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Abstract

The impact of climate change on water resources, and consequently on water availability,1

is one of the major challenges faced by the society today. With over 650 million people,2

the water resources in the Ganges–Brahmaputra–Meghna (GBM) River Basin are under3

enormous pressure from both climate change and increasing demands from a rapidly4

growing population. However, assessing climate change impacts on water resources in5

the GBM River Basin is subject to large uncertainties both in climate model projections6

and hydrological modelling approaches, mainly due to increasing demands of freshwater7

resources and inadequate spatio-temporal representation of ground-based observation8

systems. This thesis provides an improved understanding of climate change impacts9

on water resources in the GBM River Basin through a combination of in-situ and10

satellite remote sensing (SRS) observations, state-of-the-art regional climate modelling,11

and hydrological modelling approaches. In particular, this thesis will assess (i) recent12

changes and variations in rainfall and temperature, (ii) the role of climate change and13

human water use on the basin’s water resources, (iii) high-resolution regional climate14

models (RCMs) that are critical for understanding future changes in the regional water15

cycle, (iv) potential changes in future drought and extreme wet occurrences, and (v) the16

impacts of large-scale climate fluctuations on lower atmospheric temperature patterns,17

which are addressed as follows.18

Firstly, the potential benefits of readily available quasi-global satellite-based mea-19

surements and global high-resolution retrospective analysis (reanalysis) products are20

examined by comparing them with available in-situ gauge datasets from 1980–2013.21

Observed temperature records show widespread warming across the basin, with a max-22

imum increase of 0.6◦C decade−1 in the Himalayan region. Precipitation datasets show23

pronounced monsoon rainfall decline, especially across the high rainfall regions of north-24

east India, Bhutan, Nepal, and Bangladesh between 1998 and 2013. Additionally, both25

global (e.g., El Niñ Southern Oscillation Index, ENSO) and regional (e.g., Indian Ocean26

Dipole, IOD) sea surface temperature (SST) variations significantly impact the basin’s27

climate, contributing to about 10–20% (ENSO) and 8–10% (IOD) of the annual precipi-28

tation. While precipitation products from Tropical Rainfall Measuring Mission (TRMM)29

Mulitsatellite Precipitation Analysis (TMPA, since 1998) performs best among a suite30

of other products, European Centre for Medium-Range Weather Forecasts (ECMWF)31

retrospective analysis (ERA-Interim) and MERRA (Modern-Era Retrospective Anal-32

ysis for Research and Applications) agrees well with the observed precipitation and33

temperature, respectively.34

Secondly, the observed impacts of precipitation variability and human water con-35

sumption on the available freshwater storage (mainly groundwater, soil moisture, and36

surface water) are investigated, particularly focussing on the last decade when large-37

scale observations of total water storage (TWS) changes were made possible by the38

state-of-the-art GRACE (Gravity Recovery and Climate Experiment) satellite mission.39

The results indicate that both Ganges and Brahmaputra–Meghna River Basins have40

lost significant amount of water mass since late 2002 at an average rate of 9.1±4.541

km3 year−1 and 10.5±3.2 km3 year−1 for the Ganges and Brahmaputra–Meghna River42
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Basin, respectively, albeit a general increase in soil moisture. By incorporating water43

use models such as the WaterGAP (Water-Global Analysis and Prognosis version 2.2a)44

Global Hydrological Model (WGHM), it is found that majority, if not all of the water45

loss has resulted from excessive human water withdrawal, especially in the regions of46

high agricultural activities (e.g., western Ganges River Basin and Bangladesh). Extreme47

droughts, such as those of 2006 and 2009, had profound negative impacts on the basin’s48

water storage, which calls for a wider approach on transboundary water resources man-49

agement.50

Thirdly, the skills and limitations of two state-of-the-art high-resolution regional51

climate models (RCMs) are assessed, focusing on the basic climate variables such as52

precipitation and temperature. In general, the two RCMs: (i) Regional Climate Model53

version 4.4 (RegCM4.4) and (ii) Providing REgional Climate Information for Impact54

Studies (PRECIS), show reasonable skills in simulating Indian monsoon rainfall in the55

GBM River Basin. However, the RCM simulations poorly reproduce the onset and with-56

drawal of the Indian monsoon and its associated atmospheric circulations. The RCM57

simulations forced by Global Climate Models (GCMs) fail to reproduce the observed58

inter-annual variability of precipitation. However, they are able to reproduce the ob-59

served temperature trends in the GBM River Basin. Climate change projections for the60

next 80–90 years and drought and extreme wet occurrences are studied based on a range61

of simulated RCM and GCM precipitation datasets. While the GBM River Basin is pro-62

jected to warm by 2–4◦C by 2100, with a likely increase in monsoon rainfall, severe and63

extreme droughts are likely to be higher for the second half century (2050–2099). The64

Ganges River Basin, Bangladesh, and parts of northeast India are more likely to be af-65

fected by severe and extreme droughts than elsewhere, with a probability of 15–20% (∼166

in 6 years) and 6–8% (∼1 in 17 years), respectively. This will have major consequences67

on the future water availability irrespective of a monsoon rainfall increase.68

Finally, the benefits of using Global Navigation Satellite Systems (GNSS) radio oc-69

cultation (RO) for monitoring temperature variations in UTLS (upper troposphere-70

lower stratosphere) region are assessed by analysing monthly accumulated atmospheric71

profiles from the ongoing COSMIC (Constellation Observing System for Meteorology,72

Ionosphere, and Climate) RO mission for the period 2006–2013. The COSMIC mission73

offers a unique opportunity in the GBM River Basin to potentially offset key limitations74

in conventional observation systems (e.g., radiosondes). Many existing radiosondes, es-75

pecially in the Indian territory are being upgraded with GPS (Global Position Systems)76

sensors and comparisons with COSMIC RO data indicate that their observation qualities77

have improved significantly. Further, COSMIC’s superior spatial coverage enables finer78

representation of UTLS, which will help to improve weather/climate predictions. Based79

on eight years of COSMIC data, it is observed that ENSO accounted for ∼73% of the80

tropopause temperature and height variability. The tropopause temperature (height)81

increased (decreased) by about 1.5◦C (300 m) during 2009/2010 major El Niño event.82

Additionally, the tropospheric temperature trends show a clear indication of warming,83

although not significant over a short period of time.84
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1

1. Introduction191

1.1 Climate change impacts on water resources192

The Earth’s climate has undergone significant changes throughout the course of it’s193

history, much without any major anthropogenic interventions. In more recent years,194

however, the global temperature has been rising at a much greater rate due to an in-195

creasing concentrations of greenhouse gases (GHG) from human activities (IPCC, 2007,196

2013). Based on the available instrumental records, the globally land and ocean tem-197

perature has warmed on average by 0.85◦C [0.65◦C–1.06◦C] over the period 1880 to198

2012, 0.89◦C [0.69◦C–1.08◦C] from 1901–2012, and 0.72◦C [0.49◦–0.89◦C] between 1951199

and 2012 (Hartmann et al., 2013). The past three decades has shown to be consider-200

ably warmer than the previous decades with the last decade or so (from 2000s) being201

the warmest (0.78◦C from 2003–2012). Observational studies and climate model simu-202

lations have shown that human activities, primarily due to burning of fossil fuels and203

rapid changes in land cover, are contributing to climate change by warming the Earth’s204

atmosphere. Besides multi-decadal warming trends over the past century, observational205

records of global/regional land surface temperatures also show considerable interannual206

to decadal temporal and spatial variations due to periodic large-scale fluctuations in the207

ocean and the atmosphere (e.g., Saji et al., 1999, Trenberth, 1997). These coupled ocean-208

atmospheric fluctuations, for example El Niño Southern Oscillation (ENSO), influence209

regional and local circulation patterns resulting in extreme weather/climatic conditions210

(e.g., increasing frequency and intensity of droughts) over various parts of the world.211

One of the most important aspects of climate change and variability is the evolution212

of the hydrological cycle and its impact on freshwater resources. Changes in hydro-213

logical cycle will lead to diverse impacts and risks on the society, mainly through its214

impact on quantity, variability, timing, form, and intensity of precipitation. Although215

water moves through the hydrological cycle, it is a locally variable resource, and vulner-216

abilities to hydro-meteorological extremes such as floods and droughts can greatly vary217

from region to region. With a population of over 650 million, the Ganges–Brahmaputra–218

Meghna River Basin (GBM) in South Asia, has become highly vulnerable to climate219

change, primarily threatening its various sources of freshwater system (Mirza et al.,220

1998, Chowdhury and Ward, 2004, Immerzeel, 2008, Immerzeel et al., 2010, 2014, Papa221

et al., 2015, Khandu et al., 2016a). The water resources in the GBM River Basin are222

heavily reliant on the Indian monsoon rainfall and perennial river systems from glacier-223

ized Himalayas and its enormous groundwater reserves beneath the great fluvial plains224

of Ganges, Brahmaputra, and Meghna rivers that are in fact very much governed by225

changing global/regional climate.226

The Indian summer monsoon accounts for 60–90% of the annual precipitation over227

a four month period (June to September) and is the single largest source of freshwater228

in the region. However, most studies indicate that the Indian monsoon circulation has229

been weakening over the past few decades (e.g., Ramanathan et al., 2005, Chung and230
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Ramanathan, 2006, Sinha et al., 2011, Turner and Annamalai, 2012) leading to an overall231

decline in monsoon precipitation since the 1950s, although it is likely to increase in the232

future (e.g., Kumar et al., 2006, Caesar et al., 2015, Whitehead et al., 2015). While the233

current decline is being attributed to the weakening meridonal thermal gradient across234

Asia in response to the warming Indian Ocean (Chung and Ramanathan, 2006, Roxy235

et al., 2014) and radiative cooling effects from increasing aerosol concentrations over236

Asia (Ramanathan et al., 2005, Lau et al., 2009), future increases may likely result from237

enhanced moisture transport over the monsoon region. Any changes in the quantity and238

variability of monsoon rainfall will have profound impact on the basin’s water resources,239

particularly through its effect on runoffs, soil moisture, and groundwater, as well as240

through changing frequency and magnitude of floods and meteorological droughts. The241

Intergovernmental Panel on Climate Change (IPCC) predicts an increased risk of flood242

hazards and short-term droughts across Asia (Jiménez-Cisneros et al., 2014).243

The Himalayan mountains in the northern GBM River Basin have the largest concen-244

tration of glaciers outside the polar region with an approximate area of 22,800 km2 based245

on the most recent estimates of Bolch et al. (2012). Most glaciers in the eastern and246

central Himalayas are accumulated during the Indian summer monsoon (Bolch et al.,247

2012), whereas the western areas accumulate snow fall mainly during the winter when248

westerlies or extratropical storms dominate the weather pattern (Dimri et al., 2015).249

These glaciers store large reserves of freshwater providing continuous flows to thousands250

of tributaries that eventually form the Ganges, Brahmaputra, and Meghna river sys-251

tems, which combine to form the third largest freshwater outlet in the world (Steckler252

et al., 2010). Most Himalayan glaciers are found to be melting at a faster rate in recent253

decades since the mid-19th century (ICIMOD, 2007, Eriksson et al., 2009, Immerzeel254

et al., 2010, Inman, 2010, Sherler et al., 2011, Bolch et al., 2012, Jacob et al., 2012),255

except for few areas in the Karakoram where indications of stability or mass gain were256

reported (Bolch et al., 2012). Although glacier responses vary in time and space, recent257

modelling studies have suggested a moderate loss of glacier mass over the remaining258

21st century (Radić and Hock, 2010). Using a high-resolution cryospheric hydrological259

model, Immerzeel et al. (2012) estimated a higher mass loss along the southern slopes of260

central and eastern Himalayas (covering Nepal and Bhutan) predicting a 75% reduction261

in glacier area by 2088 under a projected warming rate of 0.6◦C decade−1. This will262

have a dramatic impact on the regional hydrological regime both in terms of future263

water availability and water-related disasters. The gradual loss of glaciers in the com-264

ing decades will reduce river flows, especially during winter and spring affecting water265

supplies across all sectors (e.g., domestic, industrial and agriculture). More accelerated266

glacier melts will be even more catastrophic to humanity and the hydropower sector for267

the downstream valleys and plains due to increased risks of glacial lake outburst floods268

(GLOF, ICIMOD, 2007).269

Groundwater resources are an essential component of the hydrological cycle and270

are a primary source of freshwater for human consumption, agriculture, and industrial271

uses, across many parts of the world. Globally, groundwater contributes to 36%, 42%,272

and 27% of the water used for domestic, agriculture, industrial purposes, respectively,273

amounting to one third of all freshwater withdrawals (Döll et al., 2012, Richey et al.,274

2015). Groundwater is resilient to short-term meteorological droughts and associated275
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increased demands during droughts and supplement surface water resources. But it can276

be highly vulnerable to frequent and prolonged periods of dry spells. The GBM River277

Basin holds one of the largest reserves of groundwater, particularly along the great278

Gangetic Plains of India and Nepal, and across Bangladesh and Assam (India), with a279

potential yield of 108.5 km3/year, 21 km3/year, and 10.7 km3/year, respectively (FAO,280

2011, Mukherjee et al., 2015). Currently, groundwater accounts for about 60–80% of the281

domestic water supplies across these areas and contributes to more than 85% of water282

for agriculture, which is about 35% of the global groundwater withdrawal (Shamsud-283

duha, 2013, Mukherjee et al., 2015). Climate change effects groundwater resources (both284

quality and quantity) through its impact from precipitation variability (e.g., floods and285

droughts), increased atmospheric water demands, reduced (sub-) surface water, ground-286

water recharge/discharge, saltwater intrusion, and other bio-geochemical activities (Tay-287

lor et al., 2013, Famiglietti, 2014).288

With rapidly increasing population and it’s associated increase in demands for fresh-289

water, the combined impacts of climate change and human water abstraction represents290

a serious threat to the sustainability of freshwater resources in the GBM River Basin.291

Recent satellite-based observations have already shown a significant loss of groundwater292

over the past decade with significant portion of them resulting from human water ab-293

straction (Rodell et al., 2009, Tiwari et al., 2009, Shamsudduha et al., 2009b, Khandu294

et al., 2016a). While the projections of the direct impacts of climate change on ground-295

water resources remains unclear due to large uncertainties in climate model projec-296

tions (particularly, precipitation), groundwater changes are expected to occur primarily297

through increasing water demands to meet the growing population and its associated298

socio-economic activities (e.g., irrigation, land use change) (Taylor et al., 2013). Never-299

theless, groundwater recharge projections are found to be closely related to projected300

changes in precipitation and extreme events (Taylor et al., 2013), suggesting a potential301

increase in recharge rates considering a probable increase in monsoon rainfall (Kumar302

et al., 2006, Kripalani et al., 2007, Caesar et al., 2015, Whitehead et al., 2015). Similarly,303

soil moisture and surface water storage (e.g., runoffs) is predicted to increase during the304

crop-growing season (see, Mishra et al., 2014, Whitehead et al., 2015). Other climate305

change impacts on groundwater resources include degradation of groundwater quality306

and salt water intrusion as users dig deeper into the ground, which are beyond the scope307

of this thesis.308

The overall movement of water through the hydrological cycle can be characterised by309

a simple water balance equation: ∆S = P−E−Q, where ∆S is the total water storage or310

TWS (representing the sum of groundwater, soil moisture, vegetation, surface water), P311

is the precipitation, E is the evapotranspiration, and Q is the runoff, at various spatial312

and temporal scales. To supplement ground-based observations and water resources313

management over large and poorly gauged areas of the GBM River Basin, satellite314

remote sensing (SRS) plays a crucial role in monitoring the various components of315

the hydrological cycle. SRS can now effectively monitor almost all components of the316

water balance equation. Precipitation is being remotely sensed using both infra-red317

(IR) and microwave (MW) sensors on board geostationary satellites and low-Earth318

orbiting satellites (e.g., Tropical Rainfall Measuring Mission, TRMM, Kummerow et al.,319
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1998). IR-based rainfall estimates have a longer historical record and have higher spatio-320

temporal resolution than the more accurate (and shorter temporal record) MW-based321

estimates but suffer from higher uncertainty due to various problems (Ebert et al.,322

2007). E is being monitored using MODerate Resolution Imaging Spectroradiometer323

(MODIS) onboard NASA’s Terra and Aqua satellites (Justice et al., 2002). Satellite324

altimetry missions such as Topex/Poseidon, Jason I and II, and the European Space325

Agency (ESA) observe variations of the Earth’s surface water volumes including oceans,326

seas, lakes, reservoirs, and rivers (Shum et al., 1995, Berry et al., 2005).327

TWS can be further broken down into groundwater storage (GWS), (sub-) surface328

water storage (SWS), canopy water storage or water stored in vegetation (CWS). While329

the individual components of TWS are still difficult to monitor (especially GWS) using330

SRS techniques, the launch of the Gravity Recovery And Climate Experiment (GRACE,331

Tapley et al., 2004) mission in 2002 enabled the closure of the terrestrial water budget332

by providing large-scale quantitative estimates of changes in TWS fields (∆S) on an333

approximately monthly basis. SRS-based observations are regularly assimilated in ret-334

rospective analysis (or reanalysis) and land surface and hydrological models that are335

widely used to quantify climate change impacts on various hydrological components336

(e.g., Döll et al., 2003, Mishra et al., 2014). The performance of reanalyses have signifi-337

cantly improved with the assimilation of additional data from SRS-based observations338

(e.g., Rodell et al., 2004, Saha et al., 2010, Dee et al., 2011, Rienecker et al., 2011, Döll339

et al., 2014). Real-time SRS observations such as hourly or sub-hourly rainfall estimates340

(e.g., Janowiak et al., 2001, Huffman et al., 2007, Funk et al., 2015) are increasingly341

used in operational weather forecasts to monitor extreme weather events such as storms,342

flooding, and landslides. Climate models and hydrological models add knowledge to the343

key climate and hydrologic process and has been rigorously applied to understand the344

contributions of climate change (both natural and man-made) and other drivers (e.g.,345

land use change, water use) on water resources (Meehl et al., 2007, Taylor et al., 2012,346

2013, Döll et al., 2014).347

1.2 Statement of the problem348

Considering the complex interplay between natural climate variability, anthropogenic349

contribution (e.g., increasing emission of GHGs and landuse change), and growing soci-350

etal demands for freshwater, assessing the impacts of climate change on water resources,351

and consequently water availability is a monumental process that requires enormous in-352

terdisciplinary research and cross-sector collaboration. The general approach to quanti-353

fying climate change impacts on water resources includes: (i) assessing historical changes354

in climate characteristics (e.g., rainfall, temperature, runoff, soil moisture) based on ex-355

isting ground-based observations, (ii) evaluating the skills of climate (both regional356

and global) and hydrological model simulations of the past and present by comparing357

its output variables with available observational datasets, (iii) simulating future climate358

characteristics using multiple GCMs, (iv) downscaling projections from coarse grid GCM359

outputs to a finer resolution using downscaling methods such as dynamical or statisti-360

cal approaches, as required by hydrological models, (v) applying the projected future361
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changes in e.g., rainfall, temperature, evapotransporation, as inputs to a hydrological362

model (e.g., soil moisture, groundwater). More advanced approaches incorporate global363

water use models to simulate the combined impacts of human water consumption (for364

domestic, agriculture, and industrial purposes) and climate change and variability on365

water availability (e.g., Döll et al., 2003, Döll et al., 2012).366

However, each step outlined above entails representing the most up-to-date knowl-367

edge of global change and identifying uncertainties from a large number of sources,368

including, observations (e.g., Andermann et al., 2011, Prakash et al., 2014, Khandu369

et al., 2015), reanalysis systems (e.g., Kishore et al., 2016, Khandu et al., 2016c), cli-370

mate models (e.g., Knutti et al., 2010, Knutti and Sedláček, 2013), internal climate371

variability (e.g., Turner et al., 2007, Deser et al., 2012, Thompson et al., 2015), regional372

downscaling methods (e.g., Rockel, 2015), hydrological models (Mendoza et al., 2015),373

and non-climatic drivers (e.g., Taylor et al., 2013, Clark et al., 2016). While above374

sources of uncertainties are common to most parts of the world and are continuously375

being addressed (Clark et al., 2016), they are often heightened or amplified over certain376

areas of the globe such as the GBM River Basin due to its varied climatic and hydro-377

logic regime. These can be characterised by rugged mountains of the Himalayas (Barros378

et al., 2004), high interannual variations of the Indian monsoon (Krishnamurthy and379

Kinter III, 2003, Krishnamurthy and Krishnamurthy, 2014), high population density380

and inefficient water use (Central Ground Water Board, 2014, Famiglietti, 2014), lack381

of adequate observational data, and complexities involved in mapping hydrologic com-382

ponents on a large-scale (Shamsudduha et al., 2009b, Central Ground Water Board,383

2014, Mukherjee et al., 2015), which are briefly summarized below.384

Firstly, the GBM River Basin is a transboundary basin shared by five developing385

countries: Bangladesh, Bhutan, India, Nepal and Tibet (southern China), where public386

access to hydrometeorological data among the riparian countries are limited or restricted387

(Chowdhury and Ward, 2004, Prasai and Surie, 2015). More recently, Prasai and Surie388

(2015) found little progress on transboundary data sharing despite the enactments of389

Right To Information (RTI) laws and insistence for openness between the governments390

in the region. The study also exposed many intergovernmental problems related to391

issues such as poor record keeping, lack of data and/or maintenance, among others.392

Further, basic climate monitoring networks (e.g., rain gauges) are spatially sparse, par-393

ticularly along the Himalayan mountains (Duncan and Biggs, 2012, Khandu et al., 2015)394

and sometimes insufficient (e.g., groundwater data). For instance, proper monitoring of395

rainfall and temperature in Bhutan began only in the mid-1990s and are mostly located396

in towns (NEC, 2011). There are economic challenges and other difficulties in operating397

weather stations in the uninhabited regions of the Himalayas, thus, long-term in-situ398

records of snow/ice and other important variables such as rainfall and temperature are399

very few and often discontinuous. Most readily available quasi-global high-resolution400

SRS-based observations have short temporal records and have been found to exhibit401

limited skills in representing the key metrics of variability and change (e.g., precipita-402

tion) (Andermann et al., 2011, Duncan and Biggs, 2012, Prakash et al., 2014, Khandu403

et al., 2015). Nevertheless, their free access has enabled important contribution to the404

development of physical and statistical algorithms to address these issues.405
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Secondly, due to lack of ground-based data and data sharing problems, previous stud-406

ies on climate change impacts on water resources have been primarily restricted within407

the geographical domain of the riparian nations, especially within India (e.g., Roy and408

Balling, 2004, Goswami et al., 2010, Jain et al., 2012, Devineni et al., 2013, Chowdary409

et al., 2014, Mishra and Liu, 2014, Mishra et al., 2014, Mukherjee et al., 2015) and410

Bangladesh (e.g., Mirza et al., 2003, Chowdhury, 2003, Hoque et al., 2007, Immerzeel,411

2008, Islam et al., 2008, Gain et al., 2011, Biemans et al., 2013, Shahid et al., 2015). Al-412

though Bhutan, Nepal and other parts of the GBM River Basin received enormous focus413

in recent years with help from several regional initiatives and international finances such414

as Water and Global Change (WATCH, http://www.eu-watch.org/), Twinning Euro-415

pean and South Asian River Basins (BRAHMATWINN, http://www.brahmatwinn.416

uni-jena.de/), Himalayan Glacier Retreat and Changing Monsoon Pattern (High-417

Noon, http://www.eu-highnoon.org/), and Assessment of the Causes of Sea-level Rise418

Hazards and Integrated Development of Predictive Modeling Towards Mitigation and419

Adaptation (BanD-AID, http://igfagcr.org/funded-projects/), there are still big420

knowledge gaps and limited awareness within the region.421

Thirdly, assessing and quantifying climate change impacts on water resources, has422

become an interdisciplinary task that requires more integrated approaches through com-423

bination of climate change/variability, human contributions, and water use, all of which424

are subject to substantial uncertainties (Treidel et al., 2012, Taylor et al., 2013, Clark425

et al., 2016). New satellite data retrieval algorithms provide enormous opportunity to426

improve spatio-temporal variations in individual water components and bridge impor-427

tant resource and knowledge gaps for the region (Duncan and Biggs, 2012). The ongoing428

SRS missions have contributed immensely to address the recent groundwater problems429

in the GBM River Basin (Rodell et al., 2009, Tiwari et al., 2009), which will inform to430

structure better water resources management. However, measurements from satellites431

only cannot attribute changes in various water anomalies to different sources. Climate432

and hydrological models, in particular, play an integral role in identifying these sources433

and its uncertainties (Knutti and Sedláček, 2013). Climate modelling studies in the re-434

gion have primarily been focussed on the Indian monsoon using coarse resolution GCMs435

(Annamalai et al., 2007, Kripalani et al., 2007, Sengupta and Rajeevan, 2013, Sperber436

et al., 2013, Su et al., 2013, Chaturvedi et al., 2014, Sarthi et al., 2015) or RCMs of437

approximately 50×50 km grid (e.g., Dash et al., 2006, Kumar et al., 2006, Ramesh and438

Goswami, 2014, Salvi et al., 2014). Only few studies have applied high resolution (25×25439

km or finer) RCMs to study future climate changes and their associated impacts in the440

GBM River Basin (Srinivas et al., 2012, Mathison et al., 2013, Caesar et al., 2015, White-441

head et al., 2015). More studies are needed to characterize and minimise uncertainties442

throughout the modelling process, and as well as to improve climate and hydrological443

modelling capabilities, particularly along the Himalayan Mountains and coastal regions444

(Asian Development Bank, 2012).445

http://www.eu-watch.org/
http://www.brahmatwinn.uni-jena.de/
http://www.brahmatwinn.uni-jena.de/
http://www.brahmatwinn.uni-jena.de/
http://www.eu-highnoon.org/
http://igfagcr.org/funded-projects/
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1.3 Objectives446

In order to address some of the issues highlighted in Section 1.2, as well as to improve447

our understanding of the basin hydrology, this thesis examines the observed and future448

impacts of climate variability/change on water resources in the GBM River Basin. In449

particular, it aims to highlight the important contributions and limitations of existing450

observational datasets (especially those obtained from SRS-based measurements) and451

global high-resolution reanalyses, and climate/hydrological models for the most recent452

period of 1980–2015, which will be addressed in the following specific objectives:453

(i) assess the most recent changes (1980–2013) in precipitation and temperature us-454

ing the most up-to-date records of multiple global and regional spatially interpo-455

lated high-resolution ground-based observations, quasi-global SRS-based precipi-456

tation estimates, and global high-resolution reanalysis products. This study aims457

to quantify the recent observed changes in precipitation and temperature, iden-458

tify the sources of seasonal changes and extreme variations, and examine the role459

of large-scale ocean-atmospheric fluctuations on basin’s climate. This study also460

sets out the potentials and limitations of SRS-based observations and high global-461

resolution reanalysis products in representing the key climate characteristics of the462

GBM River Basin.463

(ii) quantify the observed impacts of climate change/variations and human water ab-464

straction on basin’s water storage potential, including the effects of precipitation465

extremes on surface water storage, soil moisture, and TWS. This includes esti-466

mating relative uncertainties in soil moisture data simulated by existing reanalysis467

systems and land and/or hydrological models, determining most suitable approach468

for applying low-resolution GRACE time-variable gravity field solutions to obtain469

reliable estimates of TWS changes for the GBM River Basin, and applying hydro-470

logical model data to quantify the impacts of human water use.471

(iii) examine the skills of two high-resolution state-of-the-art RCMs: (a) Regional Cli-472

mate Model version 4.4 (RegCM4.4) and (b) Providing REgional Climate Informa-473

tion of Impact Studies (PRECIS), and explore the impacts of 21st climate change474

projections on water resources in the GBM River Basin, focusing on the future me-475

teorological droughts and extreme wet events. As a principal driver to the future476

water availability, increase in drought frequencies will exert additional pressure on477

the basin hydrological system and its water supplies. The study also examines the478

future occurrences of drought and wet frequencies using multiple RCM and GCM479

simulations.480

(iv) examine potential benefits of applying Global Navigation Satellite Systems (GNSS)481

radio occultation (RO) for monitoring temperature variations in upper-troposphere482

lower-stratosphere (UTLS) region based on approximately 8 years (2006–2013) of483

high quality atmospheric profiles retrieved from the ongoing COSMIC (Constel-484

lation Observing System for Meteorology, Ionosphere, and Climate) RO mission.485

The COSMIC RO mission delivers more than 400 well-distributed RO profiles486
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across the GBM River Basin enabling a major breakthrough in a region that has487

a very poor upper air monitoring network.488

1.4 Thesis outline489

Some of the chapters presented in this thesis are originally written as research articles490

and most of them have already been published. My other contributions to the field of491

climate change studies that are indirectly related to the present study are an inform of492

collaborative research (see, Awange et al., 2015, Forootan et al., 2015, Awange et al.,493

2016a). Table 1.1 presents the list of papers, references, and their relationship to re-494

spective chapters. Those accrued from collaborative researches are marked as asterisk495

(*). A chart illustrating the overall summary of this thesis highlighting the studies con-496

ducted and their relevancy to the overall objective is shown in Fig. 1.1, which are briefly497

summarized as follows.498

Following this introductory chapter, the subsequent chapters are presented in their499

original format of the respective journals with minor changes to align with the above500

mentioned objectives. In Chapter 2, the basic climatic characteristics of the GBM River501

Basin are characterized by analysing the precipitation and temperature changes and502

seasonal variations for the past three decades. Several climate datasets are assessed for503

their strengths and weakness through literature review and by comparing with obser-504

vations, particularly focusing on high-resolution precipitation datasets from SRS and505

global reanalyses. The chapter also discusses the role of large-scale ocean-atmospheric506

circulation patterns on the regional rainfall and temperature variability by quantifying507

their contribution. In Chapter 3, the observed impacts of climate variability (particularly508

precipitation) and uncontrolled abstraction of groundwater use is examined, by making509

use of reanalysis-based soil moisture and TWS changes simulated by WaterGAP (Water510

- Global Analysis and Prognosis version 2.2a) Global Hydrological Model (WGHM) and511

those derived from time-variable gravity fields observed by the twin-satellite GRACE.512

In Chapter 4, the skills of two high-resolution RCMs are evaluated in terms of their513

seasonal and interannual variations and long-term trends. Rainfall and temperature data514

simulated by Regional Climate Model version 4.4 (RegCM4.4) and Providing REgional515

Climate Information of Impact Studies (PRECIS) for the period 1982-2012 are com-516

pared with observed datasets described in Chapter 2. RegCM4.4 is run at a 25 × 25517

km grid resolution over a spatial domain of [65◦E–110◦E, 5◦N–40◦N), forced by lateral518

boundary conditions from reanalysis products, GCMs, and proxy sea surface tempera-519

ture (SST) data. Six sets of PRECIS model simulations are obtained from the UK Met520

Office. Chapter 5 presents the range of climate change projections for temperature and521

precipitation for the remaining 20st century. Potential impacts of projected changes from522

precipitation and temperature on water storage potentials are discussed by analysing523

the future drought and wet frequencies for two periods, 2001–2050 and 2050–2099. In524

Chapter 6, a detailed assessment of the UTLS temperature over the GBM River Basin525

and their relevance to the basin climate is presented using monthly accumulated atmo-526

spheric profiles retrieved from the GNSS COSMIC RO mission over the past 8 years.527
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Finally, Chapter 7 summarizes the contribution of this study and outlines some impor-528

tant issues for future research in the region.529

Table 1.1: Lists of papers published/submitted under respective chapters. The published ver-
sion of the papers are provided in the Appendix.

Title Journal Chapter References
1. An evaluation of high-resolution gridded precipitation
products over Bhutan (1998-2012) Int. J. Climatol. Chapter 2 Khandu et al.

(2015)
2. Changes and variability of precipitation and temperature in
the Ganges–Brahmaputra–Meghna River Basin based on
global high-resolution reanalyses

Int. J. Climatol. Chapter 2 (Khandu et al.,
2016c)

3. Exploring the influence of precipitation extremes and
human water use on total water storage (TWS) changes in the
Ganges-Brahmaputra–Meghna River Basin

Water Resour.
Res. Chapter 3 Khandu et al.

(2016a)

4. Assessing regional climate simulations of the last 30 years
(1982-2012) over Ganges–Brahmaputra–Meghna River Basin Clim. Dyn. Chapter 4 in Press

5. Interannual variability of upper tropospheric and lower
stratospheric (UTLS) temperature over
Ganges–Brahmaputra–Meghna basin based on COSMIC
GNSS RO data

Atmos. Meas.
Tech. Chapter 6 Khandu et al.

(2016b)

6. Exploring hydro-meteorological drought patterns over the
Greater Horn of Africa (1979-2014) using remote sensing and
reanalysis products

Adv. Water.
Resour. * Awange et al.

(2016a)

8. Quantifying the impacts of ENSO and IOD on rain gauge
and remotely sensed precipitation products over Australia

Remote Sens.
Environ. * Forootan et al.

(2015)
9. Uncertainties in remotely-sensed precipitation data over
Africa Int. J. Climatol. * Awange et al.

(2015)

a) Climate change/variability
b) Impacts of ENSO/IOD on
climate variability

Validation of reanalysis
products

Data Acquisition
Observation/reanalyses

(precipitation, temperature, and
SST datasets)

Data Acquisition
Observation/Hydrological

modelling
(Soil moisture, SWS, and TWS)

a) Changes in water storage
b) Role of climate variability and change

Role of human water abstraction

a) Combined impacts of climate
variability and human water use
b) Uncertainties in water storage
components

Regional climate modelling

Projection of 21st century
dry and wet events

Model validation

Impacts on future water
storage changes

a) Climate change/variability
b) Impacts of ENSO/IOD on
climate variability

Data Acquisition
GNSS RO data/radiosonde/

reanalyses
(temperature, humidity

and refractivity)

Validation of conventional
observing systems and
reanalysis products

a) seasonal variability
b) long-term trend
c) onset and withdrawal
d) ENSO/IOD modulation

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Chapter 7

Chapter 1 Introduction

Conclusions and future outlook

Figure 1.1: Outline of this thesis illustrating the studies conducted in each chapter.
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2. Precipitation and temperature530

variability531

2.1 Introductory remarks532

Estimating long-term trends in surface air-temperature (hereinafter called “tempera-533

ture”) and precipitation are crucial for identifying climate change. Precipitation and534

temperature are two critical components of the water and energy cycles, and precipita-535

tion in particular, due to its high spatio-temporal variability, is one of the most difficult536

fluxes to simulate in dynamical models (Flato et al., 2013). So, as critical as it is in537

the water and energy cycles, precipitation is a critical metric in the quality of many538

existing and emerging retrospective analyses (reanalyses). Evaluating climate models539

require consistent long-term observational records. Hydrological or land surface models,540

in particular, require high quality of climate forcing data (e.g., precipitation) to simu-541

late other components of the water balance (e.g., soil moisture, (sub-) surface runoff)542

terms. Satellite remote-sensing (SRS)-based estimates and reanalyses offer an alterna-543

tive approach to in-situ observations where gauge-based networks are sparse and their544

analyses are often delayed or not shared across a common hydrological basin (Duncan545

and Biggs, 2012, Peña-Arancibia et al., 2013).546

Reanalysis outputs are generated by forecast models with fluxes constrained by547

available gauge- and SRS-based observations, and thus are sensitive to both the ob-548

serving systems and model physics. The release of several global reanalyses over the549

past two decades (e.g., Kalnay et al., 1996, Onogi et al., 2005, Uppala et al., 2005,550

Onogi et al., 2007, Saha et al., 2010, Dee et al., 2011, Rienecker et al., 2011) pro-551

vided several decades of various hydro-climatic data that are highly valuable for under-552

standing the global/regional climate change process. The most widely used reanalysis553

products include those developed at the National Centers for Environmental Predic-554

tion (NCEP)/National Center for Atmospheric Research (NCAR) (see, Kalnay et al.,555

1996, Kanamitsu et al., 2002), and at the European Center for Medium-Range Weather556

Forecasts (ECMWF) (see, Uppala et al., 2005, Dee et al., 2011). Japan Meteorological557

Agency (JMA) and the Central Research Institute of Electric Power Industry (CRIEPI)558

have released two versions of reanalyses (JRA-25 and JRA-55) with the goal of provid-559

ing consistent and high-quality reanalysis specifically over Asia (Onogi et al., 2005,560

2007, Kobayashi et al., 2015). More recently, the National Aeronautic and Space Ad-561

ministration (NASA) produced a global high-resolution reanalysis called the Modern-562

Era Retrospective Analysis for Research and Applications (MERRA, Rienecker et al.,563

2011) covering the satellite-era, while NCEP produced another high-resolution reanal-564

ysis called the Climate Forecast System Reanalysis (CFSR, Saha et al., 2010).565

While reanalysis products are considered to be near-perfect representations of the566

atmospheric state, they suffer from many deficiencies at various time- and spatial-scales.567

Considering that many global high-resolution reanalyses have become available during568
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the past few years (e.g., Saha et al., 2010, Dee et al., 2011, Rienecker et al., 2011), it569

is vital to evaluate their skills in terms of how they represent key climate features over570

different parts of the world. The spatio-temporal heterogeneity of orography and climate571

(particularly, precipitation) of the Ganges–Brahmaputra–Meghna (GBM) River Basin572

in South Asia presents one of the most challenging tests to any observing and modelling573

systems. The Indian summer monsoon, which dominates the annual rainfall contribution574

(by about 60–90%) is a result of complex interplay between the atmosphere, land, and575

the Indian ocean processes that takes place at various spatial- and temporal-scales. The576

pressure gradients that is formed between the south and north Indian ocean leads to a577

cross-equatorial flow in the lower troposphere, which carries enormous moisture towards578

the Indian sub-continent. These monsoon rainfall pattern is further modulated by steep579

mountains of the Himalayas (Barros et al., 2004) along various stages of its flow in the580

GBM River Basin, resulting in numerous high rainfall spots and dry regions.581

Only few studies have assessed the quality of rainfall and temperature variability of582

reanalysis products over the GBM River Basin, with all of them focusing over India and583

during the monsoon season (Misra et al., 2012, Kishore et al., 2016). Kishore et al. (2016)584

indicated that ECMWF reanalysis (ERA-Interim, Dee et al., 2011) was more closer to585

observed values than MERRA, CFSR, and JRA-25 during the monsoon season between586

1989 and 2007. In another comparison study, Misra et al. (2012) indicated that there are587

significant differences in the climatology of evaporation in the three reanalyses: CFSR,588

MERRA, and NCEP II, which will have huge implications on precipitation and tem-589

perature across South Asia. Particularly, the study found significantly less continental590

evaporation in CFSR compared to MERRA and NCEP II, which may be attributed to591

how each reanalyses treat the atmospheric-land interactions. These results suggest that592

reanalysis products are still evolving and requires continuous validation over the Indian593

monsoon region.594

This chapter examines the long-term trends and interannual variability of rainfall595

and temperature over the GBM River Basin using various existing gridded gauge-based596

datasets and global high-resolution reanalyses over the period 1980–2013. The second597

objective is to evaluate the quality of three global high-resolution reanalyses: (i) ERA-598

Interim (0.79◦ × 0.79◦), (ii) MERRA (0.50◦ × 0.67◦), (iii) CFSR (0.50◦ × 0.50◦), in599

estimating the long-term trends and the interannual variability of rainfall and temper-600

ature, which are important metrics for identifying climate change. The study is com-601

plemented by two SRS-based precipitation estimates: (i) Tropical Rainfall Measuring602

Mission (TRMM) Multisatellite Precipitation Analysis (TMPA, 1998–2014) (Huffman603

et al., 2007) and (ii) Climate Hazards Group InfraRed Precipitation (CHIRP, 1982–604

2014) (Funk et al., 2012), both of which have a relatively long period of precipitation605

records. Many studies have already examined the seasonal skills of various existing606

SRS-based precipitation estimates across different parts of the GBM River Basin (e.g.,607

Andermann et al., 2011, Duncan and Biggs, 2012, Prakash et al., 2014, Khandu et al.,608

2015), but have not addressed their long-term skills. Gauge-based datasets used here609

include: Asian Precipitation Highly Resolved Observational Data Integration Towards610

Evaluation of Water Resources (APHRODITE V1101, Yatagai et al., 2012), Climate611

Research Unit (CRU TS3.22, Harris et al., 2013), and Global Precipitation Climatology612
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Centre (GPCC version 6, Schneider et al., 2014). The findings of this study has been re-613

cently published in the International Journal of Climatology (see, Khandu et al., 2016c)614

and contains no major changes from the published version.615

Section 2.2 describes the climatological characteristics of the GBM River Basin. In616

Section 2.3, a brief review of the available rainfall and temperature datasets is presented617

as well as the statistical methods used to analyze and compare the various datasets. The618

section further discusses the accuracy of several near-global high-resolution SRS-based619

precipitation products in the region and their contribution to the understanding of basin620

rainfall hydrology. The results are presented and discussed in Section 2.5 and the chapter621

is summarized in Section 2.6.622

2.2 The Ganges-Brahmaputra-Meghna River Basin623

The GBM River Basin in South Asia is a combination of three large river basins with624

a drainage area of about 1.7 million km2 (FAO, 2011). Although the three river basins625

have distinct physiological and climatological characteristics, they are considered to be626

a single river basin that is shared by India (64%), China (18%), Nepal (9%), Bangladesh627

(7%) and Bhutan (3%) (Fig. 2.1). The three river systems join upstream of the GBM628

delta in Bangladesh to form the third largest freshwater outlet (with an annual discharge629

of∼1,350 km3) to the world’s oceans, being exceeded only by the Amazon and the Congo630

river systems (Chowdhury and Ward, 2004, Steckler et al., 2010). The headwaters of631

Ganges (Brahmaputra) rivers originate from the Himalayan mountains of Gangotori632

glaciers (northern slope of the Himalayas in Tibet) while the Meghna river, originates633

in the mountains of north-eastern India. The Ganges is joined by several smaller rivers634

(or tributaries) from across India and Nepal forming one of the largest alluvial plains635

in northern India. A portion of Ganges river (∼50%) is diverted into the Hooghly river636

at Farakka Barrage before reaching Bangladesh as a part of a treaty (called Farakka637

Treaty) signed between India and Bangladesh in 1996 to share the precious Ganges river638

(see, http://www.thewaterpage.com/farakka_water_treaty.htm).639

The Brahmaputra river, also known as Yarlung Tsangpo (in Tibet), flows eastwards640

before turning southwards into Arunachal Pradesh (India). It then turns westwards,641

which is joined by many tributaries from northeast India and Bhutan, before entering642

Bangladesh (also called Jamuna). The Meghna river originates from the hilly mountains643

of Manipur (India), flowing southwest to join the Ganges and Brahmaputra rivers that644

together flow into the Bay of Bengal and a small part of West Bengal (India) forming645

the greatest deltaic plain in the world at the confluence.646

The GBM River Basin features distinct climatic characteristics due to the Indian647

monsoon variability and unique topographic regime that includes the Himalayan moun-648

tains and great plains of Ganges, Terai, parts of northeast India, and Bangladesh. These649

irregular topographic variations significantly impact on the spatial precipitation distri-650

bution through alteration of monsoonal flow, resulting in pronounced orographic rainfall651

along the Southern Foothills of Nepal, Bhutan and northeast India and considerably652

http://www.thewaterpage.com/farakka_water_treaty.htm
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Figure 2.1: Overview of the Ganges–Brahmaputra–Meghna River Basin in South Asia.
Brahmaputra and Meghna River Basins are merged together, which is represented by the thick
black polygon, while the Ganges River Basin is shown in thick blue polygons. This representa-
tion will be used for the remainder of this thesis. Source: Khandu et al. (2016a).

lower rainfall on the lee sides of the mountains and the western Ganges River Basin.653

The Ganges River Basin is characterized by significant snowfall and precipitation in654

the northwest of its upper region and very high precipitation in the downstream regions655

(such as the delta regions of Bangladesh). The downstreams areas of Brahmaputra River656

Basin are directly located on the monsoon flow and hence, some of the areas receive657

significantly higher rainfall than the Ganges, while the world’s highest precipitation is658

received at Cherapunji (Meghalaya, India) located in the Meghna River Basin.659

The winter precipitation over the western Himalayas is mainly driven by the mid-660

latitude sub-tropical jets known as the Western Disturbances, which is critical to the661

formation of snow/glaciers (Dimri et al., 2015). While the winter precipitation is mostly662

well below 50 mm, the Indian monsoon accounts for 60–90% of the annual rainfall total663

in the GBM River Basin recording over 1200 mm/month from June to September over664

Meghalaya (India) and southwest of Bhutan. The spatial temperature distribution is665

a function of altitude that decreases from as high as 40s (◦C) during summer in the666

plains (e.g., Bangladesh) to as low as -30s (◦C) in the Himalayas during winter. In this667

thesis, the Brahmaputra and Meghna River Basins are treated as one river basin because668

of their similar climatological characteristics, particularly during the Indian monsoon669
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season. Accordingly, the basin-averages are reported by spatially averaging over the two670

basins.671

2.3 Data672

2.3.1 Available observational data673

Precipitation and temperature are the two key climate variables, which can be mea-674

sured directly to infer climate variability and change as well as to evaluate prediction675

skills of climate models. In particular, precipitation is highly variable both in time and676

space, and are poorly predicted by climate models. Accurate and reliable estimation of677

precipitation requires dense gauge or radar networks that are not easily achievable in678

rugged Himalayan mountainous regions (e.g., Bhutan and Nepal). Thus, gridded pre-679

cipitation products spatially interpolated from in-situ observational records may not680

present accurate rainfall estimates over regions with sparse rain gauge stations (e.g.,681

Duncan and Biggs, 2012, Khandu et al., 2015). Figure 2.2 shows the spatial distribution682

of rain gauges over GBM River Basin that were used to derive (a) APHRODITE V1101683

(hereinafter as APHRODITE), (b) CRU version TS3.22 (hereinafter as CRU_TS3.22),684

and (c) GPCC Full Analysis version 6 (hereinafter as GPCCv6) based on a 10 year685

period 1995–2005, where maximum number of gauges were reported. It is evident from686

Fig. 2.2 that gauge density is sparse across the GBM River Basin, especially in the high687

altitudes of southern Tibet, western Ganges, Bhutan, Bangladesh, and northeast India.688

Of the three datasets, CRU_TS3.22 has the least number of stations (Fig. 2.2b), much689

of which has been made available via the World Meteorological Organization’s (WMO)690

Global Telecommunications System (GTS). The German Weather Service (DWD) has691

released the updated version (version 7) of GPCC data towards the end of 2015 (see,692

ftp://ftp.dwd.de/pub/data/gpcc/html/fulldata_v7_doi_download.html) but was693

not available during the time of this write up.694
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Figure 2.2: Spatial distribution of rain gauge stations across the GBM River Basin and its
neighbouring regions that were used in (a) APHRODITE, (b) CRU_TS3.22, and (c) GPCCv6.
Modified from Khandu et al. (2015).

APHRODITE precipitation data has been evaluated across various parts of the GBM695

River Basin including Bhutan, Nepal, and India by various studies (e..g., Rajeevan et al.,696

ftp://ftp.dwd.de/pub/data/gpcc/html/fulldata_v7_doi_download.html
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2008, Andermann et al., 2011, Xue et al., 2013, Prakash et al., 2015, Khandu et al., 2015).697

Andermann et al. (2011) reported that APHRODITE exhibits the least bias and high698

r-square values at both daily and monthly scales when compared to other daily grid-699

ded precipitation products over Nepal. Over India Rajeevan et al. (2008) and Prakash700

et al. (2015) indicated that APHRODITE is well correlated (>0.6) with high-quality701

Indian Meteorological Department (IMD) gridded daily precipitation data on a 1.0◦ ×702

1.0◦ grid. Over Bhutan, Khandu et al. (2015) found that APHRODITE was compara-703

ble to independently gridded precipitation estimates. All of these studies demonstrate704

that APHRODITE is a reliable product at least for the validation period. Prakash705

et al. (2015) evaluated several land-based precipitation data including APHRODITE,706

CRU_TS3.22, and GPCCv6 over India using high-density IMD rainfall data and in-707

dicated that APHRODITE and GPCCv6 were highly correlated with IMD data. The708

study also reported that GPCCv6 estimates were found to be quantitatively closer to709

IMD data during the monsoon, while APHRODITE precipitation estimates are found710

to be lower than GPCCv6 and IMD datasets (see also, Yatagai et al., 2012).711

Many global/near-global high-resolution SRS-based precipitation products have been712

released over the past decade with daily or finer temporal resolutions. Table 2.1 shows713

the details of various SRS-based precipitation products that have been applied across the714

GBM River Basin. The quality of these products have been investigated in a number of715

studies (e.g., Yin et al., 2008, Andermann et al., 2011, Duncan and Biggs, 2012, Shrestha716

et al., 2012, Xue et al., 2013, Prakash et al., 2014, Khandu et al., 2015). These stud-717

ies suggest that SRS-based estimates generally underestimate monsoon rainfall. Their718

limited skills in detecting rainfall over rain-shadow regions and generally overestimating719

daily rainfall amounts over high-altitude regions is also reported in e.g., Andermann720

et al. (2011), Duncan and Biggs (2012), Prakash et al. (2014). Based on these findings,721

APHRODITE (1979–2007), GPCC (1979–2010) and TMPAv7 (1998–2013) precipita-722

tion estimates (both daily and monthly) are used to examine the long-term trends and723

variability of precipitation and for evaluating various reanalysis products in the GBM724

River Basin. To compromise on the varying spatial resolution among the different pre-725

cipitation products, both APHRODITE and TMPAv7 products are linearly interpolated726

(using inverse distance weighting function) to a 0.5◦ × 0.5◦ grid.727

Currently, there exists several gridded temperature datasets derived from surface728

observations across the globe. A list of high-resolution gridded temperature datasets729

derived from in-situ observations are shown in Table 2.2. The daily mean (Tave) gridded730

temperature data made available by APHRODITE is the only high-resolution (0.25◦ ×731

0.25◦) gauge-based product over Asia and covers the period from 1961–2007. A monthly732

time-series of gridded temperature data compiled from a recent version of the Global733

Historical Climatology Network (GHCN2) and several other sources has been released734

by the University of Delaware (UDEL, Legates and Willmott, 1990, Willmott and Robe-735

son, 1995). The dataset (currently version 3.01, UDELv3.01) has been recently used by736

Chowdary et al. (2014) to study the impacts of large-scale atmospheric-ocean interac-737

tions on surface temperature over India. CRU regularly updates its global-land surface738

temperature data (see, Harris et al., 2013) and is the most widely used temperature739

dataset globally.740



16 2. Precipitation and temperature variability

Table 2.1: Details of rain gauge products and near-global high-resolution SRS-based precipi-
tation products that have been regularly applied over various parts of the GBM River Basin.

