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SUMMARY 

Economic development and population growth in southern India have resulted in rapid changes 

to land use, land management and water demand, significantly impacting and degrading water 

resources. The significant anthropogenic influences across the catchment have contributed to 

changes in hydrological functioning. Focussing on the highly contentious inter-state Cauvery 

River Catchment, this study aims to address the key scientific challenges faced within this 

catchment. 

The study was designed to develop an integrated large-scale hydrological model to 

improve water resource assessments in a highly heterogeneous and data-scarce region whilst 

considering the primary water resource challenges facing the Cauvery Catchment. The Upper 

Cauvery region, located in the Western Ghats, acts as the water tower of the catchment. The 

rainfall in the region is monsoonal, the topography is complex, and the rain gauge network is 

sparse, resulting in the estimation of rainfall being particularly challenging. The scarce rainfall 

data available in the Western Ghats region is hindering the understanding of the regional 

weather system, and the accepted rainfall dataset for India, Indian Meteorological Department 

rainfall grids, are known to have inaccurate estimations within the Western Ghats. The current 

knowledge of the meteorology and hydrology of the Upper Cauvery is limited. Additionally, 

the anthropogenic impact on local hydrological processes, such as streamflow, groundwater 

recharge and evapotranspiration, is poorly constrained. The current understanding of how these 

diverse local changes cumulatively impact water availability at the broader catchment scale is 

minimal. Small-scale rural water management and urban heterogeneity may strongly affect 

water resource availability across southern India. However, how such fine-scale factors 

propagate to the river catchment is largely unclear. 

The Global Water AVailability Assessment (GWAVA) model was applied initially to 

the Upper Cauvery region to determine the suitability and compare model results from other 

modelling tools applied in the region. Two new versions of the GWAVA model were then 

developed. The first aimed to include small-scale runoff harvesting interventions (SSRHIs) into 

the model and quantify their impact on catchment water resources to address a renewed 

scientific interest in assessing their effectiveness in improving local water resources and the 

effects at a catchment scale. The second aimed to enhance the representation of groundwater 

and large operational dams whilst maintaining the model’s applicability to regions with low-
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data availability. The Indian Meteorological Department (IMD) gridded rainfall was compared 

to available gauges and selected remotely sensed datasets within the Upper Cauvery region. 

GWAVA will be utilised to assess the applicability of the remotely sensed data for a catchment 

rainfall estimation. 

GWAVA was determined to be a suitable tool to represent the Cauvery Catchment; 

however, the importance of an accurate spatial representation of rainfall for input into 

hydrological models and that comprehensive dam functionality is paramount to obtaining good 

results in this region was highlighted.  Furthermore, the average GWAVA, VIC and SWAT 

ensemble provided a better predictive ability in catchments with dams than the individual 

models. The average ensemble offset uncertainty in input data and poor dam operation 

functionality within individual models.  

The inclusion of SSRHIs demonstrated that farm bunds appear to have a negligible 

effect on the average annual simulated streamflow. In contrast, tanks and check dams have a 

more significant and time-varying impact. The open water surface of the SSRHIs contributed 

to an increase in evaporation losses across the sub-catchment. The change in simulated 

groundwater storage with the inclusion of SSRHIs was not as significant as sub-catchment-

scale literature, and field studies suggest. Including groundwater processes into GWAVA 

improved streamflow simulation in the headwater sub-catchments and the representation of the 

baseflow component such that low-flow model skill increased approximately 33-67% in the 

Cauvery and 66-100% in the Narmada. The existing dam routine was extended to account for 

large, regulated dams with two calibratable parameters. The routine improved streamflow 

simulation in sub-catchments downstream of major dams, where the streamflow was largely 

reflective of dam releases. The model performance was improved between 15 and 30% in the 

Cauvery and 7-30% in the Narmada when the regulated dams were considered. The model 

provides a more robust representation of the annual outflow volume from major dams, reducing 

the average bias from -17% to -1% in the Cauvery and from 14% to 3% in the Narmada. The 

daily dam releases were significantly improved in the Cauvery, approximately 26-164%. The 

improvement of the groundwater and dam routines in GWAVA proved successful in improving 

the overall model performance, the low-flow model skill and bias, and the inclusions allowed 

for improved traceability of simulated water balance components. 



x 

It was found that the IMD rainfall within the high-altitude regions of the Western Ghats 

is underestimated, resulting in the under-simulation of streamflow in the Upper Cauvery. 

CHIRPS 0.25- and 0.05- degree, MSWEP and PERSIANN remotely sensed rainfall datasets 

were applied within this region. None of the individual rainfall datasets provided a more 

accurate representation of the rainfall than the commonly utilised IMD grids. However, using 

an ensemble of remotely sensed rainfall datasets, primarily the average ensemble, improved the 

accuracy of rainfall estimation in the catchment. The ‘off-the-shelf’ remotely sensed rainfall 

products provided a high variation in performance against the in-situ rain gauge data. The IMD 

grids provided the most accurate representation of rainfall compared to the individual remotely 

sensed rainfall datasets, despite underestimating the rainfall depths at high altitudes. In the case 

of the Upper Cauvery, the average ensemble provided a more accurate representation of the 

rainfall. 

An integrated large-scale hydrological model was developed to improve water resources 

assessments in a highly heterogeneous and data-scarce region whilst considering the major 

water resource challenges facing the Cauvery Catchment. The effects of runoff harvesting 

interventions, accounting for hard-rock aquifer groundwater processes and the impact of major 

dams were represented. The inclusion of these features improved the model performance 

throughout the Cauvery Catchment.  
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1.  INTRODUCTION 

1.1.  Background 

Ground- and surface-water resources have been rapidly declining within India over recent 

decades, raising concerns about the country's inhabitants' drinking water, food, and livelihood 

security (Biggs et al., 2007). A changing climate, intensification of agriculture, failing water 

supply infrastructure, rapid economic development and population growth (Loucks, 2017) have 

resulted in a reduction in quantity and degradation in the quality of water resources (Cleaver, 

2017). The increasing pressure on the available surface and groundwater resources from a 

changing climate (Christensen et al., 2013) and anthropogenic activities (Lannerstad, 2008; 

Madhusoodhanan et al., 2016; Sreelash et al., 2020) pose significant challenges to water 

managers and local communities (Bookhagen, 2012). 

Southern India experiences a monsoonal rainfall pattern (Sen Roy et al., 2009) with 

recent reports (Joseph & Simon, 2005; Kulkarni, 2012; Dixit et al., 2014; Kumar et al., 2020; 

Swapna et al., 2022) of the monsoon significantly weakening. The estimation of rainfall is 

complicated by the complex topography of the Western Ghats (Malik et al., 2012), the large 

spatial and temporal variability of the annual monsoons (Daly, 2006) and the conversion of a 

sparse rain gauge network and proxy measurements into estimates at catchment scale (Ghimire 

et al., 2018). The seasonal nature of rainfall and resulting streamflow generation within the 

region has resulted in infrastructural projects being at the forefront of water management 

planning over the last century (Chowdhury, 2010). More recently, extending existing projects 

and planning new projects has led to renewed controversy concerning inter-state water-sharing 

agreements and the displacement of communities (Gupta & Chakrapani, 2005; Jamwal et al., 

2014). On a local scale, communities have turned to unsustainable groundwater pumping 

(Bhave et al., 2018; Collins et al., 2020) and the construction of small-scale runoff harvesting 

interventions to meet the increasing demand for clean water (Ramaswamy, 2007). 

1.2. The Cauvery Catchment 

The Cauvery Catchment (81,000 km2) in southern India (Figure 1.1) drains nearly 3% of India’s 

landmass (Jain et al., 2007). Its tropical setting, diverse terrain, and strong west-to-east rainfall 

gradient (6000 mm in the upper reaches to 300 mm on the eastern boundary) mean that surface 
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and groundwater availability is regionally variable (Meunier et al., 2015) and, depending on 

local demand patterns, is a critical and widely limiting factor for agriculture (Madhusoodhanan 

et al., 2016). The catchment is primarily underlain by hard-rock water tables (Collins et al., 

2020). Although predominantly rural (Sreelash et al., 2020), parts of the catchment have 

experienced considerable urban and economic growth over recent years, most markedly centred 

around the cities of Bangalore, in Karnataka, and Coimbatore, in Tamil Nadu (Lannerstad, 

2008). Shared between the states of Karnataka and Tamil Nadu (Chidambaram et al., 2018), 

the Cauvery has long presented water management challenges at the local, regional and 

catchment scales (Sharma et al., 2020). Competing water demands, which span administrative 

boundaries, continue to present significant challenges for integrated water management in the 

catchment. 

 

Figure 1.1 The location of the Cauvery Catchment within India (left) and the states within the 

catchment boundary (right).   
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The surface water in the catchment has been affected for centuries by human influences. 

Such artificial influences alter the hydrological functioning of the catchment, but a 

comprehensive understanding of water transfers and return flow has never been achieved 

(Gupta & van der Zaag, 2008). This knowledge is especially relevant for improving the 

estimation of water availability across the catchment. Much irrigated agriculture is dependent 

on groundwater abstraction from millions of wells. Little is known about the ground- and 

surface-water interactions, especially in hard-rock areas (Collins et al., 2020). Deep water tables 

appear to respond to monsoonal recharge where the shallow water table is depleted. The drying 

of streams has been attributed to groundwater depletion, yet the spatial and temporal scale at 

which this interaction occurs has not been established (Collins et al., 2020). Over recent 

decades, millions of small-scale runoff harvesting interventions have been built. Such small-

scale runoff harvesting interventions effectively convert surface runoff to soil moisture, 

evapotranspiration and groundwater (Renganayaki & Elango, 2013). Although small and often 

occurring in an unofficial, decentralized manner, cumulatively, these small-scale runoff 

harvesting interventions have dramatically altered catchment hydrology and the flow regimes 

of the region’s rivers. Their effects on wider catchment water availability are poorly understood 

(Xu et al., 2013; Van Meter et al., 2015). Addressing concerns around water resources is 

challenging in southern India as there are significant gaps in the natural and anthropogenic 

hydrological knowledge (Tessema, 2011).  

Water disputes in the Cauvery Catchment differ from other inter-state water disputes, 

such as in the Krishna, Godavari and Narmada Catchments. In these other catchments, disputes 

tend to form around the untapped potential of water resources, whereas in the Cauvery, the 

disputes surround the reallocation of existing water resources (Janakarajan, 2016). The Cauvery 

Catchment is situated predominantly within the federal states of Karnataka and Tamil Nadu 

(Sharma et al., 2020). The ‘agreements’ between Karnataka and Tamil Nadu over the water 

sharing of the Cauvery have been dysfunctional since they were first drafted in 1872 (Ghosh et 

al., 2018). A Cauvery Water Sharing agreement was signed in 1924, following the first known 

colonial court proceedings regarding inter-state water sharing (D’Souza, 2005). This agreement 

allocated a significant share of the Cauvery waters to Tamil Nadu and allowed for the 

construction of the Krishnarajasagara (KRS) Dam by Karnataka and Mettur Dam by Tamil 

Nadu (Hussain, 1972; Guhan, 1993). In 1974 the agreement lapsed, after which the conflicts 

over the sharing and use of water resurfaced (Iyer, 2003), leading to years of unconstrained 
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development and bargaining (Guhan, 1993). In 1990, the Indian Government constituted a 

Cauvery Water Disputes Tribunal to resolve the dispute without political influence (Swain, 

1998; Padhiari & Ballabh, 2008). After 17 years passed, its final recommendations in 2007 of 

an allocation of 270 thousand million cubic feet (TMC) to Karnataka and 419 TMC to Tamil 

Nadu (Civil Appeal No: 2453 of 2007 with Civil Appeal No: 2456 of 2007). However, today, 

there remains no resolution (Ghosh et al., 2018) following the adjustment of these allocations 

in 2013 to 285 TMC and 404 TMC to Karnataka and Tamil Nadu, respectively (Sharma et al., 

2020). The conflict has recently resurfaced in the context of drier climatic conditions. Legal 

battles (Tiwari, 2016) and violent protests have occurred following decisions to alter water 

distribution between the two states. The conflict over the Cauvery waters peaked in 2016 

(Janakarajan, 2016) when protests shut down Bangalore (India’s information technology hub) 

for three days. The violent demonstrations cost the lives of at least three people, damaged 250 

busses, trucks and shops and resulted in an economic loss of an estimated USD 3.74 billion 

(Mehtani, 2017). 

The recent reports of significant loss of human life and livelihoods across the Cauvery 

Catchment (Patil, 2015), as a direct and indirect consequence of high-level water management 

decisions, draw attention to the water management strategies in the catchment and the lack of 

holistic understanding of the system (Kaibara, 2021). Farmers in the Cauvery Catchment have 

reported emotional distress and dire economic situations due to failing crops due to the 

weakening monsoon (Joseph & Simon, 2005; Kulkarni, 2012; Kannaiyan & Jeyaraman, 2013; 

Dixit et al., 2014; Sabarisakthi, 2019; Sravanth, 2019; Kumar et al., 2020; Swapna et al., 2022) 

and agricultural droughts (Lokesh et al., 2020). Large commercial irrigation projects and the 

competition with urban and industrial centres for the available water resources have left small-

scale farmers with a shortfall in water from surface sources. The reallocation of surface water 

contributes to 83% and 77% of farmers in Tamil Nadu and Karnataka, respectively, being in 

debt (Manjunatha & Ramappa, 2017). Many farmers have turned to groundwater pumping 

(Chidambaram et al., 2018) and small-scale runoff harvesting interventions (SSRHIs) (Wable 

et al., 2021) to provide enough water to yield successful crops. It is believed that SSRHIs have 

resulted in surface water being retained within the upper reaches of the catchment (Reghunath 

& Mujumdar, 2020), rapidly depleting groundwater resources and a reduction in baseflow, 

sustaining the rivers (Collins et al., 2020). The devastating consequence of debt and ongoing 

water availability concerns has led to farmers cultivating long-growing commercial trees and 
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migrating to urban areas for alternative employment. Additionally, it has been reported that 47 

200 farmers have committed suicide in the Cauvery over the last ten years (Rajendran, 2014; 

Tiwari, 2016; Kumar, 2017; Sabarisakthi, 2019). 

1.3.Rationale for the Study 

Water resources management in India is becoming increasingly challenging with rapid 

population growth, a changing climate, and increasing competition over limited natural 

resources. The Cauvery Catchment presents a unique set of additional challenges as there is a 

great deal of contention over water management decisions and evidence of a significant loss of 

life and livelihood directly related to these decisions. From available literature as well as several 

stakeholder engagement meetings (supplementary information in Appendix A), five significant 

water resource challenges have been highlighted:  

a) The understanding of the runoff-generation processes within the headwater sub-

catchments is limited. 

b) The rainfall estimation in the Western Ghats is challenging due to complex 

topography and a sparse gauge network. 

c) Small-scale runoff harvesting interventions (SSRHI) reduce streamflow in the 

catchment and promote surface water infiltration to the soil water and groundwater 

stores. 

d) Hard-rock water table stores are being aggressively pumped to meet increasing 

demand.  

e) Major dams have been and continue to be constructed throughout the catchment 

resulting in river discharge primarily reflecting the dam releases.  

