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ABSTRACT

This study addresses seasonal forecasts of rains over India using the following components: high-resolution
rain gauge—based rainfall data covering the years 1987-2001, rain-rate initialization, four global atmosphere—
ocean coupled models, a regional downscaling of the multimodel forecasts, and a multimodel superensemble
that includes a training and a forecast phase at the high resolution over the internal India domain. The results
of monthly and seasonal forecasts of rains for the member models and for the superensemble are presented
here. The main findings, assessed via the use of RMS error, anomaly correlation, equitable threat score, and
ranked probability skill score, are (i) high forecast skills for the downscaled superensemble-based seasonal
forecasts compared to the forecasts from the direct use of large-scale model forecasts were possible; (ii) very
high scores for rainfall forecasts have been noted separately for dry and wet years, for different regions over
India and especially for heavier rains in excess of 15 mm day ™ !; and (iii) the superensemble forecast skills
exceed that of the benchmark observed climatology. The availability of reliable measures of high-resolution
rain gauge-based rainfall was central for this study. Overall, the proposed algorithms, added together, show
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very promising results for the prediction of monsoon rains on the seasonal time scale.

1. Introduction

Prediction of the seasonal climate of the Asian mon-
soon has been a challenging scientific problem. Gilbert
Walker’s (Walker 1923, 1924) pioneering works were
the first studies on the ENSO-monsoon relationship. In
those studies, a higher- or lower-than-normal sea level
pressure over the western equatorial Pacific was used to
assess the monsoon rains of a subsequent season over
India. Over the last 20 yr many efforts have been made
on the seasonal climate forecasts of the Asian summer
monsoon. These are referenced in the special volumes
on monsoon meteorology by Chang and Krishnamurti
(1987), Chang (2004), Chang et al. (2005), Wang (2006),
and others. This progress has been in three areas of re-
search that include statistical extensions of Gilbert
Walker’s work, dynamical modeling, and in the area of
combined dynamical-statistical modeling.
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The India Meteorological Department (IMD) has
used multiple preseason statistical predictors to provide
seasonal forecasts of the Indian summer monsoon rain-
fall (Gowariker et al. 1991; Thapliyal and Kulshrestha
1992; Rajeevan et al. 2004, and others). These studies
utilized parameters such as Eurasian snow cover, the
Nifio-3 SST anomaly, the Europe pressure gradient,
the South Indian Ocean SST index, etc., as predictors.
The primary goal of these multipredictor statistical
models is to forecast the seasonal mean monsoon rain-
fall averaged over the Indian region.

Current dynamical models involve monsoon forecasts
from coupled atmosphere—-ocean global climate models
(Yang and Anderson 2000; Krishnamurti et al. 2002;
Palmer et al. 2004; Kumar et al. 2005; Wang et al. 2005;
Krishnamurti et al. 2006b, and others). Some improved
seasonal forecasts by the dynamical method have been
possible from the use of a suite of multiple forecasts.
These were based either for single models (utilizing mul-
tiple initial conditions) or from the use of multimodel
(Peng et al. 2002; Palmer et al. 2004; Krishnamurti et al.
2006a; Chakraborty and Krishnamurti 2006). Statistical
postprocessing of seasonal monsoon forecasts from multi-
models utilizing approaches like ensemble mean, su-
perensemble, and from other cluster averaging have
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defined the current state of art in this area. These
statistical-dynamical combinations have provided im-
provements over those possible for the use of single
atmosphere-ocean coupled climate models (Brankovic
et al. 1990; Brankovic and Palmer 1997; Sperber and
Palmer 1996; Stephenson et al. 2005). The horizontal
resolution used in most of these models has generally
been of the order of 100250 km. This had the limitation
for predicting the regional climate needed for the
provinces of India (Gadgil and Kumar 2006).

Categorical forecasts using ensemble of simulations
(either from a single model with multiple initial condition
or from multiple models) is one approach for forecasting
extreme events. Rajagopalan et al. (2002) used this ap-
proach to forecast precipitation and temperature over the
globe on a seasonal time scale. Regonda et al. (2006)
initiated a new approach for categorical streamflow fore-
cast using leading modes of principle components of the
flow and large-scale climate variables. Logistic regres-
sion between different parameters is another approach
for forecasting extreme events (e.g., Hamill et al. 2004).

Higher-resolution forecasts of monsoon climate can
be approached from the direct use of a suite of meso-
scale models (Ji and Vernekar 1997; Vernekar and Ji
1999) or from the deployment of downscaling strategies
(e.g., Misra and Kanamitsu 2004; Tripathi et al. 2006;
Anandhi et al. 2008). A direct use of observed high-
resolution precipitation estimates is possible in the con-
text of downscaling for coupled climate modeling. This
is the main objective of this study. Krishnamurti et al.
(2009, hereafter Part I) used a suite of atmospheric models
for medium-range numerical weather prediction. In this
study we propose a two-step approach for the prediction
of monthly to seasonal monsoon precipitation in a re-
gional scale over the Indian domain. At first, a down-
scaling strategy is used to obtain precipitation forecasts
from coupled climate models at the resolution of a new
rain gauge-based dataset. The next step is to use the
superensemble methodology (Krishnamurti et al. 1999)
to construct a consensus forecast from these downscaled
model forecasts that usually provides higher skills than
the individual member models and their ensemble mean
for seasonal climate prediction (Krishnamurti et al.
2000b; Stefanova and Krishnamurti 2002; Chakraborty
and Krishnamurti 2006). The next section describes the
models and datasets used in this study. The downscaling
strategy is detailed in section 3. The superensemble
methodology and the coupled assimilation procedure
are described in sections 4 and 5, respectively. Section 6
outlines the seasonal forecast experiments. The results
are illustrated in section 7. The main findings of this
study are summarized in section 8 with a note about
future work.
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TABLE 1. Four versions of the FSU global coupled climate models
and their nomenclature used in this paper.

Model Radiation scheme Convection scheme
ANR  New, based on Arakawa-Schubert
band model (Grell 1993)
AOR Old, based on Arakawa-Schubert
emissivity—absorptivity (Grell 1993)
KNR New, based on Modified Kuo
band model (Krishnamurti et al. 1980)
KOR Old, based on Modified Kuo

emissivity—absorptivity (Krishnamurti et al. 1980)

2. Models and datasets

Four versions of the coupled Florida State University
(FSU) General Spectral Model (GSM) were used in our
study. These models vary from each other in the pa-
rameterization of radiation and convection. Two radia-
tion schemes, one based on band model (referred as
new in this paper) and the other based on emissivity—
absorptivity (Krishnamurti et al. 2002, referred to as old
in this paper) were used in combination with two dif-
ferent convection schemes (viz., the Arakawa—Schubert
and the Kuo). The Arakawa—Schubert scheme is a sim-
plified version of the original scheme (Arakawa and
Schubert 1974) by Grell (1993). The Kuo convection
scheme used in our study was based on Krishnamurti
et al. (1980) and Krishnamurti and Bedi (1988), which is
a modified version of the parameterization introduced
by Anthes (1977). Table 1 lists these features of the four
models and their nomenclature used in this paper. De-
tails of the FSU coupled model are given in Larow and
Krishnamurti (1998).