Product Period Spatial Resl. Temporal Resl. Coverage References
Rain gauge products

APHRODITE 1951–2007 0.25◦ × 0.25◦ Daily Asia Yatagai et al. (2012)
IMD 1971–2005 1.0◦ × 1.0◦ Daily India Rajeevan and Bhate (2009)
GPCCv6 1901–2010 0.50◦ × 0.50◦ Monthly Global-land Schneider et al. (2014)
CRU_TS3.23 1901-2014 0.50◦ × 0.50◦ Monthly Global-land Harris et al. (2013)
CPC 1948–present 0.25◦ × 0.25◦ Daily Global-land Xie et al. (2007)

Satellite-based precipitation estimates
CHIRP 1981–present 0.05◦ × 0.05◦ Weekly 50◦S–50◦N Funk et al. (2014)
CMORPH 2003–present 0.25◦ × 0.25◦ 3-hourly 50◦S–50◦N Joyce et al. (2004)
CPC-RFE 2001–present 0.10◦ × 0.10◦ Daily South Asia Xie et al. (2002)
GSMaP_MVK 2002–present 0.10◦ × 0.10◦ 1-hourly 60◦S–60N Ushio et al. (2009)
NRL-Blend 2002–present 0.10◦ × 0.10◦ 3-hourly 60◦S–60◦N Turk and Miller (2005)
PERSIANN 2000–present 0.25◦ × 0.25◦ 6-hourly 50◦S–50◦N Sorooshian et al. (2000)
TRMM 3B42v6 1998–2010 0.25◦ × 0.25◦ 3-hourly 50◦S–50◦N Huffman et al. (2007)
TRMM 3B42v7 1998–2014 0.25◦ × 0.25◦ 3-hourly 50◦S–50◦N Huffman and Bolvin (2013)

Table 2.2: List of gridded temperature datasets used in this study. All datasets consist of land
surface air temperatures derived from ground-based stations across the region.

Product Period Spatial Resl. Temporal Resol. Coverage References
APHRODITE 1951–2007 0.25◦ × 0.25◦ Daily Asia Yasutomi et al. (2011)
CRU 1901–2013 0.50◦ × 0.50◦ Monthly Global-land Harris et al. (2013)
UDel 1900–2012 0.50◦ × 0.50◦ Monthly Global-land Willmott and Robeson (1995)

2.3.2 Reanalysis products741

Reanalyses have made significant contributions to many global/regional hydrological742

and climatic studies. With the release of many new high-resolution reanalyses in the743

past decade (e.g., Kalnay et al., 1996, Onogi et al., 2007, Saha et al., 2010, Dee et al.,744

2011), their application into regional- and basin-scale studies have become increasingly745

valuable. Yet certain elements of the analyzed fields (e.g, precipitation) remain highly746

uncertain at global and regional scale both in terms of trends and interannual variabil-747

ities. The reliability of reanalysis fields can considerably vary in space and time due748

to lack of adequate observational data, instrumental changes, changing mix of observa-749

tions, biases in observations, etc., which can introduce spurious variability and trends750

into reanalysis fields. Since reanalysis products are increasingly used as regional climate751

forcing data and hydrological model inputs, it is vital to estimate their skills in the752

region. A reanalysis system consists of (i) a “data assimilation system” that combines753

available observations from various data sources and (ii) a “forecast model” consisting of754

a atmospheric model at its core, which is often coupled to a land surface model and/or755

ocean model (e.g., Kalnay et al., 1996, Dee et al., 2011, Onogi et al., 2007).756

Many reanalysis products have been assessed using gauge-based observations over757

various parts of the GBM River Basin (e.g., Peña-Arancibia et al., 2013, Shah and758

Mishra, 2014, Forsythe et al., 2014, Kishore et al., 2016). Shah and Mishra (2014) eval-759

uated MERRA, ERA-Interim, and CFSR with observed data from IMD, APHRODITE760
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and TMPA and found median biases in seasonal monsoon precipitation (temperature)761

of 10% (-0.39◦C), 34% (-0.21◦C), and 11% (-0.44◦C), respectively, over the Indian sub-762

continent. The products also failed to accurately reproduce the observed trends in the763

monsoon season precipitation and temperature over India. Kishore et al. (2016) re-764

ported that precipitation fields of ERA-Interim, MERRA, CFSR, and JRA-25 generally765

showed very good correlation with IMD data and captured the annual cycle reasonably766

well. However, these studies are carried out at continental scales and there is a urgent767

need to address their potential applications in hydro-climatic studies at regional level768

such as the GBM River Basin. Three global atmospheric reanalyses namely, (a) ERA-769

Interim/Land (Balsamo et al., 2015), hereinafter referred to as ERA-Interim only, (b)770

MERRA Land (Rienecker et al., 2011), hereinafter referred to as MERRA only, and (c)771

CFSR (Saha et al., 2010) were considered here mainly because of their improvement in772

simulating the land-surface state (see Table 2.3 for details). These land-based reanalyses773

has been particularly designed to accurately simulate the land-surface state (moisture774

content/temperature) of soil, vegetation, and snow/ice to understand the impacts of775

climate change in recent years (Rienecker et al., 2011, Balsamo et al., 2015).776

Table 2.3: Details of the three reanalyses used in this study. All datasets consist of terrestrial
surface air temperatures.

Product Period Spatial Resl. Temporal Resl. Coverage References
ERA-Interim Land 1979–2010 0.79◦ × 0.79◦ 6-hourly Global Dee et al. (2011)
MERRA Land 1980–2010 0.67◦ × 0.50◦ 6-hourly Global Rienecker et al. (2011)
CFSR 1979–present 0.50◦ × 0.50◦ 6-hourly Global Saha et al. (2010)

2.3.3 Sea surface temperature data777

In order to determine the mechanisms for seasonal and interannual variations of pre-778

cipitation and temperature, their time-series were correlated with the observed sea779

surface temperatures (SSTs) obtained from the Met Office Hadley Centre, UK (see,780

http://www.metoffice.gov.uk/hadobs/hadisst/). The Hadley Centre Global Sea Ice781

and Sea Surface Temperature (HadISST, Rayner et al., 2003) is a combination of782

monthly global fields of SST and sea ice concentration covering the period 1871–present.783

The 1.0◦ × 1.0◦ globally-complete monthly gridded HadISST data was developed based784

on a complex process involving a reduced space optimal interpolation technique applied785

to SST data from the Marine Data Bank (mainly obtained through ship tracks) and786

International Comprehensive Ocean-Atmospheric Data Set (ICOADS) through to 1981.787

From 1982 onwards, the dataset was complemented by a blend of in-situ and adjusted788

SRS-derived SSTs. Where the SSTs are covered with ice, a different analysis is per-789

formed by combining sea ice data from historical charts from shipping, expeditions and790

other activities, passive microwave SRS retrievals, and NCEP operational ice analyses.791

For this study, HadISST data from 1980–2013 covering 50◦N–50◦S is used.792

In addition, two ocean-atmospheric indices covering the same period, namely: (a)793

Niño3.4 (or Ocean Niño Index, ONI) index (Trenberth, 1990) and (b) Dipole Mode794

http://www.metoffice.gov.uk/hadobs/hadisst/
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Index (DMI, Saji et al., 1999) are used to examine the impacts of natural climate vari-795

abilities such as El Niño Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD),796

respectively. It should be noted that ENSO and IOD variability may also be influenced797

by long-term changes due to e.g., climate change but may not be necessarily detected798

on a shorter time-scale. ENSO is commonly measured by sea surface temperature (SST)799

anomalies in the equatorial Pacific ocean, typically over (5◦N–5◦S, 120◦–170◦W), which800

is also known as Niño3.4 region (see, Trenberth, 1990). ENSO events are said to occur801

if SST anomalies exceed ±0.5◦C for three consecutive months or more. Warm and cold802

ENSO phases are referred to as El Niño and La Niña events, respectively, which are rep-803

resented by anomalous warming of the central and eastern tropical Pacific (warm phase),804

and vice versa. ENSO events are marked by significant variations in surface and upper-805

air conditions such as prolonged droughts and heavy rainfall events at the surface and806

anomalous warming or cooling of the upper-tropospheric lower-stratospheric (UTLS) re-807

gion. Niño3.4 index was obtained from the National Oceanic and Atmospheric Adminis-808

tration (NOAA, see, http://www.esrl.noaa.gov/psd/data/climateindices/list/).809

On the other hand, IOD is commonly measured by the difference of SST anomalies810

between the western (50◦E–70◦E and 10◦S–10◦N) and eastern (90◦E–110◦E and 10◦S–811

0◦S) equatorial Indian ocean, which is also referred to as DMI. Positive IOD events are812

identified by a cooler than normal water in the tropical eastern Indian Ocean and warmer813

than normal water in the tropical western Indian Ocean. These positive IOD events are814

associated with a shift of active convection from eastern Indian Ocean to the west leading815

to potentially higher than normal rainfall over parts of the Indian subcontinent. DMI was816

obtained from the Japan Agency for Marine-Earth Science and Technology (see, http://817

www.jamstec.go.jp/frsgc/research/d1/iod/). Monthly ENSO and IOD indices are818

shown in Fig. 2.3.819
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Figure 2.3: Monthly ENSO (Niño3.4 and IOD (-DMI) indices between 1980 and 2014.

2.4 Methods820

2.4.1 Trend analysis and significance testing821

Monthly rainfall and temperature anomalies are calculated relative to the data period822

from e.g., 1980–2010 and long-term trends are estimated and tested using both paramet-823

ric (e.g., Helsel and Hirsch, 2002, pp 221–264) and non-parametric (e.g. Mann, 1945,824

http://www.esrl.noaa.gov/psd/data/climateindices/list/
http://www.jamstec.go.jp/frsgc/research/d1/iod/
http://www.jamstec.go.jp/frsgc/research/d1/iod/
http://www.jamstec.go.jp/frsgc/research/d1/iod/
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Kendall, 1962, Sen, 1968, Hirsch and Slack, 1984) methods. Parametric tests are consid-825

ered to be more powerful but require data to be independent and normally distributed,826

which is rarely the case for climate datasets. Non-parametric methods on the other hand,827

do not require the assumption of normality and therefore, are considered to be more828

robust. In order to account for the differences between the two widely used methods,829

both parametric and non-parametric tests are applied to robustly determine the trends830

in precipitation and temperature. The two statistical methods are described next.831

(a) Trend estimation832

For illustration purposes, let us consider a data matrix Xn×m, containing the time-833

series of monthly rainfall (or temperature) data over the GBM River Basin, after re-834

moving their long-term temporal mean, where n describes the time (in months) and m835

represents the spatial locations (as stations or grids).836

(i) Multiple linear regression (MLR): The MLR model can be formulated to837

determine trends and seasonality in a time-series as:838

X = x(j) = β1(j).t+ β2(j).cos(2πt) + β3(j).sin(2πt)

+β4(j).cos(4πt) + β5(j).sin(4πt) + ε(t), (2.1)

where β1–β5 are the coefficients of MLR for j = 1, ...,m, and ε are the random error839

terms. The coefficients β1...5(j) are determined from the least squares adjustment840

technique. The adjusted coefficients β̂1...5(j) can be interpreted as linear trends841

(β1), mean annual variability (β2, β3), and semi-annual variability (β4, β5) in terms842

of the amplitude and phase. The dominant terms representing the linear trend,843

annual and semi-annual terms can be removed from the time-series to represent844

the interannual variability that describe the anomalies associated with large-scale845

ocean-atmospheric variations such as ENSO and IOD modes, among others. These846

temporal anomalies (X̂) can be mathematically formulated as:847

X̂ = x̂(j)− [β1(j).t+ β2(j).cos(2πt) + β3(j).sin(2πt)

+β4(j).cos(4πt) + β5(j).sin(4πt)] , (2.2)

(ii) Sen’s slope estimation: The least squares estimation of regression coefficient β1848

may be vulnerable to gross errors and sensitive to skewed datasets such as precip-849

itation. Sen (1968)’s slope estimator is the most common approach for estimating850

trends for such datasets as the method is less insensitive to outliers. Sen (1968)’s851

slope estimation begins by calculating the slopes (Ti) of all data pairs by:852

Ti =
xk − xl
k − l

for i = 1, 2, ....n, (2.3)

where xk and xl are data values at time k and l (k > l), respectively. The median853

values of these n values of Ti is the Sen’s slope (β), which is calculated as:854

β =

Tn+1
2

n is odd
1
2

(
Tn

2
+ Tn+2

2

)
n is even

(2.4)

where β can be both positive (increasing trend) or negative (decreasing trend).855
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(b) Significance testing856

In order to determine whether the trend values calculated above are statistically857

significant or not, a hypothesis testing is carried out. Typically, in hypothesis testing,858

the null hypothesis is denoted by H0: β1 = 0 (indicating no trend) and the alternative859

hypothesis by H1: β1 6= 0 (reject H0). Two commonly used approaches are described860

below:861

(i) Mann-Kendall Test: The Mann-Kendall test (Mann, 1945, Kendall, 1962) fol-862

lows a non-parametric approach, which searches for a monotonic change in time863

without necessarily assuming their statistical distribution. The test statistics (S)864

is defined as:865

S =

n−1∑
i=1

n∑
j=i+1

sgn(xj − xi), (2.5)

where n is the number of data points. Assuming (xj − xi)=θ, the value of sgn(θ)866

is calculated as:867

sgn(θ) =


1 if θ > 0

0 if θ = 0

−1 if θ < 0

(2.6)

S represents the sum of positive and negative changes for all the data pairs and868

for samples (n > 10), the test is conducted using a normal distribution with mean,869

variance, and test value of:870

E[S] = 0

Var[S] =
n(n− 1)(2n+ 5)−

∑n
k=1 tk(tk − 1)(2tk + 5)

18
, (2.7)

871

Z =


S−1√
Var(S)

if S > 0

0 if S = 0
S+1√
Var(S)

if S < 0

(2.8)

If |Z| > zα/2 (where α/2 indicates the quantile of the normal distribution), the872

null hypothesis (no trend, denoted by H0) is rejected at α significance level (at 5%)873

in a two sided test. For seasonal and annual time-series, it is also important to874

take into account the autocorrelation structure (or serial correlation) in the data.875

Autocorrelation increases the probability of detecting significant trends. Hamed876

and Rao (1998) suggested a modified Mann-Kendall approach by considering the877

autocorrelation between the ranks of the data. This is done by modifying the878

variance, Here, the modified Mann-Kendall test was used and the null hypothesis879

was tested at 95% confidence level.880
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(ii) Student t-test : Students t-test is one of the widely used method for determining881

whether the trend is statistically significant. For example, consider a time-series882

of rainfall anomalies (x(t)) with an estimated linear trend of β̂1, it’s residuals883

(ε(t)) can be derived as difference of observed rainfall anomalies (x(t)) and those884

estimated from e.g., MLR model (x̂(t)) over t = 1, 2, ..., n months:885

ε(t) = x(t)− x̂(t), (2.9)

and the standard error (Sβ) of β̂1 is defined as886

Sβ =
Sε√∑n

t=1(t− t̄)2
, (2.10)

where S2ε , variance of the residuals (ε) is given by887

S2ε =
1

n− 2

n∑
t=1

ε(t)2, (2.11)

In order to examine whether the trend in x(t) is significantly different from 0, a888

test value is computed as a ratio between the estimated trend (β̂1) and its standard889

error (Sβ):890

tβ =
β̂1
Sβ

(2.12)

assuming that tβ follows a t-distribution. The null hypothesis (of no trend) is891

rejected if |t| < tcrit, where tcrit is the point on the student’s t-distribution with892

n−2 degrees of freedom. It should be noted here that while the t-test is simple and893

powerful to normally distributed data (such as temperature), it is less powerful894

against non-normal datasets (such as precipitation).895

2.4.2 Principal Component Analysis (PCA)896

Both weather and climate are a result of complex non-linear interaction between various897

components of the Earth system and contain significant temporal and spatial correla-898

tions, which makes the physical interpretation difficult based on simple data analysis899

alone. To circumvent this challenge, many statistical approaches have been explored to900

reduce three-dimensional (3D) geophysical data such as precipitation, surface air tem-901

perature, and SST data into few components (see, Preisendorfer, 1988). This process902

helps to interpret data and possibly help explain the possible physical mechanisms that903

cannot be inferred from simple statistical methods. Among the many advanced statis-904

tical methods used in ocean/atmospheric science, principal component analysis (PCA,905

Preisendorfer, 1988) is considered on of the simplest and a widely used data exploratory906

approach. PCA is based on a second order statistics that allows for a space-time display907

of spatio-temporal data such as precipitation and temperature in a very few modes. In908

general, PCA has gained multiple applications and have been used in various geophysi-909

cal and climatic applications for dimension reduction (or removing white noise), pattern910
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extraction, and comparison of different datasets (see, Hannachi et al., 2007, Forootan,911

2014, for a detailed review of its mathematical derivation and applications).912

The central idea of the PCA is to find a set of orthogonal spatial patterns (Empirical913

Orthogonal Functions or EOFs) along with a set of associated uncorrelated time-series914

or principal components (PCs) that captures most of the observed variance (expressed915

in %) from the available spatio-temporal data such as precipitation and temperature. In916

summary, the EOF decomposition can be written asX(n,m)
∼= P(n,k)ET

(m,k) whereX(n,m)917

is the space (m)-time (n) data (e.g., precipitation) with its temporal mean removed,918

E(m,k) contains the EOFs with k number of retained modes, and P(n,k) are the PCs919

derived by projecting the original data (X(n,m)) on the orthogonal base-functions or920

EOFs E(m,k), i.e., P(n,k) = X(n,m)E(m,k). This method can be applied at various stages921

of the data in order to improve signal-to-noise ratio as well as to help interpret spato-922

temporal variations in geophysical data. PCA is applied in this study to isolate the923

likely effects of ENSO and IOD on the precipitation and temperature changes in the924

GBM River Basin.925

2.5 Results and discussion926

2.5.1 Annual amplitudes and trends of rainfall and temperature927

The mean annual amplitudes of monthly rainfall from gauge-based GPCCv6, SRS-based928

TMPAv7 and CHIRP, and three reanalysis products (i.e., ERA-Interim, MERRA, and929

CFSR) are shown in Fig. 2.4. Precipitation over the GBM River Basin shows signifi-930

cant spatial variability for all the months as a result of the Indian monsoon and the931

orographically induced precipitation along the Himalayan mountains. The highest pre-932

cipitation amplitudes are observed over the Brahmaputra–Meghna River Basin, while933

the Ganges River Basin show relatively low rainfall amplitudes except over few regions934

such as central Nepal (Fig. 2.4a–c). These annual amplitude maps closely relate to the935

average monsoon rainfall from June–September (JJAS) as indicated in Fig. 2.5. Note936

that the spatial patterns of JJAS rainfall is more localised, especially in the GPCCv7937

data (Fig. 2.5a) indicating that SRS-based precipitation estimates exhibit a larger foot-938

print (Fig. 2.5b–c) rendering a larger area of maximum rainfall in its high resolution939

versions. There are three regions: (a) Meghalaya, (b) southwest Bhutan, and (c) north-940

ern Arunachal Pradesh that receive the highest monthly rainfall amount (∼1200 mm941

during the JJAS) and hence shows the largest amplitudes in all the observed datasets942

(Fig. 2.4a–c). Both TMPAv7 and CHIRP (1998–2013) show similar magnitudes of an-943

nual maps as GPCCv6 (Fig. 2.4b–c) but substantially underestimate monsoon rainfall944

in the high rainfall regions (Fig. 2.5b–c), albeit for different periods.945

However, reanalysis products (specifically ERA-Interim and MERRA) significantly946

underestimate the annual amplitudes (Fig. 2.4d–e) and the JJAS rainfall amount (Fig.947

2.5d–e) with respect to APHRODITE and GPCCv6. MERRA, in particular failed to948

generate rainfall structures over Nepal and along the coastal areas of the Bay of Ben-949

gal (Fig. 2.4e and 2.5e), while both ERA-Interim and MERRA can barely capture the950
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Figure 2.4: Spatial variations of mean annual amplitudes of monthly rainfall over the GBM
River Basin based on (a) GPCCv6 (1980–2010), (b) TMPAv7 (1998–2013, (c) CHIRP (1998–
2013), (d) ERA-Interim (1980–2010), (e) MERRA (1980–2010), (f) CFSR (1980–2010).
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Figure 2.5: Spatial distribution of monsoon (JJAS) rainfall over the GBM River Basin (a)
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(1980–2010), (e) MERRA (1980–2010), (f) CFSR (1980–2010).

monsoon rainfall pattern (Fig. 2.5d–e). CFSR, on the other hand, highly overestimates951

the annual amplitude and also misplaces the high rainfall region of southwest of Bhutan952

towards the east (Fig. 2.4f and 2.5f). While a strong agreement between TMPAv7 and953



24 2. Precipitation and temperature variability

GPCCv6 is expected, the differences between GPCCv6 and reanalysis products (es-954

pecially, ERA-Interim and MERRA) is striking, given that both products are adjusted955

with observed rainfall datasets. For example, MERRA underestimates annual amplitude956

by 21–37% over the GBM River Basin (Table 2.4). CHIRP and APHRODITE estimates957

are also considerably lower than the other observed products over the basin (Table 2.4),958

an observation that has also been noted, e.g., by Prakash et al. (2015).959

Table 2.4: Annual amplitudes of various precipitation and temperature products over the
Ganges and Brahmaputra-Meghna-River Basins over the period 1980–2013.

Data| Precipitation [mm year−1] Temperature [◦C]
Ganges Brahmaputra-Meghna Ganges Brahmaputra-Meghna

APHRODITE [1980–2007] 260.3 263.9 - -
GPCCv6 [1980–2010] 310.0 346.3 - -
CRU_TS3.22 [1980–2007] 284.1 (280.4) 334.5 (330.0) 6.9 7.0
TMPAv7 [1998–2013] 320.7 330 - -
CHIRP [1998–2013] 342.4 308.8 - -
ERA-Interim [1980–2010] 308.8 329.2 5.6 5.3
MERRA [1980–2010] 244.2 219.4 9.0 8.7
CFSR [1980–2010] 345.4 379.5 8.2 8.4

Figure 2.6 shows the spatial variability of annual amplitude of surface tempera-960

ture over the GBM River Basin (over the period 1980–2010) based on observed data961

(CRU_TS3.22 and UDEL) and three reanalysis products (ERA-Interim, MERRA,962

and CFSR). The annual amplitudes of temperature increases with altitude with both963

CRU_TS3.22 and UDEL gauge datasets (Fig. 2.6a–b) showing considerably high964

(>8◦C) variations in the Tibetan region (located entirely in the Brahmaputra River965

Basin) and parts of the western Ganges River Basin (Indian region). The tempera-966

ture varies by 5–8◦C over western Nepal, northern Bhutan, and Arunachal Pradesh (in967

India), while the lowest annual variations (∼5◦C) are observed over Bangladesh and968

eastern India. The annual amplitude of temperatures shown by the reanalysis products969

exhibit very similar spatial structures but their magnitudes vary considerably across970

the basin. While ERA-Interim tend to underestimate annual amplitudes (Fig. 2.6c),971

MERRA and CFSR products (Fig. 2.6d–e) overestimate annual amplitudes (by around972

3–4◦C) with respect to CRU_TS3.22 dataset, especially in the Ganges River Basin and973

in the Tibetan region. The basin-averaged annual amplitudes (of temperature) are given974

in Table 2.4, which shows that MERRA depicts the largest annual variation followed975

by CFSR in the GBM River Basin. The maximum surface temperature over Ganges976

and Brahmaputra–Meghna River Basins occur during May and July, respectively, while977

their minimum temperatures occur in January.978

Changes in temperature and precipitation are estimated both in observations and re-979

analysis products for the period 1980–2010 using both parametric and non-parametric980

methods described in Section 2.4. Precipitation trends are also calculated for vari-981

ous time periods between 1980 and 2013 to shows the precipitation changes based on982

APHRODITE (1980–2007) and SRS-based (TMPAv7 and CHIRP) precipitation prod-983

ucts. Precipitation trends estimated between 1980 and 2007 indicates a negative trend984

(up to 10–15 mm decade−1) mainly over the Ganges River Basin, and are consistently985

shown by all the observed products (i.e., APHRODITE, CRU_TS3.22, GPCCv6). Fig-986
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Figure 2.6: Spatial patterns of annual amplitudes of temperature over the GBM River Basin
based on (a) CRU_TS3.22, (b) UDEL, (c) ERA-Interim, (d) MERRA, and (e) CFSR for the
period 1980–2010.

ure 2.7 shows the precipitation changes over the GBM River Basin based on GPCCv6987

(1980–2010), TMPAv7 and CHIRP (1998–2013), and the three reanalyses (1980–2010).988

The long-term (1980–2010) trend based on GPCCv6 data shows mostly negative trends989

across both the river basins with a declining rate of 10–20 mm decade−1 (Fig. 2.7a).990

However, TRMMv7 indicated a relatively large decline in precipitation over the last991

decade, especially along the main monsoonal flow (covering Bangladesh, Bhutan, north-992

east India, and Nepal), with a decline of 20–35 mm decade−1 (Fig. 2.7b) between 1998993

and 2013. Both TMPAv7 and CHIRP (Fig. 2.7b–c) indicate strong decline in precip-994

itation over the last decade in the Brahmaputra–Meghna River Basin (39 mm/dec in995

TMPAv7 during June–August). During the same period, however, the western Ganges996

River Basin recorded an increase in precipitation, with an estimated rate of 12 mm997

decade−1 in TMPAv7 (see, Fig. 2.7b and Table 2.5), although it is not replicated by998

the CHIRP product due to a larger area of precipitation decrease in the eastern Ganges999

River Basin (Fig. 2.7c).1000

Among the reanalyses, ERA-Interim tends to capture the observed trends but its1001

trend values are significantly larger than the observed GPCCv6 data over western Nepal1002

and eastern India (Fig. 2.7d), while MERRA and CFSR show completely opposite signs1003

of change over the Brahmaputra–Meghna River Basin (Fig. 2.7e–f). The basin-averaged1004

seasonal precipitation trends given in Table 2.5 show precipitation decline for all the1005

seasons in both the river basins, especially in winter in most of the datasets including1006

reanalysis products. Consistent with the spatial trend patterns shown in Fig. 2.7, the1007

basin-averaged trends values of MERRA and CFSR indicate anomalously large increas-1008

ing trends in summer in the Brahmaputra–Meghna River Basin between 1980 and 20101009
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Figure 2.7: Precipitation changes over the GBM River Basin based on (a) GPCCv6 (1980–
2010), (b) TMPAv7 (1998–2013, (c) CHIRP (1998–2013), (d) ERA-Interim (1980–2010), (e)
MERRA (1980–2010), (f) CFSR (1980–2010). Trend values that are not significant at 95%
confidence level are masked out.

(Table 2.5). Precipitation changes in reanalyses depend on model parameterizations1010

(e.g., convection scheme, moisture transport), quality of assimilated observations, as-1011

similation of new observations. Instrumental changes and changing mix of observations1012

will affect the quality of precipitation fields in time as well as introduce spurious jumps1013

that might impact on the long-term trends. As such, most physical models have limited1014

skills in simulating the weakening Indian monsoon circulation (Ramanathan et al., 2005,1015

Chung and Ramanathan, 2006) and the effects of ENSO and IOD on the precipitation1016

trends, and thus, the reliability of reanalyses to some extent, are seasonally dependent1017

as shown in Table 2.5.1018

Table 2.5: Precipitation trends (mm decade−1) estimated from observed and reanalysis prod-
ucts for various periods between 1980 and 2013. Values that are significant at 95% confidence
level are highlighted in bold.

Rainfall Products| Ganges [mm decade−1] Brahmaputra-Meghna [mm decade−1]
Winter Spring Summer Autumn Winter Spring Summer Autumn

GPCCv6 [1980–2010] -0.7 -12 0.2 -2.9 -0.8 0.2 -4.5 -1.9
TRMMv7 [1998–2013] 2.1 -6.1 12.4 -6.6 -0.1 -4.6 -39.0 -3.3
CHIRP [1998–2013] 1.1 -2.0 -7.0 -10.3 0.0 -3.9 -20.2 -9.2
ERA-Interim [1980–2010] -1.5 -9.5 -5.8 -3.6 -6.8 -12.6 -6.9 -2.8
MERRA [1980–2010] 1.1 9.0 3.0 -2.0 5.9 17.4 3.0 -1.1
CFSR [1980–2010] -0.8 18.1 1.9 -2.1 0.9 19.8 5.0 -3.2

Observed changes in temperature based on CRU_TS3.22 and UDEL (Fig. 2.8a–b)1019

show significant warming over majority of the GBM River Basin with intense warming1020

trends (up to 0.6◦C decade−1) over northern Brahmaputra River Basin (southern Ti-1021

bet). The warming patterns are very similar between CRU_TS3.22 and UDEL but the1022



2.5. Results and discussion 27

latter did not show any significant warming over Bangladesh. The warming trends in the1023

northern parts of GBM River Basin are well reproduced by the reanalysis products, even1024

though their magnitudes differ considerably between the three products and across the1025

region (Fig. 2.8c–e). In reanalysis systems, surface temperature outputs are still closely1026

related to the model parameterizations and hence, model uncertainties may play a sig-1027

nificant role in representing the spatial variability in very heterogeneous topographic1028

regions such as the GBM River Basins. However, the temperature trends shown by the1029

reanalysis products generally agree more than precipitation, because unlike precipita-1030

tion, temperature variations are more consistent and most reanalysis systems directly1031

assimilate near-surface temperature data from both radiosonde and satellite sources.1032

However, ERA-Interim barely shows any significant warming trends in the Ganges River1033

Basin (Fig. 2.8c) despite their use of near-surface atmospheric temperature datasets1034

(Dee et al., 2011), which might be related to how it constrains the land surface effects1035

on evaporation.1036

There are few grids in MERRA and CFSR (Fig. 2.8d–e) that show negative spurious1037

trends in the northern Brahmaputra and western Ganges River Basin, respectively,1038

which cannot be understood at this time. CFSR also uses precipitation observations1039

over land to better constrain their soil moisture (Saha et al., 2010). The excessive1040

warming seen in CFSR over the Himalayan region (Fig. 2.8e) correlates with the large1041

precipitation increases indicating that warming in this region may be caused by other1042

changes such as decrease in snow/ice cover. The basin-averaged trends are estimated1043

for all the four seasons and are given in Table 2.6. Consistent with the spatial patterns1044

observed in Fig. 2.8, the basin-averaged seasonal trends based on CRU_TS3.22 and1045

UDEL also indicates significant warming in both the river basins during the spring,1046

autumn, and winter. CRU_TS3.22 also showed significant warming trends (0.21◦C/dec)1047

in the Brahmaputra-Meghna River Basin during summer. ERA-Interim was not able to1048

reproduce these seasonal temperature trends, but MERRA and CFSR agreed well with1049

observed data in the Brahmaputra-Meghna River Basin (Table 2.6). Note that all the1050

reanalysis products indicate negative (although not significant) temperature trends in1051

summer over the Ganges River Basin.1052

Table 2.6: Linear trends in temperature (◦C decade−1) derived from observations and reanal-
ysis products for the period 1980–2010. The values that are significant at 95% confidence level
are shown in bold.

CRU_TS3.22 UDEL ERA-Interim MERRA CFSR
Ganges

Spring 0.38 0.36 0.08 0.16 0.52
Summer 0.1 0.03 -0.22 -0.4 -0.17
Autumn 0.41 0.27 0.08 0.21 0.31
Winter 0.41 0.26 0.32 0.31 0.42

Brahmaputra-Meghna
Spring 0.42 0.39 0.15 0.26 0.43
Summer 0.21 0.09 -0.06 0.1 0.02
Autumn 0.46 0.28 0.06 0.28 0.33
Winter 0.64 0.48 0.35 0.43 0.8
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Figure 2.8: Spatial variation of temperature trends based on (a) CRU_TS3.22, (b) UDEL,
(c) ERA-Interim, (d) MERRA, and (e) CFSR for the period 1980–2013 in the GBM River
Basin. Trend values that are not significant at 95% confidence level are not shown.

2.5.2 Interannual variability of precipitation and temperature1053

PCA is applied to the deseasonalized (annual cycle removed) and detrended (linear trend1054

removed) time-series anomalies of temperature and precipitation focusing on the period1055

1980–2010 to understand the most recent climate variations of the GBM River Basin.1056

First, PCA is applied to monthly temperature anomalies (annual signals removed) of1057

CRU_TS3.22 to derive the leading modes of variability and its associated EOFs (i.e.,1058

spatial patterns) as well as the PCs (i.e., temporal patterns). Temperature anomalies of1059

other products are projected onto the EOFs (of CRU_TS3.22) to generate the respective1060

temporal patterns. Although previous studies have used various statistical methods to1061

determine the number of modes to be retained (see details in, Forootan, 2014), only the1062

first two leading modes are retained here based on the well-distinguished variance con-1063

tribution. Figure 2.9 shows the PCA modes of CRU_TS3.22 temperature data together1064

with the projected temporal components of UDEL and the three reanalysis temperature1065

fields. The first leading mode explains about 43% of the variance, which shows strong1066

positive anomalies over the western GBM River Basin and northern Brahmaputra basin1067

(Fig. 2.9a). The second EOF exhibits two homogeneous regions with positive (negative)1068

anomalies over Ganges (Brahmaputra–Meghna) River Basin, accounting for 13% of the1069

variability (Fig. 2.9b) .1070

The corresponding PCs (Fig. 2.9c–d) show substantial interannual variability be-1071

tween 1980 and 2010. PC 1 shows the extreme warm (e.g., 1988, 1999) and cold (e.g.,1072

1997–1998, 2008–2009) episodes (Fig. 2.9c) with dominant affects in the western Ganges1073

River Basin (Fig. 2.9a). The patterns are quite similar in the second PC (Fig. 2.9d) but1074



2.5. Results and discussion 29

Longitude [°]

L
a

ti
tu

d
e

 [
°
]

(a) EOF 1: 43.3%

75E 80E 85E 90E 95E
15N

20N

25N

30N

Longitude [°]

(b) EOF 2: 13.0%

 

 

75E 80E 85E 90E 95E

T
e

m
p

e
ra

tu
re

 (
°
C

)

−0.5

0

0.5

1980 1985 1990 1995 2000 2005 2010

−3

−2

−1

0

1

2

3

S
ta

n
d

a
rd

is
e

d
 P

C
s

Year

(d) PC 2

 

 

−2

0

2

S
ta

n
d

a
rd

is
e

d
 P

C
s

 

 

CRU_TS3.22 UDEL ERA−Interim MERRA CFSR

(c) PC 1

(d) PC 2

Figure 2.9: Spatial patterns or EOFs (a & b) and temporal components or PCs (c & d) based
on first two leading modes of PCA analysis on monthly temperature anomaly of CRU_TS3.22
over the period 1980–2013. PCs of UDEL, ERA-Interim, MERRA, and CFSR indicated in (c
& d) are derived by projecting their respective anomalies onto the EOFs of CRU_TS3.22.

tend to differ during the periods 1982–1984 and 1996–2000. UDEL agrees very well1075

with CRU_TS3.22 with a correlation of 0.95 and 0.90 for PC 1 and PC 2, respectively1076

(Table 2.7). The temporal patterns are captured very well by the reanalysis products1077

(Fig. 2.9c–d), especially with ERA-Interim and MERRA showing high correlations with1078

CRU_TS3.22 (Table 2.7). The correlations between CRU_TS.22 and MERRA for PC1079

2 is found to be higher (0.79) than those with ERA-Interim (0.68) whereas CFSR agrees1080

only moderately for both the PCs.1081
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Table 2.7: Correlation between CRU_TS3.22 and other temperature products over the GBM
River Basin for the period 1980–2010. Correlations were computed between the PCs of first two
leading modes of CRU_TS3.22 and other products.

Temperature products PC 1 PC 2
UDEL 0.95 0.90
ERA-Interim 0.89 0.68
MERRA 0.79 0.77
CFSR 0.41 0.48

In order to identify the possible physical mechanisms for these interannual variations,1082

the two PCs (Fig. 2.9c–d) are correlated with the SST anomalies (50◦N–50◦S) for the1083

period 1980 to 2010. Although several studies have followed the same procedure to1084

quantify the role of global SST variations on land surface temperature, but most of1085

them have focused on the Indian sub-continent (Hingane et al., 1985, Kothawale et al.,1086

2010, Chowdary et al., 2014). The analysis presents an updated understanding of the1087

SST impacts on land surface temperatures in the GBM River Basin, using a PCA-1088

based approach. Figure 2.10 shows the correlation between the two PCs (Fig. 2.9c-d)1089

and the SST anomalies covering the region 50◦N–50◦S. PC 1 appears to be highly1090

correlated with SST anomalies over the Arabian Sea, moderately correlated with SST1091

anomalies over Bay of Bengal and the western tropical Pacific Ocean, and negatively1092

correlated with SST over the western Pacific Ocean (Fig. 2.10a and c). This suggests1093

that warm temperatures in the western Ganges River Basin are likely driven by positive1094

temperature anomalies in the Arabian Sea, and remote forcings such as weak La Niña-1095

type events arising from warmer SSTs in the western tropical Pacific Ocean. PC 2, on1096

the other hand, is found to be highly correlated with SST anomalies in the western1097

tropical Indian Ocean and the western tropical Pacific Ocean. The correlation patterns1098

over the tropical Indian Ocean are similar to that of the IOD (Saji et al., 1999) and those1099

over western tropical Pacific Ocean resemble the El Niño patterns indicating that both1100

ENSO and IOD play a significant role in surface temperature variability across the GBM1101

River Basin. Their effects are positive (negative) in the Ganges (Brahmaputra-Meghna)1102

River Basin.1103

These correlation coefficient values are found to be very weak in the reanalysis prod-1104

ucts, with only MERRA (and to some degree ERA-Interim) being able to reasonably1105

capture the spatial patterns (Fig. 2.10e–h). ERA-Interim and MERRA show consis-1106

tent positive correlations in the Arabian Sea, the Indian Ocean, western tropical Pacific1107

Ocean, and the Atlantic Ocean that are exhibited by CRU_TS3.22 data (Fig. 2.10e &1108

g), although MERRA shows a completely opposite pattern in eastern Pacific Ocean.1109

CFSR, on the other hand, do not show any significant correlations with SST anomalies1110

(Fig. 2.10i). For PC 2, SST correlation with MERRA exhibits the closest agreement with1111

those shown by CRU_TS3.22 (Fig. 2.10h), which is closely followed by ERA-Interim1112

(Fig. 2.10f). To quantify the impacts of remote SST on the surface temperature anoma-1113

lies, PC 2 (Fig. 2.9c) is correlated with Niño3.4 and DMI indices and are shown in Table1114

2.8. The correlation coefficient between PC 2 (of CRU_TS3.22) and Niño3.4 (DMI) are1115

found to be 0.55 (0.23), both of which are statistically significant at 95% confidence1116

level. Correlation with Niño3.4 index is higher for MERRA, followed by ERA-Interim1117
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Figure 2.10: Correlation coefficients between monthly SST anomalies and surface tempera-
ture anomalies (represented by PC 1 and PC 2) derived from various observed and reanalysis
temperature products for the period 1980–2013. Only those values that are significant at 95%
confidence level are retained.

and CFSR, which are consistent with the spatial correlation patterns shown in Fig. 2.10.1118

However, it is observed that CFSR temperature product is better correlated with DMI1119

than those of MERRA and ERA-Interim, which is also evident in Fig. 2.10j. The results1120

shown here are quite interesting because ERA-Interim, albeit having consistent temporal1121

anomalies with respect to CRU_TS3.22 indicates lower correlations with SSTs.1122

Table 2.8: Correlation between SST anomalies and the first two PCs of various temperature
products for the period 1980 to 2010. The correlation values that are signficant at 95% confidence
level are highlighted bold.

Temperature Products Nino3.4 vs PC 2 DMI vs PC 2
CRU_TS3.22 0.53 (at 3 month lag) 0.24 (at 3 month lag)
UDEL 0.56 (at 3 month lag) 0.22 (at 3 month lag)
ERA-Interim 0.35 (at 3 month lag) 0.05 (at 3 month lag)
MERRA 0.46 (at 3 month lag) 0.13 (at 3 month lag)
CFSR 0.27 (at 3 month lag) 0.30 (at 3 month lag)
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Similarly, the impacts of ENSO and IOD on the basin precipitation are studied. A1123

multilinear regression approach is used here by fitting the deseasonalised precipitation1124

anomalies with normalized ENSO and IOD indices (represented by Niño3.4 and DMI),1125

each with respect to their data period, e.g., APHRODITE (1998–2007), TMPAv7 (1998–1126

2013), GPCCv6 (1980–2010), and the reanalysis products (1980—2010). The statistical1127

significance of the regressed values are tested using a student’s t-test at 95% confidence1128

level based on the correlation coefficients between Niño3.4/DMI indices and precipita-1129

tion anomalies at each grid. The estimated spatial correlation patterns between Niño3.41130

(and DMI) and observed precipitation anomalies (e.g., APHRODITE, GPCCv6) sug-1131

gest that both ENSO and IOD substantially influence the basin precipitation regime,1132

particularly affecting the core monsoon region (Bangladesh, northeast India, Bhutan,1133

and Nepal) and parts of central India. Figure 2.11 shows the precipitation anomalies1134

associated with ENSO and IOD. In general, the positive ENSO mode (or El Niño) is1135

associated with significant reduction of rainfall (∼15 mm year−1) mainly over the west-1136

ern Ganges River Basin (including southern Nepal, Uttar Pradesh, Bihar, Meghalaya in1137

India and southwest of Bhutan).1138

While the ENSO impacts are mainly concentrated over western Nepal and its sur-1139

roundings from 1980 to 2007 (Fig. 2.11a), the period of 1998–2013 saw widespread re-1140

duction of rainfall in the Ganges and northern Brahmaputra River Basins (Fig. 2.11b).1141

However, a slight increase (∼5–10 mm year−1) in rainfall can be seen over Bangladesh1142

during the same period. The IOD mode (Fig. 2.11c–d), on the other hand is associated1143

with increase (decrease) in rainfall in the southeastern parts of Ganges River Basin1144

(Bangladesh and Meghalaya in India). During the same period, widespread decreases1145

in rainfall are observed over Bangladesh, which are likely linked to frequent positive1146

IOD events during the period (Fig. 2.11d). Overall, ENSO dominates the basin pre-1147

cipitation variability (contributing to ∼10–20% of total rainfall), while IOD presents a1148

modest contribution of ∼8–10% of the total annual rainfall variability. These estimates1149

can be derived by dividing the ENSO and IOD amplitudes by root-mean-squares of the1150

monthly rainfall amount (see e.g., Forootan et al., 2015).1151

The influence of ENSO and IOD on precipitation between 1980 and 2010 shown1152

by GPCCv6 (Fig. 2.12a and e) are found to be consistent with those indicated by1153

APHRODITE from 1980–2007 (Fig. 2.11a and c), but with slightly higher precipitation1154

contribution in GPCCv6. This could be due to the more frequent events of La Niña (e.g.,1155

in 2007–2008) and El Niño (e.g., in 2006 and 2009–2010) events towards the end of 20101156

(see, Khandu et al., 2016a). Among the reanalysis products, ERA-Interim shows the1157

closest agreement with gauge-based precipitation product, GPCCv6 (Fig. 2.12b and f)1158

whereas MERRA (Fig. 2.12c and g) and CFSR (Fig. 2.12d and h) either underestimate1159

or overestimate rainfall contribution due to ENSO and IOD events. However, it should be1160

noted that the spatial patterns of ENSO and IOD contributions are captured reasonably1161

well by all the products. products.1162
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Figure 2.11: Regression of Niño3.4 index and DMI on precipitation anomalies of APHRODITE
(1980-2007) and TMPAv7 (1998-2013). Values that are not significant at 95% confidence level
based on student’s t-test are not shown.
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Figure 2.12: Regression Niño3.4 index and DMI on the precipitation anomalies of GPCCv6
and reanalysis products for the period 1980–2010. Precipitation contributions that are not
significant at 95% confidence level based on student’s t-test are not shown.
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2.6 Concluding remarks1163

This chapter provides an updated understanding on the climate change and variability1164

of the GBM River Basin by analyzing monthly precipitation and temperature datasets1165

from different sources for the most recent period 1980–2013. Although the primary ob-1166

jective here is to present the recent updates in basin’s climate and the likely impacts1167

of large-scale ocean-atmospheric variations such as ENSO and IOD, it also presents an1168

assessment of current global high-resolution satellite-based precipitation estimates and1169

reanalysis products describing their potentials and limitations for hydro-meteorological1170

applications in the region. The reanalysis systems in particular, provide long time-series1171

of climate datasets that are required for understanding various aspects of global/regional1172

climate variability and change. They also provide important climate forcing data for re-1173

gional climate models and land surface/hydrological models. The temperature records1174

exhibit widespread warming across the GBM River Basin during the last three decades.1175

Warming appears to be more intense in the Himalayas (across western Nepal and Ti-1176

betan region) of the Brahmaputra–Meghna River Basin, showing an increasing rate of1177

0.6◦C decade−1. Precipitation changes are found to be more scattered across the GBM1178

River Basin, with an overall decline between 1980 and 2010. The declining rate has1179

accelerated since the late 1990s in the core monsoon areas of the Brahmaputra–Meghna1180

River Basin, which is clearly depicted by the recent SRS-based precipitation products1181

such as TMPAv7 and CHIRP. However, the monsoon precipitation appears to be in-1182

creasing in the western Ganges River Basin between 1998 and 2013 at a rate of 12 mm1183

decade−1.1184

Surface temperature variations can be widely explained by the first two leading modes1185

of PCA, which togetherly account for ∼56% of the total variability. The first mode1186

exhibits basin-wide positive anomalies with increasing magnitudes towards the west1187

and north, which are found to be associated with warming SSTs in the Arabian Sea1188

and the La Niña phase. The second mode depicts a dipole-type pattern with positive1189

(negative) anomalies over Ganges (Brahmaputra-Meghna) River Basins and are found1190

to be significantly correlated with SST anomalies over western tropical Indian Ocean1191

and eastern tropical Pacific Ocean, closely depicting the ENSO/IOD patterns. Similarly,1192

ENSO and IOD events significantly influence the seasonal rainfall variability across the1193

GBM River Basin, contributing to about 10–20% and 8–10% to the total annual rainfall,1194

respectively, mainly over the core monsoon region (Bangladesh, northeast India, Bhutan,1195

and Nepal) and central India (southern Ganges River Basin).1196

Reanalysis products tend to have generally poor skills in reproducing the observed1197

seasonality and long-term trends in precipitation, although, they appear to perform1198

reasonably well for temperature. The skills of three reanalysis products analyzed in1199

this study appears to vary across the region and on the type of metrics being assessed.1200

Hence, it may be summarized that no single reanalysis is superior for both rainfall and1201

temperature in reproducing the observed patterns. For instance, MERRA temperature1202

data compares well with CRU_TS3.22, while ERA-Interim agrees well with GPCCv61203

precipitation data in terms of long-term trend and interannual variability. However,1204

both MERRA and ERA-Interim products are barely able to capture the spatial pre-1205

cipitation variability, while CFSR products shows a shift in high rainfall regions along1206
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the Himalayan Foothills towards the east. MERRA significantly underestimated annual1207

precipitation amplitude by about 21–37%), whereas CFSR overestimated it by about1208

9% with respect to GPCCv6. Despite substantial seasonal biases, these products rea-1209

sonably represent the effects of global and regional (or local) SST variations. Due to1210

substantial disagreements between observed datasets and recently generated reanaly-1211

sis products, there are still important limitations on their regional use, particularly for1212

trend analysis. The next chapter uses soil moisture outputs to determine climate change1213

effects on water resources in the GBM River Basin, which will further justify the use of1214

reanalysis products.1215
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3. Observed impacts of climate1216

change and human water use on1217

water resources1218

3.1 Introductory remarks1219

With a population of over 650 million, the GBM River Basin is also one of the most1220

populous river basins on Earth and its agriculture and food security is heavily reliant on1221

its available surface water and groundwater resources. Although graced with abundant1222

freshwater resources, the GBM’s water resources are becoming increasingly vulnerable1223

to climate variability (such as prolonged droughts) due to rapid rise in population and1224

its demand for more freshwater (Rodell et al., 2009, Tiwari et al., 2009, Shamsudduha1225

et al., 2009b, Central Ground Water Board, 2014, Papa et al., 2015). Observational1226

(e.g., Rodell et al., 2009, Tiwari et al., 2009, Shamsudduha et al., 2009b, Chen et al.,1227

2014a, Central Ground Water Board, 2014, Shahid et al., 2015, Khandu et al., 2016a)1228

and hydrological modelling studies (e.g., Döll et al., 2014, Khandu et al., 2016a) re-1229

vealed alarming depletion of groundwater and surface water storage across many parts1230

of the river basin, particularly along the vast fluvial plains of Ganges, Brahmaputra,1231

and Bangladesh as they are being withdrawn at a far greater rate than it can be re-1232

plenished. The situation is being worsened during the prolonged meteorological drought1233

events. The state-of-the-art GRACE (Gravity Recovery and Climate Experiment, Ta-1234

pley et al., 2004) time-variable gravity field measurements first reported the appalling1235

pictures of large-scale deterioration of available water storage in the GBM River Basin.1236

This mainly includes groundwater and surface water stored along the Gangetic Plains,1237

northeast India, and Bangladesh (e.g., Rodell et al., 2009, Tiwari et al., 2009, Chen1238

et al., 2014a, Khandu et al., 2016a, Long et al., 2016) and glaciers and snow water1239

equivalent in the Himalayas (e.g., Matsuo and Heki, 2010, Jacob et al., 2012).1240

Changes in global/regional climate (e.g., temperature changes and associated changes1241

in spatio-temporal distribution and intensity of precipitation) has been shown to influ-1242

ence the basin’s hydrological budget. While the Indian monsoon precipitation is pro-1243

jected to largely increase in the future based on climate model projections (see, Anna-1244

malai et al., 2007, Turner and Annamalai, 2012), current assessments have indicated1245

significant decline in rainfall in the GBM River Basin during the past few decades (see,1246

Chapter 2). Studies have attributed this rainfall decline to the overall weakening of1247

the Indian monsoon circulation and possible radiative cooling affects from increasing1248

aerosol concentration across South Asia (e.g., Ramanathan et al., 2005, Chung and1249

Ramanathan, 2006, Lau et al., 2009). Climate model experiments have shown that in-1250

creasing aerosol concentrations may significantly reduce monsoon rainfall through sur-1251

face cooling (and consequent reduction of the meridional thermal contrast between the1252

northern and southern Indian Ocean) and atmospheric heating due to absorption of1253

solar radiation (Lau and Kim, 2006, Bollasina et al., 2011). The rainfall decline has1254
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been shown to be substantially higher in the Brahmaputra-Meghna River Basin from1255

1998 to 2014 (Khandu et al., 2016c), further adding to the growing water scarcity in the1256

region. Changes in monsoon onset and withdrawal as well as length of rainy days may1257

also have a major impact on the available water resources as it directly affects surface1258

water availability and groundwater discharge.1259

Further, natural variability, especially the ENSO (e.g., Chowdhury and Ward, 2004),1260

IOD (e.g., Saji et al., 1999, Ashok et al., 2001), and Eurasian snow depth levels (Im-1261

merzeel, 2008) have been shown to influence the basin’s climate, which are imitated1262

as year-to-year variations in precipitation as well as in other components of the water1263

storage changes. Extreme rainfall events and droughts have become more frequent over1264

central India, Bangladesh, and Nepal (e.g., Baidya et al., 2008, Rajeevan et al., 2008,1265

Shahid, 2011, Menon et al., 2013), whereas heavy monsoon rains have largely declined1266

in the Brahmaputra–Meghna River Basin (e.g., Roy and Balling, 2004, Goswami et al.,1267

2010). Precipitation variability caused by ENSO and IOD events are translated into1268

various components of the water storage including soil moisture, (sub-) surface runoff,1269

glaciers and snow water equivalent, and groundwater across different spatial and tem-1270

poral scales. However, despite numerous studies on climate change impacts on water1271

resources, detection and attribution of water storage changes in the GBM River Basin1272

remains largely unexplored.1273

The twin-satellite GRACE mission, through its time-variable gravity field obser-1274

vations, has provided continuous images of large-scale changes in total water storage1275

(TWS) on an approximately monthly scale since 2002 (Tapley et al., 2004). Over the1276

oceans TWS reflects the ocean bottom pressure and on land it is interpreted as the1277

sum of groundwater, soil moisture, surface water, snow and ice (Rodell and Famiglietti,1278

2001, Tapley et al., 2004). Thus, TWS changes estimated from GRACE time-variable1279

gravity field solutions over large river basins such as the GBM allows us to monitor1280

water storage changes on both spatial and temporal scales. With more than 13 years1281

of continuous data, the GRACE mission has emerged as one of the most valuable tools1282

for monitoring global (and regional) water resources (see, Chen et al., 2014b, Wouters1283

et al., 2014, for a review), especially in the GBM River Basin, where groundwater and1284

surface water resources are being rapidly withdrawn to meet the increasing needs of1285

its growing population (e.g., Shamsudduha et al., 2009a, Shum et al., 2011, Central1286

Ground Water Board, 2014). In particular, Khandu et al. (2016a) studied the impacts1287

of climate variability/change and human water use on the basin’s water resources using1288

a suite of hydro-climatic data including GRACE-derived TWS changes, soil moisture1289

from reanalysis products and land surface models, and hydrological simulations of water1290

storage changes. The study found that both meteorological droughts and human water1291

abstraction have played a role in the recent decline in available water resources in the1292

GBM River Basin.1293

To further explore and understand the combined impacts of climate variability and1294

human water abstraction, this chapter presents an updated information and description1295

of results of Khandu et al. (2016a) by extending the study period to 2015. Some of1296

the results presented here are largely adopted from Khandu et al. (2016a) as no data1297

updates have occurred following this publication. Section 3.2 presents a brief summary1298
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of the state of water use in the GBM River Basin. Section 3.3 describes the various1299

datasets used and methods applied to understand the role of climate variability and1300

human water use. The results are presented and discussed in Section 3.4, and finally,1301

this study is summarized and concluded in Section 3.5.1302

3.2 State of water use1303

The GBM River Basin synthesizes a complex interplay of Indian monsoon, glacierized1304

Himalayan mountains, and its high groundwater potentials of the vast fluvial plains1305

of Ganges and Assam. The Indian monsoon system largely defines the climate and1306

hydrology of the GBM River Basin, contributing to a significant portion (60–90%) of its1307

annual precipitation. The Himalayan glaciers and snowmelts provide much of the surface1308

water storage ensuring a perennial flow of thousands of tributaries of the GBM river1309

system. The Himalayan mountains in the northern GBM River Basin have the largest1310

concentration of glaciers outside the polar region covering an approximate area of 22,8001311

km2 (Bolch et al., 2012). Although, their overall contribution to the annual runoff in1312

the Ganges and Brahmaputra rivers is relatively small (∼2%) during the summer, the1313

surface water storage (SWS), consisting of the rivers, floodplains, lakes and wetlands1314

contributes up to ∼ 40–50% of the GRACE-derived TWS variations in the GBM River1315

Basin (Papa et al., 2015).1316
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Figure 3.1: The Ganges (thick black polygon) and Brahmaputra–Meghna (thick blue polygon)
and its (a) area equipped for irrigation (%) from AQUASTAT data of the Food and Agricultural
Organization (FAO) of the United Nations and (b) annual water use in irrigated agriculture
(%) from Global Crop Water Model for the period 1998–2002.

