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Uncertainties in parameterized processes in general circulation models can be

represented as stochastic perturbations to the model formulation. The European

Centre for Medium-Range Weather Forecasts (ECMWF) has pioneered approaches to

represent these model errors in forecasting systems. In particular, the stochastically

perturbed physical tendency (SPPT) scheme for the atmosphere is used in their

operational ensemble system for medium- and long-range predictions. Recent studies

have shown that these stochastic approaches can both increase the reliability of

the probabilistic forecasts and reduce long-term mean biases of the model climate.

Towards developing a seamless prediction system in the future, these benefits of

stochastic parameterization for both short-term and long-term forecasts make it an

essential component of the next generation Earth System Models. We present results

of the impact of different configurations of the SPPT scheme in ECMWF’s seasonal

forecasting System 4 on the mean and variability in tropical precipitation. Small scale

perturbations in the SPPT scheme play a significant role in reducing the mean biases in

tropical precipitation. The stochastic physics also non-linearly rectifies the convection

and precipitation during different phases of El Niño Southern Oscillation events and

improves the reliability of the ensemble forecasts for the Madden-Julian Oscillation

(MJO). They impact the MJO dynamics by modulating the convective and suppressed

phases of the MJO. Finally, we discuss some of the caveats to this analysis and some

future prospects.
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1. Introduction

Atmospheric convection plays a key role in regulating the climate

in the Tropics (Bony et al. 2015), and is one of the most

challenging processes to parameterize in weather and climate

models. Inadequate representation of convection in weather and

climate prediction models leads to the largest uncertainties in

forecasts especially in aspects related to the hydrological cycle in

the Tropics (Brunet et al. 2010). Many scientific and technological

advances have led to increasing the forecast skill of operational

weather forecasting models on timescales of upto two weeks

over the past five decades (Bauer et al. 2015). Progress has also

been made in seasonal climate predictions (Brunet et al. 2010),

yet the current challenge lies in bringing the communities of

weather and climate together to address issues with predictability

on subseasonal-to-seasonal and longer timescales (Vitart and

Robertson 2012). Past experience and some theoretical studies

have shown that the predictability of daily weather cannot be

extended beyond the two week period, even if we reduce the

initial error on subsynoptic scales, but larger than the scales of

viscous dissipation (Durran and Gingrich 2014; Palmer et al.

2014). Yet, slowly evolving boundary and forcing conditions of

the atmosphere can lead to predictability on timescales beyond

couple of weeks and longer for some modes of climate variability

(Pegion and Sardeshmukh 2011; Vitart and Robertson 2012; Vitart

2014; Robertson et al. 2015).

Tropical convection shows a remarkable amount of variability

across many spatial and temporal scales, ranging from individual

convective clouds to mesoscale and synoptic-scale organized

convection. The key barriers in our capability to predict the

tropical precipitation on timescales of weather to climate are

partly due to the lack in knowledge of convective processes

that impact predictability at these timescales and partly due to

ill-represented convective processes in our earth system models

(Moncrieff et al. 2007).

The power-law spectra of atmospheric dynamics implies that

there is no accurate way to separate dynamics on resolved scales

and unresolved scales in a weather or climate model. Hence,

errors in very small scales can propagate upscale and generate

errors in the large-scale flow in finite time. The propagation of

such uncertainties in both initial conditions and model formulation

translate into limits on predictability of weather and climate

forecasts (Palmer and Williams 2008). Since it is essential to

be able to estimate the impact of such uncertainties on forecast

accuracy, no weather or climate prediction can be considered

complete without a forecast of the associated flow-dependent

predictability. Also our ability to provide reliable weather and

climate predictions and the concomitant uncertainty associated

with the predicted fields is vital for robust decision making across

many different socio-economic applications. Hence, representing

uncertainty in convective and other physical parameterization

in weather and climate models is necessary for an improved

probabilistic forecast system.

The major sources of uncertainties for weather forecasts are

in the initial conditions and in the model error, while for

climate forecasts the initial uncertainties play less of a role in

projecting on to forecast uncertainties. On timescales of less

than a week the initial uncertainty may play a more dominant

role than the model uncertainty while on subseasonal-to-seasonal

timescales both these sources of uncertainties play key roles in the

propagation of the forecast uncertainty. Practically, the problem

of integrating the uncertainties in forecasts is addressed by using

ensembles of integrations of comprehensive weather and climate

prediction models, first suggested by Leith (1975), with explicit

perturbations to both initial conditions and model formulation.

Forecasts resulting from such an ensemble system can be

thought as probabilistic forecasts representing the probabilities of

integrated fields in an approximate way.

One approach for simulating perturbations to model formula-

tion is stochastic parameterisation of the physical tendencies in the

forecast system. A more detailed motivation for including stochas-

tic parameterisations in our current weather and climate models is

presented in Palmer (2012). Successful applications of stochastic

approaches in numerical weather prediction (NWP) have evolved

in the recent decade from the early attempts in the European Cen-

tre for Medium-Range Weather Forecasts (ECMWF) ensemble

prediction system (Palmer et al. 1997) to operational schemes

at several meteorological services around the world to make

ensemble predictions from short-range to seasonal time scales

(Teixeira and Reynolds 2010; Reyes et al. 2009; Berner et al.
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2010; Stockdale et al. 2011; Palmer et al. 2009b; Palmer 2012;

Suselj et al. 2013; Sušelj et al. 2014; Sanchez et al. 2015). The

currently operational medium-range ensemble prediction system

at ECMWF includes two schemes to represent model uncertainty,

the stochastically perturbed physical tendencies (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 (parametrized) part of the tendency equations of the

prognostic variables (Palmer et al. 2009a; Weisheimer et al. 2014;

Berner et al. 2015b). The SPBS scheme aims at describing the

mechanism of stochastic backscatter of kinetic energy from the

near-truncation scales to the larger scales (Shutts 2005; Berner

et al. 2010, 2012; Romine et al. 2014). Both schemes were shown

to improve the quality of NWP forecasts, and also to nonlinearly

rectify some of the biases in the climate mean and variability in

the ECMWF model (Weisheimer and Palmer 2014; Weisheimer

et al. 2014). More recently, work is being done to test these and

other stochastic parameterisation schemes in idealized and more

complex climate models for long term integrations (Williams

2012; Ajayamohan et al. 2013; Juricke and Jung 2014; Dawson

and Palmer 2014).

