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Abstract This review provides a summary of work in the area of ensemble forecasts for weather, climate,
oceans, and hurricanes. This includes a combination of multiple forecast model results that does not dwell on
the ensemble mean but uses a unique collective bias reduction procedure. A theoretical framework for this
procedure is provided, utilizing a suite of models that is constructed from the well-known Lorenz low-order
nonlinear system. A tutorial that includes a walk-through table and illustrates the inner workings of the
multimodel superensemble’s principle is provided. Systematic errors in a single deterministic model arise
from a host of features that range from the model’s initial state (data assimilation), resolution, representation
of physics, dynamics, and ocean processes, local aspects of orography, water bodies, and details of the land
surface. Models, in their diversity of representation of such features, end up leaving unique signatures of
systematic errors. The multimodel superensemble utilizes as many as 10 million weights to take into account
the bias errors arising from these diverse features of multimodels. The design of a single deterministic
forecast models that utilizes multiple features from the use of the large volume of weights is provided here.
This has led to a better understanding of the error growths and the collective bias reductions for several of
the physical parameterizations within diverse models, such as cumulus convection, planetary boundary layer
physics, and radiative transfer. A number of examples for weather, seasonal climate, hurricanes and sub
surface oceanic forecast skills of member models, the ensemble mean, and the superensemble are provided.

1. Introduction

The overarching science question is as follows: Can one improve upon singlemodel-based deterministic fore-
casts by a clever combination of forecasts from multimodels that could reduce the collective model bias
errors that arise from a host of areas, i.e., initial states, resolution, physics, and dynamics? Toward that objec-
tive this review illustrates ways of combining multimodels for weather, climate, and hurricane forecasts
toward improving skills of forecasts, using weighted sums of a host of physical processes such as cumulus
parameterization, planetary boundary layer physics, and radiative transfer. These weighted designs collec-
tively reduce forecast errors and provide an improved unified model.

A suite of models, each of which carry somewhat different representation of the above processes, can be
combined to reduce the collective local biases in space, time, and for different variables from the different
models. That is the theme of the multimodel superensemble. The multimodel superensemble (which is not
an ensemble mean) utilizes as many as ten million weights toward the reduction of such systematic errors.
This figure of 10 million comes from the products of the three-dimensional grid points, the number of depen-
dent variables, the number of models, and the number of forecast intervals in time.

The notion of the multimodel superensemble was first described in Krishnamurti et al. [1999]. This utilizes a
training and a forecast phase. The training phase learns from the recent past performances of models and
is used to determine statistical weights from a least square minimization via a simple multiple regression.
That regression is carried out with respect to analyzed (assimilated) values. Given a number of grid locations,
base variables, forecast intervals, and a suite of models, the number of statistical weights can be as high as
107. That many coefficients are needed because of different responses to physical parameterizations of local
features such as water bodies, local mountain features, and land surface details within diverse member
models. These details contribute to systematic errors in forecasts. The high skill of the superensemble comes
from a domain average of the point by point RMS errors that it is minimizing. Hagedorn [2012] mentioned
that on the predictability of European and Atlantic regions, from days to years, that applying different
weights to different models shows only a marginal improvement. That approach of Hagedorn is certainly
somewhat better than that of assigning a uniform weight (=1/N, where N is the total number of models) to
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all models as is done for the conventional ensemble mean. A single weight based on the past performance of
a model is, however, vastly different from themultimodel superensemble that utilizes as many as 107 weights
to view the local and temporal biases for each of the dependent variables of the individual diverse models. A
disadvantage of the ensemble mean is that models with poor skills carry the same weight as the model with
the highest skill. A next-in-line approach is the so-called bias-removed ensemble mean. That also suffers from
the assumption that the poorest model, after a removal of bias, could be equated to the best model. After
bias correction 1/N is the one single weight that is used everywhere and always. In that sense the multimodel
superensemble is far more selective from its assignment of weights.

In the design of the multimodel superensemble a distinction is made for weather, seasonal climate, and hur-
ricanes. The foundation of this method is portrayed within the well-known Lorenz [1963] three component
system. This review includes a summary of work that has been carried out in the areas of numerical weather
prediction, seasonal climate forecasts, and hurricane forecasts. In this context it is possible to assess the per-
formance of various physical parameterization schemes from a special design of multimodel superensemble.
In a review on the practical aspects of ensemble modeling the World Meteorological Organization has issued
a technical report [World Meteorological Organization, 2012] that addresses various methods. Those include
the ensemble mean, which is quite straightforward. They also allude to the usefulness of clustering techni-
ques where an ensemble of forecasts exhibits a clustering in a phase space while disregarding the outliers.
More than one cluster is also possible in an ensemble of such forecasts. The limitation of this method is that
the ensemble is based on perturbed initial states from one single parent model and is not broad enough to
recognize the possibility of clusters from other models that may lie elsewhere in a phase space. That is often
the case. Themultimodel superensemble is better suited to handle such diverse clusters. This review includes
designs for cumulus parameterization, planetary boundary layer physics, and cloud radiative transfer. This
review also mentions results for numerical forecasts for the subsurface oceans, wheremultimodels have been
used. The relative performances of single model-based ensembles are also compared with multimodel based
ensembles in this review. Detailed references to the above contributions are provided within each section.
We have also included a walk-through example for the reader to illustrate the inner workings of the training
and the forecast phases of a superensemble.

This review on ensemble forecasts for atmosphere and oceans is intended for an interdisciplinary readership.
The methodology is applicable beyond those areas for problems that invoke multiple models for addressing
topics such as hydrological river and groundwater flows, risk prediction, weather derivative modeling, power,
and natural gas demand (as is being used by private companies currently) and even for predicting incidence
of airborne diseases (such as malaria). For the latter empirical relationships among precipitation and malaria
incidence are used to directly prepare superensemble forecasts for malaria incidence (rather than rainfall).

Forecasting for the ocean using the method of the multimodel superensemble has been addressed by
numerous authors. Kantha et al. [2008] used this method for regional ocean forecasts. They noted that a
single good model, within the suite of models, helps the multimodel superensemble forecasts to perform
better than all models and provide useful information. Lenartz et al. [2010a, 2010b] applied this method for
ocean wave forecasting and noted some improvements from the use of a suite of models. Some of the other
methods of combining the forecasts were suggested in meteorology and relevant fields [Bates and Granger,
1969; Breiman, 1996; Houtekamer et al., 1996; Armstrong, 2001; Terui and Van Dijk, 2002]. The usefulness of the
multimodel superensemble approach for regional ocean models has also been addressed. Real-time applica-
tions of this method have reached several operational weather centers. All the key words and methods used
in this paper are explained in the glossary.

2. Superensemble Methodology

Themethod for the construction of themultimodel superensemble is sketched in Figure 1, which outlines the
procedure for the training and the forecast phases and indicates how the statistical weights of the training
phase are transferred to the forecast phase. This is based on a least squares minimization of the collective
systematic errors of a suite of models. If a model contribute to persistent systematic errors this algorithm is
designed to recognize and correct for such errors in the forecast phase. The time-varying weights recognize
models that make large systematic errors in the initial phase of forecasts and models that make large sys-
tematic errors at increasing times of forecasts. The time dependence of the weights is important for the
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overall improvement of superensemble forecasts. In hurricanes, especially for the intensity forecasts, the
removal of outliers is a necessary component; this helps reduce random errors that can arise from observa-
tional errors and their interactions with the physics/microphysics of the model. Such random error growths
do lead to erratic behavior of forecasts from one forecast time to another. It is possible to reduce the growth
of such errors by combining the outlier removal with the multimodel superensemble by invoking an outlier
removal algorithm. An example of such an algorithm is presented in Appendix A.

2.1. Multimodel Superensemble Technique

The notion of the multimodel superensemble for weather and seasonal forecasts was first proposed by
Krishnamurti et al. [1999]. The training entails determining statistical weights for each grid location in the
horizontal, at all vertical levels, for all variables, for each day of forecasts, and for each of the member models.

In equation (1) “G” denotes the error term (mean square of the error) that is used to obtain the weights; Ntrain

is the length of the training period and Si and Oi are the superensemble and the observed values, respec-
tively, at training time t.

G ¼
XNtrain

t¼1

St � Otð Þ2 (1)

The weights, wi(i= 1, 2, 3….Nmdl), where Nmdl models, are used to build the superensemble forecasts during
the forecast phase using equation (2),

S ¼ Oþ
XNmdl

i¼1

wi Fi � Fi
� �

(2)

where S is the superensemble prediction, Ō is the observed time mean (climatology), wi are the weights for
the individual models i, Fi and Fi are the forecast and forecast mean for a model i for training period, and Nmdl

is the number of models. The weights calculated in the training phase vary in sign from negative to positive
depending on the model’s spatial and temporal correlations.

The weights thus vary geographically, taking into account regional variations and biases of each model. The
weights used here make the superensemble an exceptional forecasting tool compared to the other usual
ensemble tools [Stefanova and Krishnamurti, 2002; Krishnamurti and Kumar, 2012; Kumar and Krishnamurti,
2012]. The equation presented above describes the conventional superensemble technique.

For climate forecasts, a slightly modified superensemble method is constructed, which is called the synthetic
superensemble [Yun et al., 2003; Krishnamurti and Kumar, 2012; Kumar and Krishnamurti, 2012]. In this method
an expansion of the forecast and observation fields is done in time using principal components (PC) and for

Figure 1. Schematic sketch of the conventional superensemble showing the training and forecast phases [Krishnamurti
et al., 2009].
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space the empirical orthogonal functions (EOF) based on observed/ analysis are used. The spatial structure
during the training and the forecast phases borrows from the analysis (so-called observed) fields. As many
as 62 PCs for each are used.

The observational data set is written in terms of PC and EOF:

O x; tð Þ ¼
XM
i¼1

Pk tð Þ:Φk xð Þ (3)

where Pk(t) stands for PC time series; Φk(t) stands for EOF component of the kth mode, which is a function of
space; and M is the number of models. M is selected in such a way that EOF’s explain 99% of the variance in
the actual data set.

Following the same procedure the model data sets are also written in terms of PC and EOFs,

Fi x; tð Þ ¼
XM
i¼1

Fi;k tð Þ:Φi;k xð Þ; (4)

where i denotes the ith model Fi,k(t) and Φi,k(x) are the PC time series and the spatial EOF for the kth model.

The weights for a model are calculated by regressing the PC time series of the models against the corre-
sponding observed counterparts. Here the kth mode of the PC time series is the linear combination of the
kth mode of the PC time series of the member models:

Pk tð Þ ¼
XN
i¼1

αi;kFi;k tð Þ þ εi;k (5)

where i denotes for ith member in the ensemble, αi,k is the weight of the i
th model for mode k, and αi,k is the

error term. The weights (αi,k) are estimated using multiple linear regression that minimizes the variance of the
error term E(αi,k).

