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by the central-eastern Pacific cooling and 2-m temperature 
cooling tendency east of Lake Balkhash in the previous 
seasons. These causative processes linking the predictors 
and WCI-R and PI-R are supported by ensemble numeri-
cal experiments using a coupled climate model. For the 
period of 1871–2012, the physics-based empirical (P-E) 
prediction models built on these predictors result in cross-
validated forecast temporal correlation coefficient skills 
of 0.55 and 0.47 for WCI-R and PI-R, respectively. The 
independent forecast skill is significantly higher than the 
skill of operational seasonal forecast made by the IMD for 
the period of 2004–2012. These prediction models offer a 
tool for seasonal prediction and their retrospective forecast 
skills provide an estimation of the lower bound of the pre-
dictability for WCI-R and PI-R.

Keywords Seasonal prediction · Summer rainfall 
predictability · West Central India · Peninsular India · 
Physics-based empirical (P-E) prediction models

1 Introduction

Summer monsoonal torrents supply over 80 % of Indian 
annual rainfall (Bagla 2006), which affects the health of 
Indian economy that heavily depends on water-fed agricul-
ture. Accurate prediction of Indian summer monsoon rain-
fall (ISMR) can provide valuable information for disaster 
prevention. Thus, the prediction of ISMR is of crucial sci-
entific importance and great economical value.

ISMR exhibits large spatial variation. There are always 
some areas having deficient rain even in the best monsoon 
years or some areas being flooded in the worst monsoon 
years (Parthasarathy et al. 1993). The prediction of distri-
butions of summer rainfall anomalies has been recently 

Abstract Prediction of Indian summer (June–September) 
rainfall on regional scales remains an open issue. The oper-
ational predictions of West Central Indian summer rainfall 
(WCI-R) and Peninsular Indian summer rainfall (PI-R) 
made by the Indian Meteorological Department (IMD) 
had no skills during 2004–2012. This motivates the pre-
sent study aiming at better understanding the predictability 
sources and physical processes governing summer rainfall 
variability over these two regions. Analysis of 133 year 
data reveal that although the lower boundary forcing that 
associated with enhanced WCI-R and PI-R featured a 
similar developing La-Nina and “east high west low” sea-
level pressure (SLP) dipole pattern across the Indo-Pacific, 
the anomalous high sea surface temperature (SST) over 
the northern Indian Ocean and weak low pressure over 
northern Asia tended to enhance PI-R but reduce WCI-R. 
Based on our understanding of physical linkages with the 
predictands, we selected four and two causative predic-
tors for predictions of the WCI-R and PI-R, respectively. 
The intensified summer WCI-R is preceded by (a) Indian 
Ocean zonal dipole-like SST tendency (west-warming and 
east-cooling), (b) tropical Pacific zonal dipole SST ten-
dency (west-warming and east-cooling), (c) central Pacific 
meridional dipole SST tendency (north-cooling and south-
warming), and (d) decreasing SLP tendency over northern 
Asia in the previous season. The enhanced PI-R was lead 
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studied (Li and Wang 2016), which showed that predic-
tion of summer rainfall anomaly pattern is more difficult 
than prediction of All-Indian Rainfall Index (AIRI). This is 
because the AIRI represents only the first principal compo-
nent of ISMR variability whereas the prediction of ISMR 
anomaly pattern involves the first three principal compo-
nents. It remains an open issue how predictable the ISMR 
is on regional scales.

In 2004, the Indian Meteorological Department (IMD) 
reclassified the country into four sub-geographical regions: 
Northwest India, Central India, Northeast India, and South 
Peninsular India (Fig. 1a); and it has been issuing long-
range forecasts for summer rainfall over these four regions. 
The forecast skills in each region are illustrated in Table 1. 
Note that the operational long-range forecasts for South 
Peninsular India (SPI) show generally no skills, and the 
forecasts for Central India (CI) are actually opposite to 
observations. 

How can the prediction for these two regions be 
improved? Understanding the physical mechanism of 
variability of ISMR is the first step toward addressing this 
issue (Wang et al. 2015). It is well known that El Nino-
Southern Oscillation (ENSO) exerts an important forc-
ing on ISMR via changing the large-scale circulation 
over the Indo-western Pacific (Rasmusson and Carpenter 
1982; Shukla and Paolino 1983; Webster and Yang 1992; 
Kumar et al. 1999; Krishnamurthy and Goswami 2000; 
Wang et al. 2001; Ihara et al. 2007; Rajeevan et al. 2012). 
The influences of different types of ENSO on ISMR have 

also been revealed (Wu et al. 2011; Wang et al. 2015). In 
addition, the Indian Ocean Dipole (IOD) modulates ISMR 
and influences the correlation between ISMR and ENSO 
(Ashok et al. 2001, 2004; Gadgil et al. 2004; Cherchi and 
Navarra 2013). Taking these climate dynamics of ISMR 
into account provided some guidance for building physics-
based empirical (P-E) prediction model (Yim et al. 2014; 
Wang et al. 2015).