However, with rapid rise in population and its associated demands for freshwater,1317

the GBM River Basin has one of the highest consumptive water use in the world.1318

Groundwater accounts for about 60–80% of the domestic water use and more than1319

85% of it being used for irrigation (Mukherjee et al., 2015, Long et al., 2016). This1320

represents approximately 35% of the groundwater withdrawal in the world (Mukherjee1321

et al., 2015). Thus, to understand the effect of climate variability/change on water1322

resources, it is necessary to understand the state of the water resources and their usage1323
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in the GBM River Basin. Figure 3.1a shows that more than 80% of grid cells in the1324

western Ganges River Basin, Ganges Plains and major part of Bangladesh is equipped1325

for agricultural irrigation by either surface water or groundwater (see, http://www.fao.1326

org/nr/water/aquastat/irrigationdrainage/treemap/index.stm. An approximate1327

percentage use of groundwater for irrigation is shown in Figure 3.1b, which indicates1328

highest groundwater use (up to 90%) along the Ganges Plain covering the Indian states1329

of Haryana, Uttar Pradesh and Bihar. Bangladesh uses about 40–80% of groundwater1330

for irrigation mostly concentrating in the northwestern region (Shahid et al., 2015),1331

while few areas in northeast India and southern Tibet also relies on groundwater for1332

irrigation.1333

3.3 Data and methods1334

TWS changes (∆S) are directly related to changes in fluxes over time (t), i.e., precip-1335

itation (P ), evapotranspiration (E), and runoff (R), through the simple water balance1336

equation: ∆S(t) = P (t)−E(t)−R(t). In this study, precipitation is used as the primary1337

meteorological forcing variable to assess the impacts of climate variability on TWS (and1338

soil moisture) in the GBM River Basin. Soil moisture represents a portion of water held1339

in the uppermost part of the Earth’s surface and is a major component of TWS for sus-1340

taining agriculture. Groundwater (Shamsudduha et al., 2009b, Mukherjee et al., 2015,1341

Long et al., 2016) and SWS (Papa et al., 2015) forms the major component of TWS1342

in the GBM River Basin and are often disaggregated using GRACE and land surface1343

model data (e.g., Rodell et al., 2009, Tiwari et al., 2009, Long et al., 2016). This is1344

not being done here as this study aims to understand the overall water storage changes1345

determined from GRACE measurements only and soil moisture datasets serve as proxy1346

for TWS for the long-term investigation.1347

The datasets used here include: (i) monthly gridded gauge-based precipitation prod-1348

ucts: GPCC version 7 (1980–2013, Becker et al., 2013, hereinafter as GPCCv7) (), and1349

CRU_TS3.22 (1980–2014, Harris et al., 2013) and merged SRS-based estimates from1350

TMPA (1998–2015 Huffman et al., 2007), (ii) TWS changes derived from GRACE (Ta-1351

pley et al., 2004) time-variable gravity field solutions (August 2002–September 2015),1352

(iii) soil moisture products from three different reanalyses (1980–2015) and Global Land1353

Data Assimilation System (GLDAS, from 2002–2015, Rodell et al., 2004), and (iv) simu-1354

lated TWS (and surface water) from the Water-Global Assessment and Prognosis (Wa-1355

terGAP version 2.2a) Global Hydrology Model (WGHM, Döll et al., 2003, 2014) for1356

the period 1980–2009. While the precipitation products have been already described in1357

Chapter 2, the remaining datasets used in this chapter are described below.1358

3.3.1 Land surface models1359

Land surface and hydrological models have long played an important role in under-1360

standing the global land hydrology processes. Global hydrolocal models ingest millions1361

of satellite- and ground-based observations to generate optimal fields of land surface1362

http://www.fao.org/nr/water/aquastat/irrigationdrainage/treemap/index.stm
http://www.fao.org/nr/water/aquastat/irrigationdrainage/treemap/index.stm
http://www.fao.org/nr/water/aquastat/irrigationdrainage/treemap/index.stm
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states (e.g., soil moisture and surface temperature) and fluxes (e.g., evaporation and1363

sensible heat flux). The land surface states such as soil moisture, canopy water storage1364

(CWS), and snow water equivalent can be combined to generate water storage changes1365

relating to about 2–3 meters below the land surface. Since the contribution of CWS1366

and snow water equivalent is relatively small in most regions, most studies rely on soil1367

moisture to assess the global/regional water balances and climate change impacts on1368

water resources and agriculture (see, Seneviratne et al., 2010, for a review). However,1369

soil moisture generated by land surface/hydrolgoical can vary considerably among dif-1370

ferent models and forcing data. To determine the spatio-temporal consistencies among1371

various available soil moisture products, this study includes data generated by reanal-1372

ysis systems and land surface models. These include the NASA’s Global Land Data1373

Assimilation System (GLDAS, Rodell et al., 2004), namely, Noah, and soil moisture1374

produced by three global reanalyses, namely (i) Climate Prediction Center (CPC, van1375

den Dool et al., 2003), (ii) Modern Era Retrospective Analysis for Research Application1376

(MERRA, Rienecker et al., 2011), and (iii) ERA-Interim (Dee et al., 2011). The key1377

attributes of these products are given in Table 3.1 and their basic features are described1378

below:1379

i GLDAS Noah: GLDAS is a unique uncoupled land surface model with advanced1380

land surface modeling and data assimilation techniques, designed to generate opti-1381

mal fields of land surface states and fluxes through assimilation of huge quantity of1382

ground-based and SRS-based observational products (Rodell et al., 2004). GLDAS1383

drives several models including Noah, Mosaic, VIC, and Community Land Model1384

(CLM) (for details, see, Rodell et al., 2004), with variable soil layers and depth1385

columns, and are run at a 0.25◦ × 0.25◦ horizontal resolution. The GLDAS outputs1386

are produced in near real-time (typically within 48 h of the present), which is im-1387

portant for many hydrological applications. Previous studies have used these models1388

to decompose GRACE-derived TWS fields to derive groundwater storages over var-1389

ious parts of the GBM River Basin (e.g., Rodell et al., 2009, Tiwari et al., 2009,1390

Shamsudduha et al., 2009b). However, (Khandu et al., 2016a) found that long-term1391

GLDAS soil moisture datasets produced at 1.0◦ × 1.0◦ grid revealed large spurious1392

jumps between 1995 and 1997, which are not consistent with other soil moisture1393

products. Hence, in this study, the high-resolution (0.25◦ × 0.25◦) version of Noah1394

is analysed for the period 2002–2015.1395

ii CPC: The Climate Prediction Center (CPC) at National Oceanic and Atmospheric1396

Administration (NOAA) generates global monthly soil moisture estimates at 0.5◦1397

× 0.5◦ resolution from 1948-present by forcing a one-layer hydrological model with1398

observed precipitation and temperature (van den Dool et al., 2003). The soil mois-1399

ture datasets are updated monthly for near-real-time applications such as drought1400

monitoring and large-scale hazard assessments (see, http://www.esrl.noaa.gov/1401

psd/data/gridded/data.cpcsoil.html). The CPC soil moisture has been widely1402

used and has been found to agree well with those from different sources (e.g., Guo1403

et al., 2007).1404

iii MERRA: The Modern Era Retrospective Analysis for Research Application1405

(MERRA, Rienecker et al., 2011) reanalysis, is a state-of-the-art global reanaly-1406

http://www.esrl.noaa.gov/psd/data/gridded/data.cpcsoil.html
http://www.esrl.noaa.gov/psd/data/gridded/data.cpcsoil.html
http://www.esrl.noaa.gov/psd/data/gridded/data.cpcsoil.html
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sis based on an updated modelling and data assimilation system for the satellite-1407

era (1979 onwards) produced by the National Aeronautic and Space Administra-1408

tion (NASA, US) using the Goddard Earth Observing Data Assimilation Version 51409

(GEOS-5). MERRA reanalysis integrates various observational datasets from mod-1410

ern observing systems such as satellite-based estimates (Rienecker et al., 2011) to1411

describe various conditions of the meteorological and hydrological process including,1412

among others, soil moisture, snow/ice and canopy water. The retrospective-analyses1413

is run globally at a relatively high spatial resolution (0.67◦ × 0.50◦) and data are1414

available at 6-hourly, daily, and monthly scales. MERRA also generates TWS that1415

roughly represents the soil moisture in the root zone layer, and is considered as soil1416

moisture in this study (see, http://gmao.gsfc.nasa.gov/merra/).1417

iv ERA-Interim: ERA-Interim is a global atmospheric reanalysis produced by the1418

European Center for Medium Range Weather forecast (ECMWF) with an improved1419

atmospheric model and data assimilation system from its previous versions (Dee1420

et al., 2011). The reanalysis produces several key land surface parameters such1421

as soil moisture, vegetation, and snow water equivalent, among others, by com-1422

bining various global observational datasets using an integrated forecast model.1423

These outputs are produced at various time-scales and at a spatial resolution of1424

0.79◦ × 0.79◦. In this study, monthly soil moisture data from four volumetric layers1425

are obtained from ECMWF data portal (http://apps.ecmwf.int/datasets/data/1426

interim-full-daily/).1427

Table 3.1: Summary of the soil moisture products used in the study.

Products Spatial
resolution

No. of
layers

Total
depth (m) References

CPC (reanalysis) 0.50◦ × 0.50◦ 1 1.60 van den Dool et al. (2003)
MERRA (reanalysis) 0.50◦ × 0.67◦ 1 ∼1.00 Rienecker et al. (2011)
ERA-Interim (reanalysis) 0.79◦ × 0.79◦ 4 2.55 Dee et al. (2011)

Noah (GLDAS) 0.25◦ × 0.25◦ 4 2.00 Chen et al. (1996), Rodell et al.
(2004)

WGHM 0.50◦ × 0.50◦ 1 ∼1.00
Alcamo et al. (2003), Döll et al.
(2003), Müller Schmied et al.
(2014)

It is also important to note that advances in SRS has enabled estimation of soil1428

moisture fields at a high global resolution (e.g., 0.25◦ × 0.25◦). Data sets include1429

measurements from e.g., Advanced Microwave Scanning Radiometer series (AMSR-E1430

Njoku et al., 2003), the Soil Moisture Ocean Salinity (SMOS, Kerr et al., 2001), and1431

Soil Moisture Active Passive (SMAP, Entekhabi et al., 2010). The most comprehensive1432

set of SRS-based soil moisture is provided by the European Space Agency (ESA, see,1433

http://www.esa-soilmoisture-cci.org/node/202) with a spatial resolution of 0.25◦1434

× 0.25◦ covering a period of 37 years until 2015.1435

3.3.2 GRACE total water storage (TWS) changes1436

Gravity Recovery and Climate Experiment (GRACE) is a joint satellite mission of1437

National Aeronautics and Space Administration (NASA) and the German Aerospace1438

http://gmao.gsfc.nasa.gov/merra/
http://apps.ecmwf.int/datasets/data/interim-full-daily/
http://apps.ecmwf.int/datasets/data/interim-full-daily/
http://apps.ecmwf.int/datasets/data/interim-full-daily/
http://www.esa-soilmoisture-cci.org/node/202
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Center (Deutsches Zentrum für Luft- und Raumfahrt, DLR) that has been continuously1439

monitoring the spatial and temporal variations of the Earth’s gravity field since March1440

2002 (Tapley et al., 2004). The GRACE mission consists of two satellites that are placed1441

∼220 km apart in a near circular polar orbit at an elevation of about 500 km (Fig. 3.2).1442

By tracking the distance between the satellites accurately with the help of a K-band1443

microwave ranging system, a precise spatio-temporal variation of the Earth’s gravity1444

field can be obtained (Tapley et al., 2004). The variation in the inter-satellite range is1445

attributed to the change in the Earth’s mass distribution within, at, and above its surface1446

(Wahr et al., 1998, 2004, Tapley et al., 2004). Contributions from other sources such as1447

Ocean and Earth tides, atmospheric disturbances associated with synoptic storms and1448

seasonal climatic variations, and Earth’s rotation are removed prior to estimating the1449

surface mass distribution (Wahr et al., 1998). Assuming negligible effects from glacial1450

isostatic adjustment (or crustal rebound) in the GBM River Basin, mass changes derived1451

from GRACE can be attributed entirely to variations of water storage changes.1452

Figure 3.2: The concept of the GRACE satellite mission. The two satellites move in tandem to
detect changes in Earth’s gravity field. Separations as small as 10 microns are detected. Source:
www.spaceflightnow.com/rockot/grace.

Since its launch in 2002, GRACE satellites have provided unprecedented records of1453

large-scale variations in total water storage (TWS) across various parts of the globe (see,1454

Chen et al., 2014b, Wouters et al., 2014, for a review). GRACE datasets are provided1455

as approximately monthly gravity field solutions in the form of dimensionless Stoke’s1456

coefficients (Clm,Slm) to a maximum degree (l) and order (m), Lmax = 120 by the1457

three official GRACE processing centers, (i) Center for Space Research (CSR), (ii) Geo-1458

ForschungsZentrum (GFZ), and (iii) Jet Propulsion Laboratory (JPL). This is termed1459

as GRACE Level 2 data. The current release (RL05) is made available through their of-1460

ficial portal (e.g., ftp://podaac.jpl.nasa.gov/allData/grace/L2). Several other in-1461

stitutions (e.g., University of Graz, Austria, Centre National d’Etudes Spatiales, CNES,1462

France) also independently process GRACE time-variable field solutions and are even1463

available as gridded TWS anomalies. These spherical harmonic coefficients (Clm,Slm)1464

can be used to estimate equivalent water heights (EWH) or TWS changes (∆S(θ, λ) in1465

mm) following Wahr et al. (1998),1466

www.spaceflightnow.com/rockot/grace
ftp://podaac.jpl.nasa.gov/allData/grace/L2
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∆S(θ, λ) =
M

4πa2ρw

Lmax∑
l=2

l∑
m=0

2l + 1

1 + kl
P̃lm(cosθ) [∆Clmcos(mλ) + ∆Slmsin(mλ)] , (3.1)

where θ and λ are geocentric co-latitude and longitude, respectively, a is Earth’s1467

mean radius (6.371×106 m), ρw is the average density of water (i.e., 1,000 kg/m3), and1468

M is the mass of the Earth (5.97219×1024 kg); P̃lm are the fully normalized associated1469

Legendre functions of degree l and order m, and ∆Clm and ∆Slm are the changes of1470

the spherical harmonic coefficients, which is generally calculated by subtracting the1471

temporal mean from the monthly coefficients (Clm,Slm); and kl is the Love number1472

associated with the degree l.1473

Although GRACE solutions are processed over time with improved model back-1474

grounds and algorithms, spherical harmonic coefficients at higher degrees still feature1475

strong stripping patterns in the spatial domain. In order to suppress these (“noise”)1476

effects, GRACE coefficients need to be filtered either in the spectral or spatial domain.1477

GRACE filters are broadly classified into (i) isotropic (e.g., Jekeli, 1981, Wahr et al.,1478

1998) and (ii) anisotropic (e.g., Han et al., 2005, Swenson and Wahr, 2006a, Kusche,1479

2007) filters. After applying the smoothing kernel (Wl) in the spectral domain, Eq. 3.11480

can be written as1481

∆S

∆t
(θ, λ) =

M

4πa2ρw

Lmax∑
l=2

l∑
m=0

2l + 1

1 + kl
WlP̃lm(cosθ) [∆Clmcos(mλ) + ∆Slmsin(mλ)] .(3.2)

For this study, the GRACE solutions (RL05) are filtered using the non-isotropic1482

decorrelation filter proposed by Kusche et al. (DDK2, 2009) to reduce the north-south1483

striping patterns as well as the correlated noises since it eliminates the two-stage filtering1484

process of, (i) de-stripping, for example, based on Swenson and Wahr (2006a) and1485

(ii) spatial smoothing with a certain radius based on Jekeli (1981). GRACE filters1486

(see, Eq. 3.2), however, causes significant damping of signal amplitudes and spatial1487

leakages that leads to substantial biases of storage changes over the land (Awange et al.,1488

2009, Longuevergne et al., 2010). In addition, truncation at Lmax (typically to degree1489

and order 60) due to limited range of spherical harmonic coefficients limits the spatial1490

resolution GRACE-derived TWS fields to few hundreds kms, e.g., lmax=60 represents a1491

half-wavelength of ∼330 km (Awange et al., 2009, Landerer and Swenson, 2012). This1492

effect is known as the “spectral leakage”. Leakage happens over any area of mass change,1493

though to a greater extend over areas with strong spatial variations of mass changes,1494

e.g., coastal regions and small river basins (Chen et al., 2006, Awange et al., 2009).1495

Biases in GRACE TWS changes caused by filtering and signal leakages can be re-1496

stored either (i) by a scaling factor approach (e.g., Longuevergne et al., 2010, Landerer1497

and Swenson, 2012) or (ii) by a forward modelling approach (e.g., Chen et al., 2014a).1498

The scaling factor, derived from water storage changes from land surface or hydrological1499
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models, have been widely applied to restore GRACE signals (e.g., Longuevergne et al.,1500

2010, Landerer and Swenson, 2012). The forward modelling approach has been shown1501

to be effective in reducing leakage biases in GRACE estimates over North India (Chen1502

et al., 2014a, Long et al., 2016). The forward modelling approach is more challeng-1503

ing and requires more computation resources due to the iteration involved (see, Chen1504

et al., 2014a, Long et al., 2016). Hence, a gridded multiplicative scale factor is estimated1505

based on Landerer and Swenson (2012) from the water storage changes derived from the1506

GLDAS Noah land surface model at 0.5◦ × 0.5◦ grid resolution. Figure 3.3 shows the1507

derived scale factor and correlation coefficient between filtered and unfiltered data. The1508

scale factors are generally larger than one, except in the core Himalayan region, indicat-1509

ing that signal dampening is strong in the GBM River Basin, (Fig. 3.3a). Correlation1510

coefficients closer to one in Fig. 3.3b suggests that signal shape is not strongly affected1511

by the filter in most of the region. Lower correlation values typically occur along the1512

strong gradients such as along the Himalayan Range, where spatial decorrelation length1513

is very short.1514
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Figure 3.3: (a) Gridded scale factor derived by fitting a least squares approach of Landerer
and Swenson (2012), (b) correlation between filtered and unfiltered GLDAS soil moisture.

Further, GRACE coefficients of degree 1 (C10; C11; S10) and 2 (C20) terms describ-1515

ing the movement of the Earth’s center-of-mass (or the geocenter), and the Earth’s1516

dynamic oblateness, respectively, are not well-determined by GRACE satellites, and1517

must be corrected with more accurate values estimated from e.g., Satellite Laser Rang-1518

ing (SLR, Cheng et al., 2013). The omission of degree 1 can have considerable impact on1519

the recovery of e.g., high-latitude mass variability and large-scale oceanic mass change1520

(Chambers, 2004, Chen et al., 2005, Chambers et al., 2007, Swenson et al., 2008). For1521

instance, Chambers (2004) noted that inclusion of degree 1 terms in GRACE datasets1522

reduced annual amplitude biases from 15% to 1%. Similarly, Chambers et al. (2007)1523

reported that ignoring degree 1 trends in TWS analysis can highly underestimate the1524

rate of ocean mass change (by up to 30%). Although recent release (RL05) of GRACE1525

solutions showed significant improvement compared to previous releases, especially for1526

C21 and S21 (see e.g., Chen et al., 2004, Chambers, 2006, Chen and Wilson, 2008),1527

GRACE C20 time-series are reported to be still highly uncertain compared to SLR-1528

values (Chambers, 2006, Chen and Wilson, 2008). To take into account both these terms,1529
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the time-series of degree one (C10;C11; S10) and two (C20) coefficients of GRACE data1530

are replaced by those derived by Swenson et al. (2008) and Cheng and Tapley (2004),1531

respectively.1532

The GRACE TWS changes are analyzed for a common grid resolution of 0.5◦×0.5◦.1533

The soil moisture datasets are processed in the same way as GRACE-derived TWS1534

changes by applying the DDK2 filter in the spectral domain, truncating at the maximum1535

degree and order of 60 when converting to grid and finally by multiplying with the1536

gridded scale factor applied to GRACE datasets.1537

3.3.3 WaterGAP Global Hydrology Model (WGHM)1538

The Water-Global Analysis and Prognosis (WaterGAP) Global Hydrological Model1539

(WGHM), developed by the Universities of Kassel and Frankfurt in Germany, is de-1540

signed to assess current global/regional water resources as well as estimate impacts of1541

global change on the freshwater systems (Döll et al., 2003, 2014). It specifically focuses1542

on the interactions between humans and the terrestrial hydrology by integrating cli-1543

mate variability/change, human water use, and increasing demographics of the world.1544

Thus, WGHM simulates the impact of demographic, socio-economic, and technological1545

changes on water use as well as the impact of climate change and variability on wa-1546

ter availability and irrigation water use (Alcamo et al., 2003, Döll et al., 2014, Müller1547

Schmied et al., 2014). WGHM consists of a hydrological model that computes water1548

storages and fluxes (surface runoff, groundwater recharge, river discharge, water storage1549

in soil, groundwater and surface water bodies) over land except Antarctica, and a global1550

water use model that simulates human water use (for irrigation, livestock, households,1551

thermal power plant and manufacturing) on a daily basis on a horizontal grid on 0.5◦1552

× 0.5◦ resolution.1553

Through these integration and simulation, WGHM produces water storage changes1554

including TWS, groundwater, soil moisture, (sub-) surface water resulting from several1555

model variants, with each model variant differing in terms of the amount of irrigation1556

water use and the quantity of groundwater recharge from surface water bodies (Döll1557

et al., 2014). Table 3.2 shows the various model variants of the current WaterGAP1558

model version 2.2a (or WaterGAP2.2a). Detailed description of these variants can be1559

found in Döll et al. (2014) and Müller Schmied et al. (2014). For instance, the “NOUSE”1560

run considers an idealised case based on the natural variability only, without any water1561

use, whereas “IRR70_S” experiment assumes 70% of water being used for irrigation with1562

“_S” indicating the contribution of groundwater recharge from surface water bodies (101563

mm day−1 in IRR70_S). WaterGAP2.2a is forced by monthly precipitation data from1564

GPCCv6 (Schneider et al., 2014) and temperature, cloud cover, and number of wet days1565

(all monthly grids) from the CRU_ TS3.10 data (Harris et al., 2013).1566

The individual outputs of these model variants have been already examined by1567

Döll et al. (2014) to estimate the global groundwater depletion. By comparing TWS1568

changes simulated by WGHM with various model variants with independent esti-1569

mates of GRACE-derived TWS changes and available literature (including ground-1570

water well observations and regional modeling), the study indicated that “IRR70_S”1571
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Table 3.2: Model variants of WaterGAP 2.2a. The model variants used in this study are
indicated by an asterisk (*). Source: Döll et al. (2014)

Abbreviation of model
variants

Groundwater recharge per unit area
of surface water body (mm/day)

Consumptive water use for
irrigation as a fraction of optimal

water use (%)
IRR100 0 100

IRR100_S 10 100
IRR70_S* 10 70
NOUSE_S* 10 0, and no othe water use
IRR70_S3 3 70
IRR70_S1 1 70

provides the best estimate of human water use across many parts of the world includ-1572

ing the GBM River Basin. In this study, therefore, monthly TWS outputs (as well1573

as surface water storage) of (i) “NOUSE”, and (ii) “IRR70_S” of WaterGAP2.2a are1574

used to estimate the TWS variations relating to both natural variability and grow-1575

ing human water use. The outputs of the WaterGAP2.2a can be found at http:1576

//www.uni-frankfurt.de/49903932/7_GWdepletion?.1577

3.3.4 Extreme indices1578

Climate extremes can be defined as occurrences of a value of a climate variable (e.g.,1579

temperature, precipitation) above (or below) a certain threshold value near the upper1580

(or lower) ends of the range of observed values of the variable (IPCC, 2012). Climate1581

extremes such as droughts are usually characterized using statistical indices derived1582

from daily or monthly climate variables such as precipitation, over a period of 30 years1583

(see, Klein Tank et al., 2009). Among others, the standardised precipitation index (SPI)1584

developed by McKee et al. (1993) and Palmer Drought Severity Index (PDSI) developed1585

by (Palmer, 1965) are the two widely used hydro-meteorological indices to quantify1586

droughts and monitor its development. The two methods have been extended over the1587

years to include more variables (see, e.g., Dai et al., 2004, Dai, 2013, Mishra et al., 2014).1588

While PDSI is more complicated, SPI can easily adapted to describe meteorological1589

drought conditions (e.g., precipitation). SPI can be also used to hydrological droughts1590

using soil moisture, runoffs, among others. It should be mentioned here that hydro-1591

climatic extremes such as droughts can also occur at sub-seasonal to seasonal scales1592

such as flash floods and heat waves (IPCC, 2012). Two types of indices are estimated1593

in this study, which are described below:1594

(i) Standardised Precipitation Index (SPI): The SPI developed by McKee et al.1595

(1993) from monthly precipitation data provides an effective statistical measure1596

of both dry (and wet) events on various time scales (typically for 3, 6, 9, 12, 24,1597

48 months). SPI can be estimated by calculating the cumulative probability, most1598

commonly by fitting a Gamma distribution on the monthly and seasonal (the past1599

2, 3, ... up to 48 months) precipitation data, which is then normalized by an inverse1600

normal (Gaussian) function (see, McKee et al., 1993). SPI is a dimensionless in-1601

dex where negative values indicate below normal precipitation and positive values1602

http://www.uni-frankfurt.de/49903932/7_GWdepletion?
http://www.uni-frankfurt.de/49903932/7_GWdepletion?
http://www.uni-frankfurt.de/49903932/7_GWdepletion?
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imply above-normal precipitation. The SPI time-scales reflect the impact of pre-1603

cipitation extremes on the availability of water resources (e.g., soil moisture and1604

groundwater) at varying time-scales. For instance, soil moisture conditions respond1605

to precipitation anomalies on a relatively short time-scale (e.g., 3 month), whereas1606

groundwater and stream flows reflect the long-term (e.g., 6 months or more) pre-1607

cipitation anomalies. In this study, SPI is computed for both precipitation and1608

soil moisture based on 12 month and 6 month time-scales, respectively, to assess1609

the impact of precipitation extremes on water resources in the GBM River Basin.1610

Table 3.3 summarizes the possible interpretations of drought and wet conditions1611

based on the derived SPI values (see also, McKee et al., 1993, Hirschi et al., 2011).1612

(ii) Standardised Indices (SI): It is found that SPI computed from GRACE TWS1613

changes fail to realistically describe drought conditions in the GBM River Basin.1614

For this reason, a standardised index (SI) is developed for GRACE TWS changes.1615

The dominant signals such as linear trends and annual signals are removed prior1616

to computing the SI by using the multilinear regression approach described in1617

Section 2.4. The estimated SI indices are further standardized by multiplying with1618

the standard deviations of SPI (from soil moisture) so that the resulting values1619

can be interpreted in a similar manner as shown in Table 3.3.1620

Table 3.3: Various categories of extreme rainfall events and drought based on SPI and SIs of
soil moisture and TWS (see e.g., McKee et al., 1993).

SPI/SI Category
+2.0 and above Extreme wet
+1.0 to +1.99 Very wet
+0.99 to -0.99 Normal
-1.0 to -1.99 Moderate drought
-2.0 and below Extreme drought

3.3.5 Error estimation1621

Both weather and climate extremes such as heat waves, droughts, and heavy rainfall1622

events have wide consequences on the society and the ecosystem. The reliability of cli-1623

mate impact studies, especially resulting from precipitation extremes and its associated1624

impacts on water resources can be partly determined by our ability to quantify uncer-1625

tainties in various datasets used to represent the extremes. Modelled and SRS-based1626

products are often characterized by large uncertainties both spatially and temporally1627

as demonstrated in Chapter 2 using multi-source precipitation products. Uncertain-1628

ties can be quantified in a number of different ways: (i) comparing with more accurate1629

ground-based in-situ observations (see, Chapter 2), (ii) comparing output variables from1630

land-surface or hydrological models (e.g., evapotranspiration, runoffs) by using multi-1631

source precipitation and soil moisture data (see, e.g., Xue et al., 2013, Siddique-E-Akbor1632

et al., 2014), and (iii) by estimating relative uncertainties based on multiple datasets of1633

the same variable (see, e.g., Koot et al., 2006, Awange et al., 2015). The first approach1634
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is generally complicated by the lack of well-distributed ground-based observational net-1635

works. Observational networks of soil moisture stations are very scarce in the GBM1636

River Basin (see, Robock et al., 2000) while groundwater data from India (e.g., Cen-1637

tral Ground Water Board, 2014), Bangladesh (e.g., Shamsudduha et al., 2009a, Shahid1638

et al., 2015) and Nepal (e.g., Gautam and Prajapati, 2014) are not publicly available.1639

In this study, a generalized three-cornered-hat (TCH) method (Koot et al., 2006) is1640

adopted to estimate relative uncertainties in each of the hydrological products of rainfall,1641

soil moisture, and TWS over the GBM River Basin. These uncertainty estimates are1642

then used as a basis for computing the ensemble mean of each of the variables over a1643

common time period for further analysis in this study. The motivation to use TCH for1644

error estimation stems from the fact that unlike conventional approaches, TCH does not1645

require true reference fields and can be estimated from at least three products of the1646

same variable (see, Koot et al., 2006, Awange et al., 2015). This is particularly relevant1647

here because ground-based observations of soil moisture and TWS are almost negligible1648

to none existence over majority of the GBM River Basin. Even the gridded gauge-based1649

precipitation products also exhibit high levels of uncertainties (see, Chapter 2). The1650

generalized TCH method can be formulated as follows Koot et al. (2006) and Awange1651

et al. (2015):1652

Consider a monthly time-series of three or more available products of the same vari-1653

able (e.g., soil moisture) stored as Xi where i = 1, ...,L available products (say L=3 for1654

the three GLDAS products). Each time-series can be expressed as a sum of true signal1655

(s) and the noise (εi) associated with the product:1656

Xi = S + εi, ∀ i = 1, ...,L (3.3)

With the above definition, the TCH method relies on an important hypothesis that each1657

time-series contains a noise (ε) that precludes them from attaining the true estimate.1658

The information about the noises can be obtained by taking the differences between the1659

time-series of all the products (i.e., L− 1):1660

YiR ≡ Xi −Xr = εi − εN, i = 1, ...,L− 1 (3.4)

where Xr is the reference time-series. It is important to note that the results are inde-1661

pendent of the choice of one series or another (see e.g., Koot et al., 2006, Awange et al.,1662

2015). The samples of the L − 1 differences derived from Eqn. 3.4 can be stored as a1663

matrix YN
L , where N is the length of the time-series (or number of months):1664

M × (N − 1) matrix as:

Y =
[
y1 y2 · · · y(N−1)

]
, (3.5)
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YN
L =

y
1
1 y1

2 · · · y1
L−1

...
...

...
...

yN
1 yN

2 · · · yN
L−1

 (3.6)

The covariance of the above matrix of differences is then computed:1665

S = cov(Y), (3.7)

where cov(◦) is the covariance operator, and elements of S (si,j) are either variance1666

estimates for i = j or covariance estimates for i 6= j. By introducing a L×N covariance1667

matrix of the individual noises Rij = cov(εi, εj), Eqn. 3.7 can be expressed as1668

S = J ·R · JT , (3.8)

where matrix J is given by1669

J(N−1)N =


1 0 · · · 0 −1
0 1 · · · 0 −1
...

...
. . .

...
...

0 0 0 1 −1

 . (3.9)

Since there are only N(N− 1)/2 equations for S, Eqn.3.8 is undetermined. To get a1670

unique solution an additional condition needs to be imposed, which is supplied partially1671

by the condition of positive definiteness that holds for any normal covariance matrix.1672

This condition of positive definiteness, which can be met if and only if |R| > 0, reduces1673

the number of unknowns to L (Galindo and Palacio, 2013, Koot et al., 2006). This condi-1674

tion restricts the solution domain for the free parameters (riL, . . . , rLL, i = 1, . . . ,L−1),1675

but is not sufficient to determine the solution. The free parameters should be chosen1676

in such a way that the sum of the estimated correlations between all the time-series1677

is minimal considering the constraint |R| > 0. This generalized method allows for a1678

good estimation of the variances of weakly correlated time-series but not their covari-1679

ances. Using this method here to determine uncertainties in various datasets makes the1680

assumption that correlations between the noises of different datasets are low.1681

In the following, an example is shown to demonstrate that generalized TCH method1682

is independent of the reference datasets. Even though the generalized TCH method1683

was adapted for more than three datasets, the example below is shown for only three1684

time-series (x1, x2, x3) taken from three different soil moisture products (Fig. 3.4). Table1685

3.4 shows the covariance matrices and the individual noise estimates for the three time-1686

series. By considering x1 as the reference (column 1 in Table 3.4), the diagonal ofR gives1687
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Figure 3.4: A sample time-series of 3 datasets x1, x2, and x3 that are used to demonstrate
the generalized TCH approach.

Table 3.4: Example of TCH algorithm.

X1 (“reference”) x2 (“reference”) x3 (“reference”)
S = cov(x2 − x1, x3 − x1) S = cov(x1 − x2, x3 − x2) S = cov(x1 − x3, x2 − x3)

S =

[
4854.1 3973.6
3973.6 4243.3

]
S =

[
4854.1 880.5
880.5 1150.2

]
S =

[
4243.3 269.7
269.7 1150.2

]
R =

63.0 0 0
0 29.7 0
0 0 16.4

 R =

29.7 0 0
0 16.4 0
0 0 63.0

 R =

16.4 0 0
0 63.0 0
0 0 29.7


the variances of x2, x3, and x1 along the diagonal. With x2 as reference, the variances1688

given as x1,x3, and x2, and similarly for x3 as the reference, indicating that the choice1689

of the reference does not affect the final solution.1690

However, the estimated uncertainties from Eqn. 3.8 are not adequate and can be rela-1691

tive to the total signal contained in the individual datasets. This leads to the estimation1692

of signal-to-noise ratio (SNR) to determine the overall magnitude of uncertainty. SNR1693

can be expressed as a ratio of total signal derived from the individual root-mean-squares1694

(RMS) to the estimated noise (σ) for the time period considered (t) (see, e.g., Awange1695

et al., 2015):1696

SNR =
RMS(t)

σ
(3.10)

Using several precipitation products from different sources, Awange et al. (2015)1697

showed that uncertainty estimates from generalized TCH method were found to be1698

generally consistent with those of the conventional methods. Finally, these SNR values1699

are used to create a single time-series (X(t)) for, especially soil moisture and GRACE-1700

derived TWS changes based on a inverse distance weighting approach, where SNR values1701

act as weights (w):1702
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x(t) =

∑N
i=1wixi∑N
i=1wi

, (3.11)

where
wi∑
wi

= 1 and,

i = 1, 2, 3, ..., N.

No error estimations are done for WGHM model as it is a stand alone product and1703

it’s soil moisture variations are found to be too small compared to other datasets.1704

3.4 Results and Discussion1705

3.4.1 Uncertainties in hydro-meteorological datasets1706

In this section, the uncertainties of various datasets used in this study are investigated.1707

The uncertainties in precipitation, soil moisture, and GRACE-derived TWS changes are1708

estimated using the generalized TCH algorithm described in Section 3.3.5. For the pre-1709

cipitation, the relative uncertainties between GPCCv7, CRU_TS3.22, and TMPAv7 are1710

estimated for the common data period of 1998–2013. Figure 3.5 shows the relative error1711

estimates and the resulting signal-to-noise ratio of the three precipitation products. It is1712

seen that the magnitude of uncertainties are generally greater in the high rainfall areas1713

such as the Himalayan Foothills and northeast India, whereas most of the Ganges River1714

Basin exhibit substantially lower uncertainties (Fig. 3.5a–c). Among the three datasets1715

evaluated here, CRU_TS3.22 appears to be highly uncertain over Nepal, Bhutan, east-1716

ern Bangladesh, and the entire northeast India, indicating error magnitudes of up to1717

60 mm year−1 (Fig. 3.5c). The uncertainty estimates derived from spatially averaged1718

precipitation in the two river basins are given in Table 3.5. The results are consistent1719

with the spatial patterns shown in Fig. 3.5a–b, indicating that CRU_TS, which is devel-1720

oped from far lesser gauges amounts to a higher uncertainty. This is further confirmed1721

by the SNR plots in Fig. 3.5d–e. It is observed that GPCCv7 is better than TMPAv7,1722

while CRU_TS3.22 exhibits the lowest SNR values. The similarity between GPCCv71723

and TMPAv7 reflects the dependency between the two products as GPCCv6 is being1724

used to correct systematic biases in TRMMv7 precipitation estimates (Huffman et al.,1725

2007, Huffman and Bolvin, 2013).1726

The assessment of soil moisture datasets is more challenging given that soil moisture1727

products strongly differ among the models used e.g., number of soil layers and the depth1728

of the soil column. For instance, the CPC datasets are based on a single layer Leaky1729

Bucket model with a depth of about 1 m, whereas ERA-Interim has 4 layers with a1730

total depth of 2.55 m (see, Table 3.1). The GLDAS soil moisture datasets are generated1731

over a soil depth of 2 m (e.g., Noah) and hence are likely to differ at various spatial1732

and temporal scales. Among the four datasets, Noah exhibits the lowest uncertainties1733

in the two river basins with a magnitude of 11.2 mm and 13.9 mm in the Ganges and1734
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Figure 3.5: Relative uncertainties of (a) GPCCv7, (b) TMPAv7, and (c) CRU_TS3.22, and
SNR values for (d) GPCCv7, (e) TMPAv7, and (f) CRU_TS3.22 estimated for the period
1998–2015.

Table 3.5: Uncertainties in precipitation (1998–2013), soil moisture (2002–2015), and GRACE
TWS changes (2002–2015) in the two sub-basins of GBM River Basin estimated based on the
generalized TCH method.

Precipitation [1998–2013]
GPCCv7 [mm] CRU_TS3.22 [mm] TMPAv7 [mm]

Ganges 9.7 16.4 10.7
Brahmaptura-Meghna 8.6 13.3 8.6

Soil Moisture [2002-2015]
CPC [mm] MERRA [mm] ERA-Interim [mm] Noah [mm]

Ganges 20.3 13.3 17.1 11.2
Brahmaptura–Meghna 13.0 20.7 24.3 13.9

GRACE TWS [2002-2015]
CSR [mm] GFZ [mm] JPL [mm]

Ganges 9.7 11.2 11.2
Brahmaptura–Meghna 9.1 12.4 11.9

Brahmaputra–Meghna River Basin, respectively (Table 3.5). ERA-Interim shows higher1735

uncertainty than CPC and MERRA in both the river basins, while CPC and MERRA1736

tends to have a regional effect. Figure 3.6 shows the spatial distribution of SNR values1737

in the GBM River Basin. It is apparent that CPC has high SNR values over Bangladesh1738

and northeast India (to some extent) (Fig. 3.6a), whereas MERRA, ERA-Interim, and1739

Noah exhibits high SNR values in the Ganges River Basin (Fig. 3.6b–d). The SNR1740

values indicate that GLDAS is more robust in estimating soil moisture in the region.1741

Since there are substantial uncertainties in all the soil moisture products, all of them1742
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are used to analyze water storage changes in this study. As mentioned GLDAS is only1743

shown between 2002–2015.1744
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Figure 3.6: Spatial distribution of SNR values for (a) CPC, (b) MERRA, (c) ERA-Interim,
and (d) Noah soil moisture datasets estimated for the period 2002–2015.

Similarly, the GRACE TWS changes derived from three official centers are compared.1745

Overall, the CSR product shows the lowest uncertainties in the GBM River Basin with1746

an error magnitude of ∼9.5 mm compared to GFZ and JPL products (Table 3.5). The1747

higher performance of CSR product is reflected in Fig. 3.6. While all three GRACE1748

products show high SNR values for the entire northeast India and Bangladesh, CSR ex-1749

hibits the largest SNR value in the region (Fig. 3.7a) suggesting that CSR may be better1750

suited for investigating water storage changes in the GBM River Basin. The GRACE1751

uncertainties of ∼1 cm estimated in this study are consistent with those reported by1752

Chambers and Bonin (2012) over low- and mid-latitude oceans based on Release 05.1753

Based on these results, only GRACE TWS changes from CSR is considered for further1754

analysis.1755

3.4.2 Observed changes in water storages1756

The long-term (and decadal) changes in various components of the water storage in the1757

GBM River Basin are analyzed. In particular, the water storage components studied1758
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Figure 3.7: Spatial distribution of SNR values of TWS changes derived from (a) CSR, (b)
GFZ, and (c) JPL for the period 2002–2015..

here include soil moisture, surface water storage, and TWS. While no significant changes1759

in monsoon precipitation are observed between 1980 and 2013 (see, Chapter 2), there1760

have been pronounced decline in rainfall over high rainfall regions of northeast India,1761

Bhutan, Nepal, and Bangladesh in the Brahmaputra–Meghna River Basin. Figure 4.91762

shows the spatially averaged monsoon (June–September, JJAS) precipitation anomaly1763

in the Ganges and Brahmaputra-Meghna River Basin between 1980–2013 based on1764

GPCCv7 and CRU_TS3.22. It is observed that even though there is a general decrease1765

in monsoon rainfall in both the river basins, the Ganges River Basin has recorded1766

substantially higher rainfall since 2010 (Fig. 4.9a), whereas the Brahmaputra–Megha1767

River Basin has remained relatively dry since 1988 (Fig. 4.9b). The precipitation decline1768

in the Brahmaputra–Meghna River Basin has however, become quite significant after1769

1998, indicating an average decline of about 15 mm decade−1 based on GPCCv7. Note1770

that TMPAv7 has recorded an even higher rate of decline during the same period.1771

Figure 3.9 shows the mean annual amplitudes and linear trends in three reanalysis-1772

based soil moisture datasets for the period 1980–2015. The spatial distribution of mean1773

annual amplitudes of three soil moisture datasets reveal maximum variation in the low1774

altitude areas, especially in the southern Ganges River Basin and its variation decreases1775

rapidly towards the north with less than 60 mm year−1 (Fig. 3.9a–c). Although the spa-1776

tial patterns are very similar across all three datasets, ERA-Interim exhibits the largest1777

mean annual amplitude and CPC shows the smallest variation. All three soil moisture1778

products show a positive trend between 1980 and 2015, suggesting that there may be an1779

overall increase in soil moisture in the GBM River Basin (Fig. 3.9d–f). CPC exhibits the1780

highest rate of increase (35 mm decade−1), especially in Bangladesh, northeast India,1781

and along the Himalayan Foothills (Fig. 3.9d), whereas the trend magnitudes are much1782

smaller in MERRA and ERA-Interim (Fig. 3.9e–f). However, given the level of uncer-1783

tainty involved in land surface modelling in the reanalysis systems, the trend results1784

may be spurious, as they are not consistent with overall decrease in precipitation, as1785

well as the recent increase in soil moisture droughts in the Ganges River Basin (Mishra1786

et al., 2014). It should be mentioned here that trend estimates in the Ganges River1787

Basin could be affected by a recent anomalous increase in rainfall (see, Fig. 4.9a).1788

The changes in precipitation and soil moisture are further investigated for the period1789

2002–2015 coinciding with the GRACE mission. Figure 3.10 shows the linear trends1790
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Figure 3.8: JJAS precipitation variations in the (a) Ganges and (b) Brahmaputra–Meghna
River Basin between 1980 and 2013 based on GPCCv7 and CRU_TS3.22 datasets.

in TMPAv7 precipitation estimates, reanalysis- and Noah-based soil moisture datasets,1791

and GRACE-derived TWS changes. As mentioned before and in Chapter 2, precipi-1792

tation changes have largely been opposite in the two river basins with increasing (de-1793

creasing) trend in the Ganges (Brahmaputra–Meghna) River Basins (Fig. 3.10a). It1794

is seen from Fig. 3.11a–b that precipitation is increasing and decreasing at a rate of1795

8.0 km3 decade−1 (2002–2014) and 8.3 km3 decade−1 (2002-2015) in the Ganges and1796

Brahmaputra–Meghna River Basin, respectively . Additionally, there appears to be an1797

increase in precipitation variability in the Ganges River Basin, especially in the last 51798

years (Fig. 3.11a). For the same period, the soil moisture has increased substantially1799

based on the average of three reanalysis products (Fig. 3.10b) in the Ganges River Basin,1800

which are consistent with the increasing precipitation rates. The trends are much smaller1801

for Noah but still indicates a wetting trend in the Ganges River Basin (Fig. 3.10c). Thus,1802

the increase in soil moisture may be attributed to an increase in rainfall, although other1803

factors may play a crucial role for the increase (e.g., decrease in evapotranspiration).1804

The overall increasing trends are estimated at ∼23 km year−1 and ∼8.0 km year−1 in1805

the Ganges and Brahmaputra–Meghna River Basin, respectively (Fig. 3.11c–d).1806

On the other hand, the GRACE-derived TWS exhibits a drastic decline in water1807

storage over majority of the GBM River Basin, indicating decreasing rates of up to1808

30–40 mm year−1 in the Indian states of Haryana, Uttar Pradesh and Assam (Fig.1809
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3.10d). This alarming decline in water storage has been reported in a number of studies1810

(Rodell et al., 2009, Tiwari et al., 2009, Chen et al., 2014a, Khandu et al., 2016a, Long1811

et al., 2016) and has been largely attributed to excessive groundwater withdrawals,1812

particularly in those northern states of Haryana and Uttar Pradesh (see, Fig. 3.1). The1813

rapid deterioration of TWS in the Indian state of Assam do not relate to the percentage1814

of water use nor area equipped for irrigation. This trend has been barely reported (e.g.,1815

Khandu et al., 2016a). Based on the GRACE datasets for the period August 2002 to1816

September 2015 (Fig. 3.11e–f), Ganges and Brahmaputra–Meghna River Basins exhibit1817

a declining trend of 9.1 km3 year−1 and 10.5 km3 year−1, respectively. The Ganges1818

River Basin has gained a significant amount of water mass since the last major drought1819

event in 2009/2010, showing a gain of ∼8.0 km3 year−1 from its initial declining rate of1820

almost ∼20 km3 year−1 from 2003–2009 (Fig. 3.11e). The gain in TWS in the Ganges1821

River Basin can be attributed to the recent jump in precipitation, potentially as a result1822

of two or three moderate to major La Niña events. The increasing trend in TWS in the1823

southern GBM River Basin (Fig.3.10d) clearly reflects the higher rate of increase in1824

precipitation in the same region (Fig. 3.10a).1825

The trend results also indicate a rapid decline in TWS in the Brahmaputra-Meghna1826

River Basin, with a decreasing rate of 10–30 mm year−1, especially over Bangladesh and1827

northeastern India. Unlike the Ganges River Basin, the TWS continued to decline after a1828

brief jump in 2011 (Fig. 3.11f), with an overall declining rate of 10.5 km3 year−1 between1829

2002 and 2015 (145 months). Although there are some spatial inconsistencies between1830

precipitation and TWS decline in the region, it is evident that the driving precipitation1831

played a crucial role in the TWS decline. Considering that groundwater is the single1832
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Figure 3.10: Linear trends in: (a) precipitation [TMPAv7], (b) soil moisture [reanalysis],
(c) soil moisture [Noah], and (d) TWS [GRACE] estimated for the period 2002–2015. Values
that are not significant at 95% confidence interval are not shown. Modified from Khandu et al.
(2016a).

largest component of the TWS, excessive groundwater abstraction further diminishes1833

water resources in the region. Groundwater depletion has been reported across most1834

parts of Bangladesh by Döll et al. (2014) using simulated groundwater changes from1835

WGHM. Observational-based studies based on data compiled from in-situ bore holes1836

confirm that groundwater exploitation has reached critical levels across several districts1837

of northwestern Bangladesh (e.g., Shamsudduha et al., 2009b, Shahid et al., 2015). Apart1838

from groundwater and soil moisture, Papa et al. (2015) reported that SWS contributes1839

up to 45% to TWS and thus, plays an important role the basin’s freshwater resources.1840

Previous studies have indicated that SWS appears to be declining at a significant rate1841

in the Brahmaputra–Meghna River Basin, whereas it has been found to be increasing1842

in the Ganges River Basin, especially between 2002 and 2009 (e.g., Papa et al., 2015,1843

Khandu et al., 2016a).1844

3.4.3 Impact of hydro-meteorological extremes1845

Although water resources in the GBM River Basin are under enormous pressure from1846

increasing population and associated growing socio-econmic needs, assessment of hy-1847

drological shifts over short time-scales could be subject to natural variability resulting1848
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Figure 3.11: (a–b) Precipitation anomalies derived from GPCCv7, CRU_TS3.22, and TM-
PAv7, (c–d) soil moisture anomalies plotted as a weighted average of four datasets, and (e–f)
GRACE TWS anomalies plotted as a weighted average of data from three sources (CSR, GFZ,
and JPL) for the Ganges and Brahmaputra–Meghna River Basins, respectively. The trend lines
are indicated by red lines and their values are shown.

from large-scale climate variations such as ENSO and IOD on interannual time-scales1849

and Pacific Decadal Oscillation (PDO) on decadal time-scales. Individual components1850

of TWS, e.g., soil moisture and SWS, can be significantly impacted by changing rain-1851

fall pattern in association with the changing phase of, for example, ENSO. Similarly,1852

prolonged droughts may pose additional pressure on the groundwater availability.1853

This section examines the possible influences of climate variability (especially meteo-1854

rological droughts) on TWS (as well as soil moisture) in the GBM River Basin. To get an1855

understanding how precipitation effects TWS, the cumulative sums of precipitation, soil1856

moisture, and TWS anomalies (linear trend and annual signal removed) are shown for1857

the two river basins between 2002 and 2015 in Fig. 3.12. It is observed that precipitation1858

and soil moisture increased slightly from 2004 to 2008 but has drastically declined (by1859

about 400 mm) from 2009 to 2010 in the Ganges River Basin (Fig. 3.12a). It has then1860

increased substantially until 2014. The close association between precipitation and soil1861

moisture variability suggests that soil moisture is primarily driven by precipitation. Al-1862

though the two are closely related, there are substantial differences in the Brahmaputra–1863

Meghna River Basin (Fig. 3.12b). The largest decline in the Brahmaputra–Meghna River1864

Basin has occurred between 2005 and 2006.1865
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Figure 3.12: Cumulative sums of precipitation, soil moisture, and GRACE-derived TWS
changes in (a) Ganges, and (b) Brahmaputra River Basins. Updated from Khandu et al.
(2016a).