The atmospheric component of the model has a
spectral triangular truncation at wavenumber 63 (T63),
which corresponds to a horizontal grid spacing of roughly
1.875°. It has 14 vertical sigma levels with more closely
spaced levels near the surface and tropopause. The ocean
model is a version of the Hamburg Ocean Primitive
Equation global (HOPE-G) model (Wolff et al. 1997),
which uses the Arakawa E grid. The horizontal resolu-
tion of the ocean model is 5° in longitude and 0.5°-5.0° in
latitude with higher resolution near the equator. The
ocean was first spun up for 11 yr with observed wind and
SST. Next, a coupled assimilation procedure was used to
create oceanic initial conditions for the coupled forecast
by the FSU-GSM. Details of this assimilation procedure
is provided in section 5.

The primary observational dataset that is used in this
study was prepared by the National Climate Centre of the
IMD, Pune, India. As many as 2140 rain gauge-based
precipitation observations over India were used to obtain
a1.0° X 1.0° gridded datasets (Rajeevan et al. 2006). The
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FIG. 1. (a) Grid-by-grid relationship between CMAP and IMD precipitation over 7.5°-27.5°N, 67.5°-97.5°E during all the months of
1987-2001. The linear relationship between these two datasets is indicated. (b),(c),(d) January and July climatology of CMAP and IMD
precipitation during 1987-2001. The spatial correlation between these two datasets is indicated for IMD.

spatial interpolation procedure from the irregularly spaced
rain gauge network to equal angle grid was adapted from
Shepard (1968). The temporal resolution of this pre-
cipitation dataset is 1 day, and available from 1950 to
2004. This is a long and comprehensive dataset available
for studies of monsoons over the Indian region at dif-
ferent time scales (Rajeevan et al. 2006). In this study,
we have created a monthly mean dataset for the period
1987-2001 from this daily IMD observations. This pe-
riod was constrained by the availability of the coupled
model datasets. However, there were 6 yr during this
15-yr period when the Indian region experienced sea-
sonal precipitation far from the normal. And the years
1987, 1988, 1994, and 2000 were extreme among those
6 yr. We have shown, in this manuscript, the forecast
skill during all individual extreme years.

The coarse-resolution (2.5° X 2.5°) monthly mean pre-
cipitation was obtained from the Climate Prediction
Center (CPC) Merged Analysis of Precipitation (CMAP;
Xie and Arkin 1997). Forecasts from member models
were averaged to the CMAP grid to calculate their skills
before downscaling. Figure 1 shows the comparison
between these two observational datasets used in our
study. In Fig. 1a, the grid-by-grid relationship between
CMAP and IMD precipitation over the Indian region
(7.5°-27.5°N, 67.5°-97.5°E) is shown for all the months
during 1987-2001. Since CMAP and IMD grids are
different in resolution, the IMD grid (higher resolution)
was regrided to the CMAP grid (lower resolution) using
a box averaging procedure (averages over all the frac-
tional grids of IMD those fall within a CMAP grid). It is
to be noted that IMD precipitation is slightly higher
compared to CMAP precipitation over most of the
precipitation ranges. This could be due to differences in
observational sources as well as the resolution between
these two datasets. CM AP uses satellite, radar, and rain

gauge observations to construct their monthly mean
precipitation product (Xie and Arkin 1997). However,
IMD-based precipitation is only based on dense rain
gauge observations (Rajeevan et al. 2006). The linear
relationship between these two datasets is indicated in-
side Fig. 1a, which shows that there is almost no constant
bias between precipitation obtained from CMAP and
IMD (intercept = 0.07 mm day ). On the other hand,
the CMAP precipitation has to be scaled by a factor of
1.17 to match the IMD rainfall on the same grid.

Figures 1b-e show the climatology of January and
July precipitation over the Indian region from CMAP
and IMD observations. The spatial correlation between
these two datasets is indicated inside the respective
panels. During January, CMAP shows higher precipi-
tation at the southernmost tip of the Indian peninsula
compared to the IMD datasets. On the other hand,
during July, the IMD datasets show higher precipitation
over the west coast of India and over the northeast
Indian region compared to the CMAP. However, the
overall spatial pattern between these two datasets is
similar during both the months (spatial correlations of
0.77 and 0.67, respectively, during January and July).
Therefore, it can be concluded that these two datasets
are close enough to compare skill scores between coarse
resolution and downscaled model forecasts.

3. The downscaling strategy

Our downscaling strategy is as follows. We started
with monthly mean datasets at 2.5° X 2.5° resolution
from four FSU models, and monthly mean datasets at
1.0° X 1.0° resolution from IMD observations. The
common time period of these datasets is 1987-2001.
Now, the coarse-resolution model precipitation over the
Indian monsoon region was bilinearly interpolated to
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the higher-resolution grid of the observed IMD precip-
itation:

M' = Interp(M), (1)

where Interp() is the bilinear interpolation operator and
M is the model forecast field. This provided 1.0° X 1.0°
resolution interpolated datasets from the four models
during each month of 1987-2001 (15 yr). Next, all the 12
months of the first year of model forecasts were kept
aside and the rest of the 14 yr of data, once for each
month and each grid, were used to calculate coefficients
of the following equation:

O=aM'+b+e, )

where O and M’ are the observed and interpolated
model forecast of rainfall on that grid, respectively; a
and b are regression coefficients (the slope and intercept
of the linear fit, respectively); and € is the error term. The
regression procedure is a least squares linear fit that
minimizes the absolute value of the error term (|el).
Once these regression coefficients (¢ and b) are ob-
tained, they are used in the forecast year to calculate
downscaled model precipitation:

M" = aM’ +b, (3)

where M" is the downscaled forecast of the model [other
symbols are same as in Eq. (2)]. Note that, in the above
equation, the values of @ and b are obtained from the
least squares linear regression described by Eq. (2).
Hence, one set of coefficients are calculated for every
grid point and for every month of the year. The entire
procedure is repeated for every year of the 15 yr of da-
tasets (cross validation; Déqué 1997). This spatial and
seasonal dependency in regression coefficients is nec-
essary to take into account the regional and seasonal
variation of the model skills in predicting monthly pre-
cipitation over India. This downscaling strategy, when
applied to every grid in the domain of interest, corrects
model bias over numerous regions such as orography,
vegetation, land-sea boundary, etc. This is mainly pos-
sible because the observed precipitation datasets is rain
gauge based and is free from any error arising from those
factors.