It has been shown that dividing the country into homo-
geneous regions is one way to yield better formulae for 
forecasting (Shukla 1987; Rajeevan et al. 2000). Par-
thasarathy et al. (1995) divided India into five homogene-
ous regions (Fig. 1b) based on the associations of rainfall 
with regional/global atmospheric circulation parameters. 
Note that two of these regions were named West Central 
India (WCI) and Peninsular India (PI), respectively, which 
are similar to the areas of CI and SPI defined by the IMD. 
Although the two divisions of these sub-areas of India are 
slightly different, predictions for these two specific regions 
always show poor skills. In the present study, we will focus 

Fig. 1  a Four geographical regions of India (from the India Meteorological Department, after 2004). b Six homogenous regions of India (from 
the Indian Institute of Tropical Meteorology)

Table 1  The temporal correlation coefficient (TCC) skills of opera-
tional long range forecast (LRF) made by Indian Meteorological 
Department (IMD) for Northwest India (NWI), Central India (CI), 
Northeast India (NEI) and South Peninsular India (SPI) during the 
period of 2004–2012

NWI CI NEI SPI

LRF (2004–2012) 0.55 −0.55 0.43 0.19
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on seasonal rainfall predictions over these two challenging 
regions (WCI and PI).

Our objectives for this study are to understand the pre-
dictability sources of year-to-year variability of West Cen-
tral Indian summer rainfall (WCI-R) and Peninsular Indian 
summer rainfall (PI-R), and to find physically meaningful 
predictors and build P-E models for better forecasting of 
the summer rainfall over these two regions.

2  Data, methodology and climate coupled model

2.1  Data

Monthly rainfall time series of homogeneous regions 
from the Indian Institute of Tropical Meteorology (IITM, 
http://www.tropmet.res.in) are used. Map of homogeneous 
regions of India are shown in Fig. 1b. In the present study, 
the summer rainfall over WCI and PI is calculated by aver-
aging the rainfall from June to September for the period of 
1871–2012.

The IMD operational long-range forecast (Rajeevan 
et al. 2007) datasets that used in Table 1 for the period 
of 2004–2012 are derived from http://www.imdpune.gov.
in/research/ncc/longrange/Previouslongrange/pre1989-
2012.html. Sea surface temperature (SST) data is from 
the Extended Reconstructed Sea Surface Temperature 
v3b at the National Oceanic and Atmospheric Adminis-
tration for the period 1870–2012 (Smith et al. 2008). The 
sea level pressure (SLP), 2-m temperature and 850-hPa 
wind are obtained from the twentieth century reanalysis 
data for the period of 1871–2012 (Compo et al. 2011). 
The reconstructed data of twentieth century merged 
statistical analyses of historical monthly precipitation 
anomalies (Smith et al. 2010) are employed to analyze 
the global precipitation for the available period from 
1900 to 2008.

2.2  Methodology for establishing prediction equations 
and validation

The difficulty exhibited by dynamical and the previous sta-
tistical models in forecasting historical year-to-year vari-
ation of WCI-R and PI-R makes a strong case for a new 
approach in the monsoon rainfall prediction. Physics-based 
Empirical (P-E) prediction models have been successfully 
established to predict a variety of meteorological phenom-
ena, in which traditional models often fail. This includes 
skillful forecasts of all Indian rainfall (Wang et al. 2015), 
summertime upper-tropospheric circulation patterns (Lee 
et al. 2011), early summer South China rainfall (Yim et al. 
2014), and East Asian peak summer rainfall anomaly pat-
terns (Xing et al. 2014; Yim et al. 2015).

The goal of the P-E model is to predict a predictand 
using physical relationships with key observed variables, 
then perform hindcast for verification (Wang et al. 2015). 
Selecting physically meaningful predictors is the main 
principle for establishing P-E prediction model, which is 
different from traditional statistical models. We use the 
correlation maps between predictand and a lower bound-
ary variable (such as SST, 2-m temperature and SLP) 
before June to identify potential predictors. We search only 
one type of precursory conditions: tendency signals from 
December–January to April–May (long-term tendency) or 
from March/April to May (short-term tendency), which 
reflect the direction of subsequent evolution of a bound-
ary condition. Use of the three time steps of tendency is to 
maximize the lead-lag correlation, thus somewhat “fish-
ing” is involved. But there are some physical considera-
tions involved too. Use of the spring tendency information 
is helpful to avoid the Spring Barrier (Wang et al. 2015). 
Some of the rapid development (Central Pacific El Nino) 
is better reflected by May minus April tendency, other-
wise May minus March is used. The long-term tendency, 
Apr.–May minus Dec.-Jan., is used because ISMR is highly 
correlated with development of ENSO, which can be bet-
ter reflected from the long-tem tendency from Dec.–Jan. to 
Apr.–May. To identify the important predictors and ascer-
tain the mutual independency of predictors, the stepwise 
regression is used to build the P-E model. A 0.05 signif-
icance level for Fisher’s F test is used as the criterion to 
select predictors.

To compare with results from P-E model, we also 
employ partial least squares (PLS) regression method to 
make statistic prediction. PLS regression combines features 
from principal component analysis and multiple linear 
regression (Abdi 2010). PLS regression seeks to predict Y 
with predictors Z, which are linear combinations of factors 
X and referred to as latent vectors or PLS components. The 
predictors Z maximize the variance explained in Y and the 
correlation between X and Y, and then build the equations 
of components for Y (Smoliak et al. 2010). The purpose of 
using PLS method is to show the advantage of P-E model 
compared to pure statistical approach (PLS in this case). 
The PLS method takes into account all areas in a precur-
sor filed that are weighted by their corresponding regressed 
coefficients. In other words, all statistical correlated areas 
in a precursor field are taken as predictors in the PLS 
method. But P-E model only selects the physical meaning-
ful regions as predictors.