Significant gaps in scientific knowledge relating to these major challenges are summarised: 

a) Lack of available hydrological and climate data across the region 

b) Currently, applied models are not sufficiently capturing the behaviour of the 

Cauvery headwater sub-catchments. These models can represent natural hydrology 

well however lack the consideration of anthropogenic influences.  

c) The scarce rainfall data in the Western Ghats region has hindered the understanding 

of the regional weather system. 
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d) The accepted rainfall dataset for India (IMD rainfall grids) is known to have 

inaccurate estimations within the Western Ghats. 

e) Currently, no studies are quantifying the hydrological effects of small-scale runoff 

harvesting interventions at a large catchment scale. 

f) The functioning of hard-rock water tables is poorly understood at a catchment scale 

g) Published modelling studies within the catchment do not address the significant 

water resource challenges.  

There is a need to adapt an existing hydrological modelling tool that can be applied at a 

daily timescale to capture the high variability of rainfall and consequently streamflow 

generation in the headwater sub-catchments, incorporate the spatial and temporal functioning 

of SSRHIs and large dams and explicitly account for the groundwater processes and 

abstractions. Developing a new reliable hydrological model that can account for general 

anthropogenic influences and the specific challenges of southern India would not be feasible, 

financial or otherwise. The most effective solution would be to adapt and improve an existing 

model that had preferably already been applied and evaluated under Indian or monsoonal 

conditions. A hydrological model would prove more robust in a data-scarce region as the model 

can be forced with existing rainfall and temperature data, rather than a land-surface model that 

estimates atmospheric conditions using complex input data that is unlikely to be available.  

The IMD grids are the most popular source of historical rainfall data used in India despite 

their shortfalls in mountainous regions. The interpolation methodology that has been applied, 

together with the low density of rain gauges in these regions, has resulted in the spatial 

variability of rainfall not being captured adequately at a 0.25-degree scale. Satellite rainfall 

products derived using a different methodology could better reflect the orographic rainfall in 

the headwaters of the Cauvery Catchment.  

1.4. Model Review 

Water resource models are widely used for the prediction and understanding of hydrological 

processes (Schaake et al., 1996; Martínez-Fernández & Ceballos, 2005). The performance 

(Bárdossy, 2007) and suitability (Hassan et al., 2015) of a hydrological model can differ 

between sub-catchments due to sub-catchment size and dominant sub-catchment processes 

present. Models are often developed for specific purposes (e.g. estimation of water demands, 
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understanding of hydrological processes, drought and flood risk assessments) and for different 

geographic regions (Devia et al., 2015). The most reliable models in regions where data are 

sparse are models whose results closely represent reality with the use of limited model 

complexity (Tegegne et al., 2017). Table 1.1 provides a list of models that have been applied 

in India and/or used to represent some of the major water resource challenges identified in India 

and includes large-scale models that have been applied in India. It is recommended that a 

catchment of 80 000 km2 such as the Cauvery, be represented using a large-scale model.  

Of the models reviewed in this study, and as summarised in Table 1.1, four gridded 

large-scale hydrological models could be appropriate options for this study; CWatM, GWAVA, 

HO8 and PCR-GLOBWB. SWAT and VIC are popular model choices in India. However, the 

VIC code is not available for adaption and SWAT is not feasible at the scale required to model 

the full extent of the Cauvery. Like most large-scale models, CWatM. HO8 and PCR-

GLOBWB, do not have calibration functionality. Although the absence of calibration is largely 

accepted in large-scale modelling methodology it would be preferable to determine model 

performance and apply a calibrated model, when sufficiently reliable data is available, across 

the catchment. Therefore, for this study, GWAVA was selected as the most suitable large-scale 

modelling tool. The use of GWAVA allows for the representation of the catchment’s natural 

hydrology, dams, water transfer schemes as well as anthropogenic demands on a large scale. 

The low-data capability of the model ensures it would be suitable in southern India. The 

modular code allows for a more complex groundwater model to be considered, small-scale 

runoff harvesting interventions represented, and a regulated dam routine to be included. 
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Table 1.1 A non-exhaustive list of the characteristics and considerations of available machine learning, statistical, hydrological and land surface 

models utilised in hydrological studies in India. (Table compiled by the candidate from the sources listed within) 

 

  

Model Model Type 
Grid/ 

Catch 

Rainfall-

runoff 

model 

Anthropogenic Considerations 
Dam 

Routine 

Cal  

Funct 

App in 

data-

scarce 

regions 

Open-

source 

code 

App in 

India 

App in 

Cauvery 

Catchment 

Reference 
Irri Dom Ind Live Tran Res 

Artificial Neural 
Networks 

(ANN) 
 

Machine 

Learning 
 Catch              Wasserman, 1989 

Auto-Regressive 
Integrated 

Moving Average 
(ARIMA) 

 

Statistic  Catch 
Box-

Jenkins 
            

Box & Jenkins, 

1976 

Community 
Water Model 

(CWatM) 
 

Hydrological Grid 
Water 

balance 
            Burek, et al., 2020 

The Distributed 
Hydrology Soil 

Vegetation 
Model 

(DHSVM) 
 

Hydrological  Catch 
Saturatio

n excess 
            

Wigmosta et al., 

1994 

Global Water 
Availability 

Assessment Tool 
(GWAVA) 

 

Hydrological Grid PDM             Meigh, et al., 1999 

Hydrologic 
Modeling 

System (HEC-
HMS) 

Hydrological  Catch 
Saturatio

n excess 
            Peters, 1995 
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Table 1.1 Cont… 

 

  

Model Model Type 
Grid/ 

Catch 

Rainfall-

runoff 

model 

Anthropogenic Considerations 
Dam 

Routine 

Cal  

Funct 

App in 

data-

scarce 

regions 

Open-

source 

code 

App in 

India 

App in 

Cauvery 

Catchment 

Reference 
Irri Dom Ind Live Tran Res 

H08 Hydrological Grid 

Leaky 

bucket 

model 

            
Hanasaki, et al., 

2008 Hanasaki, et 

al., 2018

Hydrological 

Predictions for 

the Environment 

(HYPE) 

Hydrological  Catch 
Water 

balance 
            

Lindström et al., 

2013

Joint UK Land 

Environment 

Simulator 

(JULES) 

Land Surface 

Grid 

PDM  

Topmode

l 

            
Best, et al., 2011 

Clark, et al., 2011

Lund-Potsdam-

Jena managed 

Land (LPJmL) 

Land Surface 

Grid 
Saturatio

n excess 
            

Schaphoff, et al., 

2018

PCRaster 

GLOBal Water 

Balance (PCR-

GLOBWB) 

Hydrological Grid 

Leaky 

bucket 

model 

            
Sutanudjaja, et al. 

2018

MATSIRO Land Surface Grid 
Water 

balance 
            Takata et al., 2003 

MIKE BASIN Hydrological  Catch NAM            Wood, 2006 
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Table 1.1 Cont… 

 

  

Model Model Type 
Grid/ 

Catch 

Rainfall-

runoff 

model 

Anthropogenic Considerations 
Dam 

Routine 

Cal  

Funct 

App in 

data-

scarce 

regions 

Open-

source 

code 

App in 

India 

App in 

Cauvery 

Catchment 

Reference 

Irri Dom Ind Live Tran Res 

Modélisation 

Environnemental

e 

10ommunautaire 

– Surface 

Hydrology 

(MESH) 

Land Surface Grid 
Water 

balance 
            

Pietroniro et al. 

2007 

Sacramento Soil 

Moisture 

Accounting 

Model (SAC-

SMA) 

Hydrological  Catch 
Water 

balance 
            

Burnash et al., 

1973 

SCS-CN Hydrological  Catch SCS              

Soil and Water 

Assessment Tool 

(SWAT) 

Hydrological 

 Catch 
Modified 

SCS 
            Arnold et al, 1993

Soil and Water 

Integrated Model 

(SWIM) 

Hydrological 

 Catch 
Modified 

SCS 
            

Krysanova, et al., 

2000 

Support Vector 

Regression 

(SVR) 

Machine 

Learning 
 Catch              Deka, 2014 
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Table 1.1 Cont… 

 

  

Model Model Type 
Grid/ 

Catch 

Rainfall-

runoff 

model 

Anthropogenic Considerations 
Dam 

Routine 

Cal  

Funct 

App in 

data-

scarce 

regions 

Open-

source 

code 

App in 

India 

App in 

Cauvery 

Catchment 

Reference 

Irri Dom Ind Live Tran Res 

Variable 

Infiltration 

Capacity (VIC) 

Land Surface Grid 
Saturatio

n excess 
            

Nijssen, et al., 

1997

WaterGAP Hydrological Grid 

Non-

linear 

function 

            

Döll, et al., 2003 

Alcamo, et al., 

2003

*Key: 

Irri- Irrigation considerations 

Dom- Domestic considerations 

Ind- Industrial considerations 

Live- Livestock considerations 

Tran- Inclusion of transfers 

Res- Inclusion of dam 

Catch- Catchment 

Cal Funct- Calibration Functionality 

App- Application 
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1.5.Description of the Greater Research Projects 

The research described within this thesis was undertaken within two large multi-national, multi-

institutional and multi-disciplinary projects (UPSCAPE and SUNRISE). This section contains 

a summary of the objectives and decision making process within the two projects.  

1.5.1 The Upscaling Catchment Processes for Sustainable Water Management in Peninsular 

India (UPSCAPE) 

The Upscaling Catchment Processes for Sustainable Water Management in Peninsular India 

(UPSCAPE) project was delivered by a consortium of UK and Indian scientists. UPSCAPE 

was designed to address water resource sustainability issues in Peninsular India using 

observations from established experimental catchments, and multi-scale hydrological 

modelling. UPSCAPE had the following objectives:  

a) To further understand how SSRHIs affect hydrological change and cumulatively 

impact on water security at the catchment-scale;  

b) To develop novel methods for upscaling improved local-scale process 

understanding in catchment-wide integrated water resources models;  

c) To investigate the key hydrological processes operating in rural Peninsular India 

catchments, applying coupled surface and groundwater models to assess how local 

interventions affect water availability. 

The work presented in this thesis is fundamental in addressing all the project objectives. 

Within the effort to better understand SSRHIs, SWAT was selected and implemented by 

International Crops Research Institute for the Semi-Arid Tropics (ICRISAT) specifically to 

model the headwater catchments of the Cauvery and to investigate the effect of SSRHIs at a 

small-scale. GWAVA and VIC are generally not suitable to be used on a scale less than 10 km2 

and therefore a significant objective of the greater project was to derive suitable upscaling 

methodologies and apply knowledge gained at a small-scale to the full extent of the catchment. 

The knowledge regarding functioning and effect of the SSRHIs from the SWAT modelling 

exercise was applied to the modelling of the full extent of the catchment using GWAVA. VIC, 

however, was not suitable to implement SSRHIs as VIC did not account for anthropogenic 

influences nor was the code adaptable.  
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GWAVA is the UKCEH in-house large-scale water resources assessment tool. Despite the 

influence of historical institutional knowledge, project funding, project directive and the 

framework of the greater project lead by UK Centre for Ecology & Hydrology (UKCEH), the 

choice to utilise GWAVA for this project was supported by its suitability, to achieving the 

objectives of the project as well as for the Cauvery Catchment, as described in in Section 1.4. 

Collaboratively working with project partners at ICRISAT and the Indian Institute of Science 

(IISc), the SSRHIs conceptualisation and AMBHAS code were integrated into the GWAVA 

model to account for the millions of SSRHIs in southern Indian and to couple the surface and 

groundwater processes. Furthermore, once the impact of regulated dams on the streamflow in 

the Upper Cauvery was identified, there was an opportunity to further develop GWAVA to 

better account for these. VIC was selected and implemented by IISc. As a land-surface model, 

VIC was predominantly utilised to investigate climate trends and anomies within the baseline 

period in a separate piece of work. As part of the initial pilot study for the project, it was deemed 

suitable to compare the modelling results of SWAT, VIC and the original version of GWAVA 

to determine their individual performances and provide a comparative assessment. It was 

understood at this time that there was a need to develop GWAVA and thus comparing its 

performance to two models that were well established in India and that are fundamentally 

different, allowed for the shortcomings of the original GWAVA model to be highlighted and 

addressed.  

Although GWAVA needed to be developed further, the original code base enabled the 

representation of the catchment’s natural hydrology, dams, water transfer schemes as well as 

anthropogenic demands on a large scale. The low-data capability of the model ensured it would 

be suitable for application in southern India. The modular code allows for a more complex 

groundwater model to be considered, small-scale runoff harvesting interventions represented, 

and a regulated dam routine to be included. GWAVA could be considered a suitable model 

choice due to published applications in southern Africa (Meigh et al., 1999), West Africa 

(Meigh & Tate, 2002; Meigh et al., 2005; Rameshwaran et al., 2017; Rickards et al., 2019), 

South America (Ekstrand et al., 2008), Europe (Dumont et al., 2012; Johnson et al., 2015; 

Williams et al., 2015), China (Lui et al., 2015) and India (Rickards et al., 2020). 

Significantly, the research undertaken at the catchment scale in this thesis produced the key 

output of the UPSCAPE project that “the effect of small-scale interventions, such as field bunds, 

check dams and tanks, on surface flows and groundwater infiltration is localised and they have 
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relatively little impact on surface flows entering the Cauvery delta. Furthermore, the large 

infrastructures such as major dams and water transfers have a much more significant impact on 

river flows than small-scale interventions”. 

1.5.2 Sustainable Use of Natural Resources to Improve Human Health and Support 

Economic Development (SUNRISE) 

SUNRISE Theme 1 addressed the challenge of understanding and predicting hydro-climatic 

dynamics in areas of incomplete and spatially diverse data in order to improve water related 

decision-making. Theme 1 of the SUNRISE programme focused on advancing the application 

of new scientific knowledge and tools in relation to: 

a) soil moisture measurement; 

b) drought monitoring; 

c) flood risk assessment; 

d) sub-seasonal to seasonal hydrological outlooks; 

e) the modelling of water resources under future climatic and socio-economic 

scenarios. 

The research in this Theme was conducted in collaboration with leading scientific 

institutions and water management bodies in China, India and sub-Saharan Africa. All activities 

included a focus on long-term capacity development, with UKCEH and partners co-developing 

and delivering new hydro-climatic services as part of the programme as well as advancing the 

scientific knowledge and skills needed to enable future advances beyond the end of SUNRISE. 

The work undertaken in this PhD falls within the work package 1.5 “Improving integrated 

water resources modelling in South Asia.” This work package aimed to contribute to a 

reduction in per capita water stress in the Narmada Catchment in India by enhancing 

stakeholders' (water managers, policy-makers and scientists) understanding of the drivers and 

impacts of change influencing the water balance. The SUNRISE work with the Indian National 

Institute of Hydrology was designed to help improve water resource management in the 

Narmada Catchment, benefiting people, agriculture, industry and the environment. Due to the 

temporal overlap of the UPSCAPE and SUNRISE projects as well as the common use of 

GWAVA within both projects, it was decided that both the Cauvery and the Narmada would be 

used as case studies through the model development. Ultimately, the model results from 
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GWAVA 5.1 were used in subsequent policy briefs and the GWAVA 5.1 code utilised for the 

running of future climate and socio-economic scenarios.  

