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Abstract

The Indian Summer Monsoon (ISM) has long been viewed as a self-regulated coupled
ocean-atmosphere system, wherein floods and droughts alternate in successive years
due to feedbacks mediated by cross-equatorial ocean heat transport (OHT). This
thesis critically examines that paradigm by evaluating the relative contributions of
OHT, large-scale teleconnections, and synoptic-scale systems to ISM interannual
variability, and by assessing how extreme floods and droughts may evolve under
future climate scenarios. Analyses using reanalysis data reveal that the persistence
of cross-equatorial OHT is too short-lived to explain year-to-year reversals in ISM
rainfall. While rainfall differences between flood and drought years exceed 20%,
associated OHT differences remain below 2%, and the response of the local Hadley
circulation is negligible. These findings suggest that OHT plays only a minor role
in governing interannual ISM variability. By contrast, the El Nino-Southern Oscil-
lation (ENSO) exerts strong control on sea surface temperature (SST) anomalies in
the northern Indian Ocean, which in turn influence subsequent monsoon behavior.
However, the correlation between winter Nino3.4 anomalies and following-summer
ISM rainfall is weak, underscoring the indirect and non-linear nature of ENSO-ISM
linkages. Synoptic variability, especially low-pressure systems (LPS), emerges as a
critical driver of ISM rainfall extremes. Drought years are associated with two fewer
LPS per summer and disrupted west-northwestward propagation compared to flood
years. LPS activity thus substantially shapes interannual rainfall variability and
governs the spatial coherence of extreme events. Future projections from CMIP6
multimodel ensembles indicate marked changes in ISM extremes. While biases exist
at the model level, the ensemble reproduces historical excess and deficit statistics
reasonably well. Under high-emission scenarios, extreme excess years are projected
to become more frequent, with shorter return periods, signaling a transition to
more intense wet seasons. Extreme deficit years display weaker and more uncertain
trends. LPS remain central to excess-deficit contrasts, with more frequent and co-
herent tracks during wet years, though their overall frequency shows only marginal
declines in a warmer climate. ENSO’s role also evolves: the historical association of
La Nina with excess rainfall and El Nino with deficit years weakens, and extreme
excess events increasingly occur during El Nifio years under SSP585, suggesting a

fundamental reorganization of ENSO-ISM interactions in a warming world. Taken



together, this thesis demonstrates that ISM interannual variability arises from a
combination of remote and regional processes rather than from OHT alone. The
findings highlight the growing importance of synoptic-scale variability and shifting
ENSO dynamics in shaping extreme rainfall, with direct implications for monsoon

prediction, climate adaptation, and disaster risk reduction across South Asia.
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Chapter 1

Introduction

1.1 Background

1.1.1 Interannual variability of Indian Summer Monsoon

The interannual variability of the Indian Summer Monsoon (ISM) significantly im-
pacts the livelihoods of millions across the Indian subcontinent. Agriculture, partic-
ularly rice farming, is strongly influenced by monsoon rainfall fluctuations [DeFlries
et al., 2016], and the broader Indian economy has long been closely tied to the
performance of the ISM [Gadgil and Gadgil, 2006; Zaveri et al., 2016]. Rainfall vari-
ability also governs groundwater recharge patterns, with distinct responses observed

in different regions of India [Asoka et al., 2018].

The ISM is well known for its quasi-biennial character: the likelihood of more than
two consecutive drought or flood years is low [Parthasarathy and Mooley, 1978].
Early studies noted that this interannual variability is tightly coupled to the South-
ern Oscillation (SO) [Pant and Parthasarathy, 1981], and subsequent work estab-
lished the broader tropospheric biennial oscillation (TBO) as a key bridge between
the SO and ISM rainfall [Ropelewski et al., 1992]. The TBO refers to a coupled
ocean-atmosphere mode characterized by a tendency for the monsoon-ENSO sys-
tem to alternate between stronger and weaker phases on a near-biennial (~2-year)
timescale, arising from feedbacks between tropical convection, ocean dynamics, and

land—atmosphere processes [Meehl, 1997]. Because low-frequency oscillations can
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confer longer predictability to the tropical atmosphere [Charney et al., 1981], consid-
erable effort has gone into understanding how El Nino-Southern Oscillation (ENSO)

modulates monsoon rainfall.

The ISM Rainfall shows considerable variability across different timescales, including
intraseasonal, interannual, and decadal periods (Figure 1.1) [Goswami et al., 1999;
Gadgil and Gadgil, 2006; Turner and Annamalai, 2012; Goswami et al., 2015; Preethi
et al., 2017; Srivastava et al., 2017]. Although interannual variations in ISM rainfall
account for only 10% of the long-term average, extremes in the seasonal mean ISM
rainfall lead to significant events such as floods and droughts [Shukla and Mooley,
1987]. Slowly varying boundary forcings, such as sea surface temperatures (SST) in
the Indo-Pacific region, Eurasian snow cover or extent, and soil moisture variability,
are key factors influencing the interannual variability of ISM [Charney and Shukla,
1981; Webster et al., 1998; Krishnamurthy and Kinter III, 2003]. Goswami and
Mohan [2001] highlighted that a common mode of spatial variability governs both
the intraseasonal and interannual variations of the Indian monsoon, and changes in

the intraseasonal oscillations drive the interannual variability of the seasonal mean

of the ISM.

Internal processes introduce an additional, atmosphere-driven source of year-to-year
variability. The quasi-biennial oscillation (QBO) emerges from the interplay between
intraseasonal oscillations and the annual cycle [Goswami, 1998], and numerical ex-
periments suggest that such internal dynamics can modulate mean monsoon circula-
tion even under fixed boundary conditions [Harzallah and Sadourny, 1995; Stern and
Miyakoda, 1995]. Although the seasonal-mean monsoon rainfall contains a strong in-
traseasonal component, its net contribution tends to cancel out in pronounced flood

or drought years [Krishnamurthy and Shukla, 2000]. Nevertheless, the persistence of
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FIGURE 1.1: Summer monsoon (June-September) rainfall departure (in %) over
Central India (75-85°E, 19-26°N) for the period 1901-2018. Flood years with
rainfall departure exceeding +10% are shown in dark blue and drought years
with departure below —10% are shown in red. El Ni no and La Ni na conditions
during the same season are indicated by red and blue dots, respectively. The grey
line represents a long-term smoothed average. Rainfall data are from the Indian
Meteorological Department [Singh et al., 2019]

SST anomalies remains essential for maintaining the biennial mechanism that links

successive seasons [Meehl, 1993].

The Indian Ocean Dipole (IOD) introduces additional complexity to this system, as
demonstrated by Saji et al. [1999]. Positive IOD events, characterized by anoma-
lous cooling (warming) in the eastern (western) equatorial Indian Ocean, can en-
hance monsoon rainfall independent of ENSO forcing. However, as shown by Ashok
et al. [2003],the relationship between IOD and ENSO is not independent; their co-
occurrence can either amplify or offset monsoon rainfall anomalies depending on
their relative phase. This leads to a non-additive response in the monsoon system,
complicating simple attribution of variability to a single driver. Recent work by
Pillai et al. [2024] has further revealed how North Tropical Atlantic SST anoma-
lies can influence monsoon behavior through teleconnections to the Indian Ocean,

highlighting the multi-basin nature of monsoon drivers.

Projections from various studies indicate a potential increase in the ISM Rainfall by
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the end of the century [Katzenberger et al., 2021, 2022; Gupta et al., 2020b; Moon
and Ha, 2020; Rajbanshi and Das, 2021]. The Extreme temperature events are
becoming more frequent in India, emerging as a significant health risk [Seneviratne
et al., 2021]. Temperatures are expected to increase by 4°C-5°C by the end of this
century, as reported by Koteswara Rao et al. [2022] and Kumar et al. [2023]. Many
studies have identified rising surface temperatures as the cause of this enhanced
precipitation [Almazroui et al., 2021; Watterson et al., 2021; Patel and Kuttippurath,
2023].

Mishra et al. [2020] utilized an ensemble of climate simulations for historical (1971-2000)
and future (2006-2100) periods to examine the coupling between El Nifio and the
Indian monsoon. Their findings indicate that under continued greenhouse warming,
the frequency of concurrent hot and dry extremes is expected to increase by a factor
of 1.5 during the 21st century. A departure exceeding +10% in rainfall anomalies
classified as a flood, while a departure below -10% is considered a drought in Indian
monsoon context [Singh et al., 2019; Vishnu et al., 2022]. Preethi et al. [2019], using
Coupled Model Intercomparison Project Phase 5 (CMIP5) simulations, reported an
increase in both the intensity and frequency of ISM droughts in near- and mid-future
scenarios (2010-2059). The annual maximum consecutive 5-day precipitation in the
Asian monsoon regions is expected to increase in future scenarios, thereby raising
the risk of extreme flooding, according to Almazroui et al. [2021]. Using CMIP5
simulations, Jena and Azad [2021] projected a 16% increase in the probability of
drought occurrence, while flood events are expected to decrease by 11% in the fu-
ture under projected global warming. Recent studies highlight contrasting trends
in the occurrence and intensity of hydrological extremes over the Indian region in
the coming decades. George et al. [2025] project an increasing trend in drought

frequency in the near future, transitioning to dominance of flood events in the far
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future. Additionally, the analysis indicates that while the intensity of droughts is
expected to escalate in the far future, flood intensity may decrease during the same

period.

1.1.2 Role of Ocean—Atmosphere Coupling in the Regula-

tion of SST and ISM Variability

The Asian—Australian monsoon represents an interconnected ocean—atmosphere-land
system, whose strength is controlled by negative feedback interactions among the
land, ocean, and atmosphere [Webster et al., 1998, 2002; Loschnigg and Webster,
2000]. Indian Ocean SST is a prominent factor which controls the Indian summer
precipitation and their empirical relationship extensively investigated in the earlier
studies. For example, correlation as high as 4+0.8 between equatorial Indian Ocean
SSTs in the winter before wet monsoon season and the Indian rainfall is reported
by Sadhuram [1997]; Harzallah and Sadourny [1997]; Clark et al. [2000]. Moreover,
Clark et al. [2000] developed a combined Indian Ocean SST index that maintains
an correlation of 0.68 for the time-span of 1945 to 1994 without considering ENSO

influence.

The regulation of SST, however, differs across basins. In the Pacific, variability arises
from a balance between local thermodynamic processes and large-scale atmospheric
circulation driven by SST gradients, whereas in the Indian Ocean (I0), SSTs are
strongly influenced by cross-equatorial oceanic advection and variations in upper-
ocean heat storage [Loschnigg and Webster, 2000]. Unlike in the Pacific, convection
does not immediately follow warm SST anomalies in the IO during spring and early

summer; instead, Loschnigg and Webster [2000] showed that cross-equatorial heat
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transport is the primary mechanism controlling SST in the northern IO and reg-
ulating the regional heat balance. The cross-equatorial ocean heat transport from
the northern to the southern IO is a crucial component of the ISM. The southern
hemisphere atmosphere transports latent heat during the northern summer monsoon
[Hastenrath and Lamb, 1980]. Moreover, the moisture evaporated from southern 10
is carried to the north across the equator, which in turn precipitates. In a later study,
Hastenrath and Greischar [1993] found out that this southward heat transport to

southern IO and northward cross-equatorial latent heat export balances each other.

The ISM is argued to be a self-regulated coupled ocean-atmosphere system | Webster
et al., 2002; Loschnigg and Webster, 2000]. Self-regulation means that the interan-
nual fluctuations in the ISM rainfall are modulated by the coupling between the
ocean and the atmosphere over the 10. At the core of this argument is the south-
ward cross-equatorial Ekman transport from the North Indian Ocean (NIO) to the
south, driven by the low-level southwesterly low-level monsoon winds. According to
Webster et al. [2002], an anomalously strong monsoon results in a stronger cross-
equatorial ocean heat transport (OHT), which in turn would lead to an anomalous
oceanic cooling (warming) in the north (south)(Figure 1.2. This can lead to a weak-
ening of the meridional temperature gradient in the following summer, leading to
an anomalously weak monsoon. At the peak of the ISM season, the magnitude of
OHT over the 10 is about 1.5 to 2 PW [Webster et al., 2002]. The seasonal re-
versal of the Ekman transport is essential to maintaining the Indian Ocean’s heat
balance as demonstrated by [Loschnigg and Webster, 2000] and [Wacongne and
Pacanowski, 1996]. Webster et al. [2002] modified Meehl [1994] biennial monsoon
theory by incorporating OHT and Indian Ocean Dipole(IOD). The 10 southward
heat transport during boreal summer can be explained by the Ekman flux [Levitus,

1987]. According to hydrographic measurements, the IO transports heat of about 1.5
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petawatts (PW) at 32°S [Lumpkin and Speer, 2007]. 10 meridional heat transport
demonstrates considerable variability across different time scales, including both
shorter-term variations, such as intraseasonal fluctuations spanning approximately
10 days, and longer-term variations that occur over interannual timescales, lasting
several years [Chirokova and Webster, 2006]. Lee and Marotzke [1998] investigated
IO meridional overturning heat transport and found that seasonal reversal of trans-
port occuring near 10°S and 10°N two monsoon seasons. Lutsko et al. [2019] analysed
the impact of OHT over ISM using an atmospheric model and OHT delineation is
achieved through by coupling a slab ocean model. Their sensitivity experiment with-
out OHT gives a weak monsoon and on the other hand, a gradual increase of OHT

in the experiments improved monsoon performance in the model.

1.1.3 Role of Teleconnections in ISM Variability

El Nino-Southern Oscillation (ENSO) is one of the most influential large-scale
drivers of interannual monsoon variability. Historically, El Nino events have been
associated with weak ISM years and droughts, while La Nina events tend to en-
hance monsoon rainfall [Kumar et al., 2006]. Evidence for a robust ENSO-monsoon
link spans both observations and modelling. Shukla and Paolino [1983] argued that
SO indices could serve as long-range predictors of ISM droughts, while Meehl [1987]
showed that extreme SO events systematically coincide with drought and flood years
over Asia. Large SST anomalies in both the Indian and Pacific Oceans display a clear
biennial signature linked to ENSO phases [Kiladis and van Loon, 1988]. Mechanisti-
cally, Nino-3 SST anomalies that develop in the preceding winter can pre-condition
the following summer monsoon via the Walker circulation [Kaewamura, 1998; So-
man and Slingo, 1997]. The importance of this remote control is underscored by

modelling experiments showing that land-atmosphere feedbacks associated with soil
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FIGURE 1.2: Schematic of a regulatory framework for the monsoon annual cy-
cle. The left and right panels illustrate climatological lower-tropospheric winds
(solid black lines) during summer and winter, respectively. Blue dashed arrows
indicate Ekman mass transport, which is deflected to the right of the winds in the
Northern Hemisphere and to the left in the Southern Hemisphere. Owing to the
prevailing sea surface temperature gradient, heat is transferred from the summer
hemisphere to the winter hemisphere in both seasons. Panel B depicts summer
surface winds during strong and weak monsoon years. In strong monsoon years,
enhanced Ekman transport leads to rapid cooling of the northern Indian Ocean,
while in weak years, the cooling is comparatively weaker. Since strong monsoons
are typically preceded by anomalously warm Indian Ocean SSTs, a strong year is
often followed by a weak year, and vice versa. (Webster et al. [2003]; Published
2003 by the Encyclopedia of atmospheric sciences)



Chapter 1. Introduction 9

moisture, surface heat fluxes, and evapotranspiration alone cannot overturn ENSO’s
influence on monsoon circulation anomalies [Shen et al., 1998]. Recent palaeoclimate
reconstructions confirm that ENSO has remained the dominant driver of ISM inter-
annual variability for at least the past five centuries [Shi and Wang, 2019], and new
analyses highlight how equatorial Rossby-wave adjustments and Walker-circulation
changes modulate the ISM period during ENSO events [Hu et al., 2022]. However,
recent studies suggest that ENSO’s influence on ISM extremes is becoming more
complex and less predictable under climate change. According to climate model
projections, El Nifio events in the Pacific Ocean are expected to become more fre-
quent while maintaining a stable inverse relationship with the monsoon. This trend
may contribute to an increase in monsoon droughts in the future [Cai et al., 2014b;
Azad and Rajeevan, 2016]. Moreover, the teleconnection between ENSO and the
Indian monsoon has weakened since the late 1970s, possibly due to changes in the
background tropical SST gradient and the Walker circulation [Annamalai et al.,

2005; Krishnaswamy et al., 2015].

