecasts starting at 0000 UTC May 1, 2022.
Left and middle panels show the area-weighted average values for five of the diagnostics in the two regions and the right panels show the
corresponding average correlation coefficients (75g) for both regions. Error bars represent the standard deviation of the correlation coefficient
for individual ensemble prediction system pairs. BoM: Australian Bureau of Meteorology; CMA: China Meteorological Administration;
DWD: Deutscher Wetterdienst; ECCC: Environment and Climate Change Canada; ECMWEF: European Centre for Medium-Range Weather
Forecasts; IMD: India Meteorological Department; JMA: Japan Meteorological Agency; KMA: Korea Meteorological Administration; MF:
MeteoFrance; NCEP: National Centres for Environmental Prediction; NCMRWF: National Centre for Medium Range Weather Forecasting
(India); UKMO: UK Met Office. [Colour figure can be viewed at wileyonlinelibrary.com]
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forecasts analysed. The forecast start times were 0000 UTC on the first day of each month in 2022 with the 0000 UTC May 1, 2022,
highlighted in black. [Colour figure can be viewed at wileyonlinelibrary.com]
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Smoothed LGRz, | values (1072 hr1) at 3 hr into the forecast initiated at 0000 UTC January 1, 2022, for four ensemble

prediction systems, in a region covering part of the North Pacific and Arctic: (a) European Centre for Medium-Range Weather Forecasts
(ECMWF); (b) Japan Meteorological Agency (JMA); (c) National Centres for Environmental Prediction (NCEP); (d) China Meteorological
Administration (CMA). Also shown are the mean-sea-level pressure from the respective control forecasts (blue contours) and the ensemble
mean value of Z,s, (green contours). [Colour figure can be viewed at wileyonlinelibrary.com]

exponentially and becomes saturated at a value deter-
mined by the ensemble prediction system’s climatological
range.

In the Arctic region, growth-rate values are also con-
sistent across the ensemble prediction systems after a
lead time of 48 hr. However, in contrast to the north-
ern midlatitude region, the second period is characterised
by almost constant LGT, values, indicating growth is

approximately linear. Although growth rates are observed
to decrease after the first 48-hr period, the transition
between the second and third periods can still be defined
by the decrease in the growth tendency values that follows
the period of linear growth.

Low 7ap values, the spatial correlation coefficient cal-
culated for each ensemble pair averaged over all ensemble
pairs, are obtained at the start of the forecast for both the
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northern midlatitude and Arctic regions, with 7ap typically
between 0.1 and 0.2 at a lead time of 9 hr for all diagnos-
tics. 7ap values then increase throughout the remainder of
this first period. During the second period, 7ap values are
relatively constant. This is the lead-time range in which
the maximum values are obtained before values start to
decrease at the start of the third period. Comparing the
diagnostics at a given lead time, oz, has the highest rxp
values, with maxima of 0.70 and 0.85 for the northern mid-
latitude and Arctic regions respectively. LGRz,  has the
lowest ¥ap values, with maxima for both regions of approx-
imately 0.45. These lower rap values for the growth rates
compared with those for oz, are to be expected, as deriva-
tive fields tend to be noisier, with this additional noise
typically resulting in a reduction in spatial correlation.
The similar evolution of the diagnostics for the Arctic and
northern midlatitude regions shown in Figure 1 is typical
of both the Northern and Southern Hemisphere polar (60°
N to 90° N and 60° S to 90° S) and midlatitude (30° N to
60° N and 30° S to 60° S) regions for all 12 forecasts inves-
tigated. The variation in 755 values across the forecasts is
shown on Figure 2 for three of the diagnostics in the north-
ern midlatitudes, with the results for the 0000 UTC May 1
forecast highlighted in black. This representative forecast
is used to illustrate the quantitative results throughout the
remainder of the article.