Three validation methods are applied to verify the pre-
diction skill. In method 1, Leave-five-out cross-validated 
reforecast (Geisser 1975; Blockeel and Struyf 2003) is 
used. To lessen over-fitting problem, five years centered on 
a target year are withheld from the training sample, and the 
regression model is built to forecast the target year. Then, 

http://www.tropmet.res.in
http://www.imdpune.gov.in/research/ncc/longrange/Previouslongrange/pre1989-2012.html
http://www.imdpune.gov.in/research/ncc/longrange/Previouslongrange/pre1989-2012.html
http://www.imdpune.gov.in/research/ncc/longrange/Previouslongrange/pre1989-2012.html
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the process is repeated for all the other years to get the 
cross-validated reforecast for 1871–2012. For independent 
forecast (method 2), the step-wise regression model is built 
by using the data for 1871–2003 to make independent fore-
cast for the 9-year period of 2004–2012. All predictors are 
selected from period of 1871–2003 so that the independent 
forecasts (2004–2012) can be fairly parallel to IMD’s fore-
cast to avoid artificial bias caused by overlapping period of 
selecting predictors and verification. Progressional predic-
tion models are built for rolling-retrospective forecast in 
method 3. For example, the first prediction model is built 
for the 50-year training period of 1871–1920 to forecast 
rainfall in the next 10 years of 1921–1929, and then the 
second prediction model is built using the 1881–1930 data 
to forecast the next 10 years of 1931–1939. Totally, 10 seg-
ments of 10-year prediction are made for the 92-year ret-
rospective forecast from 1921 to 2012 (the last prediction 
equation predicts only 2 years).

Besides temporal correlation coefficient (TCC), the 
Mean Square Skill Score (MSSS) recommended by World 
Meteorological Organization for verification is used to 
measure the deterministic seasonal forecasts skill (Murphy 
1988; WMO 2002). The MSSS provides a comparison of 
forecast performance relative to “forecasts” of climatology. 
The MSSS is defined as follows:

where the mean squared error (MSE) of the forecasts is:

MSSS = 1−
MSE

MSEc

MSE =
1

n

n∑

i=1

(fi − xi)
2

where x and f denote time series of observations and fore-
casts. The MSE for climatology is given by:

The MSSS reflects the percentage reduction in mean 
square error of the model forecast compared to climatology 
“forecast”. Positive (negative) skill indicates that the model 
forecast is better (worse) than climatology “forecast”.

2.3  Climate coupled model and experimental design

To understand how the selected predictors influence sum-
mer rainfall over WCI and PI, six sets of 25-member 
ensemble experiments (Table 2) are conducted using Nan-
jing University of Information Science and Technology 
(NUIST) coupled Earth System Model (NUIST-ESM) 
v1a (Cao et al. 2015). The atmospheric component of this 
coupled model is the European Centre Hamburg Model 
(ECHAM v5.3) (Roeckner et al. 1996) with a T42 (about 
2.8° by 2.8°) horizontal resolution and 31 vertical levels. 
The oceanic component is the Nucleus for European Mod-
eling of the Ocean (NEMO) (Madec 2008) with a horizon-
tal resolution of 2° by 2° and 31 vertical levels. Version 4.1 
of the Los Alamos sea-ice model (CICE) (Hunke and Lip-
scomb 2010) is employed as the sea-ice component model. 
The NUIST-ESM can simulate realistic annual mean, 
annual cycle, monsoon variability, and ENSO (Cao et al. 
2015).

Two types of sensitivity experiments are performed with 
nudging SST and changing albedo, respectively (Table 2). 

MSEc =
1

n

n∑

i=1

(xi − x̄)2

Table 2  Description of numerical experiments

Each experiment contains 25 ensemble members

Experiments Descriptions

CTRL Forced by climatological SST

Nudging SST

 EXP_WCIa1 Same as CTRL together with nudging by regressed SST on predictor WCI-a over 25°S–10°N, 50°E−120°E from March to May

 EXP_WCIa2 Same as EXP_WCIa1, but for opposite sign of SST nudging field

 EXP_WCIb1 Same as CTRL together with nudging by regressed SST on predictor WCI-b over 20°S–10°N, 150°E−80°W from March to May

 EXP_WCIb2 Same as EXP_WCIb1, but for opposite sign of SST nudging field

 EXP_WCIc1 Same as CTRL together with nudging by regressed SST on predictor WCI-c over 25°S–25°N, 170°E−150°W from April to May

 EXP_WCIc2 Same as EXP_WCIc1, but for opposite sign of SST nudging field

 EXP_PIa1 Same as CTRL together with nudging by regressed SST on predictor PI-a over 15°S–15°N, 180°–80°W from December to May

 EXP_PIa2 Same as EXP_PIa1, but for opposite sign of SST nudging field

Albedo

 EXP_WCId Same as CTRL together with albedo is multiplied 0.9 in March, 0.5 in April and 0.1 in May over 30°N–60°N, 60°E−150°E

 EXP_PIb Same as CTRL together with albedo is multiplied 0.3 in April and 1.5 in May over 38°N–60°N, 70°E−120°E
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Nudging is a method that uses dynamical relaxation to 
adjust a model filed towards observed (or target) field 
(Hoke and Anthes 1976). By adding an additional SST ten-
dency term (∂SST