1.1.4 Role of Synoptic-Scale Variability in ISM Variability

Low-pressure systems (LPS) associated with the Indian monsoon are synoptic-scale
cyclonic vortices that originate within the quasi-stationary monsoon trough. These
systems typically travel west-northwestward during the summer monsoon season
(June-September) and persist for approximately 3 to 5 days [Mooley, 1973; God-
bole, 1977; Saha et al., 1981; Hunt and Parker, 2016]. Floods are associated with a
stronger meridional pressure gradient over the north Indian Ocean, a reduced north-
ward seasonal shift of the monsoon trough, an increased frequency of active spells,
and a higher occurrence of monsoon depressions with longer westward tracks [Sikka,

2006; Ajayamohan et al., 2010; Hurley and Boos, 2015]. In contrast, droughts are
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linked to a weaker meridional pressure gradient, a more pronounced northward shift
of the monsoon trough, a greater number of break spells, and fewer monsoon de-
pressions with shorter westward tracks [Bhalme and Mooley, 1980; Goswami and
Mohan, 2001; Vishnu et al., 2020]. Ajayamohan et al. [2010] demonstrated that
the increase in extreme rainfall events (ERE) over central India from 1951 to 2003
is strongly associated with a rise in synoptic activity, particularly driven by an in-
creasing frequency of weak LPS. Although stronger systems such as depressions and
cyclonic storms have shown a declining trend, the number of weak LPS has increased
significantly, making them the primary contributors to the observed rise in ERE.
Importantly, over 60% of ERE in central India were spatially linked to LPS. The
formation of LPS in BoB and central India has crucial role in defining the flood and

drought events of ISM.

1.2 Motivation and Research Gaps

This thesis aims to address key research gaps in understanding the interannual vari-
ability of the Indian Summer Monsoon (ISM). Despite longstanding interest in the
hypothesis that the monsoon behaves as a self-regulating coupled ocean—atmosphere
system, this concept has not been rigorously tested using reanalysis datasets. More-
over, the extreme fluctuations in ISM variability, especially in connection with large-
scale teleconnections and sub-seasonal internal variability, remain underexplored
within a coupled model framework. Future projections also offer limited clarity on

how extreme interannual fluctuations of the ISM may evolve under global warming.
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1.3 Objectives of the thesis

1. To understand the role of ocean — atmosphere coupling over the Indian Ocean

in ISM interannual variability using observations.

2. To examine the roles of teleconnections and synoptic variability in ISM inter-

annual variability using CMIP6 historical simulations.

3. To investigate the extreme interannual variability of the ISM under future

warming scenarios.

1.4 Structure of the thesis

This thesis is presented as a compilation of six chapters as illustrated in Table 1.1.
It comprises three main working chapters 3, 4 and 5, which were finalized during
the duration of the degree; out of these three chapters, 2 are research articles and

an overview of their current status is provided in the list of publications.

The thesis begins with a literature review (Chapter 1), which provides the back-
ground and motivation for the research, as well as the key questions addressed in
the thesis. It includes a review of the scientific literature, identifies knowledge gaps,
and outlines how this study will address these gaps. Finally, it discusses the objec-

tives and scope of the thesis and introduces a framework for the subsequent chapters.

Chapter 2 provides a detailed explanation of the datasets and methodology that will

be used in the following three main working chapters.

In Chapter 3, the first working chapter describes the the role of ocean — atmosphere

coupling over the Indian Ocean in ISM interannual variability using observations.
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CHAPTER 1 INTRODUCTION
CHAPTER 2 DATA AND METHODOLOGY
CHAPTER 3 INDIAN SUMMER MONSOON INTERANNUAL VARI-

ABILITY: ROLE OF OCEAN-ATMOSPHERE COU-
PLING IN OBSERVATIONS.

CHAPTER 4 INDIAN SUMMER MONSOON INTERANNUAL VARI-
ABILITY: ROLE OF TELECONNECTION AND SYN-
OPTIC VARIABILITY IN CMIP6 HISTORICAL PRO-
JECTIONS.

CHAPTER 5 THE EXTREME FLUCTUATIONS OF THE INDIAN
SUMMER MONSOON INTERANNUAL VARIABILITY
IN CMIP6 FUTURE SIMULATIONS.

CHAPTER 6 CONCLUSIONS AND SCOPE OF FUTURE WORK

TABLE 1.1: Thesis structure

Chapter 4, the second working chapter, will delve into the roles of teleconnections
and synoptic variability in ISM interannual vari- ability using CMIP6 historical

simulations.

Finally, Chapter 5, the third and last working chapter of the thesis, will examine

the extreme interannual variability of the ISM under future warming scenarios.

The conclusion of the thesis and the future scope will be discussed in Chapter 6.



Chapter 2

Data and Methods

2.1 Observation data

The thesis makes use of several observational datasets, namely precipitation and sea

surface temperature.

2.1.1 Precipitation data

Precipitation datasets from the India Meteorological Department (IMD) and the
Tropical Rainfall Measuring Mission (TRMM) are utilized in this thesis. The fol-

lowing section provides a detailed account of each dataset.

2.1.1.1 IMD data

The India Meteorological Department (IMD) provides a daily gridded precipitation
dataset [Pai et al., 2014] at a spatial resolution of 0.25°x0.25°. The dataset records
rainfall in millimeters (mm) and spans 122 years, covering the period from 1901 to
2023. It is arranged on a grid of 135x129 points, beginning at 6.5°N and 66.5°E, with
subsequent points extending systematically to 38.5°N and 100.0°E. Each yearly file
contains 365 entries for non-leap years and 366 for leap years. The IMD daily rainfall
dataset is accessible at https://www.imdpune.gov.in/cmpg/Griddata/Rainfall_

25_NetCDF.html.
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2.1.1.2 TRMM data

The Tropical Rainfall Measuring Mission (TRMM), a joint initiative of the Na-
tional Aeronautics and Space Administration (NASA) and the Japan Aerospace
Exploration Agency (JAXA), was launched in November 1997. The satellite carried
multiple instruments, including the TRMM Microwave Imager, Visible and Infrared
Radiometer, Precipitation Radar, Lightning Imaging Sensor, and the Cloud and
Earth Radiant Energy Sensor. Data collected by these instruments have been used
to develop several retrieval algorithms, among which the TRMM Multi-satellite
Precipitation Analysis (TMPA) is the most widely employed. The TMPA algo-
rithm integrates information from ground-based rain gauges with satellite-derived in-
frared and microwave measurements to produce high-quality precipitation estimates.
The TRMM 3B42 Version 7 product, generated using this algorithm, is available
at https://disc.gsfc.nasa.gov/datasets/TRMM_3B42_Daily_7/summary. This
dataset provides precipitation estimates at a spatial resolution of 0.25°x0.25° and a
temporal resolution of three hours, covering the period 1998-2019 within the latitu-
dinal belt 50°S—-50°N. In this thesis, the TRMM TMPA 3B42 V7 product [Huffman

et al., 2016] is employed.

2.1.2 Sea Surface Temperature data

2.1.2.1 Daily SST data

Daily SST data with a spatial resolution of 0.25°x0.25°, and it is the combination of
ocean temperature observations from satellite and in situ platforms (i.e., ships and
buoys) [Reynolds et al., 2007]. It is also known as NOAA’s Optimum Interpolation
Sea Surface Temperature (OISST).
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2.2 Reanalysis data

Reanalysis datasets provide a comprehensive and consistent representation of the
Earth’s atmosphere, ocean, and land surface by assimilating a wide range of his-
torical observations into modern numerical weather prediction and climate models.
Atmospheric reanalyses integrate data from satellites, radiosondes, aircraft, ships,
and ground-based stations to generate spatially and temporally continuous fields of
variables such as winds, temperature, pressure, and humidity. Ocean reanalyses,
in contrast, assimilate in situ and satellite-based oceanic observations including sea
surface temperature, salinity, ocean currents, and sea level into ocean general cir-
culation models to reconstruct the historical state of the ocean. While reanalyses
provide physically consistent datasets, they are subject to important limitations.
Ocean observations are sparse and unevenly distributed, particularly prior to the
Argo era, leading to uncertainties in subsurface temperature, salinity, and circula-
tion fields. Differences in model physics, atmospheric forcing, and data assimilation
methods can introduce systematic biases across products. These uncertainties are
especially relevant for derived quantities such as ocean heat transport (OHT), and
therefore results based on reanalysis products should be interpreted with appropri-
ate caution. To improve robustness, this study employs multiple ocean reanalyses
(ORAS5 and SODA) for comparison. Together, atmospheric and ocean reanalyses
provide consistent, physically based datasets that are invaluable for investigating
coupled climate processes, variability, and long-term trends. Prominent examples
include ERA5 (ECMWF), MERRA-2 (NASA), and JRA-55 (JMA) for the atmo-
sphere, and products such as ORAS5 (ECMWF) and GODAS (NOAA) for the
ocean, which are widely employed for climate diagnostics, model evaluation, and
understanding large-scale phenomena such as monsoons, ENSO, and decadal vari-

ability. In the present study, ERA5 and NCEP-NCAR are employed as atmospheric



Chapter II. Data and Methods 16

reanalyses, while ORAS5 and SODA are utilized as ocean reanalyses. Both daily

and monthly means from these datasets are analyzed in the thesis.

2.2.1 ORAS5

This study uses European Centre for Medium range Weather Forecasting (ECMWF)
Ocean Reanalysis System 5 (ORAS5) [Zuo et al., 2015] to analyse the OHT. ORAS5
is based on the NEMO ocean model and incorporates observations through the
NEMOVAR data assimilation framework, which applies a three-dimensional varia-
tional approach. The system assimilates a range of ocean and sea-ice observations,
including subsurface temperature and salinity profiles, sea level anomalies, and sea-
ice concentration, to produce a dynamically consistent reconstruction of the ocean
state. The dataset is generated as an ensemble system, although a single member
is typically used for analysis. It is forced by atmospheric reanalysis products, en-
suring consistency in surface fluxes, and is further constrained by observations such
as sea surface temperature, salinity, and global mean sea level variations. ORASbH
provides continuous spatial and temporal coverage, even in regions with limited
observations, through the combined use of model dynamics and data assimilation.
Compared to earlier versions, ORAS5 has improved horizontal resolution ( 0.25°%),
allowing better representation of mesoscale features, along with enhanced vertical
resolution near the surface, which is important for air—sea interactions. Despite
these improvements, uncertainties remain due to observational sparsity and model-
dependent biases, particularly in subsurface fields and derived quantities such as
OHT. In this study, potential temperature and meridional velocity from ORAS5 are
used to estimate OHT over the period 1980-2018. Compared to the predecessor

ORAS4, significant improvements have been made to the ocean model resolution
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of ORAS5. Specifically, the horizontal resolution has been increased to an eddy-
permitting resolution of 0.25 degrees, allowing for a more detailed representation of
oceanic eddies and smaller-scale features. This enhancement enables a more accu-
rate depiction of the ocean’s dynamics and improves the model’s ability to capture
fine-scale processes. Furthermore, ORAS5 incorporates a near-surface resolution of
1 meter in the vertical dimension. This refinement enables a more precise represen-
tation of the upper layers of the ocean, which are crucial for understanding air-sea
interactions and capturing the intricate processes occurring near the ocean surface.
Additionally, ORAS5 features a prognostic thermodynamic-dynamic sea-ice model.
Potential temperature and meridional velocity are used for OHT calculation from

ORAS5. The study period spans from 1980 to 2018.

2.2.2 SODA

The Simple Ocean Data Assimilation (SODA) reanalysis is designed to reconstruct
the historical evolution of the ocean by combining model dynamics with available
observations. It is developed as a research-oriented product using widely adopted
community ocean modelling frameworks, with resolution chosen to capture the dom-
inant, data-resolvable ocean processes. The objective is to produce a physically con-
sistent estimate of ocean variability that agrees with observations within their uncer-
tainty limits, while providing unbiased representations of long-term changes. In this
study, we use SODA version 3 [Carton et al., 2018], which represents a substantial
improvement over earlier versions. It is based on the GFDL MOMS5 ocean model
coupled with a dynamic sea-ice component, and operates at an eddy-permitting
horizontal resolution of approximately 0.25° with enhanced vertical structure. The
system incorporates an updated data assimilation approach, including bias correc-

tion methods that improve the representation of long-term trends such as ocean
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heat content. SODA3 is forced by atmospheric reanalysis fields (e.g., MERRA-2)
and provides multi-decadal coverage, here spanning 1980-2015. The dataset is avail-
able at multiple temporal resolutions and grid configurations, allowing flexibility for
climate diagnostics. As with other ocean reanalyses, uncertainties arise from limita-
tions in observational coverage and model assumptions, and therefore SODA is used

alongside ORASbS to assess the robustness of the results.

2.2.3 ERAS5

ERADS is the latest global atmospheric reanalysis produced by the ECMWFEF using its
Integrated Forecast System (IFS) [Hersbach et al., 2020]. It has a spatial resolution of
0.25°%0.25° at an hourly temporal scale. It is generated through a four-dimensional
variational (4D-Var) data assimilation approach, which combines a wide range of
observations with short-term model forecasts to provide a dynamically consistent
estimate of the atmospheric state. The model has a high vertical resolution with
137 levels extending up to the upper atmosphere, and outputs are available both
on model levels and on standard pressure and other derived levels. In addition
to three-dimensional atmospheric variables, ERA5 also provides a comprehensive
set of surface and single-level fields, including precipitation, radiation, and verti-
cally integrated quantities. The atmospheric model is coupled with a land surface
scheme (HTESSEL) and a wave model (WAM), enabling consistent representation
of land—atmosphere interactions and ocean surface conditions. The dataset includes
a high-resolution realization ( 31 km, hourly) along with a lower-resolution ensemble
that provides an estimate of uncertainty arising from the data assimilation process.
ERAS5 offers data at sub-daily and monthly timescales, based on a combination of
analyses and short-range forecasts initialized twice daily. This makes it particularly

well suited for studying atmospheric variability and extremes.
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2.2.4 NCEP-NCAR

The NCEP-NCAR reanalysis is a long-term global atmospheric dataset produced by
the National Centers for Environmental Prediction (NCEP) and the National Cen-
ter for Atmospheric Research (NCAR) [Kalnay et al., 2018]. Covering the period
from 1948 to the present, it provides gridded data at daily to monthly resolutions
and has been widely used for climate diagnostics, variability studies, and model
evaluation. It is produced using a fixed atmospheric general circulation model based
on the NCEP spectral model, together with a three-dimensional variational data
assimilation system. The use of a constant model and assimilation framework en-
sures temporal consistency, which is important for long-term climate studies. The
system assimilates a wide range of observations, including surface measurements,
radiosondes, aircraft, and satellite data, although the observing system evolves over
time. It provides global atmospheric fields at relatively coarse spatial resolution,
with outputs available at daily to monthly timescales. Compared to more recent re-
analyses, NCEP-NCAR has limitations in terms of spatial resolution, model physics,
and representation of satellite data. Nevertheless, its long temporal coverage from
1948 onwards makes it valuable for studying historical climate variability and for

comparison with newer datasets.

2.3 Climate model data

The Coupled Model Intercomparison Project Phase 6 (CMIP6) provides a compre-
hensive suite of climate model simulations developed by leading research centers
worldwide. These models couple atmospheric, oceanic, land, and sea ice compo-

nents to simulate past, present, and future climate conditions under standardized
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experimental protocols. CMIP6 includes historical simulations as well as future pro-
jections based on Shared Socioeconomic Pathways (SSPs), which represent different
greenhouse gas emission scenarios. In this thesis, the coupled model simulations
as part of the coupled model inter-comparison project phase six (CMIP6; [Eyring
et al., 2016]) are used to examine the dynamics associated with dry air intrusion
and its effect on ISM. In the present study, historical and future warming scenario
(SSP 585) simulations from the CMIP6 are analysed. One realisation (rlilplfl) per
model at its native grid was used. It is available at the Earth System Grid Federa-
tion (ESGF) data portal https://aims2.11nl.gov/search/cmip6. An overview of
the models, their modelling centres, and their native spatial resolutions is provided

in Table 2.1.