The effect of precipitation can be clearly observed in the GRACE-derived TWS1866

changes in both river basins, but more so in the Ganges River Basin. The temporal1867

patterns of TWS closely resembles the driving precipitation but are amplified during1868

anomalous changes in precipitation. For example, TWS declined by about 1200 mm1869

from 2009 to 2011 (in ∼29 months) and increased by almost 650 mm from 2011 to1870

2014 in the Ganges River Basin (Fig. 3.12a). Similarly, TWS declined by about 600 mm1871

from 2005 to 2006 in the Brahmaputra–Meghna River Basin following a drastic decline1872

in rainfall (Fig. 3.12b). Thus, Fig. 3.12 demonstrates the dependency between driving1873

precipitation and TWS (and soil moisture) indicating that Ganges River Basin may be1874

more vulnerable to abrupt changes in precipitation due to an overall larger effect from1875

human water abstraction. Both the major declines have occurred during the positive1876

ENSO phase (i.e., El Niño) but had a varying effect on the two river basins. For example,1877

the moderate El Niño of 2005/2006 has mainly affected the Brahmaputra–Meghna River1878

Basin, whereas the major El Niño of 2009/2010 had lasting effects on the Ganges River1879

Basin. It should be mentioned here that the 2005/2006 El Niño was accompanied by a1880



60 3. Observed impacts of climate change and human water use on water resources

strong positive IOD event, which is found to have a negative effect on precipitation in1881

the high rainfall regions of Brahmaputra–Meghna River Basin (see, Fig. 2.12).1882

To further examine the effects of precipitation variability on TWS, the respective1883

indices are computed. It is observed that the 12 month SPI derived from monthly1884

precipitation closely relates to 6 month SPI estimated from soil moisture products.1885

Figure 3.13 shows the SPI derived from precipitation and soil moisture, and SI esti-1886

mated from GRACE-derived TWS changes for the two river basins. Both river basins1887

experienced several meteorological droughts between 1980 and 2015. For instance, the1888

Ganges River Basin has experienced four severe to extreme (SPI <-1.5) meteorologi-1889

cal droughts (1991–1994, 2001–2003, 2005–2007, and 2009–2010, Fig. 3.13a), while the1890

Brahmaputra–Meghna River Basin experienced six major droughts (1981–1983, 1986,1891

1992–1994, 1999, 2005–2006, and 2009–2010, Fig. 3.13a) for the same period. Soil mois-1892

ture droughts have mainly occurred as a result of meteorological droughts. Similarly,1893

the observed variations in GRACE-derived TWS changes clearly reflect the precipita-1894

tion changes. The last two major precipitation increases from 2011 to 2014 has lead1895

to a significant recovery of TWS in the Ganges River Basin but the relation between1896

precipitation and TWS seem to have declined in the Brahmaputra–Meghna River Basin1897

during the same period.1898
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Figure 3.13: SPI of precipitation (at 12 month time-scale) and soil moisture (at 6 month
time-scale), and SI of TWS for the (a) Ganges and (b) Brahmaputra River Basins. These
indices are derived for the respective data periods. Updated from Khandu et al. (2016a).

Fig. 3.14 shows the spatial patterns of correlation coefficients between the various1899

hydrological datasets calculated from their respective indices (linear trend removed) for1900
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the common data period of 2002 to 2015. The correlation values computed for the two1901

river basins are provided in Table 3.6. It is observed that both soil moisture and TWS1902

responds strongly to precipitation across majority of the Ganges River Basin, indicating1903

correlation values of more than 0.6 (Fig. 3.14a–c). Parts of northeast India and northern1904

Brahmaputra River Basin also show significant correlation with precipitation. However,1905

major parts of the Brahmaputra–Meghna River Basin (Bangladesh, Bhutan, northeast1906

India) exhibit a rather weak response to precipitation variability. In particular, GRACE-1907

derived TWS changes show very low correlation values (of less than 0.4) indicating that1908

there may be other factors affecting TWS variations in these areas. As indicated in1909

Table 3.6, the reanalysis-based soil moisture datasets are more (∼ 0.74) related to1910

precipitation than those generated by the Noah land surface model (∼ 0.70), whereas1911

GRACE-derived TWS changes indicate a correlation coefficient of 0.77 and 0.50 in the1912

Ganges and Brahmaputra–Meghna River Basin, respectively.1913
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Figure 3.14: Spatial distribution of correlation coefficients between (a) precipitation and
reanalysis-based soil moisture, (b) precipitation and Noah-based soil moisture, (c) precipitation
and GRACE-derived TWS, (d) soil moisture datasets of reanalysis and Noah, (e) reanalysis-
based soil moisture and GRACE-derived TWS, and (f) Noah-based soil moisture and GRACE-
derived TWS, estimated for the common data period of 2002 to 2015.

Both reanalysis- and Noah-based soil moisture products are highly correlated over1914

majority of the GBM River Basin with correlation coefficients of 0.8 (Table 3.6), except1915

for a few grid cells in the northern Brahmaputra–Meghna River Basin (Fig. 3.14d).1916

It is also observed that reanalysis-based soil moisture datasets are more correlated to1917

GRACE-derived TWS changes than Noah-based soil moisture data (Fig. 3.14e–f). The1918

correlations coefficients are significantly higher in the Ganges River Basin compared to1919

those estimated in the Brahmaputra–Meghna River Basin, indicating a correlation of1920

0.41 between Noah-based soil moisture and GRACE-derived TWS changes (Table 3.6).1921

Figure 3.15 compares the frequency of meteorological and hydrological (i.e., soil mois-1922

ture from the average of three reanalysis products) droughts that lasted for at least three1923
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Table 3.6: Correlation coefficients and time lags between SPI (6-month) and SI of soil moisture
and TWS in the GBM River Basin for the period 2002–2015.

Ganges Brahmaptura–Meghna
Precipitation/Soil moisture [Reanalysis] 0.75 0.73
Precipitation/Soil moisture [Noah] 0.68 0.69
Soil moisture [Reanalysis]/Soil moisture [Noah] 0.80 0.83
Precipitation/TWS [GRACE] 0.77 0.50
Soil moisture [Reanalysis]/TWS [GRACE] 0.80 0.70
Soil moisture [Noah]/TWS [GRACE] 0.66 0.41

months (with SPI/SI below -0.9) between 1980 and 2014. According to McKee et al.1924

(1993), drought begins when the SPI falls below zero and ends with positive value follow-1925

ing a value of -1.0 or less but a threshold on -0.9 (corresponding a cumulative probability1926

of 0.18) is chosen here to avoid false alarm of droughts. It is seen in Fig. 3.15a that max-1927

imum droughts (up to 10 or 11) have occurred in the northern Ganges River Basin and1928

majority of the Ganges and Brahmaputra–Meghna River Basins (especially northeast1929

India) have also experienced more than six droughts during the past three decades. The1930

number of soil moisture droughts clearly reflect meteorological droughts in the Ganges1931

River Basin and the far northeast India (Fig. 3.15b). However, Bangladesh is found to1932

be quite resilient to soil moisture droughts, which has recorded at the most six droughts1933

for the entire period.1934
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Figure 3.15: Number of drought events calculated from (a) precipitation (12 month time-scale
SPI) and (b) soil reanalysis-based soil moisture (6 month time-scale SPI) between 1980–2014.

The duration and intensity of the 2009/2010 major drought is shown in Fig. 3.161935

and 3.17, respectively. This major drought mainly affected the Ganges River Basin and1936

in particular, the meteorological droughts in the southern parts of the basin lasted1937

for nearly 20 months between 2009 and 2011 (Fig. 3.16a). Other parts of the Ganges1938

River Basin and northeat India exhibit at least 10 to 15 months of drought. The soil1939

moisture products resemble the driving precipitation but their magnitudes are much1940

lower except for the southern Ganges River Basin (Fig. 3.16b–c). Both reanalysis and1941

Noah products show less than 4 months of drought in the Brahmaputra–Meghna River1942
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Basin, whereas the GRACE-derived TWS resembles the precipitation affects in both the1943

river basins (Fig. 3.16d). This can be clearly observed from their maximum intensity1944

(Fig. 3.17), in which TWS responds strongly to the driving precipitation (Fig. 3.17a1945

and d). Noah-based soil moisture appears to relate better to precipitation (Fig. 3.17)1946

than the reanalysis-based products (Fig. 3.17b).1947
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Figure 3.16: Duration of the 2009/2010 drought event calculated from (a) precipitation, (b)
reanalysis-based soil moisture, (c) Noah-based soil moisture, and (d) GRACE-derived TWS
changes. The duration of drought is calculated by counting the number of months when SPI
continuously remain below -0.9 between January 2009 and December 2010.

The year-to-year variations in precipitation are often influenced by large-scale climate1948

variations such as ENSO and IOD. The impact of ENSO/IOD on rainfall variability has1949

already been discussed in detail in Chapter 2. For example, El Niño or the warm phase1950

of ENSO events are generally associated with dry periods over most the GBM River1951

Basin, while La Niña or the cold phase of ENSO generally bring more rain, and has1952

specifically lead to a rapid jump in precipitation in the Ganges River Basin in the past1953

4–5 years, leading to a swift recovery in TWS. On the other hand, positive IOD events1954

have been found to decrease rainfall over Bangladesh and northeast India, which has1955

been the case in the recent years due to increase in sea surface temperatures (SST) in1956

the western equatorial Indian Ocean. The ENSO and IOD effects on precipitation is1957

shown to clearly translate to soil moisture and TWS variations in the two river basins.1958

The recent droughts of 2005/2006 and 2009/2009 reflect their effects on TWS, although1959

it must be mentioned that ENSO/IOD may not necessarily lead to drastic changes in1960
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Figure 3.17: Maximum drought intensity of the 2009/2010 drought event calculated from
(a) precipitation, (b) reanalysis-based soil moisture, (c) Noah-based soil moisture, and (d)
GRACE-derived TWS changes.

precipitation or TWS (e.g., 1998). ENSO/IOD variations are by themselves affected1961

by decadal ocean-atmospheric oscillations such PDO (e.g. Meehl et al., 2006, Krishna-1962

murthy and Krishnamurthy, 2014) and tend to produce varying affects depending on1963

the phase of decadal oscillations.1964

3.4.4 Impacts of human water abstraction1965

The results presented in Sections 3.4.2 and 3.4.3 represents the overall water storage1966

changes based on existing observations or modelling approaches that include both nat-1967

ural variability and anthropogenic influences (including human water use). Although it1968

may be difficult to objectively disaggregate the influences of climate variability/change1969

and human water abstraction, WGHM provides a reasonable approach to separate their1970

influences on global/regional water storage changes (Döll et al., 2003, 2014, Müller1971

Schmied et al., 2014). Therefore, to assess the effects of human water abstraction (or1972

withdrawal) on TWS in the GBM River Basin, TWS data from two WGHM model1973

variants are analysed here. By substracting IRR70_S TWS (representing both natural1974

and human water use) from NOUSE TWS (representing the natural variability), the1975
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resulting variations include only those influenced by the human water abstraction. The1976

remaining section is directly adapted from Khandu et al. (2016a).1977

Figure 3.18 shows the root-mean-square (RMS) of (IRR70_S - NOUSE) TWS1978

changes, representing the average magnitude of total water withdrawals during the1979

simulation period of 1979–2009. Based on the simulation, it is clear that human wa-1980

ter withdrawal is highly significant across the western Ganges River Basin including1981

the upstream of Ganges River and across northwestern Bangladesh. The RMS values1982

exceed more than 0.3 m in these regions and are found to be very high (more than 1 m)1983

where GRACE-derived TWS changes indicated widespread decline in TWS (see, Fig1984

3.10d). Groundwater depletion is the single largest factor determining water availability1985

in these regions (Rodell et al., 2009, Tiwari et al., 2009, Shamsudduha et al., 2009a,1986

Central Ground Water Board, 2014, Shahid et al., 2015), and its contribution to TWS1987

and rapid declining rates mainly reflect the TWS abstraction. The simulation results1988

are consistent with those released by the Indian government on the use of groundwater1989

resources (e.g., Central Ground Water Board, 2014) and the TWS trends shown in Fig.1990

3.10d and 3.11e–f.1991
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Figure 3.18: RMS of difference between natural TWS (“NOUSE” and those under the influ-
ence of human water abstraction (IRR70_S) indicating the level of human water abstraction.
Modified from Khandu et al. (2016a).

Since human water abstraction appears to be very high in the Ganges River Basin1992

(Fig. 3.18), the basin-averaged time-series of NOUSE and IRR70_S are further an-1993

alyzed. Figure 3.19 compares time-series of “NOUSE” and “IRR70_S” TWS changes1994

between 1979 and 2009 in the Ganges River Basin. The differences between the two1995

time-series are also plotted in Fig. 3.19 in order to show the temporal variations of1996

TWS resulting from human water use only. The TWS value of the first month (January1997

1979) is removed from both time-series to help interpret the trend results. The difference1998

between IRR70_S and NOUSE increases with time (shown by the thick black line in1999

Fig. 3.19), indicating a clear trend of human water usage and its impacts on TWS in2000
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the Ganges River Basin. The linear trend of the difference plotted in Fig. 3.19 shows a2001

declining trend of 14 mm year−1 (or 15 km3 year−1) between 1979 and 2009.2002
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Figure 3.19: time-series of natural TWS (“NOUSE”, black dashed line), TWS under the
influence of human water use (“IRR70_S”, gray line), and their difference (black line). Linear
trends are shown for 1979–2009, 1979–2001 and 2002–2009. Adapted from Khandu et al. (2016a).

The intensity of human water use and TWS abstraction has increased by two-folds2003

between 2002 and 2009 indicating a decreasing rate of 20 mm year−1 (or 22 km3 year−1)2004

compared to the period of 1979–2001 (12 mm year−1 (or 13 km3 year−1). The trend2005

estimates between 2002 and 2009 is consistent with GRACE-derived TWS changes for2006

the same period (see, Fig. 3.11e–f) and those reported in Tiwari et al. (2009) and Richey2007

et al. (2015). The increasing level of groundwater abstraction in the Ganges River Basin2008

was also reported in a global basin study in Richey et al. (2015). Besides the impact of2009

human water abstraction, several studies indicate that Himalayan glaciers are retreating2010

due to climate change (Scherler et al., 2011, Bajracharya et al., 2015), which could also2011

contribute to the overall decline of TWS in both the sub-basins through increased runoffs2012

during the spring season (March-May).2013

3.5 Concluding remarks2014

The Ganges–Brahmaputra–Meghna (GBM) River Basin is highly vulnerable to climate2015

variability such as droughts and extreme wet events (e.g., Mirza et al., 1998, Bates2016

et al., 2008, Jiménez-Cisneros et al., 2014, Pervez and Henebry, 2015). Intensification2017

of droughts or extreme wet events will likely exacerbate growing water scarcity in the2018

region, which has already reached critical levels over the years due to over exploitation2019

of ground/surface water resources. In this study, a suite of observed rainfall, reanalysis-2020

based soil moisture, and GRACE total water storage (TWS) changes, along with hydro-2021

logical model outputs are used to examine the impacts of climate variability (focusing2022

mainly on meteorological droughts) and human influences on the GBM’s water storage2023

for the period 1980 to 2014. In the absence of long-term observations of TWS, soil mois-2024

ture datasets generated by three reanalysis systems are used as TWS proxies for the2025

period 1980–2015.2026
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Based on the GRACE-derived TWS changes, two key regions: (i) north-western2027

Ganges (includes Haryana, Uttarakhand, and Uttar Pradesh) and (ii) central2028

Brahmaputra-Meghna (includes northern Bangladesh, northeast India, and Bhutan)2029

have indicated the highest loss of water mass, which indicated a declining trend of about2030

30–40 mm year−1 between 2002 to 2015. On average, TWS is found to be declining at a2031

rate of 9.1±4.5 km3 year−1 and 10.5±3.2 km3 year−1 in the Ganges and Brahmaputra-2032

Meghna River Basin, respectively. While the alarming rate of TWS decline (∼20 km3
2033

year−1) in the Ganges River Basin has subsided since 2010, with an increase (∼8 km3
2034

year−1) in the last five years due to an anomalous jump in precipitation, TWS in the2035

Brahmaputra–Meghna River Basin tend to decline further. Extreme climate variations2036

such as prolonged meteorological droughts have an lasting effect on the TWS, which is2037

being exemplified by the recent droughts of 2005/2006 and 2009/2010, both of which2038

have been associated with major ENSO/IOD events. TWS and soil moisture variations2039

strongly respond to precipitation changes, and in particular, they are highly correlated2040

in the Ganges River Basin, with a correlation coefficient of 0.6 or more.2041

Although short-term TWS changes are strongly influenced by climate variability2042

such as prolonged meteorological droughts and extreme wet events, the water storage2043

changes across many parts of the GBM River Basin are under enormous pressure from2044

ever increasing population and its associated socio-economic changes. Apart from daily2045

consumptive water use, irrigated agriculture uses about 60–90% of the groundwater and2046

SWS continues to be extracted even at higher rate through diversion of the GBM river2047

system (Papa et al., 2015). Ground-based observations and hydrological model simula-2048

tions have consistently shown that groundwater declines have been caused by excessive2049

withdrawals of surface/groundwater across the GBM River Basin (Shamsudduha et al.,2050

2009b, Central Ground Water Board, 2014, Shahid et al., 2015). The linear trends of2051

WGHM simulated TWS changes analyzed in this study are consistent with the TWS2052

changes derived from GRACE datasets, which indicated that human water abstraction2053

has intensified between 2002 and 2009 compared to 1979-2001.2054

Water storage components (e.g., soil moisture, SWS) simulated by reanalysis systems2055

and land surface/hydrological models strongly vary in the GBM River Basin. Besides2056

large differences in mean annual amplitudes, long-term linear trends estimated from2057

reanalysis datasets showed varying increasing trends between 1980 and 2015 and are2058

markedly higher than Noah-based soil moisture for the period 2002–2015, albeit both2059

indicating positive trends. Based on the generalised TCH algorithm, ERA-Interim ex-2060

hibited the largest uncertainties with a magnitude of about 20 mm year−1, whereas2061

Noah-based soil moisture data appears to more accurate than those produced by the2062

reanalysis systems. Among the three GRACE products, the CSR datasets showed the2063

lowest uncertainties (of less than 1 cm), which agrees with the most recent studies.2064
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4. Assessing high-resolution regional2065

climate model simulations2066

4.1 Introductory remarks2067

The global climate system is influenced by a number of physical and dynamical pro-2068

cesses across a broad range of spatio-temporal scales. Global climate models (GCMs)2069

are mathematical tools based on well-established physical laws that are applied to repre-2070

sent physical and dynamical processes and simulate the climate system (Randall et al.,2071

2007, Flato, 2011, Flato et al., 2013). With a long history of development, GCMs are2072

able to adequately represent large-scale climate features such as general circulation of2073

the atmosphere and the ocean, and large-scale patterns of, for example, precipitation2074

and temperature. However, their spatial resolution is still too coarse (about 100–2002075

km) to represent many fundamental regional or local climate aspects such as position,2076

intensity, and the frequency of rainfall along the Himalayan Foothills (Kripalani et al.,2077

2007, Ramesh and Goswami, 2014, Saha et al., 2014). While coupled Ocean-Atmospheric2078

GCMs (AOGCMs) can also be run at high horizontal resolutions to better simulate the2079

aspects of regional or local climate information (e.g., Kitoh and Endo, 2016), they are2080

currently limited to very short time-scales (e.g., 10 years) due to high computational2081

cost. For instance, Rajendran and Kitoh (2008) performed a very high global resolution2082

(20 km) GCM simulation for two 10-year time-slices and found that spatial distribution2083

of precipitation over steep mountains could be improved. However, few studies have2084

used global variable-resolution models to improve the spatial resolution of the region of2085

interest (e.g., Lal et al., 2008).2086

One of the methods currently employed to remedy the coarse global model resolution2087

is by applying regional climate models (RCMs) to dynamically downscale GCM outputs2088

or global reanalyses over a region of interest (see e.g., Jones et al., 2004, Giorgi et al.,2089

2012). Regional models improve on GCMs to provide high-resolution key inputs suitable2090

for assessing climate change impacts on water resources at regional to local scales.2091

By selecting a spatial domain covering a region of interest, RCMs can generate high-2092

resolution (e.g., 10 km or higher) climate information within that domain by improving2093

the spatial representation of regional forcings such as topography, land cover, land-2094

sea thermal contrasts, air pollution, and other small-scale features (e.g., lakes) (Wang2095

et al., 2004, Rummukainen, 2009, Rummukainen et al., 2015). As a result, RCMs are2096

better suited for providing inputs to climate impact studies relevant for adaptation2097

planning and developing mitigation strategies at various levels of the society. The most2098

recent reviews on RCM studies (e.g., Rummukainen et al., 2015) explores the possibility2099

of running very high (spatial) resolution RCMs in an effort to eliminate the use of2100

convective parametrizations schemes. Such advances can be particularly beneficial for2101

the complex topographic region of the Himalayas, which is highly sensitive to the use2102

of different cumulus convective schemes (see e.g., Dash et al., 2006, Sinha et al., 2013).2103
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Early studies on RCM simulations of the Indian monsoon in the mid-1990s mainly2104

focused on the suitability of model domains (e.g., location and size) and their ability2105

to generate regional circulation feedbacks in response to e.g., topography based on few2106

months to a couple of years of simulations (e.g., Bhaskaran et al., 1996, Ji and D, 1997).2107

Since then, many RCM studies have been carried out to (i) verify their ability to simulate2108

the Indian monsoon (e.g., Lucas-Picher et al., 2011, Srinivas et al., 2012, Dash et al.,2109

2015), (ii) examine the model sensitivity to various cumulative parameterization schemes2110

(e.g., Raju et al., 2015, Dash et al., 2006), and (iii) provide long-term climate projections2111

over various parts of the Indian monsoon region (Kumar et al., 2006, Yadav et al., 2008,2112

NEC, 2011, Rahman et al., 2012, Mathison et al., 2013, Caesar et al., 2015). Given2113

the importance of regional climate variability/change, existing RCMs (e.g., Skamarock2114

et al., 2008, Giorgetta et al., 2013) are refined to include more physical and chemical2115

processes representing the land surface and vegetation, biogeochemistry, and aerosols,2116

thereby, edging towards developing a full Regional Earth System Model (Rummukainen2117

et al., 2015).2118

The aforementioned studies have made significant contributions to the understand-2119

ing of the regional climate process and on the model’s ability to simulate the Indian2120

monsoon. However, most of the model assessment studies mentioned above are limited2121

to the Indian monsoon and were based on 50 km grid resolution or less, whereas higher2122

resolution models are mostly run for sensitivity purposes. While model sensitivity stud-2123

ies are important for identifying correct model parameterizations and isolating regional2124

feedbacks, they may not adequately provide meaningful climate statistics as well as2125

identify key model errors relating to the internal climate variability. More importantly,2126

since the reliability of future regional climate projections are very much dependent on2127

how well dynamically downscaled GCMs represent the historical and present climate,2128

it is equally important to assess the accuracy of RCMs driven by various global mod-2129

els. This will help understand how well RCMs are able to rectify or amplify spatial2130

misrepresentations (e.g., precipitation) in the parent GCMs and identify model errors2131

resulting from the use of different physics and parameterizations schemes, among oth-2132

ers. This chapter seeks to explore the potential strengths and limitations of two current2133

state-of-the-art RCMs: (i) Regional Climate Model (RegCM) version 4.4 (RegCM4.4,2134

Giorgi et al., 2012) and (ii) Hadley Centre’s Providing REgional Climate Information of2135

Impact Studies (PRECIS, Jones et al., 2004) performed on a 25 km horizontal resolution2136

forced by various coupled ocean-atmospheric GCMs and Earth System Models (ESMs),2137

by assessing the key climate features over the GBM River Basin.2138

The GBM River Basin exhibits a broad range of extremes that are particularly chal-2139

lenging from a climate modelling perspective, such as (i) in topography, ranging from2140

the world’s highest mountains to the largest deltas, (ii) in precipitation, from arid to2141

semi-arid areas of western Ganges River Basin to the vast plains subject to flooding as2142

well as a long range of Himalayan Foothills that are subject to intense orographic rains,2143

and (iii) large snow/glacial areas that are highly vulnerable to warming. The model2144

evaluations are carried out with respect to the available observational-based gridded2145

datasets and reanalysis-based fields (as discussed in Chapter 2 on a wide range of met-2146

rics, including (i) the seasonal precipitation and temperature means (ii) the onset and2147

withdrawal of the monsoon, and (iii) the long-term trends and interannual variability2148
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and their response to global and local sea surface temperatures (SSTs). The findings2149

presented in chapter has been submitted to Climate Dynamics with minor revisions2150

based on the suggestions provided by the Reviewers.2151

Section 4.2 describes a general concept of downscaling coarse resolution GCMs using2152

RCMs and their developments based on most up-to-date reviews. The key attributes2153

of RegCM4.4 and PRECIS models and their simulations and respective input datasets2154

or boundary conditions used are discussed in Section 4.3. Observational datasets and2155

methods used to evaluate the model outputs are presented in Section 4.4. Section 4.52156

evaluates the precipitation and temperature fields simulated by the two RCMs, while2157

Section 4.6 provides a general findings of this study.2158

4.2 Key attributes of Regional Climate Models (RCMs)2159

The development of RCMs is motivated by the need for regional- to local-scale climate2160

information in order to circumvent the limitations of low-resolution GCMs that cur-2161

rently do not represent many key aspects of regional climate processes. The principle2162

behind RCMs is the concept of “downscaling” (Giorgi and Mearns, 1991). The down-2163

scaling technique attempts to translate large-scale atmospheric fields from GCMs into2164

high-resolution climate information using additional information over a region of in-2165

terest. Downscaling techniques can be classified into two main categories: (i) statistical2166

downscaling (see, Maraun et al., 2010, for a review) and (ii) dynamical downscaling (see,2167

Giorgi and Mearns, 1991, Wang et al., 2004, Rummukainen, 2009, Rummukainen et al.,2168

2015, for a review). The former is based on finding robust statistical relationship be-2169

tween large-scale climate variables (as predictors) and local variables (as predictands),2170

while the latter relies on the same physical-dynamical description of global/regional cli-2171

mate process that forms the core of GCMs, which can be achieved through, for example,2172

using RCMs (Christensen et al., 2007).2173

Even though computationally efficient, empirical (or statistical) downscaling meth-2174

ods are limited by the assumptions of stationarity, where statistical relationship between2175

present day climate also holds true for the possible future climate under various forcing2176

conditions. Nevertheless, statistical downscaling methods are important tools for pro-2177

viding high-resolution climate information (Maraun et al., 2010). On the other hand,2178

RCMs relies on the assumption that given detailed representations of physical process2179

and adequate regional information (e.g., high-resolution topography, land-use), they2180

can generate realistic regional climate information consistent with the large-scale atmo-2181

spheric (and/or land surface/ocean) fields provided by the parent GCMs or reanalyses2182

(Giorgi and Mearns, 1991, Wang et al., 2004, Rummukainen, 2009). Figure 4.1 shows2183

the overall process of dynamic downscaling using RCMs. A regional model consists of2184

its dynamical core but use boundary conditions (e.g., air temperature, wind, humidty)2185

from either GCMs or observation-based reanalysis systems to produce high-resolution2186

climate information (e.g., temperature or precipitation) over a region of interest.2187

Following numerous reviews on RCMs (e.g., Giorgi and Mearns, 1991, Wang et al.,2188

2004, Rummukainen, 2009, Rummukainen et al., 2015), some caveats of regional climate2189

modelling are given below:2190
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Figure 4.1: Process involved in regional climate modelling using RCMs. Modified from Math-
ison et al. (2013)

4.2.1 Model dynamics2191

On a broad scale, RCMs can be classified into hydro-static and non-hydrostatic models2192

that are run on variety of horizontal and vertical grid coordinate systems, except for2193

those developed as regional spectral model (RSM, Juang et al., 2014). A large number2194

of RCMs are formulated based on the hydro-static assumption, e.g, REgional MOdel2195

(REMO, Jacob and Podzun, 1997), Providing REgional Climates for Impacts Studies2196

(PRECIS, Jones et al., 2004), and Regional Climate Model (RegCM, Giorgi et al., 2012),2197

while few RCMs such as COnsortium for SMall scale MOdeling Climate Limited-area2198

Modelling (COSMO-CLM, Doms et al., 2015), Regional Atmospheric Modelling System2199

(RAMS, Snook et al., 1995), and Weather Research and Forecasting (WRF, Skamarock2200

et al., 2008) provide options to include non-hydrostatic terms, which allows for providing2201

very high-resolution (less than 5 km) simulations. Very high-resolution models also to2202

some degree eliminate the need for convective parameterizations, thus, allowing for2203

improved simulations of diurnal cycles of convection and precipitation, including onset,2204

duration, and intensity, as well as of tropical cyclone (TC) intensity and fine structure2205

of the TC eyewall (Rummukainen et al., 2015).2206

High-resolution modelling can also be achieved through multiple nesting approaches,2207

which is currently available in many existing RCMs (e.g., RegCM, COSMOS-CLM,2208

WRF). Most RCMs use either a terrain-following pressure coordinate system, or a2209

terrain-following height coordinate system (e.g., RAMS) with 17 levels or more with2210

the model top being in the lower stratosphere (typically between 50 hPa and 5 hPa).2211

Most RCMs were originally developed as atmosphere-only models, which are later cou-2212

pled with land surface models to incorporate feedbacks from the land surface process2213

(e.g., Pal, 2007). Today, most RCMs are coupled with global oceanic models for spe-2214
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cific applications. With increasing computing power and model advancement, RCMs are2215

evolving towards a comprehensive regional climate model system through inclusion of2216

bio-geochemistry and aerosol processes (see, Rummukainen et al., 2015).2217

4.2.2 Boundary conditions2218

RCMs are limited area models (LAM) that require lateral boundary conditions (LBCs),2219

and lower and upper boundaries, which can be collectively referred to as “driving data”2220

or just “boundary conditions”. These datasets are usually supplied by GCMs or global2221

reanalyses. The basic boundary conditions include air temperature, humidity, and cir-2222

culation (wind fields) typically at 6-hour time intervals, as well as SSTs and sea ice2223

(usually at 6 hourly, weekly, or at monthly scales). Since these datasets come in dif-2224

ferent time-scales, they require interpolation in time between two successive boundary2225

conditions to match the temporal resolution of the RCMs. The boundary conditions are2226

incorporated by building a “relaxation zone” just inside their lateral boundaries that are2227

typically 4-10 grid wide from all four sides. Most RCMs use an exponential boundary2228

relaxation scheme in order to provide LBCs to the RCM. Giorgi et al. (1993b) showed2229

that a large buffer zone with exponentially decreasing weights provides a smoother tran-2230

sition between the prescribed LBCs and the regional climate simulations. The size of the2231

relaxation zone may also depend on the model resolution, which increases as a function2232

of model resolution.2233

4.2.3 Model parameterizations2234

RCMs share problems that are inherent to the parent GCMs or reanalyses, in which2235

RCMs tend to enhance the spatial resolution compared to parent GCMs but pushes2236

those processes that take place on a smaller scale towards the finer scales. Physical2237

processes that take place on much smaller spatial scales than the RCM resolution are2238

described using “parametrization” (or approximation) techniques. Among the many pa-2239

rameterization schemes employed in RCMs, the most widely discussed is the “convective”2240

parameterization scheme since it plays a critical role in representing the cloud process2241

and the resulting precipitation field (Emanuel and Rothman, 1999). Various cumulative2242

convective schemes have been applied over the Indian monsoon using several RCMs and2243

have shown that Indian summer monsoon is very sensitive to convective parameteriza-2244

tion schemes (e.g., Dash et al., 2006, Srinivas et al., 2012).2245

For example, Dash et al. (2006) found close agreement between model simulated2246

precipitation and observed rainfall over India using the Grell parameterization scheme2247

(Grell, 1993) in RegCM3 (Pal, 2007). Similar results were obtained by Nayak et al. (2015)2248

using the updated version of RegCM (RegCM4, Giorgi et al., 2012). Srinivas et al. (2012)2249

used WRF version 3 model to simulate the Indian summer monsoon from 2000-2009 and2250

indicated that Betts-Millor-Janjic convection scheme produced the best simulation of2251

rainfall over west coast, central, and northeast India. More recently, Sinha et al. (2013)2252

used various cumulative convection schemes available in RegCM3 and found that the2253
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Massachusetts Institute of Technology (MIT)-Emanuel convective scheme (Emanuel,2254

1991, Emanuel and Rothman, 1999) features better simulation of rainfall for a 30 km2255

resolution over the Indian monsoon region, which includes the Himalayan Foothills and2256

the northeast India.2257

4.2.4 Model domain2258

The sensitivity of regional climate modelling to the size of the chosen domain has a long2259

history of debate (see e.g., Leduc and Laprise, 2009, and references therein). There is no2260

permanent solution for choosing a domain. An important condition is that RCM domain2261

has to be large enough to allow the full development of small-scale features, but still suf-2262

ficiently small enough to not let flow solutions deviate too much away from the driving2263

model. Boundary lines must not cut across mountain ranges or sharp precipitation fea-2264

tures, which is a challenging concept, especially over the Indian monsoon region, where2265

the northern limit usually falls along the Tibetan Plateau. Previous studies have shown2266

that Indian summer monsoon is sensitive to domain size (e.g., Bhaskaran et al., 1996,2267

2012, Dash et al., 2015) and indicated that one domain may not sufficiently reproduce2268

the observed climate of all subregions within the domain. Thus, sensitivity studies must2269

be conducted before selecting a RCM domain in order to carry out long-term climate2270

simulation.2271

4.3 Regional climate model (RCM) data2272

4.3.1 RegCM4.4 simulations and boundary conditions2273

Regional Climate Model version 4.4 (RegCM4.4, Giorgi et al., 2012) is the fourth gener-2274

ation of the regional climate modelling framework originally developed by Giorgi et al.2275

(1993a,b) and Pal (2007). RegCM4.4 is a hydrostatic model with a terrain following2276

vertical coordinate run on an Arakawa B-grid scheme. It is based on the hydrostatic2277

version of the National Center for Atmospheric Research (NCAR)/Pennsylvania State2278

University (PSU) Mesoscale Model version 5 (MM5, Grell et al., 1994). RegCM4.4 in-2279

cludes substantial improvements both in terms of model physics and softwares compared2280

to its previous version, RegCM3 (Pal, 2007). The most notable improvement is the flex-2281

ibility to use mixed cumulus convective schemes over land and ocean (see, Giorgi et al.,2282

2012). For this chapter, the RegCM4.4 model domain is centered over the Indian mon-2283

soon region covering South Asia and parts of the Tibetan Plateau and Southeast Asia2284

(2◦N–37◦N, 61◦E–108◦E) on a 25 km grid resolution (∼0.22◦×0.22◦) for the period2285

1981–2012. Table 4.1 describes the main settings of this simulation. Figure 4.2 shows2286

the model domain illustrating the topography at four different spatial scales as well2287

as the Ganges and Brahmaputra–Meghna River Basin. The topographic details of the2288

Himalayan ranges of the northern GBM River Basin are barely represented in coarse2289

resolution GCMs (Fig. 4.2a-c). A more detailed representation of topography in the2290
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Figure 4.2: Elevation maps of the RegCM4.4 domain at various spatial resolutions: (a) GFDL-
ESM, (b) MPI-ESM-MR, (c) ERA-Interim, and (d) RegCM4.4. Note that the nominal resolution
of ERA-Interim is 0.79◦ × 0.79◦. The Ganges and Brahmaputra–Meghna River Basins are shown
in blue and black (thick) polygons.

RCMs (Fig. 4.2d) in particular, improve orographic precipitation along the Himalayan2291

mountains (Sinha et al., 2014, Dash et al., 2015).2292

Before conducting the long-term simulation, a preliminary sensitivity experiment was2293

done for a five year period (1998–2012) with boundary conditions supplied by the Eu-2294

ropean Centre for Medium-Range Weather Forecasts (ECMWF) retrospective analysis2295

(ERA-Interim, Dee et al., 2011) and observed weekly sea surface temperature (SST)2296

fields supplied by the National Oceanic and Atmospheric Administration (NOAA, see,2297

http://www.esrl.noaa.gov/psd/data/gridded/data.noaa.oisst.v2.html). This is2298

done to assess the model’s sensitivity to a mixture of two (i.e., Grell and Emanuel2299

schemes) cumulus convective schemes. It must be mentioned here that there are clear2300

preferences between the various schemes, for instance, the Grell scheme in some cases2301

generate very little precipitation over land (e.g., Dash et al., 2006, Sinha et al., 2013,2302

Raju et al., 2015), while Emanuel-only scheme tends to produce excess precipitation.2303

Following this sensitivity experiment, the Emanuel (over land) and Grell (over ocean)2304

http://www.esrl.noaa.gov/psd/data/gridded/data.noaa.oisst.v2.html
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Table 4.1: Summary of RegCM4.4. and PRECIS model settings.

Model
characteristics RegCM4.4 PRECIS

1. Domain Indian monsoon region (Figure
4.2)

South Asia (with rotated pole
coordinates of 260◦ longitude,
and 70◦ latitude (Caesar et al.,
2015))

2. Simulation period 1981–2012 1949–2012
3. Resolution 25 km 25 km
4. Vertical layers 18 [1000 hPa–50 hPa] 19 [1000 hPa–5 hPa]
5. Topography GTOPO30 (∼ 1.0 km) US Navy 10 min

6. Boundary condition ERA-Interim, Weekly SST data,
GFDL-ESM, MPI-ESM-MR QUMP (HadCM3Q0-16)

7. Resolved scale
precipitation

Subgrid explicit moisture scheme
(SUBEX, Pal et al., 2000) Smith (1990)

8. Land surface
Biosphere-Atmosphere Transfer
scheme (BAT, Dickinson et al.,
1993)

Met Office 12. Surface Exchange
Scheme (MOSES-I, Cox et al.,
1999)

9. Convection Scheme Emanuel (Land) and Grell
(Ocean)

Mass flux penetrative (Gregory
and Rowntree, 1990)

scheme was adopted in this chapter (see, Table 4.1) as this mixed scheme provided better2305

simulation of precipitation distribution over the Indian monsoon region (see also, Raju2306

et al., 2015). The land surface model used in this experiment Biosphere-Atmosphere2307

Transfer scheme (BATS, Dickinson et al., 1993), which has a soil depth of 1 m. Other2308

details are provided in Table 4.1, and the same experimental setting has been adopted for2309

long-term simulation (1981–2012) using boundary conditions from ERA-Interim (and2310

observed SST datasets) and two Earth System Models (ESMs) from the Coupled Model2311

Intercomparison Project Phase 5 (CMIP5, Taylor et al., 2012).2312

Reanalysis systems such as ERA-Interim are termed near-perfect boundary condi-2313

tions for RCMs as intended to produce realistic state of the atmosphere at any given2314

time-period (e.g. 6 hours). ERA-Interim was chosen as lateral boundary condition (LBC)2315

for RegCM4.4 as it is found to provide the most realistic precipitation estimates over the2316

GBMRiver Basin (see, Khandu et al., 2016c). To differentiate between the original ERA-2317

Interim fields and those simulated by RegCM4.4, the latter is denoted by RegCM4.4-2318

ERAI in the tables and figures presented hereafter. On the other hand, CMIP5 GCMs are2319

based on both natural (e.g., solar variations) and anthropogenic (e.g., CO2, CH4) condi-2320

tions consistent with observed climate variations between 1850 and 2005, and are largely2321

based on four pathways of greenhouse gas concentrations (GHGs), referred to as Repre-2322

sentative Concentrative Pathways (RCP, Moss et al., 2010) from 2006 onwards. The two2323

CMIP5 GCMs include one realisation (RCP4.5 from 2006–2012) each from (i) Geophys-2324

ical Fluid Dynamics Laboratory Earth System Model (ESM) (GFDL-ESM2M, hereafter2325

as GFDL-ESM, Dunne et al., 2012) and (ii) Max-Planck-Institute ESM medium res-2326

olution (MPI-ESM-MR, Giorgetta et al., 2013) for the period 1981 to 2012. The two2327

models have been shown to provide reasonable estimation of the Indian monsoon by2328
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numerous previous studies (see e.g., McSweeney et al., 2015). A basic description of the2329

two GCMs are presented in Table 4.2.2330

Table 4.2: Lists of global reanalyses and GCMs that are used to drive the RegCM4.4.

LBC Modelling Center Spatial Resolution Realisation Calender
ERA-Interim
(reanalyses) ECMWF 1.500◦×1.500◦ - 365.25 days

MPI-ESM-
MR
(CMIP5)

Center
Max-Planck-Institut für
Meteorologie

1.875◦×1.875◦ r1i1p1 365 days

GFDL-ESM
(CMIP5)

NOAA Geophysical
Fluid Dynamics
Laboratory

2.000◦×2.250◦ r1i1p1 365 days

4.3.2 PRECIS model data2331

Providing REgional Climate Information for Impact Studies (PRECIS, Jones et al.,2332

2004) is an atmospheric and land surface model developed at the Hadley Centre, Met2333

Office, UK, in order to provide high-resolution future climate scenarios for developing2334

countries under the framework of United Nations Framework Convention on Climate2335

Change (UNFCCC). PRECIS climate modelling system is based on the third generation2336

regional model (HadRM3P) (Jones et al., 2004), which is a high-resolution version of2337

the atmospheric general circulation model (HadAM3H) (Gordon et al., 2000). It is a2338

hydrostatic model with a terrain following vertical coordinate and uses an Arakawa B-2339

grid scheme. The standard version of PRECIS can be run at a maximum grid resolution2340

of 25 km with 19 vertical levels with the lowest and highest limit at ∼50m and ∼30 km2341

(see, Table 4.1). PRECIS has been applied over the Indian monsoon by several studies2342

to generate future climate scenarios for various countries (see e.g., Kumar et al., 2006,2343

Islam et al., 2008, Lucas-Picher et al., 2011, NEC, 2011, Mathison et al., 2013).2344

The PRECIS model data used in this study was obtained from the UK Met Of-2345

fice. It includes six sets of perturbed physics ensemble (PPE) simulations conduced2346

over the South Asian continent (see, Caesar et al., 2015) from 1949 to 2099 to esti-2347

mate model uncertainties and internal climate variability for an assumed pathway of2348

future anthropogenic projections with boundary conditions from Hadley Centre’s cou-2349

pled GCM (HadCM3) with various combination of parameter settings. Their original2350

experiment involved 17 PPE members, which are collectively referred to as QUMP2351

(Quantifying Uncertainties in Model Projections, see, Murphy et al., 2007, McSweeney2352

et al., 2012, for more details). The model parameters used in the 17 member HadCM32353

are provided in Collins et al. (2006) and the references therein, and are identified by an2354

alphanumeric character representing the Hadley Centre’s HadCM3 and the PPE mem-2355

bers (0-16) representing the various set of parameter samplings discussed in Collins et al.2356

(2006). HadCM3Q-0 represents a standard (unperturbed) HadCM3 model, which then2357

goes from a very low sensitivity model (Q1) to very high sensitivity model (Q16).2358

Based on a preliminary study by McSweeney et al. (2012) over South and Southeast2359

Asia, six PPE members (namely, HadCMQ0, HadCMQ9, HadCMQ10, HadCMQ14,2360
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HadCMQ15, and HadCMQ16) simulated by PRECIS model at 0.25◦×0.25◦ grid reso-2361

lution over South Asia were obtained for this study. The QUMP members used here2362

are based on Special Report on Emission Scenarios (SRES, IPCC, 2000) A1B storyline2363

(IPCC, 2000). The A1B scenario describes a future world of very rapid economic growth,2364

global population that peaks in mid 21st century and declines thereafter. The major dif-2365

ference between standard HadCM3 (used in CMIP3) and QUMP is that the later uses2366

flux adjustments to correct for biases in SSTs and salinity. The use of flux adjustments2367

is seen to minimize warm biases QUMP models and enabled stable simulations to be2368

run with a wide range of physics (see, McSweeney et al., 2012). Note that the SRES2369

A1B is equivalent to RCP6.0 in terms of the future trajectory of global temperature2370

change and thus, the two RCMs may differ slightly in the region. RCP scenarios also2371

include more physical and chemical processes and adopts slightly different mitigation2372

approaches (see, Moss et al., 2010) as opposed to SRES.2373

4.4 Observational datasets and methods2374

4.4.1 Observational datasets2375

Precipitation and surface temperature (at 2 m) derived from various RCM simula-2376

tions are evaluated with respect to daily SRS-based TMPAv7 (Huffman et al., 2007)2377

version 7 (hereinafter as TMPAv7) and observational-based monthly GPCCv7 (Becker2378

et al., 2013) precipitation products (for the period 1998–2012) and monthly tempera-2379

ture datasets from the CRU_TS3.22 (Harris et al., 2013) for the period 1982–2012. Note2380

that GPCCv7 and CRU_TS3.22 products are generated at 0.50◦ × 0.50◦ grid resolu-2381

tion. The easy accessibility, better latency period, and its comparable spatial resolution2382

(0.25◦ × 0.25◦) with RCMs considered here makes it appropriate to use the TMPAv72383

product. Daily precipitation datasets from APHRODITE (Yatagai et al., 2012) is used2384

to indicate the spatial pattern of onset and withdrawal of monsoon together with daily2385

TMPAv7 products. Reanalysis fields from ERA-Interim (for precipitation and winds)2386

and MERRA (Rienecker et al., 2011) (for temperature) were also included for compar-2387

ison to give a wide range of uncertainties across different datasets. As such, a detailed2388

evaluation of these datasets and the two reanalyses has been conducted in Chapter 22389

(see also, Khandu et al., 2016c).2390

4.4.2 Evaluation methods2391

The simulated RCM datasets are assessed for their wintertime (DJF) and monsoon2392

(JJAS) precipitation (1998–2012) and temperature (1982–2012) climatology as well as2393

their associated mean large-scale circulation, onset and retreat of the monsoon, and2394

their ability to simulate low-frequency variations associated with ENSO (Trenberth,2395

1997) and IOD (Saji et al., 1999). PRECIS results are plotted only for the ensemble2396

mean (from six members), although results from individual members are shown in tables2397

for discussion. Additionally, the model’s ability to simulate the onset and withdrawal2398
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process of the Indian monsoon is an important criteria. There are various approaches2399

for detecting the onset/withdrawal timing of the Indian monsoon based on standardised2400

indices developed from daily precipitation or moisture fluxes (e.g., Zeng and Lu, 2003,2401

Lucas-Picher et al., 2011), or from combination of different indices (Prasad and Hayashi,2402

2005). Each of these methods has its own merits and limitations, and are only meant to2403

be used as working guidelines. As such the results tend to agree well among the different2404

approaches (see e.g., Prasad and Hayashi, 2005, Lucas-Picher et al., 2011).2405

Here, the onset/withdrawal timings are calculated by estimating the gradients from2406

5-day mean (or pentad) precipitation climatology. The advantage of introducing the2407

gradient is that it allows for automatic identification of the high and low peaks, cor-2408

responding to onset and withdrawal of the Indian monsoon, without requiring to set a2409

threshold. The method is demonstrated in Fig. 4.3 using mean daily precipitation (P )2410

estimates of APHRODITE and TMPAv7 for the period 1998–2007. Figure 4.3a–b shows2411

the cumulative sums of pentad rainfall (Psum) between January 1 and December 31 for2412

the two river basins: (a) Ganges, and (b) Brahmaputra–Meghna. The frequency of rainy2413

days increases substantially, and remains high from mid-May until the end of monsoon2414

period (approximately falling on the first week of October). The gradients are estimated2415

by computing the inverse tangent of cumulative sums (P in %) of pentad rainfalls and2416

time (t) as shown in Eqn. 4.1.2417

yi = atan2(Psumi , ti) (4.1)
∆mi = ∇yi, (4.2)

where i = 1, 2, 3, ..., 73 pentad numbers in a year.2418

Based on the gradients calculated in Eqn. 4.2, the onset and withdrawal periods2419

are fixed to the pentads that correspond to the maximum and the minimum slope2420

in Fig. 4.3c–d, respectively. As shown in Fig. 4.3, the onset (withdrawal) timings of2421

Brahmaputra–Meghna River Basin falls approximately on pentad 30 or 29th of May2422

(pentad 57 or 11th of October) (Fig. 4.3b–d), while the Ganges River Basin has a2423

shorter period of monsoon by about 3–4 weeks (see Fig. 4.3a and 4.3c–d). The results2424

are consistent with the overall rainfall climatology for the two river basins and other2425

published sources (e.g., Rao, 1976, Krishnamurthy and Kinter III, 2003, Lucas-Picher2426

et al., 2011). It can be also seen that APHRODITE and TMPAv7 are consistent in2427

showing the onset and withdrawal timings of the Indian monsoon. The pentad numbers2428

differ by one or two based on how it is being calculated. The example shown here is2429

calculated based on the basin-averaged daily precipitation climatology.2430

4.5 Results2431

4.5.1 Seasonal precipitation and temperature mean climatology2432

In order to understand the basic climate characteristics over the model domain, the2433

spatial distirbution of mean winter (December–February, DJF) and summer monsoon2434
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Figure 4.3: Cumulative sums of 5-day average precipitation (in %) based on APHRODITE
(red) and TMPAv7 (blue) for (a)Ganges and (b) Brahmaputra–Meghna River Basins indicating
their respective mean onset and retreat dates for the period 1998–2007. Gradients derived from
(a & b) are shown in (c & d), respectively. The maxima and minima corresponds to the onset
and withdrawal period of the Indian monsoon. A low-pass filter of approximately 30 days is
applied to the pentad rainfall.