1.6.Research Aims and Objectives 

This study aims to develop an integrated large-scale hydrological model to improve water 

resources assessments in a highly heterogeneous and data-scarce region whilst considering the 

major water resource challenges facing the Cauvery Catchment. These significant challenges 

include the understanding of the hydrology within the Upper Cauvery Catchment, the effects 

of small-scale runoff harvesting interventions at the full catchment scale, understanding and 

accounting for hard-rock water table groundwater processes, the representation of the impact 

of major dams throughout the whole catchment and the estimation of rainfall across the Western 

Ghats within the Upper Cauvery Catchment.   
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The following seven objectives guided the study in fulfilling the aim: 

a) Evaluate the suitability of the GWAVA model for application in the Cauvery and 

highlight current shortfalls in its predictive ability (Chapter 2) 

b) Contribute evidence-based findings to the ongoing discussion regarding the 

hydrological effect of SSRHIs at a full catchment scale (Chapter 3).  

c) Include new functionality within the GWAVA model to address the significant 

water resource challenges with the Cauvery Catchment and similar data-scarce 

catchments (Chapter 4).  

d) Develop a better understanding of the functioning of highly abstracted hard-rock 

water tables and ground- and surface water interactions on a full catchment scale 

(Chapter 4)  

e) Represent major dams without the availability of operational data (Chapter 4) 

f) Ascertain whether selected ‘off-the-shelf’ remotely sensed rainfall products are 

suitable for hydrological modelling within the Upper Cauvery without regional bias 

correction (Chapter 5) 

g) Determining whether an ‘off-the-shelf’ remotely sensed product could improve the 

hydrological simulations within a complex topographical region compared to the 

IMD gridded dataset (Chapter 5). 

1.7.Thesis Outline 

The thesis consists of six chapters, of which four (Chapters 2 – 5) present the research findings 

in individual research papers prepared for publication in refereed journals. The structure of the 

research papers is outlined in Figure 1.2. Chapter 2 provides a pilot study of the application of 

the GWAVA model in the headwater catchments of the Cauvery Catchment and compares the 

performance to those of popular models, SWAT and VIC, across the region. Chapter 3 describes 

the application of the GWAVA model across the extent of the Cauvery Catchment and the in-

depth investigation into the effects of SSRHIs. Chapter 4 describes an improvement to the 

GWAVA model through a more comprehensive account of the groundwater processes and 

major dams with an application across the Cauvery and Narmada catchments. Chapter 5 

analyses the IMD rainfall grids within the Upper Cauvery Catchment and the application of 

multiple satellite products across the region. Each research paper consists of a literature review 
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Appendix A 

Stakeholder Engagement Events 

 

Project Meet on Upscaling Catchment Processes for Sustainable Water Management in 

Peninsular India (UPSCAPE) - 1-3 October 2018 

A project consortium meeting for the collaborative UPSCAPE project with CEH, ATREE, 

BGS, University of Dundee, and ICRISAT, was conducted on 1st, 2nd and 3rd October 2018 

at the International Crops Research Institute for the Semi-Arid Tropics, Hyderabad, India. 

 

Project Meet on Upscaling Catchment Processes for Sustainable Water Management in 

Peninsular India (UPSCAPE)- 12-14 March 2019 

A project consortium meeting for the collaborative UPSCAPE project with CEH, ATREE, 

BGS, University of Dundee, and ICRISAT, was conducted on 12th, 13th and 14th March 2019 

at the Indian Institute of Science, Bangalore, India. 
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Final Stakeholder Workshop for Upscaling Catchment Processes for Sustainable Water 

Management in Peninsular India (UPSCAPE) project- 23 October 2019 

Stakeholder dissemination and training were conducted on the 23rd and 26th of October 2019 in 

Bangalore and Chennai, India.  
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2.  A COMPARATIVE ASSESSMENT OF HYDROLOGICAL 

MODELS IN THE UPPER CAUVERY CATCHMENT 

Abstract  

This paper presents a comparison of the predictive capability of three hydrological models, 

and an average ensemble of these models in a heavily influenced catchment in Peninsular India: 

GWAVA model, SWAT and VIC model. The performance of the three models and their 

ensemble were investigated in five catchments in the upstream reaches of the Cauvery 

Catchment. Model performances for monthly streamflow simulations from 1983–to 2005 were 

analysed using Nash-Sutcliffe efficiency, Kling-Gupta efficiency, and percent bias. The 

predictive capability for each model was compared, and the ability to accurately represent key 

catchment hydrological processes was discussed. This study highlighted the importance of an 

accurate spatial representation of rainfall for input into hydrological models and that 

comprehensive dam functionality is paramount to obtaining good results in this region. The 

performance of the average ensemble was analysed to determine whether applying a multi-

model ensemble approach can help overcome the uncertainties associated with individual 

models. It was demonstrated that the average ensemble has a better predictive ability in 

catchments with dams than the individual models, with Nash-Sutcliffe values between 0.49 and 

0.92. Therefore, utilising multiple models could be a suitable methodology to offset uncertainty 

in input data and poor dam operation functionality within individual models 

Keywords: Cauvery; hydrological modelling; VIC; SWAT; GWAVA; ensemble modelling; 

water resources 
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2.1 Introduction 

Hydrological models are widely used to predict and understand hydrological processes 

(Schaake et al., 1996; Martínez-Fernández & Ceballos, 2005). Models are powerful tools for 

understanding and quantifying the water balance components and hydrological fluxes within a 

catchment (Immerzeel et al., 2008). Models make use of various parameters and sets of 

mathematical equations to provide simplified conceptual representations of the complex 

hydrological cycle (Refsgaard & Storm, 1990; Salvucci & Entekhabi, 1994; Graeff et al., 2012). 

The performance (Bárdossy, 2007) and suitability (Hassan et al., 2015) of a hydrological model 

can differ between catchments due to catchment size and dominant catchment processes 

present. Hydrological models are often developed for specific purposes (estimation of water 

demands, understanding of hydrological processes, drought, flood risk assessments, etc.) and 

different geographic regions (Devia et al., 2015). The most reliable models in regions where 

data is sparse are those whose results closely represent reality with limited model complexity 

(Tegegne et al., 2017). It is important to note that selecting a suitable model should not be solely 

based on its ability to address specific research aims but also on data availability (Dee et al., 

2011). The accuracy of simulations generated from the model strongly depends on the model 

selected and the quality of input data and observations (Dee et al., 2011). For example, in 

instances of poor-quality input data with high uncertainties, a simpler model may be more 

suitable than a highly complex one (Michaud & Sorooshien, 1994). 

Various hydrological models have different strengths when representing hydrological 

processes (Li et al., 2018). Using a single model can lead to simulation uncertainties, especially 

in catchments of poor input data availability and large-scale modelling exercises. Ensemble 

modelling combines multiple model predictions to create a single prediction that tends to 

strongly outperform the individual models (Doblas-Reyes et al., 2005; Kumar & Nandagiri, 

2015). Ensemble modelling can be widely applied in hydrological modelling to utilise the 

ensemble for reducing errors with an optimal bias (Baker & Ellison, 2008). It is also important 

to note that combining the best-performing individual models does not necessarily provide the 

best ensemble (Viney et al., 2009).  

The Cauvery has long presented water management challenges at the local, regional and 

catchment scales. The increasing competition to meet urban and rural water demands, which 

span administrative boundaries, continues to present significant issues for integrated water 
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management in the catchment. Critical gaps in the scientific knowledge of Peninsular Indian 

hydrology make it challenging to address these concerns. Many of the catchments of the 

Cauvery Catchment have been previously modelled using the SWAT model (Gosain et al., 

2006; Kumar & Nandagiri, 2018), WEAP model (Bhave et al., 2018), remote sensing methods 

(Ramachandra et al., 2014), ANN and SVR models (Patel & Ramachandran, 2015), SCS-CN 

model (Geetha et al., 2008; Gupta & Panigraphy, 2008) and VIC-mHM (Jaje et al., 2014). 

Understanding the river flows in headwater catchments is especially relevant for estimating 

actual water availability. The Western Ghats form the headwaters of the Upper Cauvery 

Catchment. This region generates the majority of the streamflow with the greater Cauvery 

Catchment. Representing the catchments using multiple models can provide deeper insight into 

hydrological processes across the region. Analysing a model ensemble can reduce uncertainty 

in estimating various water balance components. This study attempts to analyse the capability 

of the models mentioned above and a model ensemble to capture processes in a catchment. 

Five catchments within the Upper Cauvery region were selected for this study to be 

modelled by SWAT, VIC and GWAVA. The GWAVA model is a gridded large-scale water 

resources model developed by the UKCEH (Meigh et al., 1999). It is a relatively simple model 

that trades off model complexity for data availability and has a strong anthropogenic influences 

component. The VIC model has a much more detailed representation of hydrological features 

and is perhaps more suitable for accurately representing soil water dynamics. SWAT is 

commonly used in India and has a good representation of agricultural water use with possibly 

better representation of evaporation. 

The VIC model has been widely utilised and performs well for a large number of river 

catchments across the globe. The model is open-source and has wide acceptance and utility 

because of its proven capability to capture streamflow processes as well as all the components 

of the water budget. The model uses complex, widely accepted algorithms to simulate 

hydrological processes such as evaporation, transpiration and infiltration, which have been 

validated over many river catchments of the Indian subcontinent. The model was selected for 

application in the Cauvery Catchment, as it is a grid-based model that considers the sub-grid 

variability of the land surface vegetation classes and soil moisture storage capacity.  

GWAVA is a useful tool in the Cauvery Catchment as it allows for the simulation of 

most of the components of the hydrological cycle as well as accounting for demands for 
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domestic, agricultural and industrial sectors, dam operations and basic groundwater stores. The 

model allows for tracking groundwater, dam storage levels and the demands that cannot be met. 

The model input and output are flexible to the data availability and the output requirements. As 

Cauvery is a highly heterogenous catchment concerning the climate, soil composition and land 

use, it is important to incorporate these gridded models to capture the extensive regional 

variability within the catchment. 

SWAT has been widely used across India and around the globe. The model is popular 

due to the ability to use the model through an ArcGIS interface. The model setup is determined 

by the availability of LULC, soil, hydrology and biophysical management data. SWAT does 

not need grid-specific information. In addition, and of high importance within the Cauvery, 

small-scale runoff harvesting interventions (SSRHI) can be parameterised, dam operations can 

be included, groundwater usage can be set, and crop management operations can be defined. 

Ensemble modelling is a process in which multiple models are utilised to simulate an 

outcome using many different modelling algorithms. The average ensemble model averages 

each model's prediction and produces one final simulation of the outcome. Ensemble modelling 

can be utilised in hydrology to simulate better components of the hydrological cycle, the 

impacts of land use or other environmental changes, and provide a range of possible outcomes 

and uncertainty (Viney et al., 2005; Muhammad et al., 2018; Smith et al., 2019). Using a single 

model can lead to simulation uncertainties in larger catchments with relatively poor input data 

availability. Ensemble modelling combines multiple model predictions to create a single 

prediction that tends to strongly outperform the individual models (Doblas-Reyes et al., 2005; 

Kumar & Nandagiri, 2015). Ensemble modelling can be widely applied to utilise the ensemble 

for reducing errors with an optimal bias (Baker & Ellison, 2008). 

This study investigates the predictive capabilities of GWAVA, SWAT, and VIC when 

applied to several catchments in the Cauvery and the performance of an average ensemble of 

these models. Model performance is assessed using a range of efficiency metrics (NSE, KGE, 

and percent bias). The comparative strengths and weaknesses of each model are evaluated by 

analysing model performance in the different catchments; this gives insight into the suitability 

of these models for future studies under similar conditions. The average ensemble is analysed 

to determine whether an ensemble approach can successfully combine model strengths and 

compensate for limitations. 
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2.2 Model Descriptions 

It is important to evaluate how different hydrological models capture the process dynamics of 

various catchments. This study used three hydrological models to model the Upper Cauvery 

Catchment: VIC, SWAT and GWAVA. SWAT (Wagner et al., 2011), GWAVA (Rickards et 

al., 2020) and VIC (Jaje et al., 2014; Chawla & Mujumdar, 2018) have been applied across 

large regions of India. The models were selected based on the various theoretical differences 

and previous applications in India. VIC and SWAT are popular hydrological models across 

India, and GWAVA has been successfully implemented in the Narmada and Ganges 

catchments. VIC is a large-scale, physically based gridded hydrological model; GWAVA is a 

large-scale semi-distributed hydrological model; and SWAT is a semi-distributed, physically-

based catchment-scale model. VIC, SWAT and GWAVA are described below, and additional 

information can be found in Table 2.6 in Appendix B. Each model was calibrated using different 

techniques; however, the calibration parameters utilised in each case pertained to soil properties 

and surface-and groundwater routing. 

2.2.1 Variable Infiltration Capacity (VIC) Model 

The VIC model (Liang et al., 1994; Liang et al., 1996) is an open-source, grid-based macroscale 

land-atmosphere transfer model representing surface and subsurface hydrological processes. It 

solves the energy and water balance equations for spatially distributed grid cells at each time 

step. The model can be implemented for spatial scales varying from 0.125 to 2 degrees and with 

temporal resolutions ranging from hourly to daily. The model's key features include the 

representation of sub-grid vegetation heterogeneity, non-linear baseflow computation and 

inclusion of multiple soil layers with variable infiltration. Each grid cell can be divided into 

several tiles based on land use, and each tile generates unique responses to rainfall based on the 

land surface properties. The VIC model has been extensively implemented in numerous studies 

across the globe to address challenges related to water resources management, such as flood 

and drought monitoring (Wu et al., 2014; Chawla & Mujumdar, 2018; Shah & Mishra, 2020), 

assessment of the impact of land use and climate change on the hydrologic response (Jaje et al., 

2014; Chawla & Mujumdar, 2015) and understanding land-atmosphere interactions (Nijssen et 

al., 2001; Troy et al., 2008; Zhang et al., 2014).  
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Meteorological forcings required to run the model include rainfall, maximum 

temperature, minimum temperature and wind speed at the relevant timescale. This model also 

requires additional datasets such as elevation and soil characteristics which consist of soil 

composition and bulk density, along with vegetation properties such as land-use type, LAI, 

albedo and crop characteristics. For simulating streamflow at the specified gauge locations, the 

flux files are fed into a routing model (Lohmann et al., 1998), which uses linear transfer 

functions for grid cells and river routing and linearised Saint-Venant equation for channel 

routing. This version of VIC does not account for any water demands, groundwater pumping 

or dam storage. The output fluxes from the model are surface runoff, baseflow, 

evapotranspiration and soil moisture computed for each grid.  

2.2.2 Soil and Water Assessment Tool (SWAT)  

SWAT is an open-source software widely used around the globe to assess the impact of 

sediment transport, fertiliser load and different water management practices in an agricultural 

catchment (Arnold et al., 2012). ArcSWAT, a version of SWAT interfaced with ArcGIS, can 

be used for continuous simulation of a catchment model operating on different time steps and 

at different spatial scales. In SWAT, a catchment is divided into multiple catchments, further 

divided into HRUs. HRUs are unique combinations of a specific soil type, land use/land cover 

type and slope type within a catchment for which the water balance components can be 

simulated. It is important to note that HRUs vary in size and, as a general rule, should have 

between one and ten HRUs per catchment. SWAT can predict hourly, daily, monthly and yearly 

flow volumes. Climatic inputs include daily rainfall, maximum and minimum temperature, 

solar radiation, relative humidity and wind speed. Various hydrologic processes can be 

simulated using the SWAT model, including surface runoff, lateral subsurface flow, 

groundwater flow, evapotranspiration, snowmelt, transmission losses from streams, and water 

storage and losses from ponds (Neitsch et al., 2009).  