4. Superensemble methodology

The superensemble methodology (Krishnamurti et al.
1999, 2000b) combines multiple model forecasts based
on their past performance to make a consensus forecast.
To obtain the past performance, the forecast time series
is divided into a training period and a forecast period.
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The model forecasts are regressed in the training period
with the observed counterpart to obtain weights:

train

; (S, — O, )

t

G=

where G is the error term that is minimized to obtain the
weights, Niain 1s the length of the training dataset, and
S7 and O; are the superensemble and observed field
anomalies, respectively, at training time . The outcome
of this regression is statistical weights a; (i = 1,2, ..., N;
N being the number of models) assigned to every model
in the suite. These weights are then passed on to the
forecast phase to construct superensemble forecast:

N
$=0+ a(r, ), ®
i=1

where O is the climatology of the observed field, and F;
and Fi are the forecasts and forecast climatology, re-
spectively, for the ith model. The summation is taken
over the N-member models in the suite. The observed
and model climatology fields are the mean over the
training period during every calendar month. The co-
efficients are estimated my minimizing the error term of
Eq. (4). This method is illustrated in Fig. 2a. The su-
perensemble differs from the conventional bias-removed
forecasts in the assignment of weights to the member
models. In the bias-removed forecast, an equal weight of
1/N is assigned to every model where N is the total
number of models. For the superensemble, model
weights are based on their performance in the training
phase, and can even attain a negative value if the model
anomalies are negatively correlated with that of the
observation in the training phase (Chakraborty et al.
2007). Moreover, for the superensemble, the weights vary
geographically, which takes into account the regional
variation of skills of the member models. This varied
weights leads to a better forecast by the superensemble
compared to the bias-removed ensemble mean forecasts
(Stefanova and Krishnamurti 2002; Chakraborty and
Krishnamurti 2006).

The seasonal climate forecasts of the superensemble
uses a variation of the above, which was shown to have
performed better than the conventional superensemble
methodology (Yun et al. 2005). In this variation, syn-
thetic forecasts for each of the member models are
created from their original forecast time series using
linear regression with their observed counterpart in the
EOF space. This methodology is as follows.

The observed time series are expanded in terms of
principal component (PC; in time) and empirical or-
thogonal function (EOF; in space):
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FIG. 2. (a) Superensemble methodology and (b) the coupled assimilation procedure for the FSU global atmosphere—ocean
coupled models.

M
O, 1) = ];Pk(t) LD, (), ©6)

where P; denotes the PC time series; ®; is the EOF
component of the kth mode, which is a function of space
alone; and M is the number of modes selected. The
number of modes corresponding to 99% of the variance
in the original data are retained in our expansions. This

corresponds to about 85 PC components both in the
model forecasts and in the observed datasets. It was noted
that the forecast is not sensitive to the number of modes
as long as it explains more than 95% of the total variance.
Choice of the number of modes those correspond to less
the 95% of the total variance in the dataset introduced a
large error in the synthetic superensemble forecast. The
skill of the synthetic superensemble thus created did not
exceed that of the conversional superensemble.
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Similar to the observed, the model datasets are also
expanded:

M
Fw 0= 2 F, 00,0, ()

where i denotes the ith model in the suite, F;  is the PC
time series for the kth mode of the ith model, and ¢, 4 is
the EOF.

Now, every mode of the PC time series of the models
are regressed against the corresponding observed coun-
terpart to obtain weights for each model. In this proce-
dure, the kth mode of the PC time series of the
observation is written as a linear combination of that of
the member models:

N
P.(1) = ;ai’kFi’k(t) e ®)

where i is the ith member in the ensemble, «; is the
weight to the ith model for mode k, and ¢; is the error
term. The weights («;,) are estimated using multiple
linear regression that minimizes the variance of the er-
ror E(¢?,). The regression-obtained PC time series thus
obtained can be written as
Fig () = o, Fyy (o).

These, when combined with the spatial EOF, provides
the synthetic forecast dataset:

M
PP = FFOR, ©)

where ®;(x) denotes the EOF components of the ob-
servation. The above exercise is repeated for every
model in the ensemble. To forecast a particular year, we
have used the entire model forecast time series. How-
ever, the observational data for that year was substituted
by the ensemble mean of the member models. This was
required to remove any dependency of the results with
available observation during the forecast year. The syn-
thetic dataset thus obtained is sent to the original super-
ensemble algorithm for final superensemble forecast.
Further details of this methodology are provided in Yun
et al. (2005), Krishnamurti et al. (2006b), and Chakraborty
and Krishnamurti (2006). It has been shown in these
studies that for seasonal climate forecasts the synthetic
superensemble methodology performs better than the
conventional superensemble methodology. In this paper
we will use the term superensemble to refer to synthetic
superensemble.
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5. Coupled assimilation

Prior to the start of each seasonal forecast we in-
clude a coupled assimilation. This procedure, based on
Krishnamurti et al. (2000a) is outlined in Fig. 2b. This
includes the following steps.

a. Oceanic spinup

The ocean state undergoes a spinup where 11 yr
(1976-86) of monthly mean observed surface winds
[obtained from the 40-yr European Centre for Medium-
Range Weather Forecasts (ECMWF) Re-Analysis
(ERA-40)] and monthly mean SSTs (based on Reynolds
and Smith 1994 datasets) were used. This component of
ocean data assimilation is carried out using a continuous
Newtonian relaxation technique (Krishnamurti et al.
2000a). This spinup generates ocean currents, oceanic
temperature, and distributes the salinity fields in three
dimensions that acquire an equilibrium, with respect to
the prescribed surface wind stress and the SSTs. This
feature of the modeling does not assure an equilibration
for the deeper oceans that may require much longer time
scales (compared to 11 yr). Because the upper oceans are
considered more important for seasonal forecasts (of
monsoon), this may not be a major limitation.

b. Coupled assimilation

Daily coupled assimilation follows the 11-yr spin-up
phase. This is a continuous assimilation that covers the
period 1987-2001. The atmospheric part of the coupled
assimilation follows our previous study Krishnamurti
et al. (1991). Here we include a physical initialization of
observed rainfall based on Tropical Rainfall Measuring
Mission (TRMM) data files from Kummerow et al.
(1998). The ECMWF datasets provides all of the gridded
initial variables such as the wind components u, v, and ¢,
and the temperature, humidity, and surface pressure
distributions. The atmospheric spinup is done using a
Newtonian relaxation of these base variables con-
strained to the physical initialization of the improved
rain rates. The Newtonian relaxation calls for hard and
soft nudging for different variables to enable the model
to essentially retain the rotational part of the wind from
the ECMWF data analysis at the end of our assimilation.
However, it permits the other fields such as humidity,
surface pressure, vertical motions, and diabatic heating
to adjust to the imposed rains. This coupled assimilation
is shared by all of the member models of our suite.