(June–September, JJAS) precipitation (1998–2012) and temperature (1982–2012) de-2435

rived from various observations and reanalysis products are shown in Figure 4.4. The2436

wintertime precipitation is mainly influenced by extra-tropical stroms, otherwise known2437

as the Western Disturbances originating from the Mediterranean (Lang and Barros,2438

2004, Dimri et al., 2015). These extra-tropical westerlies carry moisture over the west-2439

ern Himalayan regions, and frequently move further east towards the Gangetic Plains2440

and are ultimately precipitated in the form of snow and rain (Fig. 4.4a–c). As a result,2441

strong precipitation patterns are evident along the western Himalayas (covering north-2442

ern Pakistan and India, and Nepal) and northeast Indian states of Arunachal Pradesh2443

(located in the eastern Himalayas). The westerlies at 850 hPa pressure level shown in2444

Fig. 4.4c appears to gain strength over the Ganges River Basin and turn southerly to-2445
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wards the Bay of Bengal or notheasterly towards the Brahmaputra River Basin. Note2446

that all three precipitation datasets (TMPAv7, GPCCv7, and ERA-Interim) tend to2447

agree very well in the GBM River Basin (Fig. 4.4a–c).2448
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Figure 4.4: (a–f) DJF and (g-l) JJAS precipitation and temperature climatology based on
observed and reanalysis dataset. Mean precipitation is computed from TMPAv7, GPCCv7,
and ERA-Interim between 1998 and 2012, and mean DJF temperature is computed from
CRU_TS3.22, MERRA, and ERA-Interim for the period 1982–2012.

Based on the CRU_TS3.22 dataset, the mean DJF temperature varies from high2449

(∼20◦C) over Bangladesh to low (∼-10◦C) in the Himalayas (especially, at the origin2450

of Brahmaputra River), with very sharp changes along the Himalayan Foothills (Fig.2451

4.4d). The Himalayas have a profound effect on the climate of the southern plains2452

by blocking the freezing dry Artic winds. While MERRA appears to be particularly2453

skilful in reproducing the spatial temperature pattern (Fig. 4.4e), ERA-Interim indicates2454

substantial warm bias in the GBM River Basin (Fig. 4.4f), and are consistent with the2455

results presented in Khandu et al. (2016c).2456
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Although the Indian monsoon contributes to about 60–90% of the annual total pre-2457

cipitation in the GBM River Basin, the spatial distribution of precipitation is highly2458

influenced by the local topographic regimes as shown in Fig. 4.4g–i. In the GBM River2459

Basin, the Himalayas form the final barrier of the monsoon flow resulting in record2460

orographic rainfalls along its foothills, particularly across northeast India, Bhutan, and2461

eastern Nepal. For example, Cherrapunji in Meghalaya (northeast India) receives one of2462

the highest annual precipitation (∼10,824 mm) followed by southwest of Bhutan (4,000–2463

6,000 mm) and Darjeeling (2,000–4,000 mm) (Soja and Starkel, 2007, Galvin, 2008). The2464

Indian monsoon also undergoes seasonal changes in response to slow variations of the2465

equatorial Indian Ocean and the equatorial Pacific Ocean that drive large-scale climate2466

variations (e.g., ENSO and IOD). However, influences from ENSO and IOD events are2467

considered to be relatively low (about 10–20%) compared to the overall JJAS rain-2468

fall variation (Krishnamurthy and Kinter III, 2003, Ashok and Saji, 2007). During the2469

monsoon, majority of the GBM River Basin experiences considerably high tempera-2470

ture, including the Himalayan Range (∼8–10◦C, Fig. 4.4j–l). These patterns are well2471

depicted by both MERRA and ERA-Interim (Fig. 4.4k–l), although ERA-Interim tend2472

to indicate a significantly higher temperature in the Ganges River Basin (see, Table2473

4.3).2474

In order to assess the mean seasonal skills of the two RCMs, the simulated pre-2475

cipitation and temperature datasets are compared with daily TMPAv7 precipitation2476

estimates (1998–2012) and monthly CRU_TS3.22 temperature datasets (1982–2012).2477

Fig. 4.5 shows the spatial patterns of precipitation and temperature biases of various2478

RCM simulations in the GBM River Basin for the DJF. The 850 hPa level wind differ-2479

ences between various RCM simulations and those of ERA-Interim fields are overlayed2480

to understand their role in simulating precipitation. During winter, all RCM simula-2481

tions overestimate precipitation in the eastern and western Himalayas by about 5–102482

mm day−1, potentially due to slightly stronger westerlies in the RCM simulations (Fig.2483

4.5a–d). While the bias patterns are similar across all the model simulations, the MPI-2484

ESM-MR driven RegCM4.4 and QUMP driven PRECIS simulation tends to show the2485

largest wet bias (Fig. 4.5c–d). Table 4.3 presents a summary of mean seasonal bias for2486

the two river basins, where the magnitude of bias is higher in the Brahmaputra–Meghna2487

River Basin.2488

As shown in Fig. 4.5e–h, all RCM simulations show very cold bias in the Himalayas2489

and the Tibetan Plateau, and warm bias in the Gangetic Plains. Although the magnitude2490

of cold bias in the Himalayas is relatively small in the perfect boundary case (RegCM4.42491

driven by ERA-Interim), it shows a substantially warmer temperature in the central2492

Ganges River Basin (Fig. 4.5e). The two CMIP5 driven RegCM4.4 simulations indicate2493

significant cold bias in the Himalayas and Tibetan Plateau, with very minimal warm2494

bias in the Ganges River Basin (Fig. 4.5f–g). The QUMP driven PRECIS simulations,2495

on the other hand, exhibit a much reduced temperature bias across the Himalayan2496

Range (Fig. 4.5h), although the warm bias in the Ganges River Basin vary among2497

the six members. In summary, both reanalysis-based temperature products and RCM2498

simulations show considerable bias in the GBM River Basin, with a relatively high cold2499

bias in the northern Brahmaputra–Meghna River Basin. The magnitude of bias in the2500

Brahmaputra–Meghna River Basin ranges from -2.7◦C in the PRECIS simulations to2501
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Figure 4.5: (a–d)Mean precipitation (as well as 850 hPa circulation) bias during DJF between
various RCM simulations and TMPAv7 (and ERA-Interim) for the period 1998–2012. The
corresponding temperature biases with respect to CRU_TS3.22 for the period 1982–2012 are
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Table 4.3: Mean biases in DJF and JJAS precipitation (1998–2012) and temperature (1982–
2012) between various RCM simulations and TMPAv7 precipitation and CRU_TS3.22 temper-
ature datasets for the Ganges and Brahmaputra–Meghna River Basins

Rainfall Data DJF [% (◦C)] JJAS [% (◦C)]
[1998-2012] Ganges Brahmaputra–Meghna Ganges Brahmaputra–Meghna
MERRA (0.8) (-1.1) (0.5) (-0.4)
ERA-Interim -25 (4.3) 25 (3.6) -38 (1.2) -38 (0.9)
RegCM4.4-ERAI 75 (1.8) 125 (-2.3) 27 (0.3) 33 (-1.4)
RegCM4.4-GFDL-ESM 75 (-2.4) 75 (-6) 27 (-1.2) 5 (-3)
RegCM4.4-MPI-ESM-MR 250 (-1.2) 250 (-4.7) 25 (-1) 5 (-2.4)
PRECIS-HadCM3Q0 100 (-1.9) 275 (-3.4) -8 (-0.4) 10 (-0.9)
PRECIS-HadCM3Q9 100 (-0.9) 275 (-2.8) -4 (0.2) 24 (-0.5)
PRECIS-HadCM3Q10 50 (-0.7) 225 (-2.1) -9 (0.7) 19 (-0.4)
PRECIS-HadCM3Q14 175 (-1.6) 300 (-2.8) -1 (0.2) 15 (-0.2)
PRECIS-HadCM3Q15 250 (-1.5) 350 (-3.2) -10 (0.4) 9 (-0.3)
PRECIS-HadCM3Q16 50 (0.2) 325 (-1.7) -11 (1.6) 18 (0.3)
PRECIS-ENSEMBLE 121 (-1.1) 292 (-2.7) -7 (0.5) 16 (-0.3)

-6.0◦C in the CMIP5 driven RegCM4.4 simulations (Table 4.3). It should be indicated2502

that besides precipitation, the choice of land surface model also affects the surface air2503

temperature variatons. For instance, Tiwari et al. (2015), in their RegCM4 sensitivity2504

experiment, indicated that the Community Land Model (CLM, Oleson et al., 2013)2505

with better representation of soil and vegetation layers show improved temperature2506

simulation during winter. However, it is also seen that CMIP5 models are generally2507

colder over the Himalayan region (see, Su et al., 2012, Sengupta and Rajeevan, 2013).2508

Figure 4.6 shows the mean bias for summer monsoon precipitation (and its associated2509

850 hPa level circulation) between various RCM simulations and TMPAv7 (and ERA-2510

Interim) over the period 1998–2012. It is observed that although RCM simulations are2511

able to fairly reproduce the observed spatial patterns of the Indian monsoon rainfall and2512

local circulation features, they exhibit significant wet bias along the Himalayan Range2513

(Fig. 4.6a–d), with a magnitude of about 20 mm day−1 across eastern Nepal, Bhutan,2514

and northern parts of Arunachal Pradesh (northeast India) in the ERA-Interim driven2515

simulation (Fig. 4.6a). As such, most RCMs still fail to properly simulate the orographic2516

precipitation features along the Himalayan Foothills, in particular, the RegCM4.4 sim-2517

ulations tend to underestimate the monsoon circulation features over the Bay of Bengal2518

(shown as easterlies in the 850 hPa level wind differences in Fig. 4.6a–d), leading to2519

anomalously low precipitation over the sea and Bangladesh. While the PRECIS QUMP2520

ensemble mean shown in Fig. 4.6d indicates relatively lower precipitation bias across2521

the Ganges River Basin compared to RegCM4.4 simulations, they still fail to represent2522

the low orographic features of the Meghalayan Plateau. In general, RegCM4.4 simulates2523

higher precipitation (by ∼25%) in the Ganges River Basin, whereas PRECIS simula-2524

tions show higher precipitation (by ∼16%) in the Brahmaputra–Meghna River Basin2525

(Table 4.3).2526

All RCM simulations exhibits cold bias across the Himalayan region (i.e., in the2527

northern Brahmaputra River Basin) during the Indian monsoon season as shown in2528

Fig. 4.6e–h. However, there are important differences in the low altitude areas, with2529

warm biases in the perfect boundary case (RegCM4.4 driven by ERA-Interim, Fig.2530
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Figure 4.6: (a–d) Mean precipitation (as well as 850 hPa circulation) bias during JJAS be-
tween various RCM simulations and TMPAv7 (and ERA-Interim) for the period 1998–2012.
The corresponding temperature biases with respect to CRU_TS3.22 for the period 1982–2012
are shown from (e–h). Note that the 850 hPa wind differences are plotted as vectors.

4.6e) and PRECIS simulations and cold bias in the CMIP5 driven RegCM4.4 simula-2531

tions (Fig. 4.6f–g). Overall, the CMIP5 driven simulations indicate a cold bias of about2532

1.0◦C, whereas the PRECIS simulations exhibit a warm bias of 0.5◦C in the Ganges2533

River Basin when compared to CRU_TS3.22 (Table 4.3). The better results shown2534

by PRECIS simulations could be due to the use of flux adjustments in QUMP GCMs2535

(McSweeney et al., 2012). The PRECIS model itself has a deeper (2 m) land surface2536

model and a higher capacity of water storage to moderate evaporation and latent heat2537

(Cox et al., 1999). Warmer temperatures over northern India (including Ganges River2538
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Basin) has been attributed to excessive soil moisture drying and omission of the impact2539

of irrigation (Saeed et al., 2009, Tiwari et al., 2015). Saeed et al. (2009) showed that2540

proper representation of irrigation in RCMs can potentially cool surface temperatures2541

by up to 5◦C.2542

4.5.2 Annual Cycles of precipitation and temperature2543

Figure 4.7 presents the basin-averaged annual cycle of precipitation (1998–2012) and2544

temperature (1982–2012) for the Ganges and Brahmaputra–Meghna River Basin. The2545

two river basins have very similar annual cycle of precipitation, indicating maximum2546

precipitation in July (∼10.5 mm day−1) and minimum in December (near zero). The2547

precipitation in the Ganges River Basin rise sharply from May–July and reduces sharply2548

from September–October (Fig. 4.7a), while differences in June–August precipitation are2549

smaller for the Brahmaputra–Meghna River Basin (Fig. 4.7b) compared to the Ganges2550

River Basin. RegCM4.4 simulations exhibit substantially higher precipitation (by about2551

2 mm day−1 from April–June in the Ganges River Basin compared to the observed2552

products (i.e., TMPAv7 and GPCCv7) (Fig. 4.7a), while QUMP PPE members indicate2553

a similar pattern in the Brahmaputra–Meghna River Basin (Fig. 4.7b). Interestingly, the2554

QUMP PPE members indicate the peak rainfall in June in the Brahmaputra–Meghna2555

River Basin, while ERA-Interim driven RegCM4.4 simulation exhibits anomalously high2556

peak monsoon rainfall (by about 4 mm day−1) in the same river basin.2557

Compared to precipitation, climate models are generally able to better simulate the2558

annual cycle of temperature, which has been intensively discussed in successive IPCC re-2559

ports (see, IPCC, 2007, 2013). Here, it is observed that QUMP PPE members generally2560

exhibit a significantly higher temperature in spring (April–May) in the Ganges River2561

Basin compared to both observed CRU_TS3.22 and RegCM4.4 simulations, although2562

their temporal patterns agree very well with the corresponding observed patterns (Fig.2563

4.7c). In the Brahmaputra–Meghna River Basin however, the temperature pattern is2564

reversed whereby CMIP5-driven RegCM4.4 simulations tend to exhibit cold bias, while2565

QUMP PPE members mainly differ in the winter months. Note that, HadCM3Q16 has2566

a larger warm bias compared to the rest of QUMP members. Figure 4.7e–f shows the2567

spatially averaged mean annual cycle of lower (at 850 hPa) and higher (at 200 hPa)2568

tropospheric zonal (u) wind components, respectively, over land-only over the RCM do-2569

main. It is observed that all RCM simulations tend to provide very good representation2570

of the key large-scale characteristics of tropospheric flow and do not deviate significantly2571

from the parent GCMs (e.g., ERA-Interim). However, there are small differences at 8502572

hPa level circulation, which may potentially impact large-scale precipitation over the2573

Indian monsoon region.2574

4.5.3 Onset and withdrawal of monsoon2575

Precipitation and temperature biases, as well as differences in magnitude and direction2576

of monsoon flow may affect the onset/withdrawal timing of the Indian monsoon. It2577
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Figure 4.7: The annual cycle of precipitation and temperature based on observations, reanalysis
products, and various RCM simulations spatially averaged over the Ganges and Brahmaputra–
Meghna River Basins. Mean annual cycle of (a & b) precipitation over the period 1998–2012
and (c & d) temperature over the period 1982-2012. The annual cycle of low level (850 hPa
level) and mid-level (200 hPa level) zonal winds shown in (e & f) are computed over land-only
for the RegCM4.4 domain.

is seen from Fig. 4.3 that the resulting onset/withdrawal periods from TMPAv7 and2578

APHRODITE datasets match very well over the GBM River Basin, and thus, only TM-2579

PAv7 products are shown here for comparison. Using the method described in Section2580

4.4.2, the onset and withdrawal periods are derived from daily precipitation climatology2581
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(1998–2012) computed from TMPAv7, ERA-Interim, and the RCM simulations and are2582

shown in Fig. 4.8.The mean May–June (corresponding to the onset period) 850 hPa2583

level wind vectors from ERA-Interim and various RCM simulations are also shown. In2584

the RCM domain shown in Fig. 4.8, the monsoon rainfall is first experienced by the2585

coastal regions of Myanmar at around pentad 29–30 (towards the end of May) with the2586

deepening of moist southwesterlies over northern India. Based on the TMPVv7 product2587

(Fig. 4.8a), parts of Assam (northeast India) and few areas across Bangladesh receives2588

earlier monsoon rainfall (at around pentad 30) than the rest of the GBM River Basin.2589

The monsoon onset is estimated at pentad 32 along the Himalayan Foothills, which2590

stretches from northeast India to western Nepal, whereas much of the Gangetic Plains2591

and the northern Brahmaputra River Basin indicate a late monsoon arrival (between2592

pentad 35–36 based on the TMPAv7 product). On average, the monsoon onset is es-2593

timated at pentad 34 and 33 for the Ganges and Brahmaputra–Meghna River Basins2594

(see, Table 4.4), which falls between the second and third week of June.2595

The ERA-Interim precipitation dataset indicates a very similar spatial pattern of2596

monsoon onset in the GBM River Basin, although with a slightly earlier arrival on2597

monsoon rainfall (i.e., pentad 33 and 31 in the Ganges and Brahmaputra–Meghna River2598

Basin, respectively) as indicated in Fig. 4.8b and Table 4.4. The corresponding mean2599

May–June 850 hPa level circulation patterns show intensification of southwesterlies over2600

the Bay of Bengal, Bangladesh, and the western Ganges River Basin, that ultimately2601

turn northwards and drastically loses their strength over the Himalayan Range (Fig.2602

4.8b). The RegCM4.4 simulations tend to show early (late) onset of the monsoon across2603

the Ganges (Brahmaputra–Meghna) River Basin, which may be associated with wet and2604

dry biases in the river basins (see, Fig. 4.6c–e). Overall, the estimated monsoon onset2605

is found to be around pentad 33 in the CMIP5 driven simulations for the Ganges and2606

Brahmaputra–Meghna River Basins (Table 4.4). Additionally, all RegCM4.4 simulations2607

exhibit a much delayed monsoon onset over Bay of Bengal and are associated with earlier2608

onset over Bangladesh and southern parts of Nepal, which may be attributed to a general2609

under-representation of low level circulation features across the region.2610

The spatial patterns of onset periods and 850 hPa level circulation patterns shown2611

by QUMP driven PRECIS simulations (Fig. 4.8f) tend to match fairly well with TM-2612

PAv7 and ERA-Interim datasets, albeit with a slightly earlier (latter) onset in the2613

Brahmaputra–Meghna (pentad 32) and the Ganges (pentad 35) River Basin (see, Table2614

4.4). The onset patterns are highly varied among the individual QUMP outputs with2615

some members (e.g., HadCM3Q10 and HadCM3Q16) depicting substantially delayed2616

monsoon (by about 3 weeks) in the western Ganges River Basin, while most members2617

(HadCM3Q9, HadCM3Q10, HadCM3Q14, and HadCM3Q16) simulate early onset over2618

the Brahmaputra–Meghna River Basin.2619

The monsoon rainfall gradually starts to retreat by the second week of September2620

(at about pentad 50) starting from the western Ganges River Basin, with the weakening2621

of the southwesterlies as indicated in Fig. 4.8g–l. Bangladesh, northeast India, parts of2622

eastern Bhutan experience a extended period of monsoon rainfall compared to the rest2623

of the GBM River Basin (Fig. 4.8g), and sees a complete withdrawal of monsoon by the2624

end of October (at around pentad 60). Other regions such as central Myanmar, southern2625
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Figure 4.8: Spatial patterns of pentad number representing the onset and withdrawal of the
Indian monsoon. These pentads are derived from daily precipitation datasets from TMPAv7,
ERA-Interim, and simulated RCM outputs for the period 1998–2012. The May-June mean 850
hPa level circulation patterns are plotted to indicate the monsoon flow during the onset period.

India, and the Bay of Bengal also indicate a late monsoon withdrawal, which are worth2626

discussing here. The mean September–October 850 hPa level circulation patterns shown2627

by ERA-Interim in Fig. 4.8h indicates a substantial change in magnitude and direction2628

of the monsoon, especially over western India where it finally forms a cyclonic zone over2629

the Bay of Bengal. It is understood that the reversal of monsoon circulation leads to2630

frequent cyclones in the Bay of Bengal and the Andaman Sea during the early months of2631

October (see, https://www.st-andrews.ac.uk/~dib2/asia/monsoon.html). However,2632

it is observed that the southwesterlies still remain very strong over Bangladesh and2633

northeast India, which are consistent with the delayed monsoon withdrawal in the region.2634

Another important observation in ERA-Interim is the development of strong low level2635

https://www.st-andrews.ac.uk/~dib2/asia/monsoon.html
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westerlies over the Tibetan Plateau from September–October, which may be responsible2636

for excess precipitation amounts over southern China.2637

Table 4.4: Pentad numbers representing the onset and withdrawal of the Indian monsoon based
on observed datasets and various RCM simulations over the period 1998–2012.

Rainfall data
Onset period Withdrawal period

Ganges Brahmaputra–Meghna Ganges Brahmaputra–Meghna
Pentad number Pentad number Pentad number Pentad number

APHRODITE [1982–2007] 35 32 53 55
TMPAv7 [1998–2012] 34 33 53 55
ERA-Interim [1998–2012] 33 31 54 55
RegCM4.4-ERAI [1998–2012] 33 33 54 55
RegCM4.4-GFDL-ESM [1998–2012] 33 34 56 55
RegCM4.4-MPI-ESM-MR [1998–2012] 32 32 56 57
PRECIS-HadCM3Q0 [1998–2012] 34 31 54 56
PRECIS-HadCM3Q9 [1998–2012] 34 30 53 55
PRECIS-HadCM3Q10 [1998–2012] 34 31 54 55
PRECIS-HadCM3Q14 [1998–2012] 33 30 54 56
PRECIS-HadCM3Q15 [1998–2012] 34 32 52 55
PRECIS-HadCM3Q16 [1998–2012] 35 32 53 55

While the ERA-Interim driven simulation seems to reasonably reproduce the spatial2638

patterns of monsoon withdrawal across the GBM River Basin (Fig. 4.8i), the CMIP52639

driven outputs are not very skillful in reproducing the observed withdrawal features (Fig.2640

4.8j–k) and are associated with strong westerlies in the Tibetan region. The GFDL-2641

ESM driven simulation in particular, fail to capture the withdrawal timings across2642

Bangladesh, Myanmar, and the Bay of Bengal (Fig. 4.8k), which could be related to2643

their underestimation of monsoon flow over the region (see, Fig. 4.7e–f). In general, the2644

CMIP5 driven simulations exhibit a delayed monsoon withdrawal by about 2–3 weeks2645

time in both the river basins (see, Table 4.4). Similar to the onset results, the PRECIS2646

outputs vary considerably among the six QUMP members (see, Table 4.4), especially2647

across the western Ganges River Basin. But their ensemble mean appears to provide2648

a fair representation of the withdrawal pattern (Fig. 4.8l), and its spatially averaged2649

results are very much consistent with the observed TMPAv7 estimates (see, Table 4.4).2650

It should be noted however that, PRECIS simulations tend to overestimate the strong2651

cyclonic features in the Bay of Bengal, when compared to ERA-Interim datasets. The2652

differences between RCM simulations and TMPAv7 are within one to three pentads over2653

the GBM River Basin, which could be useful for investigating future changes in onset2654

and withdrawal of the Indian monsoon.2655

4.5.4 Trends and interannual variations in precipitation and temper-2656

ature2657

The second half of the 20th century saw a period of unprecedented increase in GHG and2658

aerosol concentrations, leading to increased surface and tropospheric warming across the2659

globe (IPCC, 2007, 2013). While global warming is expected to produce more rainfall2660

over the Indian monsoon region (Kumar et al., 2006, Kripalani et al., 2007), the monsoon2661

rainfall is considered to be decreasing in the recent decades, likely attributed to increas-2662

ing aerosol affects (Ramanathan et al., 2005, Chung and Ramanathan, 2006). The rain-2663

fall decrease is found to be particularly significant over the Brahmaputra–Meghna River2664
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Basin since 1998 (Khandu et al., 2016c). By improving the representation of aerosol and2665

biogeochemistry components in climate model’s (both GCMs and RCMs), their poten-2666

tial to simulate such affects are likely to improve. The models ability to simulate regional2667

climate trends and changes in response to either external forcings or interdecadal vari-2668

ability modes provides additional confidence in their future climate projections. In this2669

section, the RCM simulations of precipitation (1998–2012) and temperature (1982–2012)2670

are evaluated for their seasonal (DJF and JJAS) trends and interannual variations.2671

Figure 4.9 shows the spatially averaged DJF and JJAS precipitation anomalies (in2672

mm/month) derived from TMPAv7 and various RCM simulations in the Ganges and2673

Brahmaputra–Meghna for the period 1998–2012. The seasonal precipitation anomalies2674

show substantial interannual variations over the last 15-year period (1998–2012). For2675

instance, the DJF precipitation exhibits high interannual variability from 2000 to 20072676

in the Ganges River Basin, whereas the Brahmaputra–Meghna River Basin has experi-2677

enced increased precipitation variations between 2006 and 2010 (Fig. 4.9a–b). Similar2678

temporal patterns are found during the Indian monsoon season, but with a much higher2679

amplitude. In particular, the Ganges River Basin has seen a sharp increase in monsoon2680

rainfall in 2011 (Fig. 4.9a), which is not observed in the Brahmaputra–Meghna River2681

Basin (see, Fig. 4.9b). These anomalous variations are likely associated with large-scale2682

ocean-atmospheric fluctuations such as ENSO and IOD, which have been shown to have2683

varying impacts on rainfall anomalies in the Ganges and Brahmaputra–Meghna River2684

Basin (e.g., Pervez and Henebry, 2015, Khandu et al., 2016c). For example, the large2685

negative JJAS precipitation anomaly in the Brahmaputra–Meghna River Basin in 20062686

had a strong influence from a negative IOD mode (Fig. 4.9d), while ENSO is shown to2687

have a larger impact on precipitation in the Ganges River Basin, with strong negative2688

anomalies in 2002, 2009, and 2011 (Fig. 4.9c).2689
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Figure 4.9: Monthly precipitation anomalies (1998–2012) for the GBM River Basin based on
observed datasets, ERA-Interim, and RCM simulations. (a & c) DJF and JJAS precipitation
anomalies for the Ganges River Basin, and (b & d) DJF and JJAS precipitation anomalies for
the Brahmaputra–Meghna River Basin.

The RCM simulations are able to reproduce the high interannual variations in the2690

two river basins, but tend to either miss or underestimate the ENSO and IOD induced2691
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variations, especially during the monsoon season (Fig. 4.9a–d). Compared to the GCM2692

driven outputs, the ERA-Interim driven simulation shows a much improved represen-2693

tation of seasonal precipitation anomalies in the GBM River Basin, although there are2694

large differences, especially between 1998 and 2004 in the Brahmaputra–Meghna River2695

Basin (Fig. 4.9d). As a result, it is shown to have a higher correlation (i.e., 0.6) for both2696

seasons with TMPAv7 precipitation anomalies. This indicates that regional climate re-2697

sponses are well reproduced by RCMs when forced by perfect boundary conditions (e.g.,2698

ERA-Interim and observed SSTs). Among the GCM driven outputs, the MPI-ESM-2699

MR-driven simulation appears to be closer to TMPAv7 datasets, while QUMP driven2700

PRECIS simulations indicate a poor representation of seasonal variation, likely due to2701

their inability to simulate the changing phase of ENSO and IOD. In terms of the precip-2702

itation trend, RCMs (particularly, RegCM4.4 simulations) tend to exhibit a decreased2703

monsoon rainfall in both river basins, particularly in the Brahmaputra–Meghna River2704

Basin, which are in agreement with the observed trends (see, Khandu et al., 2016c).2705

Figure 4.10 shows the spatially averaged DJF and JJAS temperature anomalies based2706

on CRU_TS3.22, ERA-Interim, MERRA, and RCM simulations for the two river basins2707

for the period 1982–2012. The corresponding temperature trends are presented in Ta-2708

ble 4.5. In general, all the datasets indicate a positive temperature trend in the GBM2709

River Basin for both the seasons from 1982–2012. The temperature variations (both2710

observed and RegCM4.4 simulations) are well within one standard deviation of six2711

QUMP members. The largest temperature variations are seen during the winter period2712

(Fig. 4.10a–b), whereas lowest variations are seen in the Brahmaputra–Meghna River2713

Basin during the monsoon season, varying by only about 0.5◦C. The surface tempera-2714

ture over the GBM River Basin has increased considerably over the past three decades2715

and the Brahmaputra–Meghna River Basin has warmed more than the Ganges River2716

Basin (Table 4.5). Note that ERA-Interim and MERRA indicates reduced temperature2717

trends during JJAS in the Ganges River Basin, which are not consistent with the ob-2718

served CRU_TS3.22 dataset (Fig. 4.10c–d). The observed DJF and JJAS temperature2719

trends are reproduced by most of the RCM simulations (see, Table 4.5). Similarly, using2720

RegCM3 (Pal, 2007) with boundary conditions from CMIP3 GCMs, Dash et al. (2012)2721

found increasing temperature trends over northeast India between 1975 and 2005.2722

In order to assess the impacts of SST variations on surface temperatures over the2723

GBM River Basin, the temperature anomalies from Fig. 4.9 are correlated with observed2724

SST anomalies (obtained from the UK Met Centre, http://www.metoffice.gov.uk/2725

hadobs/hadisst/) for the period 1982–2012. The DJF and JJAS SST anomalies (50◦S–2726

50◦N) are first decomposed into two major leading modes of variability by applying the2727

PCA decomposition technique (see, Preisendorfer, 1988). Figure 4.11 shows the spatial2728

patterns (or EOFs) and temporal components (PCs) of the first two leading modes of2729

variability, which explains about 50% of the variations. The first mode (Fig. 4.11a &2730

c) shows the familiar features of ENSO mode, with strong (positive) SST anomalies2731

over the equatorial Pacific Ocean during both the seasons. The second mode appears to2732

indicate a bipolar pattern with positive (negative) anomalies in the northern (southern)2733

hemisphere during winter (Fig. 4.11b), and strong positive anomalies east of the Niño3.42734

region (Fig. 4.11d).2735

http://www.metoffice.gov.uk/hadobs/hadisst/
http://www.metoffice.gov.uk/hadobs/hadisst/
http://www.metoffice.gov.uk/hadobs/hadisst/
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Table 4.5: DJF and JJAS temperature trends (in ◦C/decade) estimated from observed, reanal-
yses, and RCM simulated temperature datasets for the Ganges and Brahmaputra–Meghna River
Basins from 1982–2012. The trend values significant at 95% confidence level are highlighted in
bold.

Temperature data DJF temperature trend [◦C/dec] JJAS temperature trend [◦C/dec]

Ganges Brahmaputra–
Meghna Ganges Brahmaputra–

Meghna
CRU_TS3.22 0.28 0.53 0.17 0.31
MERRA 0.07 0.40 -0.31 0.22
ERA-Interim 0.20 0.29 -0.08 0.07
RegCM4-ERA-Interim 0.30 0.25 0.02 0.06
RegCM-GFDL-ESM 0.40 0.21 0.28 0.30
RegCM4-MPI-ESM-
MR 0.30 0.53 0.17 0.24

PRECIS [ensemble] 0.28 0.40 0.34 0.33
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Figure 4.10: Basin-averaged temperature anomalies (1982–2012) for the GBM River Basin
based on observed datasets, MERRA, ERA-Interim, and RCM simulations. (a & c) DJF
and JJAS temperature anomalies for the Ganges River Basin, and (b & d) DJF and JJAS
temperature anomalies for the Brahmaputra–Meghna River Basin.

Accordingly, the leading temporal patterns in Fig. 4.11e & g resembles the ENSO2736

index (represented by SST variations in the Niño3.4 region), while the second mode2737

(Fig. 4.11f & h) largely depicts a trend-like pattern, which is found to be statistically2738

significant (at 95% confidence level) for the monsoon season (Fig. 4.11h. Thus, it should2739

be noted here that SST has warmed considerably in the equatorial and northern Indian2740

in JJAS between 1982 and 2012. Roxy et al. (2014) found that western Indian Ocean2741

has experienced anomalous warming of 1.2◦C during the JJAS between 1901 and 2012.2742

Such anomalous warming in the Indian Ocean affects the zonal SST gradients, and has2743

the potential to alter the behaviour of Indian monsoon circulation and rainfall (Turner2744

and Annamalai, 2012, Roxy et al., 2014).2745

The observed surface temperature anomalies in both river basins are found to be2746

significantly correlated with global SST anomalies as shown in Table 4.6. The correlation2747

coefficients are higher especially during the monsoon season over the northern Indian2748
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Figure 4.11: PCA decomposition of the DJF and JJAS global (50◦N–50◦S) SST anomalies.
Spatial patterns (or EOFs) of the first two leading modes of DJF (a & b) and JJAS (c & d)
SST anomalies. The corresponding temporal patterns (or PCs) are shown in (e & f) for DJF
and (g & h) for JJAS.

Table 4.6: Correlation between PC 2 (Fig. 4.11h) and basin-averaged temperature anomalies
of the Ganges and Brahmaputra–Meghna River Basin for the period 1982–2012. The correlation
coefficients presented here are found to be significant at 95% confidence level.

Temperature data Ganges Brahmaputra–Meghna
CRU_TS3.22 0.46 0.60
ERA-Interim 0.32 0.49
MERRA 0.42 0.55
RegCM-ERA-Interim 0.34 0.40
RegCM4-GFDL-ESM 0.30 0.39
MPI-ESM-MR 0.37 0.65
PRECIS (ensemble) 0.43 0.63

Ocean. The surface temperature anomalies are correlated with PC 2 (Fig. 4.11h) of the2749

global SST for the JJAS in order to show how RCMs respond to the warming Indian2750

ocean. The results are presented in Table 4.6. Both CRU_TS3.22 and MERRA indicated2751

very similar magnitude of correlation with SST datasets, both of which are significant2752

at 95% confidence level. Similarly, all RCM simulations exhibit significant correlation2753
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with SST datasets, albeit with varying magnitudes (see, Table 4.6), indicating that the2754

models are able to simulate the response of the warming Indian Ocean. This is consistent2755

with most previous studies of e.g., Chung and Ramanathan (2006), Roxy et al. (2014).2756

Chung and Ramanathan (2006) reported a Indian Ocean warming of about 0.6–0.8◦C2757

since the 1950s, while Roxy et al. (2014) reported an anomalous warming of 1.2◦C since2758

1901.2759

4.6 Concluding remarks2760

High-resolution Regional Climate Models (RCMs), through improved representation of2761

topography and land surface process, has been shown to provide realistic local and re-2762

gional circulation and precipitation features suitable for regional climate impact studies.2763

There is renewed interest in applying RCMs over the Indian sub-continent and the Hi-2764

malayan region, partly driven by the challenges of simulating the Indian monsoon and2765

the strong spatial variability caused by the complex topographic features. In this chap-2766

ter, various RCM outputs simulated by Regional Climate Model version 4.4 (RegCM4.4)2767

and Providing REgional Climate Information for Impact Studies (PRECIS) are eval-2768

uated against observed precipitation and temperature datasets to assess for ability to2769

reproduce the seasonal variations, onset/withdrawal of the Indian monsoon, and long-2770

terms in the Ganges–Brahmaputra–Meghna (GBM) River Basin. The GBM River Basin2771

represents a spatially diverse hydrological regime and is one of the most populated and2772

climate-vulnerable hydrological river basins in the world.2773

RegCM4.4 simulations are carried out over the Indian monsoon region [2◦N–37◦N,2774

61◦E–108◦E] for the period 1982-2012, with boundary conditions from ERA-Interim and2775

two Global Climate Models (GCMs) from the Coupled Model Intercomparsion Project2776

phase 5 (CMIP5), while PRECIS datasets contain six peturbed physics ensemble (PPE)2777

simulations conducted by the UK Met office over the South Asian continent. The results2778

indicated that in general, all RCM simulations sufficiently capture the seasonal spa-2779

tial and temporal distribution of precipitation and temperature across the GBM River2780

Basin. In particular, the high precipitation amounts in the Western Himalayas during2781

December–January (DJF), and along the Himalayan Foothills during June–September2782

(JJAS) or the monsoon season are reproduced reasonably well, with substantial wet bias2783

across these regions. The wet (dry) bias along the Himalayan Foothills (Bay of Bengal)2784

in RegCM4.4 simulations are found to be associated with strong (wet) southwesterlies in2785

RegCM4.4 simulations, whereas PRECIS fails to represent the key orographic features2786

of the Meghalayan Plateau. Overall, GCM-driven RegCM4.4 simulations overestimate2787

monsoon precipitation by about 26% and 5% in the Ganges and Brahmaputra–Meghna2788

River Basin, respectively, while the QUMP driven PRECIS simulations indicate a dry2789

(about 7%) and wet (about 16%) bias for the two river basins.2790

Both RegCM4.4 and PRECIS simulations indicate an intense cold bias (by up to2791

10◦C) in the Himalayas, potentially due to strong northerlies and intense precipitation2792

in the region. The cold bias is generally stronger in the GCM driven RegCM4.4 simu-2793

lations, whereas PRECIS simulations had a similar magnitude of bias to those shown2794
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by ERA-Interim driven RegCM4.4 simulations. The annual cycle of precipitation and2795

temperature are reproduced fairly well by most of the RCM simulations, except that2796

they tend to show high precipitation amounts between April and May in the Ganges2797

(RegCM4.4 simulations) and Brahmaputra–Meghna (PRECIS simulations) River Basin.2798

Accordingly, RegCM4.4 simulations tend to indicate an early Indian monsoon onset in2799

the Ganges River Basin, while PRECIS simulations exhibit a delayed monsoon with-2800

drawal in the Brahmaputra–Meghna River Basin. Despite large spatial variations in2801

onset and withdrawal periods across the GBM River Basin, the basin-averaged results2802

agree reasonably well with the observed timings. Nevertheless, there are substantial dif-2803

ferences in the September–October circulation (at 850 hPa level) patterns corresponding2804

to the withdrawal period over the basin.2805

Although GCM driven simulations are generally poor in representing the interannual2806

variability of precipitation and DJF temperature variations, the ERA-Interim-driven2807

simulations agree well with observed precipitation anomalies, indicating a correlation of2808

about 0.6 in both the river basins. The precipitation variations associated with El Niño2809

Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD) are also well-captured by2810

ERA-Interim driven RegCM4.4 simulation. It is also seen that all GCM driven simula-2811

tions feature significant positive surface temperature trends in the GBM River Basin,2812

which are consistent with the observed temperature trends. The surface warming in the2813

GBM River Basin appears to be partly driven by the warming Indian Ocean, as surface2814

temperature variations show significant correlation with sea surface temperature (SST)2815

anomalies in the equatorial and northern Indian Ocean. GCM-driven simulations are2816

also able to reproduce the correlation results, indicating that regional SST responses2817

are well simulated by the RCMs.2818
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5. Future projection of droughts and2819

wet events2820

5.1 Introductory remarks2821

The ongoing climate change impacts and rapidly increasing population has placed enor-2822

mous pressure on the sustainability of freshwater in the GBM River Basin. Various2823

global, continental, and regional studies have reported that warming over South Asia is2824

likely to be above global average (see, IPCC, 2007, 2012, 2013, and references therein).2825

As climate warms, the AOGCM studies have generally suggested an increase in In-2826

dian monsoon rainfall (Kripalani et al., 2007), which will be further characterized by2827

an increase in frequency and intensity of extreme rainfall events (Seneviratne et al.,2828

2012, Mittal et al., 2014, Whitehead et al., 2015). As such, the IPCC Special Report on2829

Extremes (SREX, IPCC, 2012) noted that flood risk is heavily concentrated in India,2830

Bangladesh, and China, and in particular, flooding in Bangladesh and parts of north2831

and northeastern India, is a normal and frequently recurrent phenomenon. On the other2832

hand, with global warming, there is a potential for more drying that is being fuelled by2833

an increase in potential evapotranspiration. More specifically, climate models suggest2834

strong tendency for wet areas to get wetter and dry areas to become drier (Dai, 2013,2835

Trenberth et al., 2014), even though the IPCC SREX report (IPCC, 2012) has been2836

more cautious on interpreting their long-term observed and projected trends at the re-2837

gional level. While extreme wet conditions can have wide humanitarian impacts (e.g.,2838

mortality, diseases, and homelessness), prolonged dry conditions will lead to droughts2839

and severe water shortages. For a region, that is heavily dependent on rain-fed water2840

supply, prolonged dry spells during the monsoon season will substantially reduce surface2841

and groundwater resources.2842

The GBM River Basin, which is located within the geographical domain of climate2843

extremes, exhibits a broad range of characteristics such as (i) in topography, from the2844

world’s highest mountains to the largest deltas, (ii) in precipitation, from arid to semi-2845

arid areas of western Ganges River Basin to the vast alluvial plains subject to flooding2846

due to intense orographic rains along the Himalayan Foothills, (iii) large snow/glacial2847

areas that are highly vulnerable to warming, and (iv) in population, with over 650 mil-2848

lion people. Many recent studies have indicated that the GBM River Basin has been2849

experiencing significant decline in freshwater availability (surface and groundwater) over2850

the last few decades as a result of a general decline in monsoon rainfall and excessive2851

withdrawal of surface and groundwater to meet it’s increasing socio-economic activi-2852

ties (Tiwari et al., 2009, Shamsudduha et al., 2009a, Papa et al., 2015, Shahid et al.,2853

2015, Khandu et al., 2016b). Except for some isolated areas of glacier stability, the Hi-2854

malayan glaciers are at a rapid decline, directly impacting surface water availability in2855

the downstream areas during winter and spring (Barnett et al., 2005, Bates et al., 2008,2856

Immerzeel et al., 2012, Bajracharya et al., 2015). Several studies have investigated the2857

climate extremes on various spatial domains within the GBM River Basin, specifically2858
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focussing on the Indian monsoon season (e.g., Roy and Balling, 2004, Baidya et al.,2859

2008, Rajeevan et al., 2008, Goswami et al., 2010, Singh and Ranade, 2010, Shahid,2860

2011, Singh et al., 2014, Vinnarasi and Dhanya, 2016, among others). In particular,2861

Goswami et al. (2010) found that the heavy rainfall events have largely declined in the2862

Brahmaputra–Meghna River Basin (particulary in northeast Inda) between 1975 and2863

2006, while Vinnarasi and Dhanya (2016) also reported a significant reduction of wet2864

spells during the monsoon over major parts of the GBM River Basin based on 113 years2865

of high-resolution observed daily rainfall data. These studies suggest that is an appar-2866

ent shift in the monsoon rainfall distribution with wet regions becoming drier and dry2867

regions becoming wetter, contrary to most climate model projections.2868

Based on the projected increase in rainfall simulated by CMIP5 (Taylor et al., 2012)2869

GCMs, Masood et al. (2015) estimated an increased runoff by about 16%, 33%, and2870

39.7% in the Ganges, Brahmaputra, and Meghna River Basins, respectively, by 21002871

(2075–2099) compared to the base period 1979–2003. Like many GCM projections,2872

regional climate models based on CMIP3 GCMs also project an increase in Indian2873

monsoon rainfall with potential for more floods (e.g., Kumar et al., 2006, Ahmed and2874

Suphachalasai, 2014, Mittal et al., 2014, Whitehead et al., 2015). Large-scale water2875

transfers in the upstreams of the GBM river system may have the potential to reduce2876

flows further downstream, which will enhance salt water intrusion, reduce water supply2877

and agricultural yields, and affect other crucial ecosystems in the delta region. De-2878

spite projections of increased rainfall, the Indian monsoon is found to be weakening2879

in response to the warming Indian Ocean (Chung and Ramanathan, 2006, Rao et al.,2880

2008, Roxy et al., 2014) and radiative cooling effects from the increasing aerosol con-2881

centrations over South Asia (Ramanathan et al., 2005, Lau et al., 2009). Under current2882

projections, this weakening response is likely to continue for the next two decades, which2883

will inevitably be associated with more dry conditions. Prolonged dry conditions due2884

to insufficient precipitation and/or high evapotranspiration can lead to meteorological2885

droughts, which may result in severe water scarcity under the current trend of over-2886

exploitation of water resources. Regional climate models (RCMs) predict an increase2887

in duration and intensity of droughts, particularly in the arid and semi-arid areas of2888

Bangladesh and India (Ahmed and Suphachalasai, 2014). Regional models also project2889

a decrease (or drying) in stream flow that currently have low stream flows, potentially2890

causing extended hydrological drought conditions (e.g., Ahmed and Suphachalasai, 2014,2891

Whitehead et al., 2015).2892

Although many studies have examined the various characteristics of extreme wet2893

and dry conditions (in terms of past and future variations of intensity, spell, onset,2894

withdrawal, etc.) based on observed and modelled precipitation, the general conclusions2895

drawn from the studies are often contradictory and not coherent enough for put them2896

into policy decisions in managing the transboundary water management. Considering2897

the spatial variability of precipitation and its associated extremes, the lack of adequate2898

in-situ gauge networks and substantial model uncertainties resulting from inaccurate2899

representation of orographic precipitation patterns along the Himalayas, can have con-2900

siderable impact on the results. On the other hand, most studies focus exclusively on the2901

wet and dry spells during the Indian monsoon season. Given the general nature of the2902

GBM River Basin and increasing societal demands for more freshwater resources, it is2903



98 5. Future projection of droughts and wet events

crucial to highlight the important characteristics of extreme wet and dry conditions and2904

their expected probability of occurrences (in terms of return periods) for the remaining2905

21st century. Therefore, this chapter will primarily focus on examining the probability of2906

occurrences of extreme wet and dry events using simulated monthly precipitation data2907

from two RCMs: (i) RegCM4.4 (Giorgi et al., 2012) and PRECIS (Jones et al., 2004)2908

driven by coarse scale GCMs and an ensemble of eight CMIP5 GCMs under various2909

warming and socio-economic scenarios in the GBM River Basin.2910

The characteristics of extremes are usually derived from standardized anomalies of,2911

for example precipitation time-series (either based on daily or monthly), with a statis-2912

tically sound threshold value (e.g., based on percentiles). Most studies have adopted a2913

specific threshold value to identify extreme precipitation events (e.g., Goswami et al.,2914

2006, Klein Tank et al., 2006, Baidya et al., 2008, Rajeevan et al., 2008, Shahid, 2011)2915

following the recommendations of Expert Team on Climate Change Detection and In-2916

dices (ETCCDI) of the World Climate Research Programme (WCRP), while others2917

determine the length of wet and dry spells of the Indian monsoon season to study the2918

changes in extreme wet and dry spells (e.g., Singh and Ranade, 2010, Singh et al.,2919

2014, Vinnarasi and Dhanya, 2016). Standardized indices developed from monthly pre-2920

cipitation time-series and/or water storage components (such soil moisture, runoff, and2921

TWS) are most commonly used to relate the impacts of extreme dry and wet spells to2922

water resources management. For instance, the popular Palmer Drought Severity Index2923

(PDSI, Palmer, 1965) and its derivatives incorporate multiple climatic variables (e.g.2924

evapotranspiration, soil moisture) with monthly precipitation time-series to monitor2925

the impacts of prolonged deficit precipitation on various hydrological systems at various2926

time-scales. While such an inclusive system is desirable to understand the hydrological2927

process and its associated impacts (e.g., agricultural, hydrological and socio-economic),2928

interpretation of such a system remains a challenge (Awange et al., 2016b).2929

For consistent interpretation of wet and dry spells and study their impacts on var-2930

ious systems (e.g., hydrological, agricultural), the World Meteorological Organization2931

(WMO, 2012) recommends to use the Standardized Precipitation Index (SPI, McKee2932

et al., 1993). As such, SPI can be applied to both daily and monthly precipitation and2933

other water storage components and is a powerful tool for analysing wet and dry spells2934

on various time-scales. Therefore, in this chapter, the wet and dry spells are categorized2935

into severe and extreme wets or droughts based on the duration of wet and dry spells2936

estimated using the SPI derived from monthly precipitation datasets of various climate2937

model outputs. It should be noted, however that wet and drought are not quite the2938

opposite and wet events could imply either abundant water or widespread flooding or2939

both, while droughts imply prolonged periods of deficit rainfall or dry spell and can be2940

highly catastrophic in terms of water availability.2941

This chapter is organized as follows: the datasets used and analysis methods are2942

discussed in Section 5.2. Section 5.3 presents the results and Section 5.4 discusses the2943

key impacts of future droughts in the GBM River Basin and its water resources.2944
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5.2 Data and methods2945

5.2.1 Model and observational data used2946

The model data used here include monthly precipitation and temperature data simu-2947

lated by RegCM4.4 (Giorgi et al., 2012) and PRECIS (Jones et al., 2004) model over2948

the Indian monsoon region for the period 1982 to 2100, whose detailed description is2949

provided in Section 4.3. Both regional models are hydrostatic in nature and consists of2950

very similar dynamics and physics but are coupled with different land surface models.2951

For the historical period (1982-2012), RegCM4.4 is run at a 25 km grid resolution over2952

the core Indian monsoon region covering most of South Asia and parts of the Tibetan2953

Plateau and Southeast Asia (2◦N – 37◦N, 61◦E–108◦E). The model is forced by ERA-2954

Interim (Dee et al., 2011) and two CMIP5 models: (i) GFDL-ESM2M (Dunne et al.,2955

2012) and (ii) MPI-ESM-MR (Giorgetta et al., 2013) between 1981 and 2012 but only2956

the MPI-ESM-MR is used for the future period (2013–2099). CMIP5 ESMs are fully2957

coupled ocean-atmospheric models with added capability to explicitly represent biogeo-2958

chemical processes that interact with the physical climate (Flato, 2011, Taylor et al.,2959

2012). In the CMIP5 experiment, the historical simulations (1850–2005) are forced by2960

both natural and anthropogenic conditions derived from observational datasets wheras2961

the future projections (2006–2100) are largely based on four prescribed pathways of2962

GHG concentrations, referred to as Representative Concentrative Pathways (RCP, Moss2963

et al., 2010). The two ESMs used here are based on RCP4.5, which represents a modest2964

warming scenario with a radiative forcing of 4.5 Wm−2 by 2100.2965

The PRECIS model data used here include six PPE members for the period 1982–2966

2100 that were previously simulated over the South Asian CORDEX domain at 252967

km grid by the UK Met Office (see details in, Collins et al., 2011, McSweeney et al.,2968

2012, Caesar et al., 2015). The six PPE members (namely, HadCMQ0, HadCMQ9,2969

HadCMQ10, HadCMQ14, HadCMQ15, and HadCMQ16) have been forced by the widely2970

used IPCC SRES (IPCC, 2000) A1B emission scenario that describes a future world2971

of very rapid economic growth, in which global population that peaks in 2050 and2972

declines thereafter, and rapid introduction of new and more efficient technologies. A1B2973

is a medium-high emission scenario with a projected warming of around 2.5◦C by 21002974

as opposed to a 2.0◦C warming in the RCP4.5 (see, Knutti and Sedláček, 2013). In2975

addition, eight CMIP5 models with RCP4.5 are also used to supplement the findings in2976

this chapter. A general description of the CMIP5 models are given in Table 5.1.2977

Both the GCMs and RCM outputs are assessed for their ability to simulate ba-2978

sic drought characteristics by comparing them with available observational dataset for2979

the most recent period (1982-2012). Observational datasets used here include monthly2980

precipitation products from the GPCC version 7 (hereinafter referred to as GPCCv7,2981

Becker et al., 2013), and CRU version TS3.22 (hereinafter as CRU_TS3.22, Harris et al.,2982

2013). The GPCC dataset uses up to 40,000 gauge stations from across the world and2983

is considered the most comprehensive global-land precipitation record available, while2984

CRU typically consists of precipitation and temperature records from 5,000 to 10,0002985

stations globally. Over the GBM River Basin, the station density per grid ranges from2986
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Table 5.1: Basic descriptions of 8 CMIP5 ESMs including their modelling group, name, and
their horizontal (grid dimension) and vertical (number of atmospheric levels, L) resolution of
atmospheric model. All models are based on the initial realistaion (r1i1p1) and forced by RCP4.5
scenario.