2.2.3 Global Water Availability Assessment (GWAVA) Model  

GWAVA is a large-scale gridded water resources model (Meigh et al., 1999; Dumont et al., 

2012). The model accounts for natural hydrological processes (considering soils, land use and 

lakes) and anthropogenic influences (crops, domestic and industrial demands, dam operations, 

and water transfers). The model estimates surface flows and recharge using a conceptual 
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rainfall-runoff model, utilising effective rainfall and evaporation estimates, followed by a 

demand-driven routine to account for the anthropogenic stresses on the system. The model can 

be run at a spatial scale ranging from 0.125 to 5 degrees and at a daily or monthly timescale. 

The GWAVA model is adaptable to the data availability of the region, and the code is flexible 

to allow for additional processes and features to be represented.  

2.3 Model Applications and Comparison 

2.3.1 Site Description 

The Cauvery Catchment is a heterogeneous, transboundary and highly human-influenced 

catchment in Peninsular India. It is spread across four federal states: Karnataka, Tamil Nadu, 

Kerala and Puducherry in Southern India (Gosain et al., 2006). The four states have varying 

water policies, water use prioritisation and cultural values associated with the natural 

environment. The catchment is representative of other large catchments in Peninsular India, 

with water resources under increasing pressure from urbanisation, population growth and 

agriculture intensification. Additionally, the Cauvery is a contentious river with concern over 

water sharing between Karnataka and Tamil Nadu. The catchment is considered highly water-

stressed (Hoekstra et al., 2012), and the current water abstraction is estimated to exceed the 

renewable water resources within the catchment (Kumar et al., 2005). The catchment has 

extensive regional variability in water demand. The agricultural activities within the catchment 

require approximately 90% of water resources (Folke, 1998; Palanisami et al., 2014). Rapid 

urban and industrial development across the catchment is causing increased inter-sectorial and 

interstate competition for water (Jamwal et al., 2014). Across the catchment, there is an 

abundance of SSRHIs, medium and large dams, and large-scale transfer schemes. It is essential 

to understand the catchment hydrology well and develop reliable and robust models to ensure 

improved water resource management in such highly water-stressed catchments. 

The Upper Cauvery Catchment drains an area of 10,619 km2 in the north-western region 

of the Cauvery Catchment. The upper reaches of the Cauvery River lie within the Nilgiri and 

Anaimalai mountains and act as critical headwater to the larger catchment (Chidambaram et 

al., 2018). The catchment experiences the SW (JJAS) and NE monsoon (OND). The mean 

annual rainfall in the Upper Cauvery is 2010 mm; however, the rainfall distribution varies 

temporally and spatially across the catchment. The Western Ghats form a rain shadow along 
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the western coastline, decreasing the rainfall gradient during the south-western monsoon 

(Meunier et al., 2015). The mean daily temperatures vary between 9 and 25 ℃ throughout the 

catchment (Sreelash et al., 2020). In the area of the Western Ghats, the soils tend to be very 

deep, valley bottoms are covered in dense forests, and mountain slopes are predominately 

grassland (Pattabaik et al., 2013). Fifty percent of the catchment is under agriculture (Jain et 

al., 2007). The most common crops grown in the catchment are sugarcane, finger millet, 

sorghum, groundnut and paddy. Paddy and sugarcane are found predominantly in the canal 

command areas. 

Five catchments were chosen for the study, namely the catchments upstream of (Table 

2.1; Figure 2.1): Kudige on the Harangi River; KM Vadi on the Lakshmantirtha River; M H 

Halli, immediately downstream of the Hemavathy Dam; the inflow of the Hemavathy Dam 

(here forward referred to as Hemavathy); and the inflow to KRS dam (here forward referred to 

as KRS). More information regarding these catchments can be found in Table 2.1. Hemavathy 

inflow and M H Halli were chosen to assess the models’ ability to simulate the outflow releases 

from Hemavathy. All five were modelled by VIC and GWAVA on a daily timestep (and 

aggregated to monthly) and by SWAT on a monthly timestep, as monthly timesteps are 

generally considered most useful for impact assessments. Kudige, KM Vadi and M H Halli are 

locations of existing streamflow gauges, whilst Hemavathy and KRS are dams with observed 

inflows and outflows. These catchments were selected based on their importance within the 

Cauvery Catchment and observation data availability. The performance of the individual 

models and the model ensemble was evaluated against the observation data. 
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Table 2.1 The area (km2), MAP in mm and the predominant land use of each catchment 

Catchment Area (km2) MAP (mm) Predominant Land Use 

Kudige 1934 2430 Forest 

Hemavathy 2810 1423 Forest 

MH Halli 3050 1365 Forest and agriculture 

KM Vadi 1330 1448 Forest and agriculture 

KRS 10 619 1531 Forest and agriculture 

 

Figure 2.1 The location of the five catchments, outlets of the five catchments analysed in this 

study and three major dams within the Upper Cauvery Catchment. Inset 1: The location of the 

greater Cauvery Catchment and the Upper Cauvery Catchment within Peninsula India. Inset 2: 

A river flow diagram of the Upper Cauvery to demonstrate the flow path through gauging 

stations and dams.  
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2.3.2 Input Data and Model Application 

All three models utilised rainfall and temperature forcing data (Pai et al., 2014) along with soil, 

land use and altitude data. Additionally, the models used many local datasets, which can be 

found in Table 2.7 in Appendix B. The performance of the individual models and the model 

ensemble was evaluated against the observed streamflow data provided by WRIS-India. 

Hereafter the term virgin simulations refer to simulations that do not include any forcing with 

the observed dam outflow data. 

2.3.2.1 VIC 

VIC-3L (VIC-3 layer); version 4.2.d (VIC Model User Guide. 2015) with the Lohmann routing 

model (Lohmann et al., 1998) was run in the water balance mode. The water balance model 

does not solve the surface energy balance (Hurkmans et al., 2008). This model assumes that the 

land surface soil temperature equals the near-surface air temperature and follows the continuity 

equation at each time step. A daily time step was adopted for computational efficiency based 

on data availability. Daily simulations were aggregated into monthly estimates for this study. 

Two versions of the VIC model were set up for Cauvery Catchment (Figure 2.1) at 0.125-degree 

grids, and the surface fluxes were computed at a daily time scale for 1951–2014. The first model 

V-VIC did not incorporate any artificial influences or dams. The second F-VIC utilised the 

observed dam release data to account for two major dams within the catchment by adding the 

observation data to the V-VIC simulation streamflow (Harangi and Hemavathy). The V-VIC 

model was calibrated concerning observed streamflow at four regional stations using model 

parameters, as Lohmann et al. (1998) suggested. The runoff hydrograph was found to be 

governed by three parameters related to vegetation and soil properties. The overland flow was 

sensitive to the variable infiltration curve parameter (B). The baseflow had significant 

sensitivity concerning the fraction of maximum velocity of baseflow where nonlinear baseflow 

begins (Ds) and the fraction of maximum soil moisture where nonlinear baseflow occurs (Ws) 

(Liang et al., 1996; Chawla & Mujumdar, 2015). Thus, these three parameters were chosen for 

calibration, and all the other soil and vegetation parameters were obtained from the soil (Cosby 

et al., 1984) and land use land cover datasets (Table 2.7 in Appendix B). To account for the 

dam operation in VIC, the daily simulated streamflow was aggregated into a monthly flow. The 

monthly observed dam outflow releases were added to obtain the F-VIC simulations.  
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2.3.2.2 SWAT 

This study utilised SWAT2012 (Arnold et al., 2012) on the ArcGIS 10.5 platform. The Upper 

Cauvery and its catchments (129 in number) were delineated based on the DEM and defining 

the inflow to the KRS dam as the catchment outlet. Land use, soil and slope (sources described 

in Table 2.6 in Appendix B) maps were used to create 4432 HRUs based on defining the 

threshold of 20% for each land use, soil and slope. As far as possible, the soil parameters were 

either measured or surveyed (Wable et al., 2019), failing which, they were estimated based on 

the literature. Further, the daily meteorological data of rainfall, temperature, wind speed, 

relative humidity and sunshine hours (sources described in Table 2.6 in Appendix B) were given 

as input to the model. The Penman-Monteith method was adopted in this study to estimate 

potential evaporation. The CN method was selected to calculate surface runoff as it was deemed 

the most suitable for rainfall data at a daily time step. 

The intervention density (in-situ and ex-situ) within these catchments was estimated 

based on expenditure reports for the KWA. As the expenditure on each type of intervention was 

unknown, the average cost for constructing each intervention based on earlier experience was 

used. Then, the total estimated cost was converted into storage capacities. Conceptually, the 

SSRHIs were considered to only exist within areas of agriculture (7272 km2; 70% of the total 

area). The most common agricultural and water management SSRHIs were considered, 

including check dams and bunds representing in-situ and ex-situ intervention. The aggregated 

district-level catchment SSRHIs storages were all lumped into a single-unit dam along the main 

channel of the catchment. The total storage capacity created due to SSRHIs over the catchment 

was estimated to be 5 m3/ha in 2006. The depth of the check dam and infiltration rate observed 

during the survey was 1.5 m and 10 cm/day, and that of bunds was 0.3 m and 30 cm/day, 

respectively (Wable et al., 2019). 

Along with the intervention storage, the three major dams (Harangi, Hemvathy and 

KRS) were incorporated at each catchment as per their actual locations. The monthly outflows 

were also provided as inputs to the model for these major dams, along with storage capacities 

and their surface areas. SWAT has the option to bypass the dam outflow simulation and provide 

the observed outflow time series (F-SWAT). The monthly dam outflow data from Hemavathy 

and Harangi dams fed these gauging points, allowing the model to better represent the 

streamflow at the gauges downstream of the dams. Further, the SWAT model was calibrated 
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for the KRS inflows from 1981 through 2003 using surface runoff and baseflow parameters. 

Table 2.8 in Appendix B shows a list of these parameters. 

2.3.2.3 GWAVA 

Surface water flows across the Cauvery Catchment (to Musiri) on a daily timestep were 

estimated utilizing GWAVA (GWAVA: Global Water Availability Assessment Model 

Technical Guide and User Manual, 2020). Similarly to VIC, GWAVA was set up for the extent 

of the Cauvery Catchment upstream of Musiri (Figure 2.1) at 0.125◦ grids for the years 1986–

2005. A grid cell resolution of 0.125 degrees was chosen based on data availability for the 

region. The model was calibrated to daily observed streamflow and validated to daily observed 

streamflow and seasonal groundwater levels at 14 gauging stations across the catchment from 

1980– 2005, depending on the period of uninterrupted reliable observed streamflow available 

from the gauging station. The model included a basic groundwater module, demand (domestic, 

industrial, agricultural, livestock and the associated conveyance losses and return flows), and 

major and minor dams. Five parameters were selected in the calibration. These parameters 

pertain to soil characteristics, surface and groundwater routing and water table level at which 

baseflow flows.  

2.3.3 Model Performance Criteria 

The performance measures used in this study are the NSE (Equation 2.1), KGE (Equation 2.2) 

and percent bias (Equation 2.3). NSE is a popular metric to evaluate hydrological model 

performance because it aims to normalise model performance into an interpretable scale (Nash 

& Sutcliffe, 1970; Gupta et al., 2009). An NSE of one represents a perfect correspondence 

between the simulations and the observations. An NSE of zero indicates that the model 

simulations have the same explanatory power as the mean of the observations. An NSE of less 

than 0 represents that the model is a worse predictor than the mean of the observations. 

However, NSE does not provide an equal benchmark for different flow regimes. Utilising the 

single NSE metric is not sufficient for determining a model's performance; however, it can 

provide context if utilised in conjunction with additional model performance efficiency.  
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For this study, an NE score of less than 0.2 is deemed poor, between 0.2 and 0.6 as fair 

and above 0.6 as good. The NSE is calculated as follows: 

𝑁𝑆𝐸 = 1 − 
∑ (𝑄𝑠

𝑡−𝑄𝑜
𝑡 )

2𝑇
𝑡=1

∑ (𝑄𝑜
𝑡 −𝑄𝑜̅̅ ̅̅ )

2𝑇
𝑡=1

 (2.1) 

where 𝑄𝑠
𝑡 and 𝑄𝑜

𝑡  are, respectively, the simulated streamflow and the observed 

streamflow at timestep t; 𝑄𝑜
̅̅̅̅ is the average observed streamflow over all timestep considered.  

The KGE is based on correlation, variability, and mean bias (Gupta et al., 2009; Knoben 

et al., 2009). The metric allows some perceived shortcomings with NSE to be overcome and 

has become increasingly popular for evaluating hydrological model skill. A KGE of one 

indicates perfect agreement between simulations and observations. However, there are many 

opinions about where the differentiation of a ‘good’ and ‘poor’ model performance thresholds 

lies within the KGE scale. Negative KGE values do not always imply that the model performs 

worse than the mean flow benchmark. For this study and to compare model performance, a 

KGE score of less than 0.2 is deemed poor, between 0.2 and 0.6 as fair and above 0.6 as good. 

The KGE is calculated as follows: 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (
𝜎𝑠

𝜎𝑜
− 1)

2
+ (

𝜇𝑠

𝜇𝑜
− 1)

2
 (2.2) 

where r is the correlation coefficient between simulated and observed data, 𝜎𝑜 is the 

standard deviation of observation data, 𝜎𝑠 is the standard deviation of simulated data, µo is the 

mean of observation data and 𝜇𝑠 is the mean of simulated data 
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The bias is the average tendency of the simulated data to over-or underestimate the 

observed data. The optimal value for the bias is zero. Positive values indicate a model 

underestimation, and negative values indicate an overestimation. 

𝐵𝑖𝑎𝑠 =  
∑ (𝑦𝑜−𝑦𝑠)𝑇

𝑡=1

∑ (𝑦𝑜)𝑛
𝑡=1

 (2.3) 

where 𝛾𝑜 is the observed data value, 𝛾𝑠 is the simulated data value, and t is the time-step. 

The daily streamflow volume from VIC and GWAVA was summed to generate the 

monthly streamflow for the VIC and GWAVA simulations to be comparable to the SWAT 

simulations because monthly timesteps are generally preferred for impact assessments. For the 

ensemble average evaluation, the mean monthly streamflow was generated by averaging the 

monthly streamflow from F-VIC, F-SWAT and GWAVA. The model performance efficiencies 

were calculated from the monthly observed streamflow and the mean monthly ensemble 

streamflow time series.  

Monthly simulations were undertaken using VIC, GWAVA and SWAT. Virgin 

simulations from SWAT (V-SWAT) and VIC (V-VIC) were included in the analysis of the 

results. The second set of simulations from SWAT (F-SWAT) and VIC (F-VIC) are 

improvements on the virgin simulations utilising this observed data. The calibration parameters 

were kept consistent between V-SWAT, F-SWAT, and V-VIC and F-VIC, respectively. 

2.4 Results 

2.4.1 Dam Outflow Evaluation 

To establish confidence within the observed dam outflow data used to force F-SWAT and F-

VIC, it was compared to streamflow gauges downstream of the dam. Harangi dam outflow was 

compared to Kudige, and Hemavathy outflow was compared with M H Halli. The gauging 

stations (Kudige and M H Halli) are situated a short distance downstream of the dams (Harangi 

and Hemavathy). The Hemavathy outflow and streamflow observed at M H Halli correspond 

well, although the dam outflow does not follow a seasonal trend year on year (Figure 2.2a). The 

Harangi outflow is significantly less than the streamflow observed at Kudige (Figure 2.2b). 
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This is expected as Kudige drains a larger area than the Harangi dam. However, the coinciding 

of the peak streamflow indicates that the temporal trend of the dam release is seasonal. 

