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Abstract Stochastic schemes to represent model uncertainty in the European Centre for Medium-Range
Weather Forecasts (ECMWF) ensemble prediction system has helped improve its probabilistic forecast skill
over the past decade by both improving its reliability and reducing the ensemble mean error. The largest
uncertainties in the model arise from the model physics parameterizations. In the tropics, the parameteriza-
tion of moist convection presents a major challenge for the accurate prediction of weather and climate.
Superparameterization is a promising alternative strategy for including the effects of moist convection
through explicit turbulent fluxes calculated from a cloud-resolving model (CRM) embedded within a global
climate model (GCM). In this paper, we compare the impact of initial random perturbations in embedded
CRMs, within the ECMWF ensemble prediction system, with stochastically perturbed physical tendency
(SPPT) scheme as a way to represent model uncertainty in medium-range tropical weather forecasts. We
especially focus on forecasts of tropical convection and dynamics during MJO events in October-November
2011. These are well-studied events for MJO dynamics as they were also heavily observed during the
DYNAMO field campaign. We show that a multiscale ensemble modeling approach helps improve forecasts
of certain aspects of tropical convection during the MJO events, while it also tends to deteriorate certain
large-scale dynamic fields with respect to stochastically perturbed physical tendencies approach that is
used operationally at ECMWF.

Plain Language Summary Probabilistic weather forecasts, especially for tropical weather, is still a
significant challenge for global weather forecasting systems. Expressing uncertainty along with weather
forecasts is important for informed decision making. Hence, we explore the use of a relatively new approach
in using super-parameterization, where a cloud resolving model is embedded within a global model, in
probabilistic tropical weather forecasts at medium range. We show that this approach helps improve model-
ing uncertainty in forecasts of certain features such as precipitation magnitude and location better, but fore-
casts of tropical winds are not necessarily improved.

1. Introduction

Global atmospheric models have been using subgrid-scale parameterization for more than four decades to
represent the wide range of convective processes that occur on horizontal scales smaller than the grid spac-
ing [Arakawa and Wu, 2013; Plant and Yano, 2015]. Cloud and convection parameterization has proven to
be a long-term challenge because of the many processes and many scales involved. Several approaches
have been developed to represent atmospheric convection in highly simplified parameterization schemes
in global climate models (GCMs) over the past five decades [Smith, 2013; Plant and Yano, 2015].

The methods to parameterize atmospheric convection can be classified mainly into three complementary
approaches, which are termed here as conventional, stochastic, and superparameterization. The most thor-
oughly established of these approaches is conventional parameterization which parameterize convection as
a function of instability parameters of the large-scale fields (scales greater than 50 km) in the model. Con-
ventional parameterizations were first developed in the 1960s [Smagorinsky, 1960; Manabe et al., 1965; Kuo,
1965]. A fundamental assumption with these approaches is that the subgrid tendency are an average over
some putative ensemble of subgrid convective elements which are in quasi-equilibrium with the resolved
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flow [Arakawa and Schubert, 1974]. The review by Arakawa and Jung [2011] summarizes work on conven-
tional cumulus parameterizations very well.

Over the last decade, attempts have been made to improve the representation of the multiscale nature of
cumulus convection and alleviate some of these drawbacks of conventional parameterization methods
through contemporary stochastic mathematical methods. Many previous studies have shown that the sta-
tistical properties of a chaotic turbulent cloud system are not completely deterministic [e.g., Hohenegger
et al., 2006; Shutts and Palmer, 2007; Hohenegger and Schar, 2007]. Recent work on stochastic parameteriza-
tions of deep cumulus convection is aimed at including such nondeterministic effects [Buizza et al., 1999;
Lin and Neelin, 2003; Shutts and Palmer, 2007; Plant and Craig, 2008; Peters et al., 2013; Deng et al., 2015;
Khouider and Majda, 2016; Wang et al., 2016] of convection on the large-scale resolved fields in GCMs. The
results are intriguing, but further research is needed to establish to what extent stochastic parameteriza-
tions are needed for successful simulations of the global circulation of the atmosphere and climate.

An alternative strategy for including the effects of moist convection in numerical models through explicit
turbulent fluxes calculated from a cloud-resolving model (CRM) has been developed called superparamete-
rization [Grabowski and Smolarkiewicz, 1999; Grabowski, 2003; Randall et al., 2003]. Superparameterization
blends conventional parameterization on a coarse mesh with detailed cloud-resolving modeling on a finer
mesh with an imposed scale separation. This method has yielded promising new results regarding tropical
intraseasonal behavior [Khairoutdinov et al., 2005].

The spatiotemporal scales resolved in a CRM are on the order of 10 km and time of 5 min, with an active
moisture and fully nonlinear dynamical field. Strong horizontal and vertical velocities and a fully nonlinear
bulk microphysics are allowed [Lipps and Hemler, 1982; Klein and Majda, 2006]. The computational cost of a
superparameterization approach with periodic embedded domains is less than that compared to a high-
resolution simulation at a similar resolution as the CRM, as the embedded CRM computations can be done
independently at each grid cell and hence is highly parallelizable [Xing et al., 2009; Randall, 2013; Arakawa
and Jung, 2011], but still is computationally very expensive.

A further approximation to reduce the cost of the CRM computations is done by reducing the embedded
CRM domain to a two-dimensional grid [Khairoutdinov and Randall, 2003; Randall, 2013]. These approxima-
tions have been very successful in not degrading the solutions significantly while reducing the computa-
tional cost for convective resolving model solutions. The impact of organized convection through squall
lines and mesoscale convective systems [Moncrieff, 1992; Emanuel, 1994; Houze, 2004] on the larger scales is
resolved in this framework. Hence, there have been arguments for even more drastic approximations to
high-resolution model solutions, which may still produce accurate large-scale solutions [Xing et al., 2009;
Majda, 2007, 2012; Palmer et al., 2009a; Palmer, 2012, 2014].