∂t nudging
), model simulated SST is forced to 

approach the observed SST anomalies superposed on the 
model climatology. The SST tendency term is defined by:

where SSTmc indicates the climatological SST in the con-
trol run, �SST  is the observed SST anomalies associated 
with a predictor (i.e., regressed SST anomalies with ref-
erence to predictor), and SSTm represent the model simu-
lated SST in each time step. The nudging time interval is 
one-day (86,400 s). Two sets of experiments are conducted 
with one positive �SST  and the other negative �SST . Each 
experiment consists of 25 ensemble members and differ-
ences of these two experiments’ ensemble mean were used 
to identify the response to the nudged SST anomalies. For 
instance, the regressed SST onto predictor WCI-a from 
March to May (Fig. 4e–g) is applied as an SST nudging 
field (�SST) for EXP_WCIa1. EXP_WCIa2 is the same 
as EXP_WCIa1, except for the SST nudging field with an 
opposite sign (−�SST). In order to get strong responses in 
the sensitivity experiments, the nudged SST anomalies are 
simply triple the observed counterparts of SST anomalies. 
The difference between ensemble mean of EXP_WCIa1 
and EXP_WCIa2 is identified as the response (Fig. 4c, d). 
After May 31st, the model is run without any nudging.

Another type of sensitivity experiment is conducted by 
adjusting the magnitude of albedo in a corresponding season 
and region. The reduced albedo will lead to higher surface 
temperature and vice versa. For example, for the purpose 
of getting warming tendency through March to May over 
northern Asia (Fig. 7b), the albedo is multiplied by a gradu-
ally decaying factor with 0.9 in March, 0.5 in April and by 
0.1 in May over northern Asia in EXP_WCId. The difference 
between EXP_WCId and control run (CTRL) is regarded 
as the response (Fig. 7c–e). In the CTRL, the model is inte-
grated by using the climatological monthly mean SST.

3  Predictability sources of anomalous summer 
rainfall over WCI and PI

What are the main factors that modulate WCI-R and PI-R? 
In order to address this question, simultaneous correlation 
with lower boundary forcing is investigated first. The SST 
anomalies associated with positive WCI-R show significant 
cooling over the central-eastern Pacific, inducing east–west 
SLP seesaw with rising SLP over the Pacific subtropi-
cal high, and decreasing SLP over the eastern hemisphere 

∂SST

∂t nudging
= [(SSTmc +�SST)− SSTm]/86400

centered over the western Indian Ocean, accompanied by 
strong cross-equatorial flows (Fig. 2a). The lower boundary 
anomalous field with respect to positive rainfall anomalies 
over PI also features a developing La Nina and an east–
west SLP dipole pattern (Fig. 2b). However, in compari-
son with the anomaly pattern associated with WCI-R, the 
SST associated with PI-R is warmer over northern Indian 
Ocean and the northern Asian Low is weaker (Fig. 2c). The 
weak low pressure over northern Asia and warmer north-
ern Indian Ocean seem to favor more rainfall in PI and less 
rainfall over northern India (Fig. 2c). These differences 
are not significant except precipitation. Since rainfall over 
these two small regions and the surrounding oceanic and 
atmospheric factors are all mainly modulated by ENSO, 
the local factors like SST over Indian Ocean and SLP over 
northern India are secondary.

4  Searching for physical predictors

Based on our understanding of dynamic sources of the 
WCI-R and PI-R, we search for physically meaningful pre-
dictors. To focus on large-scale signals, the predictors are 
often defined in a large box of area but the lead-lag correla-
tion is taken into account over only those grid points where 
the correlation coefficient is significant at the 0.95 confi-
dence level. This procedure was described in details in (Lee 
et al. 2013). Taking into account of the significant relation-
ship within a specific region, the predictors are defined by:

where TF indicates the value of a predictor (SST, 2-m Tem-
perature or SLP tendency) at lead time t and at each grid, 
TCC is the temporal correlation coefficient between the 
predictand and TF values during the period of 1871–2003, 
square brackets are the areal mean over the selected regions 
denoted by the boxes in Fig. 3. For instance, the May-
minus-March SST, with TCC larger than 0.17 or smaller 
than −0.17 (95 % confidence level), weighted by TCC and 
averaged over the selected region (Fig. 3a), is defined as 
predictor WCI-a. 

All predictors we selected represent different precursors 
(Fig. 3), which have high correlations with predictand and 
are relatively independent from each other (Table 3).

Four predictors are selected for WCI-R (Fig. 3, left pan-
els). Other physical predictors are excluded because of their 
dependencies on the selected predictors. Predictor WCI-a 
features an IOD-like SST with cooling tendency over the 
eastern Indian Ocean and warming tendency over the west-
ern Indian Ocean from March to May (Fig. 3a). The cold 
SST tendency in the eastern Indian Ocean causes reduced 

Pred(t) = [TF(t, lat, lon) ∗ TCC(lat, lon)] if

|TCC(lat, lon)| > 0.17 (95% confidence level)
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convection hence divergence in the lower troposphere 
in situ, while lower-level convergence over the Bay of 
Bengal and western Indian Ocean enhances the meridional 
monsoon circulation as well as the zonal circulation (Saji 
et al. 1999; Ashok et al. 2001), which can affect WCI-R 
(Fig. 4a, b). With a set of coupled model experiment (EXP_
WCIa1 minus EXP_WCIa2), in which evolving regressed 
SST anomalies from March to May are nudged in the pre-
dictor domain (Fig. 4e–g), we show that the tendency of 
IOD-like SST-induced summer circulation is characterized 
by enhanced monsoon flows as well as intensified meridi-
onal moisture transport from the South Indian Ocean to 
India (Fig. 4c, d).