The merits of stochastic parameterisation are more than just

providing estimates of uncertainty in forecast systems. Previous

studies have shown that stochastic parameterisation of uncertain

model physics can also lead to improvements in the model mean

state (Palmer 2001; Berner et al. 2012; Weisheimer et al. 2014)

and climate variability (Dawson and Palmer 2014; Weisheimer

et al. 2014; Ajayamohan et al. 2013; Batte and Doblas-Reyes

2015) through non-linear rectification by small spatial and

temporal scales in the stochastic physics impacting large spatial

and long temporal climate variability.

Thus the use of stochastic physics in global general circulation

models has not only proven beneficial for issuing more reliable

probabilistic weather forecasts but also for reducing biases in

the mean state and variability on climate timescales. Stochastic

parameterisations that change the mean state through non-linear

rectification can also affect the response to changes in external

forcing (e.g., Seiffert and von Storch 2010). Bridging the gap

between the use of stochastic physics in weather and climate

simulations is also necessary for a seamless prediction system.

The boundaries between weather prediction and climate

prediction models are somewhat artificial (Palmer et al. 2008;

Hurrell et al. 2009; Shapiro et al. 2010). Recent advances in

prediction on timescales from weather to sub-seasonal to seasonal

and decadal by operational weather forecasting centers around

the world (Moncrieff et al. 2007; Vitart and Robertson 2012)

make this artificiality even more evident. Scale interactions of

high frequency small scale processes (such as mesoscale and

weather scales) with largescale low frequency variability (such as

modes of climate variability) both upscale and downscale provide

a challenge for accurate weather and climate predictions. For

example, there is evidence that natural climate variations, such as

El Niño Southern Oscillation (ENSO) on interannual timescales

interacts with the MJO on intraseasonal timescales (Hendon et al.

2007; Zhang 2005; Subramanian et al. 2011; Zhang 2013) and

they both can in turn significantly alter the characteristics of

extratropical and tropical weather such as cyclones and higher

frequency weather events (Vitart and Molteni 2010; Roundy et al.

2010; Moon et al. 2011; Hoell et al. 2014) .

Conversely, small-scale processes have significant upscale

effects on large-scale circulation and on the interactions among

the components of the global climate system. The key aspect of

the seamless prediction challenge for the continuum of weather

to climate timescales is the need to characterize the probabilistic

forecasts for such a chaotic system.

ECMWF has been at the forefront of dynamical extended

range forecasting for more than three decades and is currently

leading the global effort in sub seasonal-to-seasonal predictions.

There have been many recent advances in the ECMWF

model in simulating atmospheric variability, such as improved

representation of convectively coupled equatorial Kelvin and

Rossby waves, and the Madden-Julian oscillation (MJO) during

monthly forecasts (Bechtold et al. 2008). The ECMWF Seasonal

Forecasting System 4 uses the ECMWF Integrated Forecast

System as its atmospheric component, a model used for numerical

weather prediction at ECMWF. This atmosperic forecast system

also includes the latest development of the SPPT stochastic

parametrization scheme.
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In this study, we explore the impact of the different scales

in the SPPT scheme on the tropical mean and variability in

precipitation in the same system. The key tropical modes of

variability in our climate system are the ENSO and the MJO,

both of which are a coupled ocean-atmosphere phenomena, even

though the MJO predominantly manifests as the propagation of

atmospheric convection and wind anomalies around the globe.

Previous results from studying the impact of stochastic physics

in the ECMWF model have shown improvement of the model

state with reduced mean state biases and improved representation

of the variability on climate timescales (Reyes et al. 2009;

Weisheimer et al. 2014; Batte and Doblas-Reyes 2015; Berner

et al. 2015a). This motivates the question of how and which

aspects of the SPPT scheme in the modeling system impacts

the model mean state and variability the most. We explore this

question by changing the configuration of the SPPT scheme in the

model and studying its impact on the tropical mean precipitation

and variability. The results presented in this paper are from the

analysis of System 4’s seasonal reforecasts with the different

configurations of the stochastic physics and then comparing them

to a similar set of simulations without stochastic representations of

model uncertainty. We find evidence for large scale noise-induced

rectification of the ENSO precipitation events and mesoscale and

synoptic scale stochastic perturbations to impact the large tropical

convective organization in the MJO in these experiments.

The outline of this paper is as follows. In section 2 we

describe the seasonal forecasting system, System 4, used for

this study and the different experiments evaluated in this study

as well as the different metrics and methods used for these

evaluations. Results on the changes to the mean precipitation in

the Tropics for the different sensitivity experiments are presented

in section 3. The impact of the different patterns in the SPPT

scheme on the dominant interannual variability in the Tropics,

the ENSO, is presented in section 4. The forecast assessment of

the dominant tropical mode of intraseasonal variability, the MJO,

and the changes to the precipitation in the Tropics during the

different phases of the MJO is the subject of Section 5. Section

6 summarizes the main results and presents some conclusions and

plans for future work.

2. Model Description and Experiments

ECMWF’s seasonal forecasting System 4 (Molteni et al. 2011)

consists of a coupled ocean-atmosphere system developed for

dynamical extended range forecasting and for advancing the

capabilities of the previous operational system (System 3).

The most significant changes to this system from the previous

one are the change in the ocean model component to NEMO

(Nucleus for European Modeling of the Ocean), change in the

atmospheric component to version CY36R4 of the Integrated

Forecasting System (IFS) with improved simulation of tropical

intra-seasonal variability and reduced biases in the extratropical

regions, higher horizontal and vertical resolution, larger ensemble

size in the operational system (51 vs 41 members) and a

more sophisticated simulation of model-generated uncertainties.

Many of the physical processes in the atmospheric model IFS

are parameterized , for example those related to atmospheric

convection and clouds, radiative processes in the atmosphere and

boundary layer turbulence. In the IFS model, these unresolved

diabatic processes are described through a set of deterministic

physical parametrization schemes.