An example qualitative comparison of LGRgz,
between ensemble prediction systems is shown in

Royal Meteorological Society

Figures 3-5. This example, from the 0000 UTC January 1
forecast, has been selected as it shows some large-scale
mid-latitude synoptic features. Figure 3 shows the spa-
tial distribution of the diagnostic in a region of the North
Pacific and Arctic for four of the ensemble prediction
systems (ECMWF, Japan Meteorological Agency [JMA],
National Centres for Environmental Prediction, and
China Meteorological Administration) at a lead time of
3 hr. Figures 4 and 5 are the spatial distributions for the
same ensemble prediction systems and diagnostic at lead
times of 51 hr and 159 hr respectively. These three lead
times correspond to the early part of each of the periods
discussed earlier herein. In addition to the diagnostic val-
ues, contours of both the mean-sea-level pressure from
the control forecast and of the ensemble mean geopoten-
tial height are also shown on each of these figures. The
following remarks are not specific to the four ensemble
prediction systems included in these figures and would be
typical of any combination of the 12 ensemble prediction
systems (not shown). The main synoptic-scale features
shown in Figure 3 are a trough to the south of Alaska
with a midlatitude storm system (145° W, 59° N) that has
a central pressure below 984 hrPa, a ridge south of the
Bering Strait, and a second trough and low-pressure sys-
tem south of the Kamchatka Peninsula (152° E, 53° N).
The large differences between the spatial distribution of
LGRz,,, values calculated for the four ensemble predic-
tion systems are in line with the results of Rodwell and
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As Figure 3 but for a lead time of 51 hr. [Colour figure can be viewed at wileyonlinelibrary.com]
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Wernli (2023). The large qualitative differences are also
consistent with the low r,p values at early lead times
shown in Figure 11. Zonally, the trough and ridge features
identified by the mean geopotential height contours in
Figure 3 remain relatively static over the following 48 hr
period, but Figure 4 shows that their meridional extent
has increased as an Q-block develops with the ridge axis
at approximately 180° W. The main low-pressure system
to the south of Alaska has moved to the southeast and
maintained its strength (140° W, 52° N), whereas the
system to the south of Kamchatka has moved north and
decayed. A new low-pressure system (145° E, 48° N) has
developed to the north of Japan. At a lead time of 51 hr,
the spatial distribution of LGRz, is similar for the four
ensemble prediction systems, which is consistent with the
higher values of rap obtained during this second period.
By 159 hr into the forecast (Figure 5), the ridge in the
Z,50 contours has rotated to become northwest-southeast,
the original low-pressure region has dissipated, and the
main synoptic feature in the central North Pacific is the
low-pressure region (170° W, 49° N) to the west of the ridge
that had been developing to the north of Japan at a lead
time of 51 hr. Although the four ensemble systems show
the same main synoptic features, there are differences
in both their location and intensity. These differences in
location and intensity are consistent with the study by
Froude (2010) that tracked the location of extratropical
cyclones in the control and ensemble mean forecast using
TIGGE data. By this lead time there is an overall decrease
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As Figure 3 but for a lead time of 159 hr. [Colour figure can be viewed at wileyonlinelibrary.com]

in the magnitude of the LGRz,, values for all ensemble
prediction systems, and the spatial differences in this
diagnostic between systems has increased. These results
are consistent with the decrease in LGR,, and the 7ag
values for LGRz, in the third period at the longer lead
(Figure 1j-1).

To understand the relationship between synoptic
systems and the spatial distribution of the other six diag-
nostics, Figure 6 shows the spatial distribution of these
diagnostics obtained from the ECMWF ensemble predic-
tion system for the same 51 hr lead time and 0000 UTC
January 1, 2022, forecast as Figure 4a. The EGRz,_ and
EGTyz,, values (Figure 6c,d) show the same main features,
as they only differ by the variable scaling of oz, . This
similarity is also the case for the LGRz,, and LGT,, val-
ues (Figures 4a and 6b) and the LGR2;, , and LGT2,
values (Figure 6e,f). Figure 6a shows that the largest
uncertainty oz, is to the south of the main low-pressure
region and to the west of the ridge. The EGRz, and
EGTz,, values (Figure 6¢,d) show that the local growth
tendency and growth rate are also large to the south of
the main low-pressure area. However, local growth rates
within the ridge and upstream trough are more complex.
There is strong growth within the ridge and some small
areas of decay in regions where large oz, values are
observed. By comparing Figures 6¢ and 4a or Figure 6b,d,
the importance of the advection term Az, in the LGRz,_
and LGTz,, diagnostics can be understood. Including
the advection term based on the mean ensemble velocity
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Smoothed diagnostic values for the European Centre for Medium-Range Weather Forecasts ensemble prediction system in

a region covering part of the North Pacific and Arctic, at 51 hr into the forecast initiated at 0000 UTC January 1, 2022. Also shown are the
mean-sea-level pressure from the respective control forecasts (blue contours) and the ensemble mean value of Z,5, (green contours). [Colour

figure can be viewed at wileyonlinelibrary.com]

introduces large areas with negative growth to the east of
the main low-pressure region and within the ridge struc-
ture. In addition, the differences in the spatial distribution
of LGRz,, and LGR2z,  (or LGTz, and LGT2z, ) high-
light the importance of the diffusion term Dz, . In many
locations, a positive LGRz,, corresponds to a negative
LGR2gz,  value, and vice versa.