After the weights are computed, the regression modified PC time series of the kth mode for the ith model can
be defined as

Fregi;k tð Þ ¼ αi;kFi;k tð Þ (6)

Combining the observed spatial structure EOF, the synthetic data for the ith member model is defined as

Fregi;k tð Þ ¼
XM

k¼1

Fregi;k tð Þ:Φk xð Þ (7)

whereΦk(x) are the EOF components from the observation. Once the synthetic data Fregi x; tð Þ� �
are generated

for every model of the ensemble, these are next passed to the conventional superensemble input to
construct, what is called, the synthetic superensemble.

3. Theoretical Basis for the Superensemble

A theoretical basis for the multimodel superensemble, based on Lorenz’s [1963] low-order three-component
system was presented by Krishnamurti et al. [2000]. That three component Lorenz system was perturbed
(using Monte Carlo based random perturbations) to generate a suite of multimodels. That system of equa-
tions, for the single (wave) component, is a spectral transformed set that carries three nonlinear coupled
ordinary differential equations for the three unknowns X, Y, and Z; those are the spectral amplitudes which
are functions of time only:

_X ¼�σX þ σY þ f cosθ (8)

_Y ¼ �XZ þ rX � Y þ f sinθ (9)

_Z ¼�XY � bZ (10)

Here σ and r are regarded as source terms, r denotes a heating term, and b is an inverse length scale. In addi-
tion, this system includes forcing terms f cosθ and f sinθ where r, b, σ, and θ are the parameters that are per-
turbed to generate eleven multimodels. The value of f was fixed at 2.5 following Lorenz [1963]. A simple
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Runge Kutta method is used to
solve this system in time. The initial
values for X and Zwere set to 0 and
that of Y was set to 10. Table 1
describes a range for the para-
meters of this problem. The nature
run is a central experiment which is

called the truth, or observations, and the forecasts from the 10 models provide the suite of model forecasts.
Those forecasts are regressed against the nature run to derive weights during a training phase and then to
construct the superensemble forecasts. Here the goal was to see how close the superensemble would mimic
the nature run. This simple experiment proved the huge power of the multimodel supensemble.

Figure 2 shows the vertical bars of the root mean square errors (with respect to the truth, i.e., the nature run)
for the three spectral amplitudes X, Y, and Z for the 10 models during the forecast phase of the superensem-
ble. The results from the ensemble mean and the superensemble are also shown in the last two vertical bars
(to the right). These are based on nearly 100 forecast experiments from each model. What stands out are the
following results: (i) The member model’s errors lie in the range of 4 to 10. (ii) The root mean square errors of
the ensemblemean are somewhere within the envelope of errors of the member models, and are around 5.0.
(iii) The errors of the multimodel superensemble are vanishingly small.

This is what the application for a Lorenz model shows. Some similar improvements in our real data applica-
tions of the multimodel superensemble for weather, seasonal climate, and hurricane forecasts were noted.
That was the motivation for this review.

4. A Walk-Through Tutorial on the Superensemble

In this section a walk-through example for a hurricane track forecast is presented that illustrates the power of
the multimodel superensemble. Basically, the procedure entails the steps outlined in the previous section,
which carries a training and a forecast phase. One example of a forecast of hurricane track using the

Figure 2. RMS error for the X, Y, Z component andmean during control period for themodels, EM and the SE forecast [From
the thesis of Bhardwaj, 2015].

Table 1. Parameters Used in Lorenz Model

Nature Run Multimodel Range of Values

R 24.74 22.24–27.74
B 24.74 8.35–18.35
Θ 45° 42.5–47.5
Σ 50.0 37.5–62.5
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multimodel superensemble is provided for this walk-through in Table 2. This illustrates the method by
using four models; the data are from Hurricane Lenny of November 1999. This table shows how the superen-
semble works for four forecast models. This is more likely a one-dimensional superensemble, where the
latitudinal and longitudinal positions of a hurricane’s forecast at specified forecast hours (e.g., 6 h s) from
the model and from past model forecasts as well as the observed positions are provided for the training

Table 2. Walk-Through Forecast of Hurricane Lenny From the Superensemble (72 h Multimodel Superensemble Forecast of Hurricane Lenny, Valid 19991118112)

Latitude Position

Model
Coefficient

wi

Normalized Difference
of Forecast Increment F ′i � F ′ i

� �
wi F ′i � F ′ i
� � O

′ þ
XNmdl

i¼1

wi Fi � Fi
� � Forecast Position

(60 h Pos + Increment)
Forecast Error
(latitude)

1 �0.460971 �0.372857 0.171876 1.022222–0.340774= 23.3 5.5
2 0.092239 �0.210714 �0.01944 0.681448 20.5 2.7
3 0.551240 �0.1 �0.05512 16.4 �1.4
4 0.578033 �0.757895 �0.43809 18.7 0.9

XNmdl

i¼1

wi Fi � Fi
� � �0.340774 17.8

OBS 60 h position = 17.7 17.8
SUP 60 h forecast = 17.62 18.3 0.5
ENS 19.2 1.4

Longitude Position

Model Coefficient wi

Normalized Difference of
Forecast Increment F ′i � F ′ i

� � wi F ′i � F ′ i
� �

O
′ þ

XNmdl

i¼1

wi Fi � Fi
� � Forecast Position

(60 h Pos + Increment) Error (longitude)

1 0.046219 �1.707143 �0.0789 �0.7-2.24686= 77.5 13.9
2 1.069466 �2.0207143 �2.16796 �2.94686 71.7 8.1

XNmdl

i¼1

wi Fi � Fi
� � �2.24686

OBS 60 h position = 64.1 63.6
SUP 60 h forecast = 64.02 61.07 �2.53
ENS 68.65 5.05

Figure 3. The horizontal bar denotes the percentage of forecast error reduction by one of the observing platforms used in
the data assimilation at ECMWF. The error contribution of each observing systemwas separately evaluated. The inset figure
at the top right shows the percentage of accepted data sets [www.ecmwf.int].
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phase. The weights thus derived are utilized in the forecast phase. This table utilizes the following equation
(2) from before:

S ¼ Oþ
XNmdl

i¼1

wi Fi � Fi
� �

where S is the superensemble prediction, Ō is the observed time mean (climatology), wi are the weights for
the individual models i, Fi and Fi are the forecast and forecast mean for a model i for training period, and Nmdl

is the number of models.

The table shows the construction of the superensemble for the latitudinal position (upper half of table) and
the longitudinal position (lower half of the table) for the hurricane forecast at hour 60 from these four models.
To the right of the four models are entries for the superensemble weights. Those weights, as in any statistics
problem, can be positive, negative, and fractional. This is followed by values of the different terms of the
above superensemble equation. The last two columns carry the latitudinal and the longitudinal forecast
positions and the respective forecast errors. The observed, superensemble, and the ensemble mean of the
forecasts are entered in the last three rows of the upper and lower parts of the table for the latitudinal and
longitudinal positions. These are bias uncorrected followed by the bias corrected values. This four model-
based exercise already shows that the results on hurricane track forecasts from the multimodel superensem-
ble are much superior to those provided by the ensemblemean. The simple ensemble mean assigns a weight
1/4 to each of the four models for all forecast hours always and does not have the flexibility to remove locally
and temporally varying model biases. This storm was one of those that had been predicted in real time.
During that real-time forecast it was noted that all member model carried a left track bias. The ensemble

Table 3. Acronym for Model’s Name and Its Affiliation With an Institutea

Acronyms for Model’s Name

ANR FSU Coupled model with Arakawa-Schubert convection and New Radiation (band model)
AVN NCEP Aviation Model
BMRC Bureau of Meteorology Research Center, Australia (also POAMA1)
CERF European CEnter for Research and Advanced Training in Scientific Computation, France (CERFACS)
ECMWF The European Centre for Medium-Range Weather Forecasts, UK
ECS NRL-NOGAPS Emanuel Scheme
FOC First-Order Closure Scheme
FSU/KUO FSU Modified Kuo Scheme
GFDL/GFD Geophysical Fluid Dynamics Laboratory, USA
H&B Hostlang and Boville Scheme
H&P Hong and Pan Scheme
INGV Istituto Nazionale de Geofisica e Vulcanologia, Italy
JMA Japan Meteorological Agency
KNR FSU Coupled model with Kuo convection and New Radiation (band model)
KOR FSU Coupled model with Kuo convection and Old Radiation (emissivity-absorptivity model)
LBL Local Boundary Layer Scheme
LODY Laboratoire d’Océanographie DYnamique et de Climatologie, France
MAXP MAX-Planck Institut für Meteorologie, Germany
METF Centre National de Recherches METéorologiques, Météo-France, France
NCEP National Centers for Environmental Prediction, USA
NGP Navy NOGAPS Model
NHC National Hurricane Center
RAS1 GSFC Relaxed Arakawa–Schubert Scheme
RAS2 NRL-NOGAPS Relaxed Arakawa–Schubert Scheme
SAS NCEP Simplified Arakawa–Schubert Scheme
SINT Scale INTeraction Experiment-FRCGC
SNU Seoul National University, South Korea
TKE Turbulent Kinetic Energy Closure Scheme
UH University of Hawaii, USA
UKM UK Met Office Model
UKMO/UKM UK Met Office
ZM NCAR Zhang–McFarlane Scheme

aUnderlined letters are picked up for the short name of the particular model used in this study. Additional acronyms
used in this study are also included.
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mean track forecast also resided to the left of
the observed track, i.e., in the middle of the
member model’s forecasts. The superensemble
by removing the persistent bias errors, of these
models, is able to provide a track well outside
the envelope of forecast tracks. This is a unique
aspect of the superensemble.

5. Numerical Weather Prediction

Over the last four decades slow improvements
in various areas of satellite data sets, data
assimilation, model physics, microphysics, land
surface physics, resolution, computing, and
ensemble modeling have contributed to major
improvements in weather prediction [Derber
and Wu, 1998; Rabier et al., 2000; Leutbecher,
2003; Harper et al., 2007; Kazumori et al., 2008;
Krishnamurti et al., 1999].

Figure 3 from the European Centre for Medium-
Range Weather Forecasts (ECMWF) speaks for
the contribution to these improvements from
satellite observations [Cardinali, 2009]. This
relates to contributions to improved forecasts
from various observing systems. A list of acro-
nyms is provided in Table 3. Over recent years
the 500 hPa forecast skills of numerical weather
prediction (NWP) have steadily increased.
Satellite data assimilation has become a major
contributor to these forecast improvements;
the Atmospheric Infrared Sounder satellite
soundings have contributed the most for
improvements. Model improvement in resolu-
tion, computing, data assimilation, and physical
processes is a necessary element. Models chip
away at improvements that have led to small
steady improvements in these areas at the pre-

sent time. Steady improvements have been made for the anomaly correlation skills of the Southern
Hemisphere, between 20°S to the South Pole; those skills have currently reached the skills of the Northern
Hemisphere between 20°N and the North Pole. The vast oceanic regions of the Southern Hemisphere now
carry information from a vast array of satellites. Concurrent with those advances, ensemble modeling has also
shown improvements from the post processing of model outputs [Nachiketa et al., 2013]. Most operational
modeling groups have been working with single models and single-model-based ensembles.