Figure 2.2 The monthly observed streamflow from (a) M H Halli gauging station and 

Hemavathy dam outflow and (b) Kudige gauging station and Harangi dam outflow. 
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The forcing of the streamflow with the observed dam data improves the simulations by 

F-VIC in the catchments that contain the large dams (Kudige, M H Halli and KRS). However, 

the inclusion of this observation data causes the model to overestimate the streamflow across 

these catchments. F-VIC performs well at Kudige, poorly at KRS and fairly across the 

remaining catchments (Tables 2.2 and 2.3). The performance of both V-VIC and F-VIC is 

generally weaker in the monsoon season (Figure 2.4 in Appendix B). VIC produces a low bias 

at Kudige but overestimates at Hemavathy, M H Halli and KM Vadi and severely overestimates 

at KRS inflow (Table 2.4). F-VIC simulates the monthly average streamflow well at Kudige 

(Figure 2.4 in Appendix B). The streamflow is overestimated in August, but the rising and 

falling limbs are simulated well. At KM Vadi, F-VIC captures the rising limb well. However, 

it overestimates the streamflow in August and subsequently overestimates the falling limb. At 

M H Halli, Hemavathy and KRS, F-VIC simulates the temporal nature of the observed 

streamflow well but significantly overestimates across the year (Figure 2.4 in Appendix B). The 

over-estimation of streamflow by F-VIC downstream of the dams could be a reflection of the 

inability of the model to account for anthropogenic water abstraction, and the uncertainty in the 

observed dam outflow data and methodology used to incorporate the observed dam releases 

could contribute to poor performances at KRS. 

The V-SWAT simulations underestimate the streamflow volume at Kudige, M H Halli 

and KRS and provide fair simulations at Kudige and KRS. However, the performance at M H 

Halli is very poor (Tables 2.2, 2.4 and 2.5). Following the use of the observed dam outflow data 

to force the model, the performance at Kudige, M H Halli and KRS are significantly improved. 

When utilising the observed dam data, SWAT consistently performs well across the five 

catchments (Tables 2.2, 2.4 and 2.5). SWAT simulates the total streamflow volume well at KM 

Vadi but underestimates in the remaining catchments (Table 2.4). Despite being fed the Harangi 

outflow data upstream, SWAT underestimates the streamflow at Kudige. SWAT simulates the 

streamflow at M H Halli and KM Vadi well in July but does not retain the peak flow through 

August. The model simulates the second peak in October, which corresponds with VIC and 

GWAVA but not the observed streamflow data (Figure 2.4 in Appendix B). SWAT simulates 

the peak streamflow at Hemavathy well; however, it underestimates the  rise and falling limbs. 

At KRS, SWAT underestimates the peak streamflow in July and August but overestimates the 

falling limb of the hydrograph. 
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GWAVA performs fairly across all the catchments across the modelling period (Tables 

2.2, 2.4 and 2.5) and during the monsoon season. However, GWAVA performs less well at M 

H Halli. GWAVA underestimates the total streamflow volume in all the catchments throughout 

the year (Table 2.4) but overestimates the total streamflow volume at M H Halli in the monsoon 

season (Figure 2.4 in Appendix B). The peak simulated streamflow followed the trend of the 

observed streamflow but is underestimated at both Kudige and M H Halli. At KM Vadi, 

GWAVA significantly underestimates the peak flows through July and August; however, it 

peaks in October. This second peak does not correspond to the observed streamflow. At KRS, 

GWAVA is significantly under-estimating the streamflow throughout the year. GWAVA is 

inaccurately representing the outflows from Hemavathy. This is clearly illustrated by poor 

simulations and over-estimation of streamflow at M H Halli. The under-estimations of 

streamflow by GWAVA at Hemavathy, KM Vadi and downstream of Harangi could be a 

reflection of the inability of the model to capture the outflow characteristics of this dam, an 

over-estimation of the dam capacity (due to undocumented silting), misrepresentation of the 

SSRHIs, the poor representation of rainfall in the IMD grids or an over-estimation of the 

anthropogenic and agricultural water abstraction. 

2.4.3 Ensemble Model Performance 

The ensemble model mean was calculated using the simulations from F-VIC, F-SWAT and 

GWAVA. The ensemble model simulations are the most consistent with the observation 

streamflow. The average streamflow ensemble produced by the three models represented the 

total volume of observed streamflow across the Upper Cauvery better than the individual 

models (Table 2.4). The ensemble produced NSE values at Kudige, M H Halli, Hemavathy and 

KRS close to the optimal NSE of one, which is a significant improvement from the individual 

model NSE values (Table 2.2). Although the ensemble performs less well at KM Vadi, it 

outperforms the individual models (Table 2.2). The ensemble closely represents the observed 

data temporally at KRS (Figure 2.3). Although the ensemble generally overestimated the 

volume of streamflow, and to a greater extent for the period 1995–1999, it represents the 

volume of streamflow more accurately than any of the individual models (Figure 2.3)  
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Figure 2.3 The monthly total observed streamflow and streamflow simulated by VIC, SWAT, 

GWAVA and the ensemble at KRS inflow 

2.5 Discussion 

The models individually had varying results across the five catchments (Tables 2.2–2.5). F-

SWAT tended to perform best; however, the observed outflow data from the Hemavathy and 

Harangi dams cannot be overlooked as a significant reason for the consistent performance. V-

SWAT significantly underestimates the streamflow at M H Halli, Kudige and KRS when the 

rainfall is used as the only source of hydrological forcing data. F-SWAT utilises the observed 

dam outflow data to offset the underestimation of rainfall within the Western Ghats region. 

Across the catchments, V-VIC tended to underestimate the streamflow in the catchment with 

the major dams (Kudige and M H Halli) whilst over-estimating the streamflow in the remaining 

catchments. F-VIC overestimates the streamflow across all the catchments. GWAVA tended to 

underestimate the streamflow at Kudige, Hemavathy and KRS. Although F-SWAT, V-SWAT 

and GWAVA produced a low bias, all five model setups struggled to reproduce the observed 

streamflow in KM Vadi accurately. Despite the improvement of both V-VIC and V-SWAT 

utilising the observed streamflow data, this limits their application for modelling future 

scenarios. The fair simulations in V-VIC, F-VIC and GWAVA and the good performance by 

V-SWAT and F-SWAT at KM Vadi suggest that the large-scale modelling approach applied in 
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the Upper Cauvery may not be suitable as complex local topography is not sufficiently 

represented by the gridded models.  

The Upper Cauvery region has a low density of rain gauge stations (about 1 for every 

460 km2). Thus, the spatial rainfall variability may not be captured adequately, especially in the 

Western Ghats, where the rainfall varies from 600 to 5000 mm (Sheffield et al., 2016) within a 

50–100 km radius. The IMD gridded rainfall dataset uses these gauges and a linear interpolation 

methodology to estimate a spatial representation of rainfall across the region. An average annual 

runoff coefficient was calculated utilising the IMD gridded rainfall and point gauge rainfall 

data. An example from this analysis was the average annual runoff coefficient calculated for 

Harangi inflow was 1.92 using the IMD gridded data; however, the runoff coefficient estimated 

with rainfall obtained from existing rain gauge stations was only 1.3. This may result from the 

inability of linear interpolation to capture the high spatial variability of the rainfall pattern in 

mountainous regions. Therefore, in the Western Ghats region, inaccuracy in the meteorological 

data is likely to be the most significant driver of erroneous results. 

Humans have significantly influenced the hydrological cycle across the Cauvery. These 

include, but are not limited to, irrigation, dam operation and groundwater pumping. Most 

hydrological models cannot successfully simulate all these anthropogenic factors, and in those 

models that consider human intervention, the data about these aspects are often not readily 

available. Models that calibrate without accounting for water regulation may capture the 

streamflow, but for the wrong reasons, and will not be robust against future changes in 

anthropogenic pressures. In catchments with high dependence on streamflow and groundwater 

to meet demands, it is even more important to capture the catchment processes, including 

human influences, correctly. To address this, many hydrological models are developing 

anthropogenic modules. For example, VIC-WUR (Droppers et al., 2020) improved data on 

human interventions (water demands, dams, and groundwater withdrawals being collated). 

In the V-SWAT simulations, the model under-simulated the streamflow volume in most 

of the catchments. The volume of water simulated at KRS is more accurate following the 

utilisation of the dam outflow data. The temporal trend of the observed and simulated inflow to 

Hemavathy dam (Figure 2.1) values was well followed; however, the peaks were consistently 

underestimated using the V-SWAT model setup. Within the V-SWAT and F-SWAT model 

setup, a limited cropping system has been represented in the command areas. The subsequent 
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irrigation and evaporative demands simulated by the model might not accurately reflect the 

system that includes multiple cropping systems and land management techniques. The SSRHIs 

represented in V-SWAT, and F-SWAT is summarised into one dam node for each catchment. 

In reality, hundreds of small structures are constructed along various streams within the 

catchment. This is likely a source of uncertainty as the correct response of the small structures 

to the hydrological regime may not be captured accurately. The SWAT model's surface and 

lateral runoff depend solely on rainfall. Thus, if the rainfall is under-estimating, the streamflow 

is likely to be underestimated. Peak flows are challenging to simulate accurately on a monthly 

scale model because short-term rainstorms are represented as one-day events and thus result in 

peak flows being under-simulated. This is particularly prominent in mountainous areas with 

orographic rainfall, such as the Western Ghats. The underestimation of peak flows could result 

from the erroneous rainfall data used in the simulation. Additionally, linear interpolation 

generally does not represent the spatial variation in rainfall in high-elevation areas. It is 

important to understand these limitations in model structure and rainfall data so that suitable 

model and data combinations can be selected for a given study (for instance, this analysis 

suggests that the SWAT model would not be well suited for modelling flood risk in 

mountainous regions) 

Although V-SWAT did not perform as well as F-SWAT, V-SWAT would be a more 

robust model setup to undertake future climate and socio-economic scenario modelling. The 

impact of any applied changes would be reflected in the dam outflows and streamflow 

simulations using V-SWAT. As future dam releases are unavailable, F-SWAT would not be 

suitable for implementing future water resource evaluation scenarios. Any changes applied to 

Kudige, and the forced dam outflows would mask M H Halli. Subsequently, the simulations at 

KRS would not necessarily reflect the full extent of the changes applied. 

VIC is a useful tool to simulate streamflow on a large scale. Across the catchment, F-

VIC tends to over-simulate the total volume of streamflow. This could be attributed to human 

intervention and dams not being accurately captured, under-estimating evaporation due to high 

water availability in the Western Ghats, lack of a sufficient irrigation component representing 

the local/catchment agricultural practice, and poor representation of baseflow in VIC due to the 

lack of representation of groundwater storage. In the Cauvery, the groundwater level is 

particularly deep, and the baseflow is limited. The excess baseflow VIC feeding the surface 

water during low flow conditions is accentuated. The model performs well in naturalised 
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catchments (V-VIC simulations) and provides a good temporal simulation without directly 

accounting for water resource demand. The VIC model used in this analysis does not include a 

separate module for the representation of SSRHIs and dams. The simulations of Harangi and 

Hemavathy catchments could be subjected to model structural uncertainties, uncertainty in the 

observed dam outflow data (Figure 2.2a,b) and the methodology used to incorporate the effects 

of the dams to be contributing factors. The model results may also have uncertainties associated 

with the forcing datasets, which could propagate through the representation of hydrological 

processes during simulations. 

The performance of GWAVA in the selected catchment is inferior to F-VIC and F-

SWAT. However, unlike these other models, GWAVA is the only model which can capture 

high levels of anthropogenic alteration. GWAVA allows the simulated flows to be captured for 

the right reasons by allowing all the water balance components and the demands to be tracked. 

Additionally, tracking groundwater levels is critical in catchments such as the Cauvery. The 

GWAVA set-up utilised in this study provides additional functionality to predict future water 

availability due to the inclusion of water demands and modelling of dam releases. A significant 

challenge in large-scale hydrological modelling is quantifying and managing input and 

validation data uncertainty and the upscaling of processes. There is a high level of uncertainty 

with the application of the GWAVA model in the Upper Cauvery. The poor representation of 

dam releases at Harangi and Hemavathy is a reflection of the inability of the model to capture 

the outflow characteristics of this dam and potentially an over-estimation of the dam capacity 

(due to undocumented silting). To improve the model performance, an improved dam routine 

accounting for downstream irrigation demand would be required. The water demands could be 

overestimated, leading to the unrealistic over-abstraction of groundwater resources. To further 

improve GWAVA, a more comprehensive dam and groundwater routine could be included and 

the representation of SSRHIs. 

The ensemble model mean is the most consistent with the observation streamflow 

(Figure 2.3). Prediction uncertainty emanates from data, model structure and parameter 

uncertainty. Ensemble modelling can reduce prediction uncertainties (Semenova et al., 2009). 

Utilising an ensemble allows for the weaknesses in one model to be shadowed or compensated 

by the strength of others. The model ensemble accounts for the skill of each model, maximises 

the available input data and provides an estimate of the range of possible outcomes. Ensembles 

have higher predictive accuracy and have proven successful in representing non-linear 
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interactions. An ensemble reduces the noise, bias and variance of simulations and can 

potentially create a more in-depth understanding of the data. However, ensemble modelling 

results can suffer from a lack of interpretability and are dependent on the prediction accuracy 

of the ensemble members 

In agreement with examples of ensemble modelling literature (Doblas-Reyes et al., 

2005; Baker & Ellison, 2008; Viney et al., 2009; Li et al., 2018; Kumar & Nandagriri, 2018), 

the ensemble predictions outperformed the individual models across all five catchments. The 

NSE values obtained from this study are compared with those found in the literature (Table 

2.5). When the ensemble model performance is compared to that of Patel and Ramachandran 

(2015) using ANN and SVR models, it would seem that the ensemble of models from the 

present study performed better across KM Vadi, M H Halli and KRS. The ANN and SVR 

models utilised the same IMD gridded rainfall and temperature data used in this study. The 

ANN model and SVR produced maximum NSE values of 0.63 and 0.28 across these 

catchments. However, both ANN and SVR were able to better capture the dam operations of 

Harangi. The high level of complexity within these models could be well suited to catchments 

where the risk of overfitting parameters is limited. Maheswaran and Khosa (2012) improved 

the simulation of dam releases using the WA-ANN model, which improved streamflow 

simulation at Kudige and M H Halli. 

Kumar and Nandagiri (2018) obtained high NSE values for both Hemavathy inflow and 

Harangi inflow using the SWAT model by incorporating the VSA mechanism. This mechanism 

was successful upstream of major dams, but it did not have adequate predictive ability 

downstream. Geetha et al. (2008) modelled Hemavathy using the SCS-CN lumped conceptual 

model, and VSA lumped conceptual model. Both these studies utilised observed point rainfall 

within the catchments as opposed to the IMD gridded rainfall. SCS-CN, VSA and the model 

ensemble from this study showed NSE values of 0.84, 0.78 and 0.94, respectively, at 

Hemavathy. VIC and GWAVA produced similar or better performances than the more complex 

SWAT (Kumar & Nandagriri, 2018), ANN and SVR models across the catchments. 

These results highlight the strength of large-scale gridded models for modelling the 

extent of large catchments but can represent the processes of headwater catchments as 

accurately as in this region as catchment-scale models. Additionally, the importance of accurate 

climatic forcing in mountainous regions and the ability to simulate dam outflows is emphasised. 