TABLE 2.1: List of CMIP6 Models with Native Grid Resolutions

Sl. No.  Modelling Centre Model Land  Atmosphere Ocean
(km) (km) (km)
1 National Center CESM2- 100 100 100

for Atmospheric WACCM

Sciences
2 Max Planck MPI-ESM1- 250 250 250
Institute for 2-LR
Meteorology
3 Norwegian Climate =~ NorESM2- 250 250 100
Center LM
4 JAMSTEC / MIROC6 250 250 100

AORI, University

of Tokyo
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TABLE 2.1: (Continued)
Sl. No.  Modelling Centre Model Land  Atmosphere Ocean
(km) (km) (km)
5 AEEred Wegener  AWI-CM-1-1- 100 100 25
Institute MR
6 Academia Sinica, TaiESM1 100 100 100
Taipei
7 First Institute of  FIO-ESM-2-0 100 100 100
Oceanography
8 Chinese Academy CAMS- 100 100 100
of Meteorological CSM1-0
Sciences
9 Canadian Centre CanESMbH 500 500 100
for Climate
Modelling and
Analysis
10 LASG, Institute of CAS-ESM2-0 100 100 100
Atmospheric
Physics, CAS
11 Tsinghua CIESM 100 100 50
University
12 CMCC, Italy CMCC-CM2- 100 100 100
SR5
13 CMCC, Italy CMCC- 100 100 100

ESM2
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TABLE 2.1: (Continued)
Sl. No.  Modelling Centre Model Land  Atmosphere Ocean
(km) (km) (km)

14 LASG, Institute of FGOALS-f3- 100 100 100
Atmospheric L
Physics, CAS

15 LASG, Institute of FGOALS-g3 250 250 100
Atmospheric
Physics, CAS

16 NOAA GFDL GFDL-ESM4 100 100 50

17 Indian Institute of  IITM-ESM 250 250 100

Tropical

Meteorology

18 Institute of INM-CM5-0 100 100 50

Numerical

Mathematics

19 Institut Pierre IPSL-CM6A- 250 250 100
Simon Laplace LR

20 KMA /NIMS, KACE-1-0-G 250 250 100

Korea

21 Korea Institute of KIOST-ESM 250 250 100
Ocean Science

22 Meteorological MRI-ESM2-0 100 100 100

Research Institute,

Japan
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TABLE 2.1: (Continued)

Sl. No.  Modelling Centre Model Land  Atmosphere Ocean
(km) (km) (km)

23 Nanjing Univ. of NESM3 250 250 100

Information
Science
24 CSIRO, Australia ACCESS- 250 250 100
CM2
25 CSIRO, Australia ACCESS- 250 250 100
ESM1-5

2.4 Methodology

2.4.1 Calculation of Ocean heat transport

Ocean heat transport (OHT) in the Indian Ocean is typically calculated by inte-
grating the meridional heat flux across longitude and depth at a given latitude.

Following Chirokova and Webster [2006], the formulation can be expressed as
Qo) = pcp//v(x,gb, 2)0(x, ¢, 2)dxdz, (2.1)

where p is the seawater density, ¢, the specific heat capacity, v the meridional
velocity, 6 the potential temperature (defined as the temperature a water parcel
would have if adiabatically referenced to the surface), = longitude, ¢ latitude, and

z depth. This framework assumes mass conservation within the basin and directly
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links anomalous cross-equatorial OHT with the modulation of the Indian summer
monsoon through variations in northward or southward heat transport. Chirokova
and Webster [2006] showed that enhanced northward OHT anomalies are associated
with stronger monsoon rainfall, while reduced transport corresponds to deficient

monsoon years.

Building on this classical approach, McMonigal and Larson [2022] calculated the
meridional heat transport across the Indian Ocean (MHT;p) by integrating the
product of meridional velocity and potential temperature over the full ocean depth

and zonal extent of the basin:
MHT;0(¢) = pcp//v(:r,gb, 2)0(x, ¢, z) dx dz, (2.2)

where 6 represents potential temperature. In this formulation, the Indonesian
Throughflow (ITF), a key interocean exchange that transports warm Pacific water
into the Indian Ocean through the Indonesian seas [Gordon, 2005; Sprintall et al.,
2014], introduces a net volume transport that violates strict mass conservatio intro-
duces a net volume transport that violates strict mass conservation. To address this,
the calculation is performed relative to a reference temperature of 0°C, following the
method of Trenberth and Zhang [2019] and others. Although the absolute values
of transport depend on the choice of reference temperature, anomalies relative to
the monthly climatology are largely insensitive to this choice and therefore remain

robust indicators of interannual variability.

McMonigal and Larson [2022] further demonstrated that the mean MHT ;o simu-
lated by coupled models compares well with estimates from reanalyses and observa-
tions, showing a southward maximum of about 2 PW near the ITF inflow. Impor-

tantly, the variance in MHT ;o is dominated by interannual timescales, highlighting
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the role of OHT anomalies in modulating ENSO-monsoon teleconnections.

Thus, while the formulation of Chirokova and Webster [2006] emphasizes the clima-
tological link between cross-equatorial OHT and the Indian monsoon, the modified
approach of McMonigal and Larson [2022] provides a more practical framework for
model diagnostics, particularly in the presence of volume transport through straits
such as the ITF, and underscores the importance of considering OHT anomalies

rather than absolute values in understanding interannual variability.

2.4.2 Identification of flood and drought years

The flood (drought) years of ISM are identified as the years in which JJAS mean
precipitation over Central India exceeds (falls below) 10% of climatological mean
precipitation [Singh et al., 2019]. The remaining years are considered as normal
monsoon years. This classification is used to examine large-scale ocean-atmosphere
interactions, particularly to analyse changes in ocean heat transport during flood
and drought years. The relatively moderate threshold ensures a sufficient number

of events for constructing robust composites.

2.4.3 EOF analysis

Standard Empirical Orthogonal Function (EOF; also known as eigenvector or prin-
cipal component) analysis produces patterns and time series that are orthogonal
to each other. The patterns obtained depend on the specific domain and time pe-
riod being analyzed [Kutzbach, 1967]. The EOF representation is considered optimal
because it allows for the maximum variance to be explained by selecting the eigenvec-

tors associated with the largest eigenvalues of the covariance matrix. EOF analysis
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is applied to the longitude—depth sections of JJAS mean anomalies of 6, v, and their
product (as a proxy for ocean heat transport), averaged over 5°S-5°N in the Indian

Ocean, to identify dominant modes of interannual variability.

2.4.4 Transfer Entropy

The transfer entropy (TE), a metric used to quantify the information transfer be-
tween two variables [Kaiser and Schreiber, 2002; Schreiber, 2000]. Unlike correlation
or mutual information, which capture symmetric associations, TE detects asymme-
try and can identify the extent to which the past states of one process improve the
prediction of another. Mathematically, it is based on conditional probabilities and
measures the reduction in uncertainty of a target variable when the history of a
source variable is taken into account, beyond the target’s own past. This makes it
particularly valuable for studying nonlinear and dynamic interactions in complex
systems such as climate, where it has been applied to investigate teleconnections,
causal dependencies, and feedback mechanisms between atmospheric and oceanic

processes.

For two stochastic processes, X (target) and Y (source), the transfer entropy from

Y to X is defined as

(k) (D)
T z,
TEy_ .x = E p(l’t+1;$£k)ay£l))10g Ploe | o o) (2.3)
(k)
P(wepr | 2y)

where :c,E’“) and y,gl) denote the past k and [ states (lags) of the target and source
variables, respectively, and p(:) represents joint and conditional probability distri-
butions. This formulation quantifies the reduction in uncertainty of the future state

2411 when the past of Y is included, beyond the information already contained in
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the past of X. A non-zero value of T'Fy_, x indicates a directional influence from Y

to X.

In this study, TE is used to examine the causal relationship between OHT and SST
over the southern Indian Ocean (SIO). The OHT time series, averaged over 5°S-5°N
is treated as the source variable (Y'), while SST over the SIO is treated as the target

variable (X).

To investigate the temporal influence of OHT on SST, TE is computed using a
lagged framework. Specifically, the SST time series is shifted progressively from lag
0 (to) to +24 months (t+24), while the OHT time series is kept fixed. This approach
allows assessment of whether past variations in OHT provide additional predictive

information for future SST evolution at different lead times.

The analysis is performed using monthly data, and a first-order Markov assumption
is adopted (i.e., k = [ = 1), such that only the immediate past states of OHT and

SST are considered.

2.4.5 Identification of extreme excess and extreme deficit

years

To identify more intense and rare events, a percentile-based threshold is applied.
Extreme excess (deficit) years are defined using the 90" percentile of the percentage
deviation of seasonal rainfall anomalies from the long-term mean over Central India
(75-85°E, 19-26°N), based on historical simulations and future projections from
CMIP6 models. This approach is specifically used to isolate the tails of the rainfall
distribution and assess changes in extremes under different climate scenarios. A

more detailed description of this methodology is provided in Chapter 5.
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2.4.6 Generalized extreme value distribution

The Generalized Extreme Value (GEV) distribution is a probability distribution
commonly used in extreme value theory to model the statistical behavior of block
maxima (or minima) drawn from a sequence of observations. It unifies three types of
extreme value distributions-Gumbel, Fréchet, and Weibull into a single parametric
family, characterized by the location, scale, and shape parameters. The location
parameter defines the central tendency, the scale parameter controls the disper-
sion, and the shape parameter determines the tail behavior, distinguishing between
heavy-tailed, light-tailed, and bounded extremes. Owing to its flexibility, the GEV
distribution is widely applied in hydrology, climatology, and environmental sciences
to estimate return levels and return periods of rare events such as floods, droughts,
and extreme temperatures. The return period of extreme excess (EE) and extreme
deficit (ED) years is estimated using a generalized extreme value (GEV) distribu-
tion [Von Storch and Zwiers, 2002]. The GEV distribution is fitted to the annual
maxima and minima of JJAS precipitation anomalies, representing extreme excess
and deficit events, respectively. The distribution is characterized by three parame-
ters: location (), scale (o), and shape (&), which are estimated using the maximum

likelihood method.

The return level for a specific return period is derived from the inverse cumulative

distribution function of the GEV, expressed as:

(—m (1—%»_6—1], for € 0, (2.4)

where (¢ = 0) corresponds to the Gumbel distribution and the return

g

ill’T:,U‘F
3

level simplifies to:
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xT:M—aln(—ln<1—%>). (2.5)

For each threshold corresponding to LF and LD events, the return peri-

ods are calculated by inverting the GEV cumulative distribution:

1
F=1- F(z)’ (2:6)

2.4.7 LPS tracking algorithm

We used the tracking technique of Praveen et al. [2015] to follow the paths of LPS in
the ERA-5 reanalysis data and CMIP6 models. Using gridded daily sea level pres-
sure (SLP) data, this technique finds closed isobars at intervals of 1 hPa to detect
and track LPS. The technique is based on closed-contour identification of sea-level
pressure, with modifications to account for regional features such as summer heat
lows and the monsoon trough. Following Hanley and Caballero (2012), local pres-
sure minima are identified, and spurious heat lows are excluded using a threshold
pressure-gradient criterion scaled to dataset resolution. Closed contours at 1-hPa
intervals are then constructed, and pressure depth is calculated from the local mini-
mum to the outermost contour. While this criterion effectively filters out thermally
driven heat lows, it may also exclude weaker or developing LPS, and this limitation
is considered when interpreting the results. Tracking is performed by linking suc-
cessive positions of the detected centers within a defined search radius that adapts
to system speed and land-sea contrasts.Tracks are terminated if no system is found
within 24 hours, and only systems with lifetimes exceeding two days are retained.
The algorithm is applied to reanalysis and CMIP6 data over the Bay of Bengal and
adjoining regions during the monsoon season (June—September), consistent with the

IMD classification of LPS intensities.
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FIGURE 2.1: Schematic illustrating the identification of the LPS center and the
computation of the pressure gradient for (a) a single-center system and (b) a
multicenter system. (Praveen et al. [2015]; published in Journal of Climate

2.4.8 Calculation of Nino 3.4 index

Nino 3.4 index is calculated using SST anomalies from the ORAS5 ocean reanalysis,

averaged over 5°N-5°S, 170°W-120°W, with a 5-month running mean applied.

2.4.9 Statistical significance test

Statistical significance of regression coefficients is assessed using a non-parametric
block bootstrap approach. In this method, the data are resampled in blocks to pre-
serve temporal autocorrelation, and regression coefficients are recomputed over 1000
realizations. Confidence intervals are estimated from the resulting distributions, and
coefficients are considered significant at the 95% level when the interval does not

include zero.”



Chapter 3

Indian Summer Monsoon Interannual Variability:
Role of Ocean-Atmosphere Coupling in

Observations

3.1 Introduction

In this chapter, we examine the summer cross-equatorial ocean heat transport
(OHT) in the Indian Ocean (IO) using reanalysis datasets and investigate its re-
lationship with IO sea surface temperature (SST) and the interannual variability of
the Indian summer monsoon (ISM), with particular emphasis on its biennial behav-
ior. We specifically test the hypothesis that OHT serves as a key internal regulator of
ISM variability. The southward OHT during boreal summer influences the northern
IO heat balance and, in turn, modulates regional SST [Loschnigg and Webster, 2000].
Earlier studies [Meehl, 1987, 1997] highlighted the link between monsoon variability
and pre-monsoon SST conditions, a relationship further supported by subsequent
research [Hastenrath, 1987; Harzallah and Sadourny, 1997; Clark et al., 2000], which
demonstrated strong correlations between 10 SST anomalies in winter—spring and
the intensity of the following monsoon. Building on this framework, we assess the
influence of OHT on subsequent-year SST and ISM variability to clarify its role in
regulating interannual monsoon fluctuations. In addition, we examine the behavior

of OHT during extreme ISM phases, such as floods and droughts, to explore whether
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cross-equatorial heat transport plays a role in shaping monsoon extremes. By disen-
tangling the contributions of OHT and internal atmospheric variability, this study
aims to provide a more complete understanding of the physical processes underlying

ISM variability.

3.2 Datasets and Methodology

A comprehensive description of the datasets and methods is provided in Chapter 2;

hence, it is not reiterated here for conciseness.

3.2.1 Datasets overview

This study uses European Centre for Medium range Weather Forecasting (ECMWF)
Ocean Reanalysis System 5 (ORAS5) ([Zuo et al., 2015]; Section 2.2.1) for the ocean

potential temperature and meridional velocity and SST.

The atmospheric variables such as zonal and meridional wind components from
the fifth generation ECMWF reanalysis (ERADB) are used ([Hersbach et al., 2020;
Section 2.2.3). NCEP-NCAR reanalysis data used for the calculation of the zonal

mean meridional stream function ([Kalnay et al., 2018]; Section 2.2.4.

Two different datasets are used for precipitation. Tropical Rainfall Measuring Mis-
sion (TRMM) (0.25x0.25, 1998-2018) daily data was used to analyse the rainfall over
the 10 ([Huffman et al., 2016]; Section 2.1.1.2) and Indian Meteorological Depart-
ment(IMD) New High Spatial Resolution (0.25x0.25 degree) daily gridded rainfall
data (1980-2018) for the Central India for the calculation drought-flood index ([Pai

et al., 2014]; Section 2.1.1.1.
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3.2.2 Methods

In our study, the method used to compute OHT over the Indian Ocean (40°E to
120°E and 40°S to 30°N) at different latitudes involves integrating the product of
meridional velocity and potential temperature over the depth up to 2000 m across the
basin. This integration provides an estimate of the heat transport in the north-south
direction (meridional) at each latitude. It is important to note that this calculation
does not uphold mass conservation due to the influence of volume transport through
the Indonesian Throughflow (ITF), and it is referenced to a baseline temperature of
0°C [McMonigal and Larson, 2022]. Nevertheless, our analysis primarily focuses on
anomalies relative to the monthly climatology. This approach reduces the depen-
dence on the arbitrarily chosen reference temperature, as highlighted in the work of

Trenberth and Zhang [2019] and Zhang et al. [2019].

OHT = pCp//(9 — 0;) * vdxdz (3.1)

where p is density, 6 is potential temperature, 6, is reference temperature,
and v is meridional velocity. The reference temperature is considered

Z€ero.

The statistical significance of the analysis was determined by applying a two-tailed

t-test.

The transfer entropy (TE), a metric used to quantify the information transfer be-
tween two variables [Kaiser and Schreiber, 2002; Schreiber, 2000] is computed be-
tween the OHT time series (averaged over 5°S to 5°N) and the SST across the

southern Indian Ocean (SIO) (40°S-EQ, 40°E-120°E) at varying time lags.

The mass stream function for the Hadley Cell can be expressed as:
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(@, p) = 2macos(9) / " @ i, (3.2)

where:

¥(¢,p) : Meridional mass stream function (kg/s)

a: Earth’s radius (6.371 x 10°m)
O Latitude

p: Pressure level (Pa)

Ds : Surface pressure (Pa)

v(¢,p’) : Meridional wind (m/s)

g: Cravitational acceleration (9.81m/s”).