An important and unique feature of the superensemble forecast is that it can be an outlier (with respect to
each of the member model forecasts) and match closely the observations. Such an example of a forecast
[Krishnamurti and Sanjay, 2003] is illustrated in Figure 4. Here the heavy rains from the arrival of a hurricane,
Allison of 2001, over the Gulf of Mexico coast of Louisiana for a day 4 forecast are shown for the observed rain,
the multimodel superensemble, and the best model. In this instance, all member models underestimated the
rain. The persistence of systematic errors by the member models was exploited by the superensemble, and it
was able to correct the amplitude of the rain. Such reduction of systematic errors is a typical feature of the
multimodel superensemble for its forecasts.

Themultimodel superensemble has been used for medium range forecasts globally for variables such as winds,
temperature, humidity, and precipitation [Cane and Milelli, 2005, 2010; Rixen et al., 2009; Lenartz et al., 2010a,

Figure 4. An example of heavy rain forecast during a flood event
covering the passage of hurricane Allison during June 2001.
These include the 4 day observations (satellite-based estimates),
those from the superensemble forecasts and those from the use
of the best model. Units: 4 day totals in millimeter [Krishnamurti
and Sanjay, 2003].
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2010b]. In an early exercise, Krishnamurti et al. [2000] examined the skills of the 850hPa level winds from a suite
of model forecasts. In total, sevenmodels, eachmaking 92 forecasts with a start time at 12:00 UTC, for each day,
were used. This carried a training phase covering a period of only 61 days during June and July, and 31 3day
“forecasts” were prepared during the entire month of August 1998. Figure 5 illustrates the RMS scores for the
vector wind at the 850hPa level. These were most encouraging early results on the relative performance of
the multimodel superensemble in showing the best performance.

Somemajor improvements in NWP superensemble came from bringing in a downscaling component for this
type of ensemble building. Downscaling is being recognized as an important addition to the single model
forecasts to address somewhat higher resolution than that of individual models. Both dynamical and statis-
tical downscaling procedures have come into the literature in recent years; several papers address downscal-
ing for weather and climate [Molteni et al., 1996; Buizza et al., 1998, 2003; Ziehmann, 2000; Wilby et al., 2000;
Kenneth et al., 2002; Hay and Clarkb, 2003; Mastura, 2004; Robertson et al., 2004; Raftery et al., 2005; Matsura
and VijayaKumar, 2009; Cane and Milelli, 2010; Zhongfeng and Yang, 2012; Racherla et al., 2012; Lauer et al.,
2013; Sato and Xue, 2013; Corney et al., 2013; Yoshimura and Kanamitsu, 2013; Hong and Kanamitsu, 2014;
Kang et al., 2014]. It has been shown that ensemble forecasts from a statistically downscaled suite of models
carry useful information for variables such as precipitation [Krishnamurti et al., 2009]. In this study a simple
downscaling algorithm, see Appendix B, was used to downscale the precipitation forecasts for the training
phase of the multimodel superensemble.

A comprehensive study on the downscaled multimodel superensemble forecasts of Indian summer
monsoon rainfall was presented in Krishnamurti et al. [2009]. This study utilized forecasts from five diverse
models. The Asian Precipitation – Highly Resolved Observational Data Integration Towards Evaluation
observed rainfall estimates [Yatagai et al., 2009, 2014]; rainfall observations were used for the training,
downscaling, and model validation for precipitation forecasts. The final construction of the multimodel
superensemble was carried out at a horizontal resolution of 25 km. The starting point of this study was
the demonstration that downscaling alone improves the forecasts of each and every member model.
These results, for a few models, during the 30 days of September 2007 are illustrated in Figure 6. These
show the equitable threat scores for days 1 through 5 of forecasts. These improvements were even noted
for heavy rain rates in excess of 20mm/d. This illustration also includes results where the downscaling was
not invoked. A comparison of these two results shows consistent improvements for each model’s result
from the downscaling. With those results, as a starting point, the multimodel superensemble was con-
structed. This shows further reduction of the collective systematic errors, and those are presented in
Figure 7. Here the equitable threat scores as well as the bias scores are shown (a bias score of 1.0 is
measured as a perfect score here). Comparing the results, shown in Figure 6, with those presented in
Figure 7 it is noted that the construction of the multimodel superensemble, using the downscaling, further
improves the equitable threat scores.

Figure 5. The RMS error of the 850 hPa winds on day 3 of the forecasts during August 1998. The results for the multimodels
(BMRC, CSIRO, ECMWF, GFDL, MPI, NMC, LMD, and UKMO), the ensemble mean, and the superensemble are shown from
left to right, respectively (m s�1) [Krishnamurti et al., 2000].
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Two important questions are always asked in themonsoon community: (i) Whenwill there be the next dry spell
within the Indian monsoon season? (ii) How long will that dry spell last? These questions have relevance to the
issues of agriculture, water resources, and the normal functioning of government. When the superensemble
methodology procedure was applied to monsoon data sets [Jayakumar et al., 2013], it became possible to
address the start date for the onset of the dry spell. The superensemble is tailored to look for deficient spells
of rains from a forecast string (of dates). The start date and duration are forecast from a string of values provided
by the multimodel. These events were addressed for several examples of dry spells over recent years. The
results were validated after the fact, and it was noted that for both of the questions on the start date and
the duration of the dry spell of the monsoon the multimodel superensemble performs better than the best
model [Jayakumar et al., 2013]. The multimodel superensemble forecasts, started for a sequence of 7, 8, 9,
and 10day forecasts, are shown in Figure 8. Basically, all forecasts, even for day 10, call for the start of a dry spell.
Our detailed study includes many aspects of the dry spell of 2011 that are very revealing. The dry spell research
has led to improvedmodeling for these dry events on the time scale of a week in advance. With the large popu-
lation and agricultural demands onwater, the prediction of dry spells of monsoon a week to 10days in advance
is of significant value to the consumer community. The consistency of the superior forecasts from the

Figure 6. Equitable threat scores (ETS) of days 1–5 precipitation forecasts over the Indian region at various thresholds (mm/
d) from (a) ECMWF, (b) NCEP, (c) JMA, and (d) BMRC models [Krishnamurti et al., 2009].
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superensemble makes it a viable product for real-time forecast operations. It should not be assumed that a
product that provides a better forecast compared to the best is necessarily useful to the community. That type
of work requires a validation procedure that is tailored for specific applications.

5.1. Cumulus Parameterization Schemes

The multimodel suite of a superensemble can be designed to carry one different physical parameterization
algorithm for each member, while keeping all other aspects of the model the same. In this section we

Figure 7. Monthly mean ETS and bias scores for day 1, 2, 4, and 5 precipitation forecasts from member models and the superensemble after downscaling during
September 2007. The numbers on top are the significance levels [Krishnamurti et al., 2009].
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introduce different physical parameterization algorithms and show that a consensus based on this diversity
provides insights on the schemes and for the design of a single improved model.

It is well recognized that the errors in weather and climate modeling stem from the inability to represent the
large-scale effects of convection that the model, as well as observations, does not resolve [Arakawa and
Schubert, 1974; Krishnamurti and Bedi, 1988, and many others]. Models as well as observations have been
improving in the area of representation of effects of clouds over the last several decades. Currently, there
is much interest in the forecasts of extreme events such as heavy rains and resulting floods. Large-scale global
models with horizontal resolutions on the order of 30 to 70 km cannot cope with this issue since observations
are lacking on the finer cloud and cloud ensemble scales. However, as models improve in resolution, the
capability of ensemble forecasts from suites of mesoscale models has improved in recent years. Themultimo-
del superensemble constructed from a suite of mesoscale models can provide some useful corrections for
the reduction of systematic errors that arise from the representation of cloud effects of member models
(A. Bhardwaj et al., On improving the advanced research WRF (ARW) forecast with the superensemble techni-
que, submitted to Tellus-A, 2015). Precipitation forecasts are most important for addressing extreme
rain/flood events. The science of cumulus parameterization developed on the premise that cloud scales are
functions of large-scale variables [Arakawa and Schubert, 1974, and several others]. Migrating to mesoscale
models, it is now being recognized that clouds do have a mind of their own and this is a two-way interaction
problem (between clouds and the large scales) especially when one is dealing with extreme rain events.
Accumulative errors from cumulus parameterization also suffer from sparsity of data at high resolutions. In
addition to that, the formulation of the physics at the high resolutions for extreme events needs to be
addressed. Some improvements are presently possible from methods such as the multimodel superensemble
[Krishnamurti et al., 1999, 2000; Krishnamurti and Sanjay, 2003]. Some of the well-known systematic errors in
cumulus parameterization arise from the formulations of relationships among the cloud ensemble scales and
the large scales. Typical systematic errors are seen from too much or too little warming or moistening and in
the overestimation or underestimation of rainfall rates in model forecasts [Krishnamurti et al., 2010].

The nature of systematic errors tags the behavior of a model. Using that feature Krishnamurti and Sanjay
[2003] designed a single unified cumulus parameterization algorithm that utilized no less than a string of
six weighted cumulus parameterization schemes within a single forecast model. The weights (at each geogra-
phical and vertical levels and for each forecast interval) were extracted from the performance of these
schemes within a multimodel superensemble. The weighted sum of the thermal and humidity tendencies
includes all of the parameterizations within one unifiedmodel. In this study the performance of manymodels
that use single schemes is compared with the performance of one unified single model and the multimodel
superensemble. The unified model performed better in terms of skills such as the RMS errors, pattern correla-
tions, and the equitable threat scores, compared to all member models. The multimodel superensemble,
however, outperforms the unified model for these skill metric estimates [Krishnamurti and Sanjay, 2003].
For this study the distribution of weights, based on a training phase covering each of the days during the
second week of April through June 2000 at 12:00 UTC, for six different cumulus parameterization schemes

Figure 8. Precipitation (mm/d) averaged over 70°E–95°E, 8°N–35°N (all India) [Jayakumar et al., 2013].
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(KUO, SAS, RAS1, RAS2, ZM, and ECS) is shown in Figure 9. Weights vary from scheme to scheme and from one
geographical location to the next. These variations arise from a number of factors such as differences in the
cumulus parameterization schemes, presence of small lakes or water bodies at the grid locations, local oro-
graphical details, and even the synoptic situations that respond differently for different schemes, such as
the Kuo scheme which shows a dependence on moisture convergence, and the Arakawa-Schubert type
schemes which call for a balance between the cloud environment’s destabilization by radiative processes
and a stabilization by the convective process. The Krishnamurti and Sanjay [2003] study included results for
precipitation forecast skills using RMS errors and anomaly correlations. These were from the above six models
that utilized different cumulus parametrization schemes. The study addressed skills for the member models,
for the straightforward ensemble mean, and for the multimodel superensemble. These were global forecasts;
the skills shown here are for several domains. All of these models were identical in resolution, most of the
physics, and all features of the models including the initial states. The only exception was the cumulus
parameterization scheme within each member model. The skills for day 1 and day 2 forecasts were compared
during the forecast phase of the superensemble. These results were most striking for day 1 and day 2 of
forecasts (Figure 10). This includes the scores for each member model, the ensemble mean, and the super-
ensemble, for global domain, global tropics, North Americ,a and an Asian region. The RMS errors and espe-
cially the spatial correlations are very high for the superensemble. This implies that the individual cumulus

Figure 9. The global distribution of weights for the six different cumulus parameterization schemes. These are derived
from using the same model each time with a separate cumulus parameterization scheme. These weights are determined
from the precipitation forecast skills during the training phase of the multimodel superensemble at T170 resolution
[Krishnamurti and Sanjay, 2003].
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parameterization schemes carry persistent signatures of systematic errors that are drastically reduced by the
superensemble. The ensemble mean improves, only slightly, over the best model.