6. Seasonal forecast experiments

Seasonal forecasts with the four FSU coupled models
are performed for the years 1987-2001. Two forecasts
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per month, one starting at the middle and the other
starting at the end of each month were carried out for
each of the four member models. This study uses the
model outputs that started only at the end of a month
during our study period. The oceanic initial condition
was taken from the output of the coupled assimilation
phase. The atmospheric initial condition was obtained
from ECMWEF 0.5° X 0.5° analysis datasets. The length
of each forecast was 90 days. Forecast fields averaged
from days 1 through 30 is termed as month 1 in this
study. Months 2 and 3 of forecasts follow similarly. The
string of all month-1 forecasts from January 1987 to
December 2001 (180 time points) constitute the month-1
forecast time series in our study. Similarly, month-2
forecast time series start on February 1987 and end on
January 2002, and month-3 forecasts start on March
1987 and end on February 2002.

In this paper we will illustrate forecast skills of the
models, their ensemble mean, and the superensemble
before and after downscaling. All model forecasts
before downscaling were interpolated to a common
2.5° X 2.5° grid to compare with the CMAP datasets.
The ensemble mean and the superensemble forecasts
were created from these 2.5° horizontal resolution,
monthly forecast time series. These forecast prod-
ucts are referred as coarse resolution or CRes in this
paper.

To construct downscaled forecasts, the monthly mean
datasets from every model were first downscaled using
the proposed algorithm to the 1.0° horizontal resolution
grid. Next, this downscaled forecast time series from
the models were used to calculate downscaled ensemble
mean and superensemble forecasts. The downscaled
forecasts are termed DScl in this paper.

7. Results
a. Skills of uninterpolated and interpolated rainfall

Prior to the statistical downscaling we bilinearly inter-
polated the model forecast rains from a 2.5° X 2.5°
longitude-latitude grid to a 1.0° X 1.0° longitude-latitude
grid. These two products, the uninterpolated and the
interpolated rains, were compared with the CMAP- and
IMD-based precipitation estimates, respectively. The
15 yr (1987-2001) climatology of coarse resolution (2.5°)
and interpolated (1.0°) forecasts of precipitation for
month 2 during July and December from the four
member models are illustrated in Figs. 3a—t. The RMS
errors (in mm day ') of the precipitation climatology
for this month along with months 1 and 3 of forecasts are
shown in Figs. 3u—z. The RMS errors were calculated
using the following equation:
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RMS error = (10)

N
1 2
— F.—O.

N;( t ’)’

where F; and O; are forecast and observed fields, re-
spectively, at the ith grid point. Here N is the total number
of grid points in the domain. There are some obvious
model to model differences in these 15-yr averages. The
uninterpolated model precipitation has RMS errors in the
range of 1.4-6.4 (1.9-6.1 for month 2) mm day ' (when
verified against the CM AP rains). The interpolated rains
are essentially the same fields as the uninterpolated ones
and these have RMS errors of the order of 1.5-13.6
(1.9-13.4 for month 2) mm day ' for months 1, 2, and 3
of forecasts. The IMD rains were used here as the bench-
mark for this higher resolution. These large errors arise
because the IMD rain gauges measure extreme local
rains (e.g., high along the west coast and low in the rain
shadow region of south-central India). Those levels of
high or low local rains are not predicted by large-scale
models. When this large-scale-averaged precipitation by
the coarse-resolution models is interpolated to finer
grids, it leads to higher RMS errors because the spatial
variability of high-resolution precipitation within the
large-scale grid is not captured by the interpolation
procedure. The reason why we are presenting these is to
show in a later section of the paper that this same prod-
uct that carries these large local errors can be very much
improved by deploying a statistical downscaling and a
multimodel superensemble based on these downscaled
member models.

b. Spatial distribution of downscaling coefficients

The coefficients a and b of the linear regression [Eq. (2)]
that relates interpolated model-predicted rainfall against
the high-resolution observed IMD counterpart provide
useful information for the systematic errors of each
model. A slope of 1.0 would imply that the large-scale
model has rain equal to the high-resolution rain of IMD
at all rainfall rates after removing the constant bias (the
intercept b). The slope of 1.0 also conveys that the rate
of change of model rain is consistent with that of the
observed. A faster (slower) rate of change of rain by the
model implies aslope 0 <a <1 (a >1). A negative value
of a indicates that model rain is lower (higher) then
observation in the high (low) observed precipitation
range. On the other hand, b implies the constant bias of
the model compared to the observation at any precipi-
tation range. A positive (negative) value of b indicates
that the model rain was lower (higher) compared to the
observation.

The spatial distribution of the slope and intercept
(a and b) during July and December for month 2 of
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0 1

forecasts for the four member models are presented in
Fig. 4. The distribution of the coefficients are quite dif-
ferent during summer and winter seasons because of the
nature of the rainfall. The large convective rain of the
summer season is systematically underestimated by all
of the models over most of this domain. Those under-

4

16

32

estimates are strongly reflected in the intercept b, which
carries values as high as 16-32 mm day~'. The large-
scale model rain interpolated to a fine mesh need
such large corrections locally to arrive at the level of
the heavy observed convective rains. There is a sys-
tematic overestimation of rains at all ranges (0 <a <1)
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over south-central India by the model that utilized the
Arakawa—Schubert cumulus parameterization scheme
for its convection and a band model for its radiative
transfer (ANR). This feature is less pronounced in the
other models. There are many smaller-scale features in
the slope alternating between = 1. This arises because of
the smoother larger scales of model rains and heavier
mesoscale features of the observed rains. In the steep
orographic regions of the Himalayas, some models carry
large errors of the order of 16-32 units for the slope
parameter, these are indicative of underestimates of
heavy orographic rains by the large-scale models where
the observed rains have been much larger intensity.