Modelling Centre Model Name Horizontal (vertical)
resolution

Canadian Centre for Climate Modelling and
Analysis CanESM2 128 × 64(L35)

National Center for Atmospheric Research CCSM4 280 × 200(L27)
Centre National de Recherches
Meteorologiques/Centre Europeen de
Recherche et de Formation Avancees

CNRM-CM5 256 × 128(L31)

Geophysical Fluid Dynamics Laboratory GFDL-ESM2M 144 × 90(L24)
Met Office Hadley Centre HadGEM2-ES 192 × 145(L38)
Institute for Numerical Mathematics INM-CM4 180 × 120(L21)
Japan Agency for Marine-Earth Science and
Technology, Atmosphere and Ocean Research
Institute

MIROC-ESM 128 ×64(L80)

Max Planck Institute for Meteorology MPI-ESM-MR 192 × 96(L40)

one station over majority of the region to eight stations over central Nepal (see, Chapter2987

2. To be consistent with observed datasets, the RCM outputs are linearly interpolated2988

to a 0.5◦ × 0.5◦ grid resolution and CMIP5 precipitation datasets are interpolated to a2989

1.0◦ × 1.0◦ horizontal resolution. Subsequent analysis of PRECIS and CMIP5 datasets2990

are based on their ensemble mean, unless otherwise specified.2991

5.2.2 Sea surface temperature data2992

Simulation of extreme dry and wet conditions require realistic representation of seasonal2993

and annual mean surface air temperature and precipitation. It is also important for2994

climate models to accurately simulate seasonal, interannual, long-term variability in2995

order to reproduce key features of climate extremes including drought behaviors. Climate2996

models (both GCMs and RCMs) have been extensively evaluated to simulate the Indian2997

monsoon circulation (Kumar et al., 2006, Kripalani et al., 2007, Sperber et al., 2013,2998

Turner and Annamalai, 2012). Chapter 4 provided an indepth evaluation of two RCMs2999

on how various metrics are represented. It is understood from Chapter 4 and several3000

other studies that both GCMs and RCMs have a reasonable skill in reproducing the3001

spatial distribution of the Indian monsoon rainfall, with a much greater detail in the3002

latter owing to its high spatial resolution and better representation of local climate3003

forcings.3004

Sustained dry and wet conditions have been linked to periodic fluctuations in tropi-3005

cal SSTs. Such SST fluctuations include the well-known ENSO (Trenberth, 1997) that3006

occurs in the equatorial Pacific Ocean, and the IOD (Saji et al., 1999, Webster et al.,3007

1999) that occurs in the equatorial Indian Ocean. Ashok et al. (2001) found that IOD3008

modulates the Indian summer monsoon rainfall (ISMR) and therefore, perturbs the cor-3009

relation between ISMR and ENSO. Although many previous studies have shown that3010
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climate models, particularly the GCMs, are able to reproduce the observed relationships3011

between Niño3.4 SST anomalies and ISMR (e.g., Kripalani et al., 2007, Sperber et al.,3012

2013), its impact on regional climate extremes are not well examined. In order to assess3013

how well RCM outputs reproduce the observed relationships between SST anomalies3014

and precipitation across the GBM River Basin, the 12 month time-scale SPI from vari-3015

ous precipitation products are correlated with the Niño3.4 index (Trenberth, 1997) and3016

the DMI (Saji et al., 1999). This climate indices have been described in Section 2.3.3.3017

5.2.3 Identification of extreme dry and wet events3018

In general, prolonged dry spells result from a marked deficiency of precipitation, which3019

may lead to various types of droughts. According to the American Meteorological Society3020

(1997) drought can be classified as: (i) meteorological or climatological, (ii) agricultural,3021

(iii) hydrological, and (iv) socio-economic. Meteorological drought mainly describes the3022

prolonged deficit of precipitation, agricultural drought relates to moisture deficits in3023

the root-zone (1 m) layer that impacts crops, hydrological drought describes to below-3024

normal stream flow, lake and groundwater levels, and socio-economic drought relates3025

the supply and demand of water linking the previous three drought conditions. The3026

relationship between these droughts is complex but the latter three drought categories3027

originate in one way or the other from a deficiency of precipitation (Heim, 2002).3028

The standardized precipitation index (SPI) developed by McKee et al. (1993) using3029

monthly precipitation data provides an effective statistical measure of both dry (and3030

wet) spells on various time scales (1, 2, 3, ..., 48 months), which can ultimately be used3031

to characterize various categories of meteorological droughts either based on intensity3032

(e.g., McKee et al., 1993) or duration (e.g., Awange et al., 2016b). A basic description of3033

SPI is provided in Section 3.3.4. To provide an assessment about how wet and dry spells3034

evolve in the next 80–90 years, a drought or a wet event for a given time-scale is defined3035

here as a period in which SPI is continuously below (above) a threshold of -0.9 (+0.9)3036

for three consecutive months (Awange et al., 2016b). This includes the duration of the3037

event and a series of intensities for the duration of the event. Based on this definition,3038

the frequency of drought or wet events are calculated for all the grid cells inside the3039

GBM River Basin.3040

Following Awange et al. (2016b), the probability of a drought year is estimated based3041

on a 50-year period by calculating the ratio based on the number of drought years to3042

the total number of years (i.e., ∼50) between for example, April 2001–March 2050 and3043

April 1950–March 2099. A year is considered to be in drought (or wet) when one or more3044

months in a year falls within the definition of drought or wet (i.e., SPI remains below3045

-0.9 or above +0.9 for three consecutive months) as defined above. Drought years are3046

searched between April and March of next year, which is chosen to synchronize with the3047

ENSO cycle. Subsequently, the probability of a drought (or wet) year is calculated as a3048

ratio of total number of drought (or wet) events to the total number of years between3049

the time range (e.g., April 2001 to March 2050). The probability (P ) of severe (SD) and3050

extreme droughts (ED)- (and wet) are then estimated by:3051

PSD =
Number of severe drought events

Number of drought events
× Number of drought years

Total Number of years
, (5.1)
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where a drought (wet) event is deemed to be severe (SD) if it lasts for a period of 6 to 123052

months and is deemed extreme if the duration exceeds more than 12 months. It should be3053

mentioned here that SPI is solely based on precipitation and does not account for water3054

loss due to evapotranspiration, where the latter is a function of both precipitation and3055

air temperature. With the increase in surface air temperature, the evapotranspiration3056

is projected to increase significantly over the next few decades based on the Clausius–3057

Clapeyron relation, which may lead to more extreme precipitation events and lesser3058

droughts in the future. To calculate the spatial extent (or coverage) of drought and wet3059

conditions over the entire time period for the two river basins, individual time-series of3060

area fraction with SPI below (above) -0.9 (+0.9) are plotted for all the climate model3061

outputs and observational products.3062

5.3 Results3063

5.3.1 Model evaluation3064

To examine how well RCMs driven by various GCMs simulate the ENSO- and IOD-3065

related dry and wet conditions across various parts of the GBM River Basin, Niño3.43066

index and DMI are correlated with monthly precipitation anomalies (represented by3067

SPI at 12 month time-scale) derived from RegCM4.4 and PRECIS model outputs for3068

the period 1982–2012. The spatial distribution of correlation coefficients of ENSO and3069

IOD are shown in Fig. 5.1 and 5.2, respectively. Based on the observed precipitation3070

products (GPCCv7 and CRU_TS3.22), Niño3.4 SST anomalies show large negative3071

correlations with SPI over large portions of the GBM River Basin, mainly above 25◦N3072

between 1982 and 2012 (Fig. 5.1a–b), indicating that El Niño (La Niña) events are3073

associated with drier (wetter) than normal conditions in the GBM River Basin. While3074

the ERA-Interim (and observed SST) driven RegCM4.4 output indicates a very similar3075

spatial pattern with respect to GPCCv7 (Fig. 5.1c), specifically in the northern parts3076

of GBM River Basin, model outputs driven by two CMIP5 models shows somewhat3077

a contrasting pattern over the region (Fig. 5.1d–e). The GFDL-ESM driven output3078

shows a very poor representation of ENSO mode in the western Ganges River Basin3079

and Bangladesh (Fig. 5.1d), while the MPI-ESM-MR driven output indicates a fairly3080

comparable spatial pattern with GPCCv7 and CRU_TS3.22 (Fig. 5.1e). There are small3081

variations among the six QUMP ensemble members and are considerable different from3082

the observed patterns, especially in the Ganges River Basin as indicated by the ensemble3083

mean in Fig. 5.1f.3084

The IOD mode is mainly associated with positive correlations with SPI mainly in the3085

high rainfall regions of northeast India and northern Bangladesh (Fig. 5.2a–b) indicating3086

increased rainfall amounts in these regions. The IOD has a negative impact on rainfall3087

across the Ganges River Basin, which may further exacerbate droughts during the El3088

Niño years. The increasing trend in DMI over the last few decades, particularly due3089

to warming of the equatorial Indian Ocean is an important phenomenon that has been3090

linked to the current weakening of the Indian monsoon circulation. The spatial patterns3091
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Figure 5.1: Correlation between Niño3.4 index and gridded 12-month SPI derived from (a)
GPCCv7, (b) CRU_TS3.22, (c) RegCM4.4 (driven by ERA-Interim and observed SST data),
(d) RegCM4.4 (driven by GFDL-ESM), (e) RegCM4.4 (driven by MPI-ESM-MR), and (f)
PRECIS ensemble mean (driven by six QUMP GCMs)..
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Figure 5.2: Correlation between DMI and gridded 12-month SPI derived from (a) GPCCv7,
(b) CRU_TS3.22, (c) RegCM4.4 (driven by ERA-Interim and observed SST data), (d)
RegCM4.4 (driven by GFDL-ESM), (e) RegCM4.4 (driven by MPI-ESM-MR), and (f) PRECIS
ensemble mean (driven by six QUMP GCMs).

of correlation coefficients is well-reproduced by the original ERA-Interim data (results3092

not shown) but those positive correlations observed over northeast India and Bangladesh3093

are not captured well when downscaled by the RegCM4.4 model (Fig. 5.2c). The GCM-3094
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driven outputs (Fig. 5.2d–f) tend to show almost an opposite pattern with positive3095

(negative) effects over the Ganges (Brahmaputra–Meghna) River Basin, especially in the3096

MPI-ESM-MR- and QUMP-driven outputs, indicating that the regional SST forcings3097

are not well simulated in the current state-of-the-art RCMs. While it is evident from3098

the correlation results that ENSO plays a dominant role on precipitation in the GBM3099

River Basin, the increasing IOD anomalies due to rising SST in the equatorial Indian3100

Ocean may weaken the ENSO-monsoon relationship.3101

Although it is possible that RCMs poorly simulate the ENSO/IOD precipitation3102

relationships, especially due to the poor representation of the warming Indian Ocean3103

and the changing lead-lag relationships with the monsoon rainfall, models may be able3104

to reflect the basic characteristics of dry and wet events. Figure 5.3 shows the spatial3105

variation of a number of drought events as indicated by the RCM outputs and observed3106

precipitation products. The central Ganges River Basin (covering Madhya Pradesh)3107

and parts of Brahmaputra–Meghna River Basin (mainly over northeast India) have3108

recorded up to 9–11 droughts on a 12 month time-scale during the past three decades3109

(Fig. 5.3a–b). Overall, at least 4–8 drought events have occurred in the entire GBM3110

River Basin, although few areas have experienced relatively low number of droughts. The3111

difference between GPCCv7 and CRU_TS3.22 is mainly observed in the eastern parts of3112

Ganges River Basin (eastern Nepal and the Indian state of Bihar and Jharkhand) where3113

CRU_TS3.22 tends to show considerably lower number of drought events compared3114

to GPCCv7. This could be a data interpolation problem in CRU_TS3.22 as it has3115

substantially lower number of rain gauges in the region (especially in the Indian region),3116

whereas the GPCCv7 has up to 2–8 stations per grid cell in the same region (Khandu3117

et al., 2016c).3118

The spatial pattern of drought events are reasonably captured by the two models (Fig.3119

5.3c–f). In particular, the RegCM4.4 model when driven by perfect boundary conditions3120

(ERA-Interim and observed SST datasets) shows a fair spatial representation of drought3121

events in the arid and semi-arid regions (e.g., central Ganges and northeast India, Fig.3122

5.3c). The RegCM4.4 outputs driven by two CMIP5 GCMs are also able to indicate3123

spatial variation of drought events in the GBM River Basin (Fig. 5.3d–e), except that3124

the MPI-ESM-MR driven output shows significantly lower (higher) number of drought3125

events over southern (northern) Brahmaputra–Meghna River Basin (Fig. 5.3e). The3126

PRECIS model outputs on the other hand, highly overestimates the number of drought3127

events in the northern GBM River Basin with respect to the widely used GPCCv83128

and CRU_TS3.22 even though the spatial patterns are well-reproduced in the southern3129

parts of the basin (Fig. 5.3f).3130

The number of wet events tend to occur more frequently in the Ganges River Basin3131

and major portions of Bangladesh, indicating a maximum of 8–10 events from April3132

1983–March 2012. It is also indicative of the fact that dry areas are also prone to3133

more wet events. It is also observed that there are substantial differences in GPCCv73134

and CRU_TS3.22 (Fig. 5.3g–h) especially in terms of the number of wet events in the3135

Ganges River Basin and northeast India and northern Bangladesh. While the ERA-3136

Interim driven RegCM4.4 output indicates reasonably good agreement with observed3137

precipitation products (Fig. 5.3i), there are noticeable differences in the CMIP5 driven3138
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Figure 5.3: Number of drought events between April 1983 to March 2012 as shown by (a)
GPCCv7, (b) CRU_TS3.22, (c) RegCM4.4 (driven by ERA-Interim and observed SST data),
(d) RegCM4.4 (driven by GFDL-ESM), (e) RegCM4.4 (driven by MPI-ESM-MR), and (f)
PRECIS ensemble mean (driven by six QUMP GCMs). These events were calculated from a 12
month time-scale SPI.

output (Fig. 5.3j–k). The unusually high number of wet events in MPI-ESM-MR driven3139

output over Bangladesh is consistent with the relatively lower number of drought events3140

(Fig. 5.3k). Similar results are shown by the PRECIS model outputs but with a relatively3141

lower number of wet events for the entire GBM River Basin compared to the observed3142

products (Fig. 5.3l).3143

Eight CMIP5 models are also included in this study and are compared with GPCCv73144

and CRU_TS3.22 for the period 1950–2012. Figure 5.4 shows the frequency of droughts3145

and wet events from April 1951 to March 2012, with observed precipitation products3146
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showing a maximum of about 18 drought and wet events (Fig. 5.4a–b and d–e). The3147

spatial distribution drought events are very similar to those seen between 1983–20123148

except that more drought events have occurred over northern Bangladesh and Meghalaya3149

(in India), which did not feature in the observed precipitation products between 1983 and3150

2012. The CMIP5 models tend to overestimate (underestimate) drought (wet) events3151

across the GBM River Basin, especially in the eastern half of the GBM River Basin3152

(Fig. 5.4c and f).3153
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Figure 5.4: Number of drought events between April 1950 to March 2012 as shown by (a)
GPCCv7, (b) CRU_TS3.22, and (c) ensemble mean of 8 CMIP5 models. Number of wet events
for the same period as shown by (d) GPCCv7, (e) CRU_TS3.22, and (f) CMIP5 ensemble
mean of 8 CMIP5 models. These events are calculated from the 12 month time-scale SPI.

5.3.2 Seasonal projections of precipitation and temperature3154

Projected changes in seasonal precipitation and temperature can have a large influ-3155

ence on the future trajectory of dry and wet conditions. Although winter (December–3156

February, DJF) precipitation is likely to remain unchanged, many previous modelling3157

studies have projected an increase in monsoon rainfall (Kumar et al., 2006, Kripalani3158

et al., 2007, Turner and Annamalai, 2012), possibly as a result of enhanced moisture3159

transport from the warming Indian Ocean (Chung and Ramanathan, 2006). The pro-3160

jected rainfall increase may lead to more frequent wet events and lesser drought events,3161

although it is highly likely that their pattern of change vary from region to region. This3162

section examines the projected changes in monsoon (June–September, JJAS) precipita-3163

tion and temperature based on one RegCM4.4 output (i.e., driven by MPI-ESM-MR)3164

and ensemble mean of six PRECIS model outputs.3165

Figure 5.5 shows the spatial pattern and basin-averaged changes in monsoon (JJAS)3166

rainfall in the GBM River Basin based on the two model outputs (RegCM4.4 and3167
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PRECIS). Based on RegCM4.4 model (i.e., forced by MPI-ESM-MR), only few regions3168

in the northern GBM River Basin (Nepal and northern Brahmaputra–Meghna River3169

Basin) indicate an increase in monsoon rainfall. Large decreases are projected over3170

Bangladesh, Bhutan and parts of northeast India with a declining rate of up to 10–3171

25 mm decade−1 (Fig. 5.5a). It should be mentioned here that more recent modelling3172

studies based on CMIP5 models have also projected a minimal rainfall increase in the3173

region under RCP4.5 (e.g. Hsu et al., 2012, Lee and Wang, 2014). In particular, the3174

results shown here are consistent with those from Sharmila et al. (2015), who showed3175

a rainfall decrease in the MPI-ESM-MR ESM even under the highest warming scenario3176

(i.e., RCP8.5). On the other hand, PRECIS projects a large increase in monsoon rainfall3177

over majority of the GBM River Basin with a rate of up to 24 mm decade−1 along the3178

Himalayan Foothills (Fig. 5.5b) and are consistent with the previous studies on CMIP33179

modelling projections and their downscaled results (Kumar et al., 2006, Kripalani et al.,3180

2007, Mathison et al., 2013, Whitehead et al., 2015).3181
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Figure 5.5: Spatial distribution of JJAS precipitation changes (mm per decade) over the GBM
River Basin based on (a) RegCM4.4 (driven by MPI-ESM-MR) and (b) PRECIS (driven by 6
QUMP GCMs) between 1982–2099 including the spatially-averaged temporal anomalies based
on observations (GPCCv7 and CRU_TS3.22) and two RCMs (RegCM4.4 and PRECIS) for the
(c) Ganges and (d) Brahmaputra-Meghna River Basins.

Using an ensemble of all 17 QUMP models, McSweeney et al. (2012) showed that3182

monsoon rainfall increase is associated with increase in 850 hPa level wind speeds sug-3183

gesting that monsoon circulation may strengthen under enhanced warming. However,3184

other studies based on CMIP3 and CMIP5 models indicate that the intensified mon-3185

soon rainfall is associated with enhanced moisture transport over the monsoon region3186

from the warmer Indian Ocean, while large-scale monsoon circulation is projected to3187

weaken as a result of reduction in meridonal thermal gradient across Asia (Chung and3188
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Ramanathan, 2006, Ueda et al., 2006). The RCM results presented here are more coher-3189

ent with previous GCM results under A1B scenario (e.g., Turner and Annamalai, 2012,3190

Menon et al., 2013, Sharmila et al., 2015), except that RCMs show enhanced rainfall3191

increases along the Himalayan Foothills.3192

The spatially-averaged JJAS precipitation anomalies derived from the simulated3193

model outputs (1982-2100) for the Ganges and Brahmaputra–Meghna River Basins3194

are shown in Fig. 5.5c–d, together with those from GPCCv7 and CRU_TS3.22 for3195

the period 1982–2012. Consistent with the spatial patterns (Fig. 5.5a–b), RegCM4.43196

(driven by MPI-ESM-MR) do not show any future trends in precipitation but feature3197

high interannual variability after 2040, whereas PRECIS shows a significant increase in3198

monsoon rainfall in the GBM River Basin (Fig. 5.5c–d). The rate of increase is pro-3199

jected to be higher in the Ganges River Basin by a factor of two (Fig. 5.5c) than those3200

projected for the Brahmaputra–Meghna River Basin. The model results agree very well3201

with the observed precipitation datasets for the recent period 1982–2012 (Fig. 5.5c–d),3202

with both models indicating the monsoon rainfall decline in the Brahmaputra–Meghna3203

River Basin, where it has declined significantly since the early 1990s (Fig. 5.5d).3204
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Figure 5.6: Spatial distribution of JJAS temperature changes (◦C per decade) over the GBM
River Basin based on (a) RegCM4.4 (driven by MPI-ESM-MR) and (b) PRECIS (driven by 6
QUMP GCMs) between 1982–2099 including the spatially-averaged temporal anomalies based
on observed CRU_TS3.22 data and two RCMs (RegCM4.4 and PRECIS) for the (c) Ganges
and (d) Brahmaputra-Meghna River Basins.

Figure 5.6a & b show the spatial distribution of rate of JJAS temperature changes3205

between 1982 and 2100 based on RegCM4.4 (forced by MPI-ESM-MR under RCP4.5)3206

and PRECIS (forced by QUMP under SRES A1B), respectively, over the GBM River3207
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Basin. It is evident that both models show significant increase in surface air temperature3208

with substantially higher rate of increase in the northern Brahmaputra River Basin3209

(Tibetan region) with a rate of about 0.25◦C per decade (in RegCM4.4, Fig. 5.6a) and3210

0.42◦ per decade (in PRECIS, Fig. 5.6b). While both models agree on the warming3211

pattern across the GBM River Basin, the magnitude of warming is substantially higher3212

in PRECIS (ensemble mean of six QUMP members) by almost a factor of two (Fig. 5.6c–3213

d). RegCM4.4 shows a consistent warming of about 2◦C in both the River Basins by the3214

end of 21st century, whereas the QUMP ensemble shows a slightly higher warming in the3215

Brahmaputra–Meghna River Basin (4◦C) compared to the Ganges River Basin (3.5◦C).3216

The model temperature datasets agree well with CRU_TS3.22 for the most recent3217

period (1982–2012) although it must be noted that the driving GCMs (e.g., QUMP,3218

CMIP5) are forced by emission scenarios (e.g., SRES, RCPs) for the most recent decade3219

(e.g., from 2005 onwards in the RCP-based scenarios).3220

5.3.3 Future projection of drought and wet conditions3221

Future temperature projections based on two RCMs under different climate scenarios3222

indicate a warming climate (with different rates), which is expected to warm by at least3223

2◦C by 2100. Even though RegCM4.4 (driven by MPI-ESM-MR) predicts almost no3224

change over majority of the GBM River Basin, PRECIS (driven by QUMP) projects a3225

much more uniform rainfall increase across the GBM River Basin indicating that the3226

region is expected to become wetter in the coming decades. Nevertheless, precipitation3227

is highly variable in time and space across the GBM River Basin and consists of a3228

sequence of active and break periods on a seasonal scale and is subject to considerable3229

interannual variation in response to global and local SST variations (e.g., ENSO and3230

IOD). Previous studies have suggested that the interannual variability of rainfall could3231

either increase (decrease) owing to increased (decreased) ENSO amplitudes (see, Meehl3232

et al., 2006, Turner et al., 2007), which may influence the occurrences of dry and wet3233

spells and their location and spatial coverage.3234

To assess the future occurrences of wet and dry spells, two important risk-based3235

metrics are studies. The number of drought (and wet) events are extracted from the 123236

month time-scale SPI derived from monthly precipitation time-series of two RCMs and 83237

CMIP5 GCMs to examine the (i) probability of drought (and wet) occurrences, and (ii)3238

spatial coverage in terms of the basin area affected by either drought or wet events on a3239

monthly basis. These two key characteristics will provide crucial information for regional3240

risk management and mitigation strategies, particularly if there is high risk of severe3241

or extreme drought events. In order to remove the trend effects, the SPI time-series are3242

detrended before counting the number of events as mentioned above.3243

5.3.3.1 Frequency of drought and wet events3244

Figure 5.7 shows the number of drought events for the two periods: 2001–2050 and 2050–3245

2099 based on RegCM4.4 (driven by MPI-ESM-MR), ensemble mean of six PRECIS3246
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simulations (driven by QUMP) and ensemble mean of 8 CMIP5 models. The two RCMs3247

indicate a maximum of about 14 drought events for the two 50-year period. For the first3248

half century (2001-2050), RegCM4.4 predicts the highest number of droughts in the3249

Brahmaputra–Meghna River Basin, mostly concentrating in Bangladesh and northeast3250

India (Fig. 5.7a), while PRECIS shows higher drought occurrences in the eastern Ganges3251

River Basin (Fig. 5.7b). On the other hand, the CMIP5 GCMs exhibits maximum3252

drought occurrences in the central Ganges and northeast India (Fig. 5.7c). As the climate3253

warms, the drought pattern shifts towards the west. The Ganges River Basin is likely to3254

experience more droughts between 2050 and 2100, as shown by RegCM4.4 and CMIP53255

models (Fig. 5.7d and f), although such patterns are not shown by PRECIS (Fig. 5.7e).3256

It should be noted however that, PRECIS projects a much wetter scenario when taking3257

into account the wetting trend (Fig. 5.5b).3258
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Figure 5.7: Number of drought events for the periods 2001–2050 and 2050-2099 based on
(a & d) RegCM4.4 (driven by MPI-ESM-MR), (b & e) PRECIS ensemble mean (driven by 6
QUMP GCMs), and (c & f) CMIP5 ensemble mean (based on 8 GCMs).

The projected number of wet events are shown in Fig. 5.8. Unlike the drought events,3259

the models tend to agree on the spatial variation of number of wet events in GBM3260

River Basin for the first half century (2001–2050, Fig. 5.8a–c). All three models exhibit3261

maximum wet occurrences in the Ganges River Basin, mainly covering the central and3262

southern parts of the basin. The spatial pattern of wet occurrences are not very ho-3263

mogeneous between 2050 and 2100, particularly in the low altitude areas (Fig. 5.8d–f).3264

While the Ganges River Basin and parts of northeast India as expected to become sub-3265

stantially wetter under a higher warming scenario, the number of wet events in PRECIS3266

simulations after removing the wetting trend do not reveal any significant change (Fig.3267

5.8e).3268

Figure 5.9 shows the number of drought and wet events decade−1 derived from the3269

two RCMs (1983–2099) and observed precipitation products (1983–2012). Although3270

there are small differences between GPCCv7 and CRU_TS3.22, the number of drought3271
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Figure 5.8: Number of wet events for the periods 2001–2050 and 2050-2099 based on (a & d)
RegCM4.4 (driven by MPI-ESM-MR), (b & e) PRECIS ensemble mean (driven by 6 QUMP
GCMs), and (c & f) CMIP5 ensemble mean (based on 8 GCMs).

events have increased substantially in the past three decades (Fig. 5.9a and c), especially3272

in the Ganges River Basin as indicated by the CRU_TS3.22 dataset (Fig. 5.9a), while3273

the number of wet events have also increased (decreased) slightly in the Ganges and3274

Brahmaputra–Meghna River Basin during the last 30 years (Fig. 5.9b and d). The3275

models tend to show a higher number drought and wet events but generally agree on the3276

trend with observed datasets between 1982 and 2012. The two RCMs appears to indicate3277

an increasing trend in the number of drought events for the next two–three decades in3278

the Ganges River Basin, while the number of wet events a likely to remain unchanged.3279

On the other hand, the Brahmaputra–Meghna River Basin is likely to experience more3280

wet events from the next decade (Fig. 5.8d), although there is no visible trend in the3281

number of drought events (Fig. 5.8c). However, it should be mentioned here that no3282

significant changes are predicted.3283

The RCM results agree very well with CMIP5 simulations in terms of the overall3284

pattern (Fig. 5.10) although it should be noted that CMIP5 models have low reliability3285

in simulating decadal to multi-decadal variability. For example, CMIP5 amplified the3286

overestimated the drought events of 1970s and 1980s in the Ganges River Basin, while3287

they completely missed the drought events of 1950s and 1960s in the Brahmaputra–3288

Meghna River Basin. In general, the number of droughts have increased gradually since3289

the 1950s in both the river basins (Fig. 5.10a and c) but has been shown to decrease in3290

the Brahmaputra–Meghna River Basin since 1990s. In the CMIP models, the number3291

of drought events decade−1 in the Ganges River Basin increases substantially till the3292

2060s, before it declines for the next three–four decades (Fig. 5.10a), while the number3293

of drought events in the Brahmaputra–Meghna River Basin are found to be stable till3294

the 2080s, after which both river basins exhibit no major drought events (Fig. 5.10c).3295
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Figure 5.9: Number of drought and wet events per decade based on observed (1983–2012) and
RCM simulated (1983–2099) precipitation on a 12 month time-scale: (a & b) for drought events
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Figure 5.10: Number of drought and wet events per decade based on observed (1951–2012)
and CMIP5 (1951–2099) precipitation on a 12 month time-scale: (a & b) for drought events
and (c & d) for wet events for the Ganges and Brahmaputra-Meghna River Basin, respectively.

Consistent with time-series of drought events, higher number of wet events are likely to3296

be occur towards the end of the century in both the river basins (Fig. 5.10b and d).3297
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5.3.3.2 Drought and wet occurrences3298

In order to provide more detailed information on the severity of wet and dry spells for3299

the two time periods (2001–2050 and 2050–2099), the probability of drought (and wet)3300

years and their associated severe and extreme events are determined based on Eq. 5.1.3301

Figure 5.11 shows the probability of drought years, severe and extreme droughts in the3302

GBM River Basin based on RegCM4.4 (driven by MPI-ESM-MR) and PRECIS (driven3303

by QUMP) based on the 12 month time-scale SPI. Both RCMs project a high probability3304

of drought years in the Ganges River Basin for both the time periods (2001–2050 and3305

2050–2099). RegCM4.4 tend to exhibit substantially higher probability of drought years3306

between 2001 and 2050 (Fig. 5.11a) than PRECIS (Fig. 5.11g), ranging from 15% to3307

about 31%, with low values mainly in the eastern Ganges River Basin. Occurrences of3308

severe and extreme droughts are also higher in the western Ganges River Basin, with3309

a maximum probability of about 18% and 8%. PRECIS, on the other hand, exhibits3310

relatively lower probability of all drought categories between 2001 and 2050 (Fig. 5.11g–3311

i).3312

Further, the Ganges River Basin is likely to experience more droughts for the second3313

half century, with both the RCMs predicting a higher probability of drought years than3314

the first half. RegCM4.4 shows that the probability of 12-month time-scale droughts in3315

the GBM River Basin ranges from 20–35% (∼ 1 in 3 years, Fig. 5.11d), with maximum3316

probability mostly concentrating in the southern GBM River Basin. Fig. 5.11d–f shows3317

maximum probability of severe (∼20% or ∼1 in 5 years) and extreme (∼8% or ∼1 in 133318

years) in the southern and northern Ganges River Basin, respectively. Note that there3319

are some isolated regions in the Brahmaputra–Meghna River Basin that depict similar3320

drought occurrences. The drought patterns are much more homogeneous and lesser in3321

PRECIS simulations, indicating a probability of drought years of about 28% and severe3322

droughts of 16%, mostly concentrated in the western Ganges River Basin (Fig. 5.11j–k).3323

PRECIS, however, shows a higher probability of extreme droughts in the Ganges River3324

Basin than RegCM4.4, which extends further east into Bangladesh (Fig. 5.11l).3325

Similarly, the probability of wet years are shown in Fig. 5.12 based on a 12 month3326

time-scale SPI, where the RCMs project a greater probability of severe wet events for3327

both the time periods (2001–2050 and 2050–2099). Both RegCM4.4 and PRECIS shows3328

a overall increase in wet probability from 2001–2050 (Figure 5.12a and g) to 2050–3329

2099 (Fig. 5.12d and j). RegCM4.4 shows maximum probability (∼ 32%) of wet years3330

in the western and northern parts of the GBM River Basin between 2001 and 2050,3331

while PRECIS indicates higher probability (∼25%) of wet years in the central GBM3332

River Basin, covering Nepal, Bhutan, Bangladesh, and few Indian states. The severe3333

wet probability ranges from 5–18% with high values mainly over western Ganges River3334

Basin, Bangladesh, and Nepal in RegCM4.4 (Fig. 5.12b) and over majority of the GBM3335

River Basin in PRECIS (Fig. 5.12h). The probability of extreme wets show some isolated3336

areas of high probability (∼8%) in the western and northern parts of the GBM River3337

Basin and low values (less than 4%) in the southern regions.3338

The spatial pattern of wet probability changes considerably during the second half3339

century (2050–2099). While RegCM4.4 indicates high probability (∼ 32%) of wet years3340
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Figure 5.11: Probability (in %) of drought year on a 12 month time-scale for (a & d) all
drought, (b & e) severe drought, and (c & f) extreme drought based on PRECIS ensemble
mean for the periods 2001–2050 and 2050–2099. g–l represents the same but for RegCM4.4
model..

over majority of the GBM River Basin (Fig. 5.12d), with higher values of severe wet3341

(∼16%) in the central Ganges and eastern Brahmaputra–Meghna River Basin, and ex-3342

treme wet (∼8%) in the southern and eastern parts of GBM River Basin than elsewhere3343

(Fig. 5.12e–f). In PRECIS, the wet probability ranges from 22–26% in the Ganges River3344

Basin and western Bangladesh, with higher values of severe wet (12–17%) and extreme3345

wet (6–8%) in the southern and central parts the GBM River Basin (Fig. 5.12j–l).3346

The probability of drought and wet occurrences estimated from CMIP5 GCMs shown3347

in Fig. 5.13a–l are very similar to those shown by the RegCM4.4 and PRECIS. Like3348

the two RCMs, CMIP5 GCMs predict a higher probability of droughts and wets in the3349

western GBM River Basin (Fig. 5.13a–c and g–i). Apart from western Ganges River3350

Basin, parts of Bangladesh and Nepal also sees higher values of severe (∼15%) and3351
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Figure 5.12: Probability (in %) of wet year on a 12 month time-scale for (a & d) all wet,
(b & e) severe wet, and (c & f) extreme wet based on PRECIS ensemble mean for the periods
2001–2050 and 2050–2099. g–l represents the same but for RegCM4.4 model.

extreme (7%) droughts during the first half century (Fig. 5.13b–c) than other areas of3352

the GBM River Basin, while few regions in northeast India are likely to experience more3353

extreme droughts (6–8%) during the second half century (Fig. 5.13f). Wet probabilities3354

have a very similar pattern, although with higher values in the southwestern and central3355

parts of the basin than elsewhere (Fig. 5.12j–l). These patterns suggest that areas which3356

are likely to experience more droughts are also likely to experience more extreme wet3357

events.3358

In summary, both RCMs and GCMs predict an overall higher likelihood of drought3359

years in the western Ganges River Basin, with an estimated probability of about 25% (or3360

∼1 in 4 years) between 2001 and 2050 and 27–35% (∼1 in 3 years) between 2050–2099.3361

The probability of severe and extreme droughts are found to be about 12–16% (∼1 in3362
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Figure 5.13: Probability (in %) of drought-year on a 12 month time-scale for (a & d) all
drought, (b & e) severe drought, and (c & f) extreme drought. The probability of wet-year is
plotted in (g & j) for all wet, (h & k) severe wet, and (i & l) extreme wet, each representing
for the periods 2001–2050 and 2050–2099.

7 years) and about 5–8% (∼1 in 17 years), respectively, mostly covering the western3363

Ganges River Basin, Bangladesh and northeast India, although there are noticeable3364

differences in the two RCMs for severe and extreme droughts. Both RCMs and GCMs3365

predict an overall increase in spatial extent of drought areas, specifically in the western3366

Ganges GBM River Basin and northeastern parts of the GBM River Basin. On the3367

other hand severe and extreme wets are more likely in the southern and central parts of3368

the GBM River Basin, with an estimated probability of about 15–20% (∼1 in 6 years)3369

and 5–8% (∼1 in 17 years).3370
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5.3.3.3 Area affected by dry and wet spells3371

The percentage area affected by wet and dry spells are calculated for the two river basins3372

(Ganges and Brahmaputra–Meghna) separately. It is estimated as a fraction area with3373

respect to the total number of grid cells under dry (and wet) spell (with a threshold3374

of ±0.9 based on a 12 month time-scale SPI without removing the linear trend) to the3375

total number of grid cells in a basin for each month. Figure 5.14 shows the observed3376

(1983–2012) and RCM simulated (1983–2099) changes in dry and wet areas based on a 123377

month times-scale in the Ganges and Brahmaputra–Meghna River Basin. The simulated3378

results are found to be temporally consistent with the observed patterns capturing the3379

high interannual variability for the period 1983–2012, especially in Ganges River Basin3380

(Fig. 5.14a).3381
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Figure 5.14: RCM projections drought and wet areas (as a fraction) in the Ganges and
Brahmaputra–Meghna River Basin based on RegCM4.4 and PRECIS ensemble mean. The
results from GPCCv7 and CRU_TS3.22 are also shown for the period 1983–2012. Area affected
by drought (a & b) and wet events (c & d) in the Ganges and Brahmaputra-Meghna River
Basin, respectively. The individual QUMP members outputs are plotted in grey colors.

The area affected by dry spells in the Ganges River Basin between 1983 and 20123382

varies from high (30–35%) in the mid-1980s and late 2000s to low (0–10%) in the late3383

1990s coinciding with extreme drought and wet periods (Fig. 5.14a). The Brahmaputra–3384

Meghna River Basin shows a very similar pattern but shows a much lower % area affected3385

by dry spells (with a high of around 20%). While the RegCM4.4 model agrees well for3386

the historical period, it shows high variability from 2040 onwards indicating abrupt3387

increases in dry areas (up to 60% and 40% in the two basins). On the other hand,3388

PRECIS model projects about decline-fold decline in dry areas in both the River Basins3389

from the current level. However, after removing the linear trend effects due to monsoon3390
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rainfall increases, it may be possible that that both river basins may be affected by dry3391

spells as indicated by their probabilities.3392

On the other hand, both RCMs project a gradual increase in wet areas from 20203393

(∼5–10%) onwards and reaches a peak (∼20–30%) by the end of the century (Fig. 5.14c).3394

Even though there are periods of enhanced wetness in both RCMs, especially between3395

2050 and 2080, the wetting trend is much higher in the Ganges River Basin in PRECIS3396

as it is likely to suffer from more wet events. The Brahmaputra–Meghna River Basin3397

on the other hand, sees a modest, but still significant increase in the wet areas with3398

both RCMs projecting a two-fold increase in wet areas by the end of 21st century (Fig.3399

5.14d) under a temperature increase of 1.8◦C (in RegCM4.4) and 4.0◦C (in PRECIS).3400

The changes are consistent after removing the linear trend effects, but the trends are3401

much lowered in Brahmaputra–Meghna River Basin.3402
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Figure 5.15: Multimodel mean projections of drought and wet areas (as a fraction) in the
Ganges and Brahmaputra–Meghna River Basin based on CMIP5 models. The results from
GPCCv7 and CRU_TS3.22 are also shown for the period 1951–2012. Area affected by drought
(a & b) and wet events (c & d) in the Ganges and Brahmaputra-Meghna River Basin, respec-
tively. The individual CMIP5 outputs are plotted in grey colors.

RCM results are supported by ensemble mean of eight CMIP5 ESMs that predict a3403

very similar scenario under RCP4.5 as shown in Fig. 5.15a–d. However, it is observed3404

that drying and wetting trends in the Ganges River Basin is not exactly linear as3405

indicated by the RCMs (Fig. 5.15a and c). In CMIP5 models, the amount of dry areas3406

start to decline only in 2060s in the Ganges River Basin (Fig. 5.15a) and 2040s in the3407

Brahmaputra–Meghna River Basin (Fig. 5.15c).3408
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5.4 Discussion and summary3409

There is growing confidence that the recent global warming is a result of anthropogenic3410

causes, particularly due to increasing emission of GHGs and land use change. With an3411

increase in global and regional surface temperatures, the near-surface evaporation (and3412

atmospheric water vapour) over ocean is expected to rapidly rise (∼ 6–7%◦C−1) due3413

to the Clausius-Clapeyron relation and that global mean precipitation is projected to3414

increase by roughly about 1–3%◦C−1 (e.g., Allan and Soden, 2007, Lorenz et al., 2010,3415

Wild and Liepert, 2010). The generally lower precipitation increase as compared to3416

the precipitable water (or atmospheric water) is being explained by the energy-balance3417

concept (see, e.g., Allan and Soden, 2007, Lambert and Webb, 2008, Lorenz et al.,3418

2010, Schneider et al., 2010, Wild and Liepert, 2010). The Indian monsoon precipitation3419

has decreased considerably since the 1950s possibly as a result of increased aerosol3420

concentration (Ramanathan et al., 2005, Bollasina et al., 2011) and the weakening of3421

meridonal northern Indian Ocean SST gradient (Chung and Ramanathan, 2006, Roxy3422

et al., 2014). However, most climate models suggest an increase in the Indian monsoon3423

precipitation as well as the interannual variability under an enhanced warming scenario3424

(e.g., Kumar et al., 2006, Kripalani et al., 2007, Turner and Annamalai, 2012, Menon3425

et al., 2013, Ahmed and Suphachalasai, 2014), although few CMIP3 and CMIP5 models3426

project a declining trend (e.g., Turner and Annamalai, 2012, Sharmila et al., 2015).3427

Under the SRES A1B scenario, monsoon precipitation is projected to increase by 10–253428

mm per decade in the GBM River Basin for a temperature increase of about 2–4◦C at3429

the end of 21st century.3430

The mechanism for this increase has been explained in a number of ways (Kripalani3431

et al., 2007, Sperber et al., 2013, Menon et al., 2013), which can be summarized as:3432

(i) increase in moisture convergence over northern India due to intensification of heat3433

low, (ii) anomalous easterly flow over Bay of Bengal despite weakening monsoon cir-3434

culation, (iii) weakening relationship between ENSO and Indian monsoon rainfall, and3435

(iv) dominant effect of rising SST on Indian monsoon rainfall despite negative feed-3436

back from increasing CO2. Together with 2–4◦C increase in surface air temperature,3437

the GBM River Basin is predicted to become wetter due to increase in monsoon rain-3438

fall. However, after accounting for the precipitation trend, both RCMs project a higher3439

probability (25–35%) of droughts in western GBM River Basin than elsewhere, with3440

extreme droughts shifting towards Bangladesh and northeast India by the second half3441

century (2050–2099). While these results are in agreement with the current observa-3442

tions indicating a shift in rainfall distribution (e.g., Goswami et al., 2010, Vinnarasi and3443

Dhanya, 2016), further examinations are required using most up-to-date RCM projec-3444

tions. During the second half century, the probability of severe and extreme droughts3445

range between 15–20% (∼ 1 in 6 years) and 6–8 years (∼1 in 17 years) in these regions.3446

Although the impacts of short-term droughts (less than 6 months) are mainly limited to3447

surface water flows, which serves as primary water supplies for agriculture, hydropower3448

production, and ecosystem, among others, reduced water availability will place greater3449

reliance on groundwater resources. As such groundwater is already a main source of3450

water for irrigation in the GBM River Basin (Shamsudduha et al., 2009b, Mukherjee3451

et al., 2015).3452
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Severe and extreme droughts (more than 6 months) can have detrimental effect on3453

all types of water resources, including surface water, soil moisture, and groundwater.3454

During long-term droughts, excessive groundwater abstraction can cause aquifer systems3455

to compact, which can ultimately lead to a permanent loss of groundwater storage. For3456

example, over pumping in California San Joaquin Valley aquifer system has resulted3457

in a large drop in ground elevation and has caused serious structural issues to the3458

surface water delivery networks (Sneed et al., 2013). Prolonged droughts can cause3459

reversal of groundwater flows to the Indian Ocean, leading to salt water intrusion,3460

and subsequently degrade water quality. Additionally, high arsenic contamination of3461

groundwater resources across Bangladesh and Gangetic plains has become a serious3462

problem with increasing number of tube wells over the past 40 years (see, Yunus et al.,3463

2016, and references therein). The CMIP5 models project a similar drought occurrence3464

for the next 80–90 years, with low values of severe and extreme droughts mainly over3465

the eastern Brahmaputra–Meghna River Basin covering northeast India and parts of3466

southern China.3467

The wet frequencies are also predicted to occur in the same areas where higher3468

drought frequencies are expected, suggesting that western Ganges River Basin will ex-3469

perience both dry and wet regimes for the next 80–90 years. The likely increase in3470

wet spells mainly due to severe and extreme wets are likely to enhance water storage3471

in the GBM River Basin, although it does not necessarily account for the increasing3472

atmospheric water demands due to increasing surface air temperatures. Additionally,3473

more extreme wet events would imply increased risks from flooding, particularly across3474

northern Bangladesh and northeast India. Nevertheless, both RCM and CMIP5 models3475

do not project any significant change in the mean decadal duration and intensity of3476

drought and wet events, which may perhaps point to the diminishing role of ENSO in3477

the future climate (Turner and Annamalai, 2012). Despite showing consistent spatial3478

patterns of drought and wet frequencies, the poor representation of dominant climate3479

drivers such as ENSO and IOD in RCMs, provides a big challenge for predicting future3480

climate extremes (e.g., droughts and extreme wet events) in the GBM River Basin.3481

Both RegCM4.4 and PRECIS are incapable of reproducing the ENSO/IOD rainfall re-3482

lationship, except when forced by perfect boundary conditions. Thus, there is a need to3483

synchronize model simulations with ENSO/IOD time-series to simulate more realistic3484

patterns of wet and dry spells.3485

As a primary source of water, projected increase in monsoon rainfall may relieve water3486

shortage in the GBM River Basin, but there are other factors to consider, especially on3487

a seasonal scale. Higher warming in winter and spring would enhance glacier melt and3488

cause higher runoffs during spring. This will perhaps trigger more glacial lake outburst3489

floods (GLOFs) and landslides, which will be highly catastrophic to the Himalayan3490

nations such as Bhutan, Nepal, and north India (ICIMOD, 2007, Bajracharya et al.,3491

2015). However, as climate warms, more winter precipitation are expected to fall as3492

rain to curb snow water equivalent in the Himalayas. In the upstream Himalayas, the3493

potential risks of GLOFs and increased runoffs on hydropower can be very damaging.3494

Countries like Bhutan, Nepal, and India have invested significant amount of capital3495

on the development of hydropower projects that are intended for long-term use. As3496

glaciers and snowlines begin to retreat more rapidly and with more deforestation, the3497
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Himalayan inhabitants will potentially lose their local springs and streams through3498

drying of watersheds (Bates et al., 2008). Precipitation increases during the summer as3499

shown by both GCMs and RCMs will also lead to increased runoffs in the GBM river3500

system and its Himalayan nations, which will likely cause widespread flooding in the3501

deltaic plains (Ahmed and Suphachalasai, 2014, Whitehead et al., 2015).3502
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6. Spatio-temporal variability of3503

UTLS temperature based on3504

COSMIC GNSS RO3505

6.1 Introductory remarks3506

The upper troposphere–lower stratosphere (UTLS) region (400–30 hPa) is character-3507

ized by steep changes in static stability (temperature lapse rate) with large gradients3508

in a number of radiatively active trace gases, including ozone and water vapour (Reid3509

and Gage, 1985, Randel et al., 2000). The variability and changes in UTLS temper-3510

ature play an important role in regulating the exchange of water vapour, ozone, and3511

other trace gases between the troposphere and the stratosphere, as well as in climate3512

research. The troposphere is projected to warm consistently with increase in GHG con-3513

centrations, with an enhancement of warming (cooling) in the upper troposphere (lower3514

stratosphere). Observational evidence suggests that the troposphere has warmed con-3515

siderably over the past decades with substantial cooling in the lower stratosphere (Karl3516

et al., 2006, Lott et al., 2013, Thorne et al., 2011). The tropopause, a region that marks3517

the separation between the troposphere and the stratosphere in the UTLS region, is3518

of special importance for understanding the transport of water vapour into the strato-3519

sphere and exchange of ozone between the two layers (Randel et al., 2000). The height of3520

the tropopause is affected by the heat balance of both the troposphere (e.g., warming as3521

a result of increasing greenhouse gas concentration) and the stratosphere (e.g., warming3522

as a result of absorption of aerosols) (Santer et al., 2003a,b, 2008).3523

Many studies have analyzed the seasonal and interannual variations of UTLS temper-3524

ature using observations from global network of radiosondes, SRS-based measurements,3525

and global reanalyses (e.g., Reid and Gage, 1985, Randel et al., 2000, Gettelman et al.,3526