3.3 Results and Discussion

3.3.1 Summer Cross-Equatorial Indian Ocean Heat Trans-

port

The meridional OHT is calculated using Eq 3.1 as the integral product of the po-
tential temperature and the meridional velocity, following Chirokova and Webster
[2006]. The southward cross-equatorial heat transport in the IO is stronger in the
boreal summer. Fig. 3.1 a shows the OHT as a function of latitude during June-
September (JJAS). The OHT is mostly southward across all latitude bands over
the tropical IO during JJAS, with a maximum value of slightly more than 1.5 PW
between the equator and 10°S. The OHT values between 20°S and 20°N, range from
0.5 to -1.6 PW. These values are in line with the estimates of Webster et al. [2002]

and Chirokova and Webster [2006]. Fig.3.1 b shows the OHT time series averaged
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over 5°S and 5°N for the time period of 1980-2014. The time series reveals that mean

cross-equatorial heat transport is southward in the boreal summer season in the 10.
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FIGURE 3.1: (a)June-September meridional ocean heat transport climatology
over the Indian Ocean, (b)Time series of JJAS OHT averaged over averaged over
5°S to 5°N The climatology is computed for the 1980-2018 period.

3.3.2 Understanding the factors contribute to the variability

of Indian Ocean meridional heat transport

The longitude-depth cross-section of potential temperature (), meridional velocity
(v) of ocean water, and their product are shown in Fig. 3.2. We construct a time
series by averaging the OHT between 5°S and 5°N. The analysis shown in Fig. 3.1
already suggests that maximum OHT values are in between 5°S to 10°S. The highest
values of € and v are observed within the top 100 m, and thus, maximum OHT must

also be confined to this layer Fig. 3.2. This is clear from the product of v and 6.

To understand the interannual variability in OHT, we performed an empirical or-
thogonal function (EOF) analysis on the longitude-height section of the JJAS mean

6, v and product of  and v (fv) anomalies, averaged over 5°S to 5°N (Fig. 3.3). A
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dipole-like pattern is observed in the EOF1 of § anomalies over depth. The EOF1
of the v and v also shows a similar EOF1 mode, which suggests that v controls
the variability in the OHT. The leading mode of 6 captures 41.9% variance, which
indicating that this mode explains bulk of the interannual variability in the sea wa-
ter temperature. Further, the opposing sign of the variability in the east and west
of the 10 is indicative of IOD-like variability. However, the EOF1 patterns of v
and #v do not have a coherent structure like that of # in the region west of 80 °E.
By 7coherent structure”, we refer to a spatially continuous and organized pattern,
while the EOF'1 of v and Av appears fragmented and lacks such spatial organization.
It is worth noting that EOF decompositions can be sensitive to the choice of do-
main boundaries, and strong western boundary current variability could potentially
dominate the leading modes without producing a coherent basin-wide pattern. To
examine this possibility, the analysis was repeated with the western boundary shifted
from 40°E to 50°E. The EOF structures of v and v remain spatially fragmented even
in the reduced domain, suggesting that the absence of a coherent pattern is not sim-
ply an artefact of the domain choice but reflects the genuinely heterogeneous spatial
character of OHT variability in the IO. In light of this, the lack of a coherent EOF
mode in v and Av is not interpreted as indicative of weak interannual variability per
se, but rather as a reflection of the spatially heterogeneous nature of OHT variability,
which does not project strongly onto a single large-scale mode. This spatial inco-
herence, particularly west of 80°E, raises questions about the supposed basin-wide
role of OHT in driving the interannual variability of the ISM as argued by Webster
et al. [2002] and Chirokova and Webster [2006].
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3.3.3 The role of summer Indian Ocean heat transport in

the subsequent year monsoon and SST pattern

The strong annual cycle of cross-equatorial heat transport evident in our analysis is
also supported by previous studies [ Chirokova and Webster, 2006; Lee and Marotzke,
1998]. To understand the effect of OHT on ISM variability, a linear regression of
JJAS mean OHT timeseries averaged over 5°N to 5°S is performed on 10 SST, wind
vectors at 850 hPa, and precipitation anomalies in the same year (year 0) and fol-
lowing year (year +1). This analysis is restricted to 1998-2018 due to constrained
TRMM precipitation data availability. For consistency the regression on SST and
wind is also done on same period. The argument of OHT playing a central role in
regulating ISM is based on its plausible influence on 10 SST variability. The regres-
sion of SST for different seasons with the JJAS mean OHT is shown in Fig. 3.4.
The regression pattern shows a muted relationship between OHT and SST except
for a positive regression pattern in the eastern part of the South Indian Ocean for
September — November (SON) and December — February (DJF) seasons of year 0
(Figs. 3.4 a and b). However, none of the positive regression values are statistically
significant. The regression coefficients become weaker for the March — May (MAM)
and June — August (JJA) SSTs of the year+1 (Fig. 3.4 c and d). Statistically signif-
icant negative regression pattern in the southern central 10 during MAM(+1) and
JJAS(+1) is not consistant with the idea that increased southward OHT causes an
increase in SST. This weakening of the OHT influence on SST beyond six months
casts more doubt on the role of OHT in regulating the interannual variability of
ISM. To assess the robustness of these results, the same regression analysis was re-
peated using the SODA reanalysis (Fig. 3.5). The SODA-based regression patterns
are broadly consistent with those derived from ORASSH, showing similarly muted

and largely statistically insignificant OHT-SST relationships during SON and DJF
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of year 0. In the subsequent MAM(+1) and JJA(+1) seasons, SODA likewise yields
weak regression coefficients with no coherent statistically significant positive signal
over the NIO that would support a constructive OHT-SST-ISM linkage. The close
agreement between these two independent ocean reanalysis products confirms that
the identified OHT-SST relationships are not an artefact of a particular dataset.
Taken together, the evidence from both ORAS5 and SODA indicates that the influ-
ence of OHT on 10 SST weakens substantially beyond a lead time of six months,
casting further doubt on the role of cross-equatorial OHT in regulating the interan-

nual variability of the ISM.

A similar regression of OHT on wind vectors and precipitation was also done (Fig.
3.6). Most of these regression coefficients were also not statistically significant. The
effect of JJAS mean OHT on precipitation and low-level winds weakened substan-
tially by the following boreal spring and summer (Figs. 3.6 ¢ and d) similar to
that in the case of SSTs. The OHT time series is also regressed onto the volume-
mean temperature anomalies over the SIO for the same seasons (Figs. 3.7), and
this reveals statistically insignificant relationship between JJAS OHT and seasonal

volume-mean temperature anomalies.

Gupta et al. [2020a] recently utilized TE to examine the exchange of information
between pollutants and meteorological variables. Srujan et al. [2022] demonstrated
a causal link between Rossby wave variance in the West Pacific and the develop-
ment of downstream low-pressure systems (LPS) over the Bay of Bengal (BoB)
using TE. A high TE value reflects a strong transfer of information. TE reveals
the flow of information from the memory of one variable to another [Gupta et al.,
2020a] and captures both the memory and the direction of information transfer,
offering an advantage over mutual information. To understand the causal relation-

ship between cross-equatorial OHT and SST, TE is computed between the OHT
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time series (averaged over 5°S to 5°N) and the SST across the SIO at varying time
lags (Fig. 3.8). To investigate the potential predictive relationship between OHT
and SST, TE is determined by holding the OHT time series constant while shifting
the SST time series from time lag first month (t0) to 24th month (t424). The TE
values between OHT and SST are relatively small and it indicates that the influ-
ence of cross-equatorial OHT is less significant in the evolution of SST over SIO.
Srujan et al. [2022] reported large TE values on the order of 10° between mean sea
level pressure and Rossby-filtered outgoing longwave radiation, whereas our analy-
sis shows significantly smaller TE values between OHT and SST. There is evidence
of a non-zero causal relationship between OHT and SST; however, the values are
extremely small, making them insufficient to interpret as a meaningful relationship.
For the calculation of OHT, we are integrating ocean temperature and merdional
velocity over the volume of entire IO and it gives apparently high values of 1 to 2
PW. However, at individual locations, the OHT value might be too small to make

significant changes.

The opposing relationship between OHT and SST contradicts the role of OHT in
modulation of the heat balance and the regulation of amplitude of SST as proposed
by previous studies [Loschnigg and Webster, 2000; Webster et al., 2002; Chirokova
and Webster, 2006]. This further indicates that the interannual variability in ISM is
not regulated by the ocean-atmosphere coupling over the 1O as envisaged by Webster
et al. [2002]. Adding to this Lutsko et al. [2019] examined the relationship between
OHT and the monsoon within the same season, rather than focusing on interannual
variability. Their idealized simulations showed that an increase in OHT led to a
decrease in SST south of the continent during summer. This, in turn, increased the

moist static energy over the continent, enhancing the land-ocean thermal contrast
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and ultimately resulting in stronger precipitation within the same year. These find-
ings highlight the crucial role of strong southward OHT in creating and maintaining
conditions conducive to a robust monsoon, but not to the interannual variability.
The discrepancy between these model-based findings and our observational results
may stem from several factors. Idealized or slab ocean models often exaggerate
certain feedbacks due to their simplified physical representations. Model biases,
especially in the simulation of SST-OHT interactions or vertical ocean structure,
may further complicate the interpretation. Additionally, spatial averaging or coarse
resolution can obscure key regional processes that are more accurately captured in

observational datasets.

To understand how Hadley cell circulation responds to cross-equatorial OHT, we
have applied similar linear regression of OHT time series into the zonal mean merid-
ional stream function anomalies for different seasons in year 0 and year +1(Fig. 3.9).
Hadley cell can be explained by the zonal mean of meridional stream function. The
less statistical significant regression coefficients between OHT and stream function
in all seasons indicates OHT influence is not conveyed into the mean circulation over
the 10. This also lead to the assumption that OHT not regulating the inrterannual
variability of ISM.

3.3.4 The boreal summer OHT during drought and flood

years of ISM

Although our results show that OHT is found not playing any role in the interannual
variability in ISM, it is interesting to examine the differences in the OHT in contrast-
ing monsoon seasons. Here we identify eight cases of flood and drought monsoon

years during 1980 — 2018 period and do a composite difference of JJAS mean OHT.
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sistency with our interpretation and to avoid confusion regarding the sign of heat
transport, we have multiplied all regression coefficients by —1

The flood (drought) years of ISM are identified as the years in which JJAS mean
precipitation over Central India exceeds (falls below) 10% of climatological mean
precipitation [Singh et al., 2019] (Fig. 3.10). The remaining years are considered
as normal monsoon years. The composite mean time series of JJAS mean OHT
over the 10 for normal, flood, and drought years look similar (Fig. 3.11a). The
difference plots of flood and drought composites from normal composite are shown

in Fig. 3.11b. This analysis also suggests that the difference in OHT between flood

and drought years is weak. The maximum magnitude of the OHT is about 1.5 PW,



Chapter II1. Indian Summer Monsoon Interannual Variability: Role of
Ocean-Atmosphere Coupling in Observations 43

b)DJF

son 21SON 30N

20N 1 20N

10N 10N

N
i

0 0

=
@

1054 . 1054 .-

=
¥

20S 20s

3051 - 3051

=]

4035 - a0 s
OE S0E 60E 70E 80E 90E 100E110E OE 50E 60E 70E 80E 90E 100E110E

c)MAM(+1) 30N d)JJA(+1)

o
°C per PW

30N

|
[=2]

20N 1 20N

10N 10N

0 0

|
=
oo

105+ 1054 .-

205 ﬁ " ﬁ 2 208 X, -
305 B o N _ l{ 308 e D WS
- - -] 4| bt

40 e, 0S-
EGE 50E 60E 70E 80E 90E 100E110E %OE 50E 60E 70E 80E 90E 100E110E

|
N
N

<S>
|

FIGURE 3.5: The linear regression of JJAS mean OHT using SODA reanalysis
averaged over 5°N to 5°S on sea surface temperatures anomalies averaged for

(a) SON, (b) DJF, (¢) MAM(+1) and (d) JJA(4+1). The stippling indicates

statistically significant regression coefficients at 95% level as revealed by a two-

tailed bootstrap significance test. The 19982018 time period is considered for this

analysis. To maintain consistency with our interpretation and to avoid confusion

regarding the sign of heat transport, we have multiplied all regression coefficients

by -1
whereas the maximum difference in the OHT between normal and drought years is
about 0.06 PW. Similar differences are seen between normal and flood years as well.
The difference in OHT between flood and drought years averaged between equator
and 30 °S is found to be about 0.012 PW, which is about 1.7% of the OHT in normal
monsoon years. Thus, it is clear that the OHT difference between two extremes of
ISM is much smaller in magnitude. While these analyses show that the OHT does
not play a role in the interannual variability of ISM, the muted difference in OHT

between flood and drought monsoons is an interesting phenomenon that warrants



Chapter III. Indian Summer Monsoon Interannual Variability: Role of
Ocean-Atmosphere Coupling in Observations 44

a} SON —-15m!sDErpv§ ON

—= 15 m/s per pw

30N = ,\\-‘\, » . v/ ~ A
3 o ’., P
20nf T 2T "’S.' ‘*/\N‘LA “;5’"/ 20N,

=
/
R v 3
10N{ 7~ //.—'..—.___‘\__,{& - ;{1.__// A 10N
L /'f 4\{::" o

QLA - g

R 7

N ,‘_.‘,_;-___H_ﬂ_ o
Y Lo e S, © B e -'.-‘i:':? 24
0 DA 01 == - ...__.___._‘_“_.__._..,‘);B,.- -
".'\.‘ WS e en e _,,...a_é:-—-_qﬁ.'
e w & - W ‘“’. e e :.:::—-r"—-t‘,__:.‘.‘z;,_‘a,h
105t e dy ; 10Sfegiman . gt Vel ¢ e o S 18
) W i i KWWAJ-;.
'.o‘"?\ i l .1 el o ‘ —
20S f_;--_,;,. :.’.“‘“";/,}/a;.i 205%:..;-/.’!‘~ - '\‘ o :;}; 12
=k SNt (SR = i —— N A (R - g e - \.._/._: ||
o = N L ;/j/‘_ “‘.'_. L "=~ , ,_-k\-..__,/, |
305 Erioe s U Se e S Sosfe MR T TN M. o
filas s S TR G VAR ".""‘"‘\\\ln-"””"’ - e
403,._. = 40% CL o S i g'
OE 50E 60E 70E 80E 90F 100E110E120E  40E 50E 60E 70E 80E 90E 100E110E120E | |o 2
— 15 mfs per pw — 15 mfs per p <
OhNCLMAMILL) — 30N d)JlA{L+\1)’ A 5 - £
o S T ﬂ;y IR ey “d ; -6 £
20N} g W wa AR I e e :
N I3\ fadRt. ) N —t-12
10N{ * } 2 10N{ ©
= -18
01 01/
105 § Sk 1054 . —24
Y et A .
2051 ) 1 jj ~\ 2051 ) i - ; =30
S'f‘l./a + :‘ LavE -..a..-::\“g-‘ '\I.":-‘ 3 ", .. - *‘: ‘-.'b-
£ oS O T T e SRR Eog
(o AR e e , A S
o s e s R AN |

40 40
§10E 50E 60E 70E 80E 90F 100E110E120E %OE 50E 60E 70E 80E 90E 100E110E120E
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transport, we have multiplied all regression coefficients by —1
further investigation. The small OHT differences observed in flood/drought com-
posites may be due to the dominant influence of ENSO on ISM variability, which
could mask subtler oceanic signals [Kumar et al., 2006; Goswami et al., 1999]. Ad-

ditionally, compensating atmospheric feedbacks, such as changes in wind and cloud

patterns, may dampen SST responses to OHT anomalies [Luo et al., 2012].