An accurate spatial representation of rainfall for input into hydrological models, accounting for 
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the SSRHIs and comprehensive dam and groundwater functionality, is paramount to obtaining 

good results in this region (Li et al., 2018). 

2.6 Conclusion 

Literature highlights that many hydrological models fail to simulate the streamflow dominating 

releases from Hemavathy and Harangi dams accurately. The models utilised in this study had 

varying results across the five catchments. V-SWAT and GWAVA underestimate the 

streamflow in catchments with dams when the rainfall is used as the only source of hydrological 

forcing data. V-VIC tended to underestimate the streamflow in the catchments with the major 

dams whilst over-estimating the streamflow in the remaining catchments. F-SWAT can offset 

the under-estimation of rainfall within the Western Ghats region by utilising the observed dam 

outflow data, whilst F-VIC overestimates the streamflow across all the catchments. Although 

F-SWAT, V-SWAT and GWAVA produced a low bias, all five model setups struggled to 

accurately reproduce the observed streamflow at KM Vadi. V-VIC, V-SWAT and GWAVA 

would be suitable choices to perform future scenario modelling; however, F-SWAT and F-VIC 

would be unsuitable as future dam release data are not available, nor data on how releases would 

vary with socio-economic changes. 

This study highlights the strength of large-scale gridded models for modelling the extent 

of large catchments but can also represent the processes of headwater catchments as accurately 

in this region as catchment-scale models. The ensemble model mean is the most consistent with 

the observation streamflow. The ensemble predictions outperformed the individual models 

across all five catchments. The average ensemble has a better predictive ability in catchments 

with dams than the individual models. Utilising multiple models could be a suitable 

methodology to offset uncertainty in input data and poor dam operation functionality within 

individual models. This study has highlighted the importance of an accurate spatial 

representation of rainfall for input into hydrological models, accounting for SSRHIs and 

comprehensive dam and groundwater functionality is paramount to obtaining good results in 

this region.  
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Table 2.7 Description and source of the model input data  

Input Data Model Resolution Source 

Precipitation VIC 
0.25 degrees, daily, 1951-2017 IMD (Pai et al., 2014) 

GWAVA 

SWAT 0.25 degrees, daily, 1951-2017 

0.14 degrees, daily 

34 rain gauges, monthly 

IMD (Pai et al., 2014) 

IMD (Pai et al., 2014) 

IMD (Pai et al., 2014) 

Maximum and Minimum 

Temperature 

VIC 
0.25 degrees, daily, 1951-2016 IMD (Pai et al., 2014) 

GWAVA 

SWAT 0.25 degrees, daily, 1951-2016 IMD (Pai et al., 2014) 

Wind speed VIC 0.25 degrees, daily, 1971-2016 Princeton University (Sheffield et al., 2016) 

SWAT 0.25 degrees, daily IMD (Pai et al., 2014) 

Relative Humidity SWAT 0.125 degrees, daily IMD (Pai et al., 2014) 

Sunshine hours SWAT 0.125 degrees, daily IMD (Pai et al., 2014) 

Streamflow gauged data VIC 
Cauvery, daily, 1971- 2014 India-WRIS 

GWAVA 

SWAT Upper Cauvery, monthly India-WRIS 

Dam inflow and outflow 

data 

VIC 
Cauvery, monthly 1974-2014 India- WRIS 

GWAVA 

 SWAT Upper Cauvery, monthly India- WRIS 



64 

Input Data Model Resolution Source 

Water transfers GWAVA Cauvery Catchment ATREE 

SSRHIs GWAVA 
Karnataka, 2006-2012 KWA, Karnataka 

SWAT 

Elevation VIC 
30 m x 30m 

NASA Shuttle Radar Mission Global 1 arc second 

V003 (NASA JPL, 2013) GWAVA 

SWAT 90m x 90m Shuttle Radar Topography Mission (Farr et al., 

2007) 

Soil type VIC 250 m  ISRIC world soil information (Dent, 2017). 

GWAVA 30 arc second Harmonized World Soil Database v1.2 (Fischer et 

al., 2008) 

SWAT 1: 250 000 NBSS & LUP  

Land Cover Land Use VIC 
100m x 100m, 1985, 1995, 2005 

Decadal land use and land cover across India 2005 

(Roy et al., 2008) GWAVA 

SWAT 1:250000  NRSC 

Crops GWAVA Talak, 2000 NRSC 

SWAT 1:250000  NRSC 

LAI VIC 1 km resolution MODIS (USGS Earth Explorer, 2018)  

Albedo VIC 1 km resolution MODIS (USGS Earth Explorer, 2018)  

Total Population GWAVA Village, 2011 Indian Decadal Census 
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Input Data Model Resolution Source 

Rural Population GWAVA Village, 2011 Indian Decadal Census 

Livestock GWAVA 5km x 5km CGIR Livestock of the World v2 (Robinson et al., 

2014) 
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Table 2.8 SWAT model inputs and calibration parameters 

Variable (Unit) Parameter Name Parameter Value Source 

Sand content (%) SAND 20 (10-30) NBSS&LUP  

Silt content (%) SILT 28 (20-35) NBSS&LUP  

Clay content (%) CLAY 53 (35-70) NBSS&LUP  

Bulk Density (g cm−3 ) SOL_BD 1.29 (1.24-1.33) NBSS&LUP  

Available Water Content (mm 

H2O/mm soil) 

SOL_AWC 0.14 NBSS&LUP  

Soil Depth (mm) SOL_Z 750 (300-1200) NBSS&LUP  

Saturated Hydraulic Conductivity 

(mm/hr) 

SOL_K 6.6 (6.03-7.12) NBSS&LUP  

Curve number CN2 82 (72-92) Calibrated 

Groundwater revapcoeff (-) GW_REVAP 0.02 Default 

Threshold depth of water for 

revamp in a shallow aquifer (mm 

H2O) 

REVAP_MN 750 Default 

Threshold depth of water in the 

shallow aquifer required to return 

flow (mm H2O) 

GWQMN 1000 Default 

Groundwater delay time (days) GW_DELAY 31 Default 
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Surface runoff lag coefficient SURLAG 4 Default 

Baseflow alpha factor ALPHA_BF 0.048 Default 

Hydraulic conductivity of the 

dam bottom (mm h-1)—For ex-

situ SSRHIs 

RES_K 4 Measured 

Hydraulic conductivity of the 

dam bottom (mm h-1)—For in-

situ SSRHIs 

RES_K 12 Measured 

Groundwater revapcoeff: Water may move from the shallow aquifer into the overlying unsaturated zone. As GW_REVAP approaches 0, the 

movement of water from the shallow aquifer to the root zone is restricted. As GW_REVAP approaches 1, the rate of transfer from the shallow 

aquifer to the root zone approaches the rate of potential evapotranspiration. ** REVAP_MN Threshold depth of water in the shallow aquifer 

for “revap” or percolation to the deep aquifer to occur (mm H2O). 
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Figure 2.4 The monthly average streamflow in MCM for each catchment simulated by V-

VIC, VIC, V-SWAT, SWAT and GWAVA superimposed with the monthly average observed 

streamflow. 
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Figure 2.4 cont. 
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Figure 2.4 cont. 
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3.   MODELLING SMALL-SCALE RUNOFF HARVESTING 

INTERVENTIONS IN SEMI-ARID INDIA AT THE 

CATCHMENT SCALE 

Abstract  

There has been renewed interest in the performance, functionality, and sustainability of 

traditional small-scale storage runoff harvesting interventions (SSRHIs - check dams, farm 

bunds and tanks) used within semi-arid regions to improve local water security and landscape 

preservation. The CGWB of India is encouraging the construction of such SSRHIs for the 

alleviation of water scarcity and to enhance groundwater recharge. It is important for water 

resource management to understand the hydrological effect of these SSRHIs at the catchment 

scale. The quantification of SSRHIs in hydrological modelling is often neglected, especially in 

large-scale modelling activities, as data availability is low, and their hydrological functioning 

is uncertain. A version of the GWAVA water resources model was developed to assess the 

impact of SSRHIs on the water balance of the Cauvery Catchment and two smaller sub-

catchments. Model results demonstrate that farm bunds appear to have a negligible effect on 

the average annual simulated streamflow at the outlets of the two sub-catchments and the 

catchment. In contrast, tanks and check dams have a more significant and time-varying effect. 

The open water surface of the SSRHIs contributed to an increase in evaporation losses across 

the sub-catchment. The change in simulated groundwater storage with the inclusion of SSRHIs 

was not as significant as sub-catchment-scale literature, and field studies suggest. The model 

adaption used in this study provides a step-change in conceptualising and quantifying the 

consequences of SSRHIs in large- or catchment-scale hydrological models. 

Keywords: semi-arid hydrology; small-scale storage; check dams; tanks; farm bunds; Cauvery; 

GWAVA 

_______________________________ 

 

Horan, R, Wable, PS, Srinivasan, V, Baron, HE, Keller, VJ, Garg, KK, Rickards, N, Simpson, M, Houghton-Carr, HA and Rees, HG, 2021. 

Modelling Small-Scale Storage Interventions in Semi-Arid India at the Basin Scale. Sustainability, 13(11), p.6129. 
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3.1 Introduction 

Water resources management is becoming increasingly challenging (Cleaver, 2017) with rapid 

population growth (Loucks, 2017), a changing climate (Wang et al., 2016), and increasing 

competition over limited natural resources (Smith, 2018). Local communities and 

municipalities have altered the landscape for centuries and built informal structures to improve 

local water security. In semi-arid regions of the world, people have relied on large-scale 

infrastructures, such as dams and water transfer schemes, and small-scale infrastructures, such 

as check dams, farm bunds (rainfall harvesting method used in agriculture fields consisting of 

a raised soil perimeter), and tanks (small informal dams with a sub-catchment area of fewer 

than 34 hectares), to provide and store water for urban and rural use. Detailed descriptions of 

these structures can be found in Section 3.2.2. 

In India, the shortfall in renewable water resources to meet the increasing demand has 

resulted in the aggressive abstraction of deep groundwater storage and the construction of small 

surface-water storage structures (Ramaswamy, 2007). The Government of India and State 

governments have actively encouraged the construction of SSRHIs, such as check dams, farm 

bunds, and tanks, as the primary policy response for alleviating water scarcity (Goyal & 

Sivanappan, 2017). There are now millions of such structures across India (Agoramoorthy & 

Hsu, 2008), and recently, there has been renewed interest in their effectiveness in improving 

local water security. Understanding the hydrological effect of these SSRHIs at the local- and 

catchment scale is critical to inform sustainable water resource management. 

In India and other semi-arid regions, SSRHIs are generally constructed to assist in 

replenishing and maintaining local groundwater resources (Renganayaki & Elango, 2013). The 

most prolific types of SSRHIs in Southern India are check dams, farm bunds, and tanks (Shah, 

2008). In mountainous regions of the world, such SSRHIs are commonly used to reduce 

streamflow velocity and reduce sediment loss from the sub-catchment. However, these SSRHIs 

are primarily used in India for artificial groundwater recharge (Ramaswamy, 2007). There is 

limited knowledge of the hydrological dynamics and performance of SSRHIs (Van Meter et 

al., 2015). Little research has been undertaken to quantify the hydrological effects of SSRHIs 

at a catchment-scale (Xu et al., 2013). Some studies have modelled the local impact of SSRHIs 

on streamflow with different perspectives, including the impact on the water balance (Van 

Meter et al., 2015), as possible use to treat wastewater (Vidya et al., 2015), and the impact on 
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river flows in headwater sub-catchments (Garg et al., 2012; Penny et al., 2018). Additionally, 

many studies have focused on the effects of SSRHIs on sediment transport and local 

groundwater level (Doolittle, 1985; Armanini et al., 1991; Boix-Fayos et al., 2007; Mishra et 

al., 2007; Polyakov et al., 2014; Dashora et al., 2018; Wei et al., 2017; Díaz-Gutiérrez et al., 

2019). The upscaling of SSRHIs is of high interest because it is becoming increasingly popular 

for water resource management and planning approaches to focus on the catchment as an entity 

(Krois & Schulte, 2013). A catchment-wide approach is important in semi-arid regions and 

particularly pertinent in closed and closing catchments, where water is a scarce commodity and 

upstream SSRHIs directly affect downstream water availability (Krois & Schulte, 2013). 

There are concerns regarding the effects and functionality of SSRHIs in Peninsular 

India. The underlying fissured hard-rock geology of Peninsular India differs from the alluvial 

deposits in Northern India, where most previous studies have been undertaken. Fissured hard 

rock has a medium to low permeability and contains water tables with modest water resources 

compared to porous, karst, and volcanic water tables. These water table systems are well-

connected and have transitioned from a laterally to a vertically dominated flow system due to 

high levels of abstraction. These water tables have decreasing hydraulic conductivity and 

storage with depth, resulting in the resource depleting quickly when groundwater is withdrawn 

from increasing depths. The water table systems are now regarded as either depleted or highly 

variable resources due to the high levels of abstraction and seasonal recharge. It is speculated 

that the abstraction from these water tables results in decreased base flow into the river system 

(Ramaswamy, 2007). 

The Cauvery Catchment was chosen to be representative of many other catchments in 

Peninsular India. These catchments are under pressure from urbanisation, population growth, 

and agriculture intensification (Krois & Schulte, 2013). The Cauvery is also a contentious river 

with concern over water sharing between Karnataka and Tamil Nadu (Salman, 2002). With 

water resources in the Cauvery Catchment under severe stress and the abundance of SSRHIs, it 

is important to understand the effect of SSRHIs on the spatial and temporal hydrological 

patterns (Xu et al., 2013).  
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There are constraints and uncertainty identified in the current modelling of SSRHIs at the 

catchment scale: 

a) The hydrological functioning of each type of SSRHI is uncertain.  

b) Proxy values and parameter adjustments have been utilised to quantify the functioning 

of SSRHIs. 

c) Data on the location and characteristics of SSRHIs are scarce and not well documented 

when available. 

The impacts of such changes and SSRHIs on local hydrological processes, such as 

streamflow, groundwater recharge, and evapotranspiration, are poorly understood. The 

knowledge of how these diverse local changes cumulatively affect water availability at the 

broader catchment scale is very limited. 

Over recent decades, the hydrological regime of the Cauvery Catchment has been 

significantly altered (Sreelash et al., 2020) across the four federal states in which it lies (Sharma 

et al., 2020). The catchment is highly water-stressed (Hoekstra et al., 2012), and the current 

water use exceeds the renewable water resources within the catchment. A common technique 

throughout the four states is using small-scale storage structures to alleviate local water stress 

in non-monsoon periods (Moore, 1985). All the water resources associated with a “normal” 

rainfall year are currently allocated by the tribunal (Salman, 2002), and surface water flows 

only reach the Bay of Bengal in years of strong monsoons (Falkenmark & Molden, 2008). The 

agricultural activities across the catchment require 90% of the total water resources (Bhave et 

al., 2018). However, rapidly developing urban and industrial centres are creating increased 

inter-sectorial and inter-state competition for limited renewable resources (Jamwal et al., 2014). 

The four states have different water policies, traditional water harvesting techniques, water use 

prioritisation, and values associated with the natural environment (Kumar et al., 2006). 