2001, Santer et al., 2003a,b, Wilcox et al., 2011, Lott et al., 2013). Large-scale variation3527

of the tropopause is dominated by an annual cycle and longer-term interannual variabil-3528

ity associated with the ENSO mode (Trenberth, 1990) and the quasi-biennial oscillation3529

(QBO, Baldwin et al., 2001). While the global characteristics of UTLS temperature is3530

widely studied, much remains to be known in terms of its regional behaviour and how3531

it influences the regional climate (e.g., rainfall). Large observational uncertainties still3532

exist over South Asia, specifically over the GBM River Basin due to poor quality of3533

radiosonde networks (e.g., Das Gupta et al., 2005, Sun et al., 2010, Krishna Kumar3534

et al., 2011, Ansari et al., 2015). Some stations have been recently updated by the In-3535

dian Meteorological Department (IMD) with Global Positioning System (GPS)-based3536

radiosondes to improve their accuracy (see Krishna Kumar et al., 2011, Ansari et al.,3537

2015). Our analysis over the GBM basin between August 2006 and December 20133538

shows that GPS-based radiosondes have been significantly improved over the previous3539

versions and exhibit negligible bias against the highly accurate Constellation Observing3540



6.1. Introductory remarks 123

System for Meteorology, Ionosphere, and Climate (COSMIC, Anthes et al., 2008) radio3541

occultation (RO) data sets.3542

The GBM river River Basin is located in a region where the UTLS is characterized3543

by large-scale anticyclonic circulation that is dynamically active and coupled to the3544

Indian monsoon circulation (Rao et al., 2008, Kunze et al., 2010). As a dominant source3545

of seasonal and interannual variability, the Indian monsoon is also a major source of3546

moisture in the UTLS as well as an important mode of transport for many trace gases3547

and other pollutants over the region. The temperature changes in the UTLS affects3548

static stability (e.g., increase with respect to global warming) with the potential to3549

alter global and region weather/climate. The recent weakening of the Indian monsoon3550

has been attributed to the upper-tropospheric cooling (warming) over the anticyclonic3551

region (equatorial Indian Ocean) (Rao et al., 2008, Kunze et al., 2010). With increasing3552

population and rapid industrialization, the GBM River Basin has witnessed a dramatic3553

increase in atmospheric pollution and aerosols that has been found to influence rainfall3554

patterns (Gautam et al., 2009, Lau et al., 2009).3555

Since the launch of GPS/Meteorology (GPS/MET) mission in 1995 (Rocken et al.,3556

1997), Global Navigation Satellite Systems (GNSS) RO has demonstrated immense po-3557

tential to provide improved spatio-temporal (and vertical) resolution in the probing of3558

the Earth’s atmosphere including pressure, temperature, and water vapour (Schmidt3559

et al., 2010, Anthes, 2011). Several studies have demonstrated the usefulness of GNSS3560

RO in improving numerical weather prediction forecasts (e.g., Healy and Thépaut, 2006,3561

Cucurull et al., 2007, Poli et al., 2008, 2010), climate changes studies (Foelsche et al.,3562

2008, Schmidt et al., 2010, Steiner et al., 2013), and space weather/ionospheric research3563

and operations (e.g., Lee et al., 2012, Zhang et al., 2014) over the past 2 decades.3564

The number of RO profiles has increased substantially over the past years with the3565

launch of several GNSS RO missions enabling wider applications in regional studies3566

(see, e.g., Anthes, 2011). For instance, the joint Taiwan–US six-satellite mission, COS-3567

MIC/FORMOSA Satellite Mission 3 (COSMIC/FORMOSAT-3, hereafter COSMIC)3568

(Anthes et al., 2008), has provided about 1500–2000RO soundings per day globally3569

with 70–90% of the soundings since August 2006. It is now possible to infer decadal3570

temperature trends in the UTLS and the tropopause with a structural uncertainty of3571

less than 0.06◦C in the tropics and mid-latitudes (Steiner et al., 2013). Using ∼ 9 years of3572

RO data from CHAllenging Minisatellite Payload (CHAMP, 2001–2008, Wickert et al.,3573

2001), Gravity Recovery And Climate Experiment (GRACE, 2006–2009, Wickert et al.,3574

2009), and COSMIC (2006–2009), Schmidt et al. (2010) found an increase of global3575

tropopause height (5–9 myear−1), which is consistent with the current global warming3576

trends.3577

In the context of growing GNSS RO mission and its ability to provide high spatio-3578

temporal (and vertical) resolution vertical profiles, this study examines the potential3579

benefits in the GBM River Basin by studying interannual variability of temperature3580

in the UTLS region using ∼ 8 years of monthly accumulated COSMIC RO data from3581

August 2006 to December 2013. Two global reanalysis fields from ECMWF reanalysis3582

(ERA-Interim, Dee et al., 2011) and MERRA (Rienecker et al., 2011) are also included3583

here to assess their consistency in the region with respect to the high quality GNSS3584
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RO data. Reanalysis systems are backbone to many climate research studies and in un-3585

derstanding the various dynamics of the tropospheric–stratospheric exchange process.3586

Both ERA-Interim and MERRA were developed primarily to improve on various as-3587

pects of the hydrologic cycle that were not adequately described in previous generations3588

of reanalyses (Dee et al., 2011, Rienecker et al., 2011). ERA-Interim also assimilates3589

refractivity profiles from various GNSS RO missions from 2001 to reduce temperature3590

biases (Poli et al., 2010, Dee et al., 2011). Thus, modern reanalyses such as MERRA3591

and ERA-Interim are expected to accurately capture the interannual variability of tem-3592

perature in the UTLS for the most recent decade. The findings of this study have been3593

published in the Atmospheric Measurement Technique and only minor changes have3594

been made in this Chapter.3595

Section 6.2 describes the various temperature datasets used and methods applied3596

to compare and assess the temperature variations in the UTLS region. The results are3597

presented and discussed in Section 6.3, and Section 6.4 presents a brief summary of this3598

study.3599

6.2 Data and methods3600

6.2.1 FORMOSAT/COSMIC RO data3601

COSMIC is a highly successful RO mission that has demonstrated wide scientific ap-3602

plications in operational weather forecasts (see, e.g., Anthes et al., 2008, Ho et al.,3603

2010, Anthes, 2011) and global atmospheric studies (see, e.g., Foelsche et al., 2008,3604

Schmidt et al., 2010). In the RO data retrieval process, the bending angle (α) derived3605

from Doppler shift measurements onboard low earth orbiting (LEO) satellites can be3606

inverted to recover refractivity (N) based on the Abel transform, which is related to3607

total pressure (P ), temperature (T ), and water vapour pressure (Pw) (Melbourne et al.,3608

1994). In a dry atmosphere (with Pw = 0), density profiles are obtained from the known3609

relationship between refractivity and density, while pressure and dry temperature can3610

be derived using the hydrostatic equation and equation of state for ideal gas (see, e.g.,3611

Melbourne et al., 1994). In the presence of water vapour (especially in the lower tro-3612

posphere), humidity and temperature profiles should be complemented with a priori3613

information (e.g., numerical weather forecasts).3614

Alternatively, wet profiles can be generated using a one-dimensional variational (1D-3615

Var) method implemented at the COSMIC Data Analysis and Archive Center (CDAAC)3616

at the University Corporation for Atmospheric Research (UCAR). These atmospheric3617

profiles are provided as Level 2 RO data by various data retrieval centers includ-3618

ing CDAAC (see http://cdaac-www.cosmic.ucar.edu/cdaac/status.html). In this3619

study, COSMIC Level 2 RO data (both wet and dry profiles) covering the GBM River3620

Basin between April 2006 and December 2013 are used. The wet and dry profiles mainly3621

differ in the lower troposphere due to presence of water vapour but are similar and highly3622

accurate between 8 and 20 km (for more details, see, Anthes et al., 2008). The wet pro-3623

files are used for evaluating the accuracy of radiosonde observations whereas dry profiles3624

http://cdaac-www.cosmic.ucar.edu/cdaac/status.html
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(i.e., temperature only) are used for examining the interannual variations of UTLS tem-3625

perature over the GBM River Basin. The GBM River Basin received 59 419 COSMIC3626

profiles from April 2006 to December 2013, out of which ∼ 14% were found to be of bad3627

quality (see, Khandu et al., 2016b).3628

Figure 6.1a shows the number of monthly accumulated COSMIC RO profiles re-3629

trieved within the GBM River Basin during the study period, with an average of3630

∼ 576 profiles per month. The number of profiles decreased considerably between late3631

2010 and 2012 (Fig. 6.1a) due to problems in some COSMIC satellites (see http:3632

//cdaac-www.cosmic.ucar.edu/cdaac/status.html). Figure 6.1b shows the distribu-3633

tion of RO data points at various pressure (altitude) levels indicating that most COSMIC3634

profiles penetrate deep into the lower troposphere with more than 56% of the profiles3635

reaching at least 850 hPa (∼ 1.5 km above mean sea level). The geographical distribu-3636

tion of COSMIC profiles at 850 hPa (∼ 1.5 km), 700 hPa (∼ 3.1 km), 500 hPa (∼ 6.03637

km), and 400 hPa (∼ 7.5 km) levels in Fig. 6.2a–d indicate the effect of high topography3638

over the region (Fig. 6.3), i.e., the blockage of GNSS radio waves. A near-complete cov-3639

erage of the RO data can be seen at 400 hPa (∼ 7.5 km), corresponding to the highest3640

altitude of the Himalayas.3641
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Figure 6.1: (a) Total number of monthly COSMIC RO profiles reported in and around the
GBM River Basin between April 2006 and December 2013, and (b) the corresponding number
of data points at each pressure levels 850–30 hPa (1.5–24.0 km).

http://cdaac-www.cosmic.ucar.edu/cdaac/status.html
http://cdaac-www.cosmic.ucar.edu/cdaac/status.html
http://cdaac-www.cosmic.ucar.edu/cdaac/status.html
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Figure 6.2: Spatial distribution of COSMIC data points in the lower troposphere for the year
2012: (a) 850 hPa (∼ 1.5 km), (b) 700 hPa (∼ 3.1 km), (c) 500 hPa (∼ 5.8 km), and (d) 400
hPa (∼ 7.5 km).

6.2.2 Radiosonde data3642

CDAAC also maintains radiosonde records from around the globe that are collocated3643

with atmospheric profiles from most of the RO missions (e.g., COSMIC, CHAMP,3644

GRACE). These radiosonde profiles are extracted from National Center for Atmospheric3645

Research (NCAR) mass store (see details in, Sun et al., 2010). There are 24 opera-3646

tional or synoptic radiosonde stations within or around the GBM basin, with most of3647

them (18) located within the Indian territory and operated by the Indian Meteorolog-3648

ical Department (IMD) (see, Fig. 6.3), whereas three of them are located in Tibet or3649

southern China (or the upper Brahmaputra basin) and the rest are located in southern3650

Bangladesh. Based on the country of location, these radiosondes differ in their sensor3651

types and design (Table 6.1). The accuracy of IMD operated radiosondes have been a3652

concern for many years due to their poor observational qualities (see, e.g., Das Gupta3653

et al., 2005, Kumar et al., 2010, Sun et al., 2010) and has been undergoing substantial3654

upgrades in the past 6–7 years.3655

A detailed evaluation of 12 different radiosonde types globally by Sun et al. (2010)
from April 2008 to October 2009 showed relatively poor skills (in temperature, water
vapour, and refractivity) by IMD radiosondes with respect to COSMIC RO data, while
the ShangE sondes from China suffered from large negative refractivity biases in the
mid-troposphere. However, Kumar et al. (2010) reported significant reduction in daily
temperature fluctuations at 10 stations, which were prominent before they were up-
graded in 2009, suggesting that newly upgraded instruments could be of better quality.
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Figure 6.3: The general topography and locations of the radiosonde stations in the GBM River
Basin. The radiosondes are shown in different colors- green for IMD/MK4 (India), red for those
over Bangladesh (unknown), and blue for ShangE/ShangM (China)

To make an overall assessment and to understand the magnitude of improvements in
the newly upgraded systems, radiosonde profiles of temperature, water vapour pressure,
and refractivity extracted from CDAAC are compared with collocated COSMIC RO
profiles. Refractivity (N) is a derived quantity, calculated from observed temperature
(T ) and water vapour pressure (pw) at various pressure (p) levels based on the relation
(Smith and Weintraub, 1953):

N = 77.6
p

T
+ 3.73× 105

pw
T 2
. (6.1)

6.2.3 Reanalysis products3656

Global reanalyses have long played an important role in climate monitoring and research3657

applications due to their complete spatial coverage and temporal consistency with phys-3658

ical models. However, despite many efforts to integrate millions of observational data,3659

reanalyses completed to date have undesirable and sometimes very obvious and time-3660

varying biases, depending on the region, variable of interest, and application (Thorne3661

et al., 2011). Chapter 2–3 presented the skills of recent high global resolution reanalyses3662

over the satellite-era (1979 onwards), mainly with respect to precipitation, tempera-3663

ture, and soil moisture variables in the GBM River Basin. In this Chapter, their skills3664

in representing the upper air temperature and interannual variations at various altitude3665

levels within the UTLS region are assessed with respect to the spatially interpolated3666
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Table 6.1: Details of radiosondes shown in Fig. 6.3 and the total number of profiles recorded
from 2006 to 2013 at each radiosonde stations. The upgraded IMD radiosondes are named as
IMD GPS. The radiosondes within Bangaladesh are catagorized as “unknown”.

SL/No WMO ID Make Location/Country Latitude Longitude MSL [m] # Profiles
1 42101 IMD MK4 PATIALA/INDIA 30◦20’N 76◦28’E 251 1354
2 42182 IMD GPS NEW DELHI/INDIA 28◦35’N 77◦12’E 216 2937
3 42314 IMD GPS DIBRUGARH/INDIA 27◦29’N 95◦1’E 111 1687
4 42339 IMD MK4 JODHPUR/INDIA 26◦18’N 73◦1’E 224 1142
5 42361 IMD MK4 GWALIOR/INDIA 26◦14’N 78◦15’E 207 245
6 42369 IMD MK4 LUCKNOW/INDIA 26◦45’N 80◦53’E 128 1244
7 42379 IMD MK4 GORAKHPUR/INDIA 26◦45’N 83◦22’E 77 864
8 42397 IMD MK4 SILIGURI/INDIA 26◦40’N 88◦22’E 123 432
9 42410 IMD MK4 GAUHATI/INDIA 26◦6’N 91◦35’E 54 810
10 42492 IMD GPS PATNA/INDIA 25◦36’N 85◦6’E 60 1066
11 42647 IMD MK4 AHMADABAD/INDIA 23◦4’N 72◦38’E 55 1366
12 42667 IMD MK4 BHOPAL/INDIA 23◦17’N 77◦21’E 523 1011
13 42701 IMD MK4 RANCHI/INDIA 23◦19’N 85◦19’E 652 1248
14 42724 IMD MK4 AGARTALA/INDIA 23◦53’N 91◦15’E 16 681
15 42809 IMD MK4 CALCUTTA/INDIA 22◦39’N 88◦27’E 6 2537
16 42867 IMD MK4 NAGPUR /INDIA 21◦6’N 79◦3’E 310 908
17 42874 IMD MK4 RAIPUR/INDIA 21◦14’N 81◦39’E 298 655
18 42971 IMD MK4 BHUBANESWAR/INDIA 20◦15’N 85◦50’E 46 1662
19 41923 VRS92G DHAKA/BDESH 23◦46’N 90◦23’E 9 843
20 41977 Unknown CHITTAGONG/BDESH 22◦21’N 91◦49’E 34 210
21 41883 Unknown BOGRA/BDESH 24◦51’N 89◦22’E 20 21
22 56137 Shang/M QAMDO/CHINA 31◦9’N 97◦10’E 3307 908
23 55591 Shang/E LHASA/CHINA 29◦40’N 91◦8’E 3650 264
24 55299 Shang/E NAGQU/CHINA 31◦29’N 92◦4’E 4508 2664

COSMIC RO data. This is important especially given that observational systems have3667

been relatively poor in the region (Das Gupta et al., 2005, Kumar et al., 2011).3668

COSMIC temperature profiles over the GBM region are compared with two high-3669

resolution modern reanalysis products, (a) MERRA-I (hereinafter as MERRA) (Rie-3670

necker et al., 2008) and (b) ERA-Interim (Dee et al., 2011), both of which have been3671

described in Chapter 2. The state-of-the-art Goddard Earth Observing System Data3672

Assimilation System version 5 (GOES-5), used in MERRA, assimilates data from a3673

wide variety of observing systems (e.g., in-situ, satellites) to produce a consistent set of3674

spatio-temporal meteorological and climatic variables since the start of the satellite era3675

(i.e., 1979). MERRA products are generated on a 1/2◦ × 2/3◦ (or ∼ 50 × 70 km) grid3676

with 72 vertical layers extending from the surface through to the stratosphere. Atmo-3677

spheric variables (e.g., temperature, humidity) are produced at various temporal scales3678

ranging from 3 hourly at 1.5◦ × 1.5◦ (or ∼ 150 × 150 km grid) to monthly scales at the3679

nominal horizontal resolution.3680

ERA-Interim (Dee et al., 2011) builds on the previous generation of reanalyses (e.g.,3681

ERA-15 and ERA-40) with improved model aspects, more advanced assimilation tech-3682

niques (e.g., 4-D Variational Schemes) and better land surface model, and assimilates3683

atmospheric profiles retrieved from the GNSS RO data. The atmospheric variables (e.g.,3684

temperature and water vapour) are simulated at 6-hourly time-scales over 60 vertical3685

levels at a ∼ 79 × ∼ 79 km grid. Because ERA-Interim assimilates GNSS RO data,3686

ERA-Interim and COSMIC RO data are not completely independent. Poli et al. (2010)3687

found that GNSS RO data help to reduce temperature bias of ERA-Interim in the3688
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UTLS but are found to produce drying effects in the tropics. Monthly mean temper-3689

atures at 14 pressure levels from 500 to 10 hPa are obtained for both MERRA (see3690

http://disc.sci.gsfc.nasa.gov/daac-bin/FTPSubset.pl) and ERA-Interim (see3691

http://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/) to as-3692

sess UTLS temperature over the GBM River Basin.3693

6.2.4 Ocean–atmospheric indices3694

Three climate indices are used in this here, representing (a) ENSO, (b) IOD, and3695

(c) QBO, which are commonly associated with significant fluctuations in UTLS tem-3696

peratures, i.e., large-scale ocean-atmospheric phenomena lead to variations in UTLS3697

temperature. ENSO and IOD indices have already been described in Section 2.3.3 of3698

Chapter 2 and the indices used here are extracted from the same data source. QBO3699

is stratospheric phenomenon characterized by an east–west oscillation in stratospheric3700

winds over a period of approximately 28 months (Baldwin et al., 2001). The QBO dom-3701

inates variability of the equatorial stratosphere and is easily identified as downward3702

propagating easterly (negative) and westerly (negative) wind regimes. It is commonly3703

characterized by an index derived based on zonal winds at 30 or 50 hPa. Here, the3704

QBO index at 30 hPa level covering the period 2006–2013 is obtained from NOAA3705

(http://www.esrl.noaa.gov/psd/data/correlation/qbo.data).3706

6.2.5 Comparison of radiosonde and COSMIC RO datasets3707

The collocated radiosondes and COSMIC RO profiles are compared at 13 pressure levels3708

(i.e., 850 hPa, 700 hPa, 500 hPa, 400 hPa, 300 hPa, 250 hPa, 200 hPa, 150 hPa, 1003709

hPa, 70 hPa, 50 hPa, 30 hPa, and 20 hPa) with respect to temperature (T ), water3710

vapour pressure (pw), and refractivity (R) by averaging over the period 2006–2013.3711

Mean biases and standard deviations are expressed relative to COSMIC RO data in3712

terms of temperature differences (∆T ), relative errors of water vapour pressure (RE pw)3713

and refractivity (RE N) at each pressure level based on Eq. 6.2-6.4:3714

∆ T = T radiosonde − TCOSMIC (6.2)

RE pw =
pradiosonde
w − pCOSMIC

w

pCOSMIC
w

(6.3)

RE N =
N radiosonde −NCOSMIC

NCOSMIC (6.4)

It should be noted here that several studies have addressed the use of collocation3715

criteria (relating to the radial distance and time difference between a pair of radiosonde3716

and RO profile) in comparing radiosonde and GNSS RO measurements (e.g., Sun et al.,3717

2010, Anthes, 2011, Khandu et al., 2011, Zhang et al., 2011). These studies have found3718

insignificant differences in the UTLS region within a difference of 3 hours and 300 km.3719

However, in the troposphere (850–200 hPa), Sun et al. (2010) found that collocation3720

mismatch significantly impacts their measurement precisions, i.e., 0.35◦C per 3 hour3721

http://disc.sci.gsfc.nasa.gov/daac-bin/FTPSubset.pl
http://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/
http://www.esrl.noaa.gov/psd/data/correlation/qbo.data
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and 0.42◦C per 100 km, and 3.3% per 3 hour and 3.1% per 100 km in relative humidity.3722

Considering the limited number of radiosonde stations in the GBM River Basin, a3723

collocation criteria of 200 km and 2-hour time difference is applied here.3724

6.2.6 Tropopause temperatures and heights3725

The high vertical resolution of GNSS RO retrieval enables near-accurate changes in the3726

tropopause, through its high vertical resolution, which is important for understanding3727

the physical and chemical processes, including temperature variations that affect these3728

processes. Since the inception of GNSS RO technique, several studies have presented the3729

added values of GNSS RO in understanding the variability of the tropopause (Steiner3730

et al., 2007, Schmidt et al., 2010, Anthes, 2011) and the UTLS region. High observational3731

quality and data stability among various RO systems provide stable climate data in the3732

UTLS region required for climate change studies (Steiner et al., 2011, 2013, Ho et al.,3733

2014). To estimate the regional temporal variations in tropopause properties such as3734

tropopause heights and temperatures, the spatially interpolated COSMIC RO-derived3735

lapse rate tropopause (LRT) heights and temperatures are examined in this Chapter.3736

Among various tropopause definitions (see Pan et al., 2004), many previous studies3737

have found LRT to be more sensitive to tropospheric warming and most relates to3738

the underlying effect of climate change (see Santer et al., 2003a, Sausen and Santer,3739

2003). LRT or (hereinafter as tropopause) can be derived from a temperature profile3740

by applying the World Meteorological Organisation (WMO, 1957) definition, wherein3741

it is defined as “the lowest level at which the lapse rate decreases to 2◦C km−1 or less,3742

provided also the average lapse rate between this level and all higher levels within 2 km3743

does not exceed 2◦C km−1”.3744

COSMIC RO data extracted from CDAAC contain the derived tropopause heights
and temperatures. Following the introduction of ERA-Interim and MERRA, it is also
important to compare them with the COSMIC RO data, in order to quantify their
spatio-temporal differences over the GBM River Basin. The WMO (1957) definition
is applied to MERRA temperature profiles to calculate the tropopause temperatures,
whereas the tropopause heights are interpolated using the pressure levels and their
approximate heights are estimating using the following relationship (PSAS, 2004):

hLRT ≡ 44 330.8− 4946.54× P 0.1902632. (6.5)

6.3 Results and discussion3745

6.3.1 Evaluation of radiosonde observations3746

Temperature, water vapour pressure and refractivity profiles observed at various ra-3747

diosondes in the GBM River Basin (see, Table 6.1) are compared with those derived3748

from COSMIC RO between August 2006 and December 2013. Of particular interest is3749



6.3. Results and discussion 131

the performance of the recently upgraded radiosondes at three stations in India: New-3750

Delhi, Patna, and Dirbugarh, where major concerns have been raised prior to upgrading3751

to a new GPS-based system (e.g., Das Gupta et al., 2005, Krishna Kumar et al., 2011,3752

Ansari et al., 2015). Figure 6.4 shows the total number of data pairs at each pressure3753

level where COSMIC RO data are found within a radial distance of 200 km and 2 hours3754

time difference from a nearest radiosonde station over the entire period of study. The3755

number of data pairs varied at each pressure level for both temperature and humid-3756

ity (i.e., water vapour pressure) and tend to decrease rapidly with increasing altitude,3757

which is particularly true for the IMD radiosondes (Fig. 6.4). Majority of the IMD ra-3758

diosondes have burst out between 14.2 km and 18.8 km, leading to a drastic decline in3759

meteorological data in the UTLS region.3760
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Figure 6.4: Number of data pairs at each pressure level for temperature and humidity (water
vapour pressure) for all the radiosonde types (see, Table 6.1) from August 2006 to December
2013.

6.3.1.1 Temperature3761

Figure 6.5 shows the mean temperature bias and their standard deviations for various3762

radiosondes with respect to the COSMIC RO data. The quality of radiosondes differ3763

considerably within the altitude range compared. Radiosondes generally show cold bias3764

in the troposphere (below 14.2 km) and the lower stratosphere (above the tropopause3765

level), warm bias in the tropopause region (with the exception of radiosondes over3766

Bangladesh). While the three radiosondes over the Bangladesh territory (labelled as3767

“Bdesh”) exhibit significantly large (warm) bias within the UTLS region (including the3768

tropopause), biases are generally less than ±0.5◦C in the Chinese territory (labelled as3769

“ShangE” and “ShangM”). ShangE appears to perform better than ShangeM both in3770

terms of biases (Fig. 6.5a) and standard deviations (Fig. 6.5b) in the tropopause region3771

although it also shows a substantial bias in the stratosphere and in the lower most3772

troposphere (Fig. 6.5a). On the other hand, the radiosondes in the Indian territory3773
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(labelled as “IMD/MK4”) exhibit the largest bias above 7.5 km (or 400 hPa level) with3774

a standard deviation of more than 2◦C (Fig. 6.5b). These results are consistent with3775

most previous studies (e.g., Sun et al., 2010, Krishna Kumar et al., 2011, Ansari et al.,3776

2015).3777
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Figure 6.5: (a) Mean temperature bias and (b) standard deviations of various radiosondes
(refer to Table 6.1) over the GBM River Basin with respect to COSMIC RO data between
August 2006 and December 2013.

The spatially averaged mean biases and standard deviations of various radiosonde3778

observations calculated for the entire GBM River Basin are given in Table 6.2. Biases3779

and standard deviations are estimated separately for the UT (400–150 hPa level) and the3780

lower stratosphere (70–20 hPa level) in order to avoid the cancellation of errors caused3781

by opposite signs. As discussed, ShangE and ShangM exhibit the least temperature3782

bias (even though of opposite signs) for both the layers. IMD/MK4 sondes show a cold3783

(warm) bias of 0.6◦C (1.0◦C) in the upper troposphere (lower stratosphere), while Bdesh3784

sondes indicate warm bias of 0.6◦C and 0.8◦C in the UT and LS layers, respectively3785

(Table 6.2).3786

In order to examine if there are any improvements in the measurements obtained3787

from three recently upgraded radiosondes (at New Delhi, Patna, and Dilbugarh), a sep-3788

arate analysis is carried out using observations before (August 2006–May 2009) and3789

after (June 2009–May 2013) upgrading to the new GPS-based system. The comparison3790

results shown in Fig. 6.6 are based on more than 200 data pairs for both time periods.3791

The results show substantial improvement in temperature bias and standard deviations3792

(see, Fig. 6.6a–b). The large cold (warm) bias in the troposphere (stratosphere) has been3793

largely eliminated (Fig. 6.6a) and their variance have also been reduced substantially in3794

the new GPS-based radiosondes. GPS receivers onboard radiosondes helps to provide3795

better estimation of pressure (in addition to geographical position) resulting in a overall3796
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improvement in its measurements. Overall, the temperature biases have reduced from -3797

0.8◦C to -0.3◦C (0.6◦C to 0.2◦C) in the upper troposphere (lower stratosphere) as shown3798

in Table 6.3. But its standard deviations are still slightly higher than those shown by3799

ShangE and ShangM radiosondes. It should be mentioned here that ShangE/ShangM3800

results are reported based on a relatively small sample and their biases have been re-3801

ported to be smaller than what is presented here (see e.g., Sun et al., 2010, Wang et al.,3802

2013).3803
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Figure 6.6: (a) Mean temperature bias and (b) standard deviations of IMD/MK4 and IMD-
GPS (refer to Table 6.1) with respect to COSMIC RO data over the GBM Basin. The temper-
ature biases are plotted for two periods based on three radiosonde stations (New Delhi, Patna,
and Dilbugarh), one between August 2006 and May 2009 (labelled as “IMD/MK4”) and the
other between May 2009 and December 2013 (labelled as “IMD/GPS”).

Table 6.2: Mean biases and standard deviations in temperature, water vapour pressure, and
refractivity of various existing radiosondes in the GBM River Basin with to COSMIC RO data
(“wet profiles”). The statistics are computed separately for the upper troposphere (400–150 hPa)
and the lower stratosphere (70–20 hPa) for the period 2006–2013.

Radiosondes Upper Troposphere [400–150 hPa] Lower Stratosphere [70–20 hPa]
∆T [◦C] RE pw [%] RE N [%] ∆T [◦C] RE N [%]

ShangE 0.2±1.5 -45.0±50.4 -0.4±0.9 -0.2±1.6 0.1±0.8
ShangM -0.2±1.4 -35.2±47.7 -0.1±0.8 -0.1±-0.1 0±0
IMD/MK4 -0.6±2.1 -54.5±43.1 -0.1±1.2 1.0±2.0 -0.5±0.9
Bdesh 0.6±1.2 -42.4±44.4 -0.3±0.8 0.8±2.1 -0.4±1.0
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Table 6.3: Mean biases and standard deviations in temperature, water vapour pressure, refrac-
tivity of three IMD/GPS-based radiosondes in reference to COSMIC RO data (“wet profiles”).
Biases and standard deviations are estimated from Fig. 6.6.

Radiosondes Upper Troposphere [400–150 hPa] Lower Stratosphere [70–20 hPa]
∆T [◦C] RE pw [%] RE N [%] ∆T [◦C] RE N [%]

IMD/MK4 -0.8±2.3 -50.6±47.6 0.1±1.2 0.6±2.2 -0.3±1.0
IMD/GPS -0.3±1.7 -35.5±50.5 -0.1±0.9 0.2±1.9 -0.1±0.9

6.3.1.2 Water vapour3804

Water vapour plays an important role in the global and regional weather, climate,3805

and hydrology and is a major source of uncertainty in the lower troposphere (e.g., Kuo3806

et al., 2004, Danzer et al., 2014). CDAAC uses a 1D-Var assimilation system with coarse3807

grid ECMWF operational forecast analysis to disaggregate the most optimal fields of3808

pressure, temperature, and moisture contribution to refractivity (Anthes et al., 2008,3809

Anthes, 2011). The retrieved profiles are called “wet profile”. Figure 6.7 shows the relative3810

errors in water vapour pressure of various radiosondes with respect to the COSMIC RO3811

(“wet profiles”) data. Considering that water vapour is negligible in the stratosphere,3812

the errors are plotted only for the troposphere (below 100 hPa level) and their basin-3813

averaged statistics are provided in Table 6.2 and 6.3. All the radiosondes show dry bias3814

against the COSMIC RO data and their magnitudes tend to increase with altitude (Fig.3815

6.7a). The biases in ShangE and ShangM sondes are found to be consistent below 2003816

hPa with a mean bias of -39% and 23%, respectively. Note that the relative errors shown3817

in Table 6.2 are calculated between 400 hPa and 150 hPa level and it should be noted3818

that these two radiosondes are anomalously biased at the tropopause (100 hPa) level.3819

On the other hand, IMD/GPS radonsonde exhibit relatively low biases above 500 hPa3820

level (Fig. 6.7a) and their standard deviations are also found to be consistent around3821

50% (Fig. 6.7b). The relative error has been reduced by about 15% after upgrading to3822

the GPS-based sondes at the three stations over India (see, Table 6.3).3823

6.3.1.3 Refractivity3824

Errors in refractivity are directly related to errors in observed temperatures and water3825

vapour with the latter contributing largest in the lower troposphere. The comparison3826

results shown in Tables 6.2 and 6.3 indicated relatively large errors for temperature and3827

water vapour pressure by the IMD/MK4 and Bdesh radiosondes corresponding to very3828

cold (warm) biases in the troposphere and stratosphere (tropopause region) (see, Fig.3829

6.5a). The refractivity errors are consistent with the errors in temperature and water3830

vapour pressure with IMD/MK4 and Bdesh radiosondes indicating the largest relative3831

refractivity bias above 300 hPa level (Fig. 6.8a). However, it is seen that Bdesh radioson-3832

des indicate the smallest standard deviation between 300 hPa to 70 hPa level. Thus,3833

very large refractivity errors in IMD/Bdesh sondes in the upper troposphere may have3834

resulted from large temperature bias (see, Fig. 6.5a). Consistent with the temperature3835

and water vapour pressure measurements, refractivity errors are greatly reduced in the3836
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of various radiosondes over the GBM River Basin with respect to COSMIC RO data.

IMD/GPS-based radiosondes both in terms of biases and standard deviations, which is3837

now at par with ShangE and ShangM sondes (see, Table 6.2 and 6.3).3838
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6.3.2 Seasonal and interannual variability of UTLS temperature3839

In this section, the COSMIC RO temperature datasets (from “dry profile”) are compared3840

with those simulated by two widely used reanalysis systems: MERRA and ERA-Interim.3841

The COSMIC RO temperature datasets are firstly linearly interpolated to the standard3842

pressure level of MERRA and ERA-Interim between 500 hPa and 10 hPa, are then3843

spatially interpolated to a 0.5◦ × 0.5◦ grid at each level using the ordinary kriging3844

interpolation algorithm (Goovaerts, 2000). Figure 6.9 shows the spatially averaged tem-3845

poral evolution of UTLS temperature anomalies (time mean removed) over the GBM3846

River Basin. The temperature anomalies of COSMIC RO data are plotted in Fig. 6.9a.3847

The temperature anomalies range between ±6◦C, with large anomalies in the upper tro-3848

posphere and lower troposphere, suggesting strong seasonal variations in these regions.3849

As a result a strong seasonal cycle is evident in the troposphere below 200 hPa level3850

and the stratosphere (above 70 hPa level). The three datasets (COSMIC, MERRA, and3851

ERA-Interim) agree very well above 200 hPa where water vapour is negligible. Below3852

200 hPa level, however, COSMIC data (Fig. 6.9a) are found to be colder than the two3853

reanalyses (Fig. 6.9b–c) as the effect of water vapour becomes more significant.3854
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Figure 6.9: Temporal evolution of temperature (◦C) with the time mean removed at each
pressure level (500–10 hPa) based on (a) COSMIC RO, (b) MERRA, and (c) ERA-Interim.
Data span between August 2006 and December 2013 and contain area-average over the region
(16–35◦N, 71–100◦E) covering the GBM River Basin.
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Both MERRA and ERA-Interim show quantitatively similar biases with respect to3855

the COSMIC RO data, indicating a mean bias of 1.23◦C and 1.22◦C, respectively, when3856

averaged over 200 to 70 hPa level, whereas the difference between MERRA and ERA-3857

Interim is found to be relatively small (within ±0.5◦C) over the same layer during the3858

last 89 months. The annual cycle of temperature at (a) 200 hPa, (b) 100 hPa, (c) 70 hPa,3859

and (d) 50 hPa levels are shown in Fig. 6.10. Both MERRA and ERA-Interim exhibit3860

warm bias at all the pressure levels with varying magnitudes over different seasons.3861

Both reanalysis products are found to be warmer by ∼ 1◦C in June at 200 hPa level3862

(Fig. 6.10a), ∼ 1.5◦C at 100 hPa level (Fig. 6.10b), and up to 2◦C at 70 hPa level from3863

November to May (Fig. 6.10c).3864
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Figure 6.10: Seasonal cycle of temperature (◦C) at (a) 200 hPa, (b) 100 hPa, (c) 70 hPa,
and (d) 50 hPa from August 2006 to December 2013 based on COSMIC RO, MERRA, and
ERA-Interim averaged over the GBM River Basin.

Figure 6.11 shows the detrended (as well as deseasonalized) time-series of temper-3865

ature anomalies at four pressure levels mentioned above. The temperature anomalies3866

show considerable interannual variability from 2006 to 2013, indicating large negative3867

anomalies in the troposphere during the 2009/2010 and 2012/2013 winter, and during3868

2007/2008, 2008/2009, and 2011/2012 winters in the lower stratosphere. The 100 hPa3869

level was warmer by ∼ 1.5◦C during the period 2006/2007, 2009/2010, and 2012/2013,3870

and this is consistent in all the three data sets (Fig. 6.11a–c). The warm anomalies at3871

the 100 hPa level for all three periods coincide with warm (i.e., El Niño) ENSO phase,3872

while anomalously cold temperatures at 50 hPa level during 2009/2010 and 2010/20113873

coincides with the recent stratospheric sudden warming (SSW) events. The stratospheric3874

planetary waves in the winter Northern Hemisphere can become so intense that they3875
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can rapidly disrupt the northern polar vortex, replacing the westerly winds with east-3876

erly winds at high latitudes, leading to a dramatically warm polar stratosphere. This3877

phenomenon is called SSW (Baldwin et al., 2001) and has a tendency to cool the strato-3878

sphere in the tropics and subtropics (e.g., 50 hPa level in Fig. 6.11). The temperature3879

decreased by about 5◦C during the 2008/2009 SSW event at 50 hPa level (see also3880

Resmi et al., 2013). The SSW events can occur during both westerly and easterly phase3881

of the QBO, in which both 2008/2009 and 2010/2011 events occurred during the west-3882

erly phase. The warm temperature anomalies from 2006–2007 in the UTLS are likely3883

associated with El Niño (warm ENSO phase) and positive IOD phase, whereas positive3884

temperature anomalies above 50 hPa possibly indicate a weak SSW event.3885
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Figure 6.11: Interannual variability of temperature (◦C) in the UTLS region based on
(a) COSMIC RO, (b) MERRA, and (c) ERA-Interim from August 2006 to December 2013.

In order to relate them to the three climate indices described in Sect. 6.2.4, the tem-3886

perature anomalies at (a) 200 hPa, (b) 100 hPa, (c) 70 hPa, and (d) 50 hPa are plotted3887

in Fig. 6.12a–d together with the three indices in Fig. 6.12e. The 200 hPa level temper-3888

ature anomalies clearly indicate the influence of 2009/2010 El Niño event (Fig. 6.12a)3889

where temperature decreased by ∼ 1.5◦C when El Niño was at its peak in January3890

2010 (Fig. 6.12a). The 200 hPa level temperatures are negatively correlated with ENSO3891

(Fig. 6.12e) and the 100 hPa level temperature variations (Fig. 6.12b). The 100 hPa level,3892

whose temperatures are highly correlated with ENSO (see Table 6.4), also appears to be3893

closely associated with the QBO anomalies especially during 2008/2009 and 2010/20113894



6.3. Results and discussion 139

(Fig. 6.12b). The temperature anomalies at 70 and 50 hPa levels (Fig. 6.12c–d) primar-3895

ily depict the structure of recent major SSW events (see also, Fig. 6.11), both of which3896

occurred during the westerly phase of the QBO cycle. Correlation coefficients between3897

temperature anomalies at these four pressure levels and three atmospheric/ocean in-3898

dices are given in Table 6.4. Significance of the correlation coefficients are tested at 95%3899

confidence level using the Students t-test with a reduced degree of freedom calculated3900

by dividing the total number of months (i.e., 89) by 3 (i.e., averaging window), that is3901

used to smooth the time-series. Thus, the degree of freedom becomes n-2 = 27..3902
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Figure 6.12: Interannual variability of temperature (◦C) at (a) 200 hPa, (b) 100 hPa, (c) 70
hPa, and (d) 50 hPa from August 2006 to December 2013 based on COSMIC RO, MERRA,
and ERA-Interim. (e) Ocean–atmospheric indices: Niño3.4, DMI, and QBO are also plotted for
reference.

As shown in Fig. 6.12, ENSO is highly correlated (0.82 at 1-month time lag)3903

with temperatures at 100 hPa level and tend to be insignificant above 70 hPa level.3904

Warmer (colder) SST leads to stronger (weaker) convection resulting in colder (warmer)3905

tropopause temperatures and are also negatively correlated with temperatures at 2003906

hPa level. Both MERRA and ERA-Interim indicate very similar correlation values and3907

hence, are not shown. IOD is found to be significantly correlated with temperatures3908

in the lower troposphere with a correlation of −0.53 at 400 hPa level (see Table 6.4).3909

This is obvious because the correlation between IOD and ENSO between 2006 and 20133910

was substantially higher (0.42) than the long-term value (of ∼ 0.3). At the 200 hPa3911

level, its correlation decreased to −0.42 (see, Table 6.4) but is still significant at 95%3912

confidence level. Temperatures at 100 hPa level over the tropics have been shown as an3913

approximation of the QBO signal in Liang et al. (2011) due their very high correlation3914
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Table 6.4: Correlation coefficients between various climate indices and temperature anomalies
at 200 hPa, 100 hPa, 70 hPa, and 50 hPa for the period August 2006 to December 2013. The
values that are significant at 95% confidence level based on the reduced degree of freedom are
bolded. Positive time lag indicate ENSO/IOD/QBO fluctuating UTLS temperature and vice
versa.

ENSO IOD QBO
Pressure Correlation Lag Correlation Lag Correlation Lag
levels (months) (months) (months)
200 hPa −0.70 0 −0.42 0 0.39 1
100 hPa 0.82 1 0.27 2 0.47 0
70 hPa 0.40 3 −0.35 −4 −0.45 2
50 hPa 0.27 1 0.34 2 0.42 6

(0.86) between 2004 and 2010. However, their relationship did not hold steady (with3915

a correlation of 0.47 at 100 hPa level) as the QBO westerly phase slowed dramatically3916

lasting for about 21 months (i.e., 1 and 1/2 cycle) from June 2008 to January 2010,3917

which is then followed by a steep easterly phase in June 2010.3918

Temperature changes estimated at the four pressure levels (Fig. 6.12) from 2006 to3919

2013 are given in Table 6.5. The linear trends are estimated from the deseasonalized tem-3920

perature anomalies using non-parametric Sen’s slope estimator (Sen, 1968). Significance3921

of trends are tested at 95% confidence level based on the Mann–Kendall non-parametric3922

test (Mann, 1945, Kendall, 1962). Consistent with the time-series shown in Fig. 6.12a,3923

there is a slight increase (but not significant) in temperature (0.02±0.02◦Cyear−1 based3924

on COSMIC RO) at 200 hPa level and a decrease in temperature (−0.04±0.05◦Cyear−1
3925

based on COSMIC RO) at the 100 hPa level. It also confirms the recent stratospheric3926

cooling trends (Seidel et al., 2011), indicating a temperature decrease at the rate of3927

0.07 ± 0.05◦Cyear−1 based on COSMIC RO at 70 hPa level during the past 8 years.3928

These trends are also consistently estimated by the two reanalysis products (MERRA3929

and ERA-Interim) except at 100 hPa level where MERRA data did not show any trend3930

(see Table 6.5). The uncertainties in trend estimates were relatively larger than the trend3931

themselves due to the short time span but nevertheless the trends are clearly visible at3932

various pressure levels in the UTLS region (see, Fig. 6.12).3933

Table 6.5: Trends in temperature (◦C/yr) at 200 hPa, 100 hPa, 70 hPa, and 50 hPa for the
period August 2006 to December 2013. Uncertainties in trend estimates are reported at 95%
confidence interval.

Pressure levels COSMIC MERRA ERA-Interim
200 hPa 0.02± 0.02 0.03± 0.03 0.03± 0.05
100 hPa −0.04± 0.05 0.00± 0.00 −0.02± 0.04
70 hPa −0.07± 0.05 −0.04± 0.05 −0.05± 0.05
50 hPa −0.02± 0.04 −0.01± 0.01 −0.01± 0.02
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6.3.3 Trends and variability of tropopause heights and temperatures3934

This section examines the spatio-temporal variations in tropopause temperatures and3935

heights using MERRA and spatially interpolated COSMIC RO data between August3936

2006 and December 2013. The annual mean and standard deviation of tropopause tem-3937

peratures and heights are plotted in Figs. 6.13 and 6.14. The tropopause is generally3938

colder (higher) in south (closer to the equator), reaching a minimum (maximum) tem-3939

perature (height) of −81.5◦C (16.9 km) over southern Myanmar (Figs. 6.13a and 6.14a).3940

While the temperature gradually increases from south to north (from −81.5 to −69.5◦C,3941

based on COSMIC RO in Fig. 6.13a), its heights are more or less homogenous at around3942

16.8 km below 29◦N with its boundary roughly falling on the northern boundaries of3943

Bhutan. However, its height changes steeply by around 2 km from 29 to 35◦N, which3944

also shows the largest standard deviation (∼ 1.8 km, Fig. 6.14b). The standard devia-3945

tion of tropopause temperatures reaches up to ±6◦C over the region based on COSMIC3946

RO data (Fig. 6.13b).3947
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Figure 6.13: Spatial variation of mean and standard deviation of tropopause temperatures
(◦C) derived from COSMIC RO and MERRA product based on 89 months from August 2006 to
December 2013. (a) Mean and (b) standard deviation of tropopause temperatures (◦C) from
COSMIC RO, (c) mean and (d) standard deviation of tropopause temperatures (◦C) from
MERRA product.
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Figure 6.14: Spatial variation of mean and standard deviation of tropopause heights (km)
derived from COSMIC RO and MERRA datasets based on 89 months from August 2006 to
December 2013. (a)Mean and (b) standard deviation of tropopause heights (km) from COSMIC
RO, (c) mean and (d) standard deviation of tropopause heights (km) estimated based on
MERRA temperature data.

The tropopause over the GBM River Basin often reaches as high as 18 km in response3948

to the Indian summer monsoon, when intense convective activities occur, and as low3949

as 10 km during winter. The spatial patterns of tropopause shown by MERRA are3950

consistent with those from COSMIC RO but are found to be more zonally homogenous,3951

warmer (by up to 4◦C in the north) and lower (by ∼ 1 km) over the region. This warm3952

bias (against COSMIC RO data) is also observed in ERA-Interim at 100 hPa level (see3953

Fig. 6.10b) but is relatively lower than MERRA, especially during the monsoon. The3954

annual cycle of spatially averaged (over the spatial domain covering 71.5–99.5◦E, 16.5–3955

34.5◦N) tropopause temperatures and heights of COSMIC RO and MERRA are shown3956

in Fig. 6.15. The tropopause temperatures (heights) of COSMIC RO reach minimum3957

(maximum) in June but are warmer (lower) in MERRA by 1.0–2.5◦C (∼ 1.2 km from3958

May to December). MERRA also shows tropopause temperature minimum during July3959

instead of June (Fig. 6.15a). The large differences in MERRA could partly be related to3960

the approximation in Eq. (6.5), but it should be noted that errors in tropopause heights3961

may cause large errors in temperature due to the lapse-rate criterion. The warm bias3962



6.3. Results and discussion 143

(against COSMIC RO data) observed in reanalysis products is thought to mainly stem3963

from assimilation of radiance observations from aircrafts and satellites (see, e.g., Dee3964

et al., 2011, and the references therein). Large variations in tropopause temperatures3965

and heights in Fig. 6.15 (indicated by error bars) during winter and spring could be3966

related to high diurnal temperature variations (Mehta et al., 2010).3967
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Figure 6.15: Annual cycle of tropopause over the GBM River Basin computed from MERRA
and COSMIC RO data for the period between August 2006 and December 2013: (a) tropopause
temperatures and (b) tropopause heights.

The annual cycle was removed from each grid cell to examine the interannual vari-3968

ability of tropopause temperatures and heights as well as to estimate linear trends over3969

the period August 2006 to December 2013. The linear trends and their uncertainties are3970

presented in Table 6.6. In general, based on the COSMIC RO data, the tropopause ap-3971

pears to be cooling (increasing in height) at a rate of −0.039±0.05◦Cyear−1 (6.01±5.023972

myear−1) during the period (see Table 6.6), which to some degree is also estimated by3973

MERRA. However, MERRA shows negligible cooling compared to COSMIC RO data.3974

Nevertheless, the increase in heights are not consistent with the temperature decline.3975

The increasing (decreasing) tropopause heights (temperatures) has been consistently ob-3976

served in GNSS RO data over the years at both global and regional scale (e.g., Schmidt3977

et al., 2008, 2010, Khandu et al., 2011), which is evidently in response to enhanced3978

warming in the upper troposphere and substantial cooling in the lower stratosphere.3979

Table 6.6: Trends in tropopause temperatures (◦C/yr) and heights (m/yr) based on the area-
averaged time-series anomalies derived from COSMIC RO and MERRA. Data span between
August 2006 and December 2013. Uncertainties in trend estimates are reported at 95% confi-
dence interval. Note that the temperature trend estimates are not found to be signficant at 95%
confidence interval.

Data Temperature (◦Cyear−1) Height (m year−1)
COSMIC RO −0.039±0.05 6.01±5.02
MERRA −0.005±0.03 17.00±10.20

To assess their spatio-temporal variability over the GBM River Basin, PCA is ap-3980

plied to the deseasonalized time-series of tropopause temperatures and heights. PCA3981
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is particularly relevant here because tropopause is a transitional layer that responds to3982

perturbations from both the troposphere and stratosphere, which makes it difficult to3983

understand their variability modes. Figure 6.16 shows the EOFs (or spatial maps) of the3984

first three leading modes of variability. The first EOF accounts for a variability of ∼ 73%3985

(COSMIC RO) and ∼ 63% (MERRA) indicating positive anomalies (up to 1.1◦C) across3986

the GBM River Basin. EOF 1 appears to be rather symmetric around 29◦N in COSMIC3987

RO, but seems to be shifted slightly southwards in MERRA (Fig. 6.16a and d). Their3988

corresponding PCs are shown in Fig. 6.17. PC 1 (Fig. 6.17a) is found to be highly corre-3989

lated with Niño3.4 index with a correlation of 0.77 (COSMIC RO) and 0.78 (MERRA)3990

with a time lag of 1 month, indicating that ENSO dominates tropopause variability over3991

the region (see Table 6.7). IOD is also moderately correlated (0.35) with PC 1 of both3992

COSMIC RO and MERRA (with a lag of 2 months), indicating that warmer SSTs in3993

the equatorial Indian ocean might be having some influence on the regional tropopause3994

variability.3995
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Figure 6.16: The first three leading EOFs of tropopause temperature (◦C) based on MERRA
data and COSMIC RO data for the period August 2006 to December 2013.

