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ABSTRACT 
 

Central Southwest Asia (CSWA; 20°–47°N, 40°–85°E) is a water-scarce and a 
societally vulnerable region, prone to significant variations in precipitation during the 
winter months of November–April. Wintertime precipitation variations have a direct 
impact on CSWA's water resources, agricultural productivity, energy use, and human 
society. Because of the close relationship between climate and human well-being, an 
improved understanding of winter season precipitation and its variability over CSWA 
is of critical importance. However, due to multiple regional challenges (e.g. socio-
political instability, extreme topographical heterogeneity, poor coverage of in situ 
stations, and others) analysis of precipitation in this region has been limited.  
 
In an attempt to bridge the existing knowledge gap, this thesis aims to advance our 
understanding of CSWA's wintertime precipitation climate through three separate, but 
inter-related studies on 1) evaluation of multi-source gridded precipitation dataset, 2) 
investigation of spatial and temporal patterns of precipitation and its links with large-
scale modes of climate variability, 3) development of a statistical forecast model. 
Additionally, precipitation evaluation is also relevant to the overlapping and 
important region of the Indian subcontinent; a detailed seasonal analysis for which is 
also presented. 
 
First, the performance of several commonly used gridded precipitation products from 
multiple sources: gauge-based, satellite-derived, and reanalysis is analysed for all four 
seasons over the Indian Subcontinent. Results show that the degree of uncertainty in 
all precipitation estimates varies by region (e.g. topographic relief) and the type of 
precipitation  (e.g. convective, orographic). At the seasonal scale, satellite-products 
perform better, while reanalyses generally overestimate precipitation. Greater 
discrepancies occur in areas with low gauge densities, owing to which a complete 
understanding of the accuracy and limitations of precipitation estimates is hampered 
for the northwestern region of the Indian subcontinent.  
 
In an extension study, ten multi-source precipitation products are evaluated against an 
ensemble of four gauge-only datasets. This analysis is carried out for CSWA, which 
also includes the northwestern region of the Indian subcontinent. Spatial and temporal 
analysis of results shows that GPCC is a suitable observational dataset for studying 
long-term wintertime precipitation variations over CSWA. The satellite-derived 
TRMM 3B42-V7 is a potentially reliable alternative to gauge measurements, while 
the performance of MERRA reanalysis is satisfactory. 
 
Further, the spatial-temporal patterns of wintertime precipitation variability over 
CSWA are explored. Three leading patterns are identified by empirical orthogonal 
function (EOF) analysis, and the associated time series are related to global SST and 
other large-scale atmospheric circulation fields. The leading patterns of winter 
precipitation are significantly linked with the El Niño–Southern Oscillation (ENSO); 
East Atlantic–Western Russia (EA-WR); Siberian High; North Pacific Oscillation 
(NPO); Scandinavian pattern; and the long-term warming of the Indian Ocean SST. 
The inter-decadal change of relationship between the first-mode of winter 
precipitation and ENSO is also investigated, which shows that CSWA precipitation 
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variability was closely related to the extratropical EA-WR (tropical ENSO) 
teleconnection before (after) the 1980's. 
 
Finally, the level and origin of seasonal forecast skill of wintertime precipitation 
anomalies over CSWA are examined using the statistical method of canonical 
correlation analysis (CCA). The preceding months’ (September–October) SST is used 
as predictors, and CCA experiments are performed for two sets of time periods, 
1950/51–2014/15 and 1980/81–2014/15.  For both prediction periods, the potential 
source of predictability originates largely from SST variations related to ENSO and 
the Pacific Decadal Oscillation (PDO). A higher (lower) correlation skill of 0.71 
(0.38) is obtained between observations and cross-validated precipitation forecasts for 
the period 1980/81–2014/15 (1950/51–2014/15); which shows that ENSO played a 
dominant role in creating skillful predictions for CSWA wintertime precipitation in 
recent years. 
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 Introduction Chapter 1
 

In the recent past, climate change has emerged as the single most pressing issue 

facing the society on a global basis. Since the conclusion of the Second Assessment 

Report (SAR) of the Intergovernmental Panel on Climate Change (IPCC, 1995) there 

has been increasing interest and research in attempting to understand the changes in 

climate systems and its impact on the environment, economies and societies all 

around the globe.  

The two most important parameters for studying the extent and magnitude of 

climate change and variability are temperature and precipitation (IPCC, 2007), of 

which precipitation is one of the critical diagnostics of the water cycle and also a key 

component in hydrological modelling studies (Bosilovich et al. 2011). Integrating the 

past and present trends, climate variability is found to have a direct influence on 

precipitation, in particular, the characteristics of precipitation – amount, frequency, 

intensity, duration, type and extremes (Trenberth, 2011). Changes in precipitation 

pattern have been observed across most regions globally, and are expected to continue 

with an overall increase in the severity of wet and dry extremes (IPCC 2007; 2013). 

These changes are however expected to differ from region-to-region, eventually 

affecting the ecosystem, food production, water resources, human health, and the 

well- being of people through several mechanisms.  

One such region that is already water scarce and societally vulnerable to the 

hydrological impacts of climate change is the Central Southwest Asia (CSWA) 

region (Agrawala et al. 2001; Cruz et al. 2007; Qi and Evered 2008; Carius et al. 

2009; Kaniewksi et al. 2012; Hijioka et al. 2014; Barlow et al. 2016; Deng and Chen 

2017; Tabari and Willems 2018).  

Geographically, CSWA is a region of Asia extending from the east coast of the 

Black Sea to western China in the east, and from southern Kazakhstan in the north to 

northwest India in the south; mainly including the countries of – Afghanistan, Iran, 

Pakistan, Iraq, Syria, Azerbaijan, Armenia, Georgia, Bahrain, Kuwait, Oman, Qatar, 

Uzbekistan, Turkmenistan, Tajikistan, Kyrgyzstan, Saudi Arabia, United Arab 

Emirates, the arid regions of western China and northwest India (Figure 1.1). The 

approximate boundary or the exact list of countries that make up the CSWA region is 

purely conventional, and no one definition of the region has been universally 
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accepted. A detailed discussion on the various definition and the geographic terms 

used to define this part of the world can be found in Cowan (2007).  

 

 
Figure 1.1: Location of countries covered under Asia (Source: Cruz et al. 2007). The 

highlighted region represents the Central and Southwest Asia sub region, referred as 

Central Southwest Asia (CSWA). 

 
1.1   Central Southwest Asia (CSWA) regional overview  

For the purposes of this study, CSWA – defined here as a domain bounded by 

20°- 47°N and 40°- 85°E is a relatively broad region associated with generally similar 

climatic conditions (Huang et al. 2012; Barlow et al. 2016). Characterised by a semi-

arid to arid climate, CSWA is physiographically diverse and ecologically rich in 

biodiversity. The region's complex ecology and unique geography featuring vast 

deserts, high mountains, grasslands, glaciers, and river basins, gives way to a diverse 

ecosystem that is rich in natural resources and hydrocarbon reserves. These reserves, 
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Figure 1.2: Physical and economical water scarcity areas. Source: The International 

Water Management Institute (IWMI, 2008). 

for some of the countries of the CSWA region, have been a foundation of their 

economic growth both as a source of export revenue and for meeting domestic energy 

requirements.  

With the region’s high level of natural resource dependency and rapid economic 

development over the past few decades, over-exploitation of land resources without 

consideration of the environmental consequences has led to an extensive human-

induced natural resource degradation, conflicts and ecological catastrophe within the 

CSWA region (Carius et al. 2009; Novikov and Kelly 2017). Within this fragile 

ecosystem, where environmental sustainability and political stability are already 

under stress, one of the major growing concerns across the entire region is related to 

water scarcity and stress (Cruz et al. 2007; Thomas 2008; Fricke et al. 2009; 

Lioubimtseva and Henebry 2009; Bernauer and Siegfried 2012; Zyadin 2013; Karthe 

et al. 2015; Reyer et al. 2015; Mohtar et al. 2017).  

 

Figure 1.2 shows that a large part of CSWA is experiencing physical water 

scarcity, where more than 75% of the river runoff is being used for agriculture, 

industrial, and domestic purposes (IWMI, 2008). It is expected that the existing 
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pressure on the region's water resources will increase substantially over time due to 

rise in anthropogenic water demands and the projected changes in the regional 

climatic means and extremes.  

The direct effect of climate variability across CSWA is associated with a steady 

rise in temperature throughout the region (Zhang et al. 2005; Almazroui et al. 2013; 

Hu et al. 2014; Davi et al. 2015, Chen et al. 2016; Jiang et al. 2017), while the indirect 

impact is related to the enhanced variability of the regional precipitation regime 

(Lioubimtseva et al. 2005; Droogers et al. 2012; Lelieveld et al. 2012; Mannig et al. 

2013; Huang et al. 2014; Bucchignani et al. 2018). At the regional scale, the year-to-

year and long-period variability of these climatic drivers, in particular precipitation, is 

expected to have a potentially critical impacts on the region's water resources, 

agriculture, industrial activities and people's wellbeing (El-Fadel and Bou-Zeid 2001; 

Oki and Kanae 2006; Lioubimtseva and Henebry 2009; Bates et al. 2008; Wegerich 

2011; Droogers et al. 2012; Karthe et al. 2015; Deng and Cheng 2017). 

Both observational and modelling studies over CSWA agree that in comparison 

to temperature trends and projections, changes in regional precipitation pattern are 

relatively uncertain and exhibit a high degree of spatial and seasonal dependence 

(Lioubimtseva and Henebry 2009; Mannig et al. 2013; Hijioka et al. 2014; Hung et al. 

2014; Tabari and Willems 2018). However, despite the uncertainty, a majority of 

climate change studies suggest a decrease in the spring and summer precipitation over 

Iraq, Iran, Afghanistan, Arabian Peninsula, Pakistan, Turkmenistan, Uzbekistan, 

southwestern Kazakhstan, and the northern parts of India; while an increase has been 

observed and projected for winter precipitation in the eastern and northern parts of 

Central Asia, northern Pakistan, the Hindu-Kush Karakoram Himalayas, Iraq, Iran 

and throughout the Arab region (Watson et al. 1998; Lioubimtseva and Henebry 

2009; Roshana and Grab 2012; Mannig et al. 2013; Palazzi et al. 2013; Hartmann and 

Buchanan 2014; Hung et al. 2014; Amin et al. 2017; Osman et al. 2016; Ozturk et al. 

2017; Bucchignani et al. 2018). 

 

1.2   Regional precipitation distribution and seasonality 
As shown in Figure 1.3, CSWA is a region of complex topography with high 

mountain ranges (e.g. the Alborz, the Zagros, the Hindu Kush, the Pamirs, the 

Karakoram and the Himalayas) and vast deserts (e.g. the Arabian desert, the Iranian 
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Figure 1.3: Topography (km) of CSWA region. The high mountain ranges of the 

region are marked in yellow and major deserts in red. 

salt deserts, the Thar desert, the Kyzylkum desert and Taklamakan desert). The 

elevation ranges from less than 0.5 km in the flat low-level plains to greater than 6 km 

in the high mountain ranges of the region. This topographical heterogeneity of the 

region plays an important role in shaping the climate characteristics of the region and 

profoundly controls the spatial distribution and seasonality of precipitation across 

CSWA (Barlow et al. 2016; Rana et al. 2015, 2017). 

 

As one of the most arid regions in the world (Cruz et al. 2007; Guo et al. 2018) 

the annual mean precipitation (Figure 1.4) amounts to 120mm or less in the arid 

deserts of CSWA. This amount increases to 200-700mm in the low elevation and 

foothill areas, and further exceeds 1200mm in the western slopes of the high 

mountainous ranges and along the southern (eastern) shores of the Caspian (Black) 

Sea.  
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Figure 1.4: Spatial distribution of CSWA annual mean 

precipitation (mm) for the period 1950/51 – 2014/15. 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Contributing to the region’s annual precipitation totals, the two main seasonal 

precipitation mechanisms influencing CSWA are the cold winter and early spring 

season November–April (NDJFMA) synoptic precipitation, and the Indian summer 

June-September (JJAS) monsoon rainfall (Lioubimtseva and Henebry 2009; Rana et 

al. 2015; Barlow et al., 2016) shown in Figure 1.5(a) and Figure 1.5(b), respectively. 

 

 
Figure 1.5: Spatial distribution of CSWA seasonal mean precipitation (mm/day) for 

the period 1950/51 – 2014/15 (a) Winter (b) Summer. 
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Precipitation over much of the CSWA region primarily occurs during the winter 

and early spring months of November-April (November-April) when the region is 

within the subtropical belt of the upper-tropospheric westerly jet stream 

(Krishnamurti 1961). The intensification and southward excursions of the subtropical 

westerly jet bring the moisture-bearing mid-latitude synoptic storms into CSWA and 

generate precipitation via upslope lifting (Cannon et al. 2016; Barlow et al. 2016). 

This wintertime precipitation displays a high degree of spatial coherence throughout 

the entire domain (Hoell et al. 2015a). During the summer (JJAS) months, however, 

the Himalayas play a critical role in confining much of the monsoonal rainfall within 

the Indian landmass to as far as Pakistan in the north. As a result, the western and the 

northern flanks of the CSWA domain are beyond the usual reach of the summer 

monsoon rainfall, with little to no precipitation during the warm summer months. 

 

1.3   Winter precipitation and its variability  

During the winter months of November-April (NDJFMA), CSWA receives a 

significant amount of the total annual precipitation due to the passage of the mid-

latitude synoptic storms systems that travel in the form of waves from west to east 

(Treydte et al., 2006). As these depressions traverse eastwards, they pass through a 

dense upper-air observing array over Europe, the Middle East, the Black Sea and the 

Caspian Sea regions (Sachar et al. 2004) modifying the regional circulation pattern 

and producing precipitation over a large part of the CSWA region (Barlow et al. 2005; 

Cannon et al. 2015; Rana et al. 2017). 

Winter precipitation is of considerable importance for CSWA, as it brings a lot 

of snow over the high mountain ranges, which accumulates in glaciers and as seasonal 

snowpack throughout the cold months, and provides water in the downstream densely 

populated areas of the region (Aizen et al. 1997; Immerzeel et al. 2010; Sorg et al. 

2012; Karthe et al. 2015). The glacier and snowmelt is an important source of water 

during the peak summer season, which happens to coincide with the time of year 

when the regional water demand is highest, and precipitation is limited. In addition to 

snow, winter rainfall in the sub-mountainous and low elevation areas is crucial for the 

region's widespread rain-fed subsistence farming, industrial needs, and livelihood 

(Ramankutty et al. 2008; Ryan et al. 2012; Reyer et al. 2015). 
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Figure 1.6: The 1999-2001 drought, as measured by 12-month standardized 

precipitation index, calculated based on precipitation from the CPC Merged Analysis 

of Precipitation relative to the 1979-2010 period. (Source: Barlow et al. 2016) 

Previous work shows that CSWA's winter precipitation variability has an 

important control on the regional water resources, agricultural productivity and 

human society (Agrawala et al. 2001; Barlow and Tippett 2008; Kaniewksi et al. 

2012; Lioubimtseva 2015). Interannual variability of wintertime precipitation is 

relatively large and includes periods of severe droughts in many parts of the CSWA 

region (Tippett et al. 2003; Lioubimtseva and Henebry 2009; Barlow et al. 2002; 

2016; Hoell et al.2015a; Rana et al. 2018).  For example, CSWA has experienced two 

catastrophic droughts in 1999–2001 (see Figure 1.6) (Barlow et al. 2002; 2016; 

Hoerling and Kumar 2003) and 2007–2008 (Trigo et al. 2010; Hoell et al. 2012; 

Kaniewksi et al. 2012), embedded within a decade of predominantly dry wintertime 

conditions (Hoell and Funk 2014; Lyon et al. 2014). The clustering of these regional 

droughts has amply demonstrated the very high human vulnerability of CSWA to 

precipitation deficits by adversely affecting the region’s water supplies, crops, food 

supplies, livestock, and quality of life, further resulting in large population migration 

and political (Agrawala et al. 2001; Gall 2008; Lioubimtseva 2015). In addition, a 

number of local drought disasters have also been identified in the literature, but the 

dynamics of most of those droughts and their regional coherence is not yet clear 

(Barlow et al. 2016). 
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It has been identified that one of the most dominant perturbations responsible 

for CSWA year-to-year wintertime precipitation variability is related to the El Niño–

Southern Oscillation (ENSO) (Barlow et al. 2002; Hoerling and Kumar 2003; 

Mariotti 2007; Syed et al. 2006; 2009; Barlow and Tippett 2008; Hoell and Funk 

2013; Hoell et al. 2012; 2013; 2017; Yin et al. 2014; Cannon et al. 2017; Rana et al. 

2017). Additionally, other modes of variability such as the North Atlantic Oscillation 

(NAO) (Cullen et al. 2002; Filippi et al. 2014; Kar and Rana 2014), the east Atlantic–

western Russia (EAWR) pattern (Yin et al. 2014; Krichak et al. 2014), the Siberian 

High (Lioubimtseva and Henebry 2009; Cannon et al. 2015); the Scandinavian pattern 

(Bothe et al. 2012); the Madden–Julian Oscillation (MJO) (Barlow et al. 2005; 

Nazemosadat and Ghaedamini 2010; Hoell et al. 2012), Pacific decadal variability 

(PDV), and long-term change in global sea surface temperatures (Hoell et al. 2015b; 

Rana et al. 2018) have also been linked to CSWA precipitation variations at various 

time scales. 

As cited above, numerous observational and model analysis studies have 

investigated the impact of ENSO on the CSWA's winter precipitation variability. In 

all of these studies, there is a general agreement that the anomalous warming in the 

equatorial eastern (western) Pacific Ocean associated with El Niño (La Niña) 

conditions force stronger region-wide cyclonic (anticyclonic) circulations with 

southwesterly (northeasterly) winds and moisture fluxes from the Arabian Sea 

(Tibetan Plateau) that increases (reduces) the regional precipitation over CSWA. Here 

the teleconnection mechanism connecting the tropical Pacific sea surface temperature 

(SST) variability to CSWA precipitation modification is through the changes in the 

mean position and intensity of the jet stream while shifting it slightly southward 

(northward) during the warm (cold) ENSO phase (Syed et al. 2006; Kumar and 

Ouarda 2014; Cannon et al. 2017).  

The Pacific decadal sea surface temperature (SST) variability has also been 

linked to the CSWA winter precipitation variations (Lyon et al. 2014; Hoell et al. 

2015b; Rana et al. 2018) indicating that from 1999 onward a cold phase change of 

PDO occurred, which was in line with the increased frequency of La Niña events and 

recurrent drought episodes over CSWA. In a more recent study, Hoell et al. (2017) 

noted that the intensification of the wintertime ENSO signal on CSWA's precipitation 

variations is linked with the changes in the strength of the temporal relationship 

between the two, which varied throughout time (1901 to 2012) and was strongest after 
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the 1980s. Consistent with the above, Rana et al. (2018) showed that the influence of 

springtime ENSO (NAO) on CSWA winter precipitation strengthened to (weakened 

from) a statistically significant level around the early 1980s and continued to increase 

(decrease) thereafter. 

While the impact of NAO on CSWA winter season precipitation is not as 

significant as the ENSO, there are indications that the strong positive phase of NAO 

was one of the important factors responsible for the recent (2013-2014) drought over 

CSWA  (Barlow and Hoell 2015). Studies have shown that positive (negative) NAO 

phase is associated with more meridional (zonal) surface winds and storm tracks in 

the North Atlantic sector, resulting in cool/dry (warm/wet) winters in the 

Mediterranean region further extending into the Middle East and parts of CSWA 

(Cullen and deMenocal 2000; Aizen et al. 2001; Filippi et al. 2014). Additionally, Yin 

et al. (2014) noted that the negative (positive) phase of EAWR contributes towards 

reduced (enhanced) precipitation activity over CSWA by modulating the mid-

tropospheric westerly flow over the CSWA region. Variations in the Siberian High 

intensity also play a significant role in controlling the moisture transport into the 

CSWA region. A strengthened Siberian High tends to push the mid-latitude westerlies 

further south, resulting in comparably drier (wetter) conditions in the north (south) 

areas of the CSWA region (Wolff et al. 2017). 

Given CSWA's propensity for drought and marked variations in wintertime 

precipitation, the above relationships are of considerable value and an important basis 

for improving the predictability of regional precipitation and, ultimately, droughts. 

However, the sparseness of observed precipitation data across CSWA region makes 

assessing the long-term stability of these linkages particularly challenging; as a result 

of which predictability of precipitation in this region has not yet been well 

established (Barlow et al. 2016). 

 

1.4   Challenges and opportunity  
CSWA is a region with sparse observational network and complex topography  

(Schiemann et al. 2008; Becker et al. 2013; Mannig et al. 2013; Karthe et al. 2015; 

Barlow et al. 2016). In situ meteorological stations are extremely uneven in many 

parts of the region, and the number of monitoring stations decline considerably with 

increased elevation and remoteness (Cannon et al. 2015). Figure 1.7 shows the station 
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Figure 1.7:  Spatial distribution of stations underlying GPCC dataset released in Dec 

2011 for the period 1951-2000, with climatological precipitation normal from 67,200 

stations (Source: Schneider et al. 2014). The area enclosed within the red and green 

circles represent the two study regions of CSWA and the Indian Subcontinent, 

respectively, for which precipitation data evaluation has been performed within this 

thesis. 

data availability underlying the Global Precipitation Climatology Centre (GPCC) 

precipitation climatology data released in Dec 2011, for the period 1951-2000. 

 

 
 

 

 

Because of the spatial and temporal inhomogeneity of precipitation observations 

over CSWA, regional analysis of precipitation has been largely limited (Barlow et al. 

2016; Hoell et al. 2015b; 2017). Greater uncertainty exists in the region's historical 

trends and future projections of precipitation changes (Fowler and Archer 2006; 

Zhang et al. 2005; Lioubimtseva and Cole 2006; Christensen et al. 2007; Mannig et 

al. 2013; Pallazi et al. 2013; Huang et al. 2014; Barlow et al. 2016; Tabari and 

Willems 2018) with apparent discrepancies between previous studies due to the 

precipitation data sets used (Li et al. 2017). Owing to the data limitations, some 
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studies either excluded the arid regions of CSWA (Yohe et al. 2006; Russo and Sterl 

2012) or focused on specific subareas of the domain and/or on a shorter analysis 

period (e.g. Mann et al. 2002; Zhang et al. 2005; Anders et al 2006; Syed et al 2006; 

Nazemosadat and Ghaedamini 2010; AlSarmi and Washington 2011; Pallazi et al. 

2013; Kar and Rana 2014; Cannon et al. 2017; Iqbal and Athar 2017; and others). As 

a result, up to now the full exploitation of the huge amount of information that 

exists for this sensitive region has not been thoroughly explored; thereby creating 

a gap in our understanding of the regional precipitation climate and its variability. 

The recent development in the emergence of regional and global precipitation 

products at high spatial and temporal resolution has resulted in the availability of 

uninterrupted precipitation records that are highly useful over data-sparse or 

ungauged remote locations, where surface measurements have been difficult. These 

precipitation estimates from multiple sources: gauge, satellite and numerical weather 

models give us a unique opportunity to closely investigate spatial and temporal 

precipitation trend/patterns at the global, regional and local scale. More importantly 

for the CSWA region as a whole, a comprehensive analysis of the available 

precipitation datasets has not been performed previously (Barlow et al. 2016). 

At this point it has become increasingly clear that an improved understanding of 

CSWA's wintertime precipitation climate is of high importance; however, it is worth 

mentioning that the preliminary study that motivated the analyses on CSWA 

presented in this thesis was carried out on the neighbouring region of the Indian 

Subcontinent (encircled in green in Figure 1.7). From this study, one of the most 

important results that emerged was the outstanding issue of observational data 

scarcity and the related knowledge gap in our understanding of the wintertime 

precipitation climate over the northwestern extent of the Indian Subcontinent. The 

above-raised research questions warranted further investigation at the sub-regional 

scale, and this led to a new line of inquiry into the less explored northwestern sector 

of the Indian Subcontinent, referred to as CSWA in this thesis. As seen in Figure 1.7, 

the relatively large CSWA domain, which includes the immediate surrounding 

northwestern region of the Indian Subcontinent is selected for further analysis because 

in this region both the monthly and seasonal wintertime spatial precipitation patterns 

displayed a high degree of coherence. 
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1.5   Research goals  
This thesis is designed to explore some of the research gaps highlighted in the 

previous literature, and contribute to a better understanding of CSWA's wintertime 

precipitation climate by focussing on the following three goals: 

 

1) Assess the performance, and provide useful insights on the reliability and 

usability of some of the widely used gridded precipitation data sets  for 

Central Southwest Asia (CSWA) and the neighbouring Indian subcontinent. 

 

2) Perform an in-depth analysis of the long-term spatial and temporal 

variability of CSWA's wintertime precipitation. 

 

3) Develop a statistical forecast model for the seasonal prediction of 

wintertime precipitation anomalies over the CSWA region. 

 
 

 

1.6   Thesis Outline 
Chapters 2, 3, 4 and 5 of this thesis are written as independent manuscripts for 

publication. To date (September 2018), Chapter 2 has been published in the Journal 

of Hydrometeorology (Rana et al. 2015). Chapter 3 has been published in the 

International Journal of Climatology (Rana et al. 2017), Chapter 5 has been published 

in the Journal of Climate (Rana et al. 2018), and the most recent work, Chapter 4, is 

published in Climate Dynamics (Rana et al. 2019).  

 

1) Chapter 2 presents a comprehensive review of some of the widely used and 

freely available gridded precipitation data sets generated from different data 

sources – gauge observations, satellite-derived data, and reanalyses 

estimates over the Indian Subcontinent. As mentioned above, this work is 

not strictly confined to the CSWA domain but is a highly relevant 

contribution that provides the first seasonal (winter, pre-monsoon, 

monsoon, and post-monsoon) assessment of precipitation products over the 

Indian Subcontinent. Apparently, in the case of Indian Subcontinent, most 

studies have focused their analysis on the Indian summer monsoon rainfall 
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and its variability, with considerably less attention given to other 

seasons/regions. Therefore, one of the key highlights of the results 

discussed in Chapter 2 is that it helped to identify the large amount of 

uncertainty that exists in precipitation estimates over the northwestern 

regions of the Indian Subcontinent, where precipitation occurs primarily 

during the winter months. It is for this reason that a detailed comparison of 

various precipitation estimates and an in-depth investigation focusing on 

the variability and predictability CSWA's wintertime precipitation climate 

has been performed in the subsequent chapters of this thesis.  

 

2) Chapter 3 builds directly on the findings presented in Chapter 2, with a 

focus on the immediate surrounding CSWA region. Given the complex 

topography and poor spatial coverage of the observational network over 

CSWA, this work closely assesses the capabilities and limitations of 

multiple precipitation datasets over the study region both geographically 

and temporally.  The results presented in this study provide the necessary 

guidance to the choice of a preferable precipitation dataset for long-term 

climatological analysis of precipitation in the CSWA region. 

 

3) Chapter 4 focuses on a more detailed understanding of the long-term 

spatial-temporal variability of CSWA winter precipitation by identifying 

the dominant modes of the seasonal precipitation variability and associated 

relationships with large-scale atmospheric and oceanic flow patterns and 

mechanisms. 

 

4) Chapter 5 is based on the development of a statistical prediction model for 

CSWA winter precipitation on a seasonal timescale, using the lead-lag 

relationship between the predictor and predictand fields. 

 

5) Chapter 6 provides a summary of the research findings and proposes 

suggestions for future research. 
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A NOTE TO THE READER 
 

This thesis incorporates several manuscripts written for publication in scientific 

journals, which are presented here as a series of separate chapters. Each Chapter (2 to 

5) encompasses a complete scientific manuscript, including abstract, introduction, 

material and methods, results, and summary/conclusions. At the end of each chapter, 

the findings of that particular study are summarized. As these are stand-alone works, 

the reader should expect a certain amount of content repetition in the introductory 

section including the study region, motivation, and some of the datasets used. 
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2.1 Abstract 

This study investigates the seasonal (winter, premonsoon, monsoon, and 

postmonsoon) precipitation climate and variability over the Indian subcontinent, using 

seven recent, high-quality, well-documented precipitation products from three 

different sources: gridded station data, satellite-derived data, and reanalyses for a 

period of 10 years (1997/98–2006/07). The study employs several verification 

methods to determine consistency and reliability associated with each precipitation 

product, in terms of availability, resolution, accuracy, retrieval technique, and quality 

control. The evaluated precipitation products are the Asian Precipitation–Highly-

Resolved Observational Data Integration Towards Evaluation of the Water Resources 

(APHRODITE), the Climate Prediction Center unified (CPC-uni), the Global 

Precipitation Climatology Project (GPCP), the Tropical Rainfall Measuring Mission 

(TRMM) post-real-time research products (3B42-V6 and 3B42-V7), the Climate 

Forecast System Reanalysis (CFSR), and the European Centre for Medium-Range 

Weather Forecasts (ECMWF) interim reanalysis (ERA-Interim). The results are 

mainly presented in the form of maps that highlight the key characteristics and 

regional differences associated with particular precipitation products over the study 

region. All datasets capture the large-scale characteristics of the seasonal mean 

precipitation distribution, albeit with pronounced seasonal and/or regional differences. 

Compared to APHRODITE, the gauge-only (CPC-uni) and the satellite-derived 

precipitation products (GPCP, 3B42-V6, and 3B42-V7) capture the summer monsoon 

rainfall variability better than CFSR and ERA-Interim. Similar conclusions are drawn 

for the postmonsoon season, with the exception of 3B42-V7, which underestimates 

postmonsoon precipitation. Over mountainous regions, 3B42-V7 shows an 

appreciable improvement over 3B42-V6 and other gauge-based precipitation 

products. Significantly large biases/errors occur during the winter months, which are 

likely related to the uncertainty in observations that artificially inflate the existing 

error in reanalyses and satellite retrievals. 

2.2 Introduction 
There is growing evidence that the statistical characteristics of precipitation are 

changing at several places around the globe (Brunetti et al. 2001; Goswami et al. 

2006; Trenberth 2011; Wang and Ding 2006; Yao et al. 2012). To understand the 
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extent of these changes, accurate and timely knowledge of the space–time variability 

of precipitation is essential. Rain gauges provide direct and accurate point 

measurements of precipitation over land and are often the most used and trusted 

source of information for hydrological studies. However, one of the major 

shortcomings of gauge measurements is that they do not provide complete areal 

coverage and are often sparse or nonexistent in remote or politically unstable regions 

of the world. In addition, it is well known that gauge measurements are also prone to 

several sources of systematic and random error (Sevruk 1985; Kuligowski 1997). 

Given the importance of gauge-based precipitation estimates as “ground truth” for 

other products, significant progress has been made to develop and construct gridded 

global and regional gauge-based precipitation analyses. 

Satellite-derived precipitation products have been developed that fill some of 

the data gaps by providing more spatially homogeneous and temporally complete 

coverage over large areas of ocean and land (Yilmaz et al. 2005; Dinku et al. 