The four models carry somewhat different fields of the
slope a during December (Fig. 4, third and fourth rows).
The ANR model carries a positive slope (0 to +1) over
north of 30°N and a negative slope (0 to —1) south of
30°N. This, along with the fact the value of intercept b is
small positive south of 30°N latitude, implies that this
model overestimates low rains and underestimates
heavier rains over this region. North of 30°N, in the
winter season, most of the rains occur from western
disturbances. That is similar to precold frontal rains and
is largely stratiform in nature. The combination of
Arakawa-Schubert cumulus parameterization and the
band model for the radiative transfer (ANR) appears to
underestimate stratiform rains. The other models seem
to carry less bias in this region. Such inferences, how-
ever, need to be taken with a word of caution. It was
noted in Krishnamurti and Sanjay (2003) that a physical
parameterization scheme within two different models
can show different behavior even if all other physics and
initial datasets were kept identical. A physical parame-
terization scheme’s behavior also depends strongly on
the rest of the model within which it resides. Large-scale
global model and regional model can differ in resolu-
tion, advective algorithm, and boundary conditions and
can thus affect the behavior of a cumulus parameteri-
zation quite differently. Most models carry values for
the intercept b between 0 and 1 over most of India,
implying that this systematic error (underestimate) for
rainfall is of the order of 0-1 mm day ‘. However, all
models underestimate rainfall by 2-8 mm day ' near the
southeastern coast of India where winter monsoon
dominates over summer monsoon. Similar underesti-
mation of precipitation is noticed over the mountainous
regions north of 30°N.

The coefficients shown in Fig. 4 are not sensitive to the
number of years (data points) chosen for the regression.
Figure 5 shows how the values of a and b changes with
the number of years used in the least squares linear re-
gression procedure at a location near the southwest
coast of India (13.5°N, 75.5°E). At first, 3 yr of data were
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taken and coefficients were calculated. Addition of
more years to the regression database changes the
values of the coefficients wildly at first. However, when
the number of years crosses 10, both the values stabilize
and does not show large sensitivity to the number of data
points. This is true during both winter (December) and
summer (July), except for coefficient b during July.
During this month, the value of b was not as stable as
was seen during December. However, the variation
during July after the number of months cross 7 was much
less as compared to that when less than 7 months were
considered to calculated the regression coefficients. The
above result shows that our choice of 14 yr of training to
calculate the downscaling coefficients for the forecast
year is adequate for this study.

c¢. Downscaled climatology

Each of the model forecasts for months 1, 2, and 3 were
downscaled using the observed IMD high-resolution
rains for the respective months. Figure 6 shows the June—
September climatology of coarse- and high-resolution
(downscaled) precipitation from CMAP- and IMD-based
observations along with the forecasts from member
models, their ensemble mean, and the superensemble
before and after downscaling for months 1, 2, and 3 of
forecasts. Within each forecast panel, we have shown the
RMS error of the climatology fields when compared with
the respective resolution observation. We note that both
the observed (CMAP) and the coarse-resolution models
fail to show the strong west coastal heavy rains in their
climatology; furthermore, the southern India rains (south
of 15°N) were absent in these climatologies. The RMS
errors for the climatology of large-scale models carry
values from 2.47 to 5.54 mm day '. The superensemble
based on these large-scale models is able to reduce these
errors. The climatology of the downscaled models, when
compared with the high-resolution IMD-based precipi-
tation observation, show much higher skills compared to
their coarse-resolution counterpart. It was possible to
obtain the RMS error of monthly climatology of the
member models of the order of 0.01-0.10 mm day . This
is one of the promising aspects of the proposed down-
scaling. Both the ensemble means and the large-scale
downscaled models provide the climatology of precipi-
tation that shows much higher skills compared to the
corresponding coarse-resolution counterpart. The RMS
error of the climatology field from the superensemble was
of the same order as that of the large-scale models and
their ensemble mean.

d. Forecast skills over a seasonal time scale

In this section the sKkills of forecasts over seasonal time
scales are measured using RMS error and equitable
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threat score (ETS). The ETS is defined as (Rogers et al.
1996):

(11)

where F and A are the number of grids where forecast
and observed fields exceed a specified threshold, re-
spectively; and H is the number of grids that correctly
forecast more than the specified threshold (also termed
as “hit”"). In other words, H is the number of grids where
both the observed and forecasted field cross the
threshold; and £ = F X A/T, T being the total number
of grids over the region. ETS values can range from —/3
to 1. The higher the ETS, the better the forecast. An
ETS value of 1 indicates perfect forecast skill.

The ETS for months 1, 2, and 3 of forecasts for the
southwest Indian domain during June-September of
1987-2001 are shown in Fig. 7. ETS from both coarse-
resolution and downscaled forecasts are shown to illus-

trate the marked improvements obtained from the
downscaling methodology. The threat scores of the rains
were less than 0.1 for the large-scale models for all the
months 1, 2, and 3 of the forecasts. The downscaled
versions of these models show ETS values as high as
0.4-0.6. The member models and the superensemble per-
form the best (ETS values reach peak) for precipitation
thresholds of 15 and 20 mm day ™ '. The threat scores for
rains in excess of 35 mm day ! are as high as 0.4, which is
not well predicted by the large-scale models. Similar
improvements are obtained for the ensemble mean
forecasts as well. It is interesting to note that the ETS
score for the superensemble based on forecasts of the
large-scale models follow closely to that of the down-
scaled superensemble for rain rates =10 mm day . This
shows that the superensemble based on large-scale
models is able to predict low rains (<15 mm day ') as
well as the downscaled higher-resolution superensemble.
However, at higher rain rates (>15mm day ') the skill of
the superensemble falls sharply. Figure 7 conveys the
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RMS errors of the forecast fields are indicated.

most important results of the present study that show the
effectiveness of the combination of statistical downscal-
ing and the multimodel superensemble.

Table 2 shows the RMS error of downscaled pre-
cipitation forecasts from the four member models, the
observed climatology, their ensemble mean, and the
superensemble during July 1987-2001 over the Indian

and after downscaling (DScl) for months 1, 2, and 3 of forecasts. The

monsoon region (8°-28°N, 70°-90°E). To calculate the
superensemble forecast, the observed climatology was
considered as a member model in this case. The last
column indicates the confidence level by which the RMS
error of the superensemble differs from the mean RMS
error of the member models. The confidence level was
calculated using a Student’s ¢ test (Chakraborty and
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TABLE 2. RMSE of month-3 precipitation forecasts from the
four FSUGSMs (ANR, AOR, KNR, KOR), observed climatology
(CLM), the ensemble mean (EM), and the superensemble (SE)
during July 1987-2001 over 8°-28°N, 70°-90°E. The confidence
level by which the superensemble forecast differs from the en-
semble mean forecast is indicated in the last column (clev).