The unified and the multimodel superensembles do provide forecast improvements over the single-member
models. This does provide information on three-dimensional locations where a current scheme is overesti-
mating or underestimating the heating, drying, or rainfall estimates. With that knowledge some guidance
is provided to the designers of the physical parameterization schemes on where corrections for present
schemes are needed. The map of weights (Figure 9) is an eye-opener; what it is conveying is that local varia-
tion in systematic errors has to be corrected at so many locations. Trying to improve the physics of a single
model, although extremely necessary, is a very long painstaking exercise. Much improvement over that can
be realized by having a superensemble based on a suite of multimodels or having a single unified model.

5.2. Planetary Boundary Layer

Following the previous application on diverse cumulus parameterization algorithms, here we present a simi-
lar exercise where diverse planetary boundary layer schemes are being brought together within themultimo-
del superensemble and within the design of a single unified model.

Continuing on the design of unified models the same notion was extended to a suite of planetary boundary
layer schemes. Here we utilized the planetary boundary layer formulations from the studies of Manobianco
[1988], Kanamitsu [1989], Holtslag and Boville [1993], Hong and Pan [1996], and Stull [1988]. These schemes
have been described by Krishnamurti et al. [2008]. Each member model of a suite of models utilizes different
planetary boundary layer schemes. This enabled us to understand the systematic error growth for each mem-
ber model. In the last 20 years several improvements for the stable and unstable boundary layer formulations
have appeared in the literature; those include studies by Steeneveld et al. [2005] and Takimoto et al. [2013].

Figure 10. The results of precipitation forecast skills for the forecast phase of the superensemble for days 1 and 2 of forecasts over the (a) global tropics, (b) North
American, and (c) Asian regions. The forecast dates are indicated at the bottom of each panel. The left six vertical barbs in each panel show the performance of the
member models, the barb with no shading pertains to the unified model and the black barb that stands out belongs to the multimodel superensemble. Units: mm/d
[Krishnamurti and Sanjay, 2003].
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The observed benchmark for planetary boundary layer fluxes is not that direct. Here these fluxes for training
and forecast validation were estimated from the computations of the apparent heat source and the apparent
moisture sink, following Yanai et al. [1973], and using the 6 hourly reanalysis data sets for the summer of 2002.
The details are provided in Krishnamurti et al. [2008]. Figure 11 shows the predicted fluxes of moisture within
the planetary boundary layer (PBL) for 1 day, 24 September 2002 at 12:00 UTC, over a monsoon domain. This
illustration carries eight panels; these include the observed Yanai fluxes, the results from the five-member
models that utilize a single scheme, and the results for the unified model and from the multimodel superen-
semble. Each forecast panel also carries two numbers on the top; those are the RMS errors and the pattern
correlations over this domain. The observed estimates come from an application of Yanai’s apparent moist-
ure sink concept to the reanalysis data sets during the forecast days. The multimodel superensemble carries
the least RMS scores, i.e., 52.1, and the highest pattern correlation of 0.87. The unified model performs better
than most member models for this forecast period. For the seasonal average the multimodel superensemble
and the unified model carried the best skills, respectively, among the suite of models considered here. This
study shows that improvement for the performance of model physics is achievable through the use of
ensemble modeling.

Figure 11. Geographical distribution of 24 h forecasts of latent heat flux valid at September 24 2002 at 12:00 UTC over the
monsoon domain The eight panels include the observed Yannai fluxes, the results from the five-member models that
utilize a single scheme, the results for the unified model, and from the multimodel superensemble [Krishnamurti et al., 2008].
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Following these experiments, a similar multimodel exercise was carried out by Krishnamurti et al. [2008] to
examine possible forecast impacts of various planetary boundary layer schemes within a single unified
model (that includes several weighted schemes within one model) and for the construction of the multimo-
del superensemble. Five different planetary boundary formulations were included from large forecast
experimentations. These schemes are (i) a local-K closure scheme [Manobianco, 1988], in which the turbu-
lent mixing is treated by a first-order closure; (ii) a second local-K PBL scheme [Kanamitsu, 1989; Basu et al.,
2002], where the K is determined through mixing length considerations and using semi-empirical stability
dependent functions based on the bulk Richardson number; (iii) a nonlocal scheme [Holtslag and Boville,
1993], which is based on a modified gradient (nonlocal) corrected approach; here, the fluxes are allowed
to flow down the local gradient; an artificial gradient is added to the gradient during convective conditions;
(iv) an operational version of the above local scheme [Hong and Pan, 1996], which utilizes observation
based empirical functions for the height divided by Monin Obukov length in the PBL that are similar to
the surface similarity theory; and (v) a turbulent closure scheme [Krishnamurti et al., 2008], which includes
prognostic equations for the turbulent kinetic energy (TKE), the kinetic energy (up to a defined closure) K,
and the turbulent energy dissipation E. The details of all these methods are provided in Krishnamurti
et al. [2008].

Some 92 experiments were carried out for each of the five versions of the Florida State University (FSU) global
model. Here all aspects of the model, resolution, initial state, state of the ocean, and land surface processes
were kept the same; however, each model uses one of the five different PBL schemes. This study covered
the summer season of the year 2002 (92 days), which defined a training phase of the multimodel superen-
semble. The forecast phase covered the summer season of the year 2003. The interest here was in the vertical
eddy flux of moisture in the PBL as determined from each of the above member models, by a unified model
and by the multimodel superensemble. The superensemble was directly computed for the vertical eddy flux
of moisture within the PBL from the respective model’s data sets. The geographically distributed weights of
the five models were used for the construction of the weights of the superensemble. These weights were
strung out within one model that carries a weighted sum of all of the five schemes within it. This unified
single model is quite similar to what was done for the various cumulus parameterization schemes.

The results, as to be expected, showed that the unified model and the multimodel superensemble provided
superior results compared to themembermodels and themultimodel superensemble carried the highest scores.

Finally, the question was asked whether there was a geographical preference for these five individual
schemes with respect to least bias score of PBL fluxes of moisture that could be mapped from the results
of this study. Figure 12 shows the summary for that performance on the PBL fluxes of moisture in the bound-
ary layer. Over South America, South Africa, and over the Atlantic and Pacific Oceans of the tropical latitudes
the latitude boundary layer (LBL), a local PBL scheme, provides the best estimates of the vertical eddy flux of
moisture within the PBL as compared to the observed Yanai fluxes computed from the reanalysis data sets.

Figure 12. Geographical distribution of models with least bias scores: 1-LBL (blue), 2-FOC (dark green), 3-H&B (light green),
4-H&P (light brown) and 5-TKE (red) [Krishnamurti et al., 2008].
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Overall, the best performance is seen from the turbulent closure scheme over the Indian Ocean, the Indian
monsoon belt, the southern latitude oceans, and most of North America.

5.3. Other Related Areas

The definition of cloud fractions for computations of long- and short-wave radiative transfer are handled in a
variety of ways in weather and climate modeling. It is possible to design a suite of multimodels that carry
these different definitions for cloud prescriptions within each of its members. Such a design of multimodels
and the construction of a superensemble from this suite cannot only reduce the forecast errors but also help
in the design of an improved model, knowing the distribution of the weights in space and time.

Superensemble forecasts were also constructed for cloud fractions that impact radiative transfer. In these
studies, using multimodels for NWP, it was shown by Bucci [2010] that much improvement in the forecasts of
cloud fractions was possible. The International Satellite Cloud Climatology Project-based cloud fractions, a
satellite-based cloud product [Rossow and Schiffer, 1999], were used as an observed benchmark in this study.

Nonconvective rains prevail in extratropical latitudes. Those rains are generally attributed to large pressure
systems. It was possible to utilize a suite of multimodels for the construction of superensemble forecasts
and to demonstrate the large reduction of systematic errors for such precipitation forecasts utilizing the
data files of THORPEX Interactive Grand Global Ensemble (TIGGE), Bougeault et al. [2010],Xiefei et al. [2012],
and K. Witlox et al. (Ensemble forecasts of European precipitation using TIGGE models, submitted to
Climate Dynamics, 2015).

The middle tropospheric pressure levels (usually the 500 hPa level) are generally used to assess model fore-
cast performance in operational practice. The first metric for such forecast evaluations is the anomaly correla-
tion of the geopotential height at the 500 hPa level. A value of an anomaly correlation in excess of 0.6 is
considered a good measure for a useful forecast. Currently, some of the best modeling centers consistently
show anomaly correlations close to 0.9 for their first few days of forecasts. The state of the art for such NWP
forecasts has advanced considerably in the last 20 years [Bauer et al., 2015]. Krishnamurti et al. [2003] have
shown from the use of multimodels that a superensemble can improve upon such forecasts to periods of
the order of a week from the reduction of persistent systematic errors.

6. Ensemble Forecasts a Season in Advance

The multimodel superensemble is a promising tool for seasonal forecasts. Many weather services provide
seasonal forecasts using single-model-based ensembles, the prominent among these are forecasts from
ECMWF, UK Met Office, National Weather Service Washington, Bureau of Meteorology Research Centre
(BMRC) Australia, International Research Institute (Lamont Dougherty Lab of Columbia University), and the
Japan Meteorological Agency (JMA) in Japan. These groups carry out an ensemble of forecasts, for a given
season, using their atmosphere-ocean coupled models. In this short review some operational and research
modeling results [Palmer et al., 2004; Whitaker and Wei, 2006; Nachiketa et al., 2013] are presented.

6.1. Multimodel Superensemble for Seasonal Climate Forecasts

From the use of as many as 16 coupled atmosphere-ocean global models it became possible to generate
superior seasonal forecasts [Kumar and Krishnamurti, 2012; Krishnamurti and Kumar, 2012; Johnson et al.,
2013] compared to any of the member models and the ensemble mean from the construction of a multimo-
del superensemble. Such forecasts have been prepared for specific regions, such as India, Brazil, and East
Africa. All these studies make use of most of the same models and the same length of time periods for the
seasonal forecasts. All member model forecasts of precipitation are subjected to downscaling that was men-
tioned in section 4. Table 4 shows the model names, resolutions, and atmosphere and ocean physics compo-
nents for these studies. These studies included sensitivity of results for the length of forecast data records
from each member model of the ensemble, optimization of the number of models, and comparison of
single-model-based ensembles versus multimodel-based ensemble means and the superensemble.