The SPPT scheme is one of the stochastic parameterization

schemes included in the 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 is

presented in (Palmer et al. 2009a). 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 stochastic 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 1:

Xp = (1 + rµ)X; (1)

where, Xp is the perturbed tendency variable, X = u, v, T, q

are the parameterized tendencies from the deterministic schemes

and µ ∈ [0, 1] is the factor used for reducing the perturbation
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amplitude close to the surface 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 spatio-

temporal decorrelation scales and follow an autoregressive 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 representing 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 variance of each

of these stochastic terms are predetermined and represent the

magnitude of the uncertainty in each of these scales. The shortest

scale is defined to have the largest amplitude of perturbations

signifying 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 cloud resolving models (Palmer et al. 2009a; 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 support to a

multiplicative noise scheme like SPPT for modeling uncertainty

in convective parameterizations. 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 linearly proportional to the mean

temperature tendency. This is also shown in numerical results

from a more recent coarse-graining study by Shutts and Pallarès

Table 1. Variance of perturbations applied for the temporal and spatial
decorrelation scales in the noSPPT, SPPT, SPPT1d, SPPT2x and SPPT3x
experiments. Each pattern is linearly combined according to the σ coefficient

Experiment Scale 1 Scale 2 Scale 3
name (500 km, 6h) (1000 km, 3d) (2000 km, 30d)

noSPPT 0 0 0
SPPT 0.52 0.18 0.06

SPPT1d 0.70 0.18 0.06
SPPT2x 0.52 0 0.06
SPPT3x 0.52 0.18 0

(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 to the mean of

precipitation as a function of both relative humidity and vertical

velocity in the Tropics. Hence, 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

timescales can be further enhanced.

The parameter settings for SPPT used in System 4 are exactly

the same as those used in ECMWFs operational medium-range

weather forecasting system. In this study, we use a similar

setting to those used for ECMWF System 4 in our control

experiment (SPPT). Recent results from an experiment similar

to the SPPT presented in (Weisheimer et al. 2014) show the

benefits of representing model errors in rectifying the mean

biases and in improving the spread-skill ratio at monthly-to-

seasonal timescales. We further examine the impact of SPPT on

tropical precipitation mean and variability biases in a similar setup

with three other sensitivity experiments. One of the experiments,

SPPT1d hereafter, has the standard deviation of the first scale

amplified by ≈ 1.33 times its default value to study the impact

of assuming a higher error variance for the mesoscale compared

to the default settings. The next two experiments, called SPPT2x

and SPPT3x, were designed with one of the two larger scales

deactivated (the second and third scale respectively). These were

done as a denial experiments to understand how these two scales

impact the mean and variability in tropical precipitation, as these

three SPPT scales can be combined linearly by design. Table 1

shows the details of the standard deviation parameter used for each

of the three scales in the five different experiments.
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By design, the regions with correlated values of r are going to

have larger areas in the SPPT2x case than the SPPT3x case, and

the temporal evolution of r will be slower in SPPT2x compared

to SPPT3x, where only the first and second scales are active.

The SPPT1d case is likely to have a faster temporal decorrelation

than SPPT2x or SPPT3x, as the first scale (high frequency)

stochastic term has increased variability. Leaving out the synoptic

scale or large scale stochastic terms in SPPT2x and SPPT3x

experiments respectively implies that the tendencies are affected

by the first scale of SPPT in both these cases and we can discern

how the lack of the large scales vs synoptic scale perturbations

will systematically amplify or reduce the tendencies and hence

impact the mean and variability in the tropical climate. Similarly,

SPPT1d experiment compared to the SPPT experiment will help

understand the impact of the first scale (high frequecy stochastic

term) on the tropical precipitation statistics.

The atmospheric model IFS is run in horizontal spectral

resolution of T255 (approximate grid size of 80 km) and 91

vertical levels up to 0.01 hPa for all the experiments. The ocean

model used in System 4 is the NEMO v3.0, a state-of-the-art three-

dimensional general circulation model. The ocean model has 42

levels in the vertical and the horizontal resolution is approximately

110 km (1◦) with equatorial refinement. The atmosphere and the

ocean model components are coupled at 3 h intervals using the

OASIS3 coupler (Molteni et al. 2011).

An extensive set of re-forecast experiments were run for the

past two decades for all five experiments with 15 ensemble

members in each experiment. We further analyse the difference

in the mean state and variability amongst these experiments to

understand the impact of the different stochastic patterns. The

experiments analysed here were re-forecasts for boreal winter

months initialized on November 1st of each year from 1991-to-

2009. The different initial conditions for the ensemble members

were generated from a combination of ocean and atmospheric re-

analyses and perturbations to the wind and SST fields over the

ocean (Molteni et al. 2011). The atmospheric model has been

initialized using the ERA-Interim reanalysis (Dee et al. 2011)

with ECMWF’s operational singular vector perturbations for the

atmospheric fields. The ocean fields are initialized from the ORA-

S4 NEMOVAR five-member ensemble reanalysis (Balmaseda

et al. 2013). During the model integration, each ensemble member

samples a different realization of the uncertainty in the sub-

grid scale physics tendencies in the atmosphere using the SPPT

scheme.

Here, we study the impact of the different SPPT stochastic

perturbation scales on mean, inter-annual and intraseasonal

variability of the tropical precipitation field. The dominant

inter-annual variability in the Tropics is the El Niño Southern

Oscillation (ENSO) and the dominant intraseasonal variability in

the Tropics is the Madden-Julian Oscillation (MJO).

We identify strong El Niño (La Niña) events by computing the

Niño 3.4 index and identifying events with three month mean

values of the index above (below) the threshold of +1.0◦C (-

1.0◦C). For the MJO forecast skill in the different experiments,

we compute the bivariate correlation (COR) and Root Mean

Square Error (RMSE) between the observed and forecast Realtime

Multivariate MJO (RMM) indices using the method as described

in Lin et al. (2008). We also compute a probabilistic score, the

continuous ranked probability skill score (CRPSS), to measure

the forecast skill in the different experiments. The bivariate

correlation is defined as:

COR(τ) =

N∑
t=1

[pco1(t)pc
m
1 (t, τ) + pco2(t)pc

m
2 (t, τ)]√

N∑
t=1

[pco1(t)
2 + pco2(t)

2]

√
N∑
t=1

[pcm1 (t)2 + pcm2 (t)2]

,

(2)

where pco1(t) and pco2(t) are the first two principal components

of the RMM analysis for the verification dataset at time t,

pcm1 (t, τ) and pcm2 (t, τ) are the first two principal components of

the RMM analysis of the model forecast fields at time t with a

lead time of τ days and N is the total number of forecast events

considered. The RMSE is defined as:

RMSE(τ) =√√√√ 1

N

N∑
t=1

[(pco1(t)− pcm1 (t, τ))2 + (pco2(t)− pcm2 (t, τ))2] , (3)

c© 0000 Royal Meteorological Society Prepared using qjrms4.cls



Stochastic Physics and Tropical Precipitation 7

The CRPSS is a skill score based on a measure of the integrated

squared difference between the cumulative distribution function

of the forecasts and the corresponding cumulative distribution

function of the observations .