Predictor WCI-b features Pacific east–west dipolar SST 
from March to May (Fig. 3a), which signifies an enhanced 

east–west thermal contrast that is associated the pressure gra-
dient in the ensuing summer (Fig. 5a, b) (Wang et al. 2015), 
enhancing the WCI-R through tropical teleconnection (Char-
ney and Shukla 1981; Shukla and Mooley 1987; Webster 
et al. 1998). The coupled model experiments (EXP_WCIb1 
minus EXP_WCIb2) demonstrate the decay of El Nino and 
development of La Nina (Fig. 5e–g) can enhance the con-
vection over the Maritime Continent through a strengthened 
Walker circulation, which further induces a response of 
Rossby-wave type (Gill 1980) in terms of a cyclonic anom-
aly along the Bay of Bengal and northern India, increasing 
summer rainfall in WCI (Fig. 5c, d) (Wang et al. 2003). The 
Rossby-wave response is much enhanced in the Northern 
Hemisphere due to the influence of the monsoonal easterly 
vertical shear (Wang and Xie 1996; Xie and Wang 1996).

Fig. 2  Simultaneous (JJAS) 
correlation fields between a 
WCI-R and precipitation over 
land (brown to green shadings), 
SST over the ocean (blue to 
red shadings), SLP (contour), 
and wind at 850 hPa (vector) 
for the period of 1871–2003. b 
Same as (a), except for PI-R. c 
Map of (b) minus (a). The cor-
relation fields are shown only 
when absolute value of TCC 
are greater than 0.1. Vectors are 
shown only when absolute value 
of TCC for zonal or meridional 
winds are greater than 0.1
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Predictor WCI-c represents the tendency of a dipole SST 
with cooling in the northern central Pacific and warming 
in the southern central Pacific from April to May (Fig. 3b). 
This north–south dipole SST tendency can strengthen the 

equatorial easterlies and westward surface currents through 
meridional thermal gradients, leading to a central-eastern 
Pacific cooling in the following summer (Wang et al. 2015). 
The central-eastern Pacific cooling can shift the zonal 

Fig. 3  Predictors for WCI-R and PI-R. Left panels are the correlation 
maps between WCI-R and a May minus March SST, b May minus 
April SST, c May minus March SLP during 1871–2003. The blue 
(25°S–10°N, 50°E–120°E), black (20°S–10°N, 150°E–80°W), green 
(25°S–25°N, 170°E–150°W) and orange (45°N–62°N, 90°E–130°E) 
boxes outline the regions for the predictor WCI-a, WCI-b, WCI-c and 

WCI-d, respectively. Right panels are the correlation maps between 
PI-R and d April–May minus Dec.–Jan. SST, e May minus April 
2mT during 1871–2003. The purple (15°S–15°N, 180°–80°W), red 
(38°N–60°N, 70°E–110°E) boxes outline the regions for the predictor 
PI-a and PI-b, respectively. Dotted areas denote regions with correla-
tion coefficients significant at 95 % level

Table 3  Cross-correlation 
coefficients between predictand 
West Central Indian summer 
rainfall (WCI-R)/Peninsular 
Indian summer rainfall (PI-R) 
and corresponding predictors 
(WCI-x/PI-x) (1871–2003)

The bold numbers denote statistically significant values at the 95 % confidence level

WCI-R WCI-a WCI-b WCI-c WCI-d

WCI-a 0.37 0.21 0.10 0.04

WCI-b 0.39 0.21 0.30 0.02

WCI-c 0.36 0.10 0.30 0.11

WCI-d 0.25 0.04 0.02 0.11

PI-R PI-a PI-b

PI-a 0.43 0.15

PI-b 0.27 0.15
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location of the ascending branch of the Walker circulation 
westward (Kumar et al. 2006), enhancing the precipitation 
over WCI (Fig. 6a, b). The results of the coupled model’s 
ensemble simulations (EXP_WCIc1 minus EXP_WCIc2) 
(Fig. 6c, d) resemble the observed features, suggesting 
that the north–south dipole SST tendency over the central 
Pacific (Fig. 6e, f) contributes to summer rainfall variability 
over WCI.

Predictor WCI-d denotes a decreasing SLP tendency 
over northern Asia from March to May (Fig. 3c). In the 
following summer, an anomalous Asian continental low 
is established (Fig. 7a), which enhances the southwest 
monsoon rainfall over India (Wang et al. 2015). Note that 
this decreasing SLP tendency is related to the warming 

tendency of surface air temperature over northern Asia 
(Fig. 7b), which may link to the spring snow cover over 
Eurasia (Hahn and Shukla 1976; Vernekar et al. 1995; 
Bamzai and Shukla 1999; Peings and Douville 2009). 
Thus, we conduct a coupled model’s simulation (EXP_
WCId) in which the land surface albedo is reduced over 
northern Asia from March to May (Fig. 7d) to impose a 
warming tendency from March to May (Fig. 7e). It turns 
out that Asian Low is built up and the WCI-R is intensified 
in the flowing summer (Fig. 7c) in this experiment. Note 
that, since the WCI-R is highly correlated with AIRI, with a 
correlation coefficient of 0.90 for the period of 1871–2012, 
the last three predictors of WCI are the same as that used 
for the AIRI prediction (Wang et al. 2015).