The cross-equatorial OHT in the IO during summer is an Ekman response to the
strong southwesterly monsoon winds. Therefore, the changes in the low-level mon-

soon flow can help us understand the OHT variability. Flood, drought and normal
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FiGURE 3.7: The linear regression of JJAS mean Indian Ocean OHT averaged
over 5°N to 5°S on southern Indian Ocean(40°S-0°, 40°E-120°E) volume-mean
temperature anomalies during a) SON, b) DJF, ¢) MAM(+1), and d) JJAS(+1)
for the period 1998-2018. Each panel shows the scatter plot of seasonal mean
temperature anomalies against JJAS OHT with a linear regression fit (red line).
Coefficients of determination (R?) and p-values are indicated in each panel.

composites for monsoon low-level winds over the 10 are shown in Fig. 3.12. The
strong low-level flow over the Arabian Sea, the monsoon low-level jet, is a char-
acteristic feature of ISM (Fig. 3.12a). The maximum wind speed in the normal
composite is about 18 m st. This strong low-level southwesterly flow is responsi-
ble for the cross-equatorial OHT in the 10. The difference in the low-level winds
between the drought and normal years shows a weakening of the wind speeds over
the Arabian Sea by about 1 m s (Fig. 3.12 b). In flood years, the southwesterly
monsoon flow is stronger over the Arabian Sea, Bay of Bengal, and continental India

(Fig. 3.12 ¢).
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The maximum decrease (increase) in the wind speed in the flood (drought) com-
posite is about 1.2 m s only (Figs. 3.12 b and c¢). These analyses suggest that
the changes in the seasonal mean wind speed in the anomalous monsoon years are
about 6-7% of the mean wind speed in normal monsoon years. Also, the weakening
of the low-level southwesterly flow in the drought years is confined to the southern
part of the Arabian Sea and the eastern part of the South Indian Ocean close to the
equator. The eastward component of the flow over the Bay of Bengal appears to be
strengthened in the drought year composite. In the flood composite, the low-level
monsoon circulation is strengthened over the Arabian Sea and the Bay of Bengal.
However, the flow weakened over a section of the Indian Ocean over 65 °E — 80 °E
and 5 °S — 5 °N. The analysis reveals that wind speed variability is much smaller
than precipitation variability. Between 1980 and 2018, the seasonal mean precipi-
tation anomalies over central India and the 850 hPa wind speed anomalies over the

Arabian Sea exhibit a correlation of 0.47. This moderate correlation suggests that
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FIGURE 3.9: The linear regression of JJAS mean OHT averaged over 5°N to
5°S on zonal mean meridinal stream function anomalies averaged for (a) SON,
(b) DJF, (¢) MAM(+1) and (d) JJA(+1). The stippling indicates statistically
significant regression coefficients at 95% level as revealed by a two-tailed bootstrap
significance test. The 1998-2018 time period is considered for this analysis.

the majority of precipitation variability arises from factors other than atmospheric
circulation. The relatively weak interannual variability in the low-level monsoon
flow aligns with the similarly subdued variability in OHT. In addition, the opposing
changes in the low-level wind pattern in different parts of the IO can induce contra-
dictory changes in the OHT, which can be the reason for a muted change in the OHT
between drought and flood monsoons. The drought composite shows an enhanced
low-level flow from the northern Arabian Sea and West Asia towards continental In-
dia. This is particularly noteworthy, as this pattern resembles the dry air advection

suggested by Singh and Sandeep [2022]. The decreased moisture transport coupled



Chapter III. Indian Summer Monsoon Interannual Variability: Role of
Ocean-Atmosphere Coupling in Observations 48

E normal
N Flood
I Drought

30

20+

10
_ I i II Il fl I 8
o g
_10_

anomaly percentage(%)

FIGURE 3.10: JJAS mean rainfall departure (in percentage) over Central India

(75 °E — 85 °E and 19 °N — 26 °N)
with the dry air intrusion can lead to large deficits in ISM rainfall over continental
India. The dry air intrusion over continental India during summer monsoon is also

suggested to be a contributor to the interannual variability of rainfall over Northwest

India [Singh and Sandeep, 2024).

Furthermore, we also examined the flood and drought composites of the Hadley
circulation, along with their differences (Figs. 3.13). The analysis revealed no
substantial differences between the flood and drought composites of the Hadley cell.
The interannul variability in precipitation not reflect in the hadley cell or zonal mean
meridional stream function. Similar to OHT, these results reveal that Hadley cell

circulation does not play a significant role in the interannual variability of ISM.
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3.4 Summary and Conclusions

The interannual variability in ISM rainfall shows a quasi-biennial nature, with more
than two consecutive droughts or floods a rare occurrence. This led to a claim
that the ISM is a self-regulated coupled-ocean atmosphere system, in which the
cross-equatorial ocean heat transport (OHT) over the Indian Ocean (IO) by the
ISM winds is assumed to have a crucial role [Webster et al., 2002; Chirokova and
Webster, 2006]. A long ocean "memory” is needed to support this mechanism of
self-regulated monsoon interannual variability, as the warm/cold oceanic anomalies
must persist for one year. The ability of OHT to modulate the heat balance of
IO is important for achieving this self regulation. However, a direct analysis on
the relationship between the summer OHT, oceanic temperature anomalies in the
following seasons, and the subsequent ISM was lacking in the literature. So main
focus of this paper confined to testing the hypothesis proposed by Webster et al.

[2002] and Chirokova and Webster [2006] using reanalysis data.

Here, we computed the OHT for all summer monsoon seasons in the 1980-2018
period. Furthermore, we examined the influence of this summer OHT on the fol-
lowing seasons’ SST, low-level wind vectors, and precipitation. Our focus of this
study is understanding how OHT in year 0 affects the ISM in year +1. These anal-
yses revealed that the effect of OHT on SST and other meteorological fields does
not last beyond following winter season. Moreover, the low transfer entropy values
between OHT and SST further confirm the absence of a strong or sustained causal
influence of cross-equatorial OHT on SST evolution over the South Indian Ocean.
Thus, the OHT variability cannot contribute to the interannual variability of ISM.
The difference in seasonal mean precipitation over central India between drought

and flood monsoons is approximately 20%, whereas the corresponding difference in
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OHT is less than 2%. Further analysis shows that the difference in low-level mon-
soon wind speed between flood and drought monsoons is also much smaller than
the precipitation difference. This aligns with the weaker interannual variability in
OHT, which is primarily governed by Ekman transport. Therefore, we conclude that
interannual variability in ISM rainfall is not a self-regulated mechanism through the
ocean-atmosphere coupling over the Indian Ocean. Nevertheless, we acknowledge, as
a caveat that, while the weak regression coefficients generally indicate a weak rela-
tionship between OHT and ISM precipitation on interannual scale, it does not fully
capture the complex non-linear nature of interactions between climate variables.
The OHT may still have an indirect effect on ISM rainfall through modification of

other processes that in turn may affect ISM.

Webster et al. [2002] explicitly studied the role of the IOD in the self-regulation of
the ISM. However, in our regression coefficients of SST during SON and DJF (Figure
3.4), there is no statistically significant IOD-like pattern evident, which is notable

given that IOD typically peaks in the post-monsoon season.

This study specifically examines the impact of ocean heat transport (OHT) on the
interannual variability of ISM, while the influence of sub-seasonal variability, such as
LPS activity, warrants further exploration in future research. Our analysis of low-
level monsoon circulation suggest an increased advection from the northern Arabian
Sea and the West Asian desert region towards the continental India. This might
be another contributor to the ISM rainfall variability as suggested by earlier studies
[Singh and Sandeep, 2022, 2024]. Thus, both internal and external factors con-
tribute to the interannual variability of ISM rainfall. The cross-equatorial ocean

heat transport, as argued earlier, is not one of those factors.






Chapter 4

ISM Interannual Variability: Role of
Teleconnections and Synoptic Variability in

CMIP6 Historical Projections

4.1 Introduction

Given the subdued influence of cross-equatorial OHT on ISM variability, we proceed
to examine ENSO, which has long been recognized as a key factor modulating inter-
annual variations in the monsoon. The effect of the ENSO on ISM rainfall variability
has been widely studied [ Webster et al., 1998; Kumar et al., 1999, 2006]. Most of
the literature on the influence of ENSO on monsoon examined the ENSO-monsoon
relationship in the same calendar year. In line with the OHT analysis, we exam-
ined the impact of ENSO using a similar approach to investigate its relationship
with monsoon rainfall in the subsequent year. Further we explored the role of syn-
optic activity such as low pressure systems (LPS) in the interannual variability of
ISM. The monsoon LPSs are the precipitating vortices embedded in the large-scale
monsoon circulation. These systems can be found in all monsoon regions, with a
predominant presence over Indian region during summer. With a life span of 3-7
days, the LPSs contribute to the synoptic scale rainfall variability of ISM. During
boreal summer, about 10-14 LPSs form over the Bay of Bengal and the Gangetic
plains and follow a northwestward trajectory along the continental India. These sys-

tems contribute more that 50% of the ISM rainfall over the central India [Praveen
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et al., 2015]. Therefore, the variability in LPS activity can lead to ISM rainfall
variability. The LPSs are often found to be clustered to the active phase of monsoon
intraseasonal oscillations and thus play a major role in the scale interaction over the
Indian region [Srujan and Sandeep, 2024]. Often these scale interactions contribute

to the interannual variability of monsoon rainfall [Suhas et al., 2012].

4.2 Datasets and Methodology

The dataset and methods are detailed in chapter 2 and do not repeat the description

for brevity.

4.2.1 Datasets overview

ORAS?5 is used for SST to calculate Nino3.4 index ([Zuo et al., 2015]; Section 2.2.1).
Tropical Rainfall Measuring Mission (TRMM) (0.25x0.25, 1998-2018) daily data
was used to analyse the rainfall over the 10 ([Huffman et al., 2016]; Section 2.1.1.2).

ERAS used for the daily sea-level pressure data.

Daily gridded sea level pressure data are available for only 18 CMIP6 models listed
in Table 2.1 and are used to track LPS during JJAS, while SST data from 20 mod-
els (based on availability) are analyzed to study the El Nino-Southern Oscillation
(ENSO).

4.2.2 Methodology

We used the tracking technique of Praveen et al. [2015] to follow the paths of LPS

in the ERA-5 reanalysis data. Using gridded daily sea level pressure (SLP) data,
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this technique finds closed isobars at intervals of 1 hPa to detect and track LPS.
Additionally, this technique uses the pressure depth (ASLP) to classify the LPS

depending on their intensity category.

Nino 3.4 index is calculated using SST anomalies averaged over 5°N—5°S, 170°W-120°W,

with a 5-month running mean applied.

4.3 Results and Discussion

4.3.1 Relationship Between ENSO and ISM of the Following

Summer in Observations

In line with the OHT analysis, we also performed a regression using the Nino3.4
index following a similar approach, to explore its relationship with the monsoon
rainfall in the following year using reanalysis data. To understand the influence
of ENSO on the SST over the IO, we performed a linear regression of DJF mean
Nino3.4 index on the following MAM and JJA mean SSTs (Fig. 4.1 a and b).
The positive regression patterns over the NIO indicate that a warm (cold) ENSO
can lead to warm (cold) SST anomalies over the NIO in the following spring and
summer seasons. The regression patterns over the SIO is rather weak, with patches
of both positive and negative regression coefficients. The positive SST anomalies
over the NIO following a warm ENSO event reflect a remote oceanic response to
ENSO forcing; however, the net influence on the subsequent ISM is mediated by the
spatial structure of SST gradients across the Indian Ocean basin and the associated
modulation of atmospheric circulation, moisture transport, and land-sea thermal

contrast.
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The JJA mean wind vectors show a weak relationship with the Nino3.4 SST anoma-
lies of the previous winter, while the precipitation shows a positive correlation with
it over most of continental India (Figs. 4.1 ¢ and d). Nevertheless, the regression
patterns of precipitation is also statistically not significant over the continental In-
dia. This indicates that the effect of ENSO in the year 0 on the summer monsoon
of year+1 is rather weak. This is consistent with the previous studies that showed
weak positive correlations between ENSO and ISM at lead/lag of one year and a
strong negative correlation in the same calendar year [Kirtman and Shukla, 2000].
This suggests that even the effect of Nino3.4 SST anomalies in the winter of year 0
on the ISM of year+1 diminishes substantially. Thus, a simple explanation of the
interannual fluctuations of ISM rainfall in the range of & 10% through the ocean
atmosphere coupling is difficult. We did not examine the complicated mechanisms
such as the tropospheric biennial oscillation which might be better suited to explain

the interannual variability of ISM [Meehl, 1993].

4.3.2 Relationship Between ENSO and ISM of Following

Summer in CMIP6 Historical Simulations

To understand how the ENSO relationship with the ISM of following year, same
regression analysis carried using CMIP6 models. The multimodel mean of Nino3.4
index during DJF (Year 0) is regressed into the following MAM and JJA (year+1)
multimodel mean SST and precipitation (Figure 4.2). The regression patterns reveal
a strong basin-wide warming response over both the northern and southern IO, which
persists from spring into summer. Unlike the reanalysis, which showed weaker and
patchier regression in the southern 10, the CMIP6 multimodel mean indicates a
more spatially coherent warming signal across the basin. This suggests that the

models tend to amplify the ENSO-related warming over the 1O in the year following
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FIGURE 4.1: a-b) Linear regression of the December—February mean Nino3.4
index (year 0) onto ORAS5 sea surface temperature anomalies averaged for (a)
March-May (year +1) and (b) June—August (year +1), and c—d) same for TRMM
precipitation and ERA5 850 hPa wind. Stippling indicates regression coefficients
statistically significant at the 95% level based on a two-tailed bootstrap test. The
analysis covers the period 1998-2018.

an ENSO event, thereby preconditioning the ocean surface for a stronger basin-
wide SST anomaly. The JJA precipitation precipitation (Figs. 4.2c and d) show
limited and mostly insignificant relationships with the preceding winter Nino3.4
anomalies. While weak positive rainfall regression is seen over parts of continental
India, the signal is not statistically significant, and the associated wind anomalies
remain weak across the IO basin. This highlights that, similar to the reanalysis,
the impact of ENSO on the ISM rainfall at a one-year lag is not robust in CMIP6

models. Overall, CMIP6 models capture the broad structure of ENSO’s delayed

influence on IO SSTs more strongly than reanalysis but reproduce only weak and
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FIGURE 4.2: a-b) Linear regression of the December-February multimodel mean
Nino3.4 index (year 0) onto multimodel mean CMIP6 sea surface temperature
anomalies averaged for (a) March-May (year +1) and (b) June—August (year +1),
and c¢—d) same for CMIP6 multimodel mean precipitation. Stippling indicates
regression coefficients statistically significant at the 95% level based on a two-
tailed bootstrap test. The analysis covers the period 1998-2018.

insignificant links to monsoon rainfall and circulation in the following year. This

supports the notion that the one-year lagged ENSO-ISM teleconnection is not a

dominant mode in either observations or models.

To understand in detail how the relationship between ENSO and ISM rainfall anoma-
lies is represented in CMIP6 models, we examined the scatter plot between the
Nino3.4 index and ISM rainfall anomalies for all 20 models (Fig. 4.3). The distri-
bution of points reveals a predominantly negative association across the ensemble,

indicating that warm ENSO events (El Nino) generally coincide with below-normal
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ISM rainfall, while cold ENSO events (La Nina) are associated with enhanced rain-
fall. This negative ENSO-ISM teleconnection, long established in observations, is
therefore broadly captured by the CMIP6 multimodel ensemble. To quantify how
robustly this relationship is represented, the Pearson correlation coefficient between
the Nino3.4 index and ISM rainfall anomaly was computed for each model, and the
results are summarised in Fig. 4.4. Out of 20 models, 17 exhibit a statistically sig-
nificant negative correlation at the 95% confidence level (p < 0.05). Three models
INM-CM5-0 (r = -0.18), CAS-ESM2-0 (r = 0.12), and FIO-ESM-2-0 (r = 0.15), fail
to reproduce a significant negative ENSO-ISM relationship, with CAS-ESM2-0 and
FIO-ESM-2-0 even showing a weak positive association, indicating a fundamentally
different or absent ENSO teleconnection in these models. The observational estimate
based on ORAS5 Nino3.4 and IMD rainfall over 19802018 yields r = -0.23 (p =
0.156), which, while negative in sign, does not reach statistical significance over this
relatively short record. Notably, the majority of CMIP6 models tend to simulate a
stronger ENSO-ISM correlation than observed, likely reflecting an overestimation of
ENSO amplitude or an overly strong monsoon sensitivity to ENSO forcing in these
models. Taken together, the CMIP6 ensemble broadly confirms the negative influ-
ence of ENSO on ISM rainfall, but the substantial inter-model spread ranging from
statistically significant negative correlations to near-zero or positive values highlights
persistent uncertainty in simulating the strength of this teleconnection. This is con-
sistent with earlier studies reporting that while most climate models reproduce the
sign of the ENSO-ISM relationship, they differ widely in its magnitude due to biases

in ENSO dynamics, the Indian Ocean response, and monsoon circulation feedbacks
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FIGURE 4.3: Scatter plots of JJAS Nino3.4 index versus ISM rainfall anomaly
(mm day~!) for each of the 20 CMIP6 models under historical simulations (1901
2014). Blue, red, and grey dots represent La Nina (Nino3.4 < —0.5), El Nino
(Nino3.4 > 0.5), and neutral years, respectively. The Pearson correlation coeffi-
cient (r) and corresponding p-value are shown in the title of each panel, with *
denoting statistical significance at the 95% confidence level (p < 0.05). Vertical
dashed blue and red lines indicate the La Nina and El Nino thresholds, respec-
tively, and the horizontal dashed grey line marks the zero rainfall anomaly.