2007; Kucera et al. 2013). However, the accuracy of these products is limited, largely 

because they are derived from other observables (i.e., cloud-top reflectance or thermal 

radiance; Richards and Arkin 1981; Petty and Krajewski 1996). Satellite products can 

also suffer from various discontinuities between different platforms and instruments 

and are not available before the 1970s. Recently, various “merged” satellite and gauge 

analyses have been assembled that maximise (and minimise) the relative benefits (and 

shortcomings) of each data type (New et al. 2001). 

Spatially homogeneous and temporally continuous precipitation estimates are 

also available from the reanalysis systems that use advanced data assimilation 

techniques to merge estimates from global circulation models with observations. 

Reanalysis products are widely used in climate research, even though the products are 

known to have biases, particularly in the estimation of precipitation (Ma et al. 

2009; Lorenz and Kunstmann 2012). 

In spite of their shortcomings, satellite-derived and reanalysis precipitation 

products offer an exciting opportunity to better understand the characteristics and 

variability of precipitation throughout the globe. However, before this potential can be 

fully realised, we need to validate these datasets and gain a better understanding of 

their inherent biases (Bosilovich et al. 2013; Turk et al. 2008). Intercomparisons of 

satellite-derived datasets and reanalyses with gauge observations have been used to 

assess the reliability of precipitation products at individual sites and for specific 
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regions (Bosilovich et al. 2008; Ebert et al. 2007; Joshi et al. 2012; Kidd et al. 

2012; Ma et al. 2009; Palazzi et al. 2013; Rahman et al. 2009; Shah and Mishra 

2014; Shen et al. 2010). They showed that the performance of reanalyses and satellite-

based precipitation estimates vary for different regions and for different precipitation 

regimes. In general, reanalyses showed greatest skill during winter seasons while 

satellite estimates were best over wet regions and for warm seasons. 

Previous studies of precipitation over the Indian subcontinent have focused on 

the genesis, dynamics, diagnostics, and predictability of precipitation and have put 

most emphasis on the Indian summer monsoon rainfall (ISMR; Krishnamurthy and 

Shukla 2000; Goswami and Ajaya Mohan 2001; Mishra et al. 2012; Turner and 

Annamalai 2012). Far less effort has focused on pre- and postmonsoon precipitation 

in spite of its importance to water resources, agriculture, and livelihoods in the 

northwestern/Himalayan and southern peninsular regions of the subcontinent 

(Immerzeel et al. 2009; Bookhagen and Burbank 2010). The magnitude and 

mechanistic explanation of precipitation and its variability during these seasons 

and/or regions remains unclear and poorly investigated (Kripalani and Kumar 

2004; Sen Roy 2006; Rajeevan et al. 2012; Kar and Rana 2013). 

In this study, we investigate the seasonal (winter, premonsoon, monsoon, and 

postmonsoon) precipitation climate and variability over the Indian subcontinent, using 

seven recent, high-quality, well-documented precipitation products from three 

different sources: gridded station data, satellite-derived data, and reanalyses. The 

study employs several verification methods to determine consistency and reliability 

associated with each precipitation product, in terms of availability, resolution, 

accuracy, retrieval technique, and quality control.  

The main goals of this study are to 1) provide an intercomparison of the various 

precipitation datasets over our study region, 2) provide insights into data reliability 

and usability for a region that contains subregions that are not well provisioned by 

rain gauges, and 3) examine precipitation and its variability for all seasons throughout 

the year. 

The results are mainly presented in the form of maps that highlight the key 

characteristics and regional differences associated with particular precipitation 

products. The work is organized as follows: Section 2.3 describes the datasets used, 

with a brief description of methodology and choice of reference dataset; section 2.4 
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outlines the results and discussion, followed by the summary and conclusions in 

section 2.5. 

 
2.3 Materials and Methods 
The main characteristics of the datasets used in this study are shown in Table 2.1 .The 

basic selection criteria are based on spatial coverage over the study region, spatial 

resolution, and temporal availability. 

Table 2.1: Main characteristics of the precipitation products examined in this study 

 
 

1. Asian Precipitation–Highly-Resolved Observational Data Integration Towards 

Evaluation of the Water Resources (APHRODITE) was developed by a consortium 

of the Research Institute for Humanity and Nature (RIHN), Japan, and the 

Meteorological Research Institute of the Japan Meteorological Agency (MRI-

JMA). APHRODITE is made up of high-quality daily precipitation products of 

varying resolution (0.25°, 0.5°) for several Asian subregions. Here, we use the 

latest version of daily precipitation data (APHRO_V1101) at 0.5° latitude–

longitude resolution for the Asian monsoon domain (15°S–55°N, 60°–150°E) 

during the period 1951–2007 (available fromwww.chikyu.ac.jp/precip/products/). 

The product does not discriminate between rain and snow but incorporates an 

improved quality-control method and orographic correction of precipitation. 

Details on the gridding procedure and reliability of APHRODITE daily 

Datasets used Product Format Unit Spatial 
Domain 

Spatial Resolution 
used 

Temporal Domain 
used 

APHRODITE APHRO_V1101 
(Monsoon Asia) NetCDF mm/day 

Land  
60°E–150°E 
15°S–55°N 

0.5° (Lat-Lon) Daily  
(1951- 2007) 

CPC-UNI V1.0 Binary mm/day Land-Global 0.5° (Lat-Lon) Daily (1979-2010) 

GPCP V1.2 Binary mm/day Global 1° (Lat-Lon) Daily  
(10/1996-2010) 

3B42-V6  (Research 
Product) Binary mm/3hr 

Tropics 
50°S-50°N 

 
0.25° (Lat-Lon) 3 hourly 

 (1998-2010) 

3B42-V7 
 

(Research 
Product) 

Binary mm/3hr 
Tropics 

50°S-50°N 
 

0.25° (Lat-Lon) 3 hourly 
 (1998-2010) 

ERA-INTERIM Reanalysis Grib1 m Global T255 (~79km)  
1.5° X 1.5° Daily (1979-2010) 

CFSR Reanalysis Grib2 Kg/m-2/s-1 Global T382 (~38km) 
0.313° X 0.313° 

 
Daily (1979-2010) 
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precipitation data can be found in Hamada et al. (2011) and Yatagai et al. 

(2009, 2012). 

 

2. Climate Prediction Center unified (CPC-uni) is a global gauge-based daily 

precipitation product from the National Oceanic and Atmospheric Administration 

(NOAA) Climate Prediction Center (CPC). Gauge reports from over 30 000 

stations are collected from multiple sources, including Global Telecommunications 

System (GTS), Cooperative Observer (COOP) network, and other national and 

international agencies, and quality control is performed. CPC-uni uses optimal 

interpolation (OI) with orographic consideration to represent the area-averaged 

values of precipitation over the grid boxes (Chen et al. 2008). Here, we used the 

CPC-uni, version 1.0 (v1.0), global land data at a 0.5° latitude–longitude spatial 

resolution available from 1979 to the present. 

 

3. The Global Precipitation Climatology Project (GPCP), sponsored by the World 

Climate Research Programme and Global Energy and Water Cycle Experiment, 

provides global precipitation products based on satellite and gauge information at 

daily (Huffman et al. 2001), pentad (Xie et al. 2003), and monthly (Adler et al. 

2003) time scales. The GPCP 1-Degree Daily (1DD), version 1.2 (v1.2), dataset 

covers the period from October 1996 up to the present and is a companion to the 

GPCP, version 2.2, satellite–gauge (SG) combination. Information on individual 

components used as an input in the GPCP-1DD precipitation product can be 

obtained online (http://precip.gsfc.nasa.gov/gpcp_daily_comb.html).  

 

4. The Tropical Rainfall Measuring Mission (TRMM) is a joint mission between the 

Japan Aerospace Exploration Agency (JAXA) and the U.S. National Aeronautics 

and Space Administration (NASA) designed to monitor precipitation and its 

variability within the tropics. The TRMM Multisatellite Precipitation Analysis 

(TMPA) algorithm merges a variety of satellite-based observations and ground 

observations to yield high spatiotemporal resolution and quasi-global quantitative 

precipitation estimation (QPE) products. The 3-hourly TMPA precipitation 

estimates are available as a real-time version (3B42-RT) and a gauge-adjusted 

post-real-time research version (3B42). There are two generations of 3B42 

products: version 6 (3B42-V6), which is available to June 2012; and version 7 



 34 

(3B42-V7), which was retrospectively processed using the updated algorithm back 

to 1998 and released in May 2012 and is ongoing. The newly released 3B42-V7 

incorporates several important changes over 3B42-V6, including use of Global 

Precipitation Climatology Centre (GPCC) analyses and additional satellite data 

(Huffman and Bolvin 2014). For this study, we use both the research versions 

(hereafter referred to as 3B42-V6 and 3B42-V7) available through the NASA 

interface (mirador.gsfc.nasa.gov). Both datasets have a spatial (temporal) 

resolution of 0.25° × 0.25° (3 h) over latitudes 50°N–50°S (Huffman et al. 

2007, 2011). 

 

5. The Climate Forecast System Reanalysis (CFSR) is a third-generation reanalysis 

product developed at the National Centers for Environmental Prediction 

(NCEP; Saha et al. 2010). The advantages of CFSR relative to previous NCEP 

reanalyses include (i) higher horizontal (~38 km, T382) and vertical (64 sigma-

pressure hybrid levels) resolution, (ii) the guess forecast is generated from a 

coupled atmosphere–land–ocean–ice system, and (iii) historical satellite radiance 

measurements are assimilated. In addition, the CFSR is forced with observed 

estimates of evolving greenhouse gas concentrations, aerosols, and solar variations 

(http://cfs.ncep.noaa.gov/cfsr/). This study uses daily precipitation at ~0.313° 

Gaussian latitude–longitude, available for the period of 1979–2010 from the 

National Center for Atmospheric Research (NCAR). 

 

6. The European Centre for Medium-Range Weather Forecasts (ECMWF) interim 

reanalysis (ERA-Interim) is the most recent global atmospheric reanalysis 

produced by ECMWF covering the period from 1979 onward (Dee et al. 2011). 

ERA-Interim uses four-dimensional variational data assimilation (4D-Var), a 

revised humidity analysis, variational bias correction for satellite data, and other 

improvements in data handling. ERA-Interim precipitation estimates are produced 

by the forecast model based on temperature and humidity information derived 

from assimilated observations. The dataset is freely available at a global daily 

resolution of ~1.5° regular Gaussian grid. 
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2.3.1 Data processing  

No standard format or grid resolution exists among the various precipitation 

products (Table 2.1). To facilitate direct comparison of precipitation datasets, a 

common 0.5° × 0.5° regular latitude–longitude grid was chosen and bilinear 

interpolation was used in which, each point of the output grid is generated from its 

four neighbouring points in the input grid using a weighted approach. CFSR and 

ERA-Interim were extracted from the Gaussian grid gridded binary (GRIB) format 

and remapped to the (0.5° × 0.5°) regular grid. Seasonal averages were calculated 

from daily precipitation values and extracted for the region of interest, the Indian 

subcontinent (5°–38°N, 60°–100°E; Figure 2.1).  

 

 
Figure 2.1: Location and topography (m) of the Indian Subcontinent. 

 

Only land points are considered here and the seasons are defined as winter 

[December–February (DJF)], premonsoon [March–May (MAM)], monsoon [June–
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September (JJAS)], and postmonsoon [October–November (ON)]. These seasonal 

designations best segment the large-scale annual variations of the major components 

of the subcontinent’s climate, such as surface wind/surface pressure, temperature, and 

precipitation (Shea and Sontakke 1995). A common overlap period of 10 years 

(1997/98–2006/07) was chosen to enable a consistent comparison. 

 
 
2.3.2 Error analysis  

Several statistical methods are employed to analyse the precipitation products 

compared to the reference APHRODITE data. Maps are generated for seasonal and 

monthly mean climatology, standard deviation (std dev), and anomaly correlation 

coefficients (ACC).  

Mean          2.1 

Standard Deviation       2.2 

 
 

where n is number of data points, X  is the precipitation product (gauge, satellite, or 

reanalyses) under comparison, and Xi is its ith value. 

 

Anomaly correlation coefficient   2.3 

𝑃!! = 𝑃! − 𝐶 and 𝑂!! = 𝑂! − 𝐶 

Pi represents the precipitation products (CPC-uni, GPCP, 3B42-V6, 3B42-V7, CFSR, 

and ERA-Interim); Oi represents the reference (APHRODITE) data; and C represents 

the climatology of the respective dataset over time (i) = 1, ….., n. 

 
In addition, Percentage precipitation difference (PPD) and percentage root-mean-

square error (PRMSE) are computed to measure the biases in all examined products, 

relative to the seasonal mean of the reference dataset using the following equations. 
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         2.4 

 

       2.5 

 
 
2.3.3 Empirical Orthogonal Function (EOF) analysis  

To examine the spatial–temporal variability of precipitation in each dataset, 

empirical orthogonal function (EOF) analysis is applied. This multivariate technique 

reduces the dimensionality of a dataset by finding a new set of variables that captures 

most of the observed variance in the data through a linear combination of original 

variables (Wilks 1995). The technique has been widely used in the field of atmopheric 

science and climate research for many years (Ding and Wang 2005; Hannachi et al., 

2007; Mishra et al. 2012; Zhang et al. 2013). 

EOF analysis seeks structures that explain the maximum amount of variance in 

a two-dimensional data set. One dimension in the data set represents the dimension 

(e.g., spatial) in which we are seeking to find structure (EOFs), and the other 

dimension (e.g., time) represents the dimension in which realizations of this structure 

are sampled (the Principal Components or PC’s), and they are related one-to-one to 

the EOF’s. Both sets of structures are orthogonal in their own dimension (Hartmann 

2016). 

Let us consider a gridded data set composed of a space-time field X(t,s) 

representing the value of the field X at time t and spatial position s. The value of the 

field at discrete time ti and grid point sj is denoted xij for i = 1,...,n and j = 1,...p. The 

observed field X is then represented by the matrix 
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      2.6 

 
where  , t=1, . . . n, represents the map, or the value of the field 

at time t. Let us denote by the time average of the field at the ith spatial grid point. 

This time average is given by: 

 

          2.7

  
and the climatology is defined by   
   

        2.8 

 
 
where 1n = (1,... 1)T is the (column) vector of length n containing only ones. The 

anomaly field, or departure from the climatology is defined at (t,sk), t = 1,...n, and k = 

1,...p, by: 

 
          2.9 

 
in the matric form equation 2.9 can be written as: 
 
 

                           2.10 

 
where In is the n × n identity matrix, and H is the centring matrix of order n (Mardia 

et al., 1979). After the anomaly data matrix Y is determined from equation 2.10, the 

EOFs of Y are obtained by finding the eigenvalues of the covariance matrix S defined 

as: 

 

                   2.11 

 
where U and Λ are the orthonormal matrix of eigenvectors and the diagonal matrix of 
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the eigenvalues, respectively. The EOFs, also know as the PC loadings are the 

columns of U. The first EOF (EOF-1) is the unit-length vector defining the linear 

combination of the columns of Y that explain maximum variability. Subsequent EOFs 

are determined similarly, with an orthogonality constraint for all other EOFs in both 

space and time. The matrix Λ of eigenvalues contains the variance associated with 

each EOF, in descending order. The projection of the anomaly field Y onto the matrix  

U determines the principal components (PCs) for each EOF defined by: 

 
 
Z = YU                     2.12 
 
 
Z is also known as the EOF expansion coefficients, EOF time series amplitude, PC 

time series, or PCs score. In this study we use the terminology EOFs and PCs for the 

spatial and temporal patterns respectively. 

 
 
2.3.4 Why APHRODITE as the reference? 

In this work, we have considered APHRODITE as our primary surface 

reference (i.e., benchmark) dataset. Yatagai et al. (2008, 2009) recommended 

APHRODITE as a reliable dataset for studying rainfall variations over Asia and 

suggested that it can be considered as observations and ground truth around the 

Himalayas, the Middle East, and central Asian regions. Rajeevan and Bhate (2009), in 

a study over the Indian region, compared the India Meteorological Department (IMD) 

rain gauge data (comprising 6000 stations) against the APHRODITE_V0804 rainfall 

product (~2000 stations) and found that APHRODITE data could capture the large-

scale features of the ISMR, exhibiting strong correlations (>0.6) with IMD data over 

most of India. For monitoring large-scale precipitation variations over East 

Asia, Sohn et al. (2012) quantified the reliability of six precipitation datasets over the 

region considering APHRODITE as the ground truth. Andermann et al. 

(2011) compared gridded precipitation products along the complex relief zone of the 

Himalayan front and concluded that for all seasons the APHRODITE dataset gives 

the best precipitation estimates with minimal difference from independent ground 

observations. However, the authors noted that the lack of gauge stations at higher 

elevations of the study region limits the accuracy of APHRODITE. Recently, Prakash 

et al. (2015) performed a seasonal (JJAS) intercomparison of six observational 
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Figure 2.2: Distribution of rain gauge stations used by APHRODITE for the year 1998. 

GTS stations (blue), precompiled datasets (black), and data individually collected by 

the APHRODITE project team (red).Figure reference: Yatagai et al. (2009). 

rainfall datasets against IMD gridded data and found that APHRODITE and GPCC 

are the two best performers in terms of statistical skill scores, with APHRODITE’s 

root-mean-square error (39.31%) being lower than that of GPCC (42.68%) for all-

India JJAS rainfall. 

These studies, together with the validation work carried out by Yatagai and Xie 

(2006) and Yatagai et al. (2009), give us a sound basis to consider APHRODITE as a 

reliable reference dataset for studying precipitation variations over the Indian 

subcontinent and other regions, where the dataset contains a dense network of rain 

gauges. Figure 2.2 shows the distribution map of rain gauge stations used by 

APHRODITE for the year 1998 (Yatagai et al. 2009). As seen in Figure 2.2, the 

dataset benefits from a dense network of rain gauges over a large part of India and 

Nepal, giving greater confidence for diagnostic studies and validation work. However, 

over the northwestern region of the subcontinent (including northwestern India, 

Pakistan, and Afghanistan), the eastern part of peninsular India, and the Tibetan 

Plateau, the distribution of gauge stations is sparse, which may limit the accuracy of 

observations and might introduce uncertainties in gauge-based precipitation products. 
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2.4 Results and discussion 

 
2.4.1 Seasonal to interannual variability 

The Indian subcontinent exhibits a wide range of seasonal precipitation regimes 

across different regions. To visualize this distribution of total annual precipitation, 

daily precipitation values for the time period from December 1997 to December 2007 

are segmented into four seasons (DJF, MAM, JJAS, and ON) and spatial fields of 

seasonal precipitation distribution are generated for all datasets (Figure 2.3). The most 

pronounced spatial precipitation pattern represents the southwest monsoon (JJAS) 

rainfall that contributes ~70%–75% of the total annual precipitation across the entire 

domain. Rainfall during the southwest monsoon is a result of both the seasonally 

changing thermal contrast between land and ocean and the seasonal migration of the 

intertropical convergence zone (ITCZ). The highest climatological mean for JJAS 

rainfall occurs over the western coast of peninsular India and over the northeastern 

region; both are associated with orographic lifting and intense convection (Pattanaik 

and Rajeevan 2010). 

The JJAS rainfall gradually decreases northwestward from east-central India, 

with areas along the southeastern coast of peninsular India being comparatively dry. It 

is during the postmonsoon season that large parts of the southeastern coast of 

peninsular India and neighboring Sri Lanka receive a significant amount of rain due to 

the retreating southwest monsoonal winds, also known as the northeast monsoon. 

With the retreat of the southwest monsoon, surface pressure and the upper wind 

circulation patterns change rapidly and a trough of low pressure is established over 

the southern Bay of Bengal, resulting in a northeasterly wind flow across the 

subcontinent (Srinivasan and Ramamurthy 1973). During this time, the northern–

northwestern part of the subcontinent is generally dry but receives a significant 

amount of precipitation during winter (DJF) and premonsoon (MAM) months because 

of the occurrence of midlatitude disturbances and premonsoon thunderstorms (TSs), 

respectively. Winter precipitation is usually limited in spatial extent and total amount 

and is largely confined to the northwestern region of the Indian subcontinent and 

follows a general decline from west to east (Sen Roy 2009). An interesting feature 

observed during the premonsoon months is the shift in rainfall activity to the 

northeastern region of the subcontinent as a result of the TS activity before the 

advancement of the southwest monsoon over the region (Mahanta et al. 2013). 
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Figure 2.3: Spatial distribution of seasonal mean precipitation (mm/day) over the 

Indian Subcontinent, for each precipitation product for the period 1997/98 to 

2006/07. 
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Figure 2.3 shows that all products are capable of coherently reproducing the key 

features of the seasonal and regional precipitation distribution reasonably well and are 

roughly in agreement with the APHRODITE dataset. However, significant regional 

differences can be observed in all precipitation products, especially along the 

topographically induced high rainfall regional features (e.g., over northern Pakistan, 

the foothills of the Himalayas, the extreme northeast, and along the Western Ghats). 

Comparing APHRODITE with other products, we find that CPC-uni, GPCP, and 

3B42-V6 capture the seasonal distribution pattern of DJF and MAM precipitation, but 

the datasets fail to capture the maxima of orographic precipitation over the complex 

topography of northwestern India. In addition, the products slightly underestimate 

(overestimate) the rainfall amounts over the windward (leeward) side of the western 

coast of India during the JJAS season. 

In mountainous regions, 3B42-V7 exhibits slightly higher precipitation and 

hence performs better than 3B42-V6, CPC-uni, and GPCP. According to Huffman 

and Bolvin (2014), the largest difference between 3B42-V7 and 3B42-V6 occurs in 

mountainous regions owing to the major changes in 3B42-V7’s Precipitation Radar 

algorithm, which uses a higher-resolution elevation map based on Shuttle Radar 

Topography Mission data with 30-arc-s spacing (SRTM30) over India, Tibet, and 

South America (TRMM Precipitation Radar Team 2011). The newer product (3B42-

V7) displays the rain-shadow region of the Western Ghats reasonably well but fails to 

capture the distribution pattern of postmonsoon rainfall along the eastern coast of 

peninsular India. Moreover, 3B42-V7 exhibits slightly higher precipitation over the 

core monsoon zone and the northeastern region of the subcontinent, including 

Myanmar. Reasons for overestimation in 3B42-V7 could be bias in the full usage of 

GPCC gauge data, which, according to Prakash et al. (2015), overestimates (~5 

mm/day) the monsoon rainfall over northeastern India and along the Western Ghats 

compared to IMD gauge data, or because of the occurrence of heavy convective 

rainfall, which may cause signal attenuation and might lead to overestimation of near-

surface rainfall (Amitai et al. 2004). 

In contrast to CPC-uni and the satellite-derived precipitation products (GPCP, 

3B42-V6, and 3B42-V7), the two reanalysis products (CFSR and ERA-Interim) 

appear to reproduce high seasonal precipitation values over regions of pronounced 

precipitation activity. For example, high precipitation totals are observed in the 

northwestern and northeastern regions of the subcontinent for DJF and MAM. In 
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addition, regions of spuriously high rainfall are also seen during JJAS, particularly 

over the northeastern region and the core monsoon zone. Monsoon precipitation in 

these regions is mainly associated with the presence of a moist convective regime 

related to the monsoon flow and also to the propagation of low pressure systems from 

the Bay of Bengal along the core monsoon zone (Rajeevan et al. 2010). Therefore, 

overestimation of precipitation in these regions, especially by reanalysis datasets, 

could be associated with overestimation of moisture fields and hence precipitable 

water (Trenberth et al. 2011; Shah and Mishra. 2014). CFSR tends to overestimate 

seasonal precipitation in the southern part of peninsular India during MAM, JJAS, 

and ON and to underestimate JJAS precipitation over the semiarid region of 

northwestern India (including Pakistan), consistent with Shah and Mishra (2014). 

The reanalyses illustrate the strong influence of orography on precipitation. 

While ERA-Interim shows a smooth spatial distribution of precipitation, CFSR 

reproduces finer-scale regional patterns, which may be due to the improved 

representation of the orographically influenced precipitation and the high spatial 

resolution of this dataset (Saha et al. 2010). A close comparison of precipitation 

products illustrates that 3B42-V6 and CPC-uni display the highest degree of spatial 

agreement to APHRODITE’s (JJAS and ON) seasonal climatology. For the entire 

subcontinent, the seasonal JJAS (ON) domain-averaged mean is 4.29 (1.31) for 

APHRODITE, 3.98 (1.22) for CPC-uni, 5.2 (1.84) for GPCP, 4.35 (1.36) for 3B42-

V6, 5.9 (1.11) for 3B42-V7, 7.1 (2.03) for CFSR, and 5.8 (1.89) mm/day for ERA-

Interim. 

The mean monthly precipitation cycles over the region for the period 1997/98–

2006/07 are compared in Figure 2.4. All products capture the unimodal distribution of 

the annual cycle fairly well, albeit with different amplitude. With respect to the 

APHRODITE, CPC-uni (GPCP) tends to slightly underestimate (overestimate) the 

monthly precipitation amount, while CFSR and ERA-Interim significantly 

overestimate mean monthly precipitation from May to December. The 3B42-V7 

closely agrees with APHRODITE’s averages for the winter and premonsoon months, 

but overestimates (slightly underestimates) the JJAS (ON) precipitation amounts over 

the core monsoon zone (eastern coast) of India. The results seen here are a clear 

manifestation of the spatial climatology patterns depicted in Figure 2.3.  
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Figure 2.4: Mean monthly precipitation cycle (mm/day) averaged over the Indian 

Subcontinent, for each precipitation product for the period 1997/98 to 2006/07. 

 

 
 

 
To represent the interannual variability of precipitation at each grid point, we 

generate interannual std dev plots for each season in Figure 2.5, shown below. All 

datasets reveal large std dev values over regions that receive large amounts of 

seasonal precipitation. For example, the western coast of peninsular India and the 

northeastern region exhibit large std dev values during JJAS, while southeastern 

peninsular India displays high interannual variability during ON. Similarly for DJF 

and MAM, comparatively high (>5 mm/day) std dev values appear over the 

northwestern region and in some parts of northeastern and southern peninsular India. 

In comparison to APHRODITE, the overall magnitude of rainfall variability is fairly 

well reproduced by all datasets for all seasons and/or regions, with the exception of 

CFSR. During JJAS, CFSR displays large (>18 mm/day) interannual variability over 

north-central India and northeastern regions of the subcontinent, where CFSR 

produces excess precipitation totals (Figure 2.3). Misra et al. (2012) commented that 

CFSR displays the strongest interannual variation of precipitable water over central 

India (with nearly 11% difference between wet and dry years), which they associated 

with the anomalous oceanic sources of moisture from the adjacent Bay of Bengal and 

Arabian Sea. In the JJAS (std dev) pattern, an important feature in ERA-Interim is the 

region of suppressed (<9 mm/day) rainfall variability along the western coast of India 
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Figure 2.5: Standard deviation of seasonal mean precipitation (mm/day) over the 

Indian Subcontinent, for each precipitation product for the period 1997/98 to 2006/07. 

and comparatively high (16 mm/day) variability over the northeastern region. 
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The results obtained here are consistent with the finding of Shah and Mishra 

(2014), who reported that both CFSR and ERA-Interim overestimated monsoon 

rainfall variability over eastern regions compared to IMD gauge observations. For 

the monsoon season, the domain-averaged std dev is APHRODITE = 10.4, CPC-uni 

= 10.2, GPCP = 9.6, 3B42-V6 = 11.2, 3B42-V7 = 11.4, CFSR = 17.3, and ERA-

Interim = 11.3 mm/day. In comparison to GPCP, the relative superiority of CPC-uni, 

3B42-V6, and 3B42-V7 is evident, as these products show close agreement to 

APHRODITE’s precipitation variability and can capture the pattern of large std dev 

values over the Western Ghats (eastern coast) of India during JJAS (ON). Rahman et 

al. (2009) and Joshi et al. (2012) also reported that in comparison to IMD gauge 

data, 3B42-V6 performs better than GPCP for the monsoon period over the Indian 

region. Among the reanalysis datasets, the performance of ERA-Interim looks 

somewhat better than CFSR in terms of both domain-averaged mean and std dev for 

the JJAS period. For DJF and MAM, CPC-uni and GPCP do not provide any useful 

information with regard to the interannual variability of seasonal precipitation over 

the northwestern region of the Indian subcontinent and along the foothills of the 

Himalayas. Despite the similar std dev distribution pattern for both 3B42-V6 and 

3B42-V7, differences are notable over mountainous regions, where 3B42-V7 more 

successfully captures the interannual variability of the DJF and MAM precipitation 

as seen in APHRODITE. The domain-averaged std dev values for DJF are 

APHRODITE = 3.4, CPC-uni = 2.9, GPCP = 3.1, 3B42-V6 = 3.1, 3B42-V7 = 3.6, 

CFSR = 4.3, and ERA-Interim = 4.3 mm/day. 

 
 
2.4.2 Error assessment 

To explore the skill of the precipitation products on a regional basis, a relative 

bias or PPD (relative to APHRODITE) is computed on a seasonal scale. Figure 2.6 

indicates that CPC-uni exhibits a general tendency to underestimate seasonal 

precipitation along the foothills of the Himalayas, the Tibetan Plateau, and Myanmar 

in all seasons. The poor performance of the CPC-uni indicates that the total number of 

active rain gauges and their spatial distribution used to construct the CPC-uni dataset 

is not enough to capture the seasonal precipitation pattern and interannual variability 

over the above-mentioned regions. According to Gebregiorgis and Hossain (2015), 
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Figure 2.6: Percentage Precipitation difference (PPD) with respect to APHRODITE 

seasonal mean precipitation over the Indian Subcontinent for the period 1997/98 to 

2006/07. 

APHRODITE uses an extensive network of gauges from various partner 

organizations, which is more than CPC-uni. 
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Large PPDs appear over the data-sparse and topographically complex Tibetan 

Plateau and the Hindu Kush–Karakoram mountain ranges in the northwestern region 

of the subcontinent. The domain-averaged PPDs are maximum (minimum) for the 

winter (monsoon) season with values of 13% (4%), 142% (53%), 43% (25%), 72% 

(38%), 243% (41%), and 234% (84%) for CPC-uni, GPCP, 3B42-V6, 3B42-V7, 

CFSR, and ERA-Interim, respectively. Similarly, for MAM (ON), the domain-

averaged PPDs are 2% (4%), 63% (68%), 33% (28%), 40% (45%), 79% (103%), and 

123% (114%), respectively. The large positive bias over the above-mentioned regions 

appears to be consistent in the reanalysis datasets throughout the year. The large 

positive bias in CFSR and ERA-Interim could be related to 1) the inability of the 

models to resolve orographic precipitation in complex terrain with large elevation 

changes (Ma et al. 2009), 2) differences in the land–atmosphere interaction and land 

surface model schemes (Misra et al. 2012), and 3) the fact that reanalysis products 

estimate total precipitation (rainfall plus snow; Palazzi et al. 2013). However, for the 

satellite-derived precipitation products, the large bias seems to gradually decrease 

from the cold winter months (DJF) to the warm summer season (JJAS). This result 

closely agrees with the conclusions reported by Ebert et al. (2007) that satellite 

algorithms perform best during summers, when rainfall is more convective, than in 

winters when it is more synoptically forced. Apparently, the occurrence of 

comparatively smaller positive bias for the satellite-derived precipitation products 

could be related to the difficulty of in situ station data, satellite estimates, and their 

combinations in detecting the snow component of precipitation (Rasmussen et al. 