Fig. 4  Correlations maps of a JJAS SST (shading), SLP (contours), 
b precipitation (shading) and 850 hPa winds (vector) with respect 
to predictor WCI-a during 1871–2003, for showing how predictor 
WCI-a foreshadows summer anomalous fields. Model simulated sum-
mertime responses of (c) SST (shading, units: K), SLP (contours, 
units: hPa), d precipitation (shading, units: mm/day) and 850 hPa 
wind (vector, units: m/s), for purpose of revealing to what extent the 

coupled model experiment can reproduce the JJAS anomalies from 
the nudged precursory conditions. Only values significant at 95 % 
confidence level are shown in (a–d). Vectors are shown only when 
values for zonal or meridional winds are significant at 95 % level. e–g 
Predictor WCI-a related SST nudging field (units: K) used in the cou-
pled model experiment (EXP_WCIa1) from March to May
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For PI, two independent physical predictors are selected 
(Fig. 3, right panels). Predictor PI-a represents a cooling 
SST tendency over the central-eastern Pacific from winter to 
spring (Fig. 3d). The accompanied easterly anomalies over 
the western Pacific enhance the convective heating over the 
Maritime Continent (Fig. 8a, b), resulting in an enhanced pre-
cipitation over PI. With the cooling tendency from December 
to May over the central-eastern Pacific (Fig. 8e–g), the results 
from the coupled model’s simulations (EXP_PIa1 minus 
EXP_PIa2) also show anomalous easterlies over the western 
tropical Pacific, enhancing the convection over the Maritime 
Continent and the rainfall over India (Fig. 8c, d).

Predictor PI-b characters a cooling in 2-m tempera-
ture tendency east of Lake Balkhash from March to May 
(Fig. 3e), indicating an intensified spring snow cover 
there (not shown). The cooling of land surface may cause 
high SLP anomalies over northern Asian, which favors 
southward development of anomalous low pressure over 

western India and the Arabian Sea, thereby reinforcing 
convection over PI (Fig. 9a, b). By increasing albedo from 
April to May (Fig. 9e) in a coupled model’s simulation 
(EXP_PIb), the cooling tendency over northern Asia is 
slightly over-simulated (Fig. 9c). Under the context of 
cooling tendency over northern Asia, a strong high SLP 
anomaly over northeastern Asia and low pressure over 
South Asia appear, leading to an enhanced rainfall over PI 
(Fig. 9d).

The selected predictors for WCI-R and PI-R also reflect 
similarities and differences of their dynamic origins dis-
cussed in Sect. 3. Predictor WCI-b, WCI-c and PI-a are 
linked to development of La Nina, which affects both 
WCI-R and PI-R. The predictor WCI-a indicates a rela-
tively cooler SST over the eastern Indian Ocean compared 
with that associated with PI-R. The differences of SLP 
anomalies over northern Asia associated with WCI-R and 
PI-R are also reflected by predictors WCI-d and PI-b.

Fig. 5  Same as Fig. 4 but for predictor WCI-b
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5  Prediction for summer rainfall over West 
Central India and Peninsular India

By using these physical predictors, a few P-E models are 
built to predict the summer WCI-R and PI-R. As shown in 
Table 4, for WCI-R prediction, the TCC skill of the cross-
validated reforecast is 0.55 for 142 years (1871–2012), 
which is significant at the 95 % confidence level, and the 
MSSS skill is 0.29. The independent forecast TCC (MSSS) 
skill is 0.67 (0.39) for the period of 2004–2012 when 
building the model using the 1871–2003 data for the train-
ing period. The 92-year rolling-retrospective forecast also 
shows a good skill with TCC (MSSS) of 0.61 (0.36) for 
1921–2012 and of 0.75 (0.45) for 2004–2012.

The P-E model for the PI region is also capable of cap-
turing summer PI-R with TCC (MSSS) of 0.47 (0.22) and 
0.79 (0.48) for cross-validated reforecast (1871–2012) and 
independent forecast (2004–2012), respectively. The TCC 
(MSSS) skill of rolling-retrospective forecast for PI-R is 
0.40 (0.13) for the period 1921–2012 and is 0.74 (0.33) for 

the period of 2004–2012. These relatively high skills offer 
estimation of the lower bound of predictability for WCI-R 
and PI-R for this period.

In contrast, statistical predictions made by PLS method 
display very limited skills (Table 4, the number in bracket), 
further testifying the advantage of selection of physical predic-
tors of P-E model for prediction. In order to make the results 
comparable, the factors X used for PLS are the same as the 
precursor fields selected for the P-E model but with the whole 
spatial scale (30°S–60°N, 0°-360°). All precursor fields are 
normalized and combined as a unified field to make the PLS 
analysis. For example, two physical predictors selected for PI 
are derived from SST field of April–May minus Dec.-Jan., and 
May-minus-April 2-m temperature field for the P-E model. 
These two fields (30°S–60°N, 0°–360°) were normalized and 
combined as factors X (i.e. the predictor used in PLS method) 
to make a combined field for the PLS analysis. As such the 
predictor fields used for PLS model contains more informa-
tion than selected physical predictors. But the pure statistical 
(PLS) models could not make comparable prediction skills.

Fig. 6  Correlations maps of a JJAS SST (shading), SLP (contours), 
b precipitation (shading) and 850 hPa winds (vector) with respect 
to predictor WCI-c during 1871–2003, for showing how predictor 
WCI-c foreshadows summer anomalous fields. Model simulated sum-
mertime responses of (c) SST (shading, units: K), SLP (contours, 
units: hPa), d precipitation (shading, units: mm/day) and 850 hPa 
wind (vector, units: m/s), for purpose of revealing to what extent the 

coupled model experiment can reproduce the JJAS anomalies from 
the nudged precursory conditions. Only values significant at 95 % 
confidence level are shown in (a–d). Vectors are shown only when 
values for zonal or meridional winds are significant at 95 % level. e–f 
Predictor WCI-c related SST nudging field (units: K) used in the cou-
pled model experiment (EXP_WCIc1) from April to May 
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6  Summary and discussion

Operational seasonal prediction of WCI-R and PI-R made 
by the IMD shows very limited skill (Table 1). Investi-
gating physical processes modulating the seasonal rain-
fall variability over these two regions is vital for under-
standing the predictability and improving prediction. 
The summer rainfall variations over WCI and PI share 
similar influencing factors, such as SST over the central-
eastern Pacific and the east–west SLP seesaw. However, 
the warmer SST over the northern Indian Ocean and the 
weaker low pressure over northern Asia would be in favor 
of more precipitation over PI and less convection over 
WCI.

Based on our physical understanding, we identified four 
consequential precursors for WCI-R, including IOD-like 
SST tendency, which changes the meridional and zonal 
circulations, the Pacific east–west dipolar SST tendency, 
which can enhance the WCI-R through tropical teleconnec-
tion, the central Pacific north–south SST dipole tendency, 
which may affect WCI-R through changing of Walker 
circulation, and the decreasing SLP tendency over north-
ern Asia, which may be in favor of establishing the Asian 
continental low. For PI-R, two physical predictors were 
selected. The first is the central-eastern Pacific cooling SST 
tendency. The accompanied easterlies over the western 
Pacific enhance the western Pacific subtropical high and 
precipitation over the Maritime Continent as well as PI-R. 

Fig. 7  Correlations maps of a JJAS precipitation (shading), 850 hPa 
winds (vector), b May minus March 2mT (shading) and SLP (con-
tours) with respect to predictor WCI-d during 1871–2003, for show-
ing how predictor WCI-d implies summer and spring anomalous 
fields. Model simulated responses of c summertime precipitation 
(shading, units: mm/day), 850 hPa wind (vector, units: m/s), May 

minus March d albedo, e 2mT (shading, units: K) and SLP (contours, 
units: hPa), for purpose of revealing to what extent the coupled model 
experiment can reproduce the JJAS anomalies by changing albedo 
related to predictor WCI-d. Only values significant at 95 % confi-
dence level are shown. Vectors are shown only when values for zonal 
or meridional winds are significant at 95 % level
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The second predictor characters the 2-m temperature cool-
ing tendency around Lake Balkhash, which can cause high 
SLP anomalies over northern Asia. Both precursors are in 
favor for the convection over PI. Corresponding numerical 
experiments were conducted, and the results validated the 
causative processes linking the predictors and WCI-R/PI-R.

A few P-E prediction models were built using these 
physical predictors for WCI-R and PI-R. The independ-
ent forecast TCC skill (0.67 for WCI, 0.79 for PI) is sig-
nificantly higher than the skill of operational long-range 
forecast (−0.55 for CI, 0.19 for SPI) for the period of 
2004–2012. The cross-validated reforecasts (rolling-retro-
spective forecast) skill for summer monsoon rainfall over 
WCI and PI also showed significant TCC of 0.55 (0.61) 
and 0.47 (0.40), respectively, at the 95 % confidence level 

for the period of 1871–2012 (1921–2012). The TCC skills 
of P-E models are superior compared with the conventional 
statistical method (e.g., PLS). Similar to TCC skill, LRF 
and PLS method has little skill measured by MSSS. PLS 
method uses all statistically significant information over 
the whole spatial domain, but P-E model uses only a small 
subset region of significant information (but deems to be 
physically meaningful) as predictors. The superior predic-
tion skills made by P-E model demonstrate that selection 
of physically meaningful predictors is crucial to predic-
tion quality. These relatively higher skills derived from P-E 
models offer an estimation of the lower bound of predict-
ability for summer WCI-R and PI-R. Note that the 92-year 
retrospective forecast skill of AIRI is 0.64 for 1921–2012 
(Wang et al. 2015), indicating predictability for regional 

Fig. 8  Correlations maps of a JJAS SST over ocean (shading), SLP 
(contours), b precipitation (shading) and 850 hPa winds (vector) with 
respect to predictor PI-a during 1871–2003, for showing how pre-
dictor PI-a foreshadows summer anomalous fields. Model simulated 
summertime responses of c SST (shading, units: K), SLP (contours, 
units: hPa), d precipitation (shading, units: mm/day) and 850 hPa 
wind (vector, units: m/s), for purpose of revealing to what extent the 

coupled model experiment can reproduce the JJAS anomalies from 
the nudged precursory conditions. Only values significant at 95 % 
confidence level are shown in (a–d). Vectors are shown only when 
values for zonal or meridional winds are significant at 95 % level. e–g 
Predictor PI-a related SST nudging field (units: K) used in the cou-
pled model (EXP_PIa1) in January, March and May (here we only 
show the nudging field for these 3 months)
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summer rainfall (i.e., WCI-R and PI-R) is lower than that 
for AIRI.