Several hydrological modelling exercises have already been carried out in the Cauvery 

Catchment or its sub-catchments. The ARIMA model (Patel & Ramachandran, 2015), ANN 

model (Patel & Ramachandran, 2015), SVR model (Patel & Ramachandran, 2015), and the 

SWAT model (Kumar & Nandagiri, 2015) have been utilised in various sub-catchments of the 

Cauvery Catchment. At the catchment scale, SWAT (Gosain et al., 2006; Singh & Gosain, 

2011; Bhuvaneswari et al., 2013; Mandal et al., 2016), SCS-CN (Geetha et al., 2008; Parvez & 

Inayathulla, 2019), and the coupled mesoscale hydrologic model with the VIC-MHM (Raje et 
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al., 2014) have been used to simulate streamflow. However, none of these previous studies has 

considered the inclusion of SSRHIs. 

Using the GWAVA model in the Cauvery Catchment provides the opportunity to 

investigate the effect of SSRHIs on catchment-scale hydrology by introducing check dams, 

farm bunds, and tanks into the model structure. To investigate the impact of the SSRHIs on the 

hydrology of the Cauvery Catchment, a version of the GWAVA model (GWAVA-Int) made 

specifically for this use was developed. In GWAVA-Int the SSRHIs were conceptualised within 

the model structure using local knowledge, observed data, and adaptations of existing dam 

representations. The effect of SSRHIs on the hydrological regime and water balance of the 

entire Cauvery Catchment was studied, as well as a more in-depth analysis of two relatively 

small sub-catchments contained within the catchment. 

3.2 Materials and Methods 

The GWAVA model was used to understand the hydrological functioning and impacts of 

SSRHIs on the water balance of the Cauvery Catchment. 

3.2.1 Site Description 

The Cauvery River catchment is the fourth-largest in Peninsular India; it drains an area of 

81,155 km2 (Jain et al., 2007). The Cauvery originates in the Western Ghats at Talakaveri in 

the Kodagu district of Karnataka, and the headwaters of the catchment form in the Nilgiri and 

Anaimalai mountains. The Cauvery Catchment is predominantly situated in the federal states 

of Karnataka and Tamil Nadu, although it crosses into Kerala and Puducherry (Sharma et al., 

2020). The main river channel flows south-easterly through Karnataka, and Tamil Nadu states 

to outflow at the Bay of Bengal (Chidambaram et al., 2018). 

The Cauvery Catchment is subjected to a large degree of heterogeneity in topography, 

land use, climate, and economic development (Madhusoodhanan et al., 2016). The landscape 

is semi-arid, with most of the catchment’s water coming from the southwestern monsoon in the 

summer months. The catchment experiences distinct intra-annual seasons, namely the SW 

monsoon in the spring, the NE monsoon in the autumn, and post-monsoon conditions in the 

winter. The upper sub-catchment receives rainfall from the SW and NE monsoons, whereas the 

lower sub-catchment only receives rainfall from the NE monsoon. The mean annual rainfall 
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varies from 6000 mm in the upper reaches to 300 mm on the eastern boundary (Meunier et al., 

2015). The mean daily temperatures range between 9 and 25 ℃ throughout the sub-catchment 

(Sreelash, 2020). The Western Ghats form a rain shadow along the western coastline, 

decreasing the rainfall gradient during the SW monsoon (Gunnell, 1997). In addition to 

complex water resource management on the ground, high levels of heterogeneity across the 

catchment pose a challenge when undertaking spatial modelling activities, identifying feedback 

and upscaling sub-catchment processes. 

The catchment is highly anthropogenically influenced. Currently, there are over 100 

impounding dams (Figure 3.1a) and approximately 20 major water transfer schemes within the 

catchment (Figure 3.1c), along with millions of SSRHIs throughout the rural and urban regions 

of the catchment (Sreelash et al., 2020). The four major dams that are constructed within the 

sub-catchment are Kabini (440 MCM), Bhavanisagar (791 MCM), Krishna Raja Sagara (1016 

MCM), and Mettur (2640 MCM). The releases from these major dams regulate and disrupt the 

seasonal trend of the streamflow downstream of their release points. The land use of the 

catchment comprises 48% agriculture, 22% non-arable land, 19% forest, and 9% urban (Figure 

3.1b) (Sreelash et al., 2020). Natural forests are under great stress due to increasing demand for 

forest products and competition over land use. Across the catchment, approximately 60% of the 

total population relies on agriculture (Sreelash et al., 2020). Crops are grown within irrigated 

canal command areas or rain-fed areas utilising farm bunding techniques. Paddy and sugarcane, 

both water-intensive crops, are predominant within the irrigated and rain-fed areas of the 

catchment and in the delta regions. The urban areas within the catchment have expanded by 

over 35% over the last decade and are expected to continue to increase with the expansion of 

industry (Lannerstad, 2008). With the threat of rising surface temperatures, the competition for 

freshwater resources between the agricultural sector and other water uses are likely to intensify. 
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Figure 3.1 Physical characteristics of the Cauvery Catchment. Presented are (top left) the 

location of dams within the catchment, (top right) the land use of the catchment, (bottom left) 

the major dams and the water transfer links constructed in the catchment, and (bottom right) 

the geological domains within the catchment. 

Model-simulated streamflow, total evaporation, water table level, and base flow were 

investigated at two sub-catchment outlets, located in Karnataka and Tamil Nadu, and the 

furthest downstream gauging point (Musiri) (Figure 3.2) to determine the effects of the SSRHIs 

on the availability of simulated streamflow and the sub-catchment water balance. The two sub-

catchments were selected based on a similar density of SSRHIs but differing underlying 

geology (Figure 3.1d). The base flow component (groundwater flowing into the river channel 

from the water table) between the two sub-catchments is different.  
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Figure 3.2 Inset: Flow diagram of the Cauvery Catchment; the main map shows the four states 

falling within the catchment (pastel shading), sub-catchment boundaries, modelling grid, and 

the locations of the 14 calibration gauges (a–n) and 4 major dams (1–4) within the Cauvery 

Catchment. S1 and S2 (Table 3.1) represent the points on the stream network where the effect 

of SSRHIs is investigated. 

 

Table 3.1 The MAP, sub-catchment area (Area), flow characteristics, period of no observed 

streamflow in the main channel (Tnoflow-days of no streamflow), and underlying geology of two 

sub-catchments were used in this study. 

Sub-catchment 

Number 

Area 

(km2) 

MAP 

(mm) 

Rainfall 

Period 

Flow 

Characteristics 

Period of No Streamflow in 

Main Channel 

(Days per year) 

S1 2660 864 Mar-Jan Non- Perennial 30 < Tnoflow < 60 

S2 3120 867 Mar-Jan Perennial 0 < Tnoflow < 3 

3.2.2 Model Development 

The GWAVA model is a large-scale, semi-distributed gridded water resources model 

developed by the UKCEH (Meigh et al., 1999). The model incorporates natural processes (soils, 

land use, lakes, etc.) and anthropogenic influences (crops, domestic and industrial demands, 
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dam operations, transfers, etc.). GWAVA estimates local runoff from each cell using a lumped 

conceptual PDM (Moore, 2007). The PDM requires a limited set of parameters, with the model 

configuration comprising three components: probability-distributed soil moisture storage, 

surface storage, and groundwater storage. GWAVA utilises a combination of land use and soil 

types. There are four land use options (trees, shrubs, grass, and bare soil) and seven soil type 

classifications (ranging from sandy to organic). The soil moisture characteristics for each 

combination are defined by rooting depths, wilting points, field capacities, and saturation 

capacities. The evaporation is estimated using the FAO-56 Hargreaves equation from the 

natural vegetation and crops. At the same time, the effective rainfall is determined using a two-

parameter exponential equation, as Calder (1990) described. The soil moisture and direct runoff 

are calculated separately for each land use type and then summed to obtain a total direct runoff 

for each grid cell. The total direct runoff is then routed through existing engineering structures 

within the grid cell using the Muskingum equation and the user-defined dam outflow or transfer 

parameters. This is followed by a demand-driven routine to account for the anthropogenic 

stresses on the system. GWAVA accounts for water demands from the domestic (urban and 

rural), industrial, and agricultural sectors. Domestic, industrial, and livestock demands are user-

defined and temporally static but spatially dynamic. Irrigation demand is temporally and 

spatially dynamic and is estimated via a user-defined crop type and planting month (Meigh et 

al., 1999). For this study, the first major model development was undertaken, including SSRHIs 

(GWAVA-Int).  

The typical characteristics and functioning of each type of SSRHI were determined to 

aid in the representation of SSRHIs within the GWAVA model. Due to the abundance of these 

small structures throughout the catchment, the lack of spatially explicit data and the grid 

resolution of GWAVA, it was deemed impossible to simulate the effect of every single 

structure. Instead, each type of SSRHI was aggregated for every 0.125 degrees (approximately 

12 km × 12 km in India) cell to form a single composite tank, check dam, and farm bund within 

each cell. For this aggregation to be possible, the surface area of each SSRHI in a cell was 

required to estimate the total storage capacity for each type of SSRHI in that cell. The check 

dams utilised trapezoidal scaling, while the tanks and farm bunds used cuboidal scaling to 

determine the storage capacity. 

As a result of the structures, the increased open water surface area increases evaporation 

losses within a grid cell. A constant OWE factor was applied to all the SSRHIs. The monthly 
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average OWE was estimated from the evaporation-control-in-dams documentation (Central 

Water Commission, 1987). 

3.2.2.1 Urban and Rural Tanks  

For this study and referring to terminology used in India (Vidya et al., 2015), small, abundant 

dams with less than 34 hectares of drainage area and built for the decentralised harvesting of 

runoff, particularly in the monsoon season, are referred to as tanks (Gunnell & Krishnamurthy, 

2003). These are typically constructed using a shallow dam across a river channel and are 

unlined (Penny et al., 2018). Tanks provide small-scale storage of rainfall and streamflow, 

control floodwaters, and increase recharge to groundwater in the immediate area (Bhattacharya, 

2010). Rural tank storage is seasonal (Gowda et al., 2014), and in many semi-arid regions, tanks 

provide the only means to store rainwater and streamflow for irrigation (Anbumozhi et al., 

2001). Urban tanks are fundamental for city drainage systems (Penny et al., 2018) and are used 

for collecting and recycling wastewater.  

For their conceptualisation within GWAVA-Int, urban and rural tanks were assumed to 

have an inflow component comprising daily rainfall, wastewater, and streamflow within the 

cell, with spills contributing to the outflow (Figure 3.3). Furthermore, these tanks are generally 

unlined to help groundwater recharge locally. Thus, a leakage rate of 13 mm d−1 (Doshora et 

al., 2019) and 6 mm d−1 (Lal & Stewart, 2012) were added for the rural and urban tanks, 

respectively. The recharge from tanks is relatively low as these structures tend to be highly 

silted, and infiltration is limited through the fine particles lining the bottom. The recharge from 

rural tanks was higher than from urban tanks under the assumption that tanks in rural areas were 

constructed more recently and dredged more regularly. Without detailed tank bathymetry data, 

it was assumed that all tanks are cuboid in shape with a maximum depth of 3.0 m deep at full 

capacity (Pant & Verma, 2010). 

3.2.2.2 Check Dams  

Check dams are small water conservation structures (<0.5 ha) built across a stream using 

concrete, sandbags, or logs (Boix-Fayos et al., 2008). These are designed to reduce the 

streamflow velocity through the sub-catchment and retain the floodwaters (monsoonal rainfall 

in the case of India) (Xu et al., 2013). The process of impounding water at a local scale is 
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thought to increase the groundwater recharge and soil water potential in the adjoining areas 

(Adhikari et al., 2015).  

For the model representation of check dams, it was assumed that daily rainfall, local 

runoff, and streamflow of the cell contribute to the inflow (Figure 3.3). From a field study in 

the Upper Cauvery region, the leakage from the bottom of the structure was assumed to be 100 

mm d−1 across all the check dams in the sub-catchment (Wable et al., 2019). The outflows of 

the check dams comprise spills. For this study and to simplify the data collection of thousands 

of structures, all check dams in the catchment are assumed to have the same dimensions and, 

thus, capacity. In the absence of comprehensive dimension data from within the catchment, 

assumptions have been made based on available literature. The depth is assumed to be 1.5 m 

(Dashora et al., 2019), the top width of the structure equal to 10 m, and the channel slope to be 

1% (Wable et al., 2019). In the absence of data quantifying the number and spatial repartition 

of check dams in the Cauvery Catchment, a surrogate methodology was established to estimate 

these alongside their storage capacity. Based on discussions with stakeholders and cited 

literature (Agoramoorthy & Hsu, 2008; Heede, 1966; Djuma et al., 2017), it was assumed that 

an average check dam in the Cauvery Catchment is a 3D trapezoid with a profile that is 10 m 

in width at a distance of 70 m upstream of the structure. Thus, the surface area of a check dam 

was assumed to be triangular and fixed at 350 m2 (70 m multiplied by half the wall length) for 

every check dam included in the model. The assumed average surface area was used solely to 

determine the total surface area of check dams within a grid cell: The number of check dams 

(see Section 4.2.5) within a cell was multiplied by 350 m2 to determine the surface area of check 

dams in each cell. Within the model conceptualisation, the length of the conceptual aggregated 

check dam was dependent on the surface area. The width and depth remained at 10 m and 1.5 

m, but the length was variable. 

3.2.2.3 Farm Bunds  

Farm bunding is a traditional in-situ method for soil and water conservation (Pathak et al., 

2011). Bunds are a raised perimeter at the foot slope of agricultural fields, constructed of soil 

or stone, to increase the time of concentration of rainfall, allowing rainwater to percolate into 

the soil (Hudson, 1987). Bunds are constructed to retard the movement of overland flow and 

encourage infiltration within the field (Alexandrov et al., 2007).  
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Farm bunds are assumed to be filled from daily rainfall and local runoff within the cell. 

The saturated hydraulic conductivity of the soils (Allen et al., 2010) in the catchment and the 

high diurnal temperatures resulted in the water within the farm bunds infiltrating or evaporating 

completely within a day. The open water evaporation constant was applied to the surface area 

of the bunds, while the infiltration rate differed concerning soil type. To simulate groundwater 

recharge from these structures, a rate relative to the saturated hydraulic conductivity of the soil 

(Allen et al., 2010) of the area was selected. Once the water in the bund was at full capacity, 

the excess water could flow over the structure and into the stream. Without adequate field 

measurements, it was assumed from the available literature that all bunds are a maximum of 

0.3 m deep (Critchley & Graham, 1991; Verma & Singh, 2017) (Figure 3.3). The surface area 

of the farm bunds area is derived in Section 3.2.5.  

Figure 3.3 Conceptual diagram of the urban and rural tank (left), check dam (middle) and farm 

bund (right) adopted in the GWAVA-Int model.  