2012). 

All datasets (except for the gauge-only CPC-uni) display distinctly large winter 

PPDs over the northern flank of the subcontinent and the Tibetan Plateau. This 

implies an additional source of uncertainty (i.e., gauge measurements) might be 

contributing toward the existing errors in the reanalysis estimates and satellite 

retrievals. According to Lorenz and Kunstmann (2012), gauge undercatch error for 

solid precipitation, which is especially large in high latitudes or mountainous regions 

during the winter season, can lead to an underestimation of the true precipitation of up 

to 50%. Moreover, sampling errors between 15% and 100% could be expected for 

sparsely gauged regions with less than three gauges per 2.5° × 2.5° grid cell (Rudolf 

and Rubel 2005). Therefore, depending on the environmental conditions (season) and 

geographic location, it is likely that the uncertainties and inhomogeneities in 
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observational/reference data are artificially inflating or deflating the existing biases in 

all datasets. Furthermore, a comparison of the spatial and domain-averaged PPDs 

indicates that 3B42-V6 and 3B42-V7 outperform GPCP in all seasons. This can be 

associated first to the fact that, in regions with low gauge density, the GPCP analysis 

is influenced more by the gauges (Gruber et al. 2000), while 3B42 estimates are 

influenced more by the satellite measurements, and second, to the coarser resolution 

of GPCP, which spreads any errors over larger geographical areas. CFSR displays 

large negative PPDs over Afghanistan and Pakistan and some parts of northwestern 

India during JJAS. Misra et al. (2012) found that during the monsoon season the 

cross-equatorial and the southwesterly flow of monsoonal (950 hPa) winds is weak in 

CFSR, which, according to our understanding, could result in the weakening of the 

monsoon flow and hence less advection of moisture to the far northwestern regions 

(including Pakistan), as seen in Figure 2.3. 

Spatial patterns of ACC are generated for the period from 1997/98–2006/07 

in Figure 2.7 to analyse how the examined products relate to the seasonal anomalies 

in APHRODITE data at each grid point. Results indicate that for a season, the ACCs 

are significantly high (>0.632 at 95% significance level) over regions exhibiting less 

interannual variability and vice versa. Reasonably high (low) ACCs are observed 

during ON (JJAS) over most of the regions and for all products. In comparison to 

other precipitation products, CPC-uni displays relatively high and significant ACC 

values (>0.65) along the western (eastern) coast of peninsular India during JJAS 

(ON), suggesting that the two-gauge products have similar anomaly pattern. The 

domain-averaged ACC for CPC-uni and APHRODITE is found to be DJF = 0.36, 

MAM = 0.57, JJAS = 0.47, and ON = 0.63. In addition, 3B42-V6 and 3B42-V7 also 

show a close agreement to APHRODITE during MAM, JJAS, and ON, indicating a 

comparably good anomaly correlation in regions exhibiting high precipitation 

variability (e.g., Western Ghats and northeastern region including Myanmar). The 

domain-averaged ACCs for 3B42-V6 (3B42-V7) during DJF, MAM, JJAS, and ON 

are found to be 0.21 (0.21), 0.54 (0.57), 0.46 (0.48) and 0.67 (0.68), respectively. 

Unlike other precipitation products, 3B42-V6 and 3B42-V7 exhibit the lowest 

domain-averaged ACCs (i.e., 0.21) and display a different anomaly correlation pattern 

during the DJF season. The diagonal correlation pattern with positive–negative–

positive ACC values is similar to the high–low–high regional precipitation seasonality 

pattern generated in Figure 2.3. However, the negative ACC values in 3B42-V6 and 
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Figure 2.7: Anomaly Correlation of seasonal mean precipitation over the Indian 

Subcontinent, compared to APHRODITE for the period 1997/98 to 2006/07. 

3B42-V7 are of concern, indicating in some cases the reversed anomalies of winter 

precipitation over the Indian subcontinent. 
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 In general, it appears that all individual precipitation products have a relatively 

low and seasonally variable ACC spatial pattern over the northwestern region of 

subcontinent, the entire Himalayan belt, the Tibetan Plateau, and Myanmar. The two 

reanalyses products more or less represent similar characteristic features in their ACC 

patterns and produce poor correlations during MAM (CFSR = 0.35, ERA-Interim = 

0.42) and JJAS (CFSR = 0.29, ERA-Interim = 0.30) as compared to other 

precipitation products. This result perhaps can be attributed entirely to the strong 

overestimation of precipitation (Figure 2.3 and Figure 2.4) and high interannual 

variability (Figure 2.5) over the core monsoon zone and the northeastern region of the 

Indian subcontinent, which largely reduces the skill of the reanalyses products over 

these regions. 

Figure 2.8  shows the seasonal PRMSE with respect to the climatological mean 

of the APHRODITE dataset. The PRMSE ranges from zero to infinity, with lower 

values indicating closer agreement with APHRODITE. The maximum (minimum) 

error/uncertainty in precipitation estimates exists during the winter (monsoon) period. 

More or less consistent with the PPD results, the spatial comparison of PRMSE 

reveals that, regardless of the season, PRMSEs and PPDs are large and distinct over 

the topographically complex and data-sparse northwestern region of the Indian 

subcontinent, Myanmar, and the Tibetan Plateau. Conversely, the spatial spread of 

PRMSE is homogeneous and generally smaller over low-elevation plain areas where 

moderate to dense gauge stations are available. For the subcontinent as a whole, the 

domain-averaged PRMSEs for the winter season are much greater in the reanalysis 

datasets (CFSR = 335%, ERA-Interim = 311%), than for CPC (104%), 3B42-V6 

(143%), 3B42-V7 (161%), and GPCP (209%). Similarly, for the JJAS season, the 

PRMSEs for CPC-uni, GPCP, 3B42-V6, 3B42-V7, CFSR, and ERA-Interim are 

found to be 61%, 78%, 62%, 65%, 100%, and 171%, respectively. For the pre- and 

postmonsoon seasons, the PRMSE is <90% for CPC-uni, 3B42-V6, and 3B42-V7; 

and >150% for CFSR, ERA-Interim, and GPCP. Apparently for the monsoon season, 

the PRMSE spatial spread and domain-averaged score is a minimum in CPC-uni over 

the Indian region, while among the reanalysis products, ERA-Interim appears to be 

slightly better than CFSR in terms of the spatial spread of PRMSEs over the Indian 

region alone. Additionally, 3B42-V6 and 3B42-V7 seem to outperform GPCP again, 

with regard to the spatial representation of comparatively smaller errors over the 
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Western Ghats, the foothills of the Himalayas, and Myanmar during the monsoon 

season. 

 
Figure 2.8: Percentage Root Mean Square Error (PRMSE) with respect to 

APHRODITE seasonal mean precipitation over the Indian Subcontinent for the 

period 1997/98 to 2006/07. 
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The extreme spatial PRMSEs observed during the “cold” winter season 

mentioned above illustrate important limitations in all gridded precipitation products 

examined here (including the APHRODITE dataset). Based on the results obtained 

in Figure 2.6 and Figure 2.8, together with the well-known fact that gauge 

observations are subject to several sources of systematic and random errors, it is 

likely that an additional source of error could be associated with the gauge input data 

(especially when and where gauge stations are sparse and/or snow makes up a large 

portion of the total precipitation). 

 
 

2.4.3 EOF analysis 

To explore the structure of large-scale coherence within the precipitation 

datasets, we use EOF analysis on the standardized seasonal precipitation anomalies. 

Results are shown in Figure 2.9. Here we have focused on the first leading mode 

(EOF1), which accounts for the largest percentage of the total precipitation variance, 

represented at the bottom left of each spatial plot. While interpreting the EOF 

patterns, it must be kept in mind that the sign of the patterns is arbitrary (the temporal 

mean of their PC time series is zero). The spatial pattern of the leading EOF during 

DJF reveals a large-scale pattern of negative loading over most of the Indian 

subcontinent with some positive loading over the southern tip of peninsular India, 

north of the Tibetan Plateau, and over some parts of Myanmar. For APHRODITE, the 

first winter EOF explains 53% of the total variance, which is comparable to that of 

GPCP (50%). The loading patterns of EOF1 are very much similar for 3B42-V6 and 

3B42-V7 in all seasons, albeit with differences in the percentage of variance 

explained (always higher for 3B42-V7). For DJF, the EOF pattern obtained from 

CFSR and ERA-Interim resembles APHRODITE’s spatial pattern more closely than 

the one obtained from GPCP, 3B42-V6, and 3B42-V7. 

Kar and Rana (2013) used EOF analysis to investigate the impact of the Asian 

jet on interannual variability of winter precipitation over northwestern India. The 

authors found that the PC1 and PC2 time series corresponding to EOF1 and EOF2 of 

DJF zonal winds at 200 hPa represented a pattern similar to El Niño–Southern 

Oscillation (ENSO) and the North Atlantic Oscillation (NAO)–Arctic Oscillation 

(AO), respectively, with a statistically significant correlation between the PC time 

series and winter precipitation. Syed et al. (2009) also found that both ENSO and 
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Figure 2.9: Leading EOF of standardized seasonal mean precipitation over the Indian 

Subcontinent, for each precipitation product for the period 1997/98 to 2006/07. 

NAO have a significant influence on winter precipitation over southwest-central Asia 

(including northern Pakistan, Afghanistan, and Tajikistan), where winter precipitation 

increases (decreases) during the warm (cold) ENSO phase and positive (negative) 

NAO phase.  
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Figure 2.10: Principal Component (PC) time series for the leading EOFs of 

standardized seasonal mean precipitation (a) winter, (b) pre-monsoon, (c) monsoon 

and (d) post-monsoon over the Indian Subcontinent for each precipitation product for 

the period 1997/98 to 2006/07 

 
 

The time coefficient of our leading EOF, that is, the PC1 of the standardized 

DJF precipitation anomalies, is shown in Figure 2.10(a). Consistent with the above, 

we found that the DJF-PC1 time series obtained for all precipitation products 

corresponds well with the DJF–Niño-3.4 index obtained from the CPC 

(www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtml) 

for the period 1997/98–2006/07. The correlation between the DJF-PC1 time series 
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and the Niño-3.4 index is found to be statistically significant and greater than 0.7 for 

all datasets used here. 

In MAM, we find that the small area of positive loading over the northwestern 

region of the subcontinent seen in DJF is persistent and more prominent during MAM 

for all precipitation products. The loading represents a seesaw-like pattern of positive 

(negative) loading over the northwestern region (the rest of the subcontinent), which 

shows similarities with the seasonal mean precipitation distribution pattern over the 

subcontinent (Figure 2.3). The percentage variance explained by the precipitation 

products is either comparable to or higher than that of APHRODITE (37%). 

However, the structure of loading pattern is slightly different for the reanalysis 

datasets, with a broader region of positive loading over the northeastern domain, 

which is not very prominent in any other dataset. Therefore, during MAM the 

structure of EOF1 from APHRODITE most closely resembles those generated from 

CPC-uni and the satellite-derived products. The corresponding MAM-PC1 time series 

(Figure 2.10(b)) is similar to the DJF-PC1 sequence and exhibits the interannual 

variability present in the premonsoon domain-averaged precipitation time series 

(figure not shown). All datasets capture the 3-yr (1998–2001) extended winter and 

premonsoon drought that lasted over Afghanistan, Iran, and Pakistan. According 

to Barlow et al. (2002), the prolonged drought was linked to the cold phase of ENSO 

(La Niña) and the unusually warm pool region in the western Pacific Ocean. 

The JJAS-EOF1 patterns (Figure 2.9) are characterised by uniform variability 

over the entire Indian subcontinent. In general, for all precipitation products, the JJAS 

pattern reveals positive loading over a large part of the subcontinent, with small areas 

of negative loading over central India and in the northeastern region of the 

subcontinent. Mishra et al. (2012) reported that the region, for which the JJAS 

monsoon rainfall oscillates in phase with the leading PC1 time series, includes a large 

part of the Indian region along with Pakistan, most of the Arabian Sea, and the Bay of 

Bengal. The percentage of variance explained by the leading EOFs for the satellite-

derived products (GPCP = 31%, 3B42-V6 = 35%, and 3B42-V7 = 37%) are close to 

one another but higher than the variance obtained for the two reanalyses products 

(27%) and APHRODITE (26%) dataset. Surprisingly, the APHRODITE JJAS-EOF1 

pattern differs in its spatial structure when compared to other products. The expected 

pattern [as reported by Krishnamurthy and Shukla (2000), Guhathakurta and Rajeevan 

2008, Joshi et al. (2012), and Mishra et al. (2012)] is quite well captured by CPC-uni 
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and the satellite-derived products, exhibiting a uniform structure of positive loading 

(0.02–0.08) over a large part of the Indian region and some pockets of negative 

loading over central and northeastern India. We further investigated the EOF pattern 

obtained for APHRODITE using a longer time series (1979–2007) and found that the 

leading EOF showed a close resemblance to the expected pattern. Therefore, it can be 

suggested that the observed difference in APHRODITE’s EOF1 pattern is likely due 

to the short time of analysis considered here. Most studies cited above show that the 

PC1 time series of JJAS rainfall is strongly correlated with the all-India-averaged 

rainfall index; which suggests that EOF1 is a good representation of the dominant 

mode of the JJAS precipitation variation (flood and drought years). When the 

standardized JJAS-PC1 series (Figure 2.10(c)) are correlated with their respective 

seasonal precipitation mean time series, the maximum correlation is found for CPC-

uni (0.98) and minimum for APHRODITE (0.38). Apparently for the APHRODITE 

dataset, the relatively poor correlation relates to the inability of the dataset to 

accurately capture the leading JJAS-EOF1 pattern. Additionally, for GPCP, 3B42-V6, 

and 3B42-V7 the correlation is found to be >0.75, while for CFSR and ERA-Interim 

it is 0.68 and 0.5, respectively. 

For the postmonsoon season, the spatial structure of EOF1 is similar to that in 

MAM but with a pronounced northwest–east and northwest–southeast gradient of 

positive–negative–positive loading over the subcontinent. The region of positive 

loading over southern peninsular India is relatively small for all products except for 

CFSR and ERA-Interim. Nair et al. (2013) used EOF analysis of eight global 

circulation models and found that during October–December the southern peninsular 

zone remains spatially correlated to the first EOF mode with positive loading over a 

large region. Kumar et al. (2007) found that only in recent years (1976–2000) has 

there been an increased relationship between ENSO and the northeast monsoon 

rainfall occurring over the southern peninsular region of India. Here, PC1 time series 

(Figure 2.10(d)) is found to be significantly correlated at 95% confidence level with 

the corresponding seasonal precipitation time series over the entire subcontinent. 

However, we did not find a significant correlation between the ENSO index and the 

PC1 time series, which could possibly be related to the shorter time series of the 

examined products considered here or due to the problem of domain dependency of 

EOF solutions (Horel 1981; Richman 1986). 
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2.5 Summary and Conclusions 

The objective of this study was to perform an intercomparison of precipitation 

products over the Indian subcontinent and to provide useful insights on the reliability 

and usability of precipitation datasets, over regions that are not well provisioned by 

rain gauges. To this end, seven precipitation products (APHRODITE, CPC-uni, 

GPCP, 3B42-V6, 3B42-V7, CFSR, and ERA-Interim) were examined in regard to the 

seasonal (DJF, MAM, JJAS, and ON) precipitation climate and variability for the 

period 1997/98–2006/07. 
 
 
2.5.1 General comments 

All products performed reasonably well in capturing the main characteristic 

features of seasonal precipitation variability, particularly over low-elevation plain 

areas where APHRODITE contains a moderate to dense network of rain gauge 

stations. Referring to the gauge distribution map in Figure 2.2, there are certain 

regions/areas where the rain gauge network is dense and perhaps more reliable to 

intercompare and ascertain the accuracy and biases in the proxy datasets. Hence, over 

these regions, the data user can expect to have greater confidence in the accuracy and 

certainty of the results presented here. 

Depending on the environmental conditions (season) and geographic location 

(complex terrain), gauge measurements are subject to several sources of errors that 

largely limit the accuracy of gauge measurements. Over regions where the spatial 

coverage of gauge observation is poor, proxy datasets can provide a potential source 

of information, but their accuracy and reliability can be considered as examined only. 

Our results show that over the topographically complex and data-sparse regions, 

pronounced regional and seasonal differences exist between the examined products 

and the APHRODITE dataset. Based on our relative comparisons (PPD and PRMSE), 

it may be concluded, though with lesser confidence that in gauge-sparse regions, a 

potential source of uncertainty in all gauge-based precipitation products is likely 

associated with the uncertainties and inhomogeneities in gauge measurements itself. 
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2.6 Our interpretation of seasonal comparisons 
For the monsoon season (JJAS), results indicate that the gauge-only (CPC-uni) 

and satellite-derived precipitation products (GPCP, 3B42-V6, and 3B42-V7) capture 

the JJAS rainfall variability better than the reanalyses (CFSR and ERA-Interim). The 

3B42-V6 displayed a close agreement to APHRODITE, with regard to spatial and 

domain-averaged statistics for the entire Indian subcontinent. Additionally, 3B42-V7 

and CPC-uni demonstrated a reasonable performance over the entire subcontinent and 

Indian region, respectively. Among the satellite-derived precipitation products, the 

two post-real-time research products of 3B42 (V6 and V7) outperformed GPCP not 

only for the monsoon period, but also throughout the year. On the contrary, CFSR and 

ERA-Interim exhibited a high positive bias over the northeastern region of the 

subcontinent and the northern flanks of the Tibetan Plateau.  

Similar conclusions can be drawn for the postmonsoon season (ON), where 

reanalyses (especially CFSR) overestimate the seasonal precipitation totals over parts 

of peninsular India, the northeastern region of the subcontinent, and the Tibetan 

Plateau. The 3B42-V6 product displays the most reasonable precipitation total, closer 

to APHRODITE, while 3B42-V7 underestimates the seasonal precipitation amount in 

comparison to APHRODITE and other examined products. Results show that the 

gauge-based CPC-uni largely underestimates precipitation along the foothills of the 

Himalayas, the Tibetan Plateau, and Myanmar in all seasons. To improve the quality 

of the product, both in accuracy and reliability over these regions, use of additional 

rain gauge stations is highly desirable. 

Likewise, for the premonsoon season (MAM), the satellite-derived precipitation 

products perform better than the reanalyses estimate. Relative to the APHRODITE 

dataset, CFSR and ERA-Interim consistently overestimate precipitation over the 

topographically complex and data-sparse Tibetan Plateau and the Hindu Kush–

Karakoram mountain ranges in the northwestern region of the subcontinent. 

Consequently, this could account for the fact that reanalysis datasets overestimate 

more in regions with complex terrain than in flatter regions. Impressively, with regard 

to the seasonal and interannual variability of premonsoon precipitation over the 

mountainous regions, the newly released 3B42-V7 appears to provide useful 

information in comparison to CPC-uni, GPCP, and 3B42-V6. 
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For the winter season (DJF), all precipitation products display less agreement 

with respect to APHRODITE, illustrating important limitations in all the gridded 

precipitation, including our reference dataset. Based on the aforementioned reasons, a 

major source of uncertainty, particularly during the winter months over the data-

sparse regions, is likely the representativeness and undercatch error in gauge 

measurements that tends to artificially inflate the existing errors in satellite and 

reanalyses precipitation estimates. In spite of the large winter biases in reanalyses 

(CFSR and ERA-Interim) and the newly released 3B42-V7, we are fairly confident 

that these precipitation products could be a useful source of information over the data-

sparse regions. However, commenting on the accuracy and robustness of these 

products requires further investigation. 

Nonetheless, the best approach to fill in these gaps is to recognise the relative 

strength and weaknesses of each precipitation product and to extract maximum 

possible information for their constructive applicability and usability. We anticipate 

that the outcomes of this study will benefit data users, model developers, and 

researchers of hydrology and climatology to understand the relevant seasonal 

characteristics of each precipitation product used in this study.  

In closing, we would like to mention that future work will address the 

spatiotemporal variations of winter precipitation in the northwestern region of the 

Indian subcontinent using additional datasets and variables. 
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3.1 Abstract 
 

This study presents a detailed comparison of ten precipitation products over the 

central southwest Asia (CSWA) region. The spatial characteristics and temporal 

variations of wintertime precipitation over CSWA region are assessed using four 

gauge-only [Asian Precipitation – Highly Resolved Observational Data Integration 

Towards Evaluation of Water Resources (APHRODITE), Climate Prediction Center 

Unified Rain gauge (CPC-uni), Global Precipitation Climatology Center Full Data 

Reanalysis (GPCC) and Climate Research Unit (CRU)]; three satellite-derived (3B42-

V6, 3B42-V7 and GPCP-1DD) and three reanalysis [Climate Forecast System 

Reanalysis (CFSR), ERA-Interim and Modern-Era Retrospective Analysis for 

Research and Applications (MERRA)] precipitation products. The analysis is 

performed for two different periods: (1979–2007) for the gauge-only/reanalyses and 

(1998–2007) for the satellite-derived products. Using an ensemble average of four 

gauge-only observational data sets as our reference, we carry out comprehensive 

qualitative assessment of the uncertainties/biases associated with each data set. 

Additionally, we examine the relationship pattern between CSWA wintertime 

precipitation and El Niño-Southern Oscillation (ENSO) phases. In the gauge-only 

category, APHRODITE and GPCC perform better than CPC-uni and CRU data sets in 

terms of the spatial and temporal variations of skill matrices. Overall, GPCC shows 

the best performance (including the precipitation sensitivity to ENSO events) and is 

the preferable observational data set for long-term climatological analysis over the 

CSWA region. Among the satellite-derived precipitation products, 3B42-V7 displays 

the most realistic wintertime precipitation distribution pattern when compared to 

3B42-V6 and GPCP-1DD; however, efforts are needed to further improve the 

accuracy of satellite-derived products over the dry arid and semi-arid areas of CSWA. 

In the reanalysis category, MERRA’s performance is relatively better than CFSR and 

ERA-Interim, although significant biases exist in all of the reanalyses due to 

overestimation of precipitation over the mountainous regions of CSWA. 

 
 
3.2 Introduction 

This study builds on the findings of Chapter 2 [Rana et al. (2015)] which 

evaluated precipitation products from gauge, satellite and reanalyses over the Indian 
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subcontinent. Key results from the study highlighted that all examined products 

perform reasonably well for all seasons and/or regions, except winters, when 

significant biases exist over the northwest region of the Indian subcontinent.  

Winter precipitation is of considerable importance for the northwest region as it 

brings significant snowfall to the northern mountains, which serve as a strategic 

seasonal storage of water resources providing freshwater to the downstream areas 

(Barnett et al., 2005; Immerzeel et al., 2009). In addition to snow over the mountain 

areas, winter rain-bearing systems yield a substantial amount of rainfall in the sub-

mountainous and low elevation plains (Malik et al., 2012). Rainfall that occurs along 

the northern plains is of great importance for the region’s agricultural economy and 

also to the lives of several hundred million people who directly depend on the 

seasonal precipitation for their domestic, agricultural and industrial needs (Eriksson et 

al., 2009).  

Because of the importance of winter precipitation (rainfall and snow) in the 

northwest region of the Indian subcontinent (Bookhagen and Burbank, 2010; Singh et 

al., 2011; Kar and Rana, 2014), recent studies (Javanmard et al., 2010; Lorenz and 

Kunstmann, 2012; Tanarhte et al., 2012; Palazzi et al., 2013; Rana et al., 2015) have 

examined the reliability of precipitation data sets over the region/sub-regions; but 

their results are ambiguous in terms of performance. Findings from these studies have 

emphasized that in this part of the world, a range of factors (e.g. sparse or non-

existent gauge network, topographical relief, precipitation type [snow], political 

sensitivity, and so on) can introduce large uncertainties in observational data sets.  

This work aims to extend Rana et al. (2015) by comprehensively assessing and 

documenting the characteristics of wintertime precipitation described by currently 

available data sets over the study region. We also examine the El Niño-Southern 

Oscillation (ENSO) – sensitivity of precipitation in the region, in each data set. An 

ensemble of multiple observational data sets is used as a ‘reference’ data set to 

qualitatively assess the uncertainties associated with each precipitation product. Here, 

we consider a geographically larger study domain than in Rana et al. (2015) referred 

as the central southwest Asia (CSWA) region. 

The remainder  of the chapter is structured as follows. Section 3.3 presents the 

study region, data sets used and the methodology adopted for analysis. Section 3.4 

outlines the results and discussion followed by the conclusions in Section 3.5. 
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Figure 3.1: Topography (m) of Central southwest Asia (CSWA) 

 
3.3 Study region, precipitation data sets and methodology 

 
3.3.1 Study region  

The CSWA region, bounded by 20° – 47°N; 40° – 85°E (Figure 3.1), is 

characterised by the interaction of complex topography and circulation patterns that 

strongly modulate the weather systems and precipitation patterns over the region. 

Dominated by mountain ranges from west to east−the Albroz, Zagros, Hindu Kush, 

Pamirs, Karakoram and Himalayas – the topography of the region isolates the western 

and the northern flanks of the domain from the moist air masses that originate in the 

Indian Ocean. Precipitation in the west is mainly dominated by westerly and 

southwesterly wind systems that travel eastward in the form of waves mostly through 

the Mediterranean and Caspian Sea regions (Treydte et al., 2006). During winter 

months, these mid-latitude depressions move to their lowest latitudes, and travel 

eastward across countries such as Iran, Afghanistan, Pakistan and northwest India, 

disturbing the normal circulation patterns (Dimri, 2007; Kar and Rana, 2014). 
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3.3.2 Precipitation data sets 

Ten data sets are analysed in this study: gauge-only, reanalyses and satellite-

derived. All data sets are widely used, freely available and well documented. The four 

gauge-only data sets are: (1) Asian Precipitation – Highly Resolved Observational 

Data Integration Towards Evaluation of Water Resources (APHRODITE) [hereafter 

APHRO], (2) Climate Prediction Center Unified Rain gauge (CPC-uni), (3) Climate 

Research Unit (CRU) and (4) Global Precipitation Climatology Center Full Data 

Reanalysis (GPCC). The three satellite-derived precipitation products are: (1) 

Tropical Rainfall Measuring Mission (TRMM) post real-time research product 3B42 

Version 6 (hereafter 3B42-V6), (2) TRMM post real-time research product 3B42 

Version 7 (hereafter 3B42-V7), and (3) Global Precipitation Climatology project 

(GPCP) 1 Degree Daily (1DD). The three reanalysis products are (1) Climate Forecast 

System Reanalysis (CFSR), (2) European Centre for Medium-Range Weather 

Forecasts (ECMWF) Interim Re-Analysis (ERA-Interim), and (3) Modern-Era 

Retrospective Analysis for Research and Applications (MERRA). A summary of the 

main characteristics, documentation and sources of all data sets used in this work is 

given in Table 3.1. 

 

Table 3.1: Main characteristics of precipitation products used in this study 

Datasets  Main characteristics 

APHRODITE 

Asian Precipitation – Highly Resolved Observational Data Integration Towards 
Evaluation of Water Resources [APHRO_V1101] (Yatagai et al. 2012). 
Available from: Research Institute for Humanity and Nature (RIHN) and the 
Meteorological Research Institute of Japan Meteorological Agency (MRI/JMA). 
Spatial/temporal resolution: 0.5°/Daily (1951-2007). Data source: Gauge. 
Domain: Monsoon Asia domain (60°E–150°E, 15°S–55°N) and Middle East  
(20°E–65°E, 15°S–45°N). http://www.chikyu.ac.jp/precip/products/index.html. 
 

CPC-UNI 

CPC Climate Prediction Center Unified Rain gauge data Version 1.0. (Chen et 
al. 2008) Available from: National Oceanic and Atmospheric Administration 
(NOAA) Climate Prediction Center (CPC). Spatial/temporal resolution: 
0.5°/Daily (1979-present). Data source: Gauge. Domain: Global (land-only). 
https://climatedataguide.ucar.edu/climate-data/cpc-unified-gauge-based-
analysis-global-daily-precipitation 
 
 
 
 
Spatial/temporal resolution: 0.5°/Daily (1979-present). Data source: Gauge. 
Domain: Global (land-only). https://climatedataguide.ucar.edu/climate-data/cpc-
unified-gauge-based-analysis-global-daily-precipitation 

CRU 

Climate Research Unit Version 3.22. (Harris et al. 2 014). Available from: 
University of East Anglia Climatic Research Unit (CRU). Spatial/temporal 
resolution: 0.5°/Monthly (1901-2013). Data source: Gauge. Domain: Global 
(land-only). 
http://catalogue.ceda.ac.uk/uuid/3f8944800cc48e1cbc210a5ee12d8542d 
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To examine the dependence of winter seasonal precipitation on the ENSO [warm (El 

Niño) and cold (La Niña)] phases, we use the Oceanic Niño Index (ONI) obtained 

from www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtm

l for the Niño-3.4 region (5°N–5°S, 120°–170°W). 

 

3.3.3 Methodology 

The precipitation products use varying formats or grid resolution (see 

Table 3.1), therefore to facilitate direct comparison, a common 0.5°  ×  0.5° regular 

GPCC Global Precipitation Climatology Center Full Data Reanalysis Version 6 
(Schneider et al. 2014). Available from: Deutscher Wetterdienst (DWD, 
National Meteorological Service of Germany). Spatial/temporal resolution: 
0.5°/Monthly (1901-2010). Data source: Gauge. Domain: Global 
 (land-only). http://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html. 

3B42-V6 Tropical Rainfall Measuring Mission (TRMM) post real-time research product 
3B42 Version 6 (3B42-V6) (Huffman et al. 2007). Available from: National 
Aeronautics and Space Administration (NASA) Goddard Space Flight Center 
(GSFC). Spatial/temporal resolution: 0.25°/3-hourly (1998-2011). Data source: 
Satellite-derived. Domain: Global (50° to 50°S). http://precip.gsfc.nasa.gov/ 
 

3B42-V7 Tropical Rainfall Measuring Mission (TRMM) post real-time research product 
3B42 Version 7  (3B42-V7) (Huffman et al. 2011). Available from: National 
Aeronautics and Space Administration (NASA) Goddard Space Flight Center 
(GSFC). Spatial/temporal resolution: 0.25°/3-hourly (1998-present). Data 
source: Satellite-derived. Domain: Global (50° to 50°S). 
http://precip.gsfc.nasa.gov/ 
 

GPCP-1DD Global Precipitation Climatology Project Version 1.2 (Huffman et al. 2001). 
Available from: National Aeronautics and Space Administration (NASA) 
Goddard Space Flight Center (GSFC). Spatial/temporal resolution: 1°/Daily 
(1996-present). Data source: Merged satellite and gauge. Domain: Global. 
http://precip.gsfc.nasa.gov/ 
 

CFSR Climate Forecast System Reanalysis (Saha et al., 2010). Available from: 
National Centers for Environmental Prediction (NCEP). Spatial/temporal 
resolution: 0.3125°/Daily (1979-2010). Data source: Reanalysis. Domain: 
Global. http://rda.ucar.edu/datasets/ds093.1/ 
 

ERA-Interim European Centre for Medium-Range Weather Forecasts (ECMWF) Interim Re-
Analysis (Dee et al., 2011). Available from: ECMWF. Spatial/temporal 
resolution: 0.75°/Daily (1979-present). Data source: Reanalysis. Domain: 
Global. http://rda.ucar.edu/datasets/ds627.0/ 
 

MERRA Modern-Era Retrospective Analysis for Research and Applications (Rienecker 
et al. 2011). Available from: National Aeronautics and Space Administration 
(NASA). Spatial/temporal resolution: 0.125°/Daily (1979-present). Data source: 
Reanalysis. Domain: Global. http://disc.sci.gsfc.nasa.gov/daac-
bin/FTPSubset.pl 
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latitude/longitude grid was chosen. Reanalysis data sets were extracted from the 

Gaussian grid GRIB (GRIdded Binary) format and remapped to the 0.5°  ×  0.5° grid. 