The seasonal climate forecasts entail two steps, (i) the prediction of the climatology and (ii) the prediction of
anomalies. The climatology here refers to the climatology of the training phase dates. Even the prediction of
the climatological state usually carries large errors from single models. A well-known example of that is the
rainfall climatology of the summer monsoon. Many models have difficulty in placing the rainfall belt over
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the land area near 22°N over Northern India during the heart of the summer monsoon season [Gadgil, 2003].
Many models are not able to move the rainfall belt from the oceanic positions of spring to the inland posi-
tions of the monsoon trough. That error has been attributed to model resilience to initial states and to the
treatment of orography. In recent years considerable improvement in the placement of the rain belt has been
seen in modeling. This is evident in the scatter diagrams of monsoon rains (observed versus modeled clima-
tological rains at points where both are raining) from some 16 atmosphere-ocean coupled models that han-
dle the climatology of rainfall quite reasonably. The striking result here is that the multimodel superensemble
carries a correlation of 1.0, for forecasting the climatology, simply because the systematic errors have been
removed. This accuracy is currently achievable from ensemble forecasts. It should be noted that many
models carry correlations in excess of 0.9, which shows the great improvements in the current state of the
seasonal climate forecasting. Figure 13 shows the same type of illustration for the seasonal monsoon rainfall
anomaly forecasts for 1987. Forecasting of anomalies is a much more difficult proposition. Here the largest
skill from the multimodel superensemble carries a correlation of only 0.49. Most models have correlations
ranging from �0.1 to 0.2. The Geophysical Fluid Dynamics Laboratory (GFDL) Princeton model stands out
with a skill of 0.4. These are the best results at the present time from ensemble modeling.

Figure 13. June-July-August (JJA) precipitation anomaly for 1987. First panel shows the observed rainfall anomalies, last
two panels show the results for the ensemble mean and superensemble, and the other panels show the results for each
of the member models. Units are in mm/d. The inset numbers on the top right show the correlations for the rainfall
anomalies with respect to the observed estimates. The bottom inset numbers show the corresponding RMS errors
[Krishnamurti and Kumar, 2012].
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Details on the prediction of the geographical distribution of seasonal rainfall anomalies are what the user
community is looking for. An example of a spread of seasonal forecasts (year 1988) of rains from the suite
of 16 models is shown in Figure 14. Most of the illustrations also include the ensemble mean of the forecasts.
The ensemble mean is generally not very skillful because it tends to lie between the largest and the lowest
forecasts at each grid point and does not catch the possible extreme values that can be captured by the
multimodel superensemble, which corrects the persistent systematic errors that prevail geographically and
along the vertical coordinate for each member model. The largest pattern correlations, for the seasonal
rainfall forecasts, for the member models are around 0.5, and the smallest RMS errors are seen for the multi-
model superensemble (Figure 14). Such results were consistently noted by Kumar and Krishnamurti [2012].
The shortcomings, in the real-time application of this method, often arise, frommodels changing their design
between the training and the forecast phases. The other limitation is best expressed by “if the training phase
has not seen an extrema, then the statistical weights cannot provide information to the forecast phase when
entirely new features were seen in the observations” [Krishnamurti et al., 2009].

6.2. South American Seasonal Forecasts of Rains

Rather impressive results were provided by Johnson et al. [2013], who constructed seasonal forecasts using
a multimodel superensemble based on a suite of 13 of the 16 models in Table 4. The domain of their

Figure 14. JJA precipitation anomaly for 1988. First panel shows the observed rainfall anomalies, last two panels show the
results for the ensemble mean and superensemble, and the other panels show the results for each of the member models.
Units are in mm/d. The inset numbers on the top right show the correlations for the rainfall anomalies with respect to the
observed estimates. The bottom inset numbers show the corresponding RMS errors [Krishnamurti and Kumar, 2012].
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study extended from 30°S to 10°N and 90°W to 30°W. Seasonal climate forecasts were produced for 20 years
covering the rainy months of March, April, and May for the years 1982 to 2001. Forecasts were carried out at
a coarse model resolution of 2.5°/latitude, and after downscaling, following Kumar and Krishnamurti [2012]
to a resolution of 25 km. The Tropical Rainfall Measuring Mission (TRMM) data-based rainfall estimates at
25 km resolution were used for the training and the forecast validations. A review on the TRMM data for
the variability of convection in tropics and subtropics can be found in Houze et al. [2015]. In Figures 15
and 16 the seasonal forecast skills of the member models, the ensemble mean, and of the multimodel
superensemble are shown. These results include two contrasting seasons, the 1984 season (deficient rainfall
over Brazil) and the 1992 season (above normal rains over Brazil). Figures 17a and 17b, respectively, show
the results for the anomaly correlations and the RMS errors for the rainfall forecasts. Results for two versions
of the multimodel superensemble are included here, those are superensemble-A (superensemble with 13
member models) and a superensemble-B (superensemble with 11 member models). Overall, the results
show that the superensemble-B carried the best scores for the domain-averaged anomaly correlations
and RMS errors for precipitation forecasts. The ensemble mean of the forecasts carries scores similar to
that of an average model. By far, the best results came from the 11 model-based superensemble-B
(based on downscaled models) that excluded two models with the lowest performance scores during
the training phase.

6.3. East African Seasonal Forecasts of Rains

Seasonal forecasts over Africa are generally very poor since many factors such as lack of data, treatment of
land surface processes, and dominance of mesoscale convection contribute to large errors. This study

Figure 15. Forecasts of precipitation anomalies (mm/d) in March-April-May (MAM) 1984 over the entire domain utilizing
the downscaling method. Anomaly correlations of each model are included as the top number in each panel. RMS errors
are displayed as the lower number in the same manner. The anomaly correlation and RMS error of the SSE-A (not pictured)
are 0.40 and 1.41, respectively [Johnson et al., 2013].
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includes six models from Climate Model Intercomparison Project Phase 5 (CMIP5) simulations of historical
runs and extended-historical runs [Taylor et al., 2012]. These six-models are CNRM-CM5 (Centre National de
Recherches Meteorologiques, France), NASA-GISS-E2-H (USA), NASA-GISS-E2-R, MOHC-HadCM3 (Met
Office Hadley Centre, UK), MRI-CGCM3 (Meteorological Research Institute, Japan), and NCC-NorESM1-M
(Norwegian Climate Centre, Norway). Figure 18 shows the geographical distribution of the predicted (seaso-
nal forecasts) rainfall anomalies for the months March, April, and May, the rainy months. On top of each panel
the pattern correlation and the RMS errors over the map domain are provided. This was a year with excessive
rains in the south and deficient rains in the northern part of East Africa. The ensemble mean carries a pattern
correlation of �0.35 with excessive rains in the north over Ethiopia. That problem stemmed from poor
performance from many participating member models. The superensemble carried the best scores for the
pattern correlations and the RMS errors because it was able to remove persistent systematic errors of the
member models. In addition to these scores in Figures 19a–19c, the equitable threat scores, their biases (with
a perfect score of 1.0), and a new Index called the Critical Success Index (CSI) [Jolliffe and Stephenson, 2003]
are shown. These results cover 15 years of forecasts from 1998 to 2012. Themultimodel superensemble, iden-
tified by synthetic superensemble (SSE), carries slightly higher skills for both the equitable threat scores and
their biases for all rainfall thresholds from 1 to 10mm/d compared to all member models. The ensemble
mean also carries useful forecast skills compared to the member models, in general. The score CSI is defined
as follows, CSI = a/ (a+ b+ c), where a=Hit, b= False Alarm and c=Miss. The CSI ranges from zero to one. For
the range of rainfall the superensemble carries higher CSI as compared to all member models and ensemble
mean forecasts.

Figure 16. Forecasts of precipitation anomalies (mm/d) in MAM 1992 over the entire domain utilizing the downscaling
method. Anomaly correlations of each model are included as the top number in each panel. RMS errors are displayed as
the lower number in the samemanner. The anomaly correlation and RMS error of the SSE-A (not pictured) are 0.69 and 1.18,
respectively [Johnson et al., 2013].
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6.4. Season-Long Sea Surface Temperature Forecasts

Seasonal climate prediction of sea surface temperatures over the global ocean basins is important for many
of the El Niño–Southern Oscillation (ENSO) and Indian Ocean Dipole-related climate anomalies. Prediction of
such features, a season in advance, is a research and operational center thrust at many centers. Many global
modeling research groups carry out such seasonal forecasts using the data sets from CMIP3 [Meehl et al.,
2007] and CMIP5 that contain forecast data sets for many such forecasts covering many seasons. Using the
data sets from Development of a European Multimodel Ensemble system for seasonal to inTERannual predic-
tion (DEMETER), Palmer et al. [2004] addressed ensemble forecasts over seasons. This database includes as
many as 13 global coupled atmosphere/ocean models. These same data sets were extended by adding

Figure 17. (a) Anomaly correlations and (b) RMS error for precipitation forecasts for Cases 1 and 2, MAM 1984 and 1992
over the entire domain. The bars for each model include the results for the coarse and downscaled resolutions for the
dry and the wet seasons, respectively. The bottom two rows of the horizontal bars in Figure 17a show the results for
superensemble-A (all 13models) and superensemble-B (with 11models, that excludes two outliers). The two rightmost sets
of bars in Figure 17b are likewise for superensemble-A and superensemble-B [Johnson et al., 2013].
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the National Center for Atmospheric Research (NCAR) community model, the Australian model Predictive
Ocean Atmosphere Model for Australia (POAMA), and four versions of FSU global coupled ocean atmosphere
models by Krishnamurti et al. [2006a]. Those were used to examine the skills of seasonal sea surface tempera-
ture (SST) forecasts. Table 4 provides a list of these models. These were the state-of-the-art coupled models
around the year 2005. This table provides the resolution, physics, and the ocean components of these mem-
ber models; 52 seasons of data were used, with a cross-validation principle, to construct the ensemble mean
and the multimodel superensemble for the SST forecasts. Cross validation was necessary to overcome the
shortness of length of the forecast samples. The main result for the SST forecasts, a season in advance
(Figures 20a–20d), shows the SST anomaly forecasts covering the months December, January, and
February of the 1997; 1998 season were quite successful. These are for the entire tropical Pacific Ocean
(between 30°S and 30°N). All anomalies were constructed with respect to the observed mean SSTs. The
figures in sequence show (a) the observed seasonal anomaly, (b) the results from the multimodel superen-
semble, (c) the results from the best model, and (d) the results from the model with the lowest skill. The
RMS errors over the domain are inserted in the top of each of these panels. The superensemble-based results
are nearly 20% above those of the best model and are about 50% above those of the poorest model. The
results for the months March, April, and May, shown in Figures 21a–21d are even better than those for the

Figure 18. MAM seasonal rainfall anomaly for 2011 from TRMM 3B42, six member models, ensemble mean, and superen-
semble over the Greater Horn of Africa.
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Boreal winter season. Results for the remaining two seasons are not included here; they show basically similar
results. The 1997–1998 season was an ENSO year. These results from the multimodel superensemble show
that the ENSO SST anomalies are very well predicted compared to the results from the member models.
Operational climate and weather centers would benefit from having such a product. One must, however,
keep in perspective that what extrema have not been seen by the member models during the training phase
may not appear in the superensemble forecasts. Even that statement should be carefully examined, because
the superensemble often is an outlier agreeing closer with the observations because of the persistence of
systematic errors that member models often carry. What this means is that even more detailed analysis of
seasons is needed to ask how does a superensemble handle some recent past extrema of SSTs. That study
has not been carried out so far.

6.5. Superensemble and the DEMETER: A Comparison

The DEMETER is a data set developed by Palmer et al. [2004]; this includes seven multimodels for seasonal
climate forecasts. Palmer et al. [2004] mentioned the multimodel forecast analysis model uncertainty and
was very instructive for addressing probabilistic forecasts. The FSU multimodel included the DEMETER data

Figure 19. Skill score for MAM season rainfall from 1998 to 2012 (a) ETS, (b) bias, and (c) CSI critical success index.
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sets along with a host of their own models to construct the multimodel superensemble. These results clearly
confirmed that the multimodel superensemble was far superior for seasonal forecasts compared to all of the
individual models of the DEMETER and its ensemble mean. Figures 22a–22c show this rather clearly for the
seasonal forecasts of the sea surface temperatures, a season in advance for the Indian, Pacific, and Atlantic
Ocean basins. Here the forecast skills of the member models and of the superensemble (far right in the
vertical bars) for different years confirm the least RMS errors and the highest anomaly correlations (in most
cases) for the superensemble.

6.6. Operational Models

The state of the art for ocean temperature forecasts, a season in advance, has been impressive. The forecasts
for the Niño 3/4 regions are something that is looked forward to in the context of possible El Niño

Figure 20. Forecast of seasonal sea surface temperature (SST) anomalies (in kelvin) over the tropical Pacific Ocean during
December 1997 to February1998 from observations, supensembles, and from the models with highest and lowest skills (in
terms of RMS error over this domain) [Krishnamurti et al., 2006a].

Figure 21. Same as in Figure 18, but for March–May 1992 [Krishnamurti et al., 2006a].
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occurrences [van Oldenborgh et al., 2005]. In this study van Olednborgh and coauthors noted that a purely
dynamical coupled model, the ECMWF, was able to provide superior guidance for the onset of El Niño from
forecasts from start dates during the Boreal spring or summer. The purely statistical models performed better
for start dates from other seasons. Figure 23 shows an example of an ensemble forecast for El Niño from the
year that was quite successful in the ECMWF forecast. This forecast included 50 ensemble members.

Figure 22. SST forecasts over the (a) Tropical Indian Ocean, (b) Tropical Pacific Ocean, and (c) Tropical Atlantic Ocean [Krishnamurti et al., 2006a].
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Kim et al. [2004] utilized this method for seasonal prediction of regional climate over Korea. They examined
many observed climatic teleconnections of South Korean climate and other Asian parameters and noted that
the multimodel superensemble based forecast data sets carried the best integrity for these teleconnections
for predicting South Korean climate. The regional Environmental Agency of Torino Italy [Cane et al., 2013] uti-
lized this method for seasonal forecasts for the Alpine area and extended the current deterministic approach
toward a probabilistic application for seasonal rainfall predictions that showed great promise. The following
quote from a World Meteorological Organization Workshop in Beijing 2000 by Mylne [2000] of the UK Met
Office speaks for the seasonal climate superensemble: “Results show that the superensemble provides the
best deterministic forecast, better than all individual models or the simple ensemble mean of the models.
It is also better than the ensemble mean of individually bias-corrected models, because of the statistical
weights applied to the models, which put greatest weight on the most skillful model in any location.”

6.7. Performance Skills of Single-Model Versus Multimodel-Based Ensembles

Ensembles can be constructed from a large number of forecasts using a single model or from the use of a
suite of multiple models. Here we show that the latter is a better way to proceed. Figure 24 shows a compar-
ison of seasonal forecasts of precipitation made by several individual models that carried out an ensemble of
forecasts for each start time. These different forecasts, made from single models, make use of Monte

Figure 23. Predicted evolution of the monthly mean sea-surface temperature anomaly for Niño-3 SST anomaly from the
14month forecast from System 4 started on 1 November 2011. The ensemble members and verifying analysis are
shown[ECMWF Newsletter N0. 134-Winter, 2012/2013].

Figure 24. The vertical bars show RMS error (along ordinate) for single-model ensemble mean as compared to the overall
ensemble mean (clear bar) and superensemble (dark bar) shown in the far right side in the overall average for 15 years.
These results pertain to the larger monsoon domain. The least RMS errors are seen for the superensemble [Krishnamurti and
Kumar, 2012].
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Carlo-type initial perturbations to define the many initial states. The rest of the model stays identical for these
runs. There were four models from Table 4 (BMRC, GFDL, National Centers for Environmental Prediction
(NCEP), and UH) that carried out multiple member forecasts. Figure 24 includes the forecast skills (RMS errors)
of the precipitation forecasts over a season, using 15 years of forecasts. The histogram includes the results for
the ensemble mean of each of these four models, the overall ensemble mean from the four models, and the
multimodel superensemble-based skills. The lowest RMS errors are carried by the multimodel superensem-
ble. This shows that themultimodel superensemble carries a better skill compared to the single-model-based
ensembles and the overall ensemble mean of these four models.

6.8. Sensitivity of Forecasts to Number of Models and Number of Forecasts

How many forecast samples are minimally needed per model is an important issue for the reduction of
forecast errors for the multimodel superensemble. This is illustrated in Figure 25, which shows that if given
12 member models then it would require at least 15 years of forecasts per member model to arrive at the
lowest RMS error for precipitation forecasts. With 10 models 10 years of forecasts per model carries an RMS
error that is not as low as that for the 15 models. For 5 years of data the errors are larger, and its minimum
error is achieved from the use of eight models. Overall, these computations suggest that even further reduc-
tion of RMS errors for seasonal rainfall forecasts may be possible from a use of more models (larger than 12)
and more years of forecasts, per model, than used so far.

6.9. Saturation of Weights for Downscaling and for the Multimodel Superensemble

NWP, seasonal climate, and hurricane modeling with the superensemble face the question of sample size for
forecasts during the training phase for obtaining reliable weights. These weights fluctuate a lot for small
sample sizes. The values of these weights saturate when an optimal number of days of forecasts is available.
For NWP a minimal number of past forecasts, for its training phase, was found to be around 120. For hurri-
canes roughly 60 recent past hurricanes were needed for stabilization of weights of the superensemble.
Figures 26a and 26b show the stabilization of weights for seasonal climate forecasts. Figure 26a shows the
stabilization of weights for the slope and intercept parameters of downscaling; those stabilize with roughly
10 years of recent past forecasts for its training phase. Figure 26b shows the stabilization of weights for the
multimodel superensemble; here, weights for several member models show stabilization with a minimum
in forecast data sets covering roughly 10 years as well.

7. The Hurricane/Typhoon/Tropical Cyclone Superensemble

The following illustration is important for the hurricane forecast skills. Figures 27a and 27b contain current
skills for operational hurricane forecasts; these are provided by the National Hurricane Center in Miami,

Figure 25. Sensitivity of the superensemble forecast of rainfall to the number of models for different lengths of data sets over
Indian region for summer season. The ordinate denotes RMS errors, and the abscissa denotes the number ofmodels. The three
different curves show the results from the use of different lengths of forecast data sets [Krishnamurti and Kumar, 2012].
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and this conveys that track forecast errors of hurricanes have steadily decreased over the last 23 years. This
includes errors from hours 24 through 120 for the official forecasts that were issued by the National
Hurricane Center. The official forecast is a semi-objective consensus forecast prepared by very experienced
forecasters that make use of deterministic forecasts frommultimodels. The reduction of track errors is evident
at all forecast times and is largely related to improved forecasts from a suite of global and mesoscale models
that have improved the wind forecasts around the hurricanes that are important for the steering of storms
[DeMaria et al., 2005]. The intensity forecasts, shown in Figures 28c and 28d, show a somewhat improved
reduction of errors for forecasts covering the time ranges of 72 to 120 h . These improvements came in the
last 10 years. Intensity forecasts are sensitive to the inner core dynamics, thermodynamics/microphysics,
and air sea interactions. They require mesoscale cloud resolving models and require somewhat detailed
provision of initial states that describes the inner core convection. Data assimilation of the airborne radar data
sets (obtained from reconnaissance flights) has improved the intensity forecasts [Aksoy et al., 2012].

The construction of the hurricane superensemble was posed as a one-dimensional problem. Here the posi-
tion errors (latitudinal and longitudinal position of the hurricane’s center) along the one-dimensional track
are constructed using data sets frommultimodel forecasts. Member model forecasts are collected at intervals
of 6 h; for the training phase this utilizes the recent past history of performance for a preceding hurricane sea-
son [Krishnamurti et al., 1999, 2000;Williford et al., 2003; Vijayakumar et al., 2003]. They noted that roughly 60
recent past hurricane forecasts, per forecast interval, were needed for the evaluation of statistical weights of
the training phase of the multimodel superensemble. That minimal length of data record, from the multimo-
dels, was necessary for the stabilization of the weights of the training phase. These weights vary in time since
separate statistics are collected at intervals of every 6 h. This utilizes the multimodel forecasts. Besides

Figure 26. Dependence of the spin-up of slope, intercept, andweights on the number of training years calculated at 75.5°E,
13.5°N. (a) Stabilization of downscaling coefficients (a and b) based on the number of training years, from FSU coupled
model forecasts [Chakraborty and Krishnamurti, 2009]. (b) Weights assigned to members models as a function of training
length for the calculation of superensemble. The values of the coefficients become stable whenmore than 10 years of data
are used during the training phase for downscaling and for the construction of the multimodel superensemble [Kumar and
Krishnamurti, 2012].
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constructing the multimodel superensemble all forecasts do include the ensemble mean of forecasts. These
two metrics are always compared for their performance toward real-time hurricane forecasts. If models con-
tribute to persistent systematic errors this algorithm is designed to recognize and correct for such errors in
the forecast phase. The time varying weights recognize models that make large systematic errors in the initial
phase of forecasts and models that make large systematic errors at increasing times of forecasts. The time
dependence of the weights is important for the overall improvement of superensemble forecasts. Growth
of random error in time does lead to erratic behavior of forecasts from one forecast time to another
[Charron et al., 2009]. It is possible to reduce the growth of large errors in some of the member models by
combining the outlier removal with the multimodel superensemble. An example of such an algorithm is
presented in Appendix A.

7.1. Multimodel Superensemble Forecast Skills for Hurricanes

This is an area where the skills of superensemble forecasts have been quite high and the superensemble has
become a part of the real-time hurricane guidance products at the National Hurricane Center in Miami,
Florida. A distinction is necessary between the skills of track and intensity forecasts of hurricanes.
Ensemble means, and especially the superensemble, based on suites of global models, have consistently
provided superior forecasts for tracks, compared to individual member models. It is also recognized that
large-scale models do not resolve the inner core of hurricanes very well and fail to provide skillful forecasts
of hurricane intensity as compared to mesoscale models. A suite of mesoscale models seems to be better
suited for intensity forecasts [Krishnamurti et al., 2011]. A summary of the track and intensity forecasts for

Figure 27. (a and b) Annual average NHC official track errors and (c and ) intensity errors for the Atlantic and Eastern Pacific basin tropical hurricanes/cyclones for the
period 1990–2012, with least squares trend lines superimposed (http://www.nhc.noaa.gov/verification/verify5.shtml).
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hurricanes covering the 2002 season over the Atlantic, Caribbean, and Gulf of Mexico ocean basins, from a
suite of global operational models, and from the multimodel superensemble is presented in Figures 28a
and 28b. Track errors are absolute position errors, and the intensity errors are absolute errors [Krishnamurti
et al., 2006b]. The superensemble performs somewhat better than the best models in these forecasts. The
3 day track forecast errors were around 200 km, and the intensity errors were around 8.94m s�1.

A summary of model performance is presented by the National Hurricane Center in their annual summaries of
real-time forecasts. The multimodel superensemble generally performs the best for track and intensity fore-
casts; an example from their summary is provided in Figures 29a and 29b. These are results for season-long fore-
casts of hurricanes that include various large-scale operational models as well as the FSU superensemble. The
superensemble performed generally much better than the member models for both track and intensity fore-
casts. These real-time operational results have generally been quite consistent from 1year to the next in recent
years. Toward addressing the hurricane intensity issue Krishnamurti et al. [2010] utilized a mix of mesoscale plus
a few global models and found some further improvement for 3 to 5 day forecasts. The inner core dynamics,
thermodynamics, and microphysics carry some measurable systematic errors for the hurricane intensity; those
are, to some extent, reduced by the multimodel superensemble. Table 5 shows a current list of 11 models that
were used, in real time, for hurricane forecasts during the 2012 season. The seasonal performance of track and
intensity forecasts, shown in Figures 29c and 29d, shows the least error (in knots) for the multimodel superen-
semble compared to all member models from hours 24 to 120. At hour 12 the training phase’s statistical

Figure 28. Atlantic hurricane forecast skills of multimodels and the superensemble for 2002. (a) Track errors in kilometer
and (b) intensity errors in mi/h (1mi/h = 0.447m/s). The models are NHC, National Hurricane Center Consensus forecast;
AVN, NCEP Aviation Model; GFD, NOAA/Princeton Geophysical Fluid Dynamics Institute Hurricane model; NGP, Navy
NOGAPS Model; UKM, UK Met Office Model; ENSM, ensemble mean; FSU SENS, FSU SE EXP, FSU superensemble experiment;
SHIFOR, SHFR; SHIPS, SHPS. The latter two are statistical in-house intensity models of NHC. Suffix “I” signifies interpolation
versions of the model forecasts [Krishnamurti et al., 2011].
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weights were not quite stable because of the large initial spin-up of the member models that revealed large
random errors. There was one exception here and that was the official forecast issued by the National
Hurricane Center; their intensities performed the best at hours 96 and 120, that is a subjective consensus fore-
cast and speaks very highly for the experience of the trained forecasters, who still perform very well in arriving
at a consensus forecast at this age of the deterministic and statistical forecast modeling.

The inner core of the hurricane is
beginning to be probed by observa-
tions andmodeling, and there remain
many unknowns. In the area of inner
core dynamics, Montgomery and
Kallenbach [1997] have addressed
many issues that call for detailed
observations and modeling. The eye
wall replacement is also a less under-
stood area that impacts hurricane
intensity. Research in this area needs
to be advanced from observations,
theory, and modeling [Zhou and

Figure 29. Track and intensity error for all the storms of 2012 over Atlantic basin: (a) track errors, (b) intensity errors, (c) track forecast skill relative to CLIPER, and (d)
track forecast skill relative to decay-SHIFOR5, method described in DeMaria et al. [2005].

Table 5. List of Real-Time Forecast Models

Model (Track) Model (Intensity)

1. HWRF (H212) (M) HWRF (H212) (M)
2. COTC (M) COTC (M)
3. AHW4 (M) AHW4 (M)
4. ARFS (M) ARFS (M)
5.. SPC3 (S) SHIPS (S)
6. FIM9 (L) SPC3 (S)
7. UWN8 (M) UWN8 (M)
8. GFDL (M) GFDL (M)
9. NGPS (L) FIM9 (L)
10. ECMF (only for training data from 2011) (L) NGPS (L)
11. AVNI (L) AVNI (L)
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Wang, 2011]. The inner core hurricane outflow layer also has major implications for hurricane intensity [Molinari
et al., 2013]. This is another area needing further study; the areas of air-sea interactions, water recycling from
precipitation, and evaporation also are less understood areas. The cloud radiation processes of the inner core,
especially the eye wall, also deserve further work. With further advances in our knowledge in these areas, the
models should improve and themultimodel superensemble will follow by exhibiting its reduction of systematic
errors. Foti et al. [2015] showed how one canmeasure the hurricane wind fields based on the capabilities of low
cost, lowmass, and low power from the NASA Cyclone Global Navigation Satellite Systems (GNSS) constellation
in 2016. This recently launched NASA satellite holds much promise for providing improved resolution of surface
winds in hurricanes.

8. Conclusions and Future Work

The multimodel superensemble is a powerful algorithm for NWP, seasonal climate, and hurricane track and
intensity forecasts. It shows consistent reduction of errors with respect to suites of multimodels that were
used in numerous studies. One is often asked: will the next winter be colder or wetter or drier than normal
and will a given region experience heavy rains and floods or droughts. This review does convey the message
that an improved forecast, better than a best model, is generally possible for such problems. However, there
is always the important realization that better than the best may still not be a useful forecast. There are clear
limitations for consensus forecasts such as those from a multimodel superensemble. Extrema that have not
appeared in a training period most likely will not be predicted during a forecast phase. The superensemble
does handle some extrema; if all member models carry a hurricane track that has a right bias, and if that type
of error in forecasts is persistent during the training phase, the superensemble would come out with a track
to the left of all forecast tracks and be a good forecast [Krishnamurti et al., 2006b]. This has also been noted in
extreme rainfall forecasts (Figure 4 in this paper). If the member model’s structure drastically changes
(dynamics or physics changes) between the training and the forecast phase then the statistical weights can-
not be representative of the model behavior; this has been noted in real-time applications. The handling of
the outliers in the forecasts using a powerful outlier removal algorithm has helped the skill of forecasts from
the multimodel superensemble. The basis of the construction of the superensemble has been the least
squares minimization, where implicitly this procedure is reducing the RMS errors. The same notion can be
used to maximize correlations, or the equitable threat scores or, for that matter, any skill metric (or combina-
tions of such) to improve forecasts. Such a study is possible and is worth exploring.

In this review, the need for large forecast data samples is addressed. For improved seasonal climate forecasts,
given a set of 5 member models, the best error reduction comes from at least 120months of training data
sets. Such lengths of data records can be shortened using cross validation for the extraction of superensem-
ble weights during the training phase. It has also been shown that an ensemble mean based on a single-
model ensemble (such as perturbed initial state-based runs from a single model) carries a much higher error
score compared to a multimodel superensemble.

It is possible to construct a suite of models that all look alike in all features except in the specification of a
physical parameterization algorithm. The use of diverse cumulus parameterization algorithms, or diverse
planetary boundary layer algorithms, or for the cloud radiative transfer algorithms does perform better within
a multimodel superensemble in terms of error statistics, compared to any single model with a single physics
algorithm. It is shown here that the collective wisdom of several such physical parameterizations can be
strung out within a single unified model and that leads to some error reduction compared to a best perform-
ing single model. It was also possible to address the improvements in the vertical placement and amplitude
of the convective heating from combining results, using a multimodel superensemble, from different cumu-
lus parameterization schemes. These studies utilized an observed benchmark for the vertical distribution of
convective heating from NASA TRMM radar data sets and a cloud ensemble mesoscale model [Tao et al.,
2015]. These studies suggest that many diverse applications, toward model improvements, are possible from
the multimodel superensemble-based applications.

Appendix A: Outlier

In a set of observations one observation may be treated as an outlier if it is distant from the others. The pre-
sence of an outlier may be due to variability or erroneous recording of the observations. These observations
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affect the analysis and interpretation of the data set. For example, the arithmetic mean is highly affected by
the presence of outliers. Median may be a good measure of average in such a situation. In case of one- and
two-dimensional data points one can have an idea about suspicious outlier observations through graphical
representation. As far as numerical measures are concerned, one may discard the observations from the ana-
lysis which lie outside the limits (μ±3σ), where μ and σ, respectively, are the mean and standard deviation of
the data set.

Outliers can also affect regression of variables. Superensemble methodology is based on regression of vari-
ables. As a result, one should take care of this outlier issue whenever the superensemble is constructed.
Lacking that one may have misleading results. The diagnostic measure known as Cook’s D (or Cook’s
Distance [Cook, 1979]) can be used to identify potential outliers in case of regression.

Let us consider the regression of Y on X1, X2, …, Xp on the basis of the set of observations yi, x1i , x2i ,…,
xni ; i= 1, 2,…, n. Then the ith data point may be treated as an outlier if Di≥4 n� pþ 1ð Þf gwhere

Di ¼

Xn
j¼1

yj � yj ið Þ
� �2

pþ 1ð Þs2 ; i ¼ 1; 2;…; n

and s is the root mean square error;
yj is the regressed value of Yj using all observations; and
yj(i) is the regressed value of Yj using all observations except the ith.

One may take decision, regarding the suspicious outlier, just by performing the regression with or without
the point of concern and examining the difference between two. If the difference is substantial take the deci-
sion accordingly otherwise it may be ignored. The best strategy is to examine the distribution of Cook’s D.

Appendix B: Statistical Downscaling

Given the forecasts of precipitation from a number of forecast models, our downscaling for model precipita-
tion follows three steps.

1. Coarse resolution precipitation data from various models are bilinearly interpolated to the grid resolution
of the observed data sets. This is done for each day of forecast for each model, where “daily rain” refers to
24 h precipitation accumulation between 12:00 UTC on the first day and 12:00 UTC the next day.

2. A time series of the interpolated rain is made for each model at every grid point and for each day of fore-
cast separately (i.e., the string of day 1 forecasts). The same procedure is followed to generate strings for
the day 2, 3, 4, and 5 forecasts. For each forecast lead time a string of high-resolution, rain gauge-based
rainfall observations are needed. This provides an observational string.

3. The downscaling strategy involves a linear regression of the time series of the data at each grid point:

Yi ¼ aXi þ b

where Xi is the rainfall forecasts (separately handled for each day and that had been subjected to bilinear
interpolation) and Yi is the observed counterparts, a is slope and b is intercept.
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Glossary

AIRS: It stands for Atmospheric Infrared Sounder.
AIREP: It refers to commercial aircraft flight level winds (AIREceaft

wind rePort).
AMSR-E: It stands for Advanced Microwave Scanning Radiometer

for the Earth Observing System, a microwave radiometer.
AMSUA(B): It stands for AdvancedMicrowave Sounding Unit (AMSU), a

multi-channel microwave radiometer. AMUSA and AMUSB
are differentiated by the number of observations per day
and channels.

ANOMALY CORRELATIONS: This is a correlation of the observed and the predicted
anomalies for any variable.

APHRODITE: It is water resource project from Japan named as Asian
Precipitation - Highly Resolved Observational Data
Integration Towards Evaluation.

APPARENT MOISTURE SINK: This is the opposite of a moisture source that a parcel of
air experiences. Apparent heat source: This is the net
diabatic heating that a parcel of air experiences.

BIAS CORRECTION: This is used in the context of correction of persistent
systematic errors of a model.

CLOUD ENSEMBLE: A family of clouds of different size that are geographically
close to each other.

CLOUD ENVIRONMENT’S DESTABILIZATION: This is a destabilization of a cloud environment largely
affected by radiative processes.

CLOUD FRACTIONS: In a finite area of a few 1tens to a hundred kilometer
square, one asks what fraction is occupied by clouds.

CLOUD FREE PIXELS: The pixel is the smallest area that a satellite can see. One
counts the number of cloud free pixels in a finite area of a
few tens to a hundred kilometer square.

CMIP: It stands for ClimateModel Inter-comparison Project. CMIP3
and CMIP5 were named for the model ensemble for the
Intergovernmental Panel on Climate Change’s fourth
assessment report released in 2010/2013, respectively.

CMORPH: It is a global rainfall product based on CPC MORPHing
technique.

CSI: It is a skill matric based on probabilistic scores of hits and
misses and stands for Critical Success Index.

CUMULUS PARAMETERIZATION SCHEME: Since the model cannot simulate the details of clouds one
utilizes a representation of clouds’ effects on the larger
scale by empirical physical reasoning.

CYGNSS: It stands for Cyclone Global Navigation Satellite System and
will be used to improve the extreme weather prediction.

DATA ASSIMILATION: Weather observations from ground- and space-based
observing sites are analyzed in conformity with the
model’s dynamics and physics.

DEMETER: A project developed by ECMWF to execute many coupled
models on a same architecture of machine with same
initial condition named as Development of a European
Multimodel Ensemble system for seasonal to inTERannual
prediction.

DETERMINISTIC FORECAST: This is usually a forecast made by a single model and tells
you what to expect from it in a deterministic sense.

Reviews of Geophysics 10.1002/2015RG000513

KRISHNAMURTI ET AL. MULTIMODEL SUPERENSEMBLE FORECASTS 371



DIAGNOSTIC AND PROGNOSTIC CLOUDs: These respective definitions of clouds for radiative transfer
computations can be empirical, just based on prevailing
relative humidity, or they could be explicitly handled.

DIRBU: It is an acronym for DRIfting Buoy used by WMO.
DJF: It stands for winter season, December-January-February.

DOWNSCALING: The forecast values at a coarser resolution are dynamically
or statistically scaled down for a higher resolution.

DYNAMICAL AND STATISTICAL DOWNSCALING: These are two well-known ways for downscaling.
EL Niño: The 4 to 6 year cycle of warm and cold sea surface

temperatures of the equatorial Pacific ocean.
EMPIRICAL ORTHOGONAL FUNCTION (EOF): It is a statistical method based on orthogonality of functions

and is used here for the spatial decomposition of fields.
EQUITABLE THREAT SCORES (ETS): A skill metric based on the probability of rainfall forecasts,

which is used to verify rainfall forecasts in NWP. It depend
on hits.

ENSEMBLE MODELING: A forecast where the forecasts from a suite of models is
combined.

ENSEMBLE MEAN (EM): Simple mean of forecasts of a suite of models
ENSO: El-Niño–Southern Oscillation.

EXTREME EVENTS: Extreme winds (well above normal) and extreme rains are
usually classified as extreme events. This could also
include long-lasting severe dry spells.

GMS: It stands for Geostationary Meteorological Satellite.
GOES-R: It is Geostationary Operational Environment Satellite-R

series.
GPS-RO: It stands for Global Positioning System Radio Occultation.

HIRS: It is a Nimbus-6 High Resolution Infrared Sounder launched
in 1975 for temperature soundings.

IASI: It stands for Infrared Atmospheric Sounding Interferometer.
INNER CORE DYNAMICS: This relates to the salient dynamics of the inner core of the

hurricane’s strong winds, eye wall, and heavy rain region.
INTENSITY FORECASTS: Hurricane intensity is measured by skills of minimum

surface pressure or maximum winds (at the 10m level).
IOD: Refers to the Indian Ocean Dipole of sea surface

temperature anomalies.
ISCCP: It stands for International Satellite Cloud Climatology

Project and is a portal for all kinds of clouds.
JJA: It stands for summer season, June-July-August.

LEAST SQUARE MINIMIZATION: A method in which the sum of the squares of the errors is
minimized, where the error is a difference between
observed value and model forecast values.

MAM: It stands for spring season March-April-May.
MEDIUM RANGE FORECASTS: This refers to forecasts in the time frame of a week to

10 days.
METEO: It is a European geostationary satellite that provides cloud

track winds.
MHS: It stands for Microwave Humidity Sounder.

MICROPHYSICS: An area of physics where cloud properties such as rain,
ice, snow, grauple, and their interactions with the rest of
dynamics and physics are modeled and measured from
detailed observations.

MODEL BIASES: Forecast models carry large systematic errors: too strong or
too weak winds, moisture, temperature, or even pressure;
these types of behavior of a model are called biases.
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MODEL PHYSICS: Physical processes defined within a forecast model.
MODEL RESOLUTION: The horizontal and vertical separation between grid

points (in three dimensions) for a forecast model.
MONTE CARLO METHOD: Scaled random numbers (whose largest magnitudes are

about the same as the typical observational errors for
any variable) are simply added to a single initial state to
generate a number of initial states. Those in turn
provide a host of ensemble forecasts. This is the premise
of the Monte Carlo method used in this study.

MONTE CARLO TYPE INITIAL PERTURBATIONS: Addition of a host of scaled random numbers to define
several perturbed initial states for carrying out ensemble
forecasts.

MTSAT: It is a series of geostationary satellite known as Multi-
functional Transport Satellite.

MSG: It stands for Meteosat Second Generation.
MULTIMODELS: A group of weather or climate models.

MULTIMODEL FORECAST: A consensus forecast based on the forecast issued by
many models.

NASA TRMM: A joint venture of NASA-USA and Japan Aerospace
Exploration Agency (JAXA)-JAPAN for rainfall estimates;
this covers the belt 50°S to 50°N.

NINO 3/4 REGIONS: A region over the equatorial Pacific Ocean where the sea
surface temperatures tag the presence, absence or the
intensity of an El Niño.

NOGAPS: Navy Operational Global Atmospheric Prediction System
NWP: Numerical Weather Prediction; deals with the prediction

of weather for 2–7 days in advance.
O3: Chemical formula of Ozone.

OBS: This acronym is used for OBServational data sets.
OPERATIONAL FORECAST: Regular forecasts made by a real-time forecast group

(government or private).
OUTLIER: When an ensemble of forecasts is made, many forecast

values form a cluster, but there are always values that
lie well outside the cluster, called the outliers. Tagging
and removing outliers are a part of the ensemble
modeling.

PATTERN CORRELATION: The horizontal area average of the correlation between
the forecast and observed features provides a pattern
correlation within that domain.

PHYSICAL PARAMETERIZATION SCHEMES: Parameterization schemes such as planetary boundary
layer schemes.

PILOT: It is used for pilot balloons in meteorology.
POAMA: It stands for Predictive Ocean Atmosphere Model for

Australia.
PREDICTAND: In multiple linear regression the predictand usually is on

the left hand side and is the variable to which others
(on the right-hand side) are regressed to.

PREDICTORS: This refers to the variables that are on the right-hand side
of a regression equation. These end up predicting the
most likely value of the predictand.

PRINCIPAL COMPONENT ANALYSIS (PCA): PCA is a statistical method that converts a set of
correlated variables to a set of uncorrelated variables
by orthogonal transformation and is used here for the
temporal variations.
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PROBABILISTIC FORECASTS: This is the opposite of a deterministic forecast; here
probabilities are calculated and assigned for the
occurrence of an event such as rain.

RADIATIVE TRANSFER SCHEMES: The forecastmodels assess the roles of long- and short-wave
radiation in the presence of clouds, aerosols, and dust; there
are various ways for that representation of radiative transfer.

REGRESSION: A well-known statistical technique to estimate the
relationship among variables and for using that
relationship for prediction.

RMS ERROR: Root-mean-square error with respect to a spatial or
temporal mean.

SATELLITE DATA ASSIMILATION: Data assimilation where satellite-based measurements
are used in a model.

SCAT: It is adapted from SCATterometer.
SEASONAL CLIMATE FORECASTS: Forecasts a season in advance.

SINGLE UNIFIED MODEL: A model that provides different weights to the various
physical parameterization schemes within one model.

SKILL METRICS: The validation of forecasts is done using skill metrics that
assess comparisons of model-based and observational
counterpart products.

SPATIAL RESOLUTION: The models use a horizontal grid separation of so many
kms; that is the spatial resolution of the model.

SSMI: It stands for Special Sensor Microwave Imager, a passive
microwave radiometer sensor board on orbital satellite
since 1987. It measures surface wind speed, rain rate,
and many more atmospheric variables.

SST: It stands for sea surface temperatures.
STABILIZATION OF WEIGHTS: An optimal length for the number of days is needed for the

superensemble weights during the training phase; those
minimal days are needed for the stabilization of weights.

SUPERENSEMBLE (SSE): This combines the forecasts of a suite of models using a
regression routine where the model forecasts are
regressed against the observed values during a training
phase to determine weights. Those weights (some 10
million of them) are used in the forecast phase to
combine member model forecasts.

SYNOP: It is a numerical code for surface SYNOPtic observations.
SYNTHETIC SUPERENSEMBLE (SSE): Used for climate forecasts, where the spatial structure of

forecasts is provided by the observed empirical
orthogonal functions during the training phase of
superensemble forecasts. The temporal structure is
defined by principal components of forecasts.

SYSTEMATIC ERRORS: Time or space mean of errors (forecast values minus the
observed estimates) is usually called the systematic error.

TELECONNECTIONS: Distant interrelationships ofweather events, such as Darwin
minus Tahiti sea level pressures (Southern Oscillation Index)
relate to Indian monsoon rainfall behavior for a season.

TEMP: It is ground based radiosonde data sets for the vertical
profiles of temperature, wind, and specific humidity.

TEMPORAL RESOLUTION: Model resolution in time.
TIGGE: This is the portal of global forecasting models for NWP

forecasts established by World Meteorological
Organization in 2003. It stands for the THORPEX
Interactive Grand Global Ensemble.
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TRACK ERRORS: Hurricane track forecast errors.
TRAINING PERIOD: Where weights are being calculated using recent past

forecasts from a suite of member models.
TRMM: The Tropical Rainfall Measuring Mission was a satellite to

measure the tropical rainfall and a joint mission
between NASA and the JAXA (Japan Aerospace
Exploration Agency). TRMM3B42 is a product of TRMM
for 3 hourly rainfall data sets.

UNIFIED MODEL: It combines the features of different forecast models to
arrive at a superior single unified forecast model.

WEIGHTS: For NWP and seasonal climate forecasts we generate
close to 10 million weights. These weights come from
the training phase forecasts of the superensemble.
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