The characteristics of these metrics and examples of their use

to evaluate global model forecasts are discussed in Gottschalck

et al. (2010). First, we present the results from the analysis of the

difference in the mean precipitation for the different experiments

in the next section.

3. Stochastic perturbations and tropical mean precipitation

Stochastic parameterizations can theoretically influence the mean

state of climate models and hence, if rectified in the right direction,

they can reduce the mean bias of the model against observations.

In other words, stochastic perturbations can occasionally shift

the system away from its preferred modes of variability and

hence, statistically, change the mean state as well as the climate

variability of the system. The first aspect of the impact of the

different patterns in the SPPT scheme we study is the change in

the mean precipitation of the model. We focus our study on the

tropical region (15 ◦N to 15 ◦S), since this is the region dominated

by deep convection and hence, is most affected by the stochastic

perturbations to the physical tendencies as shown in Weisheimer

et al. (2014). We examine these impacts by evaluating the error in

each of the SPPT experiments relative to the noSPPT experiment.

Figure 1 shows the difference in daily mean precipitation of

each individual SPPT experiment with that of the experiment

with no stochastic perturbations. The stochastic perturbations in

all four of the sensitivity experiments show an overall reduction

of the positive precipitation bias in System 4. Figure 2a shows

the probability density function (PDF) of precipitation over a

small region in the west Pacific for the runs with (red line) and

without (black line) stochastic physics. The difference in the two

histograms are plotted as the two bottom subpanels in Figure

2a. These two sub-panels show the increase in occurrence of

low precipitation days and in the extreme high precipitation days

accompanied by a reduction in the precipitation mode.

The stochastic perturbations of SPPT on the physics tendencies

in the ECMWF model are perturbations on the convective

tendencies and hence precipitation via the conservation of

enthalpy. We explore the expected change in the precipitation

PDF given a stochastic noise term using a simple model for

time varying precipitation (associated with convection in the

model). The PDF of precipitation is typically modeled as a

Gamma distribution or as a lognormal distribution (Cho et al.

2004) for station data or satellite observations. Here, we model

the precipitation as a random variable with an idealized Gamma

distribution as shown in black in Figure 2b. The perturbations

to the the precipitation time series are non-zero above a

threshold in the simple model (similar to a convective trigger

function in atmospheric models). The noise term is modeled

as a conditionally Gaussian (or Gaussian-Jump) process. The

threshold is shown by the blue line in the top panel of Figure

2b. The difference in the newly generated PDF of precipitation

and the PDF of the original precipitation time-series is shown

in the bottom two panels with the grey line. This resembles the

change in PDF for the precipitation when stochastic physics is

switched on. Hence, in this simple model, the stochastic physics

shifts the mean of the PDF towards a drier state. Though this

simplified model of stochastic perturbations to precipitation may

not accurately depict all the effects of SPPT in IFS, it still captures

the essence of the change in precipitation PDFs where convection

is active. This is also consistent with enhanced perturbations (in

SPPT1d) decreasing the mean bias even further in the ITCZ

region. The reduction in convection and precipitation over the

warm pool - Maritime continent region will further reduce the

upward Mass flux and hence weaken the Walker circulation

over the Tropical Pacific region. This will have additional

circulation driven changes to precipitation and convection, which

are nonlinear effects to be disentangled with further analysis. We

discuss this result in more detail in Section 6.

We further note that the position of the Inter-Tropical

Convergence Zone (ITCZ) is altered by the stochastic schemes

by restricting the precipitation in the ITCZ band to a narrower

region north of the equator with most of the reduction in

mean precipitation between 5 ◦N and 10 ◦N and a slight

increase in mean precipitation between the equator and 5 ◦N

for all the experiments (Fig. 1). The experiment with the

amplified mesoscale stochastic perturbations (SPPT1d) shows

further reduction in the mean precipitation bias though the spatial
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Table 2. Reliability and Brier Skill Scores for precipitation anomalies below
the lower tercile in the noSPPT, SPPT, SPPT1d, SPPT2x and SPPT3x
experiments for DJF from 1991-2010. 95% confidence intervals are in
brackets.

Experiment Brier Skill Score Reliability Skill Score
name

noSPPT 0.093 (0.042, 0.145) 0.961 (0.950, 0.968)
SPPT 0.1 (0.057, 0.147) 0.966 (0.955, 0.973)

SPPT1d 0.115 ( 0.067, 0.160) 0.974 ( 0.961, 0.980)
SPPT2x 0.106 ( 0.057, 0.151) 0.969 ( 0.959, 0.975)
SPPT3x 0.097 ( 0.045, 0.148) 0.965 ( 0.952, 0.974)

pattern in the difference is similar, while the SPPT2x and SPPT3x

experiments show very little difference as compared to the

default experiment SPPT. The position of the ITCZ is determined

by many factors. An emerging framework in recent idealized

modeling studies (Schneider et al. 2014; Frierson et al. 2013) links

the ITCZ position to the atmospheric energy balance between the

two hemispheres. Further studies on how stochastic perturbations

impact global energy transport in longterm climate simulations

with stochastic physics is encouraged. Some of the first longterm

climate simulations with SPPT and other stochastic physics are

underway currently (Berner et al. 2015a).

Figure 3 shows the ensemble standard deviation for the daily

mean precipitation for each experiment. The spread in the mean

precipitation is highest in the Western Pacific and Central Pacific

region between 5 ◦N and 5 ◦S. It is also enhanced in the Southern

side of Eastern Equatorial Pacific where there is very little mean

precipitation and very little change in mean precipitation for

these experiments as seen in Figure 1. Increased amplitude of

the mesoscale stochastic perturbations tend to increase the spread

marginally, while keeping the pattern of change in spread the same

(as seen in Fig. 3b). Switching off the second scale in the SPPT

scheme (SPPT2x) has very little impact on the spread change,

while switching off the third scale (SPPT3x) seems to shrink the

region of increased spread in the West/Central Pacific for SPPT

experiment to be mostly in the Central Pacific.