Predictand–predictor relationships may exhibit secu-
lar change (Fig. 10a, b). Predictor WCI-a, WCI-d, PI-a 
and PI-b are relatively stable. However, the predictor 
WCI-b skill drops remarkably in the recent three decades 
in accord with the weakening relationship between ENSO 
and all Indian rainfall found by earlier studies (Kumar et al. 
1999; Chang et al. 2001). The predictor WCI-c played an 
important role after 1930s. The prediction skill is related 
to secular variation in predictand-predictors relationship 
(Fig. 10c). The stable predictors WCI-a, WCI-c and WCI-d 

tend to compensate the decreasing skill of WCI-b. Predictor 
PI-b has significant contribution to prediction skill for PI-R 
before 1940s.

To see the sensitivity of the forecast skills to the training 
period and forecast period, we tried 20–50 years as training 
period to make the so-called rolling-retrospective forecast 
for ensuing 1, 5 and 10 years (the forecast periods). The 
prediction skills obtained by using 20–50 years as a train-
ing period have no significant differences (Table 5). But 
using 50 years as a training period is generally better than 
20–40 years in dealing with the secular variations of the 
relationships between predictand and predictors. It may be 

Fig. 9  Correlations maps of a May minus April 2mT (shading), b 
JJAS precipitation (shading) and 850 hPa winds (vector) with respect 
to predictor PI-b during 1871–2003, for showing how predictor 
PI-b implies spring and summer anomalous fields. Model simulated 
responses of c May minus April 2mT (shading, units: K), d JJAS pre-
cipitation (shading, units: mm/day) and 850 hPa wind (vector, units: 

m/s) and e May minus April albedo, for purpose of revealing to what 
extent the coupled model experiment can reproduce the JJAS anom-
alies by changing albedo related to predictor PI-b. Only values sig-
nificant at 95 % confidence level are shown. Vectors are shown only 
when values for zonal or meridional winds are significant at 95 % 
level
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because the model trained for a longer time (e.g. 50 years) 
could include impacts modulated by not only relatively 
short-term variance (e.g. ENSO) but also long-term 

variability (e.g. PDO). Different forecast period ranging 
from 1 to 10 years has no significant impact on the forecast 
skill.

Although prediction skills of P-E model are superior, 
there are caveats and limitations. First, the skills of the 
predictors derived from the current 133 years (1871–
2003) data for WCI-R and PI-R may vary with time or 
experience secular changes, which may cause the low 
forecast skills. Thus, continuous modifications of the 
predictors are necessary. Moreover, exploring the physi-
cal mechanisms of these secular changes will be helpful 
for future prediction. Second, the 142-year (1871–2012) 
cross-validated and 92-year (1921–2012) rolling forecast 
skills are likely inflated (DelSole and Shukla 2009), since 

Table 4  The forecast skill TCC and Mean Square Skill Score 
(MSSS) for rainfall over WCI/PI (CI/SPI for LRF)

The bold numbers denote statistically significant at 95 % confidence 
level for correlation coefficients. The number in bracket is the predic-
tion skill made by PLS method

WCI/CI PI/SPI

Cross validated Reforecast
(1871–2012)

 TCC 0.55 (0.29) 0.47 (0.15)

 MSSS 0.29 (−0.01) 0.22 (−0.26)

Rolling-Retrospective Forecast
(1921–2012)

 TCC 0.61 (0.35) 0.40 (0.24)

 MSSS 0.36 (0.04) 0.13 (−0.09)

Rolling-Retrospective Forecast
(2004–2012)

 TCC 0.75 (0.23) 0.74 (0.42)

 MSSS 0.45 (−0.43) 0.33 (0.09)

Independent Forecast
(2004–2012)

 TCC 0.67 (0.29) 0.79 (0.36)

 MSSS 0.39 (−0.41) 0.48 (−0.04)

LRF
(2004–2012)

 TCC −0.55 0.19

 MSSS −0.59 −0.16

Fig. 10  Secular changes in pre-
dictand–predictor relationships 
and hindcast skill. a Time series 
of the 31-year central sliding 
correlation coefficients between 
the WCI-R and each of the 
four predictors: WCI-a, WCI-b, 
WCI-c and WCI-d. b Time 
series of the 31-year central 
sliding correlation coefficients 
between the PI-R and each of 
the two predictors: PI-a, PI-b. 
c Time series of the 31-year 
central sliding cross validation 
skill for WCI-R and PI-R. The 
statistical significant correlation 
coefficient at 95 % confidence 
level (Student’s t test) is 0.355 
for the sample size of 29, which 
is indicated by the dashed lines

Table 5  Sensitivity of the rolling-hindcast skills (TCC and MSSS), 
during 1921–2012, to the training-hindcast period

The symbol “XXyr-YYyr” means the training period is XX years and 
the hindcast period is YY years

50 yr-1 yr 50 yr-5 yr 50 yr-10 yr

TCC 0.61 0.60 0.61

MSSS 0.37 0.35 0.36

30 yr-1 yr 30 yr-5 yr 30 yr-10 yr

TCC 0.59 0.58 0.58

MSSS 0.33 0.31 0.33

20 yr-1 yr 20 yr-5 yr 20 yr-10 yr

TCC 0.54 0.50 0.47

MSSS 0.22 0.12 0.05
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all the data of period of 1871–2003 was used to select the 
predictors.

Understanding the physical linkages and searching for 
relatively independent and complimentary predictors are 
crucial for improving prediction skills (Wang et al. 2015). 
In addition, use of combined dynamical and P-E model 
may be a pathway to further improve forecast skills, which 
need future exploration.
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