The evolution of the area-weighted averages and spa-
tial correlation values over time shown in Figure 1 are
attributed to three main components of forecast uncer-
tainty growth:

1. The initial ensemble perturbation structure and spread.
2. The underlying chaotic nature of the atmosphere.

3. The differences, errors, or simplifications within the
ensemble prediction system’s representation of the
atmosphere and atmospheric processes.

The behaviour of the diagnostics in the first 48 hr of the
forecast can be attributed to the variation in the structure
and spread of the initial perturbations for the different
ensemble prediction systems. These variations are likely
to be associated with the differences in the perturbation
schemes used and their initial growth characteristics. A
comparison of the spread-error relationship evolution
between ensemble prediction systems was investigated
by Park et al. (2008) and showed a minimum in the dif-
ference between the spread and root-mean-squared error
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values typically occurred at lead times of between 2 and
5days. Thus, ensemble prediction systems with perturba-
tion schemes that exhibit larger initial uncertainty would
typically have smaller initial growth rates. However, as
ensemble prediction systems have similar values for each
of the diagnostics after the first 48 hr of the forecast, the
effect of the differences in the initial spread characteristics
appears to reduce as lead time increases and perturbations
align with the main features of the synoptic-scale flow. By
the start of the second period, the effect of differences in
the spread of the initial perturbations no longer appears
to be the dominant factor in the uncertainty growth rate,
growth-rate diagnostics are relatively ensemble predic-
tion system independent and regions of underlying large
atmospheric uncertainty growth are being consistently
identified. However, at these lead times, the differences in
the methods used for modelling and the parametrisation of
atmospheric processes will start to lead to some divergence
in the location and intensity of weather systems. This
limits the maximum 7,p values and results in a decline
in the spatial correlation after the peak that occurs in the

second period. These differences in location and intensity
of synoptic systems increase through the third period. In
addition, Figure 1a indicates that the lead time at which
saturation occurs and the maximum spread values are
both ensemble system dependent, a result that is attributed
to differences in the underlying model design. Combined
with the continued divergence in the forecast location and
intensity of weather systems, the saturation differences
underpin the steady decrease in rap values through the
third period.

4.2 | Tropical regions

Figure 7 shows the evolution of selected diagnostics in
the northern Tropics for the 12 ensemble prediction sys-
tems during the 0000 UTC May 1, 2022, forecast. The
results shown are for Z,5, enabling a direct comparison
with the results for the extratropics. As the main source
of variability in the Tropics is associated with equatorial
waves (Judt, 2020), geopotential height is a useful variable
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FIGURE 7 Quantitative comparison of diagnostics between the 12 ensemble models across the northern Tropics (between 0° N and