One of the major stumbling blocks for GCMs is their poor capability in representing convectively coupled
tropical synoptic-scale waves and intraseasonal oscillations such as the Madden-Julian Oscillation (MJO)
[Slingo et al., 1996; Lin et al., 2006; Kim et al., 2009]. One conjectured reason for this poor performance is
their inadequate representation of interactions across multiple spatiotemporal scales from the convective
scale to the circumglobal scale in the tropics. The superparameterization approach has been shown to
improve the representation of tropical convection and convectively coupled tropical waves in more than
one GCM [Khairoutdinov et al., 2005; Andersen and Kuang, 2012; Randall, 2013]. The strongly nonlinear
scales in a CRM with active moisture modify the nonlinear multiscale cascade in a superparameterized
model to create the observed statistical self-similarity of tropical convection [Mapes et al., 2006; Majda,
2007].

Parameterization of convection in GCMs is certainly a source of uncertainty in numerical forecasts, especially
in the tropics, which are dominated by deep convective system. Therefore, this uncertainty must be repre-
sented explicitly in an ensemble forecast system. Without such a source of uncertainty represented in the
ensemble will be under dispersive, where the ensemble spread is lesser than the error in the ensemble
mean. The SPPT scheme has been implemented operationally in the European Centre for Medium-Range
Weather Forecasts (ECMWF) ensemble prediction system (EPS) to represent the model physics uncertainty,
which can largely be attributed to the uncertainty in parameterized convective tendencies in the tropics
[Palmer et al., 2009b; Weisheimer et al., 2014; Subramanian et al., 2016]. The SPPT scheme helps improve the
reliability of the operational ECMWF EPS both in the extratropics and in the tropics; yet the system is
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underdispersive in the tropics [Palmer et al., 2009b]. Improvements to the current representation of model
uncertainty, especially in the tropical atmosphere, can help improve the reliability of the EPS.

Here we assess the new approach of an ensemble superparameterization (ESP) modeling framework against
the conventional SPPT scheme as alternative representations of model uncertainty for tropical weather pre-
diction on timescales from weather to subseasonal ranges. Our approach borrows from the superparamete-
rization approach, where we embed a cloud-resolving model [Khairoutdinov et al., 2005] within the ECMWF
Integrated Forecasting System (IFS) model. Further details about this model are given in following sections.
We test this new modeling framework for tropical weather forecasts, especially during a strong MJO event
in 2011. We compare probabilistic forecasts performed using the ESP approach with those using a conven-
tional convection parameterization [Bechtold et al., 2008] and a modified version of stochastic physics per-
turbations, SPPT [Palmer et al., 2009b], which is used operationally at ECMWF. We compare and evaluate the
ensemble forecasts to understand the nature of model error growth as a function of lead time in forecasts
to verify if the ensemble spread captures the growth in forecast error of the ensemble mean in both experi-
ments. For a reliable probabilistic forecast, we would like the ensemble spread to match the root mean
square error of the ensemble mean.

The present paper addresses issues about convective error growth through systematic multiscale modeling
for the spatiotemporal scales of deep convection. After a preliminary section on the forecasting approach
and experiment design in section 2, the main results in the paper are presented in section 3; there it is
shown that the ESP modeling approach helps improve forecasting of certain tropical variables, while it also
degrades others for numerical weather prediction (NWP). In section 4, there is a discussion of the potential
use of the present ensemble superparameterization in designing new strategies for stochastic parameteriza-
tions in NWP that retain the fidelity of cloud-resolving modeling with roughly 4 km resolution and a signifi-
cantly reduced computational overhead compared to a global cloud-resolving models.

2. Modeling and Methods

2.1. Integrated Forecasting System

The model integrations for the ensemble forecasts are performed with the ECMWF IFS at a horizontal reso-
lution of T159 (~1.125° and 91 levels in the vertical (between the surface and the 5 hPa level (about 35 km
altitude)). The ECMWEF IFS model used for all forecasts is a two-time-level semi-Lagrangian global spectral
model. The semi-Lagrangian scheme uses a Stable Extrapolation Two-Time-Level Scheme (SETTLS) and a
finite element scheme for the vertical discretization. The atmospheric model is coupled to an ocean wave
model and to a land-surface model and comprises a comprehensive set of parameterizations for physical
processes such as radiative transfer and moist processes. The atmospheric model is coupled to an ocean
wave model, an ocean model (NEMO), and a land-surface model (HTESSEL).

The model is triangularly truncated at a spherical harmonics total wave number 159 which is equivalent to
a horizontal resolution of about 112.5 km in the tropics. The integration time step is 3600 s. The ensemble
used for the forecasts consists of 20 perturbed forecasts and one unperturbed forecast. Ensemble forecasts
are at 12 UTC for 10 different start dates starting from 1 October 2011 spaced apart by 5 days until 15
November 2016.

We conduct an ensemble forecast experiment with two sets of runs. One of them uses the conventional
convective parameterization with the operational stochastic physics scheme to represent model uncer-
tainty. These sets of runs are called SPPT-IFS hereafter. The other set of runs uses an initially perturbed ESP
approach with IFS. These runs are called ESP-IFS hereafter. The current operational medium-range ensemble
prediction system at ECMWF includes two schemes to represent model uncertainty, the SPPT scheme and
the stochastically perturbed backscatter (SPBS) scheme. The SPPT scheme is based on the Buizza et al.
[1999] scheme and applies stochastic perturbations in the form of multiplicative noise to the diabatic
(parameterized) part of the tendency equations of the prognostic variables [Palmer et al., 2009b; Weisheimer
et al., 2014; Berner et al., 2015]. Details about the ESP-IFS and SPPT experiment are described below.

2.2. Superparameterization
The cloud-resolving model (CRM) used in this study is a three-dimensional model developed initially at the
Colorado State University described in detail by Khairoutdinov and Randall [2003]. This model has been
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widely used for many single column model studies [Khairoutdinov and Randall, 2003, and references
therein] as well as to couple it to global models in a multiscale modeling framework [Khairoutdinov et al.,
2005; Randall, 2013]. The model uses large-scale forcing and surface forcing fields either derived from a
processed observational data set (such as the ARM data set [Ackerman et al., 2016]) or from GCM grid mean
fields.

Although the CRM used in this study does not resolve all the turbulent eddy length scales of cloud-scale
dynamics, the governing equations do permit such dynamics to be physically represented. The model sol-
ves the anelastic equations of motion and is based largely on a large eddy simulation (LES) model by Khair-
outdinov and Kogan [1999]. The prognostic thermodynamic variables include the liquid/ice-water moist
static energy, the total nonprecipitating water, and the total precipitating water. The model equations are
shown in Appendix A. A detailed description of the model dynamic and thermodynamic equations is dis-
cussed in Khairoutdinov and Randall [2003]. The model is run at a high horizontal resolution (compared to
global or regional model grids) of 4 km. The CRM explicitly resolves the mesoscale updrafts and downdrafts
in convective overturns, but parameterizes the small-scale (<4 km) turbulent eddies that play an important
role in mediating the cloud entrainment and mixing with the environment. The subgrid-scale model of the
CRM uses a 1.5 order turbulence closure based on prognostic turbulent kinetic energy.

In many multiscale modeling approaches, the interior CRM model grid columns are arranged in a zonal or
meridional line such that the subgrid model is a two-dimensional representation of the cloud-resolving
motions. In our experiments, we oriented the CRM along the zonal direction. We performed certain sensitiv-
ity experiments to compare the CRM orientation in IFS and did not see any significant change in solutions
with one orientation over the other. This is also consistent with results discussed in Arakawa and Jung
[2011]. The lateral boundary conditions are periodic with a rigid lid at the top of the model grid that spans
all of the troposphere. Newtonian damping is employed in the upper third of the model grid to avoid wave
reflections. The boundary layer diffusion and surface flux coupling uses the Monin-Obukhov length-scale
similarity.

The model experiments in this study used a horizontal grid spacing of 4 km with 16 adjacent columns. The
time step for the model integration is 20 s. The time step of the GCM is 2700 s. The vertical CRM grid had 79
levels collocated with the IFSs grid levels. The vertical CRM grid spacing increases from 50 m near the sur-
face to 500 m above 5 km.

Coupling between the CRMs and IFS is organized as follows. At the beginning of each simulation, the CRM
fields in each IFS grid column are initialized by the IFS grid fields. The CRM is called on each IFS time step.
The CRM fields are initialized with the CRM fields that were saved at the end of the previous call. The IFS
grid mean tendencies updated from the GCM is used as an additional forcing term in the CRM tendency
equation. The CRM is thus continuously integrating its equations for the duration of the IFS time step, con-
tinuously forced by large-scale tendencies computed by IFS, as in

0Pl _dis—9
{ﬁ}m_ Atis R

Here ¢ is a state variable in the CRM and ¢ is a state variable in the GCM. The overbar indicates a domain
mean over the CRM grid and the brackets indicate the GCM scale for the tendency term. The tendencies
passed on from the CRM to the GCM are a domain mean tendency at each time step of the IFS integration.
For computational reasons it is convenient to combine the leading-order equations involving microscale
temporal fluctuations into essentially a single moist anelastic system with bulk cloud microphysics.

We further use this superparameterization approach to atmospheric modeling in an ensemble forecast
mode, where the GCM fields are integrated forward as an ensemble from a certain initial conditions and
each GCM grid area has its own CRM embedded within. We further describe the necessity and benefit of
doing this in an ensemble setup in the following section.

2.3. Stochastically Perturbed Physical Tendencies (SPPT)

The SPPT scheme is a stochastic parameterization scheme implemented in the ECMWF IFS to represent
uncertainty in its physical parameterization tendencies for moisture, heat, and momentum. A detailed
description of the history of the scheme from its first design [Buizza et al., 1999] to its latest implementation
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is presented in Palmer et al. [2009b]. In the SPPT scheme, the sum of the physics tendencies of each of the
prognostic variables in the model such as temperature, humidity, and momentum is perturbed by a sto-
chastic multiplicative term. The current SPPT scheme has a smooth map of coefficients over space and time
and makes use of a spectral pattern generator to define the perturbation coefficients. The scheme uses a
univariate distribution for the perturbations that is independent of the variables to be perturbed. The
scheme follows equation (2):

Xp=(1+r)X, )

where X, is the perturbed tendency variable, X=u, v, T, g are the parameterized tendencies from the deter-
ministic schemes, and p € [0, 1] is the factor used for reducing the perturbation amplitude close to the sur-
face and in the stratosphere, as perturbations in the near-surface regions have undesirable effects on the
ocean, land-surface components such as numerical instabilities, while perturbations in the stratosphere are
not desired due to the negligible uncertainty in the clear-sky radiation tendencies in the stratosphere.

The perturbation patterns of r have three defined spatiotemporal decorrelation scales and follow an autore-
gressive model of order 1 (AR1). The three scales of perturbations have characteristic lengths of (i) 500 km
and 6 h decorrelation representing the uncertainty in mesoscale processes, (ii) 1000 km and 3 days repre-
senting the synoptic-scale uncertainties in physical tendencies, and (iii) 2000 km and 30 days decorrelation
representing the uncertainty in the large-scale impact of subgrid-scale physics tendencies. A unique and
interesting feature of this stochastic scheme is that the three scales can be combined linearly as two or
more independent patterns to account for model errors at different temporal and spatial scales. The vari-
ance of each of these stochastic terms is predetermined and represents the magnitude of the uncertainty
in each of these scales. The shortest scale is defined to have the largest amplitude of perturbations signify-
ing that the largest uncertainty lies in the mesoscale physical tendencies. The second and third scales have
a lower and the lowest variance correspondingly, signifying that these scales which are partially and fully
resolved by the model grid-scale dynamics have lower uncertainty.

The amplitude of the variance for each of these patterns has been motivated by results from coarse-
graining studies with CRMs [Palmer et al., 2009b; Shutts and Palmer, 2007]. For instance, Shutts and
Palmer [2007] showed that the standard deviation of the temperature tendency in a high-resolution
cloud-resolving simulation is linearly related to the mean temperature tendency and hence lends sup-
port to a multiplicative noise scheme like SPPT for modeling uncertainty in convective parameteriza-
tions. Some theories such as Craig and Cohen [2006] argue that temperature tendency errors in
convective parameterization behave like a Poisson process, where the variance of the tendency is line-
arly proportional to the mean temperature tendency. This is also shown in numerical results from a more
recent coarse-graining study by Shutts and Pallarés [2014]. Another recent study by Watson et al. [2015]
shows that IFS with the multiplicative-noise SPPT scheme reproduces the observed ratio of the standard
deviation of convection to the decrease in the mean of convection as the coincident relative humidity
and vertical velocity increase. These recent findings imply that though the ECMWF stochastic perturbed
parameterization tendency scheme reproduced some of the observed features of convection, it can be
improved further, and its benefits in improving the model spread and skill at short and seasonal time-
scales can be further enhanced.

2.4. Multiscale Ensemble Modeling

Over the past two decades, ensemble forecasting has become established as a technique in NWP to
account for uncertainties in model integrations and initial conditions. The history of ensemble prediction is
well described in Lewis [2005]. Ensemble forecasting was developed with a goal to quantitatively predict
the flow-dependent probability density functions of forecast fields. This is limited both by the model uncer-
tainties and the accurate representation of uncertainties in the initial conditions.

The sources of model uncertainties are of two kinds. One is the ill-representation of certain processes and
another is the lack of representation of certain processes in the model. The NWP models have been devel-
oped at a process level to incorporate a myriad of physical processes as parameterizations. Each of these
parameterizations have uncertainties associated with them and hence representing these uncertainties in
model integrations accurately helps evolve the uncertainties in weather forecasts [Leutbecher and Palmer,
2008, and references therein].
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L

Figure 1. Schematic showing the configuration of the two resolved scales in the superparameterization approach. The outer box repre-
sents a single-grid column of the host GCM. The inner boxes represent the interior grid points of the embedded explicit convection model,
arranged conventionally in two dimensions, and with a cloud system-resolving model (CSRM) horizontal resolution of several kilometers.
The CSRM is then perturbed with a different random perturbation to the temperature in the boundary layer for each ensemble member as
depicted by the red and blue ellipses.

We use the ECMWFs medium-range ensemble prediction system (EPS, up to 10 days). The EPS uses initial
perturbations from ensemble data assimilation and singular vectors operationally. Yet for the experiments
in this study we do not use any initial condition perturbations on the GCM grid in the ensemble since we
are interested in growth of model error terms as a function of lead time in forecasts.

In the superparameterization approach to modeling atmospheric convection, we impose a scale separation
at the scale of the CRM embedded at each point of the large-scale domain. The mean variables in the CRM
are the tendencies that are passed on to the large-scale grid. This scale separation then lends itself to
modeling the error growth of the CRM tendencies while the large-scale tendencies are solved with the
deterministic set of equations. We test this paradigm to represent convective error growth in our current
experiments and compare it to the operational SPPT approach of representing model physics error.

Few recent studies have argued for a need to incorporate uncertainty in the development of parameteriza-
tion at the process level [Plant and Craig, 2008; Yano, 2016; Berner et al., 2016], rather than as a bolt-on extra
as called so by Palmer [2012]. In this vein, we propose modeling uncertainty in deep convection using the
superparameterization approach as a process level uncertainty modeling framework. In the current set of
experiments, we only model the uncertainty in the initial conditions of the CRM with perturbations to the
temperature field in the boundary layer. The bottom five layers of the CRM grid cells are perturbed with a
+0.5 C multiplied by a Gaussian random number with no correlation in time or space at the first time step.
The IFS grid variables are unperturbed in the ensemble setup at the initial time step. Hence, every ensemble
member has exactly the same initial conditions, while the subgrid CRM has perturbed different initial condi-
tions in each ensemble member. A representation of this is shown in Figure 1, where the GCM grid is shown
to have different CRMs embedded within for each ensemble member. Integrating this forward for a 10 day
forecast then evolves the convective field in the CRMs differently for different ensemble members, which
then perturbs the GCM fields differently for each ensemble member and this feedback evolves the
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Figure 2. Precipitation field (mm/d) “stamp maps” over the Indian Ocean region of ensemble members for the 24 h ECMWF ESP IFS forecast initialized on 21 October 2011.

uncertainty in the large-scale field driven by uncertainty in the convective field. The results and discussion
are presented in following sections.

3. Results

3.1. Convection and the MJO
Figure 2 shows a stamp map of the precipitation field after a 1 day forecast for 16 of 21 ensemble members
for the start date of 21 October 2011 for the ESP-IFS run. The large-scale organization of convection and
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Figure 3. Precipitation field (mm/d) “stamp maps” over the Indian Ocean region of ensemble members for the 240 h ECMWF ESP IFS forecast initialized on 21 October 2011.

precipitation in the Western Indian Ocean region for this case shows the MJO straddling the equator. The
precipitation fields do not show much difference among the members after Day 1 forecast. This indicates
that the spread in the ensembles for the precipitation field after a 24 h forecast is not very significant quali-
tatively. We quantify the spread later for many different forecasts. Figure 3 shows the stamp map for the
precipitation field in the ESP-IFS experiment after Day 10 forecast for 16 ensemble members for the same
start date of 21 October 2011. Here we see a much larger difference among the members in terms of ampli-
tude and location of convection and precipitation. We further quantify the absolute error of the ensemble
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Figure 4. (a) Ensemble mean precipitation in the Tropical Indian ocean region for SPPT-IFS ensemble and (b) TRMM satellite precipitation.
Figure 4a is for a 24 h forecast of rainfall in the region. Figure 4c is the absolute error in precipitation compared to TRMM precipitation
regridded to model grid. Figure 4d shows the ensemble standard deviation in precipitation. The ensemble forecast was initialized on 21
October 2011.

mean precipitation and Root Mean Square Error (RMSE) of the dynamic fields to compare it with the ensem-
ble spread in these fields.

Figure 4 shows the absolute error and standard deviation in a 24 h forecast of precipitation for the SPPT-
IFS experiment compared to TRMM satellite precipitation fields [Huffman et al., 2007] for forecasts initial-
ized on 21 October 2011. Figure 5 shows the same for the ESP-IFS experiment. The absolute error is com-
puted as the absolute difference between the IFS precipitation field and TRMM precipitation fields. The
ensemble standard deviation for a 24 h forecast with a SPPT-IFS ensemble shows higher standard devia-
tion values as compared to the ESP-IFS ensemble in many of the regions. Yet by Day 10 forecast (Figure
6) of the SPPT-IFS ensemble, the standard deviation in precipitation saturates to a value lower than the
absolute error in the precipitation field over the MJO active region in the Indian Ocean domain. Hence,
the SPPT-IFS ensemble forecast has become unreliable in precipitation forecast by Day 10 as the ensem-
ble forecast spread at this lead time does not capture the ensemble mean error from observations. The
ensemble standard deviation for the ESP-IFS ensemble forecast for Day 10 (Figure 7) shows higher values
of standard deviation in the regions of high convection and precipitation. Here the ESP-IFS ensemble
forecast has higher reliability than the SPPT-IFS ensemble forecast as the ensemble spread is closer to
the ensemble mean error at Day 10.

In order to understand the differences between the representations of the MJO convection in the two sys-
tems, we further analyze the moist static energy (MSE) in the two systems. Recent theoretical and modeling
studies have shown that the MJO convection is primarily determined by column latent heat anomalies,
which are roughly equivalent to MSE anomalies under a weak temperature gradient assumption [Charney,
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Figure 5. (a) Ensemble mean precipitation in the Tropical Indian ocean region for ESP IFS ensemble and (b) TRMM satellite precipitation.
Figure 5a is for a 24 h forecast of rainfall in the region. Figure 5c is the absolute error in precipitation compared to TRMM precipitation
regridded to model grid. Figure 5d shows the ensemble standard deviation in precipitation. The ensemble forecast was initialized on 21
October 2011.

1963; Sobel et al., 2001] in the tropics, leading to the hypothesis that the MJO is fundamentally a moisture
mode [Raymond and Fuchs, 2009; Maloney, 2009; Sobel and Maloney, 2013; Hannah and Maloney,
2014], which is also known as the moisture mode theory. A related and compatible theory, the
recharge-discharge theory, is that the MJO convection and column MSE in the tropics are strongly
related [Hendon and Liebmann, 1990; Blad and Hartmann, 1993; Hu and Randall, 1994; Maloney, 2009;
Andersen and Kuang, 2012; Subramanian and Zhang, 2014]. This theory proposes that the MJO convec-
tion is regulated by a recharge-discharge cycle, where the column MSE builds up before the MJO
deep convection creates precipitation and discharges the MSE. There are subtle differences between
the two theories; the moisture mode theory proposes that the MJO convection instead of acting to
discharge moisture and MSE anomalies in the tropics helps sustain and enhance the moisture anoma-
lies against the drying effect of horizontal advection. Hence, MJO convection helps maintain the insta-
bility in the atmosphere [Wolding and Maloney, 2015]. The MSE (denoted in literature as h) in our
analysis is defined as

h=c,T+gZ+lq, (3)

where T is the temperature, ¢, is the specific heat at constant pressure, Z is the height, g is the gravita-
tional acceleration, L is the latent heat of vaporization, and q is the specific humidity. As constructed the
MSE is a conserved quantity subject to removal or addition of liquid water into the column, under hydro-
static motion in the column. Hence, the column-integrated h, (h), is approximately conserved. The model
tends to conserve this quantity under convective adjustment. The mass-weighted integral of MSE is
defined as
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Figure 6. (a) Ensemble mean precipitation in the Tropical Indian ocean region for SPPT-IFS ensemble and (b) TRMM satellite precipitation.
Figure 6a is for a 240 h forecast of rainfall in the region. Figure 6¢ is the absolute error in precipitation compared to TRMM precipitation
regridded to model grid. Figure 6d shows the ensemble standard deviation in precipitation. The ensemble forecast was initialized on 21
October 2011.
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where the vertical integral is computed from the top of the atmosphere (or approximately thereof) to the

surface. g is the gravitational acceleration and p is the pressure field. The terms that lead to nonconserva-

tion of the MSE field are usually negligible compared to the energy budget terms [Neelin and Held, 1987].

We study this relationship of the MSE to the MJO convection and precipitation in this ensemble forecast
experiment. Looking at the ensemble mean MSE field for the SPPT-IFS experiment and the ESP-IFS experi-
ment in Figure 8, we see that the strong regions of convection and precipitation in the central Indian Ocean
region and west Pacific are regions of weak MSE compared to the surrounding regions, since the convection
and precipitation discharges the column MSE, after the buildup. The SPPT-IFS shows weaker column-
integrated MSE amplitude compared to the maximum amplitude of column MSE in the ESP-IFS experiment.
This is also consistent with the ESP-IFS having a more intense but localized precipitation pattern as seen in
Figures 8c and 8d as well as in Figures 4a and 5a. The stronger buildup of MSE in the ESP-IFS experiment is
likely due to the reduced drizzle or weak amplitude precipitation, which otherwise discharges the column
MSE in the SPPT-IFS experiment and hence does not allow for strong buildup of MSE.

This is also true for the MJO convection and MSE for the Day 10 forecast seen in Figure 9. Here the MJO con-
vection has moved to the east Indian ocean region, with strong deep convection and precipitation dis-
charging the MSE in this region. The ESP-IFS experiment shows a net higher-amplitude MSE in the column
over the tropical region, both in the Indian Ocean and the West Pacific region. Similar studies with the
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Figure 7. (a) Ensemble mean precipitation in the Tropical Indian ocean region for ESP IFS ensemble and (b) TRMM satellite precipitation.
Figure 7a is for a 240 h forecast of rainfall in the region. Figure 7c is the absolute error in precipitation compared to TRMM precipitation
regridded to model grid. Figure 7d shows the ensemble standard deviation in precipitation. The ensemble forecast was initialized on 21
October 2011.

superparameterization scheme in the Community Atmosphere Model (CAM) previously have shown that
SPCAM tends to build up MSE in the column from horizontal and vertical advection of MSE ahead of the
MJO peak in convection during MJO propagation [Andersen and Kuang, 2012]. The deep convection and
precipitation act to reduce the column MSE as the MJO propagates through the domain.

The ensemble standard deviation in the MSE field and the precipitation for the two experiments are shown
in Figures 10 and 11 for Day 1 and Day 10 forecast, respectively. Figures 10 and 11 (top) show the ensemble
spread (for SPPT-IFS and ESP-IFS, respectively) in MSE. Figure 10 shows that the spread in the MSE field for
the ESP-IFS experiment is of lower amplitude and in smaller regions compared to the MSE spread in the
SPPT-IFS experiments. This is also consistent with larger spread in the precipitation field (Figures 10c and
10d) for the SPPT-IFS experiment compared to the ESP-IFS experiment. For the 10 day forecast shown in
Figure 11, the spread in the MSE field for the ESP-IFS experiment is larger than that in the SPPT-IFS case in
the tropical belt, especially over the MJO convection region in the east Indian Ocean as well as the ITCZ and
SPCZ regions. This is also consistent with the increased spread in the precipitation field for the ESP IFS
experiment in the Day 10 forecast fields. The spatial pattern of the larger spread in the precipitation for the
ESP-IFS experiment indicates that the difference in convection among the ensemble members is mainly in
regions of MSE discharge. Hence, in these regions the CRM convection and contribution to the large-scale
tendency varies widely among the ensemble members compared to the parameterized tendency differ-
ences in the SPPT-IFS experiment. We further investigate this increase in spread of the MSE and the precipi-
tation fields as a function of the components that make up the MSE field and in terms of probabilistic
verification metrics.
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Figure 8. Ensemble mean moist static energy for Day 1 forecast starting on 21 October 2011 for (a) SPPT-IFS ensemble forecast and (b) ESP-IFS ensemble forecast. Ensemble mean pre-
cipitation forecast for Day 1 for (c) SPPT-IFS ensemble forecast and (d) ESP-IFS ensemble forecast.

3.2. Ensemble Verification

Figure 12 shows the ensemble standard deviation and ensemble mean root mean square error (RMSE) for
the moist static energy field in the Indian ocean region (left; 60°E-100°E and 10°S-10°N) and the West
Pacific region (right; 125°E-150°E and 10°S-10°N) for the two experiments ESP-IFS (blue) and SPPT-IFS (red).
The ensemble spread for the MSE field in the ESP-IFS experiment is larger than that in the SPPT-IFS experi-
ment after Day 6 in both the Indian Ocean (I0) region and the West Pacific (WP) region.

In the IO region, the RMS error for the ESP-IFS experiment saturates and stays below the RMS error for the
SPPT-IFS experiment after Day 4. Over the WP region, the ensemble spread of the ESP-IFS experiment is
higher than that in the SPPT-IFS experiment after Day 6, while the RMS error of the ensemble mean is lower
after Day 7. Hence, the ESP-IFS ensemble prediction system is slightly more skillful than the SPPT-IFS experi-
ment to predict the ensemble mean MSE field as well as the associated uncertainty in this forecast for the
extended medium-range period beyond Day 5 in both the basins. Here the ESP-IFS gives a more skillful
forecast on these timescales as the ensemble spread captures the error in the ensemble mean better than

the SPPT-IFS.
(@ moist Static Energy ) Moist Static Energy , . . . L
20N 1 - " e 20N ¢ ~
L -
* / o
0 qe 0 e
\ K
208 . 208 "

30E 60E 90E 120E  150E 180 150W  120W  90W 60W 30E 60E 90E 120E  150E 180 150W  120W  90W  60W

[ [ I . ——
300 301 302 303 304 305 300 301 302 303 304 305
Total precipitation (@) Total precipitation

(c)

L M s
. o As e x

L

;*.fl' [
ey %
e v v

T T

150E 180 150w 120W  90W 180 150w 120w 90W sowW

01 1 25 5 10 15 20 25 50 75 01 1 25 5 10 15 20 25 50 75

Figure 9. Ensemble mean moist static energy for Day 5 forecast starting on 21 October 2011 for (a) SPPT-IFS ensemble forecast and (b) ESP-IFS ensemble forecast. Ensemble mean pre-
cipitation forecast for Day 5 for (c) SPPT-IFS ensemble forecast and (d) ESP-IFS ensemble forecast.
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Figure 10. Ensemble spread in moist static energy for Day 1 forecast starting on 21 October 2011 for (a) SPPT-IFS ensemble forecast and (b) ESP-IFS ensemble forecast. Ensemble spread
in precipitation forecast for Day 1 for (c) SPPT-IFS ensemble forecast and (d) ESP-IFS ensemble forecast.
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We further investigate if this improved skill in predicting the MSE field over the Indian Ocean is due to the
improved humidity or temperature field in the region. We analyze the IO region mainly as the MJO convec-
tion is active over the |10 region during this forecast period. Figure 13 shows the ensemble standard devia-
tion and ensemble mean RMS error for the specific humidity and temperature fields over the Indian Ocean
region at two different pressure levels (500 and 850 hPa). The top two figures show the diagnostics for the
500 hPa levels. At both levels it is evident that the forecast ensemble spread is larger in the ESP-IFS experi-
ment for the specific humidity field after Day 4, while the SPPT-IFS experiment has a larger spread in the
temperature field. The ESP-IFS ensemble has a RMSE to ensemble spread ratio closer to one at longer lead
times compared to that of the SPPT-IFS for the humidity forecast field, despite the RMSE of the humidity
field at these two levels being higher. The main difference between how these moisture and temperature
tendencies are computed for the ESP-IFS and SPPT-IFS is that the cloud-resolving model in the ESP-IFS
approach computes the convective tendencies, while in the SPPT-IFS approach, this is computed by the
convective parameterization and perturbed by multiplicative stochastic noise. Hence the ESP-IFS CRM
resolves some of the deep convective tendencies in the subgrid scale while SPPT-IFS parameterizes these
subgrid-scale tendencies and perturbs them by a characteristic uncertainty, leading to fundamental differ-
ences in these tendencies in the models. The increased spread in the ESP-IFS forecast that matches the
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Figure 11. Ensemble spread in moist static energy for Day 5 forecast starting on 21 October 2011 for (a) SPPT-IFS ensemble forecast and (b) ESP-IFS ensemble forecast. Ensemble spread
in precipitation forecast for Day 5 for (c) SPPT-IFS ensemble forecast and (d) ESP-IFS ensemble forecast.
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Figure 12. Ensemble standard deviation (dashed lines) and ensemble mean RMS error (continuous lines) for the moist static energy in the
Indian Ocean region (left) and West Pacific region (right) for the ESP-IFS (blue line) and for the SPPT-IFS (red line) experiments. These were
computed as a mean for 10 different start dates starting from 6 October 2011 until 21 November 2011.

RMSE for the humidity field beyond Day 5 indicates that the ESP-IFS ensemble is more reliable for humidity
fields at these longer lead times.

The specific humidity tendencies are largely governed by the convective tendencies in this region, while
the temperature tendencies are governed by both the convective physics and the dynamical adjustments.
While the radiation scheme in the model modifies the temperature in the column, it does not affect the spe-
cific humidity field. Similarly, dry physics schemes can modify the temperature field, while the specific
humidity is mainly changed in time due to convection-related physics parameterizations. Hence, we expect
this improved probabilistic prediction of the specific humidity field with the superparameterization
approach where the growth in mean forecast error of the ensemble mean is captured better by the growth
in the ensemble spread for the humidity field.

Recent studies such as Andersen and Kuang [2012] and Arnold et al. [2013, 2015] argue that the MJO, unlike
other convectively coupled equatorial waves, respond to column-integrated MSE anomalies rather than
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Figure 13. Ensemble standard deviation (dashed lines) and ensemble mean RMS error (continuous lines) for the humidity (left) and tem-
perature (right) at 500 hPa (top) and 850 hPa (bottom) vertical levels over the Indian Ocean region for the ESP-IFS (blue line) and for the
SPPT-IFS (red line) experiments. These were computed as a mean for 10 different start dates starting from 6 October 2011 until 21 Novem-
ber 2011.
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Figure 14. Ensemble standard deviation (dashed lines) and ensemble mean RMS error (continuous lines) for the zonal winds (left) and
meridional winds (right) at 500 hPa (top) and 850 hPa (bottom) pressure levels over the Indian Ocean region for the ESP-IFS (blue line) and
for the SPPT-IFS (red line) experiments. These were computed as a mean for 10 different start dates starting from 6 October 2011 until 21
November 2011.

convective instabilities due to convective available potential energy. Moist static energy anomalies being
predicted more accurately will likely help improve model predictions of the MJO convection. Yet if the tem-
perature field and other relevant dynamical fields in the tropics are poorly predicted, it will lead to a degra-
dation in overall predictive scores of the ensemble prediction system.

Figure 14 shows the ensemble standard deviation and ensemble mean RMS error for the zonal and meridional
wind fields at 500 and 850 hPa pressure levels in the top and bottom figures, respectively. This is again com-
puted in the tropical Indian Ocean region. The RMS error for the ensemble mean fields of both zonal and
meridional winds in this region is higher for the ESP-IFS experiment over all lead time. The ensemble spread
tends to increase more with the ESP-IFS after Day 4 in the meridional wind fields at both levels and the zonal
winds at the lower tropospheric level. This is likely due to the improved convection field, which drives low-
level convergence into the region. The SPPT-IFS experiment tends to show a more reliable forecast of the mid-
tropospheric level zonal winds, as well as for the temperature field in both the lower and midtropospheric lev-
els. We see a similar decrease in probabilistic skill (continuous rank probability skill) metrics for zonal winds
and temperature in the tropics for the ESP-IFS forecast runs compared to the SPPT-IFS experiment.

In summary, we find that the ESP approach improves probabilistic forecasts of precipitation and atmo-
spheric humidity fields (especially related to deep convection) while it also degrades the reliability of
the ensemble for other fields. The SPPT scheme tends to have a high reliability over the midlatitude
region as shown by Palmer et al. [2009a, and references therein] and for the temperature and wind
fields over the tropics as seen in this study. A fundamental difference between the SPPT approach and
the ESP approach is that the SPPT approach tends to perturb the total physics tendencies after all the
physics schemes have operated on the model fields, while the ESP approach tends to only evolve the
model uncertainty through the deep convection process and therefore represents only a part of the
model uncertainty.

4. Conclusions and Discussion

Weather predictions are strongly sensitive to initial condition errors. Ensemble predictions systems have
been developed over the past three decades to forecast such flow-dependent predictability. In addition to
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initial condition uncertainty, the errors in our formulation of the weather forecasting models add to forecast
uncertainty in ensemble forecasts. Representing this model error well is essential for the ensemble predic-
tion system to be reliable in a probabilistic sense. These probabilistic forecast systems with improved reli-
ability have added more value to the weather-related decision-making process than a single deterministic
forecast with no quantification of uncertainty.

The largest errors in weather and climate models come from the physics parameterization, especially from
the parameterization of subgrid atmospheric convection. Quantifying and representing the uncertainty in
the parameterized tendencies of subgrid convection in large-scale models can help improve the ensemble
prediction of not only tropical convection but also their teleconnection into global weather patterns. We
have compared the conventional SPPT method of representing physics uncertainty with that of an ESP
approach and evaluated the reliability of the two probabilistic forecast systems.

The spatial and temporal-scale differences between the CRM and the GCM inherently assumes a separation
in scales of the motions in these two regimes, though coupled with each other at the temporal and spatial
scales of the large-scale model. The CRM model has “convective memory” as it is initialized by the state of
the small-scale CRM variables at the end of the previous time step of the large-scale equations. This is in
contrast to conventional convective parameterization schemes, which do not propagate any subgrid-scale
convective features in time. Yet approximations such as periodicity in the subgrid domain and two-
dimensional grid of the CRM are strong unjustified approximations and can lead to error in computations of
convective adjustment.

In this study, we use the superparameterization approach to study error growth in convective processes
and large-scale convective phenomena such as the MJO making use of this scale separation for perturbed
forecasts. We examined medium-range forecasts over a one and half month period in 2011, which was char-
acterized by strong MJO activity in the tropics. We performed these forecast experiments with two different
ensemble forecasting approaches. One of them used the operational stochastic physics scheme known as
the SPPT scheme, while the other approach was developed and tested for this study and is called the
ensemble superparameterization approach, ESP.

The ESP approach helps improve probabilistic forecasts of tropical deep convection and fields related to the
MJO in these forecasts compared to the SPPT approach. The ESP approach uses a cloud-resolved model
coupled to the large-scale global model and can be viewed as an ensemble multiscale modeling approach
to ensemble weather forecasts. In this framework, we stochastically perturb the boundary layer temperature
fields in the CRM and integrate an ensemble of these GCMs forward in time, letting the CRM evolve the con-
vective uncertainty forward in time.

These results indicate that the ESP approach helps improve some aspects of the probabilistic prediction of
tropical convection such as precipitation forecasts, the specific humidity field, and the moist static energy
variable which is tightly linked to deep convection in the tropics. Yet it also degrades the forecasts of other
variables such as temperature and zonal winds. We have shown that the improvement in the precipitation
field and hence the representation of convection in the model is largely due to the improvement in ensem-
ble prediction of the humidity field.

This technique of an ensemble multiscale modeling, especially in an ensemble forecasting system, is rela-
tively new and understanding the pros and cons of such a technique is very useful in terms of determining
the benefits and drawbacks of the SPPT scheme. This is especially true for understanding the error growth
time and spatial scales for convection as compared to a holistic scheme such as SPPT with prescribed tem-
poral and spatial scales. We hope to understand better the error growth from the convective scales to the
large scales and hence help improve the representation of model error growth in SPPT-like holistic and
computationally cheaper schemes. Sensitivity of the error growth to representation of uncertainty in the
microphysics parameterization of the CRMs are also of interest, as these are the subgrid-scale parameteriza-
tions in the CRMs. Understanding the sensitivity to cloud microphysics could point us to representing
model uncertainties when we have a convection permitting global ensemble.

The success of ensemble multiscale modeling in the current study, which is analogous to more advanced
stochastic techniques such as the stochastic superparameterization presented in previous studies [Grooms
and Majda, 2013; Majda et al., 2008; Grooms and Majda, 2014; Grooms et al., 2015; Deng et al., 2015],
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supports further studies into understanding and modeling subgrid-scale uncertainty evolution with more
physically based approaches. We recommend future studies to explore physical methods to help understand
the nature of error growth in subgrid-scale processes such as convection or turbulent mixing. This will help
inform the design of next generation stochastic modeling approaches in convection-resolving global models.

Appendix A: The CRM Equations

The anelastic momentum conservation equations solved in the CRM integration are described here in ten-
sor notation,

ag:i o (A2)
%:_%%@uihﬁ%)—%%(LCP,+L5P5+LSP9), (A3)
@),

Ot ),.a \Ot /s
% —— %a% (Puiqr+Fg,i)— (%) mic+ (%) x (AS)
%:—%%(ﬁuiqp-i-qu,-)-i-%%(P,'i‘PS—FPg)— (%)mic, (A6)

where u;(i=1, 2, 3) are the resolved wind components u, v, w along the x, y, and vertical z directions, respec-
tively; p is the air density; p is the pressure; h; is liquid/ice water static energy; gr is the total nonprecipitat-
ing water mixing ratio; g, is the total precipitating water mixing ratio; f is the Coriolis parameter; B is the
buoyancy; U, is prescribed geostrophic wind; g is gravitational acceleration; ¢, is specific heat at constant
pressure; L. and L, are latent heat of evaporation and sublimation, respectively; t; is subgrid-scale stress ten-
sor; Fp,, Fq,, and Fq, are subgrid-scale scalar fluxes; P, P, and P, are rain, snow, and graupel precipitation
fluxes, respectively; the subscript “rad” denotes the tendency due to radiative heating; “mic” represents the
tendency of precipitating water due to conversion of cloud water/ice and due to evaporation; “l.s.” denote
the prescribed large-scale tendency; the overbar and prime represent the horizontal mean and perturbation
from that mean, respectively. Further details about the microphysics and subgrid-scale parameterization in
the model are presented in Khairoutdinov and Randall [2003].
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