Following the inclusion of the SSRHIs within GWAVA, a sensitivity analysis, in line 

with that of Wable et al. (2019), was performed to assess the effect the number and dimensions 

of the SSRHIs have on the simulated streamflow. A detailed description of the scenarios can be 

found in Table 3.3 in Appendix C. For this sensitivity analysis, the scenarios presented have 

been run under natural conditions throughout the sub-catchment to isolate the effects of the 

dimensions and number of SSRHIs on the streamflow 

3.2.3 Model Application 

For this application of the GWAVA-Int model in the Cauvery Catchment, a grid cell resolution 

of 0.125 degrees was chosen based on data availability for the region. The model version, 

including the improved groundwater module and SSRHIs, was utilised for this study. The 
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model was set up to include the natural vegetation, agricultural areas, urban areas, rural areas, 

industrial areas, five major dams, 49 minor dams, 27 transfers, and a significant number of 

SSRHIs. The model was calibrated and validated utilising the available uninterrupted observed 

streamflow data of adequate quality. A baseline period from 1986 to 2005 was used for the 

analysis presented in this manuscript. Five scenarios were considered to analyse the effects of 

the SSRHIs within the Cauvery Catchment: 

a) All SSRHIs (tanks, check dams and farm bunds)  

b) No SSRHIs  

c) Only tanks  

d) Only check dams 

e) Only farm bunds 

3.2.4 Model Calibration 

GWAVA and GWAVA-Int are calibrated against observed streamflow data using the 

SIMPLEX auto-calibration routine. This routine uses five parameters for calibration: a surface 

and groundwater routing parameter, a PDM parameter that describes spatial variation in soil 

moisture capacity, and a multiplier to adjust rooting depths and level of groundwater storage 

below which there is no base flow. 

GWAVA and GWAVA-Int were calibrated and validated using observed streamflow 

gauge data from 14 gauging stations across the catchment (Figure 3.2). The calibration gauges 

were selected from a set of 28 gauges across the catchment based on the completeness of the 

data, the time period of the data, and the size of the sub-catchment. Data were deemed sufficient 

when more than 50% of the data points were identified as ‘observed’ and not ‘calculated’ and 

had at least five consecutive years available. However, this threshold may appear low, 

considering a higher proportion of observed to calculated data left an insufficient number of 

gauges to choose from. Additionally, sub-catchments of fewer than four 0.125-degree grid cells 

were excluded. The name of each gauging station and the years used for calibration and 

validation are presented in Table 3.4 in Appendix C. 

The automatic calibration procedure was run across the 14 delineated sub-catchments: 

It must be noted that the parameters in the auto-calibration routine only affect the natural 

components of the system. Due to the observed streamflow being highly influenced by the dam 
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outflows, manual calibration was carried out for gauges downstream of dams by re-running the 

autocalibration routine with various dam parameters. 

3.2.5 Data Acquisition 

Input data were collected from several sources and extracted from global and regional datasets 

(Table 3.5 in Appendix C). Data regarding the number and distribution of SSRHIs in the 

Cauvery Catchment are sparse. Extrapolation and estimation methods described in this section 

provided the necessary surface area data for input into GWAVA and GWAVA-Int.  

The surface areas of the rural and urban tanks were estimated by isolating the ‘tanks’ 

from the Cauvery Water Bodies dataset (Figure 3.4). This dataset consists of a shapefile 

containing all the medium to large water bodies (rivers, lakes, dams, tanks, wetlands, etc.) in 

the Cauvery Catchment in 2019, derived using remote sensing techniques. The urban tanks 

were identified as tanks that fell within urban centre boundaries, and the tanks outside were 

assumed to be rural. Check dams and field bunds are too small to be detected by this 

methodology. 
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Figure 3.4 The distribution of tanks within the Cauvery Catchment is superimposed with the 

modelling grid of 0.125 degrees. 

Data for the farm bunds and check dams were derived from district-wise Structural 

Investment Reports available for Karnataka from 2006 to 2012 (Figures 3.5 and 3.6). For each 

district in Karnataka, the area covered by farm bunds and the number of check dams were 

calculated from this financial data by dividing the total expenditure for each type of SSRHI by 

the expenditure per hectare of bunding and a check dam. 
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Figure 3.5 Graphical correlation between the area of farm bunds (hectares) and area of cropland 

(hectares) in each district in Karnataka 

Figure 3.6 Graphical correlation between the number of check dams and stream density in 

each district in Karnataka. 

In the absence of data for the state of Tamil Nadu, the data from Karnataka were 

extrapolated. Plausible relationships between the number of check dams and the area of bunding 

with soil type, rainfall, slope, population, land type, irrigation type, and geology in a district 

were all investigated. None of these yielded any significance. Meaningful relationships, 
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however, were drawn between the number of check dams and the stream density, the area of 

bunding and the area of rainfed agriculture. These are described below. Within the districts of 

Karnataka, a relationship was drawn between the area of farm bunds and the area of rainfed 

cropland within each district (r2 = 0.91, Figure 3.5). Due to a lack of data, it had to be assumed 

that this relationship was also evident in Tamil Nadu. The regression (Equation 3.1) was utilised 

to estimate the area of farm bunds within each district of Tamil Nadu: 

𝐴𝑐 = 2.75𝐴𝑏 + 338 (3.1) 

where Ab is the area covered by bunding (ha), and Ac is the area of rainfed cropland (ha). 

Additionally, a relationship was drawn between the log function of the stream density (SD) of 

each district in Karnataka and the number of check dams (r2 = 0.93, Figure 3.6). The stream 

density is characterised by Equation 3.2 (Gnanaprakkasam and Ganapathy, 2019). 

𝐿𝑜𝑔 (𝑆𝐷) =  ∑
𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑠𝑡𝑟𝑒𝑎𝑚𝑠 𝑜𝑓 𝑎𝑙𝑙 𝑜𝑟𝑑𝑒𝑟𝑠

𝐴𝑟𝑒𝑎
 (3.2) 

As with the farm bunds, it is assumed that this relationship holds true in the districts of 

Tamil Nadu. A regression function (Equation 3.3) was used to estimate the number of check 

dams within each district in Tamil Nadu: 

𝐿𝑜𝑔(𝑆𝐷) = 0.0017𝑁𝑐𝑑 − 4.33 (3.3) 

where SD is the stream density, and Ncd is the number of check dams. The district-wise data 

was applied to the modelling grid using a weighting function of the grid-wise crop area (Figure 

3.7a) and stream density (Figure 3.7b), respectively. Across the sub-catchment, the surface area 

of the SSRHIs within each grid cell ranged between 0.02 and 53 km2 
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Figure 3.7 The distribution of (a) farm bunds and (b) check dams as a percentage of the 

GWAVA modelling grid cell area across the Cauvery Catchment. 

3.3 Results 

3.3.1 Model Performance 

GWAVA-Int performed well in the sub-catchments of the upper reaches but struggled to 

reliably simulate the flows downstream of the Mettur Dam (Figure 3.2). Across the calibrated 

sub-catchments, the model underestimates the total volume of simulated streamflow. The 

gridded rainfall data (Pai et al., 2014) produced by the Indian Meteorological Department 

(IMD) underestimated the point measured rainfall in the region across the Western Ghats by an 

excess of 50% (Figure 3.8). This could be the fundamental explanation for the consistent 

underestimation of simulated streamflow by GWAVA. Inaccurate simulations of the total 

volume of water within the system and dam releases undermine the value of the model’s 

predictive ability as a water resources management tool.  

The dam outflow parameters within the model were adjusted within the full range of 

possible values and combinations to provide the best fit to the daily observed outflow data. The 

temporal signal of the Mettur Dam outflow is noticeable through all the downstream gauges 

(Urachikottai and Kodumodi) to Musiri. Figure 3.9a illustrates the ability of the model to better 

capture the temporal trend of the observed streamflow upstream of Mettur. However, the model 

could not capture the intra- and inter-annual dam operations from the Mettur Dam and thus does 

not fully represent the timing of the observed streamflow at Urachikottai downstream of the 

dam (Figure 3.9b). The user-set parameters and the long-term average inflow determine the 
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GWAVA and GWAVA-Int dam outflow routine. The observed dam outflows appear to be 

sporadic and have very little correlation to the dam inflow, and thus the dam equation within 

the model does not represent sporadic outflows well. 

Figure 3.8 The cumulative rainfall (m) from available IMD gauge and gridded sources across 

Saklesphur and MH Halli sub-catchments (Figure 3.2) in the headwaters of the Cauvery from 

1979 until 2017 and 1979 until 2013 respectively. 
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Figure 3.9 The GWAVA-Int simulated and observed monthly average streamflow from 1996 

to 2000 at (a) Bilingudulu gauging station (k, Figure 3.2), upstream of the Mettur Dam and 

(b) Urachikottai gauging station (l- Figure 3.2), downstream of the Mettur Dam. 
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The inclusion of the SSRHIs improves the model performance (presented here as KGE). 

During the calibration and validation, the SSRHIs improved the model performance in nine and 

seven sub-catchments, respectively, but did not affect the calibration or validation in three and 

five sub-catchments (Table 3.4 in Appendix C). The lower KGE in the validation period 

indicates that the better fitting calibration results could have been obtained due to overfitting 

parameters during the calibration process, model equifinality (Beven, 2006), and where the 

model is not capturing the sub-catchment or dam processes correctly. The lack of reliable data 

about the Tamil Nadu region and the automatic calibration and conceptual nature of the model 

could be considered processes that are not included in the model structure through the existing 

model parameterization. Following calibration and validation of the model, streamflow, quick 

overland flow, sub-surface flow (water flowing to the stream through the soil profile), base flow 

(water flowing to the stream from the water table), groundwater levels, dam storage levels at 

Mettur Dam, and evaporation for five scenarios were simulated. 

3.3.2 Sensitivity Analysis of SSRHIs within GWAVA 

A sensitivity analysis was conducted by altering the density and dimension of the 

conceptualised SSRHIs within GWAVA-Int. The scenario list of the varying densities and 

dimensions utilised in this analysis can be found in Table 3.3 in Appendix C. The results of the 

conceptual tank, check dam, and farm bund sensitivity analyses are presented in Figure 3.14, 

Figure 3.15 and Figure 3.16 in Appendix C, respectively. 

3.3.2.1 Tanks 

The Q10 flow is decreased with the increase in the density and depth of the tanks conceptualised 

in GWAVA-Int. The Q10 is affected by both the increase in depth and density. The mean 

decreases when the density of tanks is 25 m3/ha, while the mean simulated streamflow increases 

when increasing density of tanks is from 75 to 200 m3/ha. The mean flow is insignificantly 

affected by the increase in density or depth. The Q90 flow is increased by increasing both the 

depth and density. As the tanks are deeper than the check dams, the evaporative potential from 

the surface is less, and thus the recharge exceeds the evaporation and can contribute to the base 

flow. The Q10 flows are reduced due to the structural hindrance within the stream channel. 

When considering the 25 m3/ha density, the Q10 is reduced by a greater percentage compared 

to the increase in Q90, thus reducing the mean flow. 
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3.3.2.2 Check Dams 

The Q10 flow is decreased with the increase in the density and the dimensions of the check dams 

conceptualised in GWAVA-Int. The Q10 is more sensitive to the increase in dimensions than 

the increase in density. The mean and Q90 simulated streamflow is decreased when the density 

of tanks is 25 m3/ha, while the mean simulated streamflow is increased when increasing the 

density of check dams is from 75 to 200 m3/ha. The mean and Q90 flow is not highly sensitive 

to the change in dimensions of the check dams. When the density of conceptualised check dams 

is less than 25 m3/ha, the rate of evaporation is greater (small volume of stationary water 

storage) than the rate of recharge and the compounded water is evaporated before it can recharge 

and contribute to the base flow. Once the density of SSRHIs has exceeded 25 m3/ha, the rate of 

recharge is greater than the rate of evaporation (the volume-to-surface area ratio is smaller). 

Thus more water within the check dam can recharge and contribute to the base flow component. 

3.3.2.3 Farm Bunds 

The farm bunds did not significantly impact the flows, and the changes between the baseline 

and the four scenarios were less than 1%. Increasing the depth of the farm bunds increased the 

flows; however, at the spatial scale of GWAVA, this is deemed insignificant, and thus it is 

concluded that the bunds do not have a significant effect on the flow. Although farm bunds are 

not constructed on the stream and do not significantly affect the streamflow, they alter other 

water balance components within the catchment. The open water surface increases the 

evaporative potential across the field, and the pooling water increases the soil water for the 

period following a rainfall event. 

3.3.3 Effect of SSRHIs in the Cauvery 

In this section, all observations are drawn from model simulations (i.e., simulated streamflow, 

base flow, evaporation, and groundwater level). The effects of SSRHIs on simulated streamflow 

across the modelling period (1986–2005) were evaluated using the mean flow (𝑄̅), the flow 

exceeded 90% of the time (Q90, quantification of low flows), and the flow exceeded 10% of the 

time (Q10, representation of high flows). Additionally, the effects of the SSRHIs on the 

simulated streamflow and evaporation in a wet (2005), normal year (1998), and dry (2002) year 

at the sub-catchment outlet of S1 and S2 and Musiri were investigated. These years were chosen 
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by considering the lowest, highest, and mean total annual rainfall across the sub-catchments 

(Table 3.2). 

Table 3.2 The total annual rainfall and the reduction in flow days with the inclusion of SSRHIs 

for the selected sub-catchments S1, S2 (Figure 3.2), and Musiri (Figure 3.2) for a wet, dry, and 

normal year. 

Sub-catchment 

Total Annual Rainfall (mm) 
Reduction in Flows Days with the 

Inclusion of SSRHIs 

Normal 

(1998) 

Dry  

(2002) 

Wet  

(2005) 

Normal 

(1998) 

Dry  

(2002) 

Wet  

(2005) 

S1 507 382 668 14 25 3 

S2 1874 656 2085 2 4 3 

Musiri 1341 685 1413 0 0 0 

 

In the non-perennial sub-catchment (S1, Table 3.1 and Figure 3.2), the surface flow is 

the dominant component of the simulated streamflow (Figure 3.10). The simulated streamflow 

(Q10, 𝑄̅ and Q90) is reduced with the inclusion of SSRHIs. However, the high flows, Q10, are 

more significantly reduced (Figure 3.11). The SSRHIs have a greater impact on the simulated 

streamflow in S1 than in S2. The simulated streamflow is reduced to the most considerable 

extent in the normal year (~10%, Figure 3.11a). The SSRHI intercepts the stormflow and, thus, 

reduces the simulated streamflow in the wet season (Q10, Figure 3.11b).  

The dry season flows (Q90, Figure 3.11b) are reduced as any subsurface lateral flow 

(from the soil store) entering the stream is impounded by the SSRHI. The stormflow component 

is larger than the subsurface lateral flow and baseflow components in this sub-catchment. Thus, 

the simulated streamflow is affected to a greater extent in the wet season. The non-perennial 

streams dry out earlier with the inclusion of SSRHIs (Figure 3.12 and Table 3.2). The total 

evaporation across the sub-catchment is increased with the inclusion of SSRHIs, with the 

greatest increase occurring in the wet year (Figure 3.11a) as water is present in the SSRHIs for 

a greater length of time. In this sub-catchment, the water table is increased in the wet season by 

including SSRHIs (Figure 3.13). Despite the increase in simulated recharge, the water table 

does not reach a level where the water in the groundwater will contribute significantly to the 

simulated base flow. 
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Figure 3.10 The mean monthly simulated separation hydrograph for S1 (top) and S2 

(bottom) (Table 3.1 and Figure 3.2) from 1986 until 2005 with all SSRHIs included.  
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Figure 3.11 (a) The percent reduction in total annual simulated streamflow and increase in total 

annual simulated evaporation (%) with the inclusion of SSRHIs for S1, S2, and at Musiri in wet 

(2005), normal (1998), and dry (2002) years. (b) The effect of all the SSRHIs (tanks, check 

dams and bunds); check dams only and tanks only on high flows (Q10); low flows (Q90); and 

mean flows (𝑸̅) flows across S1, S2, and at Musiri (Table 3.1, Figure 3.2).   
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Figure 3.12 An example of the simulated streamflowin sