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A B S T R A C T
The impact of parameter variations on the Navy Operational Global Atmospheric Prediction System ensemble per-
formance is examined, and subsets of ensemble members are used to identify the relative impact of the individual
parameters. Two sets of parameter variations are considered. The first set has variations in the parametrization of
cumulus convection only. The second set has variations in both convection and boundary layer parametrizations. In the
tropics, parameter variations significantly increase ensemble spread in wind and temperature fields, and significantly
reduce Brier scores for low-level wind speed and temperature, primarily through improvements to the resolution (the
impact in the extratropics is negligible). There are also small but significant improvements in the ensemble mean tropical
cyclone track forecasts. For the metrics considered here, the second set of parameter variations outperforms the first set.
Examination of the spread within ensemble subsets suggests that the parameter with the biggest overall impact is one
that helps to control the convective updraft parcel temperature deficit at cloud base level. Variations in the von Kármán
constant significantly increase ensemble spread in the low-level tropical winds near the date line, and in the low-level
temperature field throughout the tropics and subtropics.

1. Introduction

A practical way to deal with inevitable uncertainties in atmo-
spheric forecasting is through ensemble forecasting. Ideally,
both initial condition uncertainty and model uncertainty are ac-
counted for in ensemble design. Operational forecasting centres
have been providing global ensembles with initial-state pertur-
bations since the early 1990s (e.g. Toth and Kalnay, 1993; Buizza
and Palmer, 1998). More recently, several methods have been
proposed to account for different aspects of model uncertainty
and model error in ensemble design, including multimodel or
multiparametrization ensembles (e.g. Houtekamer et al., 1996;
Stensrud et al., 2000), stochastic forcing (e.g. Buizza et al.,
1999, Berner et al., 2009) and parameter variations (e.g. Bowler
et al., 2008; Hacker et al., 2011a, b). In this study, the focus is
specifically on the impact of parameter variations in the Navy
Operational Global Atmospheric Prediction System (NOGAPS)
on ensemble performance. The parameter variations are chosen
to reflect uncertainty in tune-able parameters that are known
through prior experimentation to have an impact on forecasts.
Two sets of parameter variations are considered. In the first set
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only parameters within the cumulus convection parametrization
scheme are varied. In the second set a parameter in the bound-
ary layer scheme is also varied. Subsets of ensemble forecasts
are examined in order to investigate the relative impact of the
individual parameters that are varied.

All ensembles are produced using the same initial perturba-
tion methodology. This methodology is the Ensemble Transform
(ET) technique (Bishop and Toth, 1999; McLay et al., 2008),
where initial perturbations are produced from a global transfor-
mation of short-term ensemble forecast perturbations such that
they are consistent with analysis error variance estimates. There
are aspects of the practical application of the ET described in
McLay et al. (2008) that can be improved upon. Given a fi-
nite number of ensembles, the initial ensemble perturbations
are too small in the tropics and too large in the mid-latitudes
when compared to the analysis error variance estimate produced
by the NRL Atmospheric Variational Data Assimilation System
(NAVDAS, Daley and Barker, 2001). The problem of too little
ensemble spread in the tropics is attributed, in part, to the ne-
glect of model error in ensemble formulation, which is expected
to be greater in the tropics than in the mid-latitudes. With the
inclusion of model uncertainty, the aim is to both increase en-
semble variance such that it is more consistent with ensemble
mean error variance and to improve ensemble performance for
other metrics of interest (e.g. Brier scores).
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Different methods have been proposed to deal with differ-
ent aspects of model error and model uncertainty. One broad
way to deal with structural model error in ensemble design is to
run multimodel ensembles or ensembles in which the forecast
model contains different parametrization schemes for different
ensemble members (e.g. Houtekamer et al., 1996; Stensrud et al.,
2000; Bright and Mullen, 2002; Charron et al., 2010, Berner
et al., 2011). While providing useful ensemble diversity, these
ensembles may exhibit clustering by model (e.g. Alhamed et al.,
2002) and this method also requires additional resources de-
voted to keeping different parametrizations or parametrization
suites up-to-date. An alternative to multiparametrization tech-
niques is to vary parameters within the parametrizations them-
selves (e.g. Bowler et al., 2008; Hacker et al., 2011a, b). This
technique avoids the difficulties associated with maintaining dif-
ferent physical parametrization suites, but is also narrower in the
type of model error considered, addressing only parametric un-
certainties within the parametrizations themselves. In mesoscale
model experiments over the continental United States, Hacker
et al. (2011a) find little impact from parameter variations alone,
but find the best results are obtained by combining parame-
ter variations with multiparametrizations and stochastic forcing.
Consideration of a global domain, as is done here, may high-
light regional differences in the potential impact of parameter
variations on ensemble performance.

Multiparametrization and parameter variations are not the
only methods to account for model uncertainty. Other techniques
employ stochastic methods of various types. Recent research
on stochastic techniques includes the addition of a stochastic
term to account for uncertainty in existing parametrizations due
to, for example, grid-box sampling (e.g. Buizza et al., 1999;
Shutts and Palmer, 2004), adding a stochastic perturbation to
the convective available potential energy in the deep convective
scheme (Lin and Neelin, 2000), adding stochastic perturbations
to the tendencies from the convective parametrization to account
for subgrid-scale uncertainties (Teixeira and Reynolds, 2008;
Reynolds et al., 2008) and stochastic kinetic energy backscatter
(SKEB, Shutts, 2005; Berner et al., 2009; Bowler et al., 2009;
Charron et al., 2010; Berner et al., 2011), to account for aspects
of structural uncertainty in conventional parametrizations.

Parameter variations may be varied stochastically. Li et al.
(2008) describe accounting for model physics uncertainties
by stochastically perturbing the threshold vertical velocity
in the trigger function of the Kain-Fritsch deep convection
parametrization, and the threshold humidity in the Sundqvist
explicit scheme in an ensemble system using the limited-
area version of the Canadian Global Environmental Multi-
scale model. They find that these stochastic parameter per-
turbations significantly enhance quantitative precipitation fore-
cast performance for light rainfall rates. Bowler et al. (2008)
describe the use of stochastic parameter variations in the de-
sign of the Met Office Global and Regional Ensemble Pre-
diction System (MOGREPS). In that system, eight parameters

(two each within their convection, boundary layer, gravity wave
drag and large-scale precipitation parametrizations) are var-
ied stochastically during the ensemble forecast integrations.
These variations are meant to account for the somewhat ar-
bitrary values of empirical, adjustable parameters and thresh-
olds within the parametrization schemes. The parameters vary
in time using a first order auto-regression model. They find
that the addition of the parameter variations, as well as in-
clusion of stochastic convective vorticity (which is meant to
represent anomalies associated with mesoscale convective sys-
tems), increased ensemble spread in mean sea level pressure
by about 5% over ensembles that contained initial perturbations
only.

In the study here, parameter variations are employed, but in
contrast to Bowler et al. (2008), the modified parameter values
are held constant throughout the forecast integration, with differ-
ent parameter value combinations for each ensemble member.
Although there are potential benefits to the use of temporally
varying parameter perturbations, one also expects slowly vary-
ing (or even time-invariant) features in the distribution of opti-
mal parameter values that may be best represented by the use
of parameter variations that are fixed within a given ensemble
member. For example, the use of different parameter values in
the Emanuel convective scheme (Emanuel, 1991; Emanuel and
Zivkovic-Rothman, 1999; Peng et al., 2004) over land compared
with tropical warm pool regions is supported by some prelim-
inary cloud-resolving simulation experiments (James Ridout,
personal communication, 2010) with the Naval Research Labo-
ratory’s Coupled Ocean/Atmosphere Mesoscale Prediction Sys-
tem (COAMPS

R©
; Hodur, 1997; Chen et al., 2003). Although

the use of geographically varying parameters would appear to
be the optimal solution in this regard, this approach has thus far
proved unsuccessful in NOGAPS. Other related examples can
be cited supporting the use of parameters that are fixed within
a given model integration, but vary in different ensemble mem-
bers. In general, this approach may be expected to be helpful in
the representation of variability associated with strong contrasts
in the nature of physical processes in slowly varying weather
regimes, such as for example associated with different phases
of the Madden Julian Oscillation (MJO) (e.g. Madden and Ju-
lian, 1971, 1972, 1994; Hayashi and Sumi, 1986; Hendon, 1988;
Chen et al., 1996). Ideally this variability would be adequately
represented by the model physics without the need for parameter
variations, but such is not always the case. As with other meth-
ods of parameter variation (and to some extent parametrizations
in general), this method is expected to result in situations where
certain features of the flow are better represented at the expense
of other features. In a careful study investigating the response
of a mesoscale model to parameter variations for a mid-latitude
domain, Hacker et al. (2011b) find that the lack of a domain-
wide systematic response suggests time-dependent parameter
variations may not be necessary for representing parameter un-
certainty.
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In order to focus on the improvement in ensemble behaviour
that may be gained through accounting for parametric error,
parameter variations are the only type of model uncertainty con-
sidered here. It is expected that, in the future, this method of
accounting for model uncertainty may be profitably combined
with other methods, as has been shown in, for example, Bowler
et al. (2008), Charron et al. (2010) and Hacker et al. (2011a).

This paper is organized in the following manner. Section 2
describes the methodology; Section 3 presents the results com-
paring the full ensembles; Section 4 presents results from the
examination of subensembles designed to evaluate the impact of
the different parameters; and Section 5 contains a summary and
brief discussion of future work. In this work, it is found that the
parameter variations have little impact on ensemble performance
in the extratropics, and therefore focus is placed on ensemble
performance in the tropics.

2. Methodology

2.1. Initial perturbations

The ensemble transform (ET) initial perturbation scheme is de-
scribed in Wei et al. (2006, 2008) and McLay et al. (2007,
2008). A brief description is provided here, with details found in
McLay et al. (2007). Let Pa

g be an N × N matrix whose elements
represent the error covariance estimate of the initial condition
state, where N is the number of variables in the model state. Let
Zf = [zf

1, zf
2, . . . , zf

K ] be an N × K matrix whose ith column is

zf
i = xf

i − xf
i , (1)

where xf
i = 1

K

∑K
i=1 xf

i , xf
i is the ith member of a given forecast

ensemble, K is the number of ensembles and xf
i represents the

mean of the forecast ensemble. In the ET, K analysis perturba-
tions Za = [za

1, za
2, . . . , za

K ] are generated using

Za= ZfT (2)

subject to the constraint

ZaT
(
Pa

g

)−1
Za = NI, (3)

where T = [t1, t2, . . . , tK ] is assumed to be a real symmetric
K × K matrix of weighting coefficients. Equation (3) insures
that the perturbations are globally consistent with estimates of
analysis error covariance. The mean of the initial perturbations
is constrained to be zero, so K-1 initial perturbations are inde-
pendent. Here, Pa

g is obtained from NAVDAS, and is diagonal.

2.2. Parameter variations

The first set of parameter variations in NOGAPS concerns only
parameters within the moist convection scheme (Emanuel, 1991;
Emanuel and Zivkovic-Rothman, 1999; Peng et al., 2004). The
ensemble containing this set of parameter variations is referred
to as PAR1. The four parameters that are varied within the fore-

cast model between different ensemble members are cu, which
is the coefficient that scales the computed convective momentum
transport, dtmax, which represents the magnitude of small-scale
temperature perturbations associated with rising updraft source-
layer parcels, and alpha and damp, which are parameters that
control the rate of approach to quasi-equilibrium. The parame-
ter cu can assume values between ‘0’ and ‘1’, where a value of
‘0’ corresponds to the maximum amount of convective momen-
tum transport, and ‘1’ corresponds to no convective momentum
transport. The value used for cu in the control ensemble member
in the current tests is 0.25. The other three parameters occur in
the equation describing the temporal development and decay of
cloud-base mass flux, Mb,

�Mb = 0.1alpha (�TLCL + �Tsc + dtmax) − damp Mb, (4)

where �Mb represents the change in Mb over the course of a
single time-step, �TLCL is the virtual temperature difference
between a parcel (lifted from the updraft source-level) and the
environment at the lifted condensation level (LCL), and �Tsc

is the mean virtual temperature difference between the lifted
parcel and the environment in the subcloud layer. In the current
tests, the parameter values used for the control ensemble mem-
ber are 0.5 kg m−2 K−1 s−1 for alpha, 0.8 K for dtmax, and 0.1
for damp. The treatment described by (4) tends to adjust Mb so
that updraft parcel buoyancy in the subcloud layer remains ap-
proximately constant. The first term represents a source term for
cloud-base mass flux when the sum of �TLCL and �Tsc exceeds
– dtmax, and a sink term otherwise. The second term is always
a sink, or ‘damping’ term. Typically, increases in Mb resulting
from increases in parcel buoyancy tend to stabilize the profile,
resulting in some degree of balance between convection and
surface fluxes or other destabilizing factors. Thus on timescales
of ∼12 h in tropical warm pool regions, (4) can be regarded
(Emanuel and Zivkovic-Rothman, 1999) as an implication of
the ‘boundary layer quasi-equilibrium’ hypothesis of Raymond
(1995). In global numerical weather prediction (NWP) with NO-
GAPS the success of this relation has been shown in explicit
simulations of deep convection to be consistent with an appar-
ently more broadly observed 1–3 h ‘cloud-base quasi-balance’
(Ridout et al., 2005).

The selection of the four parameters for variation in PAR1
is based to some degree on a number of preliminary experi-
ments, including parameter adjustments in response to various
changes in the model physics. Adjustments to the value of cu,
for example, have been shown to have a considerable impact
on tropical cyclone track forecasts (Hogan and Pauley, 2007).
The updraft parcel temperature perturbation parameter dtmax
is of critical significance as well, exerting considerable control
on the development of convection. Its value has recently been
adjusted in response to several changes in the forecast model,
including changes made in the computation of the updraft tem-
perature perturbation in the convection scheme. Less testing has
been addressed towards the alpha and damp parameters. In the
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Table 1. Configuration of the ensemble
experiments in PAR1. Member 0 has the
control values

Member cu dtmax damp alpha

0 0.25 0.8 0.1 0.5
1 0.5 0.8 0.1 0.5
2 0 0.8 0.1 0.5
3 0.25 1.1 0.1 0.5
4 0.25 0.5 0.1 0.5
5 0.25 0.8 0.1333 0.5
6 0.25 0.8 0.08 0.5
7 0.25 0.8 0.1 0.625
8 0.25 0.8 0.1 0.375
9 0.5 1.1 0.1 0.5
10 0.5 0.5 0.1 0.5
11 0.5 0.8 0.1333 0.5
12 0.5 0.8 0.08 0.5
13 0.5 0.8 0.1 0.625
14 0.5 0.8 0.1 0.375
15 0 1.1 0.1 0.5
16 0 0.5 0.1 0.5
17 0 0.8 0.1333 0.5
18 0 0.8 0.08 0.5
19 0 0.8 0.1 0.625
20 0 0.8 0.1 0.375
21 0.25 1.1 0.133 0.5
22 0.25 1.1 0.08 0.5
23 0.25 1.1 0.1 0.625
24 0.25 1.1 0.1 0.375
25 0.25 0.5 0.1333 0.5
26 0.25 0.5 0.08 0.5
27 0.25 0.5 0.1 0.625
28 0.25 0.5 0.1 0.375
29 0.25 0.8 0.1333 0.625
30 0.25 0.8 0.1333 0.375
31 0.25 0.8 0.08 0.625
32 0.25 0.8 0.08 0.375

hypothetical case where an exact equilibrium is attained, the
equilibrium value of cloud-base mass flux is proportional to the
ratio of alpha to damp, suggesting the possibility of some degree
of interdependence with respect to impacts of variations in these
two parameters. In the PAR1 ensemble experiments, all four of
these parameters are varied between the control value, and a high
and a low value, as shown in Table 1. The ranges of variation
with respect to the control member values are consistent with
expected uncertainties as to the most appropriate values in the
context of the convective parametrization. The combination of
parameter values are unique to each ensemble member, and are
held fixed throughout the ensemble forecast. Note that not all of
the 81 possible parameter variation combinations are considered,
as tests were designed to use an ensemble size that is currently
operationally feasible (32 perturbed members plus one control).

In the first eight perturbed members, only one parameter is per-
turbed at a time. Two parameters are perturbed at once in the
remaining 24 members. Subensembles can be formed from the
first 8 members to examine the impact of individual parameter
variations, as described in Section 4.

The ensemble with the second set of parameter variations
is referred to as PAR2. In PAR2, the set of parameter varia-
tions includes cu and dtmax, as in PAR1, but now alpha and
damp are held to their control values. In their place, two new
parameters are added. The first, sigs, is the fraction of precipita-
tion falling outside of the cloud. Larger values of sigs result in
greater evaporative cooling within the precipitating downdraft,
with consequent impacts on the rate of stabilization of the atmo-
spheric profile to further convection. It is important to note that
in the current NOGAPS version of the Emanuel scheme, sigs
does not assume the value of unity below cloud-base as should
conceptually be the case (Emanuel, 1991). Enhanced sensitivity
of the rate of low-level cooling by convective downdrafts to this
parameter may thus be expected. The second new parameter, k,
introduced to the set of varied parameters is the von Kármán con-
stant. The von Kármán constant is a constant of the logarithmic
wind profile in the surface layer,

∂U

∂z
= u∗

kz
, (5)

where z is height, u∗ is friction velocity and U is wind veloc-
ity. Although, as its name implies, k is generally taken to be
a fixed constant (usually 0.4, which is the value used in NO-
GAPS), there have been a number of studies reported through
the years supporting values in a range of about ±10% of 0.4
(see the discussion in Andreas, 2009). Recent work by Zhang
et al. (2008) evaluated k under a range of stability conditions
using an iterative analysis that minimized a cost function of the
differences between computed and observed gradients of wind
speed, temperature and humidity. The analysis, which adopted
the Businger et al. (1971) flux-profile relationships, concludes
that k decreases from 0.49 under stable conditions to 0.34 under
unstable conditions, and is equal to 0.4 under neutral stratifi-
cation. The boundary layer scheme currently employed in NO-
GAPS (Louis, 1979; Louis et al., 1982) is in part based on
these same flux-profile relationships, particularly for unstable
conditions. Although it can be argued that some of the reported
variability might be more accurately interpreted as a reflection of
deficiencies in the flux-profile relationships employed (Foken,
2008), the results do support variation of k within the frame-
work of the NOGAPS ensemble. In this study, k is allowed to
vary only within a small portion of this range (0.38–0.42). The
regular variation of k with stability found by Zhang et al. (2008)
suggests that this dependence is readily parametrizable (and an
effort in this regard is currently underway). Nonetheless, the fact
that such a variation of k with stability is not currently repre-
sented in NOGAPS is justification for its inclusion in our set of
varying parameters in this study. The configuration of the second
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Table 2. Configuration of the ensemble
experiments in PAR2. Member 0 has the
control values

Member cu dtmax sigs k

0 0.25 0.8 0.12 0.4
1 0.5 0.8 0.12 0.4
2 0 0.8 0.12 0.4
3 0.25 1.1 0.12 0.4
4 0.25 0.5 0.12 0.4
5 0.25 0.8 0.10 0.4
6 0.25 0.8 0.14 0.4
7 0.25 0.8 0.12 0.38
8 0.25 0.8 0.12 0.42
9 0.5 1.1 0.12 0.4
10 0.5 0.5 0.12 0.4
11 0.5 0.8 0.10 0.4
12 0.5 0.8 0.14 0.4
13 0.5 0.8 0.12 0.38
14 0.5 0.8 0.12 0.42
15 0 1.1 0.12 0.4
16 0 0.5 0.12 0.4
17 0 0.8 0.10 0.4
18 0 0.8 0.14 0.4
19 0 0.8 0.12 0.38
20 0 0.8 0.12 0.42
21 0.25 1.1 0.10 0.4
22 0.25 1.1 0.14 0.4
23 0.25 1.1 0.12 0.38
24 0.25 1.1 0.12 0.42
25 0.25 0.5 0.10 0.4
26 0.25 0.5 0.14 0.4
27 0.25 0.5 0.12 0.38
28 0.25 0.5 0.12 0.42
29 0.25 0.8 0.10 0.38
30 0.25 0.8 0.10 0.42
31 0.25 0.8 0.14 0.38
32 0.25 0.8 0.14 0.42

set of parameter variations, similar to that for PAR1, is shown in
Table 2. As with the parameter variations in PAR1, the ranges of
variation shown here with respect to the control member values
are consistent with expected uncertainties.