Yr ANR AOR KNR KOR CLM EM SE clev
1987 631 678 599 671 611 623 591 938
1988 711 687 674 681 684 6.80 657 97.0
1989 561 607 558 565 570 557 555 779
1990 575 564 591 539 532 539 536 935
1991 533 578 526 534 525 524 508 939
1992 552 464 424 473 438 456 428 843
1993 559 598 574 560 535 547 507 994
1994 693 690 671 673 671 670 647 99.1
1995 581 544 602 634 552 567 520 96.6
1996 432 451 462 489 428 438 419 954
1997 496 612 603 569 576 548 561 245
1998 448 476 596 503 433 458 437 878
1999 532 470 465 446 453 457 432 911
2000 448 511 512 499 476 471 429 975
2001 6.06 580 610 579 586 580 571 929
Mean 557 567 564 561 538 541 520 999

Krishnamurti 2006). Note that during most of the years
(and on the average, indicated by mean) the RMS error
from the superensemble was less compared to those of
the member models, the climatology, and their ensem-
ble mean. The confidence level exceeds 95% (90%)
during 6 (11) yr out of the 15-yr simulation. Note also
that during 1987 and 1988, which were characterized
by lower- and heavier-than-normal summer monsoon
rainfall over the Indian region, respectively, the skill of
the superensemble was higher than the member models
and the ensemble mean. The mean RMS error of the
15 yr show a robust improvement (confidence level is
99.9%) in forecast skills of the downscaled super-
ensemble compared to the downscaled member models
and the ensemble mean. When compared with the RMS
error of the climatology, we find that on an average the
superensemble performs better than the benchmark
observed climatology. On the other hand, the ensemble
mean does not show higher skill when compared to this
benchmark. These results show that the combination of
downscaling and superensemble can provide a high skill
for monsoon rainfall forecasts over the Indian region.

e. Forecast skills during extreme monsoon years

Summer monsoon precipitation over the Indian re-
gion encountered two consecutive extreme years of
opposite anomaly during our 15 yr of study period.
During 1987, the July (June-September) mean precipi-
tation over the region 8°-28°N, 70°-90°E (land area and
where IMD observations are available) was 32% (19%)
below the 15-yr climatology in the CMAP-based ob-
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servation. Corresponding decrease in the IMD-based
data was 25% (18%). On the other hand, during 1988,
the July (June-September) mean precipitation over the
same region was 16% (11%) above normal in the CMAP
datasets and 21% (12%) above normal in the IMD data-
sets. The spatial pattern of the anomaly of precipitation
during June-September 1987 and 1988 from IMD-based
observations are shown in Figs. 8a,d, respectively. Note
that, although domain-averaged precipitation over this
region was below normal during 1987, this decrease was
mainly over north, central, and south India. Over
northeastern India there was a strong positive anomaly
of precipitation in this year. On the contrary, during
1988 (Fig. 8d), the northeastern Indian region suffered
below-normal precipitation when rest of the Indian re-
gion (mainly south-central India) experienced higher-
than-normal precipitation. In this section we illustrate
how the member models and the superensemble pre-
dicted this seesaw in the dipole structure of precipitation
anomaly during 1987 and 1988.

Figures 8b,c show the precipitation anomaly for
month 2 of the forecasts during June-September 1987
from ensemble mean and superensemble, respectively.
The ensemble mean of the models showed a negative
anomaly over northeastern India and a positive anomaly
over the rest of the Indian region. This pattern of the
spatial distribution of anomaly was opposite of that
observed in the IMD datasets (Fig. 8a). The anomaly
correlation (indicated inside the panel) was —0.64 for
the ensemble mean forecasts. The superensemble suc-
cessfully forecasted the observed positive anomaly over
northeastern India and a negative anomaly over central
and south India during this year. The anomaly correla-
tion from the superensemble was 0.33. During 1988
(Figs. 8e,f), the ensemble mean of the member models
predicted a slightly negative anomaly over south India
and a positive anomaly over eastern and northern India.
This pattern was opposite to that observed (Fig. 8d).
During this year, the superensemble performed slightly
better than the ensemble mean in predicting the spatial
pattern of precipitation anomaly over the Indian region.
The signature of positive anomaly over south India and
patches of the positive and negative anomaly over
eastern India is present in the superensemble datasets.
However, note that the predicted anomaly by the su-
perensemble was very low compared to the observation.

Another set of years with an opposite precipitation
anomaly during our study period was 1994 and 2000.
During 1994, area-averaged precipitation over the In-
dian region exceeded 24.4% (9.8%) of its 1987-2001
climatology during July (June-September) in the CMAP
data. The corresponding increase in the IMD dataset
was 16.5% (7.0%). On the other hand, during the
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FIG. 8. Precipitation anomaly during June—-September 1987 (dry year) and 1988 (wet year) from IMD observation,
the ensemble mean, and superensemble forecasts. The anomaly correlation (AC) for the forecasted fields are indicated.
(a),(d) Two regions shown are used for analysis in Figs. 10a,b.

monsoon season of 2000, the mean precipitation was
lower than normal by 7.0% (12.7%) during July (June—
September) in the CMAP dataset. The IMD dataset
shows the negative anomaly as 8.2% (11.6%) during
July (June-September). The observed and forecasted
precipitation during June-September during these two
years over the Indian region is shown in Fig. 9. However,
as can be seen from Figs. 9a,c, the precipitation anomaly
was not of the same sign all over the Indian region
during either of these years. During 1994, northern and
southwestern India experienced heavier-than-normal
precipitation. In the contrary, precipitation over south-
central and southeastern India was below normal. The
situation was almost opposite during 2000. In this year,
northern India experienced less-than-normal precipita-
tion, whereas the precipitation anomaly was positive in
the south Indian peninsula. The forecasted precipitation
anomaly during these two years from the ensemble
mean and superensemble are shown in Figs. 9b,c and
in Figs. 9e.f, respectively. The ensemble mean of the
models could not forecast the observed positive (nega-
tive) anomaly in north (south) India during 1994. The
anomaly correlation for this forecast was —0.56. The
signature of the north—south dipole in the precipitation
anomaly was forecasted reasonably by the super-
ensemble (Fig. 9¢) in this year (AC = 0.09). During
June-September 2000, the ensemble mean of the
models showed a positive anomaly almost over the en-
tire Indian region (AC = —0.48). However, forecasted

precipitation from the superensemble showed a nega-
tive anomaly over north India and a negative anomaly
over south India (AC = 0.28), which is consistent with
the observation.