To perform spatial grid transformation, bilinear interpolation technique was used in 

which, each point of the output grid is generated from its four neighbouring points in 

the input grid using a weighted approach. Since the ground-based observational 

network is rather sparse over CSWA (Javanmard et al., 2010; Palazzi et al., 2013; 

Rana et al., 2015), we compute an ensemble average of four gauge only data sets to 

minimize the contribution of observational uncertainties. Recently, Tanarhte et 

al. (2012) adopted a similar methodology to intercompare precipitation and 

temperature data sets over the Mediterranean and the Middle East regions. 

The ensemble mean (EM) is calculated using: 

 

𝐸𝑀   𝑖, 𝑡 = !
!

𝑂!

!

!!!

   𝑖, 𝑡                                                                                                                                                                                                     3.1 

is the nth ensemble member at position i and time t; and N=4 is the total 

number of ensemble members (i.e. the four gauge-only datasets). 

Because of different availability period of precipitation products, a common 

overlap period of 1979–2007 was chosen for gauge-only/reanalysis data sets; while 

1998–2007 was considered for satellite products. Using the above equation, two sets 

of reference ensemble means (EM1 and EM2) were computed. Hereafter, EM1 

(1979–2007) is the reference for gauge-only/reanalysis data sets; and EM2 (1998–

2007) is for satellite-derived precipitation products only. 

Several statistics are calculated: averages (mm/day), mean bias (MB, mm/day), 

correlation coefficient (CC) and root mean square error (RMSE, mm/day), to measure 

the uncertainty in individual precipitation products relative to their EM reference data 

set (EM1 or EM2).  

𝐴𝑣𝑒𝑟𝑎𝑔𝑒   𝑋 = !
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                                                                                                                                                                                                            3.2 

 

where n is number of data points, and X is the precipitation product under comparison 

from gauge, satellite, or reanalyses. 

 

On i, t( )
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Bias         3.3 

 

Correlation      3.4 

 
 

Root mean square error      3.5 

 
Oi = ith value in the reference data; Pi= ith value of the precipitation product under 

comparison and n are the number of data points. 

 

The analysis also includes scatter plots and empirical cumulative distribution 

function (cdf) for all data sets. A scatter plot is a simple two-dimensional data 

visualization technique that uses data points to represent the values obtained from two 

different variables - one plotted along the x-axis and the other plotted along the y-

axis. The scatter plot helps to determine what kind of relationship there might be 

between the two variables. On the other hand, the cumulative distribution function F 

for a real-valued random variable X, evaluated at x, is the probability that X will take a 

value less than or equal to x. This is expressed as:  

 

       3.6 

 

In a cdf plot, the vertical axis is the probability that falls between zero and one; and 

the horizontal axis is the allowable domain for the given probability function.  

 
Based on the ONI index for the period 1979–2007, seven El Niño years 

(1982/1983, 1986/1987, 1987/1988, 1991/1992, 1994/1995, 1997/1998, 2002/2003) 

and five La Niña (1984/1985, 1988/1989, 1998/1999, 1999/2000, 2005/2006) are 

considered for preparing composites of winter precipitation anomalies. Composites 

are constructed by removing the mean for neutral years from the means for the 

‘warm’ (El Niño) and the ‘cold’ (La Niña) years, using the classification of historical 

ENSO phases (warm, neutral and cold). Note that there are fewer ENSO events 
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FX (x) = Pr(X ≤ x), for all x ∈ R
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considered in the composite analysis for the satellite-derived data sets [i.e. two El 

Niño (1997/1998, 2002/2003) and three La Niña years (1998/1999, 1999/2000, 

2005/2006)] due to the shorter (10-year) period of the data availability. 

 
 
 

3.4 Results 

 
3.4.1 Climatology 

Winter precipitation climatology for each data set is shown in Figure 3.2. All 

products coherently reproduce the broad features of winter season precipitation 

distribution over the region. A number of topographically induced regional features 

can be seen, e.g. the zones of orographic maxima – one along the slopes of the Zagros 

Mountains, and a second over the Hindu-Kush Karakoram and the western Himalayan 

mountain ranges. Other less pronounced local features are also present along the 

southern (eastern) coast of the Caspian (Black) Sea. 

Qualitative comparison of the results shows that among the gauge-only 

precipitation products, regional features appear particularly less pronounced in CPC-

uni. Also, CRU fails to reflect the orographic maxima but shows comparatively 

higher and regionally spread precipitation totals over the Hindu-Kush Karakoram and 

the Himalayan mountain slopes. APHRODITE and GPCC show a very similar spatial 

distribution and a better representation of regional features. Note that APHRODITE 

and GPCC include a higher density of stations in comparison to other individual 

gauge data sets considered in this study (Zhao and Dirmeyer, 2003; Yatagai et 

al., 2009; Schneider et al., 2014; Gebregiorgis and Hossain, 2015). 

All three reanalysis products (CFSR, ERA-Interim and MERRA) illustrate a 

strong influence of orography. ERA-Interim shows a smooth spatial distribution of 

precipitation, while CFSR clearly reproduces small-scale topographic features likely 

due to the improved representation of the orography or the high spatial resolution of 

the data set (Saha et al., 2010). Similarly, MERRA also reflects the effect of 

underlying topography fairly well, which again may be related to the higher 

horizontal resolution of the product in comparison to ERA-Interim (see Table 3.1). 

Compared to ground-based measurements, the reanalysis data sets exhibit similar 

precipitation patterns and tend to show relatively higher precipitation values over the 

maximum precipitation zones. This is also reflected in the domain average mean 
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values for CFSR  =  1.08, ERA-Interim  =  0.97 and MERRA  =  0.82  mm/day. The 

tendency of reanalysis data sets to overestimate precipitation is possibly related to the 

fact that (1) reanalyses estimate total precipitation (rainfall plus snow), and thus may 

overestimate snow with respect to rainfall during winter season (Palazzi et al., 2013) 

and (2) snow underestimates are highly variable in the case of gauge-measured 

precipitation, and may reach a factor of 2 or more (Rasmussen et al., 2012). 

 
Figure 3.2: Spatial distribution of winter (DJFMA) precipitation (mm/day) over 

CSWA. The time period of analysis for APHRODITE, CPC-uni, CRU, GPCC, CFSR, 

ERA-Interim and MERRA is (1979-2007); and for 3B42-V6, 3B42-V7 and GPCP-

1DD is (1998-2007). The domain average mean values are given in the parentheses. 
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Figure 3.3: Interannual variability of winter (DJFMA) precipitation (mm/day) over 
CSWA. The time period of analysis for APHRODITE, CPC-uni, CRU, GPCC, CFSR, 
ERA-Interim and MERRA is (1979-2007); and for 3B42-V6, 3B42-V7 and GPCP-
1DD is (1998-2007). 

Among the satellite-derived products, 3B42-V7 exhibits a better spatial 

representation of precipitation than 3B42-V6 and GPCP-1DD. Though 3B42-V6 

captures the seasonal distribution pattern of winter precipitation, the data set fails to 

capture the orographic precipitation over the Hindu-Kush Karakoram and the western 

Himalayan mountain ranges (as seen 3B42-V7). According to Huffman and Bolvin 

(2014), the largest difference between 3B42-V7 and 3B42-V6 occurs in mountainous 

regions due to the changes in 3B42-V7's Precipitation Radar algorithm, which uses a 

higher resolution elevation map based on Shuttle Radar Topography Mission data 

with 30-arc-seconds spacing (SRTM30) over India, Tibet and South America (TRMM 

Precipitation Radar Team, 2011). In addition, 3B42-V7 uses the new GPCC ‘full’ 

gauge analysis against its counterpart V6, which incorporates the previous GPCC 

monitoring product up through April 2005 and then the Climate Assessment and 

Monitoring System (CAMS) analysis (Huffman et al., 2011). Similar to CRU, GPCP-

1DD fails to resolve the orographic pattern of precipitation and exhibits relatively 

higher domain average totals (CRU  =  0.81; GPCP-1DD  =  0.79). The limitation of 

GPCP-1DD over the 3B42 precipitation estimates could be associated with (1) in 

regions with low gauge density, GPCP-1DD analysis seems to be influenced more by 

the gauges (Gruber et al., 2000), while TRMM estimates are influenced more by the 

satellite measurements and (2) to the coarser resolution of GPCP-1DD in comparison 

to TRMM estimates. The above conclusion is further supported by consideration of 

Figure 3.3, showing the performance of each data set for the period 1979–2007 

relative to the ensemble mean (EM1 ) time series. 
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APHRODITE and CPC-uni produce the lowest precipitation totals (between 0.3 

and 0.9  mm/day), while GPCC and CRU measure slightly higher precipitation 

amounts compared to the EM1 values. In the satellite-derived category, 3B42-V6 

(GPCP-1DD) tends to underestimate (overestimate) the seasonal precipitation values, 

whereas 3B42-V7 exhibits a good agreement with the EM1 time series, in phase and 

amplitude. Reanalysis products show a clear pattern of overestimation, but in 

comparison to CFSR and ERA-Interim estimates MERRA appears to capture the 

EM1 inter-annual variability more closely. In spite of these differences, Figure 

3.3 shows that in recent years (post-1998) the error bar in reanalysis precipitation 

estimates has reduced appreciably. This improved phase–amplitude relationship noted 

in the mid-1990s is a direct result of the advent in the variational analysis 

techniques  −  3DVAR, 4DVAR and the ensemble-based analysis method that brought 

advances in the quality of data-assimilation systems and improvements in the 

observational inputs, in particular satellite data (Uppala, 2007; Saha et al., 2010; 

Bosilovich et al., 2013). All three reanalyses (ERA-int, CFSR and MERRA) perform 

direct assimilation of large quantities of satellite radiances, and apply automated 

variational schemes for correcting biases in the satellite radiances (Saha et al., 2010; 

Dee et al., 2011; Rienecker et al., 2011). 

 

 

 
3.4.2 Spatial analysis 

Figure 3.4 presents the winter precipitation climatology for the gauge-

only/reanalysis reference (EM1) and the satellite data set reference (EM2). In 

comparison to CPC-uni and CRU precipitation climatology (see Figure 3.2), the two 

spatial EM's (EM1 and EM2) exhibit a close resemblance to the APHRODITE and 

GPCC spatial climatology plots and look realistic. This suggests that in regions with 

sparse gauge network coverage, an ensemble of data sets is more reliable than 

selecting any individual data set as a reference. For each analysis (Figure 

3.2 and Figures 3.4 to 3.7), the corresponding domain average values are given in 

parentheses. 
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 Figure 3.5 presents the spatial distribution of the MB calculated for the gauge-

only/reanalyses (satellite-derived) products, against the corresponding spatial 

ensemble means EM1 (EM2). All products exhibit greater bias (positive and negative) 

in regions where the relief has a pronounced impact on precipitation. CPC-uni 

(CFSR) tends to underestimate (overestimate) winter precipitation considerably, with 

a maximum under- (overestimation) of −2.5 (8) mm/day. Similarly, APHRODITE 

(ERA-Interim and GPCP-1DD) exhibits spatially wide areas of negative (positive) 

values, resulting in an overall tendency to under- (overestimate) precipitation for the 

CSWA region as a whole. 3B42-V7 shows a better agreement than V6, especially 

over high-elevations and high-latitude regions. Overall, among all precipitation 

products, the performance of 3B42-V7 and GPCC appears to be relatively better, 

though the two data sets tend to slightly overestimate winter precipitation along the 

mountainous slopes in western and eastern periphery, respectively, of the CSWA 

region. 

 
 

Figure 3.4: Ensemble Mean of winter (DJFMA) precipitation (mm/day) over CSWA: 

EM1 (1979-2007) is the reference ensemble mean for gauge-only/reanalysis 

products; and EM2 (1998-2007) is the reference ensemble mean for the satellite-

derived datasets. The domain average mean values are given in the parentheses. 
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In addition, the spatial RMSE plot shown in Figure 3.6 is more-or-less 

consistent with the MB spatial plot presented in Figure 3.5, suggesting that the 

systematic error dominates over the random error in the total RMSE. The RMSE is 

much larger over mountainous regions than in low-lying areas, indicating that the 

Figure 3.5: Spatial distribution of winter (DJFMA) mean bias (mm/day) against the 

corresponding reference ensemble mean (EM1/EM2) over CSWA. The time period of 

analysis for APHRODITE, CPC-uni, CRU, GPCC, CFSR, ERA-Interim and MERRA 

is (1979-2007); and for 3B42-V6, 3B42-V7 and GPCP-1DD is (1998-2007). The 

domain average mean values are given in the parentheses. 
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accuracy of gridded precipitation data sets generally decreases with altitude. Over the 

high-elevation mountain slopes and tops, the RMSE values are generally higher for 

the reanalysis products than those obtained for the satellite and/or gauge-only data 

sets. The lower (higher) RMSE values for the gauge/satellite (reanalysis) products 

could be related to a range of issues varying from gauge errors to remote sensing 

limitations and/or model performance: 

1. Sampling/representativeness error due to scarcity/irregular distribution of high-

elevation in situ stations (Schneider et al., 2008); and/or gauge undercatch error, 

which is especially large during winter season in high-latitude/mountainous 

regions (Rudolf and Rubel, 2005). 

 

2. Indirect relationship of satellite retrievals with its observables (e.g. cloud top 

reflectance or thermal radiance as a measure of surface precipitation), which 

may limit the accuracy of satellite products (Richards and Arkin, 1981); and/or 

difficulty of satellite estimates and their combinations (merged products) in 

detecting the snow component of precipitation (Rasmussen et al., 2012). 

 

3. In contrast to the gauge and satellite products, reanalysis overestimation could 

be due to the estimation of total precipitation (rainfall  +  snow). Other 

possibilities such as inability of models to properly resolve precipitation in 

regions with drastic elevation changes (Ma et al., 2009); and/or differences in 

the land–atmosphere interaction and land–surface model schemes may also 

contribute significant uncertainties (Misra et al., 2012). 
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Figure 3.7 compares the spatial maps of correlation generated for each 

precipitation product with the corresponding spatial EM's (EM1 and EM2). 

APHRODITE exhibits high spatial and domain average CC's over most parts of the 

CSWA regions, indicating a good level of agreement with EM1. However, the 

Figure 3.6: Spatial distribution of winter (DJFMA) root mean square error (mm/day) 

against the corresponding reference ensemble mean (EM1/EM2) over CSWA. The 

time period of analysis for APHRODITE, CPC-uni, CRU, GPCC, CFSR, ERA-Interim 

and MERRA is (1979-2007); and for 3B42-V6, 3B42-V7 and GPCP-1DD is (1998-

2007). The domain average mean values are given in the parentheses. 



 78 

domain average CC's for the other gauge-only products is comparatively lower (CPC-

uni  =  0.53, CRU  =  0.52 and GPCC  =  0.56) but still statistically significant. For gauge-

only/reanalysis (satellite-derived) data sets, correlation values greater than 0.37 (0.63) 

are statistically significant at 95% confidence level. For reanalyses, the comparatively 

lower spatial correlations are also evident in the domain average CC scores 

(CFSR  =  0.35, ERA-Interim  =  0.43 and MERRA = 0.38). Unlike the reanalysis data 

sets, satellite-derived precipitation products show smaller pockets of strong CC's 

(>0.8), with the spatial correlation pattern being somewhat similar. This similarity 

could perhaps be attributed to the use of similar retrieval procedures (Rahman et 

al., 2009); and/or due to the use of some common satellite and gauge sources (see 

Palazzi et al., 2013). 

An interesting feature of Figure 3.7, for almost all precipitation products, is the 

occurrence of very low/negative CC's (in the range of 0.2 to −0.4) over the arid and 

semi-arid regions of Gujarat and Rajasthan in India, the Taklimakan Desert in 

northwest China, the Kavir Desert in central Iran and some pockets of Saudi Arabia. 

Precipitation in these regions is characterised by high spatial variability and limited 

seasonal totals that might affect the degree of agreement between different data sets, 

and may lead to low CC's. Moreover, over these regions, gauge-based precipitation 

products are usually affected by significant uncertainties due to the number and 

quality of observations available (Javanmard et al., 2010; Tanarhte et al., 2012; 

Palazzi et al., 2013; Rana et al., 2015). Satellite rainfall estimates also suffer major 

challenges of over- or underestimation over the dry/arid regions. Overestimation 

occurs when rainfall detected aloft by the satellite sensors evaporates before reaching 

the surface; while underestimation results when the average of certain area is 

misidentified as non-raining pixel due to the coarse spatial resolution of satellite 

products, which covers both rain areas and hot background surfaces (Dinku et 

al., 2011). Apparently in the case of reanalyses, observations (in situ and satellite 

retrieval) provide the essential information content; therefore, over a specific region 

or site, the reliability and accuracy of a reanalysis product will depend very much on 

the quality and availability of data sets being assimilated (Bosilovich et al., 2013). 

The corollary of this is that as for gauge and satellite precipitation products, the 

quality of reanalysis data sets is also less accurate and questionable over the arid and 

semi�arid regions of CSWA. 
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Figure 3.7: Spatial distribution of winter (DJFMA) temporal correlation coefficient 

over CSWA. The time period of analysis for APHRODITE, CPC-uni, CRU, GPCC, 

CFSR, ERA-Interim and MERRA is (1979-2007); and for 3B42-V6, 3B42-V7 and 

GPCP-1DD is (1998-2007). The pattern correlation values are given in the 

parentheses. 

 

3.4.3 Temporal analysis 

Here, we examine the time series variation for all precipitation products against 

the EM time series.  
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The inter-annual variation depicted in Figure 3.8(a) to (c) illustrates that in the 

gauge-only (reanalysis) category, CPC-uni (CFSR) exhibits serious under- 

(overestimation) of winter precipitation resulting in maximum negative (positive) 

bias, together with lowest CC and highest RMSE. Furthermore in gauge-only 

category, GPCC and CRU show relatively small inter-annual bias scores (tending or 

Figure 3.8: Interannual variation of winter (DJFMA) (a) mean bias, (b) correlation 

coefficient and (c) RMSE, over the CSWA. The time period of analysis for 

APHRODITE, CPC-uni, CRU, GPCC, CFSR, ERA-Interim and MERRA is (1979-

2007); and for 3B42-V6, 3B42-V7 and GPCP-1DD is (1998-2007). 
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close to zero), but overall, GPCC exhibits higher CC's and typically lower RMSE 

values during the analysis period. In comparison to GPCC, the inter-annual CC 

(RMSE) scores are relatively stable and consistently highest (lowest) for 

APHRODITE data set. This suggests that in the gauge-only category, even though 

APHRODITE (GPCC) tends to systematically under- (overestimate) winter 

precipitation, the two gauge-only data sets seem to provide close to reliable estimates 

of precipitation over the CSWA region in comparison CPC-uni and CRU data sets. 

In terms of the inter-annual bias and RMSE skill scores, MERRA seems to 

perform better than CFSR and ERA-Interim. Surprisingly, ERA-Interim produces 

comparatively higher CC's than those exhibited by CFSR and MERRA (see Figure 

3.8 (b)). The results obtained here are consistent with the finding of Palazzi et 

al. (2013) who reported that over the Hindu-Kush Karakoram region, the ERA-

Interim data set exhibits good correlation and significant high bias, when compared to 

the observational data sets during the winter months. For the satellite-derived 

precipitation products, comparison of statistical indices (RMSE and CC) reveals that 

3B42-V7 exhibits a clear improvement over 3B42-V6 and GPCP-1DD. However, 

results (particularly from spatial analysis) suggest the need for efforts to further 

advance the accuracy of 3B42-V7. 

 
 
3.4.4 Scatter plot and empirical cdf 

Figure 3.9 compares the winter total precipitation scatter plots generated for the 

gauge-only (Figure 3.9 (a)), reanalyses (Figure 3.9 (b)) and satellite-derived (Figure 

3.9 (c)) products against the reference ensemble means (EM1, EM2). The CC (r) 

between each data set and the corresponding EM time series is also indicated. The 

scatter plot data points are clustered most closely to the 1:1 best fit line (dashed black 

line) for the gauge-only products. Overall GPCC exhibits the best correspondence 

(r  =  0.99) with the reference EM1, followed by CRU (r  =  0.98), APHRODITE 

(r  =  0.97) and CPC-uni (r  =  0.88). For CPC-uni, persistent underestimation is also 

apparent, while for CRU, the data points fall close to the best-fit line despite the fact 

that the data set exhibits orographic inconsistencies. 



 82 

Figure 3.9: Scatter plots of winter (DJFMA) precipitation over CSWA, for (a) gauge-

only, (b) reanalysis and (c) satellite-derived datasets, against the corresponding 

reference ensemble mean (EM1/EM2). 

 
For the reanalyses and satellite-derived precipitation products, the data points 

are widely scattered with moderate to lower correlations. CFSR (r  =  0.34) and ERA-

Interim (0.35) exhibit similar performance with data lying mostly to the left 

(overestimation) of the 1:1 line; while MERRA (r  =  0.37) shows a close association 

with EM1, with data lying much closer to the best-fit line. Among the satellite-

derived precipitation products, 3B42-V7 shows moderate correlation (r  =  0.4) with 

EM2, higher than for GPCP-1DD (r  =  0.31) and 3B42-V6 (r  =  0.36). Although the 

data points for 3B42-V7 are relatively scattered; the overall better performance of the 

product over its previous counterpart (V6) can be attributed to the use of additional 

satellite observations and better incorporation of GPCC data set (with improved 

climatology and anomaly analysis), both of which lead to significant improvements 

over complex terrain (Chen et al., 2013). 

The empirical cdf F(x) for winter precipitation over CSWA region are presented 

in Figure 3.10. The empirical cdf F(x) is defined as the proportion of X values less 

than or equal to x. Results show that in the gauge-only category GPCC and CRU 

follow the EM1 cdf line reasonably well, while the respective distributions of CPC-

uni and APHRODITE show an underestimation for precipitation accumulation lower 

than 70  mm. For reanalysis data sets, the distribution shows that overestimation of 

accumulated precipitation (>30  mm) is relatively large in CFSR, followed by ERA-

Interim and MERRA. In the satellite-derived category, the cdf for 3B42-V7 follows 

the EM2 distribution fairly closely; while the distribution for 3B42-V6 (GPCP-1DD) 
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Figure 3.10: Empirical cumulative distribution functions of winter (DJFMA) 

precipitation over CSWA, for (a) gauge-only, (b) reanalysis and (c) satellite-derived 

datasets, against the corresponding reference ensemble mean (EM1/EM2). 

shows that 90% of its data values are under- (overestimated) with respect to EM2. 

These results agree with the findings from the prior sections, giving us greater 

confidence on the accuracy and certainty of the results presented in this study. 

 
3.4.5 ENSO sensitivity 

To examine the performance of precipitation products over the CSWA region in 

terms of inter-annual variability and teleconnections, the ability of each product to 

capture the typical winter precipitation distribution pattern observed during ENSO 

events is assessed. To the best of our knowledge, no similar analysis has yet been 

published. A better understanding of the relative strengths and weaknesses of each 

product can provide useful information towards improving the quality of forecasts and 

warnings systems used in prediction of extreme weather events over CSWA. For 

instance, parts of southwest Asia experienced a very severe drought during 1998–

2002 (Waple et al., 2002) for which a link to La Niña-like conditions were suggested 

(Barlow et al., 2002;  Hoerling and Kumar, 2003). Other studies (Nazemosadat and 

Cordery, 2000; Syed et al., 2006; Mariotti, 2007; Kar and Rana, 2014) have discussed 

possible linkages/mechanisms for how ENSO influences precipitation variability over 

the CSWA region. Findings suggest that the inter-annual variability of winter 

precipitation occurs coherently with that of the ENSO phase, i.e. during El Niño (La 

Niña) events, positive (negative) precipitation anomalies typically occur in and 

around the study region. 
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Figure 3.11: Spatial distribution of winter (DJFMA) precipitation anomalies 

(mm/day) over CSWA, expressed as a difference between El Niño and neutral years. 

For APHRODITE, CPC-uni, CRU, GPCC, CFSR, ERA-Interim and MERRA the El 

Niño and neutral years were chosen from 1979-2007; and for 3B42-V6, 3B42-V7 and 

GPCP-1DD the El Niño and neutral years were chosen from 1998-2007. 

 
Consistent with the above, the composite precipitation anomaly maps generated 

for the El Niño (Figure 3.11) and La Niña (Figure 3.12) years revealed a similar 

precipitation anomaly distribution pattern for CSWA. The composite maps obtained 

for the gauge-only and/or reanalysis data sets are for the period 1979–2007, with 

seven El Niño years and five La Niña; while for the satellite-derived precipitation 

products, the period of analysis is 1998–2007, with two El Niño and three La Niña 
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Figure 3.12: Spatial distribution of winter (DJFMA) precipitation anomalies 

(mm/day) over CSWA, expressed as a difference of La Niña and neutral years. For 

APHRODITE, CPC-uni, CRU, GPCC, CFSR, ERA-Interim and MERRA the La Niña 

and neutral years were chosen from (1979-2007); and for 3B42-V6, 3B42-V7 and 

GPCP-1DD the La Niña and neutral years were chosen from (1998-2007). 

years. All precipitation products do a good job in capturing the typical impacts of the 

El Niño (La Niña) episodes, including the above (below) average precipitation 

anomalies over most parts of the domain. Notably, over certain region (e.g. the 

western Himalayan mountain, the Hindu-Kush Karakoram ranges and the Zagros 

Mountains), the positive/negative ENSO-precipitation relationship is found to be 

comparatively stronger for most of the products, suggesting that over these regions 

the ENSO signal could be used as one of the strong predictors to make better seasonal 

predictions. 
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A close spatial intercomparison of precipitation products in Figure 3.11 and 

Figure 3.12 reveal that APHRODITE shows comparatively much weaker or spatially 

limited precipitation anomalies for both, wet (El Niño) and dry (La Niña), conditions. 

CPC-uni also shows less precipitation variability (i.e. mostly dry conditions) during 

the positive ENSO phase; but the overall performance of the product seems to 

improve significantly during the La Niña period. The relatively poor (better) 

performance of CPC-uni observed during the positive (negative) phase of ENSO can 

be attributed to the consistent underestimation of winter precipitation by the product 

that further supports the negative departure of total precipitation during the La Niña 

episodes. In the gauge-only category, the performance of GPCC and CRU data sets 

appears to be similar; but in terms of the spatial details and magnitude of regional 

impacts, GPCC seems to provide a more realistic pattern (as seen in the above cited 

studies) for both, the El Niño and La Niña years. 

All reanalysis products (CFSR, ERA-Interim and MERRA) manifest a strong 

orographic influence, yielding more detailed features at the regional scale. The typical 

characteristics of the positive/negative ENSO-precipitation relationship over the 

CSWA region are also well reproduced by the reanalysis data sets (with an exception 

that the amplitude of departure for MERRA precipitation anomaly is slightly 

underestimated during the negative ENSO phase). Because ENSO-precipitation 

relationships are a large-scale atmospheric–oceanic phenomenon, some of the 

disparities depicted in the reanalysis data sets can be related to different precipitation 

parameterisations and/or the use of different sea surface temperature (SST) data sets 

that are used in the development of the reanalyses (Kumar et al., 2013). 

Among the satellite-derived precipitation products, 3B42-V6 and 3B42-V7 

represent a very similar precipitation anomaly distribution pattern for the El Niño and 

La Niña years. GPCP-1DD also performs reasonably well in capturing the regional 

ENSO-precipitation signal; although the spatial pattern is much smoother, which can 

be ascribed to the coarser spatial resolution of the product. For La Niña episodes 

(Figure 3.12), GPCP-1DD displays a slightly different precipitation anomaly 

distribution pattern comprised of only negative (dry) precipitation anomalies for the 

entire CSWA region. According to Rahman et al. (2009), GPCP-1DD can reproduce 

the broad features of the Indian monsoon rainfall; but in terms of the shape and size of 

high- and low-rainfall regions, GPCP-1DD's representation may be considered as 

inadequate to those represented by TRMM products. Further comparison of results 
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show that for the El Niño and La Niña years, all three satellite-derived precipitation 

products exhibit a band of negative precipitation anomalies over southwestern Iran.To 

have a clear understanding of the aforementioned finding, we investigated the ENSO-

precipitation signal over the CSWA region using the gauge-only ensemble mean 

(EM2) for the period 1998–2007. Distinctly, the El Niño and La Niña composite 

precipitation anomaly patterns obtained for EM2 (Figure 3.13) showed a close 

resemblance to those obtained for the three satellite-derived precipitation products 

(see Figure 3.11and Figure 3.12 ), suggesting that the observed pattern is likely due to 

the small sample of ENSO events (two El Niño and three La Niña years) for the 10-

year analysis period in the case of satellite data sets. In general, we can say that the 

teleconnection pattern of ENSO and CSWA winter precipitation appears to be fairly 

represented by 3B42-V6 and 3B42-V7, against the GPCP-1DD precipitation product. 

 

 

 
 
3.5 Conclusions 

In this study, four gauge-only (APHRODITE, CPC-uni, CRU and GPCC), three 

reanalyses (CFSR, ERA-Interim and MERRA) and three satellite-derived (3B42-V6, 

3B42-V7 and GPCP-1DD) precipitation products are used to examine the spatial 

pattern and temporal variations of wintertime precipitation over CSWA. Evaluation 

metrics, including MB, CC and RMSE, were applied and subjective comparisons 

carried out using the gauge-only EM as the reference data set. Considering the time 

Figure 3.13: The ensemble mean (EM2) spatial distribution of winter (DJFMA) 

precipitation anomalies (mm/day) over CSWA, expressed as a difference of El 

Niño/La Niña and neutral years. For composite analysis the El Niño/La Niña and 

neutral years were chosen from (1998-2007). 
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availability of each of the precipitation products, the analysis was performed for two 

different periods: 1979–2007 for the gauge-only/reanalysis and 1998–2007 for the 

satellite-derived products. Based on the investigation, the general conclusions are 

summarized as follows: 

1. All of the ten precipitation products capture the overall spatial distribution and 

temporal variation patterns of winter precipitation. Results suggest that 

quality/accuracy of all gridded precipitation data sets generally decreases as 

altitude increases. 

2. In the gauge-only category, APHRODITE and GPCC provide more reliable and 

realistic representation of the orographically influenced winter precipitation 

distribution over the study region. Even though APHRODITE (GPCC) tend to 

slightly under- (overestimate) the winter precipitation totals; but in comparison 

to CPC-uni and CRU, the data sets persistently perform better in terms of the 

spatial and temporal characterisation of skill metrics (i.e. higher CC, smaller 

RMSE and close to zero MB) obtained over CSWA. Overall, our analysis 

emphasises that GPCC is most preferable for long-term climatological analyses 

over CSWA region. 

3. The reanalysis products (CFSR, ERA-Interim and MERRA) display a strong 

influence of topography along with the characteristic features of winter 

precipitation over CSWA. In all of the reanalyses, the total precipitation amount 

is overestimated over the high-altitude regions, which perhaps can be attributed 

to the estimation of total precipitation (rainfall and snow). With respect to the 

spatial climatology and inter-annual variability of EM1 (1979–2007), the 

seasonal precipitation amount is greatly overestimated by CFSR (50%), 

followed by ERA-Interim (34%) and MERRA (13%). Overall, MERRA 

exhibits the most reasonable agreement in both, magnitude and phase of 

precipitation with relatively small MB and RMSE scores. These results suggest 

that new reanalyses are satisfactorily reliable for studying the regional spatial 

precipitation distribution over CSWA, although their absolute values are still 

questionable at the regional scale.  

4. Among the satellite-derived precipitation products, 3B42-V7 exhibits the best 

performance in depicting the spatial pattern and temporal variations of winter 

precipitation over the study region. In comparison to 3B42-V6 and GPCP-1DD, 
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the widespread spatial bias is significantly reduced over the mountainous 

regions in 3B42-V7, though the RMSE and CC are more-or-less same for all 

products. Results show that the improvements made in the newest version-7 of 

the TRMM research product demonstrate great potential for providing high-

resolution precipitation information over CSWA, where topography is complex 

and ground observations are sparse.  

5. Finally, results for the evaluation of precipitation products in relation to ENSO 

effects show that all products perform satisfactorily in capturing the typical 

above (below) average seasonal precipitation anomalies over most parts of the 

CSWA region. Overall, in the gauge-only category, GPCC provides the most 

realistic precipitation anomaly distribution pattern, while the reanalyses resolve 

the fine scale  features  such as  orographic precipitation in more detail. Among 

the satellite-derived precipitation products, the TRMM products represent the 

spatial features better than merged satellite-gauge GPCP-1DD; however, efforts 

are needed to improve the applicability of precipitation products over the dry 

arid and semi-arid plains of CSWA. 
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4.1 Abstract 
This study contributes to an improved understanding of Central Southwest Asia 

(CSWA) wintertime (November–April) precipitation by analysing the dominant 

spatial-temporal modes of the regional winter precipitation and examining their 

relationship with global sea surface temperature (SST) and large-scale atmospheric 

circulation fields, for 1950/51–2014/15. Empirical orthogonal function (EOF) 

analysis results show that the first mode (EOF-1) of winter precipitation is 

characterised by a mono-sign pattern, with significant links to El Niño-Southern 

Oscillation (ENSO). EOF-2 displays a north-south dipole related to the latitudinal 

shift in the jet stream position, while the west-east dipole in EOF-3 appears to be 

influenced by the thermal contrast between the equatorial regions and higher latitudes. 

Further, we focus on the inter-decadal change of connection between wintertime 

ENSO and EOF-1 observed around the early 1980s. The relationship is weak during 

1950/51–1983/84 (P1), but strong and statistically significant in 1984/85–2014/15 

(P2). In P1, without the ENSO signal, EOF-1 related atmospheric circulation 

anomalies are confined mainly over the mid- to high-latitudes of the Northern 

Hemisphere, associated with the extratropical East Atlantic–Western Russia (EA-

WR) teleconnection. In P2, however, a close connection to the tropical Pacific is 

observed that includes a pronounced SST expression similar to that of ENSO. As a 

result of the stronger relationship between ENSO and EOF-1 in P2, the regional 

impact of EA-WR observed over CSWA in P1 is linearly superimposed by the 

anomalous hemispheric-wide atmospheric response forced by the ENSO conditions in 

the Pacific. 

 
 
4.2 Introduction 

Central southwest Asia (CSWA, Figure 4.1(a)), defined here as the domain 

bounded by 20°–47°N, 40°–85°E is a semiarid and a water-scarce region (Oki and 

Kanae 2006) prone to large interannual and inter-decadal precipitation variations 

(Hoell et al. 2015a). Dominated by high mountain ranges from west to east − the 

Alborz, Zagros, Hindu Kush, Pamirs, Karakoram and the Himalayas (Figure 4.1(a)), 

the complex orography of CSWA strongly modulates the weather systems and 

profoundly controls the regional distribution of precipitation (Barlow et al. 2005; 

Barlow and Tippett 2008; Rana et al. 2017). A large part of CSWA, which includes 
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the western and the northern flanks of the domain, is beyond the usual reach of the 

Indian monsoon with little precipitation during the warm summer season (e.g. Figure 

1.5 in Chapter 1). 

For much of CSWA, precipitation primarily occurs during the winter and early 

spring season of November–April [(NDJFMA); see Figure 4.1 (c)] when the region is 

within the subtropical belt of the upper-tropospheric westerly jet stream 

(Krishnamurti 1961). The intensification and southward excursions of the subtropical 

westerly jet bring moisture-bearing mid-latitude synoptic storms into CSWA. As they 

traverse eastwards, they pass through a dense upper-air observing array over Europe, 

the Middle East, the Black Sea and the Caspian Sea regions (Sachar et al. 2004). The 

moisture advection associated with these storms is typically from the west, including 

the Atlantic, the Mediterranean Sea, the Red Sea, the Persian Gulf, the Caspian Sea 

and the Arabian Sea (Barlow et al. 2005, Kar and Rana 2014). While propagating 

from west to east, the moisture-laden winds modify the regional circulations as they 

encounter the high mountain ranges of CSWA and generate precipitation via upslope 

lifting (Cannon et al. 2016; Barlow et al. 2016).  

The climatological precipitation displayed (Figure 4.1(b)) closely follows the 

principal mountain ranges of the region, with heaviest amounts falling on the western 

slopes of the high mountains. Yearly precipitation can exceed 1000 mm in some areas 

of the high mountains of western Iran, the Hindu-Kush Karakoram, as well as along 

the southern (eastern) shores of the Caspian (Black) Sea (Barlow et al. 2005). 

Regionally, wintertime precipitation demonstrates a high degree of spatial coherence 

(Hoell et al., 2015a) and makes a dominant contribution (>65%) to the annual 

precipitation totals as seen in Figure 4.1(c). This precipitation is mostly in the form of 

snow over the high mountain ranges, which accumulates as a seasonal snowpack 

throughout the cold months. The melting of this snow is an important source of water 

during the spring-summer season, which happens to coincide with the time of year 

when the regional water demand is highest. In addition to snow, winter rainfall in the 

sub-mountainous and low elevation areas is crucial for the widespread subsistence 

agriculture, industrial needs, and livelihood. 
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Figure 4.1: (a) Topography (km) of CSWA (20°–47°N, 40°–85°E), (b) spatial 

distribution of winter season precipitation (mm/day), and (c) percentage 

contribution of NDJFMA precipitation to the total annual precipitation over CSWA 

for 1950/51–2014/15. 

CSWA winter precipitation is strongly influenced by several large-scale modes 

of climate variability such as the El Nino–Southern Oscillation (ENSO), Pacific 

Decadal Oscillation (PDO), North Atlantic Oscillation (NAO), East Atlantic–Western 

Russia (EA-WR) pattern, Polar/Eurasian Pattern (PE), Indian Ocean Dipole (IOD) 

and others  [for more details see Barlow et al. (2016)] at time scales ranging from sub-

seasonal to seasonal and interannual to decadal (Barlow et al. 2005; Barlow and 

Tippett 2008; Hoell et al. 2012; 2013; 2015b; Kar and Rana 2014; Yin et al. 2014). A 

comprehensive review of boreal wintertime teleconnection studies highlights ENSO 

as an important driver of CSWA’s winter precipitation climate. Both observational 

and model analyses show that the two phases of ENSO, El Niño or La Niña, are 
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related to statistically significant region-wide increases or decreases of winter 

precipitation (Mariotti 2007; Hoerling and Kumar 2003; Hoell and Funk 2013; Hoell 

et al. 2015a, 2017; Rana et al. 2017; 2018) by way of both baroclinic (Barlow et al. 

2002; Hoell et al. 2012) and barotropic (Hoell et al. 2013, Shaman and Tziperman 

2005) Rossby wave teleconnection mechanisms.  

As evidenced by previous research, ENSO-related precipitation modifications 

are substantial over CSWA. However, with the competing influence of various 

tropical and extratropical teleconnections on CSWA climate, the regional 

precipitation anomalies can be influenced by other concomitant non-ENSO modes of 

climate variability. These modes, depending on their relative strengths and phase 

combinations, tend to modify the seasonal precipitation either directly (during non-

ENSO years) or by way of partly modulating the strength of the ENSO response (e.g. 

Yin et al. 2014; Barlow and Hoell 2015; Barlow et al. 2016; Liu et al. 2017; Rana et 

al. 2018). The above mechanisms are not mutually exclusive and a high degree of 

uncertainty remains  in our understanding of their  individual role in CSWA's 

wintertime precipitation variability. Therefore, one of the motivations of this study is 

to statistically characterise the leading spatial and temporal patterns of CSWA 

wintertime precipitation variability using the conventional empirical orthogonal 

function (EOF) analysis (Wilks 2006) and examine the large-scale teleconnection 

links that govern the leading precipitation modes.  

Furthermore, we focus on the leading mode [(EOF1) of CSWA winter 

precipitation] that explains a relatively large proportion of the region’s precipitation 

variability and has a close relationship with tropical Pacific ENSO forcing as reported 

in Hoell et al (2017). Those authors also documented that the long-term relationship 

between wintertime ENSO (Niño-3.4) and CSWA precipitation varied in strength 

throughout the 20th century (1901-2012) and was strongest after the 1980s. Our 

recent study (Rana et al. 2018) also revealed that the influence of springtime Niño-3.4 

(NAO) on CSWA winter precipitation strengthened to (weakened from) a statistically 

significant level around the early 1980s and continued to increase (decrease) 

thereafter. In particular, changes in ENSO characteristics including frequency, 

intensity, structure, and propagation during recent decades (Wang 1995; An and 

Wang 2000) have been shown to force stronger wintertime northern hemisphere 

circulations and significant precipitation modifications over CSWA (Hoell and Funk 
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2013; Hoell et al. 2014a,b) resulting in higher predictability and predictive skill of the 

regional precipitation after the 1980s period (Rana et al. 2018). 

These studies suggest a possible inter-decadal change of connection between 

wintertime ENSO and CSWA precipitation around the early 1980s. Since it is unclear 

whether this relationship will remain strong in future, it is of interest to investigate 

how the connection between CSWA winter precipitation and the global atmospheric 

circulation changed in the context of the above discussion. We believe that addressing 

these issues will deepen our understanding of CSWA wintertime precipitation 

variability and may provide useful information for seasonal forecasting of the regional 

precipitation. 

The rest of the chapter is organized as follows. Section 4.3 describes the data 

and methods adopted in this study. Section 4.4 presents the spatial and temporal 

characteristics of the leading three (EOF-1, EOF-2, EOF-3) modes of winter 

(NDJFMA) precipitation variability over CSWA. The association between the three 

EOF modes of CSWA winter precipitation and the large-scale atmospheric 

circulations and global sea surface temperature (SST) anomalies are discussed in 

Section 4.5. Section 4.6 examines the inter-decadal change in ENSO – EOF-1 

relationship and compares the circulations and SST anomalies before and after the 

inter-decadal change, followed by summary and discussion in section 4.7. 

 
 
 

4.3 Materials and Methods 

 
4.3.1 Observed and reanalysis data 

The present study employs two monthly-mean observed precipitation datasets 

over land. They are (1) the Global Precipitation Climatology Centre (GPCC) full data 

reanalysis version 7 (Schneider et al. 2014) available from http://gpcc.dwd.de for the 

period 1901–2013 and (2) the Climatic Research Unit (CRU) time series (TS) version 

3.24.01 available from https://crudata.uea.ac.uk/cru/data/ for the period 1901–2015 

(Harris et al. 2014). The current analysis uses 0.5° latitude/longitude resolution for 

both GPCC and CRU data.  

It is important to note that throughout the CSWA region, considerable 

uncertainty exists in the accuracy of gridded precipitation estimates (Barlow and 

Tippett 2008; Rana et al. 2015, 2017; Hoell et al. 2017). Some of the factors that 
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contribute to this uncertainty are: sparse or non-existent precipitation observation 

network, political sensitivity, extreme topography, snow measurement errors and so 

on. In order to gain a better understanding of some of these issues, Rana et al. (2017) 

performed a comprehensive assessment of various precipitation datasets for CSWA 

and reported that in comparison to some of the currently available observational 

datasets (including CRU), GPCC precipitation estimates are qualitatively more 

realistic and reliable in this region. Therefore, the present study uses GPCC 

precipitation records from 1950 up to 2013 and the CRU dataset thereafter. The 

spatial maps of the CSWA wintertime precipitation climatology and its seasonal 

percentage contribution to the total annual precipitation for the analysis period 

(1950/51–2014/15) are shown in Figure 4.1(b) and  Figure 4.1(c), respectively. 

Estimates of monthly mean observed SST (°C) data are drawn from the 

National Oceanic and Atmospheric Administration (NOAA) extended reconstructed 

SST version 5 (Huang et al. 2017; http://www.esrl.noaa.gov/psd/data/gridded/). This 

SST dataset is produced on a fixed 2° latitude-longitude resolution and is available 

from 1854 to the present. In this study, ENSO variability is represented by the Niño-

3.4 index which is defined as the area averaged SST anomaly over the region 5°S–

5°N, 170°–120°W.  

Reanalysis atmospheric variables including monthly-mean sea level pressure 

(SLP), the geopotential height at 500-hPa (Z500) and 200-hPa (Z200), zonal and 

meridional components of winds at 700-hPa  (U700; V700) and 200-hPa  (U200; 

V200) are drawn from the National Centers for Environmental Prediction (NCEP)–

National Center for Atmospheric Research (NCAR) at a fixed 2.5° x 2.5° latitude-

longitude grid for 1948-2015.  

 
 
 

4.3.2 Methods 

As outlined in Chapter 2, EOF analysis is a widely-used statistical technique to 

reduce the dimensionality of a complex data set into linear combinations of fewer new 

variables that represent the maximum possible fraction of the variance contained in 

the original data (Wilks 2006). In this study, we use EOF analysis over CSWA by 

constructing an area-weighted covariance matrix of the observed winter precipitation 

for 1950/51 – 2014/15 period; and the first three patterns that explain nearly 45% of 

the total domain variance are analysed. Correlation and regression analyses are further 
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applied to identify the physical mechanisms responsible for the connection between 

the three standardized EOF time series of CSWA precipitation with the wintertime 

global SST and large-scale atmospheric circulations.  

Here, correlation coefficients are computed using equation (3.4) described in 

Chapter 3. Statistical significance of the correlation coefficient is assessed at 90% (p-

value<0.10) and 99% (p-value<0.01) confidence level using the two-tailed Student’s 

t-test statistics expressed as: 

 

𝑡!!! =
! !!!
!!!!

          4.1 
 
where r is the correlation coefficient and n is the sample size.  

 
 
Regression analysis is carried out to estimate the regression coefficient or the 

slope (β) of the regression line. The regression line is given as: 

 

y = βx+ a          4.2 

 

where y is the dependent variable, x is the independent variable, a is the intercept, and 

β is regression coefficient (slope) that represents the rate of change in y as x changes. 

 

To document the inter-decadal change in the wintertime ENSO – CSWA 

precipitation relationship, we divide the entire analysis period (1950/51 – 2014/15) 

into two sub-periods: (1950/51-1983/84, P1) and (1984/85-2014/15, P2). The 

selection of the two sub-periods is based on the 17-yr sliding correlation of Niño-3.4 

index with the leading (EOF-1) time series of CSWA precipitation. The sliding 

correlation is calculated using the following equations: 
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where t=n, n+1, n+2, n+3, ……… . Here, n is the length of sliding or running 

window (i.e. 17-yr considered for this study). 
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Further, the underlying mechanisms pre- and post- the inter-decadal change of the 

ENSO impact on CSWA winter precipitation climate are investigated.  

 

 

4.4 Characteristics of leading three EOF modes of CSWA winter 

precipitation  

The spatial patterns of the first three EOF modes of CSWA winter precipitation 

and time series of the corresponding principal components (hereafter PC) are shown 

in Figure 4.2. The first EOF mode (Figure 4.2 (a)) explains 19% of the total domain 

variance and is characterised by a mono-sign pattern, with positive loadings over 

much of the region. This spatial pattern reflects the coherent variability of winter 

precipitation over the entire domain, consistent with the findings of previous studies 

(Hoell et al. 2015a, Kar and Rana 2014). The positive (negative) fluctuations in the 

polarity and amplitude of EOF1 are indicative of region-wide wetter (drier) winter 

conditions. The PC time series associated with this mode (Figure 4.2 (b)) is positively 

correlated with the seasonally averaged year-to-year winter precipitation over CSWA 

(r = 0.93) and with ENSO (r = 0.49), both statistically significant at the 99% 

confidence level. More details on these linkages is provided in section 4.5. 

The second EOF (Figure 4.2 (b)) of winter precipitation, explaining 15% of the 

total variance, displays a meridional dipole structure with a negative centre of action 

in the north and a positive one in the south. The zero line of the dipole pattern is 

confined close to the climatological position of the winter tropospheric jet that lies 

between 20°N to 35°N (Krishnamurti 1961), suggesting that the second EOF mode of 

winter precipitation is presumably related to the fluctuations in the latitudinal 

position/intensity of wintertime jets over CSWA. Strong links have been established 

between the NAO and the variability in the speed and mean position of the mid-

latitude westerly jet stream during the boreal winter (Rogers 1997; Luo et al. 2007; 

Strong and Davis 2007; Woollings et al. 2010). For example, Luo et al. (2007) 

reported that the positive (negative) NAO phase is related to the poleward 

(equatorward) shift of the westerly jet from its climatological position in the northern 

Hemisphere. However, in our case the PC2 time series associated with the second 

EOF mode does not demonstrate a significant linkage to the wintertime (NDJFMA) 

NAO index. A possible reason for this could be that a combination of different 
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concomitant climatic modes such as the East Atlantic pattern (EA), the Scandinavian 

pattern (SCA), the EA-WR pattern and atmospheric blocking events can modulate the 

geographical location and intensity of the NAO's centres of action from the classic 

locations, used to compute the conventional station-based NAO indices (Woollings et 

al. 2010; Moore and Renfrew 2012; Comas-Bru and McDermott 2013). Moreover, 

various regional circulation patterns and large-scale atmospheric processes including 

tropical and extratropical teleconnections (e.g. ENSO, EA-WR, PE and Siberian 

High) have been linked to changes in the westerly storm-tracks accompanied by shifts 

in wintertime jet stream flow pattern over the CSWA region (Yin et al. 2014; Barlow 

et al. 2016; Cohen et al. 2014; Lioubimtseva 2015; Wolff et al. 2017) either directly 

or by way of partly modulating the strength of the associated teleconnections (Rana et 

al. 2018). It may be for these reasons that the PC2 time-series is not strongly 

correlated with any particular mode. See section 4.5 for more details. 

The third EOF mode of CSWA winter precipitation (Figure 4.2 (c)) explains 

10% of the total variability and mostly features a zonal dipole with opposite 

precipitation variations in the western and eastern parts of the region. Structurally, the 

pattern represents longitudinal variations in the mean structure and flow (ridges and 

troughs) of Rossby waves associated with the subtropical jet stream over CSWA. It 

has been noted that the strength of the jet stream is influenced by the magnitude of the 

meridional temperature gradient between the equatorial regions and the higher 

latitudes, such that the reduction in the north-south temperature gradient slows down 

the jet-stream zonal velocity and increases its tendency to meander (Francis and 

Vavrus 2012; Hassanzaded et al. 2014). A similar west-east precipitation dipole 

structure across CSWA has been reported in Hoell et al. (2017) and Rana et al. 

(2018), who used different statistical approaches to characterise the long-term 

precipitation variability over the CSWA region. The PC3 time series displaying the 

temporal component of this mode shows a period of moderate variability before the 

mid-1990s, followed by a mild upward trend and increased variability, likely 

associated with an increase in the frequency of dry conditions over CSWA linked to 

the rapid warming of the Indo-west Pacific and the Atlantic Ocean SSTs in the recent 

decades (Compo and Sardeshmukh 2010; Hoell and Funk 2014; McGregor et al. 

2014).  
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Figure 4.2: The spatial patterns and their corresponding normalized PC time series 

for the (a) first (EOF-1: 19%), (b) second (EOF-2: 15%), and (c) third (EOF-3: 

10%) EOF modes of CSWA wintertime (NDJFMA) precipitation for the period 

1950/51–2014/15. 

 

 
4.5 Association with global SST and large-scale atmospheric circulation 

anomalies 
To demonstrate the physical sense of the three leading EOF modes of CSWA 

winter precipitation and to verify their relationship with the large-scale patterns of 

climate variability; spatial maps of SST, SLP, geopotential height, zonal and 

meridional winds anomalies were obtained using regression of the corresponding 

fields onto PC1 (Figure 4.3), PC2 (Figure 4.4) and PC3 (Figure 4.5) time series.  
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4.5.1 EOF-1 associated climate anomalies 

In Figure 4.3(a), the SST anomaly pattern for PC1 shows strong and statistically 

significant positive SST anomalies in the central-eastern tropical Pacific accompanied 

by negative anomalies over the western Pacific sector. This pattern is spatially similar 

to the warm phase of the ENSO cycle; that has its origin in the tropical Pacific Ocean 

with teleconnections reaching far beyond the Pacific sector (Latif and Barnett 1995; 

Neelin et al. 1998). Consistent with the distribution of SST anomalies associated with 

PC1, the SLP map in Figure 4.3(b) exhibits a large-scale seesaw pattern of 

statistically significant SLP anomalies in the tropical Indo-western Pacific and the 

eastern Pacific Ocean, characteristic of the negative phase of the Southern Oscillation. 

In the North Atlantic sector, the SST anomalies bear some resemblance to the 

negative phase of the NAO cycle, which is usually observed during El Niño winters 

(Gershunov and Barnett 1998; Graf and Zanchettin 2012) and has been linked with 

the formation and persistence of atmospheric blocking episodes in the North Atlantic 

sector (Shabbar et al. 2001). Supporting the above, a blocking-like dipole structure is 

evident in the SLP regression map (Figure 4.3(b)) with a positive centre of action 

sitting over western Europe and a secondary centre of opposite sign over Greenland 

and further south, which is fairly similar to the blocking pattern described in Cassou 

et al. (2004). 

Previous research has shown that the key system that bridges the ENSO-related 

variations in the Pacific Ocean and CSWA's regional precipitation climate is through 

an eastward propagating Rossby wave train that emanates from the central equatorial 

Pacific Ocean and extends eastwards over North America, the Atlantic, and the 

Middle East into western Asia (Shaman and Tziperman 2005; Barlow and Tippett 

2008). Large-scale equivalent barotropic Rossby waves propagate over the CSWA 

region (Hoell et al. 2013, 2015a; Rana et al. 2018) as evidenced by the statistically 

significant geopotential height anomalies of the same sign at Z500 hPa and Z200 hPa 

in Figure 4.3(c) and Figure 4.3(d), respectively. In addition to the stationary 

barotropic Rossby wave mechanism that impacts CSWA from the west, ENSO 

teleconnections also influence the regional climate of CSWA by the westward-

propagating baroclinic Rossby waves  (Barlow et al. 2002; Barlow et al. 2007; Hoell 

et al. 2012) associated with the Gill–Matsuno-type circulation response (Matsuno 

1966; Gill 1980).  
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Figure 4.3: Regression maps of (a) SST, (b) SLP, (c) geopotential height at 500-hPa, 

(d) geopotential height at 200-hPa, (e) zonal wind at 200-hPa, (f) meridional wind at 

200-hPa, and (g) wind vectors at 700-hPa onto PC1 time-series associated with EOF-

1 for the period 1950/51–2014/15. Solid (dashed) contours denote positive (negative) 

values and zero lines are omitted. The contour interval is 0.1°C in (a); 0.2 hPa in (b); 

3 m in (c); 4 m in (d); 0.4 m/s in (e) and 0.3 in (f). The light and dark shadings in the 

figures (a–f) indicate that the correlation coefficients are significant are significant at 

p<0.10 and p<0.01, respectively. 
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In Figure 4.3, the tropically forced baroclinic response can be seen over India 

and China (~ 30°N, 120°E) in the Z200 hPa and U200 hPa fields, but is somewhat 

overshadowed by the hemispheric-wide strong equivalent barotropic signal. These 

results show that anomalous warming in the equatorial eastern Pacific associated with 

El Niño induces an anomalously cold-core cyclonic trough (low pressure) over 

CSWA; that interacts with the mean mid- and upper-level tropospheric jet flows, 

resulting in a thermodynamically-forced warm temperature advection and 

precipitation-enhancing anomalous ascent over CSWA that extends throughout the 

troposphere (Hoell et al. 2013; 2017). The reverse is true during La Niña years (Rana 

et al. 2018). 

Correspondingly, the regression of the zonal wind component at 200-hPa 

(Figure 4.3(e)) onto PC1 shows statistically significant negative anomalies (easterly 

flow anomalies) across the equatorial Pacific Ocean, indicative of a weaker-than-

normal Walker Circulation in response to El Niño conditions. Another prominent 

feature is the zonally-elongated band of positive (westerly) wind anomalies, 

circumnavigating the upper troposphere, and meridionally confined to latitudes ~25°–

30° in the region of the subtropical westerly jet. Graf and Zanchettin (2012) showed 

that during warm ENSO events, in particular for central Pacific El Niños, the Rossby 

waves generated by anomalous atmospheric heating in equatorial latitudes may 

become meridionally trapped by the subtropical jet and propagate eastward within the 

jet waveguide causing perturbations over the Atlantic and European sector. In fact, 

the 200-hPa meridional wind anomalies shown in Figure 4.3(f) reflects a Rossby 

wave-like structure that appears to be originating from the equatorial Pacific (around 

the dateline) and propagating eastward as a series of cyclonic and anticyclonic 

features that are well observed over the Atlantic, Europe and western Asia. 

Furthermore, the significantly deepened trough as noted in the height anomalies 

appears as anomalous cyclonic circulation over CSWA at the lower 700-hPa level as 

shown in Figure 4.3(g). The circulation around this cyclonic center is associated with 

an enhanced southwesterly flow pattern across much of the CSWA region (within the 

red box in Figure 4.3(g), which advects moist air from the adjoining Arabian Sea and 

Indian Ocean basin, thereby increasing the regional winter precipitation during the 

warm ENSO phase. 
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4.5.2 EOF-2 associated climate anomalies 

For the second EOF mode, the regression maps of SST (Figure 4.4(a)) and SLP 

(Figure 4.4(b)) onto PC2 show notably different sources of variability and associated 

atmospheric circulation structures, compared to those obtained for PC1. The SST 

anomalies are much weaker in magnitude with significance occurring only over 

limited areas of the three ocean basins. In the North Pacific sector, the SST pattern 

manifest features similar to the second mode of North Pacific SST variability, which 

is termed as the Victoria mode (Bond et al. 2003) or the North Pacific Gyre 

Oscillation (NPGO; Di Lorenzo et al., 2008). The corresponding atmospheric 

response to NPGO appears as a meridional pressure dipole between Alaska and 

Hawaii that has a strong resemblance to the North Pacific Oscillation (NPO) signature 

(e.g. Figure 2 in Furtado et al. 2011; Linkin and Nigam 2008) and was first identified 

by Walker and Bliss (1932). Significant positive SLP anomalies also occur over a 

large part of East Asia with a spatial structure that represents a southward migration 

and a westward extension of the Siberian High from its climatological position of 

40°–60°N, 80°–120°E. Based on the above it appears that the intensity and location of 

the Siberian High also plays a role in EOF-2 variability. Further, in the North Atlantic 

sector, the low-pressure anomalies over the Icelandic region and throughout the 

Arctic combined with high-pressure anomalies spanning the central latitudes of the 

North Atlantic between 35°–45°N represent a pressure dipole structure, reminiscent 

of NAO anomalies. Here, the most notable feature is that the atmospheric anomalies 

associated with PC2 are confined largely to the mid-to-high-latitudes of the Northern 

Hemisphere; implying that the tropical forcing plays a lesser role in the variability of 

the second EOF mode of CSWA winter precipitation, unlike the first EOF mode.  

The regression map of Z500 (Figure 4.4 (c)) and Z200 (Figure 4.4(d)) display 

a zonally oriented tripolar pattern of negative–positive–negative height anomalies 

extending in the meridional direction over the Northern Hemisphere. Meanwhile, the 

height anomalies in the Pacific Ocean broadly resemble the western Pacific (WP) 

teleconnection pattern, which is the upper-air signature of the NPO variability in SLP 

(Linkin and Nigam 2008). The similar sign of height anomalies at 500-hPa and 200-

hPa feature an equivalent barotropic vertical structure. The shape and the location of 

the twin statistically significant narrow bands of negative geopotential height 

anomalies (cyclones) located around 25°N and 60°N correspond to a slight 

equatorward and poleward shift in the position of the subtropical and polar front jet 
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Figure 4.4: As in Figure 4.3, but for PC2 time-series associated with EOF-2. 

stream, respectively. The two jets are well separated from each other by a strong 

positive height anomaly centre located over central Russia and Mongolia associated 

with the Siberian anticyclone.  

 

     

These results are further supported by the 200-hPa zonal wind regression map 

(Figure 4.4(e)) that exhibit a more prominent tripolar structure with zonally elongated 

and meridionally tighter zonal wind anomalies spanning the entire Northern 
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Hemisphere. Statistically significant positive (westerlies) zonal wind anomalies are 

noted along the two jet axis, while the occurrence of negative (easterlies) wind 

anomalies at latitudes in between the jets suggest a weakening of the background 

westerlies in conjunction with the anticyclonic flow coming from the westward 

progression of the Siberian High over northern central Asia. The relationship between 

PC2 and the 200-hPa meridional wind component is rather weak or almost non-

existent as seen in Figure 4.4(f). Hence the second mode of CSWA winter 

precipitation appears to be dominated by variations in the latitude and strength of the 

subtropical jet and zonal flow across Eurasia.    

An interesting feature to note in the regressed wind anomalies at 700-hPa 

(Figure 4.4(g)) is that the out-of-phase meridional dipole observed in the North 

Pacific SLP and geopotential height anomalies give rise to a dominant anticyclone–

cyclone couplet that is associated with a strong easterly flow anomaly close to the 

nodal point (~48°N) and strengthens the prevailing easterlies of the Siberian 

anticyclone. Previous works have indicated the role of Siberian High in modifying the 

influence of the westerly storm systems over Northern Hemisphere mid-latitudes  

(Makorgiannis et al. 1981; Hasanean et al. 2013; Panagiotopoulos et al. 2005; Cannon 

et al. 2014; Wolff et al. 2017). Consistent with the above findings, our results show 

that the westward extension of the Siberian anticyclone into central Asia and Europe, 

along with the northwestward nudging of the NPO/WP pattern contributes towards 

the maintenance of upper-level ridges over northern CSWA. This ridge blocks the 

eastward propagating westerly storm systems, restricting their flow to a more 

southerly track that results in more precipitation on the southern side of the CSWA 

region as shown in Figure 4.2(b). 