Chapter IV. ISM Interannual Variability: Role of Teleconnections and Synoptic
Variability in CMIP6 Historical Projections 61

ENSO (Nifio3.4) -- ISM Rainfall Correlation across CMIP6 Historical Simulations

1 B Significant (p < 0.05)
—0.754 3 Not significant
—--- Reanalysis r = -0.23

Pearson Correlation Coefficient (r)

© o O DS o & IS RN I S R S
© N ] S O 2 SRV N\ v > o
& S F O o <& & M AR
R s \N(’@ S & & (;é;\ & g & & ST &Y Ry
; 7 Ay C 3 <
&(9 & < N & ° & & N & & S

CMIP6 Model

FIGURE 4.4: Bar chart of Pearson correlation coefficients between the JJAS
Nino3.4 index and ISM rainfall anomaly for each of the 20 CMIP6 historical sim-
ulations. Steel blue bars indicate models with statistically significant correlations
(p < 0.05) and grey bars indicate models that are not statistically significant. The
red dashed line denotes the observational estimate derived from ORAS5 Nino3.4
and IMD rainfall over the period 1980-2018 (r = —0.23).

4.3.3 LPS and Interannual Variability of the ISM

Here, we examined the LPS activity for seven flood and drought years. The tra-
jectories and track density per square degree per year of all LPSs formed in these
excess and deficit monsoon years are shown in Figs. 4.5 a and b and ¢ and d, respec-
tively. A total of 57 LPSs formed in the seven flood monsoon years examined here.
These LPSs contributed a total of 360 days of synoptic activity, with an average of
51 days of synoptic activity per flood monsoon season. On the contrary, only 41
LPSs were formed in the seven drought monsoon years. This shows that, on average
the drought monsoon years have seen two LPSs less than the flood monsoon years.
In terms of the days of LPS activity, the drought monsoon years have experienced
an average of 40 LPS days per summer. Furthermore, the LPS trajectories in the
flood monsoon seasons show a coherent northwestward propagation, while those in
the drought years show a prominent eastward propagation as well. The eastward
propagation of LPSs can further reduce the rainfall over the core monsoon region of

Central India. The track density show that during flood years LPS tracks are denser
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than drought years. Thus, it is clear that the internal variability also contributes
to the intraseasonal variability of ISM. However, the internal processes such as LPS

genesis might also be influenced by the large-scale climate drivers like ENSO.

Since ENSO and LPS activity are not entirely independent, part of the apparent
LPS-rainfall relationship could arise from ENSO modulation. To examine this, a
partial correlation analysis was performed by removing the influence of the DJF
Nino3.4 index from both the JJAS TRMM rainfall and ERA5-based LPS track
density timeseries. Even after removing the ENSO signal, a statistically significant
positive relationship between LPS track density and JJAS precipitation is retained
(partial correlation = 0.46, p = 0.040; Fig. 4.6), demonstrating that LPS activity
carries independent information about ISM interannual variability that cannot be

explained by ENSO alone.

Here, we examined the LPS activity during flood and drought years using 14 CMIP6
models for the historical and SSP585 scenarios (Fig. 4.7). Consistent with the
reanalysis-based results, the trajectories and track density reveal notable differences
between flood and drought years. In most models, flood years are associated with
a higher frequency of LPSs and longer durations of synoptic activity compared to
drought years. For example, several models such as MPI-ESM1-2-LR, NESM3, and
AWI-CM-1-1-LR simulate more than 30 LPSs and extended LPS days during flood
years, whereas the corresponding drought years show fewer events and reduced ac-
tivity. Conversely, some models (e.g., CESM2-WACCM and IITM-ESM) exhibit
more LPSs during drought years, highlighting the inter-model spread in simulating
LPS—monsoon interactions. To provide a more robust, model-aggregated perspec-
tive, multi-model mean LPS tracks and track density maps for flood and drought
years under both historical and SSP585 scenarios are presented in Figs. 4.8 and

4.9. These multi-model mean representations reduce individual model biases and
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highlight the common spatial characteristics of LPS activity. The results show that,
during flood years, LPSs tend to follow a more coherent northwestward propagation
from the Bay of Bengal into the Indian subcontinent, favouring enhanced rainfall
over Central India. In contrast, during drought years, LPS activity is compara-
tively weaker, with reduced northwestward penetration and a tendency for tracks to
remain confined to the eastern region, thereby limiting rainfall contributions over
the core monsoon zone. It is noted, however, that a quantitative comparison of
inter-model and interannual variances reveals that inter-model variance (301.27) is
approximately 2.7 times larger than the mean interannual variance (110.04), ac-
counting for around 73% of the total variance. This indicates that the diversity
seen across models is primarily structural in origin rather than a reflection of in-
ternal climate variability, and represents an important source of uncertainty in the

LPS-based projections discussed here.

To further quantify and assess the statistical robustness of these differences, Fig. 4.10
presents the MMM LPS track density difference (flood minus drought) for the his-
torical (Fig. 4.10a) and SSP585 (Fig. 4.10b) scenarios, with hatching indicating
regions of statistical significance at the 95% confidence level based on a bootstrap
resampling test. In the historical period, a prominent positive anomaly in LPS
track density is evident over Central India and the northern Bay of Bengal (ap-
proximately 15°N-25°N; 80°E-95°E), indicating that flood years are systematically
associated with greater LPS activity in this region. Critically, this positive anomaly
is statistically significant, confirming that the flood—drought contrast in LPS be-
haviour is not attributable to internal variability or sampling uncertainty. Under
the SSP585 future scenario, this pattern is not only retained but becomes spatially
more extensive and of greater magnitude, with the region of significant positive

anomaly expanding further westward and northward over the Indian subcontinent.
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This amplification suggests that warming may intensify the role of LPS activity in
differentiating flood and drought monsoons, although the inter-model spread in the
magnitude of these changes introduces uncertainty in the precise spatial extent of

the projected signal.

Using experiments with General Circulation Models (GCMs) on seasonal mean pre-
diction and predictability, Goswami and Xavier [2005] shown that internal low-
frequency variability may account for a significant amount (approximately 50% or
more) of the observed interannual variability in the Indian summer monsoon. It
is difficult to establish a cause-effect relationship between internal variability and
interannual variability. There are studies that suggest that stronger LPS activity
was associated with flood monsoon years in the past [Krishnan et al., 2006]. The
link between LPS activity over the Bay of Bengal and the westward propagating
atmospheric disturbances from the Western North Pacific is known [Krishnamurti
et al., 1977; Srujan et al., 2022; Vishnupriya et al., 2022]. It may be possible that
the low-frequency coupled ocean-atmosphere variability like tropospheric biennial
oscillation modulates the LPS genesis over the Bay of Bengal by influencing this

teleconnection. This will be explored in a future study.

4.4 Summary and Conclusions

The roles of ENSO as well as monsoon synoptic activity in the interannual variability
of ISM have been investigated. Our analyses revealed that the ENSO significantly
influences the evolution of SST anomalies over the North Indian Ocean in the follow-
ing spring and summer. However, this strong correlation does not imply a causality,
especially in the backdrop of a weak relation between the Nino3.4 SST anomalies

of the year 0 winter and the ISM circulation and precipitation in year+1. This is
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particularly relevant in light of the Indo-Western Pacific Ocean Capacitor (IPOC)
mechanism proposed by Xie et al. [2016], which highlights a delayed ENSO influence
on the southwest Indian Ocean (SWIO) through oceanic Rossby wave propagation
and associated SST anomalies. While our regression patterns show a warming signal
over the SWIO consistent with this framework, the associated atmospheric response
over the Indian region, especially in terms of rainfall and low-level winds is weak or
inconsistent. Similarly, it is worth noting that Izumo et al. [2008] showed that ENSO-
related anomalies during the preceding winter can influence monsoon rainfall along
the west coast of India, particularly through mechanisms involving western Arabian
Sea upwelling. This suggests that although ENSO-related SST memory in the In-

dian Ocean is present, its capacity to modulate the subsequent summer monsoon
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FIGURE 4.6: Scatter plot of JJAS rainfall anomalies (TRMM) and LPS track
density anomalies (ERAD) after removing the influence of the DJF Nifo3.4 index
from both variables. Each point represents an individual year. The regression line
(blue) indicates the overall positive tendency. The partial correlation coefficient
and corresponding p-value are shown in the figure title (Partial Corr = 0.46, p =
0.040
may be limited or masked by competing internal variability. It also highlights that
the ENSO-monsoon teleconnection may exhibit spatial heterogeneity, with stronger
lagged effects over specific regions. Therefore, it remains difficult to attribute in-
terannual ISM rainfall fluctuations in the £10% range solely to ocean—atmosphere

coupling, underscoring the likely importance of internal atmospheric processes such

as low-pressure system activity.

Other than the external drivers such as the ENSO, the internal monsoonal processes
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FIGURE 4.7: LPS tracks over IO during flood years and drought years for histor-
ical and SSP585 scenarios using CMIP6 models
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FIGURE 4.10: Multi-model mean LPS track density difference (Flood-Drought)
for (a) historical and (b) SSP585 scenarios. Shaded regions indicate the magnitude
of the difference, while hatched areas denote regions where the differences are
statistically significant at the 95% confidence level based on bootstrap resampling
across models.

such as the low-pressure system activity can also contribute to the interannual vari-
ability of ISM. Our analysis showed that, during drought monsoon years, on average
the LPS genesis decreased by two storms per summer season. Also, the propa-
gation of LPSs over continental India was incoherent in drought monsoon seasons
compared to the flood monsoon seasons. These variabilities in LPS activity can
substantially contribute to the ISM rainfall variability. Our analysis of low-level
monsoon circulation suggest an increased advection from the northern Arabian Sea
and the West Asian desert region towards the continental India. This might be an-
other contributor to the ISM rainfall variability as suggested by earlier studies [Singh
and Sandeep, 2022, 2024]. Thus, both internal and external factors contribute to
the interannual variability of ISM rainfall Krishnan et al. [2011] highlighted that
monsoon LPS events, when coinciding with a positive Indian Ocean Dipole (I0OD),
enhance monsoon activity over the Indian subcontinent. As LPS are a component
of sub-seasonal variability, understanding how sub-seasonal variability impacts the

interannual variability of ISM remains an important area for future research.






Chapter 5

The Extreme Fluctuations of the ISM Interannual

Variability in CMIP6 Future Simulations

5.1 Introduction

Despite numerous studies projecting changes in monsoon mean rainfall and short-
duration extremes, the future behavior of extreme excess (EE) and extreme deficit
(ED) rainfall events remains underexplored. Previous research often emphasizes
mean or moderate anomalies, whereas events that exceed £10% of seasonal mean
rainfall, which carry the greatest socio-economic impacts, have received compara-
tively little attention. The uncertainty surrounding the occurrence and frequency of
these extreme events in different future scenarios show EDs significant implications
for the robustness of future climate risk assessments and the formulation of effec-
tive adaptation and mitigation strategies. This study focuses on the occurrence,
frequency, and return periods of EE and ED under historical and future scenarios
using Coupled Model Intercomparison Project Phase 6 (CMIP6) data. We further
investigate the role of LPS and ENSO in modulating these extremes under changing

climate conditions.
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5.2 Datasets and Methodology

5.2.1 Datasets overview

The analysis utilizes monthly rainfall data from 25 CMIP6 models, selected based on
their availability within the emission scenarios considered. The study examines his-
torical simulations spanning 1930-2014, as well as future projections under SSP126,
SSP245, and SSP585 scenarios [ Van Vuuren et al., 2014; O’Neill et al., 2017] for the
period 2015-2099. The Indian Meteorological Department yearly gridded rainfall
data (0.25° x 0.25°) [Pai et al., 2014] used as a observation to validate models. For
effective comparison, all models are regridded to a 0.25° x 0.25° resolution to align
with the observational dataset using bilinear interpolation. For each model and
summer season, the mean monsoon rainfall is calculated by averaging the monthly
rainfall data from June to September (JJAS) over central India (75°E-85°E, 19°N-
26°N). To ensure uniformity, only one ensemble member (rlilplfl, when available)
is utilized for each model, regardless of the availability of additional ensemble mem-
bers. An overview of the modelling centres and their native spatial resolutions are

provided in Table 2.1.

Daily gridded sea level pressure data is available for only 18 CMIP6 models from
this list 2.1 and is used to track LPS during JJAS, while SST data from 20 models
in this list (based on availability) is analyzed to study El Nino Southern Oscillation
(ENSO).

5.2.2 Methods

Based on previous studies, excess and deficit events in the ISM are identified by

calculating the percentage departure from the mean of JJAS precipitation. In
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this study, we focus on EE and ED events. To determine these, we calculate
thresholds based on the 90 percentile (Figure 5.2) of the percentage deviation
of seasonal rainfall anomalies from the long-term mean averaged over central India
(75-85°E, 19-26°N), using historical all-forcing runs and future climate projections
from CMIP6 models. Specifically, the years in which the seasonal mean rainfall
anomaly exceeds 90" percentile on the positive (negative) side are considered EE
(ED) years. The thresholds derived for the historical scenario are consistently ap-

plied to future scenarios.

The return period of EEs and EDs is calculated using a generalized extreme value
distribution (GEV) [Von Storch and Zwiers, 2002]. The GEV distribution is fitted
to the annual maxima and minima of JJAS precipitation anomalies for floods and
droughts, respectively. The probability distribution is parameterized by the location
(1), scale (¢), and shape (£) parameters, which are estimated using the maximum

likelihood estimation method.

The return level for a specific return period is derived from the inverse cumulative

distribution function of the GEV, expressed as:

((-2)) ) weso o

where (¢ = 0) corresponds to the Gumbel distribution and the return

o
Tr = WU+ =

§

level simplifies to:

IT—u—aln(—ln<1—%>). (5.2)

For each threshold corresponding to EE and ED events, the return peri-

ods are calculated by inverting the GEV cumulative distribution:
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1
T = 1—F@ (5.3)

This methodology ensures a consistent and robust determination of the recurrence
intervals of extreme flood and drought events under both historical and future sce-

narios.

We used the tracking technique of Praveen et al. [2015] to follow the paths of LPS
in the ERA-5 reanalysis data. Using gridded daily sea level pressure (SLP) data,
this technique finds closed isobars at intervals of 1 hPa to detect and track LPS.
Additionally, this technique uses the pressure depth (ASLP) to classify the LPS

depending on their intensity category.

Nino 3.4 index is calculated using SST anomalies averaged over 5°N-5°S, 170°W-120°W,

with a 5-month running mean applied.

5.3 Results and Discussion

5.3.1 Number and Return Period of EE and ED years over

central India in Different CMIP6 Scenarios

The percentage deviation of summer monsoon (June-September) rainfall over cen-
tral India (75-85°E, 19-26°N) was computed for the period 1930-2014. Green bars
represent EE events, red bars indicate ED events, and blue bars denote normal years
(Fig. 5.1). The Fig. 5.1 illustrates the results from the IMD gridded rainfall dataset,
which records 5 EE and 5 ED events from 1930 to 2023. The mean threshold used
for EE is 18.5% and ED is -22.4% by calculating the mean of deviations exceed-

ing above and falling below the threshold and it is showed as histogram of JJAS
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percentage of departure of rainfall anomalies and number during the time period of
1930-2023 in Fig.5.2. For historical scenarios, data from 1930 to 2014 is analyzed,
while for future projections under the SSP585, SSP245, and SSP126 scenarios, data
from 2015 to 2099 is considered. The historical mean-based thresholds are applied
uniformly to each model’s future scenario simulations. Figure 5.2 shows the results
for 25 CMIP6 models under historical conditions, and Figs 5.3, 5.4, 5.5, extend this
analysis to future scenarios. The mean thresholds for EE and ED for each model
are included in table 5.1. The multimodel mean of CMIP6 models shows 4.4 EE

and 4.8 ED events, closely aligning with observations.