2.3. Model description and experimental design

The results shown are based on ensemble forecasts using NO-
GAPS (Peng et al., 2004), the global spectral weather prediction
model of the US Navy. The physical parametrizations include
boundary layer turbulence (Louis et al., 1982), shallow and deep
moist convection (Emanuel and Zivkovic-Rothman, 1999; Peng
et al., 2004), convective and stratiform clouds (Teixeira and
Hogan, 2002) and solar and longwave radiation (Harshvardhan
et al., 1987).

All ensembles are run using the ET method with a 6-h cycling
interval to produce the initial perturbations, with forecasts run at
triangular truncation 119 (110 km) horizontal resolution and 30
levels (T119L30) with 33 members (32 perturbed members plus
one member without initial perturbations). The control ensemble
is run without any changes to the forecast model and is referred
to as the CTL (control) ensemble. The second ensemble is run
with the first set of parameter variations described above, and
as noted previously, is referred to as PAR1. The third ensemble,
PAR2, is run with the second set of parameter variations. All
ensembles forecasts are run for 10 d starting at 00Z each day
between 10 May and 12 September 2007.

3. Results

3.1. Ensemble spread

One reason to include parameter variations is to enhance the
diversity of model solutions through inclusion of some compo-
nent of model uncertainty in ensemble design. The top panel
of Fig. 1 shows the ensemble spread (measured as the ensem-
ble standard deviation about the ensemble mean) for the day-5
forecasts of 850-hPa wind speed, averaged for the entire period,
for the CTL ensemble. For the May through September time
period considered here, the ensemble spread is greatest in the
Southern Hemisphere mid-latitudes, and smallest in the trop-
ics. The percentage difference between the ensemble variance
of PAR1 and CTL [100×(PAR1 – CTL)/CTL] is shown in the
middle panel of Fig. 1. The increase in variance is greatest in
the tropics, and is significant at the 95% level only in this re-
gion. The percentage increase in variance is a maximum over
the Bay of Bengal, and in general is large in regions of strong
tropical convection. This is expected, as PAR1 ensemble param-
eters are varied in the convective parametrization scheme only.
The percentage difference between PAR2 and CTL is shown
in the bottom panel, and exhibits similar, somewhat larger, in-
creases in variance than PAR1. Other fields examined, such as
mid and upper-tropospheric wind speed and low, mid and upper-
tropospheric temperatures, exhibit similar patterns, although the
increase in spread in temperature at low levels is larger and
extends further into the subtropics (Fig. 2). The percentage dif-
ferences between the ensemble variance for PAR1 and PAR2
[100 × (PAR2 – PAR1)/PAR1] for 850-hPa wind speed and
850-hPa temperature are shown in Fig. 3. The parameter combi-
nation in PAR2 results in significantly higher variance than the
parameter combination in PAR1 in the tropical central Pacific
between 150E and 170W for the wind speed, and over broad
areas covering the central Pacific, Indian Ocean and eastern At-
lantic for 850-hPa temperature. An examination of what specific
parameter variations primarily account for these differences is
described in Section 4.

Consistent with these results, the ensemble standard de-
viations (spread) for the 850-hPa wind speed and 850-hPa
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Fig. 1. Ensemble standard deviation for 850-hPa wind speed 5-day
forecasts about the ensemble mean (m s−1) for the control ensemble
(top). Percentage difference between the PAR1 ensemble and CTL
ensemble (middle), and percentage difference between PAR2 ensemble
and CTL ensemble (bottom) for the 850-hPa wind speed ensemble
variance. Black contour indicates 95% confidence level.

temperature, averaged from 20S-20N, as a function of fore-
cast time, show significant increases when going from CTL to
PAR1, and smaller increases when going from PAR1 to PAR2
(Fig. 4). For 850-hPa wind speed, the percentage increase in
ensemble spread of PAR1 over CTL ranges from 23.4% at 24 h
to 5.3% at 240 h. The percentage increase in ensemble spread
of PAR2 over PAR1 is smaller, ranging from 5.4% at 24 h
to 1.3% at 240 h. In the Northern and Southern Hemisphere
extratropics, the change in ensemble spread (not shown) intro-
duced through the parameter variations is never more than 2%
and usually less than 1%. For the 850-hPa temperature, the in-
creased spread obtained by going from CTL to PAR1 in the
tropics ranges from 65% at 24h to 5.5% at 240 h. The addi-
tional spread gained by going to PAR2 from PAR1 ranges from

Fig. 2. Ensemble standard deviation for 850-hPa temperature 5-d
forecasts about the ensemble mean (K) for the control ensemble (top).
Percentage difference between the PAR1 ensemble and CTL ensemble
(middle), and percentage difference between PAR2 ensemble and CTL
ensemble (bottom) for the 850-hPa temperature ensemble variance.
Black contour indicates 95% confidence level.

5.5% (at 24 h) to 1.2% (at 240 h). As with the wind speed
fields, the change in spread for the temperature fields in the
mid-latitudes is quite small (less than 1% in the Northern Hemi-
sphere extratropics and less than 3% in the Southern Hemisphere
extratropics).

To examine what portion of increased spread may be due to
the development of different biases within the different PAR1
and PAR2 ensemble members, the time-averaged error (bias) for
the entire period is subtracted from the ensembles, and the spread
is recalculated. Through this de-biasing, the increase in spread
is reduced, but not substantially. [The removal of the bias for the
CTL case has no impact on spread, as all the members have the
same bias]. For example, for the 850-hPa wind speed at 120-h,
PAR1 (PAR2) increases spread over CTL by 9.86% (13.75%)
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Fig. 3. Percentage difference between the PAR2 ensemble and PAR1
ensemble for the 850-hPa wind speed (top) and 850-hPa temperature
(bottom) ensemble variance for the 5-d forecasts. Black contour
indicates 95% confidence level.

when using the raw ensembles, and 8.12% (11.33%) when using
the de-biased ensembles. For the 850-hPa temperature at 120-h,
PAR1 (PAR2) increases spread over CTL by 14.06% (18.97%)
when using the raw ensembles, and 12.28% (15.85%) when
using the de-biased ensembles.

As the ET is a cycling scheme, changes to the model formula-
tion have both a direct effect on the long forecast and an indirect
effect on the initial perturbations, as these are produced through
a transformation of short (in this case, 6-h) ensemble forecasts.
The significant increase in the initial-time ensemble spread in
Fig. 4 with the addition of parameter variations (25–30% for low-
level winds, almost 85–93% for low-level temperature) indicates
that this indirect effect is substantial at short forecast lengths.
Without running additional experiments, it is not possible to
discern the relative contributions of these direct and indirect ef-
fects on the improvement in skill. A previous study (Reynolds
et al., 2008) on stochastic convection indicated that the indirect
effect of changing the initial perturbations accounted for most of
the improvement during the first few days of integration, while
the improvements seen at later integration times were achiev-
able through just the direct effect of adding stochastic forcing
to the long forecasts. As this indirect effect can be quite signifi-
cant, it is important to examine short-term forecasts to confirm
that this effect results in reasonable perturbations. This issues
is explored further in Section 3.5 in the context of precipitation
forecasts.