 

 
4.5.3 EOF-3 associated climate anomalies 

For the third EOF mode of CSWA winter precipitation, the SST regression map 

(Figure 4.5(a)) associated with PC3 reveals three distinct tropic-wide areas of 

statistically significant positive SST anomalies. This pattern is fairly similar to the 

observed tropical SST trend noted for the last half century (e.g. Figure 3a in Shin and 

Sardeshmukh 2011), the principal feature of which is the long-term warming of the 

Indian and the Pacific Ocean (Hoerling et al. 2001). The above result is consistent 

with the findings of Hoell et al. (2017), who reported that the west-east precipitation 
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dipole pattern over CSWA (similar to the one depicted in Figure 4.2(c)) is related to 

the warming of the Indian and Pacific Ocean SST. Also in Figure 4.5(b), the SLP 

response associated with PC3 depicts a strong midlatitude–tropical link, marked by a 

sharp tri-polar meridional pressure gradient with statistically significant negative 

pressure anomalies in the mid-to-high latitudes of the cold Eurasia/North Atlantic and 

two separate positive anomaly centres situated over the adjacent warm western 

Pacific/Australia and Africa/South Atlantic. Since the subtropical jet stream is a 

thermally driven phenomenon, a weaker (stronger) thermal contrast or SLP gradient 

tends to favour (inhibit) the north-south excursions i.e. wave amplitude and waviness 

of the jet stream. In other words, an increased north-south meandering of the jet 

stream results in slower progression of weather systems and more frequent 

atmospheric blocking events that can lead to extreme weather events (Hassanzaded et 

al. 2014; Barriopedro and Garcia-Herrera 2006).  

The above results provide reasonable evidence that the west-east precipitation 

pattern across CSWA (represented as EOF-3) is potentially related to the longitudinal 

changes in the zonal velocity of the westerly jet stream that occurs in proportion to the 

temperature/pressure changes forced by the meridional gradient of the diabatic 

heating. In response to the anomalous surface heating, the geopotential height 

anomalies at 500-hPa (Figure 4.5(c)) and 200-hPa (Figure 4.5(d)) associated with PC3 

indicate a strong connection to the tropics with statistically significant positive height 

anomalies spanning the entire tropical region. Upstream of the Indian Ocean, an 

accompanying feature in the extratropical Northern Hemisphere is a less significant 

negative geopotential height anomaly pattern stretching from the North Atlantic to the 

Ural region, between positive anomalies positioned over the Mediterranean Sea and 

over southern Siberia. The tripolar pattern bears a close resemblance to the type 1 

Eurasian pattern (Barnston and Livezey 1987), the Scandinavian pattern (Bueh and 

Nakamura 2007; Liu et al 2014) or the Ural-Siberian blocking (Cheung et al., 2012). 

Here it is important to note that Liu et al. (2014) identified an important role of cold 

(warm) Indian Ocean SST anomalies in the formation and maintenance of the positive 

(negative) Scandinavian pattern during the winter months. 

In Figure 4.5(e), the regressed upper-tropospheric zonal wind anomalies 

associated with PC3 exhibit a weak westerly flow over North Africa and the Middle 

Eastern region. A zonally oriented band of positive (westerly) wind anomalies is 

observed at 60°N latitude that extends southeastwards over the Black Sea and the 
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Figure 4.5: As in Figure 4.3, but for PC3 time-series associated with EOF-3. 

Caspian Sea region into CSWA. In the tropical and subtropical central Pacific, the 

zonal wind anomalies are similar to those related to the warm phase of ENSO. 

Meanwhile, the 200-hPa meridional wind component in Figure 4.5(f) displays a 

prominent wave-like anomaly pattern with statistically significant centres of action 

encompassing much of the CSWA region.  

 

 
 
 

 

At the surface, the regressed 700-hPa wind field (Figure 4.5(g)) features a 

cyclonic centre at (60°N, 60°E) sandwiched between two large anticyclones that 



 109 

occupy most of the North Atlantic–European region in the west and central Siberia in 

the East. This pattern corresponds well to the extratropical positive-negative-positive 

anomaly centres of the Scandinavian pattern noted in the regressed height anomaly 

map shown in Figure 4.5(c). Here, the circulation response associated with the 

anticyclone over Europe and the cyclone over the Ural mountains generates a cold–

dry northerly flow over the western flank of the CSWA region, resulting in negative 

precipitation loadings over western CSWA that are consistent with the see-saw 

pattern depicted in Figure 4.2(c). On the other hand, a strong westerly flow is 

observed along the southern flank (~10°N to 20°N) of the CSWA region coming from 

Africa into the Arabian Sea, and extending up to central India and beyond. At the 

eastern periphery of the CSWA region (within the red box), the circulation pattern 

indicates a southerly flow into the eastern flanks of the CSWA region. This southerly 

flow from the Arabian Sea is associated with precipitation enhancing moist air 

advection into CSWA, consistent with the positive polarity of EOF loading pattern 

shown in Figure 4.2(c). 

 
 
 
4.6 Inter-decadal change of connection between the wintertime ENSO and 

EOF-1 
Here we focus on the inter-decadal change of the connection between ENSO 

and EOF-1 of CSWA winter precipitation variability. It has been established herein 

(Figure 4.3) and previously (Hoell et al. 2017) that the leading mode of CSWA winter 

precipitation is closely related to the ENSO phenomenon. Using the Niño-3.4 index as 

an indicator of ENSO, Figure 4.6(a) presents the interannual variability of the 

NDJFMA averaged Niño-3.4 index and the normalized PC time series (i.e. PC1) 

associated with EOF-1 for the period 1950/51–2014/15.  

The year-to-year variations in the Niño-3.4 index and PC1 display both same-

sign and opposite-sign changes during the analysis period. A close examination shows 

that opposite-sign variations often occurred during the period from the 1950s through 

the early 1980s, while same-sign variations appear to dominate after the mid-1980s.  

The sliding correlation between PC1 and the Niño-3.4 index with a 17-year 

window is shown in Figure 4.6(b). The impact of ENSO on EOF-1 variability is weak 

between 1950 and 1980, but strong and statistically significant after the mid-1980s. 
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Many previous studies [e.g., Kumar et al. 1999; Van Oldenborgh and Burgers 2005; 

Lopez-Parages and Rodriguez-Fonseca 2012; Jia and Ge 2017] have found a non-

stationary relationship between the surface climate and the ENSO teleconnections in 

different regions around the globe. These variations are often explained by changes in 

the background climate related to (i) the interdecadal variability of the midlatitude 

atmosphere (Gershunov and Barnett 1998; Diaz et al. 2001) (ii) the influence of 

global warming (Stevenson 2012; Cai et al. 2015) (iii) or by mere chance in which the 

low-frequency SST variations did not exert a modulating effect (Sterl et al. 2007). 

Since a similar change in the impact of ENSO teleconnection has been reported for 

CSWA (Hoell et al. 2017; Rana et al. 2018); therefore in the following two separate 

sub-periods are discussed, with one sub-period defined from 1950/51-1983/84 (P1) 

and the other from 1984/85-2014/15 (P2). 

 

 

 
  
 

Figure 4.6: (a) Time series of the wintertime (NDJFMA) Niño-3.4 index and the 

normalized PC1 time-series associated with EOF-1 during 1950/51–2014/15. (b) 

Sliding correlations between Niño-3.4 index and the PC1 time-series displayed at the 

central year of a 17-year window. The horizontal dotted lines in (b) indicates the 

correlation is significant at the 10% (0.41) and 1% (0.61) confidence level. 
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4.6.1 The EOF-1 associated global SST and large-scale atmospheric circulation 

anomalies in P1 and P2 

Regression maps of SST and SLP onto PC1 time series associated with EOF-1 

are examined for the two periods P1 and P2 and depicted in Figure 4.7. During P1, the 

SST anomalies linearly correlated with EOF-1 are weak (Figure 4.7(a)) while during 

P2 (Figure 4.7(b)) there is a clear SST anomaly contrast between the warm central-

eastern and cold western tropical Pacific Ocean, mimicking an El Niño–like structure. 

The regression map of SST (Figure 4.7(a)) and SLP onto PC1 (Figure 4.7(c)) shows 

that without the influence of ENSO, the atmospheric response anomalies in P1 are 

mainly constrained over the mid- to high-latitudes of the Northern Hemisphere; 

whereas a significant connection to the tropical Pacific is observed in P2 (Figure 

4.7(d)) indicating that ENSO has a closer and more persistent relationship with EOF-1 

after the 1980s.  
 

  

 

Figure 4.7: The regression maps of (a and b) SST and (c and d) SLP onto the PC1 
time series associated with EOF-1 for P1 [1950/51-1983/84] (Figure a and c) and P2 
[1984/85-2014/15] (Figure b and d). Solid (dashed) contours denote positive 
(negative) values and zero lines are omitted. The contour interval is 0.1°C in (a), (b); 
and 0.2 hPa in (c), (d). The light and dark shadings in the figures (a–d) indicate that 
the correlation coefficients are significant are significant at p<0.10 and p<0.01, 
respectively.  
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The EOF-1 related atmospheric circulations at the mid- and upper-tropospheric 

levels for the two sub-periods are depicted in Figure 4.8. The 500-hPa and 200-hPa 

regressed height anomalies associated with EOF-1 for P1 (Figure 4.8(a) and Figure 

4.8(c)) are analogous to those of SLP, dominated by a zonally oriented wave train-like 

pattern covering the entire extratropical Northern Hemisphere. Here, the most 

prominent features are the two dominant positive centres of action located over 

Western Europe and the mid-latitude Asian sector accompanied by an anomalously 

strong negative anomaly centre over western Russia, north of the Caspian Sea. This 

stationary wave structure of large-amplitude ridges and troughs is quasi-barotropic 

(Figure 4.7(c), Figure 4.8(a) and Figure 4.8(c)) and seems a reminiscent of the 

positive phase of the EA-WR teleconnection (Liu et al. 2014; Lim and Kim 2016; 

Gao et al. 2016) or the type 2 Eurasian pattern described in Barnston and Livezey 

(1987). This result shows that in P1, EOF-1 variability is more closely related to the 

Northern Hemisphere extratropical teleconnections rather than to tropical forcings. 

 

Figure 4.8: Regression maps of (a and b) geopotential height at 500-hPa and (c and 

d) geopotential height at 200-hPa SLP onto the PC1 time series associated with 

EOF-1 for P1 [1950/51-1983/84] (Figure a and c) and P2 [1984/85-2014/15]  

(Figure b and d). Solid (dashed) contours denote positive (negative) values and zero 

lines are omitted. The contour interval is 3 m in (a), (b); and 4 m in (c), (d). The light 

and dark shadings in the figures (a–d) indicate that the correlation coefficients are 

significant are significant at p<0.10 and p<0.01, respectively.  
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In P2, the atmospheric circulation anomalies that are related to EOF-1 are 

notably different in structure and source from that of P1. Pronounced positive height 

anomalies dominate the tropics in P2, accompanied by a Rossby wave train that 

emanates from the tropics to the extratropics in response to the El Niño-related 

forcing and produces both eastward- and westward-propagating stationary waves in 

the upper troposphere as described in Shaman and Tziperman (2016). An important 

feature apparent in 500-hPa (Figure 4.8(b)) and 200-hPa (Figure 4.8(d)) regressed 

height anomalies for P2 is that in addition to the extratropical barotropic wave 

response induced by the ENSO-related diabatic heating; two westward-propagating 

baroclinic waves, symmetric about the equator in both hemispheres, are much clearer 

and stronger in the recent P2 period than for the full-period relationship observed in 

Figure 4.3. A further comparison of the atmospheric circulation anomalies in Figure 

4.8 with those in Figure 4.3 suggest that in the full-period analysis (i.e., Figure 4.3) 

much of the strength of the barotropic signal appears to comes from the early P1 

period when CSWA precipitation is not related to ENSO. 

In a recent study on central Asia, Yin et al. (2014) indicated that both EA-WR 

and ENSO are related to the regional wintertime precipitation variability through 

changes in the winter westerly circulation flow and intensity. These changes can be 

seen clearly in the regressed zonal and meridional wind component anomalies 

obtained at 200-hPa for P1 and P2 in Figure 4.9. In P1, associated with the positive 

EA–WR phase noted in height anomalies, a westerly zonal anomaly flow appears 

over the CSWA region between 25°N to 45°N latitude (Figure 4.9(a)). 

Correspondingly, a large-scale wave train-like pattern can be seen embedded in the 

regressed meridional wind for P1 (Figure 4.9(c)) with maximum amplitude waves 

over the high latitude North Atlantic, Europe, and western Russia, with the structure 

quite similar to the EA/WR wave pattern observed in Figure 1d of Lim and Kim 

(2016). Here the combined effect of the upper-tropospheric zonal and meridional 

wind anomalies over CSWA creates an anomalous large-scale anticyclone-cyclone 

couplet at the surface (700-hPa, Figure 4.9(e)). This couplet exerts a strong 

meridional flow to the west of the CSWA region, accompanied by a weaker zonal 

flow to the south that appears to be coming from the Atlantic Ocean along the path 

across North Africa to CSWA between 25°N and 30°N latitude. The prevailing 

conditions result in a stronger surface cyclonic activity and an enhanced 

southwesterly flow over the CSWA region, bringing moisture from the Arabian Sea to 
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as far as the Atlantic. On the other hand in P2, the El Niño–related upper-tropospheric 

zonal wind circulation anomalies over CSWA are associated with the intensification 

and equatorward shift of the subtropical westerly jet stream (Figure 4.9(b)) and a 

conspicuous wave-like structure over the Atlantic-European sector in the meridional 

wind anomalies (Figure 4.9(d)). This pattern favours enhanced southwesterly winds 

and moisture advection into CSWA from the Arabian Sea and tropical Africa (Figure 

4.9(f)). 

 

Figure 4.9: Regression maps of (a and b) zonal winds at 200-hPa, (c and d) 
meridional winds at 200-hPa, and (e and f) wind vectors at 700-hPa onto the PC1 time 
series associated with EOF-1 for P1 [1950/51-1983/84]  (Figure a, c and e) and P2 
[1984/85-2014/15]  (Figure b, d and f). Solid (dashed) contours denote positive 
(negative) values and zero lines are omitted. The contour interval is 0.7 m/s in (a), (b); 
and 0.3 m/s in (c), (d). The light and dark shadings in the figures (a–d) indicate that 
the correlation coefficients are significant are significant at p<0.10 and p<0.01, 
respectively. 
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The results shown here indicate that the leading EOF mode of CSWA winter 

precipitation is associated with notably different circulation structures and sources of 

variability in P1 and P2. However, general characteristics of the large-scale 

circulation anomalies associated with EOF-1 in P2 share many similarities with those 

obtained for the full analysis period (1950/51-2014/15; Figure 4.3) discussed in 

section 4.5.1. A closer inspection, however, reveals some notable differences between 

the two periods most of which are confined locally over mid-latitude Eurasia. For 

example, the EOF-1 associated atmospheric circulation anomalies in the regressed 

SLP and geopotential height fields are more pronounced and significant at the 99% 

confidence level over the European mainland and CSWA region in the period 

1950/51-2014/15 (Figure 4.3(b) to (d)), compared to those in P2.  Also, the 200-hPa 

zonal wind anomalies for (1950/51-2014/15) period in Figure 4.3(e) exhibits a 

bifurcation of the westerly jet at approximately 30°N-58°E with one branch 

propagating southward of the CSWA region and the other northeastward over to 

southern Siberia and then towards north Japan. In P2 (Figure 4.9(a)) no such regional 

bifurcation is observed in the upper-level zonal wind anomalies, other than the El 

Nino–related southward displacement of the subtropical jet close to 28°N latitude. 

Furthermore, the regressed meridional wind anomalies depicted in Figure 4.3(f) 

displays a wave train pattern dominated by strong (significant at 99% confidence 

level) anticyclonic-cyclonic regional circulation centres over western Europe-CSWA 

region, in comparison to those observed in P2 (Figure 4.9(d)). 

Our analysis suggests that on the regional scale many of the above-noted spatial 

differences are a result of the extratropical teleconnection response observed in P1 

(i.e. 1950/51–1984/85); that without the ENSO signal, are constrained mainly over 

the mid-to-high latitudes of the Northern Hemisphere. However, with the significant 

inter-decadal change of the connection between ENSO and EOF-1 around the early 

1980s, the strong atmospheric circulation anomalies associated with extratropical 

processes (e.g. positive EA-WR pattern) in P1 are linearly superimposed by the 

anomalous atmospheric circulations forced by the warm ENSO conditions throughout 

the Northern Hemisphere in P2. In fact, the teleconnection pathway or the 

atmospheric bridge through which the aforementioned modes of climate variability 

influence the EOF-1 variability in P1 and P2 are quite similar in spatial structure and 

geographical position over much of Western Europe and Central Asia, as evidenced 

by the individual stationary barotropic Rossby wave pattern in Figure 4.8. This 
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feature likely favours the superposition of the atmospheric circulation anomalies in P2 

onto those observed over the mid-to-high latitudes in P1, resulting in a linearly 

combined atmospheric response which is similar to the one obtained for the full 

period (1950-51 – 2014/15) in Figure 4.3.  

The above results corroborate the findings of Hoell et al. (2014) who showed 

that the leading mode of CSWA winter precipitation is related to SST anomalies 

associated with the ENSO phenomenon. However, it has been identified in this study 

that in addition to ENSO the EA-WR pattern also contributed significantly to the 

variability of EOF-1; but it is the ENSO's response that appears more pronounced 

given its significant relationship with EOF-1 in recent years. 

 
 
4.6.2  The interdecadal change of ENSO-related circulations in P1 and P2. 

Many of the previous studies have reported that changes in ENSO 

characteristics since the late 1970s (Wang 1995; Gu and Philander 1997; An and 

Wang 2000) have affected the variability and predictability of the tropical-

extratropical teleconnections in the Northern Hemisphere, and their associated 

seasonal climate anomalies  (Larkin and Harrison 2005; Jia et al. 2014; Rana et al. 

2018; Hoell et al. 2018; Ahmadi et al. 2019).  Consistent with the research cited 

above, our results also demonstrate that the impact of ENSO on CSWA wintertime 

precipitation climate significantly increased after the mid-1980s. To support these 

findings, we briefly investigate the changes in ENSO-related circulation anomalies 

from P1 to P2, for which regression maps of SST, SLP, and Z200 onto Niño-3.4 index 

are generated and presented in Figure 4.10.  

Corresponding to a positive Niño 3.4 index, significant positive SST 

anomalies are observed over the tropical central-eastern Pacific Ocean along and 

negative SST anomalies in the Western Pacific for both P1 (Figure 4.10(a)) and P2 

(Figure 4.10(b)). Here the most notable difference in the ENSO-related SST 

anomalies is the increase in the strength of the tropical and extratropical Pacific SST 

anomalies in P2, with a sharp gradient in equatorial SST anomalies between the 

western and central Pacific Ocean. These results suggest that the enhanced SST 

anomaly contrast in the west Pacific Ocean, due to the increased SST anomalies in the 

western Pacific sector since the mid-1980s (as seen in Figure 4.10(b)) has contributed 

to the changes in the strength of ENSO teleconnections both globally and over 
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southwest Asia (e.g., Barlow et al. 2002; Hoell and Funk 2013; Hoell et al. 2014). 

 

 
Figure 4.10. The regression maps of (a and b) SST, (c and d) SLP and (e and f) 

geopotential height at 200-hPa onto Niño-3.4 index for P1 [1950/51-1983/84] 

(Figure a, c, and e) and P2 [1984/85-2014/15] (Figure b, d, and f). Solid (dashed) 

contours denote positive (negative) values and zero lines are omitted. The contour 

interval is 0.1°C in (a), (b); 0.2 hPa in (c), (d); and 5 m in (e), (f). The light and dark 

shadings in the figures (a–f) indicate that the correlation coefficients are significant 

at p<0.10 and p<0.01, respectively.  

 

 

Consistent with the SST anomalies spatial structure, the regression maps of 

SLP onto Niño-3.4 index for P1 (Figure 4.10(c)) and P2 (Figure 4.10(d)) resemble the 

Southern Oscillation pattern in the tropics, with significant anomalous negative SLP 

anomalies over the North Pacific Ocean for both the periods. Although similar in 

spatial distribution, the magnitude of SLP anomalies in P2 are comparatively stronger 

to those in P1, suggesting a more close relationship between the tropical Pacific SST 
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variability and the North Pacific atmospheric circulations in recent decades as 

reported in Jo et al. (2015) and Yeh et al. (2015). Additionally, the regression maps 

generated for the 200-hPa geopotential height fields display quite different height 

anomaly patterns over the Northern Hemisphere in P1 (Figure 4.10(e)) and P2 (Figure 

4.10(f)). As evidenced by the statistically significant circulation anomalies in the mid-

to-high latitudes of Asia, it is apparent that the strength of ENSO-induced 

atmospheric teleconnection increased substantially in P2. It is also worth noting that 

the ENSO-related atmospheric circulation anomalies in P2 (Figure 4.10(f)) are fairly 

similar to those obtained for EOF-1 in P2 (Figure 4.8(b) and Figure 4.8(d)), implying 

that in this period CSWA precipitation variability was strongly linked to the 

atmospheric teleconnection forced by ENSO. On the other hand, a clear difference 

exists between ENSO-forced (Figure 4.10(e)) and EOF-1 related circulation 

anomalies (Figure 4.8(a) and Figure 4.8(b)) in P1, suggesting that prior to the mid-

1980s CSWA precipitation was likely controlled by the non-ENSO modes. 

Based on the findings of the studies cited above and the results obtained here, 

it can be suggested that the possible mechanism that influenced the interdecadal 

changes of the relationship between ENSO and CSWA wintertime precipitation after 

the mid-1980s was related to the increased warming in the tropical western Pacific 

relative to the central Pacific Ocean.  

 
 
4.7 Summary and discussion 

 
In this study, we analysed the spatial-temporal variability of the leading three 

modes of CSWA winter precipitation for the period 1950/51 – 2014/15. We also 

investigated the relationship of these modes with the large-scale atmospheric 

circulations and the global SST. Results show that the first mode (Figure 4.2(a)) is 

characterised by a spatially coherent mono-sign structure over the entire domain. It 

represents the year-to-year variability of CSWA winter precipitation that includes a 

strong contribution of ENSO. The PC1 time-series is significantly correlated at the 

99% confidence level with both the observed wintertime precipitation (r = 0.93) and 

the Niño3.4 index (r = 0.49). El Niño–related Pacific SST anomalies produce an 

anomalous low pressure (trough) over CSWA via the equivalent barotropic and 

baroclinic atmospheric circulation response. These conditions favour a region-wide 
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precipitation-enhancing ascent resulting in an enhanced southwesterly moisture flow 

from the Arabian Sea and Indian Ocean basin (Figure 4.3(g)) that is responsible for 

positive precipitation loadings over CSWA. 

The second mode (Figure 4.2(b)) displays a meridional dipole structure with 

opposite variations in precipitation north-south of approximately 35°-37°N latitude, 

indicating a meridional shift in the position and/or intensity of the subtropical 

wintertime westerly jet over CSWA. The atmospheric circulation anomalies 

associated with EOF-2 (Fig. 4) are confined mainly over the mid-to-high latitudes of 

the Northern Hemisphere. It appears that this mode is influenced by a combination of 

teleconnection processes, including both extratropical and tropical (e.g. NAO, EA-

WR, Siberian High, ENSO, and others) that have been previously linked to the 

changes in the Northern Hemisphere storm track dynamics (Yin et al. 2014; Cohen et 

al. 2014, Lioubimtseva 2015) either directly or by way of partially modulating the 

strength of the concomitant teleconnections (Rana et al. 2018). Our results suggest 

that among other physical processes, the two underlying mechanisms that likely play 

a role in modulating the strength of the westerly circulation flow over CSWA is 

related to the westward extension of the Siberian High and the northwestward 

nudging of the NPO/WP pattern. While further analyses need to be done in this line, 

here it can only be hypothesised that the combined response of the two forcings 

(Figure  4.4(g)) directs the eastward propagating storm systems to a more southerly 

track, resulting in positive (negative) precipitation loadings on the southern (northern) 

side of the CSWA region.    

The third mode (Figure 4.2(c)) of CSWA winter precipitation is expressed as a 

west-east dipole pattern across the study region.  This mode is possibly related to the 

longitudinal variations in the mean structure and flow (ridges and troughs) of the 

subtropical jet stream over CSWA which in turn are closely linked to the magnitude 

of the meridional temperature/pressure gradient between the equatorial regions and 

higher latitudes. The most prominent spatial characteristics of the large-scale 

anomalies associated with EOF-3 are its strong and statistically significant 

relationship with the tropical Ocean SSTs and a clear midlatitude-tropical link in the 

atmospheric circulation anomalies (Figure 4.5). Another distinct feature in the 

extratropical Northern Hemisphere is a tripolar structure similar to the type 1 Eurasian 

pattern or the Scandinavian pattern. It is likely (in agreement with Liu et al. 2014), the 

observed pattern is related to the significant (99% confidence level) SST anomalies 
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observed in the tropical Indian Ocean (Figure 4.5(a)).  The air-sea interaction is 

through a well-organized wave train located upstream of the Indian Ocean that forms 

an anomalous anticyclone-cyclone couplet over Europe and the Ural region (Figure 

4.5(g)), resulting in regional precipitation changes over the western and eastern flanks 

of CSWA. 

In this study, we also investigated the inter-decadal change of connection 

between ENSO and the first EOF mode of CSWA winter precipitation for two sub-

periods, 1950/51-1983/84 (P1) and 1984/85-2014/15 (P2). Using the Niño-3.4 index 

as an indicator of ENSO, the sliding correlation between PC1 and the wintertime 

Niño-3.4 index showed that the impact of ENSO on EOF-1 was weak in P1; but 

strong and statistically significant in P2 (Figure 4.6). Notable differences were 

observed in the climate anomalies associated with EOF-1, before (P1) and after (P2) 

the 1980s. In P1, the EOF-1 related atmospheric circulation anomalies are confined 

over the mid- to high-latitudes of the Northern Hemisphere and are characterised by a 

large-scale zonally oriented quasi-barotropic Rossby wave structures with distinct 

centres of action over the European continent, Western Russia and East Asia, similar 

to the positive phase of the EA-WR teleconnection (Figure 4.7 and Figure 4.8). In P2, 

significant El Niño–type SST anomalies are observed over the tropical Pacific Ocean 

with anomalous atmospheric circulations extending throughout the Northern 

Hemisphere (Figure 4.7). The underlying teleconnection mechanisms are fairly 

similar in spatial structure and impact area to those associated with EOF-1 for the full 

analysis period (1950/51-1983/84; Figure 4.3).  

It is a noteworthy finding that even though the large-scale climate anomalies 

associated with EOF-1 display markedly different characteristics in P1 and P2, the 

teleconnection pathway through which EA-WR and ENSO impact the regional 

climate of CSWA are quite similar for both the sub-periods. Based on the results 

presented herein, it can be suggested that the EOF-1-related atmospheric circulation 

anomalies that appeared to be forced by El Niño conditions in the full analysis period 

(1950/51-1983/84) are likely a linear superimposition of atmospheric circulations 

associated with the extratropical EA-WR pattern in P1 by those associated with El 

Niño in P2. Detailed identification of the dynamical causes related to the inter-decadal 

change of connection between ENSO and the first EOF mode of CSWA winter 

precipitation is beyond the scope of the present study. Nonetheless, to gain insights on 

the possible mechanisms that may have contributed to this change were briefly 
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examined (Figure 4.10). Consistent with the findings of some of the previous studies, 

our results demonstrated that the strong SST anomaly gradient between the western 

and the central Pacific Ocean played a significant role in forcing anomalous ENSO-

related atmospheric response over the CSWA region. 

The study improves our understanding of CSWA’s wintertime precipitation 

climate and its relationships with the large‐scale global and regional 

teleconnections. These findings have important implications for CSWA, given the 

fact that an improved understanding of the impact and role of the dominant forcings 

can eventually lead to improvements in the seasonal predictive skill of the regional 

precipitation. However, a closer investigation into the role of Siberian High and the 

NPO pattern in modulating the atmospheric circulation over CSWA would be 

desirable to support some of the physical mechanisms proposed in the study. 
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5.1 Abstract 
 
Central southwest Asia (CSWA; 20° –47°N, 40° –85°E) is a water-stressed region 

prone to significant variations in precipitation during its winter precipitation season of 

November–April. Wintertime precipitation is crucial for regional water resources, 

agriculture, and livelihood; however, in recent years droughts have been a notable 

feature of CSWA interannual variability. Here, the predictability of CSWA 

wintertime precipitation is explored based on its time-lagged relationship with the 

preceding months’ (September–October) sea surface temperature (SST), using a 

canonical correlation analysis (CCA) approach. For both periods, results indicate that 

for CSWA much of the seasonal predictability arises from SST variations in the 

Pacific related to El Niño–Southern Oscillation (ENSO) and the Pacific decadal 

oscillation (PDO). Additional sources of skill that play a weaker predictive role 

include long-term SST trends, North Atlantic variability, and regional 

teleconnections. CCA cross-validation skill shows that the regional potential 

predictability has a strong dependency on the ENSO phenomenon, and the 

strengthening (weakening) of this relationship yields forecasts with higher (lower) 

predictive skill. This finding is validated by the mean cross-validated correlation skill 

of 0.71 and 0.38 obtained for the 1980/81–2014/15 and 1950/51–2014/15 CCA 

analyses, respectively. The development of cold (warm) ENSO conditions during 

September–October, in combination with cold (warm) PDO conditions, is associated 

with a northward (southward) shift of the jet stream and a strong tendency of negative 

(positive) winter precipitation anomalies; other sources of predictability influence the 

regional precipitation directly during non-ENSO years or by modulating the impact of 

ENSO teleconnection based on their relative strengths. 

 
 

5.2 Introduction 
Central southwest Asia (CSWA), bounded by the domain 20° –47°N; 40° –85°E 

(Figure 5.1), comprises a region that is water-stressed and societally vulnerable 

(Barlow and Tippett 2008). Characterised by semiarid to arid climate, the complex 

topography of CSWA plays a dominant role in the seasonal and regional distribution 

of precipitation (Rana et al. 2017). A large part of the region lies beyond the usual 

reach of the Indian summer monsoon and receives most of its annual precipitation 
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during winter and early spring season [November–April (NDJFMA); see Figure 

5.2(c) herein] associated with eastward-propagating midlatitude cyclones (Martyn 

1992). The winter precipitation, which mostly falls as snow over the mountain ranges 

and as rainfall in sub-mountainous and low elevation plains, is of major importance 

for local water resources, agriculture production, industrial needs, and livelihood. 

 

 
Figure 5.1:Topography (km) of central southwest Asia (CSWA) region. 

CSWA winter precipitation displays considerable interannual variability (Figure 5.2 

(a)) with frequent and notable droughts (Mariotti 2007; Barlow et al. 2016). For 

example, CSWA has experienced two catastrophic droughts in 1999–2001 (Barlow et 

al. 2002, 2016) and 2007/08 (Trigo et al. 2010; Hoell et al. 2012) that adversely 

affected the region’s water supplies, crops, food supplies, livestock, and quality of 

life, and further resulted in large population migration and political instability 

(Agrawala et al. 2001; Gall 2008). Evidence indicates that prolonged periods of 

suppressed winter precipitation over CSWA are related to negative sea surface 

temperature (SST) anomalies in the central, eastern tropical, and eastern extratropical 

Pacific in combination with positive SST anomalies in the warm tropical and 

extratropical western Pacific Ocean (Barlow et al. 2002; Hoerling and Kumar 2003; 

Hoell et al. 2015a). The physical mechanism connecting the western Pacific 

convection and SST anomalies with CSWA precipitation is through modification of 

the regional circulation by means of exciting baroclinic (Barlow et al. 2002, 2005; 

Hoell et al. 2012) and barotropic (Hoell et al. 2013) stationary Rossby waves over 

CSWA.  
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Links between CSWA winter precipitation and Maritime Continent convection 

have also been explored. An observational study by Lau and Boyle (1987) showed 

that the extratropical circulation is more sensitive to convection and heating over the 

Maritime Continent than to convection over the central Pacific. It has been noted that 

enhanced Maritime Continent convection leads to upper-level divergence and a 

southerly flow into the subtropical Northern Hemisphere (Tippett et al. 2003), 

resulting in strong anticyclonic circulations over the CSWA region (Liebmann 1987). 

Recently, Barlow et al. (2005) and Hoell et al. (2012, 2015a) reported that enhanced 

(reduced) convection over the eastern Indian Ocean and Maritime Continent excites 

warm (cold) core anticyclones (cyclones) over southwest Asia, resulting in suppressed 

(enhanced) wintertime precipitation over the CSWA region. 

Figure 5.2: (a) Area-averaged winter season (November-April {NDJFMA}) 

standardized precipitation anomaly, (b) Spatial distribution of winter season 

precipitation (mm/day), and (c) Precentage contribution of NDJFMA precipitation to 

the total annual precipitation over CSWA for 1950/51 – 2014/15. 
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The above findings provide strong evidence that CSWA precipitation is strongly 

linked to tropical Pacific forcing, with circulation anomalies influencing the regional 

precipitation through changes in moisture transport (Barlow et al. 2002; Mariotti 

2007; Barlow and Tippett 2008; Hoell and Funk 2013; Kar and Rana 2014). These 

linkages suggest the possibility of potential predictability over CSWA and can form 

an important basis for predicting seasonal climate anomalies over the region at both 

intraseasonal and interannual time scales (Tippett et al. 2003, 2005; Barlow et al. 

2005, 2016). Nonetheless, very few assessments have been reported that explore the 

predictability of the observed seasonal precipitation anomalies over CSWA using 

these relationships.  

The objective of this study is to determine whether the above-discussed linkages 

are statistically robust enough to provide skillful seasonal prediction of CSWA 

wintertime precipitation anomalies via timelagged relationships between the regional 

wintertime (NDJFMA) precipitation and the SST variability in the preceding months 

(September–October). To explore this, we develop a statistical prediction model 

based on the canonical correlation analysis (CCA) approach.  

CCA is a multivariate statistical technique that has been widely used in 

atmospheric sciences, mostly for the purpose of identifying linearly related patterns of 

variability between two datasets (predictors and predictands) by maximizing the 

temporal correlation between them (Barnett and Preisendorfer 1987; Bretherton et al. 

1992; Barnston and Smith 1996; Yu et al. 1997; Tippett et al. 2008). The reason for 

considering CCA over other statistical techniques is its ability to operate on full fields 

and to objectively define the most highly related patterns of predictor and predictand 

(Barnett and Preisendorfer 1987). Moreover, CCA gives an extensive set of 

diagnostics that offer useful insights into the physical basis of the relationships used 

to form the predictions (Barnston et al. 1996). 

The outline of the study is arranged as follows. In section 5.3, we present the 

datasets and a brief discussion on the methods of analysis, including the CCA 

statistical technique. The choice of potential predictor and CCA prediction results are 

discussed in section 5.4, followed by the large-scale teleconnection dynamics in 

section 5.5. Finally, section 5.6 summarizes our major findings. 
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5.3 Materials, Method of analysis and prediction model development 

 
5.3.1 Materials 
 

1. Observed precipitation  

Monthly gridded observational precipitation data are obtained from the Global 

Precipitation Climatology Centre (GPCC) full data reanalysis version 7 (Schneider et 

al. 2014). The data are available from http://gpcc.dwd.de for the period 1901–2013 at 

0.5°, 1.0°, and 2.5° latitude– longitude resolutions. The current analysis uses 0.5° data 

from 1950 to 2013. In addition to the GPCC data, the Climatic Research Unit (CRU) 

time series (TS) version 3.24.01 monthly gridded precipitation records are available 

from https://crudata.uea.ac.uk/cru/data/. The dataset covers the period 1901–2015 at a 

0.5° resolution (Harris et al. 2014). Here data from 1950 to 2015 are used. Figure 

5.2(a) shows the CSWA winter season (NDJFMA) precipitation time series calculated 

as the area average of standardized precipitation anomalies from each of the GPCC 

(1950/51–2012/13) and CRU (1950/51–2014/15) datasets. Because of the sparseness 

of ground-based measurements in CSWA, the accuracy of gridded precipitation 

datasets is limited over much of this region (Barlow and Tippett 2008; Rana et al. 

2015). However, a recent analysis by Rana et al. (2017) showed that in this region 

GPCC precipitation estimates are more realistic and reliable compared to some of the 

currently available observational datasets including CRU. Therefore, for our analysis 

GPCC precipitation records are used from 1950 up to 2013 and CRU data thereafter. 

The spatial maps of the CSWA wintertime precipitation climatology and its seasonal 

percentage contribution to the total annual precipitation for the analysis period 

(1950/51–2014/15) are shown in Figure 5.2(b) and Figure 5.2(c), respectively. More 

details, including CSWA winter precipitation regimes and performance assessment of 

various available gridded precipitation datasets (observations, reanalysis, and 

satellite-derived data), can be found in Rana et al. (2017). 

 

2. SST data  

The global monthly observed SST (°C) data were obtained from the Extended 

Reconstructed Sea Surface Temperature (ERSST) analysis version 5 (Huang et al. 

2017). This dataset is produced on a fixed 2° latitude– longitude resolution, available 
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from https://www.esrl. noaa.gov/psd/data/gridded/data.noaa.ersst.v5.html for the 

period 1854 to the present.  

 
 

3. Reanalysis winds  

Monthly zonal and meridional components of winds (m s-1) at 300, 500, and 

850 hPa were taken from the European Centre for Medium-Range Weather Forecasts 

(ECMWF) interim reanalysis (ERA-Interim; http:// rda.ucar.edu/datasets/ds627.0/). 

The ERA-Interim data are available from 1979 to the present, at 37 atmospheric 

levels and different horizontal resolutions (0.25°, 0.75°, and 1.5°) for the entire globe 

(Dee et al. 2011). Here we use 0.75° wind field data. 

 
 
 
5.3.2 Methodology  

 
The relationship between CSWA year-to-year wintertime (NDJFMA) 

precipitation variations and the global precursor field [mean SST (September–

October)] is examined using covariance analysis. Note that the lagged relationship 

signal between CSWA winter precipitation and September–October mean SSTs was 

slightly stronger in comparison to that with August–October mean SSTs. Here, 

covariance between the predictor and predictand field is calculated using the 

following equation:   

 

        5.1 

 
where xi and yi are the ith value of the predictor and predictand field; and  and are 

their respective means calculated using equation 3.2 described in Chapter 3, for n 

number of data points.  

 

The statistical significance of the computed covariance matrix is assessed at 

each grid point at 95% (p-value<0.05) confidence level using the F statistics formula 

given by: 

  

COVxy =
(xi −

i=1

n

∑ x)(yi − y)

n−1

x y
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          5.2 

 
where  and are the standard deviations of the predictor or predictand fields that 

can be calculated using equation 2.2 discussed in Chapter 2. Note: the numerator        

( ) is always the larger of the two variances. 

 

The spatial covariance map result helps to isolate the dominant predictive 

signatures that are important for CSWA precipitation variations, and can potentially 

be used in the construction of the CCA prediction scheme. 

 
 
 
5.3.3 Prediction model development  

CCA is a multivariate statistical technique that computes linear combinations of 

a set of predictors that maximizes relationships, in the least squares sense, to the 

similarly calculated linear combinations of a set of predictands (Barnston and 

Ropelewski 1992). In the simplest sense, the aim of CCA is to find the most highly 

correlated patterns between the predictor and predictand fields. The linear 

combinations are called canonical variates, and the correlation between the pairs of 

canonical variates is referred to as the canonical correlation. More details on CCA can 

be found in Barnett and Preisendorfer (1987), Yu et al. (1997), and Marzban et al. 

(2014). Extensive treatment of the mathematical basis of CCA is provided in Graham 

et al. (1987). 

In this study, CCA experiments are performed for two sets of time periods, 

1950/51–2014/15 (65 yr) and 1980/81–2014/15 (35 yr), using the SST anomaly as the 

predictor dataset and the CSWA wintertime precipitation anomaly as the predictand. 

The choice of SST as a predictor is based on the rationale that the slow timescale 

response of the oceans constitutes an important source of predictability at various 

time scales ranging from seasonal to interannual (Barnston and Smith 1996). Prior to 

conducting CCA, the predictor and the predictand matrices are standardized and 

orthogonalized using the standard EOF analysis technique discussed in detail in 

Chapter  2. In this case, the EOF analysis reduces the large dimensionality of the 

original data matrices by retaining a limited number of EOF modes, and helps to 

avoid overfitting. In addition, incoherent variability (noise) is also filtered out since 

F = S
2
1

S22

S1 S2

S1
2
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EOF analysis focuses mostly on the dominant patterns of variability within each input 

dataset. As there is no universally agreed procedure for determining how many EOF 

modes should be retained (Yu et al. 1997), the number retained here is such that the 

maximum variance explained by the chosen number of modes is 85% for the predictor 

and 75% for predictand. Based on this, the leading 22 (15) EOFs of the predictor and 

21 (13) EOFs of the predictand matrices are used for the period 1950/51–2014/15 

(1980/81–2014/15), respectively. The EOF time components are cross-correlated and 

the resulting cross-correlation matrix is diagonalized to determine the maximal 

(canonical) correlations and associated canonical variates. Further, a simple linear 

regression model is constructed that relates the predictand canonical variates to the 

predictor canonical variates (Wilks 1995) and forecast skill assessment is undertaken 

using the leave-one-out cross-validation approach, wherein each year in the time 

series is held out in turn and the remaining years are used for developing the CCA 

model. 

 
The mathematical development of the CCA prediction model is as follows:  
 

 
Assuming that Xm,t and Yo,t are the matrices for predictor and predictand where 

m and o are the number of grid boxes for the predictor and predictand, respectively, 

and t is the number of years. Performing EOF analysis on Xm,t and Yo,,t leads to 

 
         5.3 

 
         5.4 

where Em,m and Eo,o represent spatial EOF modes computed for the predictor and 

predictand matrices, respectively, and Tm,t and To,t are their time coefficients. 

 
In equations (5.3) and (5.4) we approximate X and Y using fewer EOF modes. 

Therefore, using the process of pre-orthogonalization the first i modes for X and j 

modes for Y are selected. The transformed canonical variables Z and W are defined as 

the linear combination of canonical vectors (canonical loadings) u and v, 

 

,   and             5.5 
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The basic idea behind forecasting using CCA is the simple linear regression between 

the canonical variables obtained from equation (5.5). The simple linear regression 

relates the canonical predictand W to the predictor canonical variable Z, 

 
  𝑤! = 𝛽!,! +   𝛽!,!𝑧!                                               q=1…..Q                  5.6 

 
In equation (5.6), the estimated regression coefficients are indicated by β. Q is the 

number of canonical variables. The equation is solved using simple least square 

methods as the canonical variables are independent of each other. Therefore, the 

regression coefficients can be estimated as follows, 

 

 

β̂1,q =
nCov(zq,wq )
nvar(vm )

=
nszswrz,w
nsz

2 = rz,w = rCq ,                      q=1…..Q  5.7 

 

,                      q=1…..Q               5.8 

 

In the equation the intercept term becomes zero as the mean of the canonical variables 

is zero, because they are centred to mean zero. The 𝑟!!are the canonical correlations 

between the canonical variables Z and W. Therefore, the estimates of the canonical 

predictand can be obtained using equations (5.6), (5.7), and (5.8) as: 

 

          5.9 

 

Here AQQ is the diagonal matrix of correlation between the canonical variables known 

as the matrix of canonical correlation of order Q × Q, where Q = minimum (i, j).  

 
 
The prediction equation (5.9) for lead time t+l can be rewritten as: 
 

                                                                                   5.10 
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Using the orthogonalilty characteristics of EOF modes, equations (5.3) and (5.4) can 

be written as: 

 
Ti,t = (Em,i !) Xm,t                            5.11 

 

                                    5.12 

 

Using equations (5.11) and (5.12), Tj,t+1 can thus be transformed back to predictand 

values as: 

 

                                                                  5.13 

 
For the two CCA experiments performed in this study, the above developed 

prediction model is verified using a leave-one-out cross-validation approach and a 

cross-validated CSWA wintertime precipitation forecast time series is generated for  

the periods 1950/51–2014/15 (65 yr) and 1980/81–2014/15 (35 yr) separately.  

Detailed model validation is carried out for the 1980/81– 2014/15 prediction 

experiment, for which dry (negative precipitation anomalies) and wet (positive 

precipitation anomalies) years are identified in the area-averaged time series using the 

bottom and top 20 percentiles, respectively. The seven driest years (1983/84, 1988/89, 

1998/ 99, 1999/2000, 2000/01, 2007/08, and 2010/11) and seven wettest winter 

precipitation years (1980/81, 1981/82, 1986/87, 1992/93, 1995/96, 1997/98, and 

2004/05) are selected. Three verification statistics: 1) mean bias, 2) root-mean-square 

error (RMSE), and 3) temporal anomaly correlation between forecast and observed 

precipitation anomalies are computed using the methods described in Chapter 2 and 

Chapter 3. The model’s predictive skill is evaluated for out-of-sample prediction 

against a null/climatology model (mean rainfall) and memory/persistence model (last 

year’s rainfall as this year’s prediction using the following skill score (SS): 

 

       and                  5.14 
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where MSE is the mean square error computed using forecasts for CCA (MSECCA), 

Climatology (MSEClim), and Persistence (MSEPers) models. 

 

 

                  5.15 

 

                             5.16 

 

                  5.17 

 
Oi and Fi are the observed and cross-validated predictand value at time i, respectively. 

Oi-1 is the observed predictand value at the previous time (i-1), and is the observed 

predictand climatology for n number of years. 

 
Furthermore, for a better understanding of the dynamic precursors that lead to 

wintertime precipitation variations over CSWA, concomitant seasonal mean 

circulation anomalies are examined at different levels (300, 500, and 850 hPa) for the 

aforementioned dry and wet year composites. 

 
 
5.4 Results 

 
5.4.1 Potential predictors 

To explore the seasonal lead–lag relationships between September–October 

SST variability and CSWA winter (NDJFMA) precipitation, a spatial covariance map 

is generated to isolate the large-scale coupled patterns of linear variability between 

the two variables. Previous work has identified that one of the most dominant 

perturbations responsible for CSWA interannual precipitation variations is related to 

ENSO (Barlow et al. 2002; Mariotti 2007; Hoell et al. 2014a,b, 2017). However, other 

modes of variability such as the North Atlantic Oscillation (NAO) (Cullen et al. 2002; 

Filippi et al. 2014; Kar and Rana 2014), the east Atlantic–western Russia (EAWR) 

pattern (Yin et al. 2014; Krichak et al. 2014), the Madden–Julian oscillation (MJO) 

(Barlow et al. 2005; Hoell et al. 2012), Pacific decadal variability (PDV), and long-
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Figure 5.3: Covariance map between CSWA winter precipitation (mm/day) and the 

preceding months (September-October) mean SST (°C) for 1950/51 – 2014/15. 

Stippling indicates covariance significant at 5% level (F-statistics). 

term change in global sea surface temperatures (Hoell et al. 2015b) have also been 

linked to CSWA precipitation variations at various time scales. 

In Figure 5.3 the lagged covariability pattern between CSWA precipitation and 

SSTs between 35°S and 50°N strongly resembles the El Niño–Southern Oscillation 

(ENSO) pattern (Deser et al. 2010; Johnson 2013). The spatial pattern reveals that 

enhanced (reduced) wintertime precipitation anomalies over CSWA are related to a 

warm (cold) central, eastern tropical, and eastern extratropical Pacific Ocean in co-

occurrence with cold (warm) western tropical and western extratropical Pacific 

Ocean. The large-amplitude pattern of zonally strong positive SST anomalies across 

two-thirds of the equatorial Pacific Ocean, flanked by relatively strong negative 

anomalies in the western Pacific and eastern Indian Ocean, reinforces the finding that 

ENSO-related Pacific SST forcing is one of the primary causes of CSWA wintertime 

precipitation variations (Barnston and Smith 1996; Hoerling and Kumar 2003; Hoell 

et al. 2014a). 

 
The distribution of weaker positive SST anomalies on the eastern side of the 

tropical Atlantic Ocean along with statistically significant negative SST anomalies 

southeast of Newfoundland is characteristic of an NAO pattern (Cassou et al. 2004; 

Czaja and Frankignoul 2002). This result suggests that the negative (positive) phase 



 135 

Figure 5.4: Sliding correlation between CSWA winter precipitation anomalies and 

(September-October) Niño-3.4 (solid line) and NAO (dotted line) index on 17-year 

window. Values are plotted at the centre of each 17-year period and statistical 

significance at 10% and 1% confidence level is achieved by two tailed Student’s t-

test for correlations greater than 0.41 and 0.61, respectively, indicated by 

horizontal dashed lines.  

of the NAO is associated with increased (reduced) winter precipitation activity over 

CSWA. Evidence also suggests that the positive (negative) NAO phase is associated 

with more meridional (zonal) surface winds and storm tracks in the North Atlantic 

sector, resulting in cool/dry (warm/ wet) winters in the Mediterranean region and into 

the Middle East (Cullen and deMenocal 2000; Aizen et al. 2001).  

Based on the above, we infer that CSWA winter precipitation is influenced by 

both ENSO-related SST forcing and Atlantic Ocean variability modulated by the 

NAO. However, in a recent study Hoell et al. (2017) noted that the long-term (1901–

2012) relationship between wintertime ENSO and CSWA precipitation has varied in 

strength throughout time. To explore this, in Figure 5.4 we compute the 17-yr sliding 

correlation between CSWA winter precipitation and the preceding months’ 

(September–October) Niño-3.4 and NAO index (available at 

https://www.esrl.noaa.gov/psd/ gcos_wgsp/Timeseries/) using equations (4.3 and 4.4) 

described in Chapter 4.  

 
As illustrated by the temporal fluctuations in Figure 5.4, the Niño-3.4 (NAO) 

influence on CSWA precipitation strengthened to (weakened from) a statistically 

significant level around the early 1980s and continued to increase (decrease) 
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thereafter. Given the notable change in the relationships among CSWA precipitation, 

Niño-3.4, and the NAO, two separate time periods, 1950/51–2014/15 (65 yr) and 

1980/81– 2014/15 (35 yr), are considered to test the robustness of the CCA prediction 

approach adopted here. 

CCA-based forecasts are typically sensitive to the choice and size of the predictor 

domain (Recalde-Coronel et al. 2014). Therefore, to test the sensitivity of our 

prediction model CCA experimental runs were conducted using different predictors 

[outgoing longwave radiation (OLR), upper-level winds, and SST] along with a 

combination of predictor domains that included the Indo-Pacific, Pacific, and the 

Atlantic Ocean domains. See Appendix for more details on the individual CCA 

experiments and model performance scores on the addition/removal of predictors 

used over different predictor domains [for e.g., OLR (Indo-Pacific domain: 25˚S-20˚N 

and 100˚E-208ºE) and SST (North Pacific domain: 10˚S-38˚N and 128˚E-280ºE)]. 

The highest overall skill (domain average) was achieved for the quasi-global (40°S–

55°N, all longitudes) SST predictor domain that we use as input in the CCA model 

predictions described below. As mentioned previously, the CCA technique finds 

canonical variate pairs with the highest possible Pearson’s correlation coefficient. The 

respective canonical variate values, known as loadings, measure the contribution of 

the corresponding original variable to the transformed canonical variate (Marzban et 

al. 2014). Examination of these loadings often helps in deriving a meaningful 

interpretation of the physical processes related to that canonical variate pair. In the 

following section, we interpret the physical meaning of the loading patterns and the 

corresponding amplitude time series generated for the leading two modes of 

maximally correlated canonical variate pairs in our predictor and the predictand 

matrices. 

 
 
 
5.4.2 CCA maps 

The spatial predictor–predictand loadings for the first two CCA modes and the 

associated canonical component time series for the period 1950/51–2014/15 and 

1980/81–2014/15 are displayed in Figure 5.5 and Figure 5.6, respectively. Previous 

work has identified that the main sources of predictability on the seasonal and 

interannual time scales come from the long-term trends in SSTs and the ENSO 

(Barnston and Smith 1996; Goddard et al. 2001). Here, the first predictor mode 
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Figure 5.5: The Predictor (September-October: SSTs) and Predictand (NDJFMA: 

CSWA precipitation) loading patterns for CCA-Mode1 (a and b); Mode-2 (c and d); 

and the corresponding canonical component normalized time series (SST: dotted, 

Precipitation: solid) for 1950/51 – 2014/15. 

(Figure 5.5(a)) for the period 1950/51–2014/15 explains 27% of the domain variance 

and exhibits broad positive SST loadings over the tropical Pacific and along the west 

coast of North America accompanied by negative SST anomalies in the central and 

western North Pacific. The spatial structure resembles the ENSO-like decadal 

variability of Zhang et al. (1997), a global signature of the Pacific decadal oscillation 

(PDO) described in Newman et al. (2016). This mode also features a distinct warming 

of the southern oceans as indicated by the like-signed positive SST anomalies mainly 

south of the equator and negative SSTs in the central North Pacific and the North 

Atlantic. A similar SST warming trend has been reported in Shabbar et al. (2011) and 

Smith and Reynolds (2003). 

 

The leading predictand loading pattern of CSWA winter precipitation (Figure 

5.5(b)) accounts for 19% of the total domain variance and is characterised largely by a 
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west–east precipitation dipole pattern. Given the anomalous temperature gradient of 

the tropical and the Northern Hemisphere midlatitude SSTs seen in Figure 5.5(a), the 

west– east precipitation loadings could possibly be related to the shift in the mean 

structure and flow (troughs and ridges) of the Rossby waves associated with the 

subtropical jet stream over CSWA. The corresponding canonical component time 

series associated with CCA mode 1 (Figure 5.5(e)) have a high correlation coefficient 

of 0.95. The time series indicate a moderate amount of year-to-year variability 

superimposed by the influence of the long-term changes in CSWA winter 

precipitation related to the SSTs in the heavily loaded regions.  

The second CCA mode (Figure 5.5(c)) explains 20% of the total domain 

variance and is associated with the overall warming of the global oceans over the 

period 1950/51–2014/15, with three distinct areas of significantly warm SST 

anomalies. Evidence suggests that the global oceans were significantly cooler than 

average prior to mid-1970s, followed by the abrupt warming of the Indian Ocean, the 

western Pacific, and the Atlantic in the following decades (Compo and Sardeshmukh 

2010; Hoell and Funk 2014; McGregor et al. 2014; Hoell et al. 2017). The associated 

mode-2 canonical component time series (Figure 5.5(f)) captures the above features 

with a slight cooling trend from 1950 to 1973 and a warming influence thereafter. The 

rapid rise post-1999 is probably associated with the prominent warming of the 

western Pacific and the Atlantic Ocean [see Figure 5 in Hoell and Funk (2014)]. The 

mode-2 predictand loading pattern (Figure 5.5(d)) explains 16% of the total variance 

and is fairly similar to the west–east precipitation dipole structure displayed in Figure 

5.5(b) for mode 1. The similarity between the two modes indicates that the changes in 

CSWA winter precipitation are also related to the global SST trends. 

As seen in Figure 5.6(a), the leading SST-predictor mode for the period 

1980/81–2014/15 is dominated by an ENSO like response with extensive negative 

SST loadings covering a wide region of the central and eastern Pacific accompanied 

by positive SST anomalies in the western Pacific sector. This mode explains 27% of 

the total domain variance. Notably, the strongest negative SST anomalies occur along 

a narrow band that extends southwestward off the North American coastline and in 

the equatorial central Pacific region that includes the Niño-3.4 domain (58S–58N, 

1708–1208W). In this polarity, the SST loadings manifest features that have a 

resemblance to the cold phase of the Pacific decadal variability (Barlow et al. 2001) 

combined with the recent prevalence of central Pacific La Niña events relative to the 
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eastern Pacific La Niña events (Lee and McPhaden 2010). This scenario also includes 

the NAO-like signature in the North Atlantic (Robertson et al. 2000) and a dipole with 

weak centers of opposite-signed SST anomalies over the tropical western and 

southeastern Indian Ocean, with some similarities to the Indian Ocean dipole (IOD) 

(Saji et al. 1999). 

 

 

 
 

The leading predictand loading pattern of CSWA winter precipitation (Figure 

5.6(b)) accounts for 23% of the total variance and is characterised by a monopole 

pattern with large negative loadings over Iran, Afghanistan, Pakistan, and 

northeastern parts of Arabian Peninsula. The spatial features exhibit a close similarity 

to the precipitation deficit anomaly map associated with the recent extreme droughts 

Figure 5.6: The Predictor (September-October: SSTs) and Predictand (NDJFMA: 

CSWA precipitation) loading patterns for CCA-Mode1 (a and b); Mode-2 (c and d); 

and the corresponding canonical component normalized time series (SST: dotted, 

Precipitation: solid) for 1980/81 – 2014/15. 
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over the CSWA region [see Figure 1 in Barlow et al. (2016)]. It appears that the 

strong loadings are concentrated over regions that are most sensitive to the 

modifications in winter season precipitation amount influenced by the SST variations 

discussed above. Notably, the region with the largest same-sign loadings is the region 

with maximum winter-fraction precipitation (Figure 5.2(c)). The canonical 

component time series (Figure 5.6(e)) associated with this mode exhibit a very high 

correlation coefficient of 0.99 and contains both interannual and decadal variability, 

with an increased frequency of positive anomalies evident after the mid-1990s. 

Mantua and Hare (2002) reported that from 1976/77 through at least the mid-1990s 

the PDO exhibited a warm (i.e., positive) phase, which is typically associated with 

enhanced frequency of El Niño events (Verdon and Franks 2006) and an increase in 

CSWA regional precipitation (Mariotti 2007; Rana et al. 2017). However, from 1999 

onward a negative phase of PDO occurred, which was in line with the increased 

frequency of La Niña events and an increase in the occurrence of drought episodes 

over CSWA (Hoell and Funk 2014; Lyon et al. 2014).  

The second CCA mode for the period 1980/81–2014/15 shown in Figure 5.6(c) 

shows a zonal anomaly pattern of strong positive SST anomalies spanning the tropical 

equatorial Pacific extending from the west coast of South America to the western 

Pacific and northward along the west coast of North America. An anomaly of 

opposite sign covers the equatorial western tropical Pacific, extending northeast and 

southeast into the subtropics. This pattern accounts for 18% of the total domain 

variance and resembles the ENSO mode displayed in Kawamura (1994). Strong 

positive SST loadings are also observed over the tropical Indian Ocean that are 

possibly related to the strong ENSO-induced changes in the Walker circulation that 

result in positive SST anomalies across the entire Indian Ocean (Klein et al. 1999). 

The predictand loadings (Figure 5.6(d)) depict an ENSO-related precipitation 

anomaly pattern with positive loadings over much of the CSWA region and account 

for 18% of the total domain variance. The corresponding canonical time series in 

Figure 5.6(f) contains some evidence of the ENSO-related fluctuations in CSWA 

winter precipitation with a mild upward trend since the late 1990s, likely associated 

with the increased frequency of central Pacific ENSO events and the recent decadal 

shift in the Pacific SST (Lyon et al. 2014; Hoell et al. 2014b). 
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5.4.3 CCA cross-validated skill 

Cross-validation is conducted to evaluate the overall forecasting skill of the CCA 

model. The standardized year-to-year time series of observations and cross-validated 

precipitation forecasts obtained for the periods 1950/51–2014/15 (Figure 5.7(a)) and 

1980/81–2014/15 (Figure 5.7(b)) yields a domain average correlation skill of 0.38 and 

0.71, respectively. For the period 1950/51–2014/15 the time series in Figure 5.7(a) 

depicts an improved level of agreement between the observed and the model 

estimated precipitation time series after the mid-1970s. Prior to this period, the 

forecast skill is relatively low and less reliable, as a result of which the model 

produces a moderate correlation score of 0.38 for the overall experiment. A close 

comparison of results shows that the time period (1950–76) during which the CCA 

model displayed a lower predictive skill is concomitant with the period in which the 

influence of ENSO on CSWA winter precipitation was rather weak (Figure 5.4) and 

that of NAO was relatively strong. This, however, is a limitation of the prediction 

approach adopted here, namely that in the absence of a robust historical predictor–

predictand relationship or trend, the model fails to establish a reliable physical link 

and is unable to reproduce the predictor response correctly. 

 

 

 

Figure 5.7: Standardized wintertime (NDJFMA) precipitation time series of 

observation and forecasts over CSWA region for 1950/51 – 2014/15 (top) and 

1980/81 – 2014/15 (bottom), usin g the leave-one-out approach. 
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For the period 1980/81–2014/15 (Figure 5.7(b)) the crossvalidated CCA-based 

forecasts indicate considerable predictive skill by capturing the interannual variations 

in CSWA winter precipitation for most years. The model performs impressively with 

a high and potentially usable predictive skill of 0.71; however, for some extreme 

(driest and wettest) years discrepancies are apparent between the model estimates and 

observation. For example, during 1995/96 the model failed to capture the observed 

precipitation pattern, whereas for 1980/81 and 1981/82 the model was unable to 

capture the overall magnitude of the observed seasonal precipitation.  

For 1995/96, which was a weak La Niña year, the model failed to capture the 

observed precipitation anomaly pattern because the low positive NAO index 

(September–October average index: 0.5) suddenly changed to a strong negative value 

(21.5) in the following winter months. Previous findings on CSWA have recognised 

that other than the direct influence of tropical Pacific SST forcing, the region is also 

connected to the Pacific through the Middle East and the Atlantic Ocean (Barlow and 

Tippett 2008; Hoell et al. 2013; further discussed in the following section). Therefore, 

it is possible that during 1995/96 the indirect ENSO response on CSWA precipitation 

was significantly dampened by the strong positive phase of the NAO, leading to an 

increased precipitation activity over the region. Furthermore, the years 1980/81 and 

1981/82 for which the model was unable to capture the overall magnitude of the 

observation were dominated by strong negative EAWR phase. According to Yin et al. 