We further list a probabilistic skill score, the Brier skill score

(BSS), for tropical precipitation anomalies in these experiments

in Table 2 and Table 3. Table 2 shows the Brier skill score for

the precipitation anomalies below the lower tercile in the different

experiments. The SPPT1d experiment has the highest BSS

followed by SPPT2x and SPPT experiments. The noSPPT model

forecasts have the least BSS. Decomposition of the BSS shows

Table 3. Reliability and Brier Skill Scores for precipitation anomalies above
the upper tercile in the noSPPT, SPPT, SPPT1d, SPPT2x and SPPT3x
experiments for DJF from 1991-2010. 95% confidence intervals are in
brackets.

Experiment Brier Skill Score Reliability Skill Score
name

noSPPT 0.080 ( 0.038, 0.120) 0.960 ( 0.947, 0.970)
SPPT 0.107 ( 0.065, 0.149) 0.975 ( 0.965, 0.981)

SPPT1d 0.108 ( 0.064, 0.146) 0.975 ( 0.965, 0.982)
SPPT2x 0.109 ( 0.064, 0.150) 0.975 ( 0.965, 0.982)
SPPT3x 0.095 ( 0.051, 0.137) 0.971 ( 0.960, 0.980)

that the SPPT1d case has higher reliability and resolution(not

shown). For the precipitation anomalies exceeding the upper

tercile (Table 3), the SPPT, SPPT1d and SPPT2x experiments

have a similar BSS and reliability as well as resolution skill scores.

4. Stochastic perturbations and ENSO

Given that the stochastic perturbations to the physical tendencies

from the SPPT scheme has a positive impact on the tropical mean

precipitation especially over the Maritime continent, tropical

Western Pacific and the ITCZ region by reducing the excess

precipitation bias, we would expect it to have an impact on the

strongest interannual variability in the region, the ENSO, too. In

this section, we analyse how the different configurations of the

stochastic perturbations affect the composite precipitation in the

Tropics during El Niño and La Niña events.

Figure 4 shows the composite mean precipitation in the tropical

region for five different El Niño events during DJF for the four

experiments. We see a similar change in pattern of precipitation

as seen in the total mean precipitation for 20 years, except that the

mean increase in precipitation (region with positive precipitation

anomalies compared to noSPPT) has shifted towards the central

Pacific region. The precipitation in the Central Pacific is amplified

due to stochastic perturbations and the precipitation in the ITCZ

is reduced. This pattern is further amplified when the mesoscale

stochastic perturbations are amplified (Fig 4b). Even though the

precipitation in the central and eastern Pacific is enhanced in an

anomalous sense the total precipitation and convection amplitude

in El Niño conditions is weaker than the net convection in the

West Pacific during an ENSO neutral phase. Since the stochastic

perturbations are multiplicative, they tend to amplify or dampen

large signals in convection but do not have much impact on weaker

convective events. The first scale of perturbations in SPPT1d
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experiment tends to amplify the change in precipitation, similar to

the change in 20-year mean precipitation (Fig. 4b). Deactivating

the second scale of perturbations in experiment SPPT2x tends to

weaken the impact of the stochastic scheme in general, while the

lack of the largescale perturbations in SPPT3x does not seem to

impact the change in mean precipitation significantly (Fig. 4 c,d)

during El Niño events.

The change in precipitation between the different SPPT

experiments and noSPPT experiment during La Niña events is

shown in Figure 5. Most of the change in precipitation during La

Niña events is confined to the West Pacific and Maritime continent

region unlike during El Niño events. The pattern is largely similar

to the change patterns for the 20-year mean precipitation as in

Figure 1, except in the central Pacific region where there is no

difference. There is reduced precipitation between 5 ◦N and 10

◦N and enhanced precipitation between 5 ◦N and the equator and

also along the South Pacific Convergence Zone. This is also due

to the convection over the West Pacific and Maritime continent

being anomalously amplified during La Niña events. Hence, the

stochastic perturbations can impact these regions more, due to

the increase in physical tendencies of temperature and moisture

during La Niña events. The central and East Pacific regions do not

see much change in precipitation due to stochastic physics as the

convection is suppressed in these regions.

We further investigate the change in ensemble standard

deviation for the DJF mean precipitation in the different

experiments. Figure 6 shows the composite change in standard

deviation for El Niño events. The ensemble spread for the SPPT

experiment increases in the central and east Pacific regions, with

no significant increase in the west Pacific region. This is expected

as the net convection in the Western Pacific region has reduced

and hence the impact of a multiplicative stochastic noise will

be weak here. Amplifying the first scale in the SPPT scheme

(SPPT1d experiment) amplifies the standard deviation in the same

spatial pattern over the Central and East Pacific regions as in

the SPPT experiment. Hence, the mesoscale perturbations to the

physics tendencies have an upscale effect to impact the ensemble

spread in seasonal mean precipitation for the El Niño and La Niña

events. During La Niña events, the ensemble standard deviation

amplifies over the West Pacific, and Maritime continent regions

with no significant change in ensemble spread in the central and

East Pacific, because the convection in the West Pacific region

is anomalously amplified while the convection over the central

and east equatorial Pacific regions are anomalously damped

during La Niña events. Hence, the stochastic perturbations in

the ensemble members can be expected to increase the variance

where the convection is seated (Fig. 7). Both the SPPT1d and

SPPT2x experiments do not show any significant change in

ensemble spread compared to the SPPT case, while switching

off the largescale perturbations, as in SPPT3x experiment, seems

to considerably decrease the spread in the West Pacific region

compared to the SPPT case. It was noted that the three scale SPPT

scheme excites a divergence in the ENSO SSTs in System 4, and

hence leads to a larger spread in the ENSO forecasts as compared

to the single scale SPPT scheme in System 3 (Molteni et al. 2011).

Weisheimer et al. (2014) also showed that the SPPT scheme in

System 4 leads to reduced Root Mean Square Error (RMSE) and

increased ensemble spread for ENSO forecasts, leading to a more

reliable ensemble forecasting system as compared to having to

model uncertainty representation. From our analysis, we see that

the first and the third scales of stochastic perturbations play a more

important role in modulating the precipitation and convection

behavior during El Niño and La Niña states. Next we describe

the changes to forecast skill of the MJO and variability in tropical

precipitation at intraseasonal timescales due to stochastic physics.

5. Stochastic perturbations and the MJO

We study the Madden-Julian Oscillation in the 20 year (1991-

2009) seasonal forecasts, both as a function of phase and as a

forecast skill dependency on the stochastic perturbations. Figure

8a shows the bivariate correlation coefficient of the first two

Principal Components of the multivariate EOF analysis for the

MJO over the 20 years of winter time forecasts. The bivariate

correlation coefficient is computed as defined in Gottschalck et al.

(2010) and presented in Section 2. The skill in MJO forecasts are

very comparable for the first week in all five experiments with

the reduction in correlation of 0.1. In week two, the deterministic

ensemble has the least skill and the forecasts made in the SPPT1d

case has higher correlation and increased skill compared to the

other experiments. As we move into week three and four, the
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skill of the experiments SPPT2x and SPPT3x drop below the

skill of SPPT1d and the noSPPT ensemble. This implies that

switching off the second and third scale in the SPPT scheme

adversely impacts the MJO forecast skill in the model for periods

beyond 2 weeks. The decorrelation timescales in the second and

third scale of SPPT are 3 days and 30 days and hence, it is

reasonable to assume that they impact atmospheric variability on

these timescales directly. Predictability at subseasonal-to-seasonal

timescales is a key challenge for the forecasting community

currently (Vitart 2014) and having a reliable forecasting system

for the MJO is one of the key aspects of this challenge.

Many previous studies (Majda and Stechmann 2009; Frenkel

et al. 2012; Kondrashov et al. 2013; Chen and Majda 2014)

have shown the importance of high frequency convective wave

activity in the maintenance and propagation of the MJO and

the use of stochastic parameterizations in MJO prediction skill.

Tropical convection has a rich multiscale dynamics with the

interaction of the different physical aspects such as radiation,

convection and boundary layer dynamics. The largescale waves

in the Tropics cannot be approximated as a linear combination of

the small scale waves they envelope. Recent results (summarized

in Zhang (2013); Majda and Stechmann (2012)) show that the

MJO is an envelope of smaller scale convective systems, including

mesoscale convective systems (MCS), tropical cyclones, and

synoptic scale waves with interactions between the synoptic scale

waves and their larger scale environment playing a key role in

the mechanisms to maintain the MJO. Hence, representing these

mesoscale and synoptic scale variability more accurately would

have an impact on the MJO in a model. We see that all three scales

in the SPPT scheme (mesoscale, synoptic scale and largescale)

have an impact on the MJO at different forecast lead times.

Figure 8b shows the Root Mean Square Error (RMSE,

continuous lines) and the ensemble spread (dashed lines) for the

same 20 years of winter time forecasts as mentioned above. The

RMSE for the first two principal components of the multivariate

EOF analysis is also computed as defined in Gottschalck et al.

(2010). The RMSE skill score for each experiment shows a

similar relative skill as does the bivariate correlation metric. All

experiments in week one have a similar skill, except that the

noSPPT ensemble has a lower spread than the other experiments

and hence is a less reliable ensemble. Yet, all experiments have

a lower ensemble spread than the RMSE at all lead times and

hence, are underdispersive and unreliable ensemble prediction

systems for the MJO. The deterministic forecasts (noSPPT) have

the least ensemble spread and the highest error in the week 2.

This implies that the deterministic ensemble is the least reliable

ensemble for forecasting the MJO in week 2. The SPPT1d

experiment has the least RMSE for all weeks except week 3,

while it also has the highest spread, implying that the ensemble

is more reliable than the other experiments. The experiments

SPPT2x and SPPT3x have the highest errors in week 3-4, though

their spread is still higher than that of the deterministic case and

is comparable to the SPPT1d and SPPT cases. This implies that

the second and third scales in the SPPT scheme impacts tropical

intraseasonal forecasts at time ranges of week 3-4 which is a

critical timerange for subseasonal-to-seasonal prediction (Vitart

and Robertson 2012) to bridge the gap between weather and

seasonal prediction. Synoptic scale and largescale errors, when

not represented by the stochastic physics can have nonlinear

detrimental impacts on longer term variability and predictability,

such as on the subseasonal timescale.

Figure 8c,d displays the evolution of the CRPSS of the RMM1

and RMM2 respectively over the first six weeks. Figure 8c shows

that there is a significant drop in probabilistic prediction skill in

week 4 for all the experiments. While all the experiments have

equivalent skill in the first week of the forecasts, the noSPPT

experiment has the least skill in week 2 and 3. Beyond week 3,

all experiments have similar skill in forecasting both the RMM1

and RMM2 within confidence intervals. Overall the SPPT1d

experiments has higher skill through the whole period, although

it is within the forecast uncertainty of other experiments (SPPT2x

and SPPT3x).

Next we look at how the composite precipitation patterns

change in different phases of the MJO for the different

experiments. Figure 9 shows a composite map of biases in total

daily mean precipitation anomalies for the noSPPT case compared

to observed precipitation anomalies in the Global Precipitation

Climatology Project (GPCP Adler et al. 2003), where the blue

shades indicate regions with positive precipitation anomalies in

the GPCP compared to noSPPT and shades of red indicate
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regions of suppressed convection and precipitation in GPCP

compared to noSPPT. Starting from phase 1 in the top panel,

we see a positive anomaly indicating increased precipitation and

convection in the noSPPT experiment compared to GPCP in

largescale convective region of the MJO propagate from the West

Indian Ocean region into the West Pacific and central Pacific over

the eight phases. The region of suppressed convection east of the

convective center of the MJO also shows reduced suppression or

increased precipitation in GPCP compared to noSPPT. This signal

then propagates along with precipitating region through the eight

phases.

We next show how these precipitation anomalies change for

the different sensitivity experiments of SPPT. Figure 10 shows

the composite maps of difference in daily mean precipitation

anomaly between the SPPT and noSPPT experiments during the

eight phases of the MJO. In the first two phases, when the

MJO convection is centered in the Western and Central Indian

Ocean, with the suppressed phase over the Maritime Continent-

West Pacific region, the SPPT scheme tends to suppress the

precipitation and convection over the West Pacific even further.

Kim et al. (2013); Ling et al. (2013) show that for a propagating

MJO event, the suppression over the Maritime continent and West

Pacific region is critical compared to non-propagating largescale

convective events over the Indian Ocean. Hence, this implies

that with enhanced suppression over the West Pacific region for

the SPPT experiment, it would tend to propagate these MJO

events more actively. The SPPT experiment also has reduced

precipitation over the Indian Ocean region in these phases and

hence, is more consistent with observations. This then indicates

that the noSPPT experiment bias is reduced, albeit only by 50%

or less.Weisheimer et al. (2014) showed from statistical analysis

that there were more MJO events when stochastic physics was

active in the model. In our results, the first two phases of the MJO

show enhanced suppression in the West Pacific with stochastic

perturbations, which is consistent with increased MJO events

for stochastically forced seasonal forecasts (Weisheimer et al.

2014) and is supported by the results of Kim et al. (2013). In

the other phases, when the MJO is propagating, the maps show

that the MJO in the SPPT case has increased precipitation in the

suppressed phases and reduced precipitation in the active phases

of the MJO in Maritime Continent and West Pacific regions. These

anomalous differences propagate along with the MJO and are

consistent with reducing the noSPPT bias compared to GPCP

observed anomalies.

Studying the other SPPT experiments, Figure 11 shows the

composite maps of difference in daily mean precipitation anomaly

between the SPPT1d and noSPPT experiments during the eight

phases of the MJO. The change in precipitation anomaly for the

SPPT1d experiment also shows a similar pattern as the SPPT

case. The biases in the SPPT2x and SPPT3x experiment compared

to noSPPT are similar to the SPPT1d case (not shown). The

SPPT3x experiment shows that in phases 4 to 8, the precipitation

in the suppressed phase of the MJO is enhanced compared to

the other three SPPT sensitivity experiments indicating that the

third (long-term) stochastic perturbation pattern has an impact

on the subseasonal scale, which when removed deteriorates the

model MJO fidelity . Thus overall, all three SPPT scales of

perturbations have a nonnegligible positive impact on the MJO

composite precipitation and also on the forecast skill of the MJO.

6. Discussion and Conclusions

The impact of different configurations of the stochastic

parameterization scheme in the atmospheric model of ECMWF’s

coupled seasonal forecast System 4 was assessed. We used re-

forecasts from 1st November start dates over a 20 year period

(1991-2009) for this study and examined how the different scales

of perturbations in the SPPT scheme affected the mean state and

variability of the precipitation. The SPPT scheme used in this

study is also used in ECMWF’s medium-range ensemble weather

forecasts to perturb the total tendencies of all diabatic physical

processes parameterized in the model. Results of sensitivity

experiments of SPPT scales in terms of changes in systematic

errors, changes in bias in interannual and intraseasonal variability

and also spread-skill ratio and correlation for MJO forecasts were

shown over the Tropical region.

It was found that forecast system with no stochastic

perturbations has excessive precipitation bias in the Maritime

Continent, West Pacific and ITCZ regions over the Tropics. The

stochastic perturbations to the tendencies reduce this excessive

convection bias in these areas, leading to an improved mean
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state of precipitation in the model. We show with a simple

stochastic model on an idealized time series that a jump-

diffusion process can reduce the mean of the distribution due

to its asymmetric forcing. This reduction in convection over the

Maritime continent also leads to reduced upward mass flux in the

region weakening the Walker circulation. This has consequences

on the Walker circulation and the meridional circulation. The

position of the ITCZ was also shifted southward in the northern

hemisphere with stochastic perturbations. Amplifying the first

scale of perturbations tends to reduce the bias in precipitation

even further over the ITCZ region. Yet, deactivating the second

or the third scale in SPPT did not seem to impact the reduction

in mean bias of precipitation significantly. This implies that the

small/fast scale perturbations in SPPT tend to impact the mean

precipitation the most. In terms of ensemble spread in the mean

precipitation, switching off the third scale reduced the area of

enhanced ensemble spread compared to the SPPT experiment.

Along with systematic bias reduction in the tropical

precipitation, it was found that the stochastic perturbations tend

to increase precipitation in the Central and East Pacific region

during El Niño events and increase precipitation in the West

Pacific region during La Niña events. Such change in convective

activity in phase with the ENSO anomalous convection could

lead to enhanced SST-atmospheric winds-convection feedback

(Bjerknes 1969) and further impact the ENSO event’s evolution.

Analysis of the sensitivity experiments showed that deactivating

the second scale in the SPPT scheme tends to weaken the bias

reduction in precipitation. Although the third scale (largescale)

perturbations do not have much impact on the ENSO composite

mean precipitation, they do have an impact on the ensemble spread

for an ENSO event and switching them off decreases the ensemble

spread significantly. The ensemble standard deviation during

ENSO events is correspondingly increased for all experiments

in regions centered around the convective centers of the ENSO

events.

Previous studies (such as Jin et al. (2007); Zavala-Garay et al.

(2008); Perez et al. (2005)) show that probability of an El Niño

event is modified by high frequency convective wave activity

in the Tropics and that, in turn, the convective wave activities

are regulated by ENSO activity. They further show that simple

additive stochastic forcing would not capture such nonlinear scale

interactions sufficiently and having multiplicative noise terms in

the system equations helps reproduce the observations better.

The results presented here are consistent with previous studies

performed with the ECMWF seasonal forecast system (Reyes

et al. 2009; Weisheimer et al. 2014, 2011).

Another significant mode of climate variability in the Tropics

is the MJO and it has been a long standing challenge to

model and predict the MJO accurately (Zhang et al. 2013). The

ECMWF forecast system, being one of the best models in the

world currently for MJO forecasts (Klingaman et al. 2015), still

underestimates the frequency and amplitude of the daily MJO

events as well as the forecast skill-spread ratio. Here, we have

shown that amongst the different configurations of the SPPT

scheme, amplifying the first scale (mesoscale) perturbation in

SPPT improves the MJO skill scores while, deactivating the

second and third scales adversely affect the MJO skill score on

lead times beyond two weeks.

Composite maps of precipitation during the different phases of

the MJO show that the stochastic perturbations tend to enhance the

suppressed phase of the MJO in the first two phases, as the MJO

initiates and begins to propagate across the Indian Ocean. Once

the MJO is active, the stochastic perturbations tend to dampen

the precipitation anomalies during active phases and enhance the

precipitation anomaly in the suppressed phases.

We have further analysed other re-forecast runs in a similar

setup and find similar results for the impact of SPPT scheme

in the ECMWF IFS model. Yet, one drawback of this study

is that the re-forecast period of 20 years and 15 ensemble

members used in this study may not be sufficient to obtain

statistically significant results, especially for the interannual

variability analysis. In summary, based on the the conclusions

from the different SPPT1d, SPPT2x and SPPT3x experiments

discussed here for the precipitation variability over the Tropical

Pacific region, the rectification of the model mean state and

improvement in the model variability is certainly obtained by the

stochastic perturbations. We separate the impacts of the small

scale from the large scale stochastic perturbation patterns, yet

show that all three scales are important for error reduction in the

mean and variability of the Tropical climate.
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Figure 1. Total daily mean precipitation difference in the Tropics (mm per day) for the months December-January-February. (a) SPPT - noSPPT, (b) SPPT1d - noSPPT,
(c) SPPT2x - noSPPT (d) SPPT3x - noSPPT. Regions of no significant differences at the 95% confidence level based on a two-sided t-test are hatched.

Figure 2. (a) Probability Density Function of precipitation (m) in the West Pacific region (100 ◦E - 125 ◦E, 1 ◦S - 1 ◦N) for the noSPPT run (black line) and SPPT run
(red line). The difference of the two histograms is plotted in the subpanels below in grey. (b) Probability Density Function of a Gamma distributed random variable (black)
and the same convolved with the jump-diffusion process (black). The difference of the two histograms is plotted in grey in the subpanels below. The y-axis for the bottom
sub-panels are scaled to highlight the magnitude of the differences in the extremes.

Figure 3. Difference in standard deviation in daily mean precipitation in the Tropics (mm per day) for the months December-January-February. (a) SPPT - noSPPT, (b)
SPPT1d - noSPPT, (c) SPPT2x - noSPPT (d) SPPT3x - noSPPT. Regions of no significant differences at the 95% confidence level based on a two-sided t-test are hatched.
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Figure 4. Composite map of total daily mean precipitation difference in the Tropics during El Niño events over the period 1991-2009 for (a) SPPT - noSPPT (b) SPPT1d
- noSPPT (c) SPPT2x - noSPPT (d) SPPT3x - noSPPT. Regions of no significant differences at the 95% confidence level based on a two-sided t-test are hatched.

Figure 5. Composite map of total daily mean precipitation difference in the Tropics during La Niña events over the period 1991-2009 for (a) SPPT - noSPPT (b) SPPT1d
- noSPPT (c) SPPT2x - noSPPT (d) SPPT3x - noSPPT. Regions of no significant differences at the 95% confidence level based on a two-sided t-test are hatched.

Figure 6. Composite map of difference in ensemble standard deviation of total daily mean precipitation in the Tropics during El Niño events over the period 1991-2009
for (a) SPPT - noSPPT (b) SPPT1d - noSPPT (c) SPPT2x - noSPPT (d) SPPT3x - noSPPT. Regions of no significant differences at the 95% confidence level based on a
two-sided t-test are hatched.
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Figure 7. Composite map of difference in ensemble standard deviation of total daily mean precipitation in the Tropics during La Niña events over the period 1991-2009
for (a) SPPT - noSPPT (b) SPPT1d - noSPPT (c) SPPT2x - noSPPT (d) SPPT3x - noSPPT. Regions of no significant differences at the 95% confidence level based on a
two-sided t-test are hatched.

Figure 8. (a) Bi-variate correlations with lead time of hindcast and observed RMM1 and RMM2, for the different SPPT sensitivity experiments. The horizontal line
represents a correlation skill of 0.5. The shaded regions represent the 95% confidence interval computed using a 10,000 bootstrap re-sampling procedure, (b) Root Mean
Square error (continuous lines) and ensemble spread (dashed lines) with lead time of hindcast and observed RMM1 and RMM2, for the different sensitivity experiments.
The shaded region represent the 95% confidence interval computed using a 10,000 bootstrap re-sampling procedure. The ranked probability skill scores of the ensemble
mean (c) RMM1 and (d) RMM2 computed for the different experiments. The shaded region represents the confidence intervals using a bootstrap re-sampling technique.

c© 0000 Royal Meteorological Society Prepared using qjrms4.cls



Stochastic Physics and Tropical Precipitation 19

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

−2

0

2

Precip. Anomaly (mm) : GPCP − noSPPT

 

 

0 50 100 150 200 250 300 350

−10

0

10

Figure 9. Composite maps of precipitation anomaly difference between the noSPPT experiment and the GPCP observed precipitation anomaly during the 8 phases of
the MJO. Composites are built for the MJO events in 15 ensembles for 20 years when the MJO amplitude is greater than 1 in the corresponding phases for each of the
experiments. Regions of significant differences at the 95% confidence level based on a two-sided t-test are not hatched.
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Figure 10. Composite maps of precipitation anomaly difference between the SPPT and noSPPT experiments during the 8 phases of the MJO. Composites are built for the
MJO events in 15 ensembles for 20 years when the MJO amplitude is greater than 1 in the corresponding phases. Regions of significant differences at the 95% confidence
level based on a two-sided t-test are not hatched.

c© 0000 Royal Meteorological Society Prepared using qjrms4.cls



Stochastic Physics and Tropical Precipitation 21

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

0 50 100 150 200 250 300 350

−10

0

10

−1

0

1

Precip. Anomaly (mm) − SPPT1d−noSPPT

 

 

0 50 100 150 200 250 300 350

−10

0

10

Figure 11. Composite maps of precipitation anomaly difference between the SPPT1d and noSPPT experiments during the 8 phases of the MJO. Composites are built
for the MJO events in 15 ensembles for 20 years when the MJO amplitude is greater than 1 in the corresponding phases. Regions of significant differences at the 95%
confidence level based on a two-sided t-test are not hatched.
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