Fig. 4. Ensemble standard deviation about the ensemble mean in the
tropics for the CTL (thin solid), PAR1 (thick solid grey) and PAR2
(thick dotted–dashed) ensembles for 850-hPa wind speed (top, m s−1),
and 850-hPa temperature (bottom, K). Results are also shown for PAR1
(thin line with diamonds) and PAR2 (thin line with triangles) when the
time-mean bias is removed.

3.2. Ensemble mean error

The increase in ensemble spread does not translate into a sig-
nificant decrease in ensemble mean rms error. Figure 5 shows
the ensemble-mean error for 850-hPa wind speed and 850-hPa
temperature, as a function of forecast time. For the error calcu-
lations, analyses are used for verification. While the ensemble
mean rms errors for PAR1 and PAR2 are slightly smaller than the
control, the percentage decreases are always less than 1.3% and
are not statistically significant. The curves for the corresponding
errors in the extratropics (not shown) are basically indistinguish-
able from each other, with the percentage differences always less
than 1%. The ensemble mean rms errors based on the de-biased
ensembles are also included in Fig. 5. While de-biasing results
in a substantial decrease in ensemble mean error for all three
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Fig. 5. Ensemble mean RMSE in the tropics for the CTL (thin solid),
PAR1 (thick solid grey) and PAR2 (thick dotted–dashed) ensembles for
850-hPa wind speed (top, m s−1), and 850-hPa temperature (bottom,
K). Results are also shown for CTL (thin line with squares), PAR1
(thin line with diamonds) and PAR2 (thin line with triangles) when the
time-mean bias is removed.

ensembles, the relative skill of the three ensembles is approxi-
mately the same for both the raw and de-biased forecasts.

The RMSE is considerably larger than the ensemble spread
(note the different y-axis values in Figs. 4 and 5). This indicates
that even with the bias removed from the RMSE, the ensemble is
still underdispersive. To quantify this, Fig. 6 shows the fraction
of outliers in a rank histogram as a function of forecast time.
The fraction of outliers is substantially too large at all forecast
times for all three ensembles, with the largest number of outliers
found for CTL, and the smallest number of outliers found for
PAR2, for both the temperature and wind fields. Removal of the
time-mean bias decreases the number of outliers for both the
CTL and parameter variation ensembles, but the ensembles are
still underdispersive.

As the ensemble is clearly underdispersive, it is desirable
to increase ensemble spread, but in particular, it is desirable to

Fig. 6. Fraction of outliers in rank histogram diagrams in the tropics
for the CTL (thin solid), PAR1 (thick solid grey) and PAR2 (thick
dotted–dashed) ensembles for 850-hPa wind speed (top) and 850-hPa
temperature (bottom). Results are also shown for CTL (thin line with
squares), PAR1 (thin line with diamonds) and PAR2 (thin line with
triangles) when the time-mean bias is removed. The ideal fraction of
outliers is indicated by the solid black line with filled triangles.

increase the ability of the ensemble to (1) have ensemble variance
reflect ensemble mean error variance (e.g. a positive ‘spread-
skill’ relationship) and (2) have ensemble distributions that are
both reliable and sharp. To investigate the first point, binned
ensemble variance versus ensemble mean error variance plots,
following Wang and Bishop (2003) are examined (not shown).
Parameter variations slightly improve the spread-skill relation-
ship (i.e. increase the range of error variances discernible through
binned ensemble variances) for low-level wind speed (no impact
on temperature). The impact on reliability and resolution are dis-
cussed in conjunction with the Brier scores in Section 3.3.

Latitude–longitude plots of the percentage differences in the
ensemble mean RMS errors (not shown) indicate that the largest
error reductions from PAR1 and PAR2 over CTL occur over
Southeast Asia and the tropical western Pacific for both the wind
and temperature fields. There are reductions of greater than 10%
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in the 850-hPa temperature fields over Southeast Asia for 5-d
forecasts, but these reductions are not statistically significant.

It is desirable that the parameter variations do not signifi-
cantly affect the forecast skill of the individual ensemble mem-
bers. Preliminary testing of parameter variation for the forecast
model run in ‘deterministic’ mode provided a reasonable range
of parameter values. The RMS errors of the individual ensemble
members, averaged for the time period, do show some sensitivity
to the parameter configurations in the tropics (with little impact
in the extratropics). For example, for the 850-hPa wind speed,
the ensembles with high values of cu have RMS errors that are,
on average, 2.6% (2.9%) greater than those of the CTL ensemble
members, at 120-h (240-h). The ensembles with low values of cu
have RMS errors that are, on average, 0.5% (0.8%) lower than
those of the CTL ensemble members, at 120-h (240-h). Sensi-
tivity to the other parameters is smaller. For the 850-hPa temper-
ature, the largest sensitivity is found to the values of dtmax. The
ensembles with low values of dtmax have RMS errors that are,
on average, 2.9% (3.4%) greater than those of the CTL ensemble
members, at 120-h (240-h). The ensembles with high values of
dtmax have RMS errors that are, on average, 1.6% (1.8%) lower
than those of the CTL ensemble members, at 120-h (240-h).
However, for the first few days of the forecast, the ensemble
members with low values of dtmax actually perform better than
the ensemble members with high values of dtmax. Sensitivity
to k is comparable to that of the sensitivity to dtmax, with high
values of k giving better performance at long lead times.

Despite these sensitivities, it is confirmed that the RMS error
averaged over all the individual ensemble members does not
significantly change with the addition of parameter variations.
This is true despite the relatively large impact that the parameter
variations have on initial-time ensemble variance. For the 850-
hPa wind speed, the percentage difference between the average
PAR1 or PAR2 individual ensemble forecast errors and the av-
erage CTL ensemble forecast errors are less than 0.7% at 24-h
(smaller at longer lead times), and not statistically significant.
For 850-hPa temperature, the percentage difference was 1.5%
at 24-h (smaller for longer lead times). The small impact on
short-term forecast errors suggests that the changes introduced
to the initial perturbations and short term forecasts through the
introduction of parameter variations are not unreasonable.

Other fields, such as upper-level (200-hPa) wind speed, and
500-hPa geopotential height, not shown, have also been exam-
ined. The impacts of PAR1 and PAR2 on these fields are qualita-
tively similar to those shown for the low-level temperature and
wind fields. That is, there is a small (not significant) reduction in
ensemble mean RMSE with the addition of the parameter varia-
tions in the tropics. There is also a substantial increase in tropical
ensemble spread, slightly more so for PAR2 then PAR1. There
is no significant impact on either the ensemble mean RMSE
or the ensemble spread in the extra-tropics. The lack of im-
pact in the mid-latitudes is consistent with the results of Hacker
et al. (2011a), who find that parameter variations alone do not

significantly impact ensemble performance for a mid-latitude
domain.

3.3. Brier scores

While the RMS error of the ensemble mean does not appear
to be significantly impacted by the introduction of parameter
variations, the Brier Score is. The Brier scores (which may
be interpreted as mean square errors of the ensemble-based
probability of an event, Wilks, 2006) for 10-m wind speed
in the tropics at two thresholds (5 m s−1, and 10 m s−1) are
shown in Fig. 7. The statistical significance of the Brier score

Fig. 7. Brier score for 10-m wind speed in the tropics (20S–20N) for
CTL (thin black), PAR1 (thick grey) and PAR2 (thick dotted–dashed)
ensembles for (top) 5 m s−1 wind speed threshold, and (bottom)
10 m s−1 wind speed threshold. For the 5 m s−1 threshold, the
improvements of PAR1 and PAR2 over CTL are statistically significant
at the 95% level for all forecast lengths. For the 10 m s−1 threshold, the
improvements of PAR1 and PAR2 over CTL are statistically significant
at the 95% level out to 96 hr.
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differences is determined using a moving block bootstrap tech-
nique as described in McLay and Reynolds (2009). While the
Brier scores in the mid-latitudes (not shown) are basically not
sensitive to the parameter variations, there is significant improve-
ment (reduction) in the Brier scores in the tropics at both the 5
and 10-m s−1 thresholds. For both thresholds, PAR2 produces
better (lower) Brier scores than PAR1, and both are better than
CTL. Specifically, for the 5-m s−1 threshold, both PAR1 and
PAR2 are significantly better than CTL throughout the time pe-
riod. PAR2 shows a statistically significant, though very small,
improvement over PAR1. For the 10-m s−1 threshold, PAR1 and
PAR2 are significantly better than CTL through the first half of
the forecast period. The improvement of PAR2 over PAR1 is
significant through 96-h, but the gains are very small.

Brier scores are also calculated for 850-hPa temperature in
the tropics for temperatures greater than (less than) 1 standard
deviation above (below) the time-mean value (Fig. 8). As with
the Brier scores for 10-m wind speed, the temperature Brier

Fig. 8. Brier score for 850-hPa temperature in the tropics (20S–20N)
for CTL (thin black), PAR1 (thick grey) and PAR2 (thick
dotted–dashed) ensembles for (top) temperatures above 1 standard
deviation above the mean, and (bottom) temperatures below 1 standard
deviation below the mean.

scores are reduced (improved) through the inclusion of param-
eter variations, with the PAR2 ensemble performing better than
the PAR1 ensemble. De-biasing (not shown) improves the scores
for both positive and negative thresholds, but does not change
the relative skill of the different ensembles.

Decomposition of the Brier scores into resolution and reliabil-
ity (not shown) indicates that for both the wind and temperature
fields, for both thresholds considered here, the resolution is im-
proved through the addition of parameter variations, although the
percentage improvement decreases as forecast length increases.
The reliability results are more complex. For the low-level wind
field, at the 5 m s−1 threshold, reliability is improved through
the addition of parameter variations, with increased impact as
forecast length increases. For the 10 m s−1 threshold, the ad-
dition of parameter variations actually degrades reliability at
24 and 48 h (improving reliability thereafter), but the degrada-
tion in reliability at short forecast lengths is small compared
to the improvement in resolution. For temperature, the addition
of parameter variations improves reliability for events less than
1 standard deviation below the time-mean value, and degrades
reliability for events greater than 1 standard deviation above the
time-mean value, although the degradation is small compared to
the improvement in resolution. The fact that the improvements
in Brier scores come primarily from improvements in the res-
olution, rather than reliability, suggests that the improvements
in ensemble performance are not simply due to an increase in
ensemble spread, but rather due to improvements in how well
the system captures flow-dependent forecast uncertainties.

3.4. Tropical cyclone track errors

Previous work has shown that multimodel ensembles of trop-
ical cyclone (TC) tracks may produce ensemble mean tracks
of lower error than the individual ensemble members (Goerss,
2000). Therefore it is also plausible that a multiparameter en-
semble, to the extent that it represents different forecast model
formulations, may also improve ensemble-mean TC tracks over
a single model ensemble. Figure 9 shows the ensemble mean TC
track errors for all storms during the May 10 through September
12 2007 period for which the ensemble is run. The compari-
son is homogenous and the number of storms in each sample is
shown below the x-axis. Track errors and statistical significance
(accounting for serial correlation) are computed using the Auto-
mated Tropical Cyclone Forecast (ATCF) system (Sampson and
Schrader 2000). In addition to the results for the CTL, PAR1
and PAR2 ensemble means, the TC track errors from the oper-
ational NOGAPS T239 deterministic forecast are also shown.
The fact that the 12-h track errors are not increased in PAR1 and
PAR2 over CTL suggests that parameter variations are not re-
sulting in significant degradations to the initial perturbations or
short-term forecasts. While the differences are relatively small,
there are some statistically significant improvements gained by
adding parameter variations. In particular, PAR2 offers small but
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Fig. 9. Homogenous NH TC track forecast
error (nm), for CTL, PAR1, and PAR2
ensemble mean track as denoted in key. Also
shown is the average forecast error of the
T239L30 NOGAPS operational
deterministic forecast (DET). The numbers
of verifying forecasts are shown below the
x-axis. The improvements of PAR2 over
CTL are statistically significant at the 95%
level at 24, 72 and 120 h.

statistically significant improvements over CTL at the 95% level
at 24, 72 and 120 h (and better at the 94% level at 96 h). How-
ever, these small improvements are not enough to make the T119
ensemble mean better than the T239 single high-resolution fore-
cast. Recent work (Reynolds et al., 2011) suggests that going to
T159 resolution can result in ensemble mean TC track forecasts
that are better than the high-resolution control at longer lead
times.

3.5. Precipitation forecasts

While precipitation is not one of the high-interest parameters
to the Navy, an examination of the ensemble performance in
terms of precipitation is useful to understand more fully how
the parameter variations are impacting forecast evolution. This
is particularly true as parameter variations are directly impact-
ing the convective parametrization. Fig. 10 shows the ensemble
spread and forecast RMS error for accumulated precipitation
averaged over the tropics, for CTL, PAR1, and PAR2. 24-h ac-
cumulated precipitation (mm) is considered here, with the x-axis
values denoting the final forecast time of the 24-h interval. For
precipitation validation data we use daily rainfall accumulation
fields from the Tropical Rainfall Measuring Mission1 (TRMM)
(e.g. Simpson et al., 1988; Schumacher and Houze, 2000).