The skills of the ensemble mean and the super-
ensemble during 1987, 1988, 1994, and 2000 are further
examined in Fig. 10. Figures 10a,b show the averaged
precipitation anomaly during 1987 and 1988 over the
two boxes indicated in Figs. 8a,d from IMD-based ob-
servations and forecasts from the ensemble mean and
the superensemble. The method of area averaging was a
simple mean of the anomaly values of the grid points
weighted by their area, which is dependent on the lati-
tude. Over south-central India (14°-21°N, 73°-80°E,
Fig. 10a), the negative anomaly of precipitation ex-
ceeded 1 mm day ' in the observation during 1987. This
was reasonably predicted by the superensemble. The
ensemble mean showed a slight positive anomaly during
this year over this region. During 1988 over the same
region an anomaly of observed precipitation was posi-
tive (>2 mm day '). Neither the ensemble mean nor the
superensemble was able to predict this positive anomaly
reasonably (the anomaly was negative in the ensemble
mean datasets). Over northeastern India (21°-26°N,
83°-89°E, Fig. 10b) the situation was opposite. Dur-
ing 1987, the observed positive anomaly exceeded
0.5 mm day '. The ensemble mean showed a negative
anomaly during this year. The superensemble was able
to predict this sign of anomaly successfully. During 1988,
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Precipitation Anomaly from Observation, EM and SE, JJAS, Month-3
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FIG. 9. As in Fig. 8, but for June-September 1994 (wet year) and 2000 (dry year).
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the observed anomaly over this region was negative
(~—0.2 mm day '). The ensemble mean showed a
positive anomaly during this year. It was possible to
reasonably forecast the sign and magnitude of the ob-
served anomaly of precipitation over this region during
1988 by the downscaled superensemble.

Figures 10c,d show the precipitation anomaly over
the two boxes indicated in Figs. 9a,d during June—
September 1994 and 2000 from observation and model
forecasts. These two regions were chosen to best rep-
resent the observed seesaw in the dipole of precipitation
anomaly over north and south India during these two
years. During 1994 over southern India (9°-18°N, 77°-
81°E) observed precipitation was below normal by more
than 1.5 mm day'. The ensemble mean showed a slight
positive signature and the superensemble showed a slight
negative signature in the precipitation anomaly over this
region in 1994. The observed anomaly was positive during
2000 over this region. The superensemble showed a slight
positive anomaly in this year, which was consistent with
the observation. Over the northern Indian region (19°-
24°N, 76°-86°E), observed precipitation was way above
normal (by about 4 mm day ') during 1994, and below
normal (by about 2 mm day ') during 2000 (Fig. 10d).
The ensemble mean forecast showed a negative anom-
aly over this region during 1994 and a positive anomaly
during 2000. The precipitation anomaly from the su-
perensemble was of the same sign of that of the IMD
observation during these two years, although the mag-
nitude of the anomalies were much less. An analysis of
ETS results during these two years reveals that (not

85 90E  70E 75 BOE  85E  90F

shown) the superensemble appears promising to fore-
cast heavier precipitation over the Indian region.

f- Forecast skills as a function of domain size for
downscaling

The question of seasonal rainfall forecasts improve-
ments, regionally as against “‘all India,” has been an
important unsolved problem (Gadgil and Kumar 2006).
Having noted a marked improvement of the seasonal
ETS over all-India from downscaled superensemble we
ask the pertinent question about the regional skills by
examining a successive sequence of smaller and smaller
subdomains. These are arbitrarily selected to cover the
following domains (Fig. 11, right panel): A (8°-28°N,
70°-90°E), B (10°-25°N, 70°-85°E), C (10°-20°N, 73°-
83°E), D (10°-15°N, 75°-80°E), and E (20°-23°N, 75°-
78°E). A comparison of month 2 of forecasts for July
from the ensemble mean and the superensemble with
the observed IMD rains are presented in Fig. 12. Here
we present the precipitation totals separately over the
selected five regions during July 1987-2001. The corre-
lation and RMS error of forecasted time series with the
observation are indicated inside the respective panels.
The rainfall totals of the member models is reflected
in the ensemble mean that shows a general degradation
in the seasonal rainfall forecast as the domain of eval-
uation is reduced in size. However, the most striking
result here is that there is much less degradation of re-
sults as a function of the domain size from the down-
scaled multimodel superensemble. This is a promising
result for the future possibilities for regional prediction
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Precipitation Anomaly, JJAS
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FIG. 10. Precipitation anomaly during June—September (a) 1987 (dry year), (b) 1988 (wet year), (c) 1994 (wet year),
and (d) 2000 (dry year) over the subregions shown in Figs. 8 and 9 from the IMD observation (Obs), the ensemble

mean (EM), and the superensemble (SE) forecasts.

of seasonal rainfall from the use of downscaling and the
superensemble algorithm.

g. Ranked probability skill score

The ranked probability skill score (RPSS) measures
forecast skill relative to the climatology. RPSS is defined
as (Hamill et al. 2004)

RPS

RPSS=1- RPS,_,’

(12)

where RPS and RPS,.; are ranked probability scores
(RPS) of the actual forecast and a reference forecast,
respectively. In this study, we have taken the reference
forecast as the climatology. RPS is defined as

M m m 2
1
RPS = mmzzl <k;pk k;ok> . (13)

where M is the number of different forecast categories
or bins (e.g., 0.0-0.5, 0.5-1.0, . . ., 49.5-50.0 mm day '),
Pr is the forecasted probability in category k, and o
equals 1 (0) if the observation falls (does not fall) into

category k. RPS measures the skill of an ensemble
forecast to be within the category of the observation.
Valid values of RPS vary from 0 to 1, with O signifying
perfect skill and 1 signifying no skill. If there are N
number of models in an ensemble (N = 4 for this study)
then the expression for p, can be written as

N
= ;wia(pi), (14)

where w; is weight for the ith model, F; is forecast from
the ith model, and 8(F;) is a delta function given by

1, if F,ek
0, otherwise.

S(F,) = { (15)

The value of w; equals 1/N for a simple ensemble fore-
cast that relies equally on every model.

Although the superensemble provides the determinis-
tic forecast, it was shown by Stefanova and Krishnamurti
(2002) that the superensemble carries an equivalent
probabilistic forecast as well. The expression for the su-
perensemble forecast [Eq. (5)] can be rewritten as
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where §,,; can be considered as modified forecast from
the ith model. Equation (16) is equivalent to simple
ensemble forecast from a suite of multimodels:

1 N
E= N;Fi'

However, to assign probability to the modified model
forecasts S,,; for the superensemble, one should take into
account the fact that the superensemble does not rely
equally on every model. The model that performs better
in the training period should get a higher weight for
calculating probability. To assign weights to different
models for probabilistic forecast by the superensemble,
we have adopted the strategy described in Stefanova
and Krishnamurti (2002). This method normalizes the
weights of the individual models used to calculate the
superensemble forecast [a;s of Eq. (5)]:

> /Il

i=1

(17)

. (18)

w. =
i
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where w; is the weight used to calculate RPS and N is the
number of models. The square root was taken following
the study of Stefanova and Krishnamurti (2002), which
shows that this provides a better probabilistic forecast
compared to a the case when the degree of g; is 1. To
calculate p, for the superensemble, we first calculated
modified model forecasts S,; according to Eq. (16). I S,,;
falls into category k, then the probability p, for that
category was increased by w;. This exercise was repeated
for modified forecasts from all the four FSU models
before calculating RPS using Eq. (13).

We have considered bin sizes of 0.5 mm day ' to
calculate RPSS for downscaled precipitation forecasts
from the four member ensemble and the superensemble.
The results for July 1987 (a month when precipitation
over the Indian region was 32% below normal) from the
simple ensemble forecast and the superensemble fore-
cast is shown in Figs. 13a,b, respectively. In this figure,
grids with RPSS values less than 0 (i.e., those that indi-
cate no skill relative to the climatology) were not shaded.
The higher the value of RPSS, the better the skill of
forecast over the climatology (RPSS = 1 signifies 100%
skill or a perfect forecast). Note that there were more
grids in the simple ensemble forecast compared to the
superensemble where the forecast skill did not exceed
the skill of climatology. During this month, 12.2% more
grids in the superensemble showed forecast skill better
than the climatology (RPSS > 0) when compared to the
simple ensemble. Moreover, forecasts from the super-
ensemble showed higher skills (higher RPSS) over most
of the grids compared to the simple ensemble forecasts.

Figure 13c shows the difference in the number of grids
over the domain 8°-28°N, 70°-90°E between the simple
ensemble and the superensemble forecasts where fore-
cast skill exceeded that of the climatology. Note that,
during most of the months in this 15-yr period, the RPSS
value exceeded the zero value over more grid points from
the superensemble forecasts compared to the simple
ensemble forecasts. During June—-September 1987, 1988,
1994, and 2000 (the extreme monsoon years discussed in
section 7e), 7.7%, 42%, 9.4%, and 10.4% more grids,
respectively, exceeded the skill of the climatology over
the Indian region when the superensemble is used com-
pared to the simple ensemble forecasts.

8. Concluding remarks and future work

The present study became possible because of the
availability of a very dense rain gauge network over
India. The availability of roughly 2100 rain gauge—based
rainfall estimates on a daily basis made it possible to
use these on 1.0° X 1.0° resolution for downscaling and
the superensemble methodology. The coupled global



2754 MONTHLY WEATHER REVIEW VOLUME 137

Precipitation Over Regions of Different Dimensions
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FIG. 12. Precipitation over five subdomains (shown in Fig. 11) from the observation, the ensemble mean, and the superensemble during
July 1987-2001. The correlation and RMS errors between the observed and forecasted time series are indicated at the top.
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Ranked Probability Skill Score, JUL1987
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difference in the percent of grids between the ensemble mean and the superensemble over the domain 8°-28°N,
70°-90°E those show higher skill than climatology for month 3 of forecasts.

modeling for the prediction of seasonal climate, pre-
sented in this study, is an extension of our previous
studies (Krishnamurti et al. 2006a,b; Chakraborty and
Krishnamurti 2006). The present study includes a down-
scaling counterpart. Each of the models forecasts of
precipitation is subjected to a statistical downscaling.
The coefficients of our downscaling equation were based
on 14 yr of training datasets. It was shown that these
coefficients assume a stable value when number of years
in the training phase crosses 10. However, one of the
coefficients [viz., b of Eq. (2)] did not get a high degree
of stability even with 14 yr of training. This could have
introduced some error in the results presented in this
paper. However, after looking at Fig. 5 we feel that this
error will not be high since the fluctuation of the value of

b decreased substantially when the number of years in
the training phase crossed 7. The downscaling exercise
showed that each of the member models climatology for
the seasonal rains (after the downscaling) achieved very
high skills (~0.98 for this pattern correlation), this
compares with scores ~0.5 prior to downscaling. The
downscaled product for each of the member models was
next used for the construction of the multimodel su-
perensemble for the monthly and seasonal forecasts of
rains. A major impact of the downscaling was noted for
each member model’s seasonal rain. We further noted
that the superensemble of the downscaled member
models improved the results for rainfall prediction when
compared to results from downscaled single models as
well as the downscaled ensemble mean.
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A measure of the level of improvement for the sea-
sonal precipitation forecasts is illustrated in Fig. 7. We
can see a vast improvement on the 1.0° X 1.0° latitude—
longitude resolution. In Fig. 1 we have seen that the
coarse-resolution (CMAP) and higher-resolution (IMD)
observed precipitation datasets are somewhat different
in their spatial patterns. This difference between the two
observed datasets can have some consequences when
coarse-resolution and downscaled model results are in-
tercompared. However, it is shown in the manuscript
that we get a huge improvement in the forecast skill with
the proposed downscaling methodology compared to the
coarse-resolution models. Therefore, it can be said that
the results presented in this manuscript are robust and
the improvement of forecast skill due to downscaling is
not dependent on the quality of the observed datasets.

The downscaling algorithm for each member model
corrects the slope and intercept of the rainfall history of
each model based on the training period. The slope is a
measure of the rate of increase of model rains as com-
pared to those of the observations. The intercept error is
an overall systematic underestimation or overestimation
of the model rains. These errors were corrected by our
downscaling algorithm. The use of multimodel super-
ensembles on these downscaled model precipitation esti-
mates further improves the skill of the forecast compared
to the individual models or their ensemble mean.

Although in this study we used only 15 yr of datasets,
there were 6 yr during this period when the precipitation
over the Indian region was far from normal. This includes
four extreme years [viz., 1987 (below normal), 1988
(above normal), 1994 (above normal), and 2000 (below
normal)]. We have shown, in this manuscript that during
these 4 yr the skill of the downscaled superensemble was
better than the corresponding ensemble mean forecast.

One of the limitations of this downscaling strategy could
be that it cannot capture the dynamically varying relation-
ship between the model output and observation that can
arise due to climate change. We plan to extend our meth-
odology in the future to be able to capture the observed
changes in the value of the parameters being downscaled.

Recently, a huge rain gauge-based precipitation data-
base is being compiled under the Asian Precipitation
Highly Resolved Observational Data Integration to-
wards Evaluation of Water Resources (APHRODITE)
project (Xie et al. 2007). This covers nearly 50 yr of daily
rainfall datasets. This covers the regions of the Asian
summer monsoon, the Middle East, and Africa. It would
be possible to expand the downscaling and the multi-
model superensemble forecasts of seasonal climate to
cover this entire domain. It would also be possible to
carry out the downscaling and the construction of the
superensemble using a site-specific (instead of grid point
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based) downscaling and superensemble constructions.
Thus, these rain gauge sites would replace the grid points.
This approach calls for the interpolation of the model
output rains from their spectral transform grid locations
to these rain gauge locations, thereafter, the entire
downscaling and the superensemble would be carried out
at the rain gauge sites. This is worth exploring in the
context of seasonal climate forecasts at high resolution.
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