(2014) the negative (positive) phase of EAWR contributes in reducing (enhancing) 

precipitation activity over CSWA. 

All of the above results indicate that the potential predictability of CSWA 

wintertime precipitation has a strong dependency on the ENSO phenomenon, and the 

strengthening (weakening) of this relationship yields forecasts of higher (lower) 

predictive skill. In particular for the period 1980/81–2014/15 the forecasts are more 

skillful for years classified as strong to very strong ENSO years, suggesting that the 

regional precipitation anomalies are largely decided by the phase of ENSO. However, 

there are indications that, depending on the relative strength of the concomitant 

regional or largescale teleconnections, regional precipitation anomalies can be 

modified either directly (during non-ENSO years) or by way of partly modulating the 

strength of the ENSO-induced precipitation forcing. A recent example of this is the 

2013/14 regional drought of CSWA discussed in Barlow and Hoell (2015). In 
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addition to the aforementioned factors, random atmospheric variability may also 

result in the circulation and precipitation modifications over the CSWA region.  

For the period 1980/81–2014/15, the wintertime precipitation anomaly 

composite maps for the seven driest and wettest years from observations (Figure 

5.8(a),(c)) and SST-predicted (Figure 5.8(b),(d)) precipitation estimates are displayed. 

In general, this result showcases the ability of the CCA model to effectively 

reproduce and predict the spatial distribution pattern of CSWA observed precipitation 

anomalies during extreme precipitation years. The model-estimated precipitation 

demonstrates useful prediction skill by capturing the characteristic features of the 

spatial anomaly pattern similar to the observations. In particular, the success of the 

CCA approach in predicting the recent drought conditions over CSWA (as seen in 

Figure 5.7(b) and Figure 5.8(b)) is highly encouraging, given that the region is water 

stressed and prone to frequent severe droughts (Barlow et al. 2016). 

 

 
 

 
 

Figure 5.8: The wintertime (NDJFMA) precipitation (mm/day) anomaly 

composites for the seven driest and wettest years in the observed (left) and SST-

predicted (right) precipitation for 1980/81 – 2014/15. Stippling indicates 

composite anomalies significant at 5% level. 
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For further assessment, additional spatial skill scores—mean bias (mm/day), 

RMSE (mm/day), and temporal anomaly correlation—are computed for the period 

1980/81–2014/15 and shown in Figure 5.9. The important aspects that contribute 

substantially to the final skill of the model include the relatively low biases (Figure 

5.9(a)) and modest correlation coefficients (Figure 5.9(c)) distributed over areas that 

receive a significant amount of winter season precipitation as seen in Figure 5.2(c). 

The RMSE values are high over the mountainous regions and closely resemble the 

region’s seasonal climatology (Figure 5.2(b)) and standard deviation pattern [see 

Figure 1c in Tippett et al. (2003)]. Combining the above information, it appears that 

in our prediction model the random error dominates over the systematic bias that is 

likely related to the year-to-year variations in the winter season precipitation. Finally, 

we compare the accuracy skill of our CCA prediction scheme against the climatology 

and persistence benchmark models for the period 1980/81–2014/15. Here the 

climatology model assumes the long-term mean as the forecast at all times (i.e., zero 

anomaly); the persistence model uses last year’s observation as this year’s forecast 

and the accuracy skill score is computed using the Nash–Sutcliffe efficiency criteria 

(Krause et al. 2005). A negative skill score indicates that the CCA model is inferior to 

the reference model, whereas a 100% score signifies a perfect model. We find that the 

overall predictive skill of our model with respect to climatology and persistence is 

47% and 58%, respectively, which further confirms the success of the prediction 

approach adopted here. 

 

 

Figure 5.9: The spatial maps for (a) Bias, (b) RMSE and (c) Anomaly correlation 

between the observed and SST-predicted winter precipitation over CSWA for 1980/81 

– 2014/15. 
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5.5 Large-scale SST forcing 

Figure 5.10 shows the composite anomaly maps of the preceding months’ 

(September–October) SST variations corresponding to the seven driest (Figure 

5.10(a)) and wettest (Figure 5.10(b)) winter precipitation years for the period 

1980/81–2014/15. These results indicate that strong and statistically significant 

variations in the Pacific sector (which include signatures of both ENSO and the PDO) 

lead to substantial precipitation modifications across the CSWA region. In the case of 

dry winter years the observed September–October SST expression along the 

equatorial belt shows strong similarities with the SST phase-3 La Niña pattern 

discussed in Johnson (2013), while the subtropical and extratropical signature 

resembles a developing cold phase of PDO similar to that in Hoell et al. (2015b). 

 

 

Figure 5.10: Composite of SST (°C) anomalies for (September-October) months 

preceding the seven driest and wettest years winter (NDJFMA) precipitation years 

for 1980/81 – 2014/15. Stippling indicates composite anomalies significant at 5% 

level. 
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Likewise, for the wet years the SST anomaly pattern in Figure 5.10(b) appears 

to be a warm phase combination of ENSO and a PDO mode that tends to have a 

similar influence on CSWA precipitation anomalies. Although ENSO-related 

interannual and interdecadal variations have been recognised as the most important 

climate forcing of CSWA precipitation variability, positive (negative) NAO-like 

signals are visible in the North Atlantic for the extremely dry (wet) winter years.  

 

 
To understand dynamical links to CSWA winter precipitation extremes, 

seasonal wind anomaly composites at 300, 500, and 850 hPa are shown in Figure 5.11 

for the period 1980/81–2014/15. The precursory signals emerging in the September–

October upper-level wind anomaly composites (not shown) for the driest (wettest) 

winter precipitation years depict strengthening (weakening) of the tropical Walker 

circulation accompanied by a northward (southward) shift of the westerly jet stream 

from its climatological position (i.e., from 25° to 30°N in November–April). Niranjan 

Figure 5.11: Wintertime (NDJFMA) wind (m s-1) anomaly composites for the seven 

driest and wettest precipitation years for 1980/81 – 2014/15 at 300-hPa (top); 500-

hPa (middle) and 850-hPa (bottom) level. 
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Kumar and Ouarda (2014) showed that during El Niño years the uppertropospheric 

westerly jet stream shifts equatorward nearly 3°–4° of latitude over the Middle East 

and is responsible for above-normal precipitation over the region. These circulation 

features strengthen considerably during the following winter months (NDJFMA), 

with upper-level cyclonic (Figure 5.11(a)) and anticyclonic (Figure 5.11(b)) 

circulation anomalies straddling the equator, often discernible in the case of La Niña 

and El Niño events, respectively.  

Previous studies have shown that anomalous diabatic heating in the tropical 

Pacific excites baroclinic (Barlow et al. 2002) and equivalent barotropic (Shaman and 

Tziperman 2005; Hoell et al. 2012, 2013) stationary Rossby waves that influence 

CSWA climate through modification of the regional circulation patterns. Shaman and 

Tziperman (2005) proposed a teleconnection mechanism that the wintertime ENSO 

conditions in the central Pacific produce stationary barotropic Rossby waves in the 

troposphere that propagate northeastward throughout the Northern Hemisphere over 

North America, the Atlantic, and the Middle East into western Asia, influencing the 

regional circulation (Barlow and Tippett 2008; Hoell et al. 2013). Recently, Niranjan 

Kumar et al. (2016) reported that during La Niña and El Niño events the wind 

anomalies over the Middle East region are easterlies and westerlies, respectively, in 

the upper and lower troposphere. Consistent with the above results, Figure 5.11 

indicates that for much the CSWA region the extratropical circulation response to the 

anomalous tropical Pacific SSTs (Figure 5.10) consists of an anticyclonic (cyclonic) 

equivalent barotropic wave structure throughout the depth of the troposphere. 

Therefore during extreme dry (wet) winter years the reduced (enhanced) wintertime 

precipitation anomalies over the CSWA are typically associated with a strong 

northeasterly (southwesterly) wind flow from the Tibetan Plateau (Arabian Sea) 

responsible for advecting less (more) moisture into the region previously discussed in 

Hoell et al. (2012) and Mariotti (2007). 

 

5.6 Summary and Discussion 
Central southwest Asia (CSWA), bounded by the domain 20°–47°N, 40°–85°E, 

comprises a region that is water-stressed, societally vulnerable, and prone to large 

variations in precipitation during its primary precipitation season of November–April 
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(NDJFMA). Evidence suggests that CSWA winter precipitation is strongly influenced 

by the Pacific sector SST forcing, much of which is attributed to the ENSO cycle–

related interannual variability and the ENSO-like interdecadal variability (Hoerling 

and Kumar 2003; Barlow and Tippett 2008;Lyon et al. 2014; Barlow et al. 2016; 

Hoell et al. 2015b). To a large extent, these relationships are of significant value and 

have potential predictive capabilities for forecasting CSWA winter precipitation 

anomalies at various time scales (Barlow et al. 2002; Tippett et al. 2003; Barlow et al. 

2005; Tippett et al. 2005; Hoell and Funk 2013). 

In this study, we examined the predictability of CSWA wintertime precipitation 

anomalies for two sets of time periods 1950/51–2014/15 and 1980/81–2014/15 using 

the CCA approach. CCA is designed to find the most well-correlated patterns between 

a set of the predictors and predictands. The potential predictor patterns/modes of 

variability are identified using covariance analysis (Figure 5.3) between the winter 

season (NDJFMA) precipitation and the preceding months’ (September–October) 

SSTs. The lead–lag covariance pattern depicted SST expressions similar to ENSO and 

the NAO pattern, based on which quasi-global SST field (40°S–55°N, all longitudes) 

was considered as the most optimal predictor domain for CCA diagnostics.  

The leading predictor modes of the two CCA experiments (Figure 5.5 and 

Figure 5.6 revealed that for CSWA a substantial component of the predictive skill 

comes from the SST variability in the Pacific associated with both the interannual 

(ENSO) and the interdecadal (PDO) climate variations. The regional precipitation 

response to the large-scale Pacific forcing is such that the in-phase development of 

ENSO and PDO anomalies (El Niño and warm PDO or La Niña and cold PDO) tends 

to produce negative (positive) precipitation anomalies over CSWA in the following 

winter months (Figure 5.10). The teleconnection mechanism linking the Pacific sector 

variability to CSWA precipitation modifications is through the interaction of the 

westerly jet stream with the upper-tropospheric Rossby wave train that shifts the 

westerly jet track north (south) of its mean position, resulting in anticyclonic 

(cyclonic) circulations over CSWA throughout the troposphere (Figure 5.11). 

The cross-validated forecast skill of the two CCA experiments (Figure 5.7) 

showed that on the interannual time scale skillful predictability of CSWA winter 

precipitation arises as a result of the influence of ENSO, and years with strongest 

ENSO conditions yield forecasts with more usable skill levels. The superior domain 

average correlation skill of 0.71 obtained for the 1980/81– 2014/15 CCA experiment 
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validates the above results. However, on longer time scales the influence of ENSO on 

CSWA winter precipitation varied in strength (Figure 5.4), and the strengthening 

(weakening) of this relationship was strongly associated with the higher (lower) 

predictability of the regional precipitation as seen in the case of 1950/51–2014/15 

cross-validated forecast skill.  

Other than the ENSO-related sources, random atmospheric variability may also 

result in anomalous circulation and precipitation modifications over CSWA. On a 

positive note, the North Atlantic variability and the long-term SST trends have shown 

to provide weaker but useful regional predictive information on interannual and 

longer time scales. A close assessment of the cross-validated forecast skill has shown 

that nonENSO-related patterns, in particular the NAO, do not contribute materially to 

the seasonal predictive skill despite their important role in the regional precipitation 

variability (Figure 5.3). There are indications that, depending on the relative strength 

of the concomitant regional or large-scale teleconnections, the regional precipitation 

anomalies tend to get modified either directly (during non-ENSO years) or by way of 

partly modulating the strength of the ENSO-induced forcing. Overall the results 

presented in this study are highly encouraging. The regional forecasts for the 

1980/81– 2014/15 period indicate considerable predictive skill and can potentially 

contribute to early planning and preparedness. Further improvements in the model 

performance can focus on the inclusion of regional predictors that contribute 

quantitatively to the predictive skill of the model.  
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 Research Summary and Future Work Chapter 6
 

The research presented in this thesis focused on bridging the gap in our 

knowledge of Central Southwest Asia's precipitation climate, by providing a detailed 

investigation of the regional winter (November–April, NDJFMA) season precipitation 

from three different perspectives: 

 
1) Quantification of the uncertainty and reliability of multi-source gridded 

precipitation datasets for monitoring seasonal precipitation variability over 

the Indian subcontinent (Chapter 2), and the Central Southwest Asia 

(CSWA) region (Chapter 3). 

 
2) Characterization of the long-term spatiotemporal variability of CSWA's 

wintertime precipitation, and its association with large-scale patterns of 

climate variability (Chapter 4). 

 
3) Development of a statistical-empirical scheme for predicting the year-to-

year variations in winter season precipitation over CSWA (Chapter 5). 

 
 
 

In working to achieve the above specific goals, this research led to the following 

conclusions: 

 

 

CFSR and ERA-Interim reanalyses generally overestimate, while CPC-uni 

underestimates, the total precipitation for all seasons over the Indian subcontinent. 

The degree of variability in precipitation estimates also varied by region, with large 

discrepancies occuring in areas with low gauge densities such as the mountainous 

and arid regions of the Indian subcontinent. 

 

 

Chapter 2 evaluated the performance of some of the high quality and widely used – 

gauge-based, satellite-derived, and reanalysis precipitation datasets (APHRODITE, 

CPC-uni, GPCP, 3B42-V6, 3B42-V7, CFSR, and ERA-Interim) over the Indian 
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Subcontinent. Results showed that all examined products, despite having different 

spatial resolutions, coherently reproduced the large-scale characteristics of the 

seasonal precipitation regime; however, the degree of uncertainty in estimates varied 

by type of precipitation (e.g. convective, solid) and regions (e.g. topographic relief).  

On the seasonal and regional scale, both reanalyses exhibited higher 

precipitation estimates in comparison to all other datasets underlining that caution 

should be taken when using CFSR and ERA-Interim datasets for hydrological and 

climatological assessment of precipitation across the Indian Subcontinent. For the 

monsoon and post-monsoon season, the gauge-only CPC-uni performed reasonably 

well over the Indian region but captured well the lowest precipitation totals for the 

winter and pre-monsoon season.  

Based on the comparisons and our statistical assessments of results, use of CPC-

uni as a ground-truth dataset is not recommended in areas of high topographic relief 

and low gauge density  (e.g. northwest India, foothills of the Himalayas, and 

Myanmar) where additional gauge information is critical to improving the accuracy of 

its precipitation estimates. Spatial discrepancies were also observed between satellite-

gauge merged GPCP and the satellite-derived TRMM 3B42-V6 and 3B42-V7 

products. For all seasons, GPCP failed to capture the orographic nature of the regional 

precipitation pattern; while 3B42-V7 outperformed its previous counterpart (3B42-

V6) during the winter and pre-monsoon season gaining some confidence in the 

usability of the dataset for monitoring precipitation over the topographically complex 

and gauge network-sparse northwestern region of the Indian subcontinent.  

It is important to note that for the northwestern region of the Indian 

subcontinent, our results should be interpreted carefully owing to the challenges – 

lack of sufficient gauge observations, extreme terrain, socio-political instability, 

orographic dependency, and intermittency of seasonal precipitation that may, in part, 

add to substantial uncertainties in the estimation of regional precipitation. These 

factors limited our ability to formulate a qualitative recommendation on the accuracy 

and uncertainty of precipitation estimates for the winter and pre-monsoon season, 

thereby motivating us for continuous and concentrated research efforts at the regional 

scale. It was for this reason that a detailed intercomparison of the avaiable and 

widely-used precipitation estimates was performed for the CSWA region, and 

presented in Chapter 3.  
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GPCC is a suitable observational dataset for wintertime climatological precipitation 

analysis over CSWA. Comparatively, the satellite-derived TRMM 3B42-V7 and the 

MERRA reanalysis perform reasonably well. 

 
Chapter 3 addressed the above information gap by providing the first 

comprehensive evaluation of four gauge-only (APHRODITE, CPC-uni, CRU and 

GPCC), three reanalyses (CFSR, ERA-Interim and MERRA) and three satellite-

derived (3B42-V6, 3B42-V7 and GPCP) precipitation products over a larger domain, 

which included the northwestern region of the Indian subcontinent, and was referred 

to as the Central Southwest Asia (CSWA) region. The analysis was performed for the 

winter months of December-April (DJFMA), for which uncertainties in the 

precipitation estimates were largest as described in Chapter 2. Given the low gauge 

density of in situ stations across CSWA, an ensemble of gauge-only datasets was 

constructed to reduce the contribution of observational errors and to use it as 

reference data. Here an ensemble of direct observations was used as a reference since 

gauges are still considered as a relatively accurate and trusted source of precipitation 

measurements at a single point.  

Evaluation of the precipitation estimates against the reference data showed that 

CPC-uni strongly underestimated the seasonal precipitation and exhibited little skill in 

the accurate representation of regional precipitation both spatially and temporally.  

CRU  (APHRODITE) performed reasonably well but lacked accuracy in representing 

the spatial pattern (interannual variability) of seasonal precipitation, making the 

potential use of these datasets questionable over the CSWA region. Among all gauge-

only datasets, GPCC was in closest agreement to the reference data with high 

correlation, small error/bias, and in capturing the spatial details and magnitude for the 

El Niño and La Niña – related impacts on the regional precipitation distribution. 

These results make GPCC a suitable observational data for long-term climatological 

analysis of precipitation over CSWA.  

In the reanalysis category, CFSR and MERRA in comparison to ERA-Interim 

reproduced the regional pattern and the local details of the seasonal precipitation 

fairly well. All products overestimated the magnitude of precipitation with strongest 

overestimations being those of CFSR followed by ERA-Interim and MERRA. Based 

on skill scores, MERRA performed better than the other two reanalyses but showed 

weakness in resolving the magnitude of observed precipitation departure for La Niña 
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events. Our assessment suggests that the MERRA reanalysis is satisfactory for 

studying CSWA precipitation; however, care should be taken when using MERRA 

for analysis of extremes. 

Finally, among the satellite-derived products the results obtained for the CSWA 

region were nearly similar to those obtained for the wintertime precipitation in 

Chapter 2.  The dataset showed a good agreement with the ensemble mean and other 

observational data sets such as GPCC and APHRODITE. In comparison to 3B42-V6 

and GPCP, 3B42-V7 exhibited the best performance in depicting the spatial pattern 

and temporal variations of winter precipitation, making it a potentially reliable 

alternative to gauge measurements.   

The above results provided valuable information on the reliability and usability 

of multiple-source datasets to represent wintertime precipitation climate of CSWA. 

Using this information a long-term (1950/51–2014/15) observational analysis was 

performed to gain a more complete understanding of the spatial and temporal patterns 

of CSWA's winter season precipitation and its variability. 

 

 

The influence of ENSO on wintertime CSWA precipitation went through a significant 

inter-decadal change in the early 1980s. The regional precipitation variability was 

closely related to the extratropical EA-WR (tropical ENSO) teleconnection before 

(after) the 1980's. Changes in the strength of ENSO teleconnections, both globally 

and over CSWA, have been attributed to the observed changes in the ENSO 

properties since the late 1970s of which the enhanced SST anomaly gradient between 

the western and the central Pacific Ocean was an important factor.  

 

Chapter 4 contributed towards an improved understanding of CSWA’s wintertime 

(NDJFMA) precipitation climate by identifying the dominant spatiotemporal modes 

of regional precipitation variability and quantifying their relationships with global 

SST and large-scale atmospheric circulation fields. Three leading patterns of CSWA's 

winter precipitation were generated using empirical orthogonal function analysis.  

The first mode (19% of total variance) showed a uniform distribution over the 

entire CSWA domain. This mode was found to be related to ENSO, which under El 

Niño conditions force widespread changes in CSWA's regional circulations by way of 
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exciting both barotropic and baroclinic Rossby waves that result in a precipitation-

enhancing anomalous ascent from the Arabian Sea and the Indian Ocean basin, into 

the CSWA region.  

The second mode (15% of total variation) depicted a contrast between the 

northern and the southern part of the CSWA region. Results showed that this mode is 

related to the shift in the latitudinal position/intensity of the westerly circulations, the 

strength of which can change due to the competing influences and complex 

interactions of both extratropical and tropical teleconnections (e.g., ENSO, NAO, 

Siberian High, EA-WR, and others). For this mode, a significant relationship between 

CSWA winter precipitation and the Siberian High was identified. Results suggest that 

among other physical processes that tend to modulate the mid-latitude storm tracks, 

the westward extension of the Siberian High along with the northwestward nudging of 

the NPO/WP pattern can also influence the westerly systems over CSWA. While 

further analysis is required to support the above finding, therefore, it can only be 

hypothesised here that the combined response of the two forcings likely directs the 

westerly storms to a more southerly track that perhaps contributes in generating 

positive (negative) precipitation anomalies on the southern (northern) side of the 

CSWA region. 

The third mode (10% of total variation) showed a west-east regional dipole 

pattern linked to the longitudinal variations in the zonal velocity of the westerly jet 

flow. Results showed that this mode is related to the long-term warming of the 

tropical Indian and Pacific Oceans SSTs.  A close connection to the extratropical 

type-1 Eurasian pattern was also observed, with a well-organised anticyclonic-

cyclonic couplet in the circulation field north of the CSWA region. This couplet 

modifies the regional circulation by inducing a strong dry/northerly flow over the 

western flanks of CSWA and pushing the moist southerly winds from the 

neighbouring Arabian sea to the eastern extent of the region. 

The second part of this work focussed on the first mode of CSWA precipitation 

that exhibited a close relationship with wintertime ENSO. Results showed that the 

influence of ENSO on CSWA precipitation was insignificant and weak (significant 

and pronounced) before (after) the early 1980's. For the period P1 (1950/51–1982/83), 

when the connection with ENSO was weak, the extratropical EA-WR pattern played 

an active role in CSWA precipitation variability. This association, however, changed 

during the period P2 (1983/84–2015/16) due to the increased influence of ENSO-
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related forcing on CSWA climate, associated with the changes in the tropical Pacific 

ENSO characteristics post-1980s. Our results further illustrated that the Rossby wave 

teleconnection mechanisms through which the extratropical EA-WR pattern impacted 

the regional climate across Western Europe, Central and Southwest Asia in 

P1(1950/51–1982/83) was linearly superimposed by the anomalous large-scale 

circulation response forced by the ENSO conditions in P2 (1983/84–2015/16), 

thereby, resulting in much stronger and statistically significant circulation 

modifications and regional precipitation departures.  

The results presented in this study improved our understanding of CSWA’s 

wintertime precipitation climate and provided useful insights into the role of tropical 

(ENSO) and extratropical (EAWR) teleconnections patterns in the regional 

precipitation variability. Building a prediction model for CSWA using these 

teleconnections can perhaps lead to skilful seasonal/subseasonal precipitation 

forecasts. This research question was explored and addressed in Chapter 5. 

 

 

 

ENSO played a dominant role in creating skilful predictions for CSWA winter 

seasonal precipitation in recent years. For the quasi-global SST predictor domain of 

[40°S–55°N, all longitudes] a mean correlation skill of  0.38 (0.71)  was obtained for 

the period 1950/51–2014/15 (1980/81– 2014/15) during which the impact of ENSO 

on CSWA's winter precipitation was insignificant/weak (significant/strong). 

 
Chapter 5 assessed the predictability of CSWA year-to-year wintertime (NDJFMA) 

precipitation based on its strong links to the tropical Pacific SST variability. The 

approach followed in this work involved the careful selection of potential predictors 

and predictor domains, statistical model building using multivariate Canonical 

Correlation Analysis (CCA), and testing model forecasts using standard statistical 

performance measures. Observed SST in the preceding months (September-October) 

in the domain [40°S-55°N (all longitudes)] was used as a predictor, because of its 

highest skill among other predictors (OLR, winds) and various combinations of 

predictor domains that included the Indo-Pacific, Pacific and the Atlantic Ocean (see 

Appendix for further detals).  
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Using the aforementioned SST predictor domain, CCA experiments were 

performed for two sets of time periods, 1950/51–2014/15 (65 years) and 1980/81–

2014/15 (35 years). Results showed that ENSO-related interannual and inter-decadal 

variations are the main source of predictive skill for CSWA's winter season 

precipitation. Among other sources, long-term SST trends and the North Atlantic 

variability also provided weaker but useful regional predictive information. Between 

the observations and cross-validated precipitation forecasts, a considerably higher 

(lower) correlation skill of 0.71 (0.38) was obtained for the period 1980/81–2014/15 

(1950/51–2014/15), which was due to the stronger (weaker) impact of ENSO on 

CSWA winter precipitation as discussed in findings of this work and Chapter 4. These 

results indicated that ENSO plays a dominant role in creating skilful predictions. 

Model validation carried out for the 1980/81–2014/15 CCA prediction showed 

that the model performed reasonably well by skilfully capturing the precipitation 

variations for the extreme years, in particular, the recent droughts. These results 

further demonstrated the usable predictive skill of the model with relatively low 

biases and modest correlation coefficients observed spatially. Composite maps of SST 

and wind anomalies for the seven driest and wettest years displayed that the 

development of cold (warm) ENSO conditions during September–October, in 

combination with cold (warm) PDO conditions, is associated with a northward 

(southward) shift of the jet stream and a strong tendency of negative (positive) 

precipitation anomalies over CSWA region during the winter months. 

 

 

In summary, the research contributes the following: 

 

1) Provided valuable insights into the usability and limitations of the 

frequently used precipitation products over the Indian Subcontinent and 

CSWA region.  

 

2) Advanced our knowledge on how mid-latitude and tropical modes of 

climate variability impact CSWA's precipitation on the seasonal time-scale. 

 

3) Developed a statistical forecasting scheme to predict winter precipitation 

for the societally vulnerable and drought-prone CSWA region. 
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6.1 Future Directions  

 

Guided by the results of this thesis, we suggest the following points for further 

investigation: 

More work is needed to validate the findings of Chapter 4, which may include 

modelling experiments to isolate the impact of the tropics and explore the role of mid-

latitude teleconnections on CSWA precipitation climate. It is expected that 

investigating the role of extratropical teleconnections, in particular, the role of EA-

WR will provide a clearer understanding of the extent and strength of its influence on 

the regional year-to-year precipitation variability; including its relationship to changes 

in the position and intensity of the westerly storm tracks.  

Following the findings of Chapter 4 and the results obtained in Chapter 5, a 

question arises whether the predictability of CSWA winter precipitation would 

increase with the use of additional predictors  (e.g. SLP, geopotential height). We 

believe that including these variables in addition to SST as a predictor may provide a 

potential source of predictability during the period when the impact of ENSO on 

CSWA precipitation was weak, and that of extratropical influences was relatively 

strong. Future work is planned to perform further extensions and improvements to the 

CCA model. 

In addition to the work presented in Chapter 3, future work could also look into 

how Coupled Model Inter-comparison Project phase 6 (CMIP6) global climate 

models perform in replicating the observed features of CSWA's winter precipitation 

against GPCC historical observations, and how such may change as the climate 

continues to warm.   
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Appendix A 
 
Chapter 5: Supplementary information 

 

As noted in Chapter 5 (Section 5.4.1), CCA-based forecasts are typically 

sensitive to the choice and size of the predictor domain. Therefore, to determine the 

most optimal prediction model a number of CCA experiments were performed with 

different possible predictors [outgoing longwave radiation (OLR), upper-level winds, 

and seas surface temperature (SST)] and combinations of predictor domains that 

included the Indo-Pacific, Pacific, and the Atlantic Ocean domains.  

Some of the experimental results obtained for SST (North Pacific domain), and 

OLR (Indo-Pacific domain) as the predictor fields are presented in the following 

section.  

 

A.1  SST and OLR data 

The global monthly SST (°C) data [NOAA_OI_SST_V2; National Oceanic and 

Atmospheric Administration Optimum Interpolation SST (OISST) Version 2] 

(Reynolds et al. 2002) used here was obtained from Earth System Research 

Laboratory (ESRL), USA (http://www.esrl.noaa.gov/psd/). This dataset is available at 

a fixed 1°X1° latitude–longitude grid for the period (1982-present).  

 

Similarly, global monthly OLR (Wm-2) dataset was obtained from 

NOAA/ESRL climate data records (http://www.esrl.noaa.gov/psd/). This product is 

available at a fixed 1°X1° latitude–longitude grid for the period (1979-2012). 

 

 

A.2  Predictor domain selection  

For the purpose of developing a statistical prediction model, covariance analysis 

between the seasonal (DJFMA) mean precipitation and the preceding seasonal (SON) 

mean – SST, OLR global fields were performed and are shown in Figure A1.  

 

 

 



 180 

 

Figure A1. Covariance analysis maps between CSWA winter (DJFMA) precipitation 

and the preceding season’s (SON) fields (a) SST (°C) and (b) OLR (Wm-2), for the 

period 1982-2009. Stippling indicates covariance significant at 5% level (F-

statistics). 

 

The maximum magnitude covariance areas marked as rectangular boxes in 

Figure A1 were selected as the optimum predictor domains for SST (10˚S-38˚N and 

128˚E-280ºE) and OLR (25˚S-20˚N and 100˚E-208ºE) fields and are further used as 

inputs in separate CCA experiments.  

 



 181 

A.3  CCA maps for the selected SST ad OLR predictor domains 

Figure A2. The principal loading patterns and the corresponding canonical 

component time series of mode-1 for (SON) SSTs (°C) and the following season’s 

(DJFMA) precipitation. (a) SST-predictor domain loading pattern (43% variance 

explained); (b) Predictand loading pattern (28% variance explained); (c) canonical 

component time series in normalized values, for the period 1982-2009. 

 

 

 

 

 

 
 
 
 
 

Figure A3. Same as Figure A2, but for OLR-predictor domain. (a) OLR-predictor 

(41% variance explained); (b) Predictand (28% variance explained) 
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A.4  CCA cross-validated skill using leave-one-out cross-validation approach 

Correlation of observed precipitation with predicted (0.68 for SST-predictor) and 

(0.57 for OLR-predictor) 

Figure A4. Wintertime (DJFMA) precipitation time series (mm/day) of forecasts and 

observation over CSWA for the period (1982/83 - 2009/10). Observation (solid line); 

SST-predictor (dashed line); OLR-predictor (dotted lines). 

 

 

A.5 Predictive skill of the CCA model against observed for extreme precipitation 
years. 
 
Dry years (1983-1984; 1998-1999; 1999-2000; 2000-2001; 2007-2008)  

Wet years (1991-1992; 1992-1993; 1995-1996; 1997-1998; 2004-2005)  

Figure A5. The wintertime (DJFMA) precipitation anomaly composites for the top 

five extreme-dry and -wet years corresponding to observation (extreme left), SST 

(middle) and OLR (extreme right) panel 
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A6.  Large-scale SST and OLR forcing for extreme precipitation years. 
 

 
Figure A6. SST (left) and OLR (right) anomaly composites of (SON) season 

preceding the five extreme-dry and -wet winter precipitation years. Stippling indicates 

composite anomalies significant at 5% level. 

 

 