As was found for the other variables considered, the addition
of parameter variations both increases ensemble spread and de-
creases ensemble-mean RMS error. Fig. 10, bottom panel, also
includes the average RMS error of the perturbed ensemble mem-
bers, in addition to the skill of the ensemble member without
initial perturbations or parameter variations (i.e. the unperturbed

1 The TRMM rainfall data were acquired using the GES-DISC Inter-
active Online Visualization ANd aNalysis Infrastructure (Giovanni), a
part of the NASA Goddard Earth Sciences (GES) Data and Information
Services Center (DISC).

member). For CTL, the average skill of the perturbed members
is very close to the skill of the unperturbed member (less than
0.7% difference, not shown). For PAR1 and PAR2, the range of
forecast error (denoted by the vertical lines) among the individ-
ual members is larger, but they still differ from the unperturbed
member by less than 3.5% after the first 24-h, and by less than
7.5% later in the integration. Some of the perturbed members
are actually more skillful than the unperturbed member, and
therefore the average of the PAR1 and PAR2 individual ensem-
ble member errors is only slightly larger than the average of
the CTL individual ensemble members. These relatively small
changes in precipitation forecast skill suggest that the impacts of
parameter variations on the initial perturbations and short-term
forecasts are not unreasonable.

Figure 11 shows the Brier score for 24-h cumulative precipi-
tation for the 5 mm threshold. As found with the low-level winds
and temperature, the addition of the parameter variations pro-
vides a modest improvement (about a 5% decrease) to the Brier
score throughout the forecast interval, with the improvements
from PAR2 slightly larger than those from PAR1. Similar im-
provements were found for other thresholds (0, 3, 10 and 20
mm, not shown).

4. Evaluation of parameter impacts

The previous results indicate that the PAR2 parameter varia-
tions are more effective than the PAR1 parameter variations in
improving ensemble performance. The parameter variations are
based on experience gained within the ongoing effort to develop
and modify parametrizations to improve the deterministic fore-
cast model. Because of computational constraints, ensembles
are not produced varying only one parameter at a time, and the
PAR1 and PAR 2 ensembles have two varying parameters in
common (cu and dtmax), and two different varying parameters
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Fig. 10. Tropical (20S-20N) 24-h cumulative precipitation ensemble
spread (top) and ensemble mean rms error (bottom) for CTL (thin
black), PAR1 (thick grey) and PAR2 (thick dotted–dashed) ensembles.
In the bottom panel, the ensemble-mean rms errors (EM) are denoted
by the lines without symbols. The lines with symbols (PM) indicate the
average rms error of the individual perturbed ensemble members.
Vertical bars indicate the range of values for the PAR1 and PAR2 cases.
The error of the unperturbed member (MBR 000) is indicated by the
thick dotted line.

(alpha and damp in PAR1, and sigs and k in PAR2). Despite the
lack of independence in the parameter variations between the
ensembles, it is still possible to gain some insight into the im-
pact of individual parameters on ensemble spread by examining
subsets of the ensemble forecasts.

For each parameter of interest there is one ensemble member
with a high value of that particular parameter and all other pa-
rameters set to their control values. Likewise, there is one other
member with a low value of that particular parameter and all
other parameters set to their control value. 3-member subensem-
bles are formed based on member 0 (all parameters set to the
control value), and the two other members where only the par-

Fig. 11. Brier score for 24-h accumulated precipitation for the 5 mm
threshold in the tropics (20S-20N) for CTL (thin black), PAR1 (thick
grey) and PAR2 (thick dotted–dashed) ensembles as a function of
forecast time.

ticular parameter of interest is varied. These subensembles are
referred to as CU, DTMX, DAMP, ALPH, SIGS, and VKRM for
the cu, dtmax, damp, alpha, sigs and k parameters, respectively.
As an example, for CU, this three member subensemble would
be formed from members 0, 1, and 2. For DTMX this three
member subensemble would be formed from members 0, 3, and
4. Because the ET is a cycling scheme, these subensembles will
not produce the same results as if true 3-member ensembles are
run, as each of the 33 6-h ensemble forecasts will contribute to
the initial perturbations for the subsequent ensemble forecasts.
Nevertheless, results from the subensembles are consistent with
both the results from the evaluation of the full ensembles, and
our understanding of the expected parameter impact. The spread
of a 3-member control ensemble is calculated for comparison.

Figure 12 shows the ensemble spread of the 3-member
subensembles for the 850-hPa wind speed (top), and 850-hPa
temperature (bottom) in the tropics. The results for the PAR1
subensembles are shown in grey, and the results for the PAR2
subensembles are shown in black. A bar chart is chosen here
because it is difficult to distinguish between 8 different curves
in one figure panel. For the wind speed, the largest ensemble
spread is seen for the DTMX subensemble (filled bars), followed
by CU subensemble (diagonal lines), for both PAR1 and PAR2.
The subensemble with the third largest spread (after DTMX and
CU), is VKRM, followed by SIGS, both from the PAR2 en-
semble. The subensembles with the least spread are ALPH and
DAMP, both from the PAR1 ensemble. These results suggest that
for wind speed variations, k and sigs are more effective parame-
ters to choose to enhance ensemble spread than alpha and damp.
For temperature, the largest subensemble spread by far is found
in the DTMX subensembles from both PAR1 and PAR2. The
VKRM subensemble has the second-most spread, followed by
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Fig. 12. Ensemble Spread (standard
deviation about the ensemble mean) of the
three member subensembles, as denoted in
key, as a function of forecast time, for the
850-hPa wind speed (top, m s−1), and the
850-hPa temperature (bottom, K) in the
tropics.

the CU subensembles in PAR1 and PAR2. These results suggest
that for temperature, in addition to varying dtmax, an effective
way to introduce ensemble spread is through varying the von
Kármán constant. For both the wind speed and temperature, the
DAMP subensemble does not effectively increase the ensemble
spread above the three-member control ensemble.

To explore the regional impact of these parameter varia-
tions, latitude-longitude plots of subensemble variances relative
to the 3-member control subensemble are shown for selected
subensembles. Figure 13 shows the percentage difference for
the 850-hPa wind speed ensemble variance between the PAR1
DTMX, CU, and ALPH subensembles and the 3-member con-
trol ensemble. DTMX substantially increases ensemble variance
over the control ensemble through much of the tropics. CU also
shows substantial increases in ensemble variance, although, with
the exception of the Bay of Bengal and Arabian Sea area, these
increases are not as large as in DTMX. In contrast, the increase
in spread for ALPH over the control is quite small and for the
most part not significant. The results for DAMP (not shown) are
similar to those for ALPH. Results for the PAR2 DTMX, CU
and VKRM subensembles are shown in Fig. 14. The increases in
ensemble variance for DTMX and CU in PAR2 (top and middle

panels of Fig. 14) are quite similar to those found for DTMX and
CU in PAR1 (top and middle panels of Fig. 13). In contrast to
ALPH, VKRM does show significant increases in variance over
the control, particularly in the vicinity of the dateline (the SIGS
subensemble results, not shown, are similar to those of VKRM).
The increase in variance in this region exhibited by the PAR2
VKRM and SIGS subensembles helps explain the maximum in
this region in Fig. 3 when comparing the full PAR2 and PAR1
ensemble variances.

In examining Figs. 13 and 14, the dominant impact of varia-
tions in dtmax on subensemble variance through most of the trop-
ics is clear. Examination of the relation (4) governing the evolu-
tion of convective mass flux in the Emanuel scheme shows that
in contrast to damp and alpha, dtmax directly impacts the timing
and location of the onset of convection, and thus represents in
a crude manner the ‘convective trigger’ in the parametrization
(e.g. Kain and Fritsch, 1992; Li et al., 2008). The parameters
damp and alpha share with dtmax a role in determining the
magnitude of the convective mass flux, and thus the ‘convec-
tive adjustment timescale’ (e.g. Betts and Miller, 1986). Be-
cause convective schemes vary in substantial respects, it is not
clear whether the relative sensitivities to variations in parameters
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Fig. 13. Percentage difference between PAR1 subensembles DTMX
(top), CU (middle) and ALPH (bottom) and a three-member control
ensemble for the 850-hPa wind speed ensemble variance for the 5-d
forecasts. Black contour indicates 95% confidence level.

controlling these basic features observed here will hold for other
schemes.

Similar plots are shown for the PAR2 subensembles for the
850-hPa temperature (Fig. 15). DTMX has significantly more
ensemble variance than the control through much of the tropics
and subtropics. In contrast to the wind fields, now VKRM has
the second largest increase in ensemble variance, with smaller
increases in CU. The PAR1 DTMX and CU subensembles, not
shown, are very similar to the PAR2 DTMX and CU subensem-
bles. The PAR1 ALPH and DAMP subensembles and PAR2
SIGS subensemble (not shown) do not indicate significant in-
creases in ensemble variance over the control subensemble for
the 850-hPa temperature field. This suggests that the addition of
k to the suite of parameters that are varied is the essential ingre-
dient in increasing the temperature ensemble variance in PAR2
over PAR1 (bottom panel of Fig. 3). It should be noted that com-
parison of individual ensemble members shows that varying k

Fig. 14. Percentage difference between PAR2 subensembles DTMX
(top), CU (middle) and VKRM (bottom) and a 3-member control
ensemble for the 850-hPa wind speed ensemble variance for the 5-d
forecasts. Black contour indicates 95% confidence level.

within the range adopted for PAR2 yields changes in the 850 hPa
temperature bias (not shown) over broader scales (extending to
the polar regions). The latitudinally constrained region of sig-
nificant enhancement of the ensemble variance seen here may
reflect the importance of interactions between the convection
and boundary layer schemes for increasing ensemble spread, as
suggested by the similarities between the regions of enhanced
variance for k and dtmax (top and bottom panels of Fig. 15).

Comparison of the RMSE averaged for the subensemble per-
turbed members with the RMSE averaged for the CTL perturbed
members confirms that the parameter variations have not signif-
icantly impacted the average skill of the individual members.
The maximum percentage difference in the RSME between the
perturbed subensemble members and the perturbed CTL mem-
bers, for all subensemble, at all forecast lead time beyond 24 h,
is less than 1.2% for the 850-hPa wind speed and less than 1%
for the 850-hPa temperature.
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Fig. 15. Percentage difference between PAR2 subensembles DTMX
(top), CU (middle) and VKRM (bottom) and a three-member control
ensemble for the 850-hPa temperature ensemble variance for the 5-d
forecasts. Black contour indicates 95% confidence level.

5. Summary

The impacts of two sets of parameter variations on ensemble per-
formance for the U. S. Navy’s global ensemble are examined.
As the impact of the parameter variations is negligible in the
extratropics, attention is focused on ensemble performance in
the tropics. Both parameter variations result in increased ensem-
ble spread (although the ensembles are still underdispersive)
and improved (reduced) Brier scores for lower-level tropical
winds and temperatures. The improvements to the Brier scores
are obtained primarily through improvements to the resolution,
rather than reliability, indicating that the improved ensemble
performance is not just due to increased ensemble spread. Both
also reduce ensemble mean RMSE, although this reduction is
slight and not statistically significant. PAR2 has smaller ensem-
ble mean TC track errors than CTL, and these differences are
significant at the 95% level at 24, 72 and 120 h (and at the 94%

level at 96 h). Improvements were also obtained for precipitation
forecasts.

In general, PAR2, which contains parameter variations in
the convective parametrization along with variations in the von
Kármán constant in the boundary layer parametrization, outper-
forms PAR1, which contains parameter variations in the con-
vective parametrization only. The calculation and examination
of the variance of subensembles in which only one of the param-
eters is varied is used to identify those parameters which have
a significant impact on ensemble variance as well as those that
have little impact, without having to run additional ensembles.
The variations in dtmax are found to dominate in both the PAR1
and PAR2 ensembles, for both temperature and wind fields, in
the tropics. For the wind field, cu has the second largest im-
pact in PAR1 and PAR2. The variations of k and sigs in PAR2
make significant contributions to ensemble spread in the wind
field in the central Pacific, while the variations of alpha and
damp in PAR1 do not. For the variations in the temperature
field, dtmax dominates in both PAR1 and PAR2. The second
largest impact is achieved through variations in k, resulting in
significantly more variance in the PAR2 temperature field than
in the PAR1 temperature field through most of the tropics and
subtropics.

This work has shown that significant improvements in en-
semble forecast performance are obtainable through varying
model physics parameter values. The lack of impact in the mid-
latitudes is consistent with the results of Hacker et al. (2011a),
who find that parameter variations alone do not significantly
impact ensemble performance for a mid-latitude domain. While
the ensemble formulations tested here will hopefully provide
insights with respect to application of the method, the realiza-
tion of similar results in other models with different physical
parametrizations cannot necessarily be expected. In addition,
questions remain regarding some basic features of the method,
including how varying parameters in time compares with hold-
ing parameter variations fixed throughout the integration. It is
possible that strong temporal and spatial heterogeneities in the
extra-tropics necessitate the need for temporal and spatial het-
erogeneities in the parameter variations in order to see a positive
impact in those regions. Parameter variations within the physi-
cal parametrization schemes not considered here may also prove
beneficial.

As this method only accounts for parametric uncertainty, it
may complement approaches that address other aspects of model
error. Several previous studies have found it profitable to com-
bine different methods of accounting for model uncertainty (e.g.
Bowler et al., 2008; Charron et al., 2010; Berner et al., 2011;
Hacker et al., 2011a). Following the promising results from these
other researchers, future experiments will investigate the impact
of including both stochastic forcing and parameter variations
in ensemble design, as the implementation of stochastic kinetic
energy backscatter into the Navy’s global ensemble system is
also currently under development (Reynolds et al., 2011).
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