Figure 5.7 presents box—whisker plots of EE and ED event counts under historical
and future scenarios. Detailed model-wise counts are provided in table 5.2. Blue
boxes represent historical simulations, while orange, yellow, and pink boxes corre-
spond to SSP126, SSP245, and SSP585, respectively. The historical medians for
both EE and ED are 5. Under SSP126, the EE median remains comparable to
historical levels (5 years) but exhibits greater inter-model spread, while the ED me-
dian decreases slightly (4 years). In SSP245, the EE median increases to 6 years
and the ED median declines to 3 years, with considerable variability across mod-
els. Under SSP585, the EE median increases to 7 years, accompanied by pronounced
inter-model uncertainty, highlighting a higher likelihood of extreme wet events under
high-emission conditions. The ED median under SSP585 (5 years) remains compa-
rable to the historical level, though with a considerably larger inter-model spread

relative to lower emission scenarios.

EE and ED counts show relatively low variability across models during the historical
period, with narrow interquartile ranges and constrained whiskers. Under SSP126,
a low-emission pathway, the EE distribution remains centered near historical lev-

els but with greater variability, while the ED median decreases slightly. SSP245
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exhibits a further increase in EE frequency and a broader interquartile range, high-
lighting growing model uncertainty. In contrast, the ED median declines, pointing
to a shift toward more floods and fewer droughts under moderate warming. SSP585
shows the most pronounced changes: both EE and ED medians increase, accompa-
nied by wide interquartile ranges and extended whiskers, reflecting not only higher
event frequency but also substantial inter-model disagreement. This indicates that
while extreme events are projected to become more common under high-emission

conditions, their magnitude and occurrence remain highly uncertain.

A clearer separation in the trajectories of floods and droughts emerges across emis-
sion scenarios. EE frequency increases consistently with warming, supported by
thermodynamic mechanisms such as Clausius-Clapeyron scaling, which enhances
the moisture-holding capacity of the atmosphere and intensifies convective rainfall.
In contrast, ED trends are more variable. SSP126 shows little change from the
historical period. SSP245 indicates fewer, but potentially longer-lasting, droughts.
SSP585 projects a clear increase in drought frequency. This divergence highlights
differing sensitivities of hydrological extremes to warming, with floods responding
more directly to thermodynamic forcing, while droughts are shaped by complex
interactions involving soil moisture memory, land—atmosphere feedbacks, and sea

surface temperature (SST) variability.

The return period of EE and ED are calculated for historical and future scenarios.
Figure 5.8 compares the return period for EE and ED years under four scenar-
ios—Historical, SSP126, SSP245, and SSP585. The return period of EE and ED in

each model for different scenarios is depicted in table 5.3.

The historical simulations provide a reference for understanding natural variability
in flood and drought occurrences. The median return period for EE years in histor-

ical simulations is 17.23 years, while that for ED years is 19.77 years. The return
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periods for EE years show a progressive decline across future scenarios, indicating
that EE will become more frequent as global warming intensifies. Under SSP126,
which represents a low-emission trajectory, the median return period for EEs re-
mains close to the historical value at 15.74 years and remains nearly unchanged at
17.20 years in SSP245, and further decreases to 12.15 years in SSP585. This finding
supports projections that intensified precipitation extremes under high greenhouse
gas concentrations will enhance moisture transport and convective activity, leading
to more frequent extreme rainfall events [Menon et al., 2013; Katzenberger et al.,

2022].

For ED events, the historical median return period is 19.77 years, increasing slightly
to 21.00 years under SSP126, which suggests that droughts may become only marginally
less frequent in a low-emission future. Under SSP245, the median return period rises
further to 28.56 years, indicating a noticeable reduction in drought frequency, likely
reflecting the interplay between warming-driven drying and enhanced rainfall vari-
ability. In contrast, SSP585 shows a decline in the median return period to 16.86
years, pointing to more frequent droughts under high-emission conditions. This
outcome aligns with projections that stronger warming enhances evapotranspira-
tion and decreases soil moisture, thereby intensifying the recurrence and severity of

drought events.

The analysis reveals a clear contrast between EE and ED trends under different emis-
sion scenarios. While EE show a more consistent reduction in return periods across
all future scenarios, droughts exhibit a more complex pattern, with SSP245 indi-
cating prolonged but less frequent droughts, while SSP585 projects a clear increase
in drought frequency. The interquartile range and presence of outliers in higher-
emission scenarios highlight significant model variability, suggesting that some re-

gions may experience even more extreme shifts in flood and drought frequencies.
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The findings underscore the increasing hydroclimatic volatility expected under cli-
mate change, particularly in monsoon-dependent regions where the balance between

wet and dry extremes is already fragile.

This analysis highlights scenario-dependent shifts in the return periods of EE and
drought years, revealing the increasing frequency of extreme events under higher
emissions. The return period for EEs decreases progressively across scenarios, with
SSP585 showing the most significant increase in flood frequency, as indicated by a
median return period of 15.90 years compared to 24.59 years historically. In contrast,
the return periods for ED years exhibit a nonlinear pattern, with SSP245 suggesting
longer but less frequent droughts, while SSP585 projects a clear increase in drought
frequency, reducing the return period to 23.19 years compared to 28.62 years his-
torically. These results reinforce concerns about the intensification of hydroclimatic

extremes in a warming world.
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FIGURE 5.1: JJAS mean rainfall departure (in percentage) from IMD gridded
rainfall data over Central India (75 °E — 85 °E and 19 °N — 26 °N) during 1930 to
2014

5.3.2 Relation between LPS and EE and ED years

Extreme rainfall events over central India are largely driven by synoptic-scale mon-

soon LPS, which frequently develop during the monsoon season |[Goswami et al.,
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FIGURE 5.2: Histogram of JJAS percentage of departure of rainfall anomalies
and number of years with extreme excess and extreme deficit threshold during
the time period of 1930-2023 from IMD Rainfall data.

2006; Sikka, 2006]. Nearly 50% of the total monsoon season rainfall is attributed to
these systems, making them a major contributor to seasonal precipitation | Yoon and
Chen, 2005]. The increased frequency of extreme rainfall events in central India is
linked to a simultaneous rise in synoptic-scale activity driven by LPS over the region
[Ajayamohan et al., 2010]. Ajayamohan et al. [2010] also quantify that the rise in
weak monsoon lows contributes more significantly to synoptic activity than stronger
monsoon storms and depressions. They further report that LPS-related extreme
rainfall events increased by 22% between 1951 and 2003, while non-LPS-related

events rose by only 2.5%.

The LPS activity during EE and ED years is analyzed to understand the role of mon-
soon sub-seasonal variability in driving EE and ED events. Figure 5.9 a and b shows
the multimodel track density composites of LPS for EE and ED in the historical sce-
nario. The historical EF composite exhibits 5+0.36 LPS tracks per square degree
per year, while the ED composite shows 3.74+0.38 LPS tracks per square degree per

year during the ISM period. Figure 5.9¢) shows the difference between EE and ED
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over Central India (75 °E — 85 °E and 19 °N — 26 °N) for Historical during 1930
to 2014.
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FIGURE 5.4: JJAS mean rainfall departure (in percentage) in CMIP6 Models
over Central India (75 °E — 85 °E and 19 °N — 26 °N) for SSP126 during 2015 to
2099.
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FIGURE 5.5: JJAS mean rainfall departure (in percentage) in CMIP6 Models
over Central India (75 °E — 85 °E and 19 °N — 26 °N) for SSP245 during 2015 to

2099 .
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FIGURE 5.6: JJAS mean rainfall departure (in percentage) in CMIP6 Models
over Central India (75 °E — 85 °E and 19 °N — 26 °N) for SSP585 during 2015 to
2099 .
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TABLE 5.1: EE and ED mean thresholds for IMD rainfall data and CMIP6 models

Sl. No. Model/Observation EE Mean Threshold (%) ED Mean Threshold (%)

1 IMD 18.50 -92.40
2 CESM2-WACCM 29.08 _41.16
3 MPI-ESM1-2-LR 16.05 _18.55
4 NorESM2-LM 54.65 -61.02
5 MIROCS6 22.68 24.52
6 AWIL-CM-1-1-MR, 13.83 -19.13
7 TaiESM1 33.55 ~42.89
8 FIO-ESM-2-0 26.54 -26.96
9 CAMS-CSM1-0 19.58 _18.57
10 CanESM5 93.25 -55.39
11 CAS-ESM2-0 20.47 -23.32
12 CIESM 29.84 -30.04
13 CMCC-CM2-SR5 28.16 -33.64
14 CMCC-ESM2 23.37 -35.05
15  FGOALS-f3-L 44.90 _54.06
16  FGOALS-g3 69.00 ~43.42
17 GFDL-ESM4 29.42 -35.56
18  TITM-ESM 31.14 -38.44
19  INM-CM5-0 20.05 -24.95
20  TPSL-CM6A-LR 17.57 “17.58
21  KACE-1-0-G 77.64 77,64
22 KIOST-ESM 38.26 _35.57
23 MRI-ESM2-0 43.43 ~48.09
24  NESM3 23.81 -22.60
25  ACCESS-CM2 95.56 -80.66
26 ACCESS-ESM1-5 108.19 ~76.20

composite and the moderate increase in LPS activity during EE years indicates that
EEs over central India are supported by a higher number of LPS compared to EDs.
Furthermore, EE years display a coherent northwestward propagation of LPS into
the Indian land region, whereas ED years exhibit reduced northward propagation
and a more prominent eastward propagation of LPS away from the Indian landmass.
This finding is consistent with Krishnamurthy and Ajayamohan [2010], who reported
that during flood monsoon years, LPS tracks extend as far as northwest India, while

in drought years, they remain limited to central India. According to Sandeep et al.
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FIGURE 5.7: Box-whisker plot of the number of extreme excess (EE) and extreme
deficit (ED) years across CMIP6 models under historical, SSP126, SSP245, and
SSP585 scenarios. The boxes represent the interquartile range (25th-75th per-
centile), the red line denotes the median, the whiskers extend to 1.5 times the
interquartile range, and open circles indicate outliers.
[2018], the poleward shift in LPS activity is linked to a rise in precipitation extremes
over northern India. This reduced northward propagation and enhanced eastward

propagation of LPS can be attributed as a key factor contributing to ED occurrences

over central India.

we computed composites of JJAS mean rainfall for EE and ED years and their differ-
ence using CMIP6 historical simulations for the period of 1930-2014, which revealed
that EE years exhibit significantly higher precipitation over central India - a region
strongly influenced by LPS compared to ED years (Figure 5.10). Moreover, we an-
alyzed JJAS precipitation composites for LPS-active and LPS-less-active years and
their difference using the multimodel mean of CMIP6 historical simulations (Figure
5.11). To identify these years, we constructed a time series of LPS days during the

monsoon season (June—September) based on a historical track dataset. A day was
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TABLE 5.2: Number of extreme excess (EE) and extreme deficit (ED) years for
IMD and CMIP6 models under historical and future scenarios.

SI. No. Model/Observation Extreme Excess Years Extreme Deficit Years
Hist. SSP585 SSP245 SSP126 Hist. SSP585 SSP245 SSP126

1 IMD 5 5

2 CESM2-WACCM 5 12 14 16 4 4 8 11
3 MPI-ESM1-2-LR 5 16 7 7 5 12 3 4
4 NorESM2-LM 5 4 3 1 4 2 3 4
5 MIROC6 5 8 6 10 4 7 7 8
6 AWI-CM-1-1-MR 5 13 2 2 4 6 5 3
7 TaiESM1 5 6 5 5 4 1 1 1
8 FIO-ESM-2-0 4 10 10 5 5 7 5 3
9 CAMS-CSM1-0 5 10 8 6 5 10 7 5
10 CanESM5 4 3 7 8 5 12 12 13
11 CAS-ESM2-0 5 6 4 2 4 3 1 4
12 CIESM 5 8 11 8 5 9 5 10
13 CMCC-CM2-SR5 5 3 7 6 4 2 2 4
14 CMCC-ESM2 5 9 6 6 4 6 1 1
15 FGOALS-f3-L 5 8 4 3 5 5 1 2
16 FGOALS-g3 4 6 3 4 5 10 8 8
17 GFDL-ESM4 5 7 4 8 5 7 3 2
18 IITM-ESM 5 6 7 7 4 4 4 3
19 INM-CM5-0 5 9 7 11 5 6 2 3
20 IPSL-CM6A-LR 5 8 5 4 5 4 3 6
21 KACE-1-0-G 4 5 2 0 5 1 0 0
22 KIOST-ESM 5 1 4 1 5 2 3 2
23 MRI-ESM2-0 5 6 4 7 5 3 2 6
24 NESM3 5 12 7 4 5 13 5 7
25 ACCESS-CM2 4 7 4 3 5 5 5 3
26 ACCESS-ESM1-5 4 5 8 5 5 0 4 5

classified as an "LPS day” if any low-pressure system was present over the Indian
region according to the synoptic track data. For each year, the total number of LPS
days was computed based on unique daily occurrences. Years with LPS day counts
exceeding one standard deviation above the climatological mean were classified as
LPS-active, while those with counts more than one standard deviation below the
mean were considered LPS-less-active. This methodology, widely used in monsoon
diagnostics, effectively captures both the frequency and persistence of LPS activ-
ity and provides a robust framework to examine their linkage with seasonal rainfall.
Our analysis shows that LPS-active years are associated with high precipitation over
Central India, while LPS-less-active years show markedly reduced rainfall, further

underscoring the critical role of LPS in modulating monsoon extremes.
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FIGURE 5.8: Box-whisker plot of the return periods (in years) of extreme ex-
cess (EE) and extreme deficit (ED) monsoon events across CMIP6 models under
historical, SSP126, SSP245, and SSP585 scenarios. The boxes represent the in-
terquartile range (25th—-75th percentile), the red line denotes the median, the
whiskers extend to 1.5 times the interquartile range, and open circles indicate
outliers.

In future projections, the number of LPS tracks per year decreases by 3.27% during
EE events and by 7.69% during ED events compared to historical events (Figure
5.12).To compare LPS tracks across the historical and SSP585 scenarios, they are
normalized by the respective number of years in each scenario. The difference be-

tween the LPS tracks formed during EE and ED during historical and SSP585 is

comparatively less and not considerable (Figure 5.9 a and b).

5.3.3 Examination of coincidence of ENSO with EE and ED

years

Thirumalai et al. [2024] reported that a shallower mixed layer and a weakened Walker

circulation contribute to an increased frequency of extreme El Nino events under
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TABLE 5.3: Return period (years) of extreme excess (EE) and extreme deficit
(ED) events for IMD and CMIP6 models under historical and future scenarios.