30° N) as a function of lead time for forecasts starting at 0000 UTC May 1, 2022: (a)-(c) area-weighted average values for 6, , LGTz, , and
LGRy,_; (d)~(f) average correlation coefficients rp for the same diagnostics. Error bars represent the standard deviation of the correlation
coefficient for individual ensemble prediction system pairs. BoM: Australian Bureau of Meteorology; CMA: China Meteorological
Administration; DWD: Deutscher Wetterdienst; ECCC: Environment and Climate Change Canada; ECMWF: European Centre for
Medium-Range Weather Forecasts; IMD: India Meteorological Department; JMA: Japan Meteorological Agency; KMA: Korea Meteorological
Administration; MF: MeteoFrance; NCEP: National Centres for Environmental Prediction; NCMRWF: National Centre for Medium Range
Weather Forecasting (India); UKMO: UK Met Office. [Colour figure can be viewed at wileyonlinelibrary.com]
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for understanding uncertainty in this region. Figure 7a-c
shows the area-weighted average values for the oz, ,
LGTy,,, and LGRz, diagnostics. Figure 7d-f shows the
average spatial correlation coefficient rag, the spatial dis-
tribution of diagnostic values for each ensemble pair aver-
aged across all ensemble prediction system pairs, for the
same three diagnostics. The evolution of the EGTz, and
LGT2z,  area-weighted average values and spatial corre-
lation coefficients (not shown) are similar to those for the
LGTy,, diagnostic. Likewise, the evolution of these val-
ues for EGRz,, and LGR2z,  (not shown) are similar to
those for LGRz,, . The main features of these plots are
typical of the evolution of these diagnostics in both the
northern and southern Tropics and for all 12 forecast start
times. oz, , increases approximately linearly up to a lead
time of at least 240 hr, and the growth tendency LGT_,_ is
almost constant throughout this period. The growth rates
in the region are much smaller than those in the mid-
latitudes and polar regions (Figure 1). In addition, short
time-scale fluctuation in LGRz,_ occur throughout the
forecast. The average spatial correlation between ensem-
ble prediction system pairs at the start of the forecast is
poor, and the rag values for LGRz,, of between 0.1 and 0.2
are similar to those in the extratropical regions. Although
g for 6z, increases continuously over the first 96 hr, at
which time values above 0.8 indicate the ensemble predic-
tion systems have similar spatial distributions of ensemble
spread, 7ag values for the growth diagnostics, LGTy,, and
LGRgz,, , remain low throughout the forecast, peaking at
only 0.2. Judt (2020) also found that the Tropics had lower
medium- to long-term growth rates than the extratropics
and improved predictability at longer lead times. There
may be some localised circumstances, such as the devel-
opment of tropical cyclones, when growth rates are signif-
icant. However, these were not obvious on the smoothed
1° X 1° grid data for the forecasts investigated (not shown).
In addition to Z,50, uncertainty growth associated with sev-
eral velocity-based variables was also investigated in the
Tropics including the zonal velocity u,s, meridional veloc-
ity v,s50, and Kinetic energy %(”550 +v2,,)- The uncertainty
growth-rate results for these velocity-based variables (not
shown) were similar to those for Z,5, with all three uncer-
tainty growth rates (EGR, LGR, and LGR2) that were much
smaller than in the extratropical regions, were linear, and
that also included diurnal fluctuations. The spatial corre-
lation coefficients for all variables, at almost all lead times,
were smaller in the northern Tropics than in the north-
ern midlatitudes, although the differences were less for the
velocity-based variables than for the Z,5 values shown in
Figures 1 and 7.

The short time-scale fluctuations in LGRz, values are
attributed to the diurnal cycle associated with tropical

Royal Meteorological Society

convective processes combined with the uneven zonal
distribution of land masses and, therefore, the main
regions of convection. Figure 8 shows the LGR,_ devel-
opment across the tropical region during day 3 of the
ECMWEF forecast initiated at 0000 UTC May 1, 2022. High
LGRz,, values are obtained over southeast Asia (region
centred on 110° E, 10° N) at 0300 UTC, central Africa
(region centred on 30° E, 5° N) at 0900 UTC, western
Africa (region centred on 0° E, 10° N) and South Amer-
ica (region centred on 60° W, 5° S) at 1500 UTC. The
high values in these highlighted locations are followed by
negative LGRz,  values approximately 6 hr later. This sug-
gests that uncertainty growth over each land area is largest
when convection initiates in the morning and then starts
to decay once convection rates have peaked. This daily
cycle is repeated through the other days of the forecast.
Although not investigated here, tropical weather patterns,
including monsoons and the Madden-Julian oscillation,
may also contribute to an uneven zonal distribution of
the uncertainty growth rate. The poorer spatial correla-
tion between the ensemble system growth-rate diagnostics
than for the extratropics, combined with the dominance of
diurnal convection relative to the development of weather
systems, may limit the usefulness of these diagnostics for
understanding the sources, growth, and transport of atmo-
spheric uncertainty in tropical regions.

4.3 | Effect of ensemble size
Figure 9a shows the relationship between the rap val-
ues of the LGRz, , diagnostic plotted against the average
ensemble size for each ensemble pair. The values are for
lead times of between 48 hr and 72 hr from the 0000 UTC
May 1, 2022, forecast. Although there is significant scat-
ter, the figure shows a trend towards higher rag values
with increasing ensemble size. This trend is observed for
lead times of more than 48 hr in most of the extratropi-
cal and polar cases. Leutbecher and Palmer (2008) show
that a spread correction factor, (N + 1)/(N — 1), needs to
be applied when analysing spread-error relationships to
account for the finite ensemble size, implying that, when
comparing the spread diagnostics for two perfect ensem-
bles with N; and N, members, a difference would expected
when N; # N,. However, this is not the source of the rela-
tionship between rg and ensemble size found here, as the
exponential form of the LGRz,_, diagnostic in Equation (6)
means that growth rates are independent of the absolute
value of the forecast spread.

To better understand the relationship between spatial
correlation and ensemble size, reduced-member ensem-
bles were generated using the control forecast and a
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FIGURE 8

Smoothed LGRz, | values (1072 hr™!) in tropical regions for ECMWT forecast initiated at 0000 UTC May 1, 2022. Also

shown are the mean-sea-level pressure from the respective control forecast (blue contours) and the ensemble mean value of the Z,s, (green

contours). [Colour figure can be viewed at wileyonlinelibrary.com]

number of randomly selected perturbed members from
each of the ECMWF and JMA ensembles. These ensembles
were chosen as they had the largest number of members.
Five pairs of reduced-member ensembles were generated
for ensemble sizes, including the control forecast, of 11,
16, 21, 26, 31, 36, and 41 members. In addition, a single
46-member case was generated and the full 51-member
case was also included in the comparison. The resulting
spatial correlation between each of the 37 pairs is plot-
ted in Figure 9b and clearly demonstrates a relationship
between the ryg values and the ensemble size. A best-fit
relationship (dashed line) of the form

rap = a(l —e), (20)

where « and g are constants, has been fitted to the data
in Figure 9. In both cases, the 50-member comparison

approaches the asymptotic value of rag. These results
imply that, as ensemble size increases, the spread-based
diagnostics are less sensitive to the statistical effects of
sampling and should, therefore, be more representative of
the atmospheric uncertainty and its growth.

44 | PV diagnostics

In this section, diagnostics calculated from PV,sy using
data from the ECMWF operational archive are compared
with those obtained for Z,sp. Although the PV values
have not been calculated for a constant 8 surface, PV,s
is expected to provide a better approximation than Z,s,
to a tracer-like variable, for which NonAdvy = 0. There-
fore, the comparison between the PV,s5y and Z,s59 pro-
vides an indication of whether the NAz,  values are likely
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FIGURE 9 The effect of ensemble size on the spatial correlation rpg, which compares the spatial distribution of diagnostic values for

each ensemble pair, for the LGRz,_ diagnostic. Data are for northern midlatitudes and lead times between 48 hr and 72 hr from the forecast
initiated at 0000 UTC May 1, 2022. (a) rap values for the full ensembles of all model pairs. (b) rap values for the reduced member ensembles
obtained using equally sized randomly selected subsets of ensemble members from the European Centre for Medium-Range Weather

Forecasts and Japan Meteorological Agency ensemble prediction systems. All data points are plotted against the average ensemble size of the

respective ensemble prediction system pair.

to be significant in the comparisons between ensemble
prediction systems.

Figure 10a compares the evolution of the LGR (solid
lines) and the LGR2 (dashed lines) values for the north-
ern midlatitudes from the 0000 UTC May 1, 2022, forecast
for diagnostics calculated from these two variables. The
area-weighted average values for LGR and LGR2 are larger
for Z,s5p than for PV,so throughout the forecast, although
the difference for LGR becomes relatively small after
the first 48-hr period. LGR2py, is approximately zero
after the first 48 hr, whereas LGR2z,  remains positive
even when lead times exceed 300 hr. For each variable,
short-term variations in the evolution of the LGR val-
ues are also present in the evolution of the LGR2 values.
Figure 10b compares the spatial correlation r between
EGRgz,, and EGRpy, , between LGRz, , and LGRpy,, , and
between LGR2z,  and LGR2py,, . The r value for the EGR
comparison increases from 0.3 at the start for forecast to a
maximum of almost 0.7 after approximately 130 hr. There
is a similar trend for the LGRz,, diagnostics, although
the values are slightly lower. In contrast to the good
spatial correlations for the EGR and LGR diagnostics,
there is very poor spatial correlation between the LGR2
diagnostics throughout the entire forecast. Similar char-
acteristics to those shown in Figure 10 are present when
comparing diagnostics for Z,s, and PV,sy throughout the
midlatitude and polar regions and for all 12 forecasts
investigated.

The spatial distributions of the EGR, LGR, and LGR2
diagnostic values for Z,s9 and PV,5 at a lead time of 51 hr,
and for the same region and forecast date as Figure 4,
are shown in Figure 11. The regions of high and low

EGR and LGR values calculated using the two variables
are in similar locations. In addition, there is little differ-
ence between the values of the LGR and LGR2 diagnostics
when calculated using PV,so. However, there are signifi-
cant differences between the locations of the high and low
LGR and LGR2 values for Z,so. This qualitative compar-
ison between the LGR and LGR2 values is supported by
spatial correlation analysis (not shown) with the LGRpy,,
and LGR2py,, strongly correlated (r > 0.9 for the first 90 hr
of the forecast) whereas LGRz, , and LGR2,,_, are poorly
correlated (r < 0.15 after the first 48 hr of the forecast).
Although, for PV, the Dpy, , term is diffusive throughout
the forecast, leading to the smaller area-weighted average
for LGR2py, , than for LGRpy,,, seen in Figures 10a, 11d,f
shows that the difference in these average values is gen-
erally small relative to the magnitude of the diagnostic
values at any particular location. In addition, when added
to the LGRpy,,, values, the Dpy,  term does not affect the
location of the high and low values of the Lagrangian
growth-rate diagnostics. In contrast, for Z, the Dz, term
does have a significant impact on the location of the high
and low values of the Lagrangian growth-rate diagnos-
tics, and is positive on average for lead times in excess of
144 hr.

The relatively good correlation between the EGR diag-
nostic for the two variables is consistent with the Z,s,
field, representing a smoothed version of the PV,s, field.
As advection is calculated using the same ensemble mean
velocity for both variables, the LGR diagnostic is simi-
larly consistent, and the spatial distribution of LGRz,_ can,
therefore, be used as an approximation to LGRpy,, . This
is not the case for the LGR2 diagnostic, where the Dz,
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FIGURE 10 Comparing the evolution of uncertainty growth-rate diagnostics calculated with Z,sy and PV 5, in the northern

midlatitude region using the ECMWF forecast from 0000 UTC May 1, 2022: (a) area-weighted average values for LGR and LGR2; (b) spatial
correlation coefficient between growth-rate diagnostics calculated for Z,so and PV,sy. [Colour figure can be viewed at wileyonlinelibrary.com]
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Arctic, 51 hr into the European Centre for Medium-Range Weather Forecasts forecast initiated at 0000 UTC January 1, 2022. Also shown are
the mean-sea-level pressure from the respective control forecasts (blue contours) and the ensemble mean value of Z,s, (green contours).
[Colour figure can be viewed at wileyonlinelibrary.com]
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term has a large impact on the distribution for Z. Combin-
ing these results means that there are substantial differ-
ences in the sum of non-conservative and non-advective
terms (NCx + NAy) for these two variables, implying that
LGR2z, has a large non-advective component. Based on
this result, it is recommended that the use of the LGR2
diagnostic is restricted to tracer-like variables.

5 | SUMMARY AND CONCLUSIONS

A comparison of forecast uncertainty in the operational
forecasts of 12 ensemble prediction systems, with data
retrieved from the TIGGE archive, has been conducted
to understand whether ensemble-spread-based diagnos-
tics provide a useful measure for understanding the pro-
cesses that are associated with the growth and transport
of atmospheric uncertainty. Diagnostics investigated were
the ensemble standard deviation, as a direct measure of
forecast spread, and Eulerian (or local) and Lagrangian
growth tendencies and growth rates, where the growth
rates are normalised forms of the growth tendencies. In
addition to a Lagrangian growth-rate diagnostic based on
the mean ensemble velocity (LGR), an alternative version
(LGR2) has been derived that includes an additional trans-
port term. This alternative version is a measure of the
uncertainty growth rate associated with non-conservative
diabatic and frictional processes. It has been argued that,
when growth-rate diagnostics are relatively independent
of the ensemble prediction system, the effect of model
errors is likely to be small and the development of these
diagnostics can be attributed to the growth of atmospheric
uncertainty. Under these circumstances, the diagnostics
can then be used to understand the flow-dependent evolu-
tion of atmospheric uncertainty.

Diagnostics for 250 hPa geopotential height were cal-
culated for the 12 forecasts that were initiated on the
first day of each month in 2022. Diagnostics obtained
from the ensemble prediction systems were compared
qualitatively using maps of the diagnostic spatial distri-
butions, and quantitatively using area-weighted average
values and the spatial correlation between the diag-
nostic maps. As 250hPa geopotential height is not
a tracer-like variable, the calculated diagnostics may
include a significant non-advective component. There-
fore, diagnostics for 250 hPa PV, a variable expected to be
almost tracer-like, were also calculated for the ECMWF
ensemble prediction system. Comparisons between the
diagnostics using 250hPa PV and geopotential height
diagnostics from the ECMWF ensemble prediction sys-
tem were conducted to understand the importance of the
non-advective term.

The main conclusions of the study are as follows:

Royal Meteorological Society

1. In the extratropical regions (north of 30° N and south
of 30° S) the values of each of the growth-rate diagnos-
tics were consistent across all 12 ensemble prediction
systems for a range of forecast lead times starting at
48 hr and ending at between 96 hr and 192 hr. In addi-
tion, for this range of lead times (the second period),
the spatial distribution of the growth diagnostics is
shown to be similar for all ensemble prediction systems.
These results imply that, during this second period,
the flow-dependent nature of the uncertainty growth
is a property of the atmosphere and not specific to one
ensemble prediction system.

2. Growth rates in the midlatitude part of the extratropi-
cal regions are approximately constant for this second
period, implying that growth is exponential.

3. For lead times of less than 48 hr (the first period)
there is less consistency in the diagnostic values cal-
culated across the ensemble prediction systems. The
results at short lead times are attributed to differences
in the initial perturbation structure and spread across
the ensemble prediction systems, the effect of which
reduces over time as the perturbations align with the
main features of the synoptic-scale flow. Less consis-
tency is also found at longer lead times (the third
period), and this result is attributed to differences in
the NWP model design that impact the location and
strength of the main synoptic features, combined with
the effects of saturation, which also appear to be model
specific.

4. In tropical regions, ensemble spread grows linearly and
growth-rate diagnostics are more inconsistent across
the ensemble prediction systems than for the extratrop-
ics at all lead times. These results were found when
investigating uncertainty in both geopotential-height-
and velocity-based variables, including kinetic energy.
Short time-scale fluctuations in the area-weighted aver-
age growth rates in these regions follow a diurnal cycle,
suggesting that the diagnostic values are linked to con-
vective processes, with the highest values when convec-
tion is at its maximum. The ensemble prediction system
dependence implies that growth-rate diagnostics may
be a less useful measure for understanding the sources
and transport of atmospheric uncertainty growth in the
tropical regions than in the extratropical regions.

5. Although diagnostic values for all ensemble predic-
tion systems are similar in the extratropics in the sec-
ond period, a large ensemble size is required to avoid
sampling affecting the estimate of uncertainty growth
rate and its flow dependence.

6. It has been shown in its derivation that the LGR2 diag-
nostic represents the uncertainty growth rate associated
with the non-conservative source term for tracer-like
variables and should, therefore, provide a useful tool for
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assessing the sources of uncertainty in future studies.
The differences between the LGR2 results for geopo-
tential height and PV are attributed to a significant
non-advective component in the geopotential-height
diagnostics and, therefore, it is recommended that the
use of the LGR2 diagnostic is restricted to variables that
have tracer-like properties.

Overall, this work demonstrates that ensemble-
spread-based diagnostics, calculated from the 12 ensemble
prediction systems, are consistent in the extratropi-
cal regions for a range of forecast lead times starting
at 48hr and ending at between 96 hr and 192 hr. Cal-
culation of the LGR2 diagnostic from a variable that
has tracer-like properties should enable the effects of
non-conservative sources and sinks on uncertainty growth
to be understood. In addition, the geopotential height
results indicate that an ensemble size of approximately
50 members is sufficient to obtain consistent and, there-
fore, representative growth-rate diagnostics between
ensemble prediction systems. The consistency of these
results provides confidence in the use of these diagnos-
tics for identifying sources of atmospheric uncertainty
and assessing the synoptic systems and atmospheric pro-
cesses that have the largest impact on medium-range
predictive skill.
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