The second EOF shown in Fig. 6.16b and e indicate a diagonal (dipole) pattern3996

with positive (negative) anomalies in the northwest (southeast), accounting for variance3997

of ∼ 10% (COSMIC) and ∼ 18% (MERRA). The corresponding PC is significantly3998

correlated with the QBO index with a correlation coefficient of 0.40 (COSMIC RO) and3999

0.53 (MERRA) (at zero lag). It is therefore, not surprising that the relationship between4000

PC 2 and QBO is relatively low compared to the equatorial (or tropical) tropopause4001

since QBO is a tropical phenomenon (e.g., Reid and Gage, 1985, Randel et al., 2000,4002

Gettelman et al., 2001, Liang et al., 2011). It also stems from the fact that QBO westerly4003

phase prolonged for an extended period of 21 months before changing to a westerly phase4004

in January 2010. The third EOF (Fig. 6.16c and f) explains about 5% (COSMIC RO)4005
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Figure 6.17: The corresponding PCs (temporal components) based on the three leading
orthogonal modes shown in Fig. 6.16.

and 10% (MERRA) of the variability and shows positive (negative) anomalies below4006

(above) 30◦N, although MERRA shows a diagonal dipole pattern similar to EOF 2.4007

Their corresponding PCs are found to be moderately correlated with ENSO and IOD.4008

The tropopause heights are negatively correlated with their temperatures and, therefore,4009

vary inversely with their temperatures, i.e., increase in tropopause heights with decrease4010

in temperatures. The correlation coefficient between the PCs of three leading modes of4011

tropopause heights and the ocean–atmospheric indices indicate similar magnitudes of4012

correlations but with opposite signs (see Table 6.7).4013

Table 6.7: Correlation coefficients between tropopause parameters (temperature and height)
derived from COSMIC RO and MERRA and ocean-atmospheric indices for the period August
2006 to December 2013. The values that are significant at 95% confidence level based on the
reduced degree of freedom are bolded.

Data COSMIC RO MERRA
Temperature Height Temperature Height

Nino3.4 & PC 1 0.77 −0.74 0.78 −0.75
IOD & PC 1 0.35 0.37 0.35 0.38
QBO & PC 2 0.36 0.36 0.53 0.54

To show the influence of ENSO mode on the tropopause, the seasonal mean area-4014

averaged anomalies of tropopause temperatures and heights are plotted in Fig. 6.18.4015
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Seasonal mean anomalies are obtained by averaging the products of EOF 1 and PC4016

1 (of the COSMIC RO data). The ENSO effect is found to be maximum during the4017

winter period (e.g., 2009–2010, 2012–2013) when ENSO was at its peak. Its effects are4018

also felt during autumn (in 2007 and 2011) and spring (in 2008) and during the El Niño4019

and La Niña periods, respectively. The largest tropopause anomaly occurred during the4020

major El Niño event of 2009/2010 when tropopause temperatures (heights) increased4021

(decreased) by about 1.5◦C (300 m) in the winter (Fig. 6.18a–b). La Niña periods (e.g.,4022

2007/2008, 2010/2011) are mainly associated with deep convections in the troposphere4023

leading to a wider troposphere or higher tropopause heights (see Fig. 6.18b).4024
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Figure 6.18: Seasonal mean tropopause temperature and height anomalies due to ENSO mode
together with the Niño3.4 index. The area-averaged time-series were obtained by multiplying
EOF 1 and PC 1, i.e., basically showing the replication of ENSO mode.

6.4 Concluding remarks4025

This study assess the spatio-temporal variations of temperature in the UTLS region over4026

the GBM River Basin using 89 months (August 2006 to December 2013) of COSMIC4027

RO data and two global reanalyses (MERRA and ERA-Interim). The GBM River Basin4028

received an average of ∼576 well-distributed COSMIC RO profiles/month during the4029

period with more than 56% of the profiles reaching at least 1.5 km above the mean sea4030

level height. Even though the reanalysis products such as MERRA and ERA-Interim4031

are significantly warmer (by up to 2◦C) than COSMIC RO data at 200–50 hPa level,4032

the warm bias is found to be consistent over time. The UTLS temperature showed4033

considerable interannual variability during the past 8 years (2006–2013) with modest4034

trends in the troposphere and stratosphere. ENSO is found to have the largest effect at4035

the 100 hPa level with a correlation of 0.82 (at 1-month lag) while SSW signals tend4036

to dominate the lower stratospheric temperature anomalies (e.g., at 50 hPa level). The4037

temperature at 200 hPa level decreased by ∼ 1.5◦C during the last major El Niño event4038
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of 2009/2010. The SSW events that occurred in 2008/2009 and 2010/2011 winters are4039

marked by pronounced cooling at 50 hPa level.4040

The relationship between ENSO and QBO has been reported to be strong between4041

2004 and 2008 (Liang et al., 2011) but has weakened substantially over the years due to4042

a persistent westerly phase that lasted for 21 months from June 2008 to January 2010.4043

The IOD mode plays a significant role on the tropospheric temperature warming over4044

the GBM River Basin as enhanced upwellings in the equatorial Indian ocean drives more4045

convection in the region. However, their role seems to be limited within the troposphere4046

as the magnitude of correlation between IOD and temperature decreases from −0.53 at4047

400 hPa level to −0.42 hPa at 200 hPa level. Consistent with previous global warming4048

trends, there is a warming (cooling) trend in the upper troposphere (lower stratosphere)4049

(see, e.g., IPCC, 2007, 2013, and references therein).4050

The tropopause temperatures and heights derived from COSMIC RO and MERRA4051

were investigated in detail due to their importance in climate change and attribution4052

studies (see, e.g., Santer et al., 2003a, 2008, IPCC, 2007). The interannual variability4053

of tropopause temperatures and heights over the GBM River Basin was studied by4054

applying the PCA method. The results indicate a dominant effect of ENSO, accounting4055

for a variance of about 73% (COSMIC RO) and 63% (MERRA) of the first variability4056

mode. PC 1 shows a near-accurate representation of the ENSO mode (represented by4057

the Niño3.4 index) with a correlation of 0.77 (COSMIC RO) and 0.78 (MERRA). The4058

QBO accounts for ∼ 10% (COSMIC RO) and ∼ 18% (MERRA) of the variability, as4059

indicated by the correlation between PC 2 and the QBO index. The largest temperature4060

anomaly was recorded in 2009/2010 winter corresponding to a major El Niño event. The4061

tropopause temperatures (heights) increased (decreased in heights) by about 1.5◦C (3004062

m) during this period. Because IOD effects are generally found to be concentrated within4063

the troposphere, its correlations with tropopause (temperatures and heights) are found4064

to be low but, nevertheless, require further examination using longer time-series.4065

Additionally, this study compared radiosonde observations from various stations in4066

the GBM River Basin with high quality COSMIC RO data. Evaluation results for the4067

period between August 2006 and December 2013 confirmed that radiosondes in the4068

Indian and Bangladesh territory exhibit substantial biases in the UTLS region. Further,4069

the results from three newly upgraded radiosondes in India indicated that the new4070

GPS-based radiosondes significantly reduced temperature bias and standard deviations4071

in the UTLS region. This suggests that incorporating GPS receivers in conventional4072

radiosondes helps to provide better estimates of air temperature through more accurate4073

measurement of pressure at various altitude levels. However, there are still problems4074

with IMD radiosondes in regard to their ability to ascend to higher altitudes thus,4075

limiting their usage in investigating the UTLS region.4076
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7. Conclusion and future outlook4077

In this Chapter, the main findings are summarized, and suggestions are provided for4078

future research to study the combined impacts of climate change and increasing water4079

use on water availability in the Ganges–Brahmaputra–Meghna (GBM) River Basin.4080

7.1 Summary of the findings4081

7.1.1 Quality assessment of climate datasets4082

Quantifying the climate change impacts on various aspects of water resources (e.g., wa-4083

ter availability, storage, quality) require high-quality up-to-date observational datasets4084

and climate and hydrological modelling approaches based on well-established physical4085

laws. Unfortunately, it is hard to achieve such an ideal scenario, and uncertainties in ob-4086

servational datasets can propagate into physical models, which are in fact build based on4087

empirical theories and observational evidences. Much of this thesis has been dedicated to4088

assessing the skills of various climate datasets by using novel statistical techniques, in-4089

cluding both parametric such as cross-correlation, multiple linear regression approaches,4090

and generalized three-cornered-hat (TCH) methods (e.g., Awange et al., 2015), and non-4091

parametric methods such as Sen’s slope estimation (Sen, 1968) and Principle Component4092

Analysis (PCA, Preisendorfer, 1988). In particular, statistical decomposition of climate4093

data using PCA provides both spatial and temporal components in the order of their4094

maximum variability for comparison. The TCH algorithm on the other hand, can be ex-4095

tended to include several datasets for estimating relative uncertainties, consistent with4096

other conventional methods, but without having to specify a reference dataset (Awange4097

et al., 2015, see also, Chapter 3).4098

In Chapter 2, the strengths and weaknesses of the commonly used data as inputs to4099

land surface and hydrological models, including monthly precipitation and temperature,4100

are evaluated by comparing with existing regional and global in-situ gauge datasets from4101

Asian Precipitation- Highly Resolved Observational Data Integration Towards Evalu-4102

ation (APHRODITE, Yatagai et al., 2012), Global Precipitation Climatology Center4103

(GPCC version 6 and 7, Becker et al., 2013, Schneider et al., 2014), Climate Research4104

Unit (CRU version TS3.22, Harris et al., 2013), and University of Delaware (UDEL,4105

Legates and Willmott, 1990). The results indicate that among the three global reanaly-4106

ses: (i) the European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis4107

(ERA-Interim, Dee et al., 2011), (ii) Modern-Era Retrospective Analysis for Research4108

and Applications (MERRA, Rienecker et al., 2011), and (iii) Climate Forecast System4109

(CFS) Reanalysis (CFSR, Saha et al., 2010), ERA-Interim is found to be more accurate4110

in reproducing the observed interannual variations and long-term precipitation trends,4111

while MERRA tend to perform better in terms of reproducing the observed amplitudes,4112

variations, and to some degree long-term trends of temperature for the period 1980–2010.4113

Given that ERA-Interim provides consistent precipitation patterns, it is considered as4114
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the primary driving data for the Regional Climate Model version 4.4 (RegCM4.4, Giorgi4115

et al., 2012) simulation conducted in Chapter 4.4116

Additionally, several satellite remote sensing (SRS) precipitation products have also4117

been evaluated for their seasonal variations and decadal trends, including those from4118

Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis4119

(TMPA, Huffman et al., 2007), Climate Hazards Group InfraRed Precipitation (CHIRP,4120

Funk et al., 2014), Climate Predict Center (CPC) MORPHing technique, and Precipi-4121

tation Estimation from Remotely Sensed Information using Artificial Neural Networks4122

(PERSIAN, Sorooshian et al., 2000), with the latter three products assessed mainly over4123

the eastern Himalayan regions of Bhutan (see, Khandu et al., 2015, 2016c). Among the4124

SRS-based products, while both microwave- and infra-based precipitation estimates ad-4125

equately describe the larges-scale precipitation variations across the GBM River Basin,4126

their footprints are found to be too large for small countries such as Bhutan (Khandu4127

et al., 2015), making them unsuitable for any applications. The SRS-only products still4128

significantly underestimate monsoon precipitation over high precipitation regions (e.g.,4129

the Himalayan Foothills), and require bias correction measures to reproduce the cor-4130

rect amplitudes and seasonal means. A multi-step algorithm implemented by TMPA4131

to merge SRS with high density gauge products such as GPCC version 6, provides the4132

most consistent precipitation estimates in the GBM River Basin (e.g., Xue et al., 2013,4133

Prakash et al., 2014, Khandu et al., 2015, 2016c).4134

Given the lack of sufficient ground-based soil moisture observations, climate change4135

impact assessments on water resources mainly rely on distributed and semi-destributed4136

land surface and hydrological models, with inputs from high quality precipitation and/or4137

temperature datasets. However, modelling various water storage components requires4138

considerable parameterization and regional understanding, and requires complex data4139

assimilation techniques to combine observations and modelled outputs, thus requiring4140

careful evaluation before applying them for impact analysis. In Chapter 3, the gener-4141

alized TCH method is applied to quantify the relative uncertainties in soil moisture4142

products derived from various reanalyses and land surface hydrological models such as4143

Global Land Data Assimilation System (GLDAS, Rodell et al., 2004) following Awange4144

et al. (2015). The results for the period 2002–2015 indicated that ERA-Interim exhibits4145

the largest uncertainties compared to CPC (Climate Prediction Center, van den Dool4146

et al., 2003) and MERRA with a magnitude of about 20 mm, while GLDAS Noah ex-4147

hibits the smallest magnitude of error (∼12 mm). When the same algorithm is applied to4148

total water storage (TWS) changes derived from three official GRACE (Gravity Recov-4149

ery and Climate Experiment, Tapley et al., 2004) data processing centers, the Center for4150

Space Research (CSR) product indicated the smallest magnitude of error (of less than 14151

cm), which are consistent with most previous studies (e.g., Chambers and Bonin, 2012).4152

Further, in Chapter 6, the reanalysis products and observed atmospheric profiles4153

from conventional radiosondes are assessed for their temperature accuracy in the upper4154

troposphere lower stratosphere (UTLS region) region over the GBM River Basin using4155

high-quality atmospheric profiles derived from the state-of-the-art COSMIC (Constella-4156

tion Observing System for Meteorology, Ionosphere, and Climate, Anthes et al., 2008)4157

radio occultation (RO) measurements for the period 2006–2013. It is understood most4158
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reanalyses do not use radiosonde observations from the region due to their poor ob-4159

servational quality (Das Gupta et al., 2005, Kumar et al., 2010). Nevertheless, this is4160

being currently addressed by the Indian Meteorological Department and present analy-4161

sis from three newly upgraded radiosondes in the GBM River Basin showed significant4162

reduction in temperature bias and standard deviation in the UTLS region compared to4163

RO datasets (see, Khandu et al., 2016c). While the reanalyses products such as ERA-4164

Interim and MERRA show substantial seasonal biases, especially during the winter4165

months, they are able to reproduce the interannual variations and linear trends between4166

2006 and 2013, suggesting that their atmospheric components are well represented. In4167

particular, the quality of ERA-Interim is believed to have improved upon assimilation4168

of RO datasets (see, Poli et al., 2008, 2010).4169

7.1.2 Key improvements in Regional Climate Models (RCMs)4170

Due to fundamental limitations posed by Global Climate Models (GCMs) for providing4171

more detailed representation of key regional processes, RCMs are increasingly used to4172

dynamically downscale the former to generate high-resolution climate information for4173

regional impact studies. However, RCMs apply very similar principles that are used in4174

GCMs, and some form of systematic bias is unavoidable, albeit considerably reduced4175

compared to the GCMs (Rummukainen, 2009). Additionally, long-term RCM simula-4176

tions require careful examination of various model parameters through various validation4177

procedures. Despite considerable improvement of model physics in RCMs, most existing4178

RCMs still suffer from large systematic biases in the GBM River Basin, particularly in4179

the Himalayan region (e.g., Dash et al., 2006, Ahmed and Suphachalasai, 2014). To fur-4180

ther contribute to RCM development in the GBM River Basin, two widely used state-of-4181

the-art high-resolution RCMs are evaluated in Chapter 4 by comparing their simulated4182

precipitation and temperature with observed datasets for the period 1982–2012. The4183

evaluation mainly focuses on examining the precipitation variability and change over4184

the Indian monsoon region covering the Indian subcontinent and parts of the Tibetan4185

Plateau and Southeast Asia (2◦N–37◦N, 61◦E–108◦E) on a 25 km horizontal resolution4186

(see, Fig. 4.2 in Chapter 4). The two RCMs: (i) RegCM4.4 (Giorgi et al., 2012) and4187

(ii) Providing REgional Climate Information for Impact Studies (PRECIS, Jones et al.,4188

2004) are driven by coupled ocean-atmospheric global climate models (AOGCMs) with4189

prescribed greenhouse gas (GHG) concentrations.4190

The evaluation results indicate that, in general, the two RCMs exhibited reason-4191

able skills in simulating the seasonal spatial patterns of the Indian monsoon rainfall4192

in the GBM River Basin, albeit with substantial biases. The RCMs also poorly repro-4193

duce the observed onset and withdrawal timing and spatial representation of the Indian4194

monsoon. The RCM simulations driven by GCMs failed to reproduce the observed inter-4195

annual variability of precipitation, but tended to reproduce the observed temperature4196

trends in the GBM River Basin. In particular, the RegCM4.4 model, when driven by4197

perfect boundary conditions (e.g., ERA-Interim) captured the precipitation variations4198

likely associated with ENSO and IOD. This was confirmed by correlating the ENSO and4199

IOD indices with monthly precipitation anomalies derived from various RCM outputs4200
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for the period 1982–2012 in Chapter 5. In summary, although RCMs provided more re-4201

alistic spatial representations of precipitation and temperature in the GBM River Basin4202

needed to assess the potential impacts of climate change on the basin’s hydrology, there4203

still persists significant biases in these two variables, particularly, along the Himalayan4204

Foothills and high rainfall areas. These biases can largely be reduced by applying bias4205

correction techniques (see, e.g., Piani et al., 2010) but such techniques require up-to-4206

date records of observed datasets, which is seldom available for a transboundary river4207

basin. Until such long-term records are achieved with efficient data sharing and further4208

improvement in SRS-based estimates, bias corrected climate datasets may still reveal4209

significant differences in variations and trends.4210

7.1.3 Impacts of climate variability and change on water resources4211

Climate variability and change plays a key role in driving water resources in the GBM4212

River Basin. In particular, any abnormal changes in the Indian monsoon can be catas-4213

trophic to the region that is heavily reliant on the monsoon rainfall. Extreme climate4214

events resulting from droughts and flooding can exert additional pressure on the al-4215

ready water-stressed region, which is being excessively abstracted to meet its rapidly4216

increasing population and their associated socio-economic activities. Chapter 2 provides4217

an improved understanding of climate change and variability in the GBM River Basin4218

based on the last three decades of observational evidences (gauge- and SRS-based) and4219

modelling approaches, particularly in terms of temperature and precipitation. Based on4220

the observed temperature records from CRU and UDEL, it is observed that the GBM4221

River Basin has warmed significantly over the past three decades with maximum warm-4222

ing in the Himalayan region with a warming rate of of 0.6◦C decade−1. Additionally,4223

the observed surface temperature records also show substantial interannual variations,4224

most of which appears to be driven by large-scale sea-surface temperature fluctuations4225

such as El Niño Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD). Ob-4226

served precipitation records from APHRODITE, CRU, and GPCC indicate decreasing4227

precipitation trends in the core monsoon regions of Bangladesh, northeast India, and4228

Bhutan, with significant declines particularly during the last 10–15 years. Interestingly,4229

the western Ganges River Basin has recorded a surplus in monsoon precipitation during4230

the last decade, especially following two continuous major La Niña events after 2010.4231

Overall, ENSO and IOD contributed to about 10–20% and 8–10% of the annual total4232

rainfall in the GBM River Basin, respectively (see, Khandu et al., 2016c).4233

In Chapter 6, the upper troposphere-lower stratosphere (UTLS) temperature vari-4234

ations are studied using monthly accumulated atmospheric profiles from the ongoing4235

COSMIC (Constellation Observing System for Meteorology, Ionosphere, and Climate)4236

RO mission (Anthes et al., 2008) between 2006 and 2013. The UTLS region, in partic-4237

ular, the tropopause layer, presents an important metric for detecting climate change4238

due to its sensitivity to tropospheric warming (Santer et al., 2003a, Sausen and Santer,4239

2003, Karl et al., 2006, Steiner et al., 2013, Thorne et al., 2011), and as such RO offsets4240

limitations in conventional radiosonde observation systems. The inception of six-satellite4241

COSMIC RO mission enabled high spatial coverage in the GBM River Basin, which pro-4242

vided about 576 atmospheric profiles on a monthly scale since August 2006. More than4243
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56% of the recorded profiles reached at least 1.5 km above the mean sea level. These4244

profiles when combined with a priori information from ground-based observations, will4245

help improve the understanding of the lower atmospheric process, climate feedbacks, and4246

ultimately improve representation of the hydrological cycle (Anthes, 2011). This study4247

found clear indication of tropospheric warming, albeit over a very short period of time.4248

The tropopause height increased by 6 m year−1 in response to a temperature decrease4249

of ∼0.04◦C year−1, which is consistent with the global trends estimated by Schmidt4250

et al. (2010) from 2001–2009. This may not be significant but corresponds well with the4251

surface temperature trends examined in Chapter 2. Additionally, ENSO accounted for4252

73% of the interannual variability (tropopause temperature and height) for the period4253

with the largest anomaly occurring during the major El Niño event of 2009/2010 (see4254

also, Khandu et al., 2016b). The tropopause temperature (height) increased (decreased)4255

by about 1.5◦C (300 m) between 2009 and 2010, which clearly reflected its sensitivity4256

to large-scale ocean-atmospheric circulation.4257

The observed impacts of precipitation variability on the available freshwater storages4258

(mainly groundwater, soil moisture, and surface water) is investigated in Chapter 3.4259

The assessment is conducted between 1980 and 2015, with particular emphasis on last4260

decade from 2002–2015, by taking into account the large-scale observations of total4261

water storage (TWS) changes estimated by the state-of-the-art GRACE (Tapley et al.,4262

2004) mission. The results indicate that both Ganges and Brahmaputra–Meghna River4263

Basins have suffered a significant loss of water mass since 2002, at a declining rate of4264

9.1±4.5 km3 year−1 and 10.5±3.2 km3 year−1, respectively, in spite of a general increase4265

in simulated soil moisture (see, also Khandu et al., 2016a). While the alarming rate of4266

TWS decline (∼20 km3 year−1) in the Ganges River Basin has subsided since 2010, with4267

an increase (∼8 km3 year−1) in the last five years due to a significant surplus of monsoon4268

precipitation, TWS continued to decline in the Brahmaputra–Meghna River Basin in4269

response to decreasing precipitation. As a primary driver of water resources in the region,4270

prolonged meteorological droughts exerts a profound impact on the basin water storage,4271

which can be seen especially from the recent meteorological droughts of 2005/20064272

and 2009/2010. As such, TWS and soil moisture variations strongly respond to the4273

precipitation anomalies (represented by drought indices), with a correlation coefficient4274

of 0.6 or higher across the GBM River Basin, with low values mainly across eastern4275

Bangladesh, Bhutan, and northeast India.4276

7.1.4 Impacts of excessive water abstraction on various water storage4277

components4278

Besides climate variability such as meteorological droughts and extreme wet events, the4279

water storage changes across many parts of the GBM River Basin have been under4280

enormous pressure from increasing demands for freshwater. For instance, agriculture4281

only, uses about 60–90% of the groundwater, and available surface water continued to4282

be extracted even at higher rates (Papa et al., 2015). In-situ observations from relatively4283

sparse ground-level wells and global hydrological models have consistently shown that4284

groundwater declines have been caused by excessive withdrawals of surface/groundwater4285
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across the GBM River Basin (Shamsudduha et al., 2009b, Central Ground Water Board,4286

2014, Shahid et al., 2015). The integrated global water resources and use model Water-4287

GAP (Water- Global Analysis and Prognosis) Global Hydrology Model (WGHM, Döll4288

et al., 2003, 2014, Müller Schmied et al., 2014) developed at the University of Kassel and4289

the University of Frankfurt, Germany, attempts to estimate the impacts of demographic,4290

socio-economic and technological changes on water use, as well as the impact of climate4291

change and variability on irrigation water use. WGHM provides several model variants4292

representing various water storage components (TWS, groundwater, sub- and surface4293

water storages) based on natural variability-only and variations due to contributions4294

from varying amounts of water consumption (e.g., agriculture, industry, cities).4295

The TWS and surface water storage outputs simulated by WGHM (WaterGAP ver-4296

sion 2.2a) are analyzed in Chapter 3 to quantify the contributions from increasing pop-4297

ulation in the GBM River Basin. By assuming that 70% of is water being used for4298

irrigation with daily groundwater recharge rate of 10 mm, the model shows high con-4299

centrations of groundwater withdrawal in the western Ganges River Basin, covering4300

the Indian states of Haryana, Punjab, Rajasthan, and northwestern Bangladesh, that4301

are consistent with GRACE-derived TWS trends. These estimates are obtained after4302

accounting for the natural variability. A separate analysis in the Ganges River Basin4303

revealed a declining trend of 15 km3 year−1 in TWS between 1979 and 2009. It revealed4304

a much greater trend (22 km3 year−1) for the most recent period (2002–2009) compared4305

to a decline of 13 km3 year−1 for the period (1979–2001) (see also, Khandu et al., 2016a),4306

suggesting a rise in freshwater consumption.4307

In Chapter 5, the possible future impacts of increasing frequency of dry and wet4308

spells on water resources are discussed, by analyzing the drought and wet frequencies4309

calculated from a range of RCM and GCM simulations. The characteristics of drought4310

and wet frequencies are identified by applying a threshold of ±0.9 on the Standardized4311

Precipitation Index (SPI, McKee et al., 1993) generated from the monthly precipitation4312

datasets. A drought (wet) event is said to occur if SPI continuously falls (rises) below4313

(above) -0.9 (+0.9) for three months, and are classified as severe and extreme if it4314

persists for 6–12 months and more than 12 months, respectively, adopting a risk-based4315

assessment approach e.g., in Awange et al. (2016b). As such, the PRECIS ensemble mean4316

(of six PPE simulations) predict a general increase in monsoon rainfall, especially along4317

the Himalayan Foothills, with a maximum increasing rate of 10–25 mm decade−1 over4318

a temperature increase of 2–4◦C by 2100 (see, Fig. 5.5b in Chapter 5), while RegCM4.44319

simulations show declining rainfall trends in the same region, which are consistent with4320

recent CMIP5 (Climate Model Intercomparison Project Phase 5, Taylor et al., 2012)4321

projections (e.g., Sharmila et al., 2015). These increasing (declining) trends in monsoon4322

rainfall may suggest a wetter (drier) regime in the future.4323

However, after accounting for the precipitation trend, both RCM and GCM simula-4324

tions project a higher probability of severe 15–20% (∼1 in 6 years) and extreme 6–8%4325

(∼1 in 17 years) droughts in the western GBM River Basin for the second half of the4326

21st century than the first half. This region is also likely to experience more severe and4327

extreme wet events for the second half of the 21st century with verying return periods.4328

Their likely impacts on various water storage components are discussed (see, Chapter4329

5).4330



154 7. Conclusion and future outlook

7.2 Future outlook4331

This work offers several research avenues, which can be briefly summarized as follows:4332

7.2.1 Simulating future hydrological droughts using RCM projected4333

temperature and precipitation4334

The future drought occurrences assessed in Chapter 5 was based on meteorological4335

droughts and as such are not adequate enough to represent climate change impacts on4336

water resources. Meteorological droughts due to deficit in precipitation and hydrological4337

drought indices based on actual water availability (e.g., soil moisture, surface water, and4338

groundwater) must be incorporated to assess the overall impacts of climate change. This4339

has been partly studied in Chapter 3 using observational datasets and readily available4340

hydrological model outputs but has not been addressed for the future period. Several4341

studies have simulated various components of the global land hydrology including soil4342

moisture and (sub-) surface runoffs using existing hydrological models with inputs from4343

coarse scale GCMs. Both GCMs and RCMs provide crude estimates of soil moisture and4344

runoff, but their applications to drought monitoring are currently limited due to their4345

poor representation of for example, soil moisture. These variables should be added by4346

adopting high global and regional resolution macro-scale hydrological models to study4347

regional and basin-scale hydrological droughts (see, e.g., Johnston and Smakhtin, 2014,4348

Mishra et al., 2014).4349

7.2.2 Improving spatial representation of climate datasets4350

In Chapters 2 and 3, various observational (both in-situ and SRS-based) and re-4351

analysis precipitation products have revealed substantial seasonal differences. Long-4352

term and high-resolution precipitation data are limited in the region, particularly at4353

daily time-scale. The present research mainly employs monthly global high-resolution4354

datasets and TMPAv7 precipitation estimates are used to evaluate RCMs at daily time-4355

scales, which are in itself substantially biased in terms of seasonal averages. As a pri-4356

mary input data for hydrological modelling and impact studies (e.g., water availabil-4357

ity), it is inevitable therefore that, climate datasets be harmonized specifically for the4358

river basin by efficient data sharing. With new algorithm and further accumulation4359

of SRS-based products, it may help reduce biases and dependency on ground-based4360

observations. The recently launched Global Precipitation Measurement (GPM, Hou4361

et al., 2014) mission provides next-generation global observations of rain and snow4362

from nine independent satellites at three-hourly time-scales, that will significantly ad-4363

vance the regional hydrological understanding. Further, the GRACE Follow on mission4364

(https://decadal.gsfc.nasa.gov/grace2.html) is expected to be launched in late4365

2017 and continue GRACE observations with likely higher spatio-temporal accuracy as4366

the K-band range rating system will be replaced by a much precise laser system.4367

https://decadal.gsfc.nasa.gov/grace2.html
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7.2.3 Towards an integrated drought monitoring system4368

Drought is a recurrent feature of climate variability that occurs almost everywhere across4369

the world. Besides adverse impacts from a slow shift in climate, drought affects virtu-4370

ally all parts of life from regular freshwater supply–agriculture–to complex industries4371

(Heim, 2002). Hao et al. (2014) presented a Global Integrated Drought Monitoring and4372

Prediction System (GIDMaPS) that addresses meteorological and agricultural drought4373

information by integrating precipitation and soil moisture from multi-satellites and land4374

surface models. Given that water resources in the GBM River Basin are under mounting4375

pressure from rapidly growing demands from a growing population and its associated4376

socio-economic development, there is a need to develop a more comprehensive drought4377

monitoring system to inform decision making and future drought risk management. Re-4378

gion specific drought monitoring systems with near real-time forecasting will provide4379

near-perfect information at high spatial scale that can be helpful for allocating available4380

water resources and proper management of food crops. Agriculture accounts for up to4381

80–90% of the groundwater and surface water use, and as such, a comprehensive drought4382

monitoring systems may prevent large-scale drought risks.4383
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TERMS AND CONDITIONS
This copyrighted material is owned by or exclusively licensed to John Wiley & Sons, Inc. or one of its group
companies (each a"Wiley Company") or handled on behalf of a society with which a Wiley Company has exclusive
publishing rights in relation to a particular work (collectively "WILEY"). By clicking "accept" in connection with
completing this licensing transaction, you agree that the following terms and conditions apply to this transaction
(along with the billing and payment terms and conditions established by the Copyright Clearance Center Inc.,
("CCC's Billing and Payment terms and conditions"), at the time that you opened your RightsLink account (these are
available at any time at http://myaccount.copyright.com).

Terms and Conditions

The materials you have requested permission to reproduce or reuse (the "Wiley Materials") are protected by
copyright.

You are hereby granted a personal, non-exclusive, non-sub licensable (on a stand-alone basis),
non-transferable, worldwide, limited license to reproduce the Wiley Materials for the purpose specified in the
licensing process. This license, and any CONTENT (PDF or image file) purchased as part of your order,
is for a one-time use only and limited to any maximum distribution number specified in the license. The first
instance of republication or reuse granted by this license must be completed within two years of the date of
the grant of this license (although copies prepared before the end date may be distributed thereafter). The
Wiley Materials shall not be used in any other manner or for any other purpose, beyond what is granted in
the license. Permission is granted subject to an appropriate acknowledgement given to the author, title of the
material/book/journal and the publisher. You shall also duplicate the copyright notice that appears in the
Wiley publication in your use of the Wiley Material. Permission is also granted on the understanding that
nowhere in the text is a previously published source acknowledged for all or part of this Wiley Material. Any
third party content is expressly excluded from this permission.

With respect to the Wiley Materials, all rights are reserved. Except as expressly granted by the terms of the
license, no part of the Wiley Materials may be copied, modified, adapted (except for minor reformatting
required by the new Publication), translated, reproduced, transferred or distributed, in any form or by any
means, and no derivative works may be made based on the Wiley Materials without the prior permission of
the respective copyright owner.For STM Signatory Publishers clearing permission under the terms of
the STM Permissions Guidelines only, the terms of the license are extended to include subsequent
editions and for editions in other languages, provided such editions are for the work as a whole in
situ and does not involve the separate exploitation of the permitted figures or extracts, You may not
alter, remove or suppress in any manner any copyright, trademark or other notices displayed by the Wiley
Materials. You may not license, rent, sell, loan, lease, pledge, offer as security, transfer or assign the Wiley
Materials on a stand-alone basis, or any of the rights granted to you hereunder to any other person.

The Wiley Materials and all of the intellectual property rights therein shall at all times remain the exclusive
property of John Wiley & Sons Inc, the Wiley Companies, or their respective licensors, and your interest
therein is only that of having possession of and the right to reproduce the Wiley Materials pursuant to
Section 2 herein during the continuance of this Agreement. You agree that you own no right, title or interest
in or to the Wiley Materials or any of the intellectual property rights therein. You shall have no rights
hereunder other than the license as provided for above in Section 2. No right, license or interest to any
trademark, trade name, service mark or other branding ("Marks") of WILEY or its licensors is granted
hereunder, and you agree that you shall not assert any such right, license or interest with respect thereto

NEITHER WILEY NOR ITS LICENSORS MAKES ANY WARRANTY OR REPRESENTATION OF ANY KIND
TO YOU OR ANY THIRD PARTY, EXPRESS, IMPLIED OR STATUTORY, WITH RESPECT TO THE
MATERIALS OR THE ACCURACY OF ANY INFORMATION CONTAINED IN THE MATERIALS,
INCLUDING, WITHOUT LIMITATION, ANY IMPLIED WARRANTY OF MERCHANTABILITY, ACCURACY,
SATISFACTORY QUALITY, FITNESS FOR A PARTICULAR PURPOSE, USABILITY, INTEGRATION OR
NON-INFRINGEMENT AND ALL SUCH WARRANTIES ARE HEREBY EXCLUDED BY WILEY AND ITS
LICENSORS AND WAIVED BY YOU.

WILEY shall have the right to terminate this Agreement immediately upon breach of this Agreement by you.
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You shall indemnify, defend and hold harmless WILEY, its Licensors and their respective directors, officers,
agents and employees, from and against any actual or threatened claims, demands, causes of action or
proceedings arising from any breach of this Agreement by you.

IN NO EVENT SHALL WILEY OR ITS LICENSORS BE LIABLE TO YOU OR ANY OTHER PARTY OR ANY
OTHER PERSON OR ENTITY FOR ANY SPECIAL, CONSEQUENTIAL, INCIDENTAL, INDIRECT,
EXEMPLARY OR PUNITIVE DAMAGES, HOWEVER CAUSED, ARISING OUT OF OR IN CONNECTION
WITH THE DOWNLOADING, PROVISIONING, VIEWING OR USE OF THE MATERIALS REGARDLESS
OF THE FORM OF ACTION, WHETHER FOR BREACH OF CONTRACT, BREACH OF WARRANTY,
TORT, NEGLIGENCE, INFRINGEMENT OR OTHERWISE (INCLUDING, WITHOUT LIMITATION,
DAMAGES BASED ON LOSS OF PROFITS, DATA, FILES, USE, BUSINESS OPPORTUNITY OR CLAIMS
OF THIRD PARTIES), AND WHETHER OR NOT THE PARTY HAS BEEN ADVISED OF THE POSSIBILITY
OF SUCH DAMAGES. THIS LIMITATION SHALL APPLY NOTWITHSTANDING ANY FAILURE OF
ESSENTIAL PURPOSE OF ANY LIMITED REMEDY PROVIDED HEREIN.

Should any provision of this Agreement be held by a court of competent jurisdiction to be illegal, invalid, or
unenforceable, that provision shall be deemed amended to achieve as nearly as possible the same
economic effect as the original provision, and the legality, validity and enforceability of the remaining
provisions of this Agreement shall not be affected or impaired thereby.

The failure of either party to enforce any term or condition of this Agreement shall not constitute a waiver of
either party's right to enforce each and every term and condition of this Agreement. No breach under this
agreement shall be deemed waived or excused by either party unless such waiver or consent is in writing
signed by the party granting such waiver or consent. The waiver by or consent of a party to a breach of any
provision of this Agreement shall not operate or be construed as a waiver of or consent to any other or
subsequent breach by such other party.

This Agreement may not be assigned (including by operation of law or otherwise) by you without WILEY's
prior written consent.

Any fee required for this permission shall be non-refundable after thirty (30) days from receipt by the CCC.

These terms and conditions together with CCC's Billing and Payment terms and conditions (which are
incorporated herein) form the entire agreement between you and WILEY concerning this licensing
transaction and (in the absence of fraud) supersedes all prior agreements and representations of the parties,
oral or written. This Agreement may not be amended except in writing signed by both parties. This
Agreement shall be binding upon and inure to the benefit of the parties' successors, legal representatives,
and authorized assigns.

In the event of any conflict between your obligations established by these terms and conditions and those
established by CCC's Billing and Payment terms and conditions, these terms and conditions shall prevail.

WILEY expressly reserves all rights not specifically granted in the combination of (i) the license details
provided by you and accepted in the course of this licensing transaction, (ii) these terms and conditions and
(iii) CCC's Billing and Payment terms and conditions.

This Agreement will be void if the Type of Use, Format, Circulation, or Requestor Type was misrepresented
during the licensing process.

This Agreement shall be governed by and construed in accordance with the laws of the State of New York,
USA, without regards to such state's conflict of law rules. Any legal action, suit or proceeding arising out of
or relating to these Terms and Conditions or the breach thereof shall be instituted in a court of competent
jurisdiction in New York County in the State of New York in the United States of America and each party
hereby consents and submits to the personal jurisdiction of such court, waives any objection to venue in
such court and consents to service of process by registered or certified mail, return receipt requested, at the
last known address of such party.
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WILEY OPEN ACCESS TERMS AND CONDITIONS
Wiley Publishes Open Access Articles in fully Open Access Journals and in Subscription journals offering Online
Open. Although most of the fully Open Access journals publish open access articles under the terms of the Creative
Commons Attribution (CC BY) License only, the subscription journals and a few of the Open Access Journals offer a
choice of Creative Commons Licenses. The license type is clearly identified on the article.
The Creative Commons Attribution License
The Creative Commons Attribution License (CC-BY) allows users to copy, distribute and transmit an article, adapt
the article and make commercial use of the article. The CC-BY license permits commercial and non-
Creative Commons Attribution Non-Commercial License
The Creative Commons Attribution Non-Commercial (CC-BY-NC)License permits use, distribution and reproduction
in any medium, provided the original work is properly cited and is not used for commercial purposes.(see below)

Creative Commons Attribution-Non-Commercial-NoDerivs License
The Creative Commons Attribution Non-Commercial-NoDerivs License (CC-BY-NC-ND) permits use, distribution
and reproduction in any medium, provided the original work is properly cited, is not used for commercial purposes
and no modifications or adaptations are made. (see below)
Use by commercial "for-profit" organizations
Use of Wiley Open Access articles for commercial, promotional, or marketing purposes requires further explicit
permission from Wiley and will be subject to a fee.
Further details can be found on Wiley Online Library http://olabout.wiley.com/WileyCDA/Section/id-410895.html

Other Terms and Conditions:

v1.10 Last updated September 2015

Questions? customercare@copyright.com or +1-855-239-3415 (toll free in the US) or +1-978-646-2777.
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TERMS AND CONDITIONS
This copyrighted material is owned by or exclusively licensed to John Wiley & Sons, Inc. or one of its group
companies (each a"Wiley Company") or handled on behalf of a society with which a Wiley Company has exclusive
publishing rights in relation to a particular work (collectively "WILEY"). By clicking "accept" in connection with
completing this licensing transaction, you agree that the following terms and conditions apply to this transaction
(along with the billing and payment terms and conditions established by the Copyright Clearance Center Inc.,
("CCC's Billing and Payment terms and conditions"), at the time that you opened your RightsLink account (these are
available at any time at http://myaccount.copyright.com).

Terms and Conditions

The materials you have requested permission to reproduce or reuse (the "Wiley Materials") are protected by
copyright.

You are hereby granted a personal, non-exclusive, non-sub licensable (on a stand-alone basis),
non-transferable, worldwide, limited license to reproduce the Wiley Materials for the purpose specified in the
licensing process. This license, and any CONTENT (PDF or image file) purchased as part of your order,
is for a one-time use only and limited to any maximum distribution number specified in the license. The first
instance of republication or reuse granted by this license must be completed within two years of the date of
the grant of this license (although copies prepared before the end date may be distributed thereafter). The
Wiley Materials shall not be used in any other manner or for any other purpose, beyond what is granted in
the license. Permission is granted subject to an appropriate acknowledgement given to the author, title of the
material/book/journal and the publisher. You shall also duplicate the copyright notice that appears in the
Wiley publication in your use of the Wiley Material. Permission is also granted on the understanding that
nowhere in the text is a previously published source acknowledged for all or part of this Wiley Material. Any
third party content is expressly excluded from this permission.

With respect to the Wiley Materials, all rights are reserved. Except as expressly granted by the terms of the
license, no part of the Wiley Materials may be copied, modified, adapted (except for minor reformatting
required by the new Publication), translated, reproduced, transferred or distributed, in any form or by any
means, and no derivative works may be made based on the Wiley Materials without the prior permission of
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Materials on a stand-alone basis, or any of the rights granted to you hereunder to any other person.

The Wiley Materials and all of the intellectual property rights therein shall at all times remain the exclusive
property of John Wiley & Sons Inc, the Wiley Companies, or their respective licensors, and your interest
therein is only that of having possession of and the right to reproduce the Wiley Materials pursuant to
Section 2 herein during the continuance of this Agreement. You agree that you own no right, title or interest
in or to the Wiley Materials or any of the intellectual property rights therein. You shall have no rights
hereunder other than the license as provided for above in Section 2. No right, license or interest to any
trademark, trade name, service mark or other branding ("Marks") of WILEY or its licensors is granted
hereunder, and you agree that you shall not assert any such right, license or interest with respect thereto

NEITHER WILEY NOR ITS LICENSORS MAKES ANY WARRANTY OR REPRESENTATION OF ANY KIND
TO YOU OR ANY THIRD PARTY, EXPRESS, IMPLIED OR STATUTORY, WITH RESPECT TO THE
MATERIALS OR THE ACCURACY OF ANY INFORMATION CONTAINED IN THE MATERIALS,
INCLUDING, WITHOUT LIMITATION, ANY IMPLIED WARRANTY OF MERCHANTABILITY, ACCURACY,
SATISFACTORY QUALITY, FITNESS FOR A PARTICULAR PURPOSE, USABILITY, INTEGRATION OR
NON-INFRINGEMENT AND ALL SUCH WARRANTIES ARE HEREBY EXCLUDED BY WILEY AND ITS
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WILEY shall have the right to terminate this Agreement immediately upon breach of this Agreement by you.
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You shall indemnify, defend and hold harmless WILEY, its Licensors and their respective directors, officers,
agents and employees, from and against any actual or threatened claims, demands, causes of action or
proceedings arising from any breach of this Agreement by you.

IN NO EVENT SHALL WILEY OR ITS LICENSORS BE LIABLE TO YOU OR ANY OTHER PARTY OR ANY
OTHER PERSON OR ENTITY FOR ANY SPECIAL, CONSEQUENTIAL, INCIDENTAL, INDIRECT,
EXEMPLARY OR PUNITIVE DAMAGES, HOWEVER CAUSED, ARISING OUT OF OR IN CONNECTION
WITH THE DOWNLOADING, PROVISIONING, VIEWING OR USE OF THE MATERIALS REGARDLESS
OF THE FORM OF ACTION, WHETHER FOR BREACH OF CONTRACT, BREACH OF WARRANTY,
TORT, NEGLIGENCE, INFRINGEMENT OR OTHERWISE (INCLUDING, WITHOUT LIMITATION,
DAMAGES BASED ON LOSS OF PROFITS, DATA, FILES, USE, BUSINESS OPPORTUNITY OR CLAIMS
OF THIRD PARTIES), AND WHETHER OR NOT THE PARTY HAS BEEN ADVISED OF THE POSSIBILITY
OF SUCH DAMAGES. THIS LIMITATION SHALL APPLY NOTWITHSTANDING ANY FAILURE OF
ESSENTIAL PURPOSE OF ANY LIMITED REMEDY PROVIDED HEREIN.

Should any provision of this Agreement be held by a court of competent jurisdiction to be illegal, invalid, or
unenforceable, that provision shall be deemed amended to achieve as nearly as possible the same
economic effect as the original provision, and the legality, validity and enforceability of the remaining
provisions of this Agreement shall not be affected or impaired thereby.

The failure of either party to enforce any term or condition of this Agreement shall not constitute a waiver of
either party's right to enforce each and every term and condition of this Agreement. No breach under this
agreement shall be deemed waived or excused by either party unless such waiver or consent is in writing
signed by the party granting such waiver or consent. The waiver by or consent of a party to a breach of any
provision of this Agreement shall not operate or be construed as a waiver of or consent to any other or
subsequent breach by such other party.

This Agreement may not be assigned (including by operation of law or otherwise) by you without WILEY's
prior written consent.

Any fee required for this permission shall be non-refundable after thirty (30) days from receipt by the CCC.

These terms and conditions together with CCC's Billing and Payment terms and conditions (which are
incorporated herein) form the entire agreement between you and WILEY concerning this licensing
transaction and (in the absence of fraud) supersedes all prior agreements and representations of the parties,
oral or written. This Agreement may not be amended except in writing signed by both parties. This
Agreement shall be binding upon and inure to the benefit of the parties' successors, legal representatives,
and authorized assigns.

In the event of any conflict between your obligations established by these terms and conditions and those
established by CCC's Billing and Payment terms and conditions, these terms and conditions shall prevail.

WILEY expressly reserves all rights not specifically granted in the combination of (i) the license details
provided by you and accepted in the course of this licensing transaction, (ii) these terms and conditions and
(iii) CCC's Billing and Payment terms and conditions.

This Agreement will be void if the Type of Use, Format, Circulation, or Requestor Type was misrepresented
during the licensing process.

This Agreement shall be governed by and construed in accordance with the laws of the State of New York,
USA, without regards to such state's conflict of law rules. Any legal action, suit or proceeding arising out of
or relating to these Terms and Conditions or the breach thereof shall be instituted in a court of competent
jurisdiction in New York County in the State of New York in the United States of America and each party
hereby consents and submits to the personal jurisdiction of such court, waives any objection to venue in
such court and consents to service of process by registered or certified mail, return receipt requested, at the
last known address of such party.

RightsLink - Your Account https://s100.copyright.com/MyAccount/viewPrin...

3 of 4 07/08/16 21:11



WILEY OPEN ACCESS TERMS AND CONDITIONS
Wiley Publishes Open Access Articles in fully Open Access Journals and in Subscription journals offering Online
Open. Although most of the fully Open Access journals publish open access articles under the terms of the Creative
Commons Attribution (CC BY) License only, the subscription journals and a few of the Open Access Journals offer a
choice of Creative Commons Licenses. The license type is clearly identified on the article.
The Creative Commons Attribution License
The Creative Commons Attribution License (CC-BY) allows users to copy, distribute and transmit an article, adapt
the article and make commercial use of the article. The CC-BY license permits commercial and non-
Creative Commons Attribution Non-Commercial License
The Creative Commons Attribution Non-Commercial (CC-BY-NC)License permits use, distribution and reproduction
in any medium, provided the original work is properly cited and is not used for commercial purposes.(see below)

Creative Commons Attribution-Non-Commercial-NoDerivs License
The Creative Commons Attribution Non-Commercial-NoDerivs License (CC-BY-NC-ND) permits use, distribution
and reproduction in any medium, provided the original work is properly cited, is not used for commercial purposes
and no modifications or adaptations are made. (see below)
Use by commercial "for-profit" organizations
Use of Wiley Open Access articles for commercial, promotional, or marketing purposes requires further explicit
permission from Wiley and will be subject to a fee.
Further details can be found on Wiley Online Library http://olabout.wiley.com/WileyCDA/Section/id-410895.html

Other Terms and Conditions:
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License and copyright agreement

The following license and copyright  agreement  is  valid  for  any article  published by Copernicus Publications whose

original manuscript was received from 10 December 2007 on.

Author’s certification

In submitting the manuscript, the authors certify that:

They are authorized by their co-authors to enter into these arrangements.

The work described has not been published before (except in the form of an abstract or as part of a published lecture, review or thesis), that

it is not under consideration for publication elsewhere, that its publication has been approved by all the author(s) and by the responsible

authorities – tacitly or explicitly – of the institutes where the work has been carried out.

They secure the right to reproduce any material that has already been published or copyrighted elsewhere.

They agree to the following license and copyright agreement:

Copyright

Copyright on any article is retained by the author(s). Regarding copyright transfers please see below.

Authors grant Copernicus Publications a license to publish the article and identify itself as the original publisher.

Authors grant Copernicus Publications commercial rights to produce hardcopy volumes of the journal for sale to libraries and individuals.

Authors grant any third party the right to use the article freely as long as its original authors and citation details are identified.

The article is distributed under the Creative Commons Attribution 3.0  License. Unless otherwise stated, associated published material is

distributed under the same licence:

Creative Commons Attribution 3.0 License

Anyone is free:

to Share — to copy, distribute and transmit the work

to Remix — to adapt the work

Under the following conditions:

Attribution — The original authors must be given credit.

For any reuse or distribution, it must be made clear to others what the license terms of this work are.

Any of these conditions can be waived if the copyright holders give permission.

Nothing in this license impairs or restricts the author's moral rights.

The full legal code  of this license.

Copyright transfers

Many authors have strict regulations in their contract of employment regarding their works. A transfer of copyright to the institution or company, as

well as the reservation of specific usage rights, is typical. Please note that in the case of open-access publications in combination with a Creative

Commons License, a transfer of the copyright to the institution is possible, as it belongs to the author anyway and is not subject to the publisher.

Any usage rights are regulated through the Creative Commons License. As Copernicus Publications uses the Creative Commons Attribution 3.0

License, anyone (the author, his/her institution/company, the publisher, as well as the public) is free to copy, distribute, transmit, and adapt the

work as long as the original author is given credit (see above). Therefore, specific usage rights cannot be reserved by the author or his/her

institution/company, and the publisher cannot include a statement "all rights reserved" in any published paper.

A copyright  transfer  from the author  to  his/her  institution/company will  be expressed in  a special  "Copyright  Statement"  at  the end of  the

publication rather than on the first page in the article citation header. Authors are asked to include the following sentence: "The author's copyright

for this publication is transferred to institution/company".

Crown copyright

The license and copyright agreement of Copernicus Publications respects the Crown copyright. For works written by authors affiliated with the

British Government and its institutions, a copyright statement will be included at the end of the publication. Authors are asked to use the following

statement, which has been approved by the Information Policy department of The National Archives:

The works published in this journal are distributed under the Creative Commons Attribution 3.0 License. This license does not affect the Crown

copyright work, which is re-usable under the Open Government Licence (OGL). The Creative Commons Attribution 3.0 License and the OGL are

interoperable and do not conflict with, reduce or limit each other.

© Crown copyright YEAR

Reproduction request

All articles published by Copernicus Publications are licensed under the Creative Commons Attribution 3.0 License (see details above) together

with an author copyright. Therefore, there is no need from the publisher's side to allow/confirm a reproduction. We would suggest contacting the

author to inform him/her about the further usage of the material. But as the author decided to publish the scientific results under the "CC-BY"

license, he/she decided to share the work under the condition that the original authors must be given credit.

Copernicus Publications - License & copyright http://publications.copernicus.org/for_authors/li...

1 of 2 07/08/16 21:17