Extreme Excess Years Return Period Extreme Deficit Years Return Period

Sr. No. Model/Observation
Hist. SSP585 SSP245 SSP126 Hist. SSP585 SSP245 SSP126

1 IMD 22.17 24.47

2 CESM2-WACCM 12.67 6.04 5.13 5.63 26.06 17.41 9.68 11.20
3 MPI-ESM1-2-LR 23.44 5.44 11.04 13.16 16.04 6.91 17.14 17.49
4 NorESM2-LM 15.63  14.75 19.13 39.97 2298  36.47 31.63 24.32
5 MIROC6 21.59 8.84 11.38 8.72 16.87  11.22 14.73 12.56
6 AWI-CM-1-1-MR 15.43 7.57 27.10 18.96 22.52  14.78 23.02 29.40
7 TaiESM1 18.47  18.93 17.48 20.89 22.18  136.27 71.59 81.44
8 FIO-ESM-2-0 16.23  10.45 11.98 19.42 26.44  16.15 13.89 16.77
9 CAMS-CSM1-0 15.08 7.89 11.19 18.38 12.11 7.74 10.81 13.28
10 CanESM5 20.00  17.86 13.34 13.43 11.54 9.19 7.03 7.94

11 CAS-ESM2-0 13.94  14.26 20.27 14.24 23.06  42.08 87.34 25.87
12 CIESM 20.62 6.76 9.77 10.02 21.26 7.38 12.89 8.92

13 CMCC-CM2-SR5 2949 1491 18.33 11.19 18.28  56.93 31.81 20.52
14 CMCC-ESM2 9.05 6.81 14.17 13.62 22.77  23.83 59.07 55.55
15 FGOALS-3-L 13.67  9.46 24.79 27.59 25.69 16.86 41.98 40.23
16 FGOALS-g3 17.23  16.56 33.03 16.38 16.00 9.79 11.85 9.95

17 GFDL-ESM4 8.80 9.13 20.41 11.62 19.77  15.62 69.77 30.80
18 IITM-ESM 14.50  15.80 13.72 12.25 25.39  22.07 23.89 21.00
19 INM-CM5-0 9.82 .77 10.50 9.99 2428  14.09 37.44 21.44
20 IPSL-CM6A-LR 18.52  12.15 23.37 15.94 13.49 1443 30.00 16.14
21 KACE-1-0-G 18.49  25.73 57.25 117.33 22.38  83.16 115.90 233.72
22 KIOST-ESM 18.30  93.18 17.20 94.35 14.56  30.34 36.06 39.62
23 MRI-ESM2-0 1710  13.02 18.05 12.97 1723 26.70 32.61 14.49
24 NESM3 24.68 8.87 14.20 23.19 17.21 9.09 16.46 14.16
25 ACCESS-CM2 1731  12.84 22.02 21.63 17.21  17.58 21.04 32.12
26 ACCESS-ESM1-5 19.25  14.65 14.93 16.11 1716 39.62 28.56 23.17
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FIGURE 5.9: a-b)Multi model LPS track density composite for extreme excess
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FIGURE 5.10: Multimodel mean composite for a) extreme excess years JJAS
precipitation, b) extreme deficit years JJAS precipitation, c¢) Difference between
extreme excess and extreme deficit composite, using CMIP6 historical simulations
during the time period of 1930-2014. Hatching in panel (c) indicates regions
where the difference is statistically significant at the 95% confidence level based
on a bootstrap permutation test. The black box denotes the core monsoon zone
(75-86°E, 19-26°N)
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cipitation, b) LPS-less-active years JJAS, c)difference between LPS-active years
and LPS-less-active years precipitation using CMIP6 historical simulations during
the time period of 1930-2014. Hatching in panel (c) indicates regions where the
difference is statistically significant at the 95% confidence level based on a boot-
strap permutation test. The black box denotes the core monsoon zone (75-86°E,
19-26°N)
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FIGURE 5.12: a) Difference between SSP585 and historical extreme excess mul-

timodel LPS track density composite , b) Same for extreme deficit. Unit- Tracks

per square degree per year.
greenhouse warming. To analyze ENSO occurrences in climate models, the Nino3.4
index was calculated for each model, and the total number of years falling within
different Nino3.4 bins was determined, as shown in Figure 5.13, for both historical
and SSP585 scenarios. The distribution of events reveals a distinct shift in frequency
under the SSP585 scenario compared to the historical period. The number of events
in moderate to extreme El Nifo (positive Nino3.4) and La Nina (negative Nifno3.4)
categories appears to change, indicating a potential alteration in ENSO variability
under future warming. Specifically, extreme El Nifio events (Nifo3.4 >2.5) are
more frequent under SSP585, suggesting an intensification of ENSO extremes in a
warmer climate. Conversely, moderate La Nina events (Nino3.4 <-1.5) appear to
show variations in occurrence, which may imply asymmetric responses of ENSO
phases to greenhouse forcing. Moderate ENSO events are projected to decrease
under future scenarios of greenhouse warming compared to the historical period,
while extreme ENSO events are expected to increase. In the SSP585 scenario, the
number of neutral years (-0.5 < Nino3.4 < 0.5) appears to decline, suggesting that
ENSOQO variability is shifting toward more frequent extreme events, with stronger El

Nino and La Nina episodes under future warming.
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To analyze the relationship between ENSO events and EE/ED occurrences, the
probability of EE and ED within each Nino3.4 bins was calculated. Figure 5.14
illustrates the probability or relative frequency of EE and ED in historical Nino3.4
anomaly bins. To quantify the uncertainty in the estimated probabilities of large
flood and drought years across Nino 3.4 index bins, 95% confidence intervals (CIs)
were computed for each bin. These intervals provide a statistical range within which
the true probability is likely to lie with 95% confidence and this confidence intervel
depicted as error bars in the plot. These findings are further supported by the highly
significant chi-square test results (p < 0.0001), indicating that the distribution of
flood and drought probabilities across ENSO phases deviates significantly from a
uniform distribution. EE occurrence is more frequent in moderate La Nina bins
(e.g., -2 to -1.5 and -1.5 to -1), reaching approximately 10-15%), consistent with the
enhanced rainfall typically associated with La Nina. In contrast, ED shows a higher
probability in moderate to extreme El Nino bins. However, in extreme El Nino bins,
the presence of large error bars indicates uncertainty in these estimates. Overall, La

Nina conditions tend to favor EE, while El Nino favors ED.

Interestingly, in the SSP585 scenario (Figure 5.15), EE occurrences increase in El
Nino bins compared to La Nina bins. While historical data clearly show more EE
events during La Nina and more ED events during El Nino, this relationship appears
to shift in the future, introducing greater uncertainty. The increased presence of EE
under El Nino conditions in SSP585 aligns with findings from previous studies [Cai
et al., 2014b]. The increase in the number of EE events and the decrease in their
return period under the SSP585 scenario (Figure 5.8) can be attributed to the rise in
EE occurrences during El Nino years. The reported increase in El Nino events may
have contributed to the higher frequency of EE events, likely driven by greenhouse

warming. The increase in ED events during La Nina, compared to EE, highlights
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the uncertainty surrounding the factors driving extreme events in future warming

scenarios.
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5.4 Discussion

In this study, we use CMIP6 models to analyze the number and return period of
the EE and ED and their relationship with the LPS and ENSO. The CMIP6 mul-
timodel ensemble captures the frequency of large floods and droughts during the
historical period reasonably well, corroborating IMD observations. This alignment
suggests that the models are sufficiently skillful for future projection analysis. The
biases in the model simulations are not quantified in this study, which is a con-
straint. We found that the increase in EE count and decrease in its return period
over central India in future scenarios, compared to ED occurrences, suggests that
future climates are likely to experience more frequent wetter seasons. Several previ-
ous studies have reported intensifying trends of wet seasons under future warming
scenarios [Kamizawa and Takahashi, 2018; Sharmila et al., 2015]. It is widely recog-
nized that the warming Indian Ocean contributes to the observed trend by increasing
atmospheric moisture content, leading to enhanced moisture convergence over the
region [Singh et al., 2019; Cherchi et al., 2011; Mei et al., 2015; Seth et al., 2013;

Sooraj et al., 2015]. The decline in return periods for EE events under SSP245 and
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SSP585 supports earlier findings that increased atmospheric moisture and intensify-
ing monsoon variability under warming conditions may drive more frequent extreme
rainfall [Menon et al., 2013; Katzenberger et al., 2022]. The increased frequency of
EE events in future scenarios is consistent with Clausius-Clapeyron scaling, which
predicts enhanced moisture-holding capacity of a warmer atmosphere and more in-
tense convective precipitation. This result is particularly evident in SSP585, where

EE return periods fall sharply, reflecting a more flood-prone future.

However, despite this general trend, a critical issue that emerges is the increasing
inter-model spread and ensemble variability, particularly in the SSP245 and SSP585
scenarios. The widening of the interquartile range and the extended whiskers in box-
whisker plots Figure 5.7 and Figure 5.8 point to heightened uncertainty in projecting
future hydroclimatic extremes. This variability implies that while models agree
on an overall increase in EEs and complex changes in EDs, the magnitude and
spatial manifestation of these changes are highly model-dependent. Such divergence
suggests that internal climate variability and differing model sensitivities to warming
play a substantial role in modulating extreme precipitation and dry spells, making

regional projections less robust.

The uncertainty is even more evident in the simulation of ED events. While SSP126
and SSP245 scenarios suggest either similar or longer return periods for droughts,
indicating less frequent but possibly more persistent droughts, the SSP585 scenario
reverses this trend, projecting more frequent EDs with a return period of 12.15 years.
This nonlinear response points to the intricate nature of drought formation, which
depends not only on precipitation deficits but also on warming-induced evapotran-
spiration, changes in land—atmosphere coupling, and soil moisture dynamics [Dai,
2013]. The inconsistencies in ED trends across scenarios and models reflect the

difficulty in capturing these feedbacks in global models, contributing to uncertainty.
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An additional caveat relates to the relatively coarse spatial resolution of CMIP6 mod-
els (100 km), which may limit their ability to capture sub-grid scale processes critical
for simulating extremes. Recent advances in high-resolution Earth system model-
ing demonstrate substantial improvements in representing such events. For example,
the high-spatial resolution Community Earth System Model (CESM-HR) reproduces
observed temperature skewness and more realistically simulates the persistence and
intensity of heatwaves across Asia, including India, compared to lower-resolution
models [Gao et al., 2023]. Similarly, high-resolution CESM-HR simulations capture
atmospheric river-induced extreme precipitation events with greater fidelity, project-
ing that areas affected by such extremes may more than double under strong warm-
ing, whereas coarse CMIP models substantially underestimate these intensities [Guo
et al., 2024]. More broadly, high-resolution modeling frameworks have been shown to
better capture multi-sphere interactions (atmosphere-land—ocean—chemistry), which
are often misrepresented in coarse CMIP-class models [Gao et al., 2025]. These
advances underscore that our CMIP6-based results likely provide conservative es-
timates of extremes, and future work using high-resolution models or downscaling
approaches will be important to refine projections of Indian monsoon floods and

droughts.

A key dynamic factor influencing both EEs and EDs is the behavior of monsoon
LPS, which are major synoptic-scale rain-bearing systems during the Indian sum-
mer monsoon. The composite analysis for historical EE years shows increased LPS
occurrence and deeper penetration into central India, reinforcing their role in gen-
erating heavy rainfall. These findings are consistent with the composite structure
of LPS as described by Krishnamurthy and Ajayamohan [2010], who found that
well-organized LPS intensify convection and moisture convergence, significantly en-

hancing regional rainfall during their passage.
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Moreover, the broader climatological trend of increased LPS frequency and activity
during the late 20th century, as observed by Ajayamohan et al. [2010], directly
supports the current study’s results. Their analysis demonstrated a robust link
between the rising frequency of LPS and the increased incidence of extreme rain
events over central India, consistent with the observed increase in flood years and
LPS tracks in this study. They also emphasized that the intensification of synoptic-
scale activity could be attributed to warming-induced changes in the background
monsoon circulation, which enhances the formation and inland propagation of LPS,

a dynamic that is also evident in our historical composites.

However, future projections under SSP585 complicate this picture. Despite an in-
crease in flood frequency, a decline in LPS frequency is noted for both EEs and EDs
by 3.27% and 7.69%, respectively. This apparent paradox can be explained by the
changing nature of LPS dynamics under high warming scenarios, which may include
weakening of the monsoon trough, enhanced stability in the lower troposphere, or
deflection of LPS tracks away from central India [Sandeep et al., 2018]. Srujan
et al. [2021] reported that the LPS trajectory structure in CMIP5 models exhibits
westward propagation over land, deviating from the observed north-westward move-
ment. Such deviations in the modeled LPS trajectories could lead to spatial shifts
in rainfall anomalies and contribute to uncertainty in flood and drought projections

in Central India.

The role of ENSO further underscores the complexity and uncertainty in extreme
event projections. In historical simulations, EE events are more likely during La
Nina conditions, while EDs are associated with El Nino phases. This association
aligns with established ENSO-monsoon teleconnections [Rozy et al., 2014]. How-

ever, under SSP585, the ENSO-EE/ED relationship becomes less consistent, with
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increased EE occurrences during El Nino years, a reversal from the historical pat-
tern. This shift reflects emerging evidence of ENSO phase asymmetry and altered
teleconnection pathways under climate change [Thirumalai et al., 2024; Cai et al.,
2014a]. Additionally, the greater frequency of extreme ENSO events and fewer neu-
tral years under SSP585 further complicate the interpretation of climate extremes,

since ENSO is both a driver and modulator of Indian monsoon variability.

5.5 Summary and Conclusions

In this study, 25 CMIP6 models are used to analyze the historical and future fre-
quency of large ISM extremes over central India. The models show good agreement
in simulating the historical EE and ED counts and their return periods. However,
in future scenarios, this agreement breaks down, with most models exhibiting signif-
icant uncertainty and high variability in both the number of events and their return
periods. The increase in EE count and decrease in its return period over central India
in future scenarios, compared to ED occurrences, suggests that future climates are
likely to experience more frequent wetter seasons. Several previous studies have re-
ported intensifying trends of wet seasons under future warming scenarios [Kamizawa
and Takahashi, 2018; Katzenberger et al., 2022; Sharmila et al., 2015]. However, this
study focuses on large extreme events and reveals that, beyond the overall wetting
trend, strong wet extremes are projected to intensify significantly in future scenarios

driven by global warming.

The higher track density and more pronounced northwestward propagation of LPS
over the Indian landmass during EE compared to ED indicate the role of sub-seasonal
synoptic activity in extreme wet events. The influence of LPS activity, on EE and ED

occurrences remains consistent between historical and future scenarios. Although
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LPS tracks exhibit a decreasing trend, the reduction is not significant. Sorland
and Sorteberg [2016] suggested that LPS forming in a warmer and more humid
atmosphere are more likely to produce heavy precipitation events, potentially leading
to severe flooding. However, our analysis shows only a marginal change in the
number of LPS tracks under warmer future scenarios. A more detailed investigation
is required to understand how the moisture-holding capacity of LPS evolves in a

warming climate.

The occurrence of El Nino and La Nina years is associated with weak and strong
ISM years [Kumar et al., 2006]. Our analysis reveals that future warming scenarios
are likely to alter ENSO variability, with an increase in extreme El Nino events
and a decrease in neutral years and moderate El Nino frequency under the SSP585
scenario and this agress with [Wang et al., 2017] results using CMIP5 models. This
shift in ENSO characteristics significantly influences the frequency of EE and ED
occurrences. While historical data show a clear relationship between La Nina and
EE events, and El Nino and ED events, this relationship becomes more uncertain
in future projections. Notably, EE events are projected to occur more frequently
during El Nifio years in the SSP585 scenario, suggesting a fundamental change in
the link between ENSO and ISM extremes. The increase in EE occurrences and the
corresponding reduction in their return periods are likely driven by the rise in El
Nino events under greenhouse warming. Conversely, the higher probability of EE
during La Nina years in the future highlights the complex and uncertain nature of

the mechanisms driving extreme events in a warming climate.






Chapter 6

Conclusions and Scope of Future Work

6.1 Conclusions

The key points of the thesis are as follows:

1. The contribution of Indian Ocean OHT variability on the interannual variabil-

ity of ISM is not significant.

2. The difference in seasonal mean precipitation over central India between drought
and flood monsoons is approximately 20%, whereas the corresponding differ-

ence in OHT is less than 2%.

3. Weaker interannual variability in monsoon low-level winds results in reduced

variability in OHT.

4. No evidence to support the self regulation of Interannual variability of ISM

rainfall through the ocean-atmosphere coupling over the Indian Ocean.

5. ENSO significantly influences the evolution of sea surface temperature (SST)

anomalies over the North Indian Ocean in the subsequent spring and summer.

6. The observed ENSO — SST correlation does not imply direct causality, espe-
cially given the weak link between Nino3.4 SST anomalies in year O winter and

ISM circulation and precipitation in year +1.
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7.

10.

11.

12.

During drought monsoon years, the average number of LPSs decreases by

about two storms per summer season.

LPS propagation over continental India is more incoherent during drought

monsoon years compared to flood years.

Variability in LPS activity contributes substantially to the interannual vari-

ability of Indian Summer Monsoon rainfall.

The projections indicate that extreme excess rainfall years are likely to occur
more frequently and with shorter return periods, suggesting a shift toward
wetter and more intense monsoon seasons. In contrast, extreme deficit exhibit

a weaker and more uncertain response.

The higher track density and more pronounced north-westward propagation
of LPS over the Indian landmass during extreme excess compared to extreme

deficit indicate the role of sub-seasonal synoptic activity in extreme wet events.

The historical association of La Nina with floods and El Nifio with droughts
becomes less reliable. Under high-emission scenarios, extreme excess rainfall
events increasingly occur during El Nino years, suggesting a significant change

in the relationship between ENSO and the ISM.

6.2 Scope of Future Work

In this section, the future scope of the research presented in this thesis is outlined.

Several potential research areas are identified during this thesis work that intrigue

extensive analysis in the future. A few key aspects are listed as follows:
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1. Investigate why the ENSO — ISM relationship changes under future climate

scenarios.

2. Conduct a detailed analysis of the LPS — ISM relationship in future projections.

3. Explore the relationship between Ocean Heat Transport and the Indian Ocean

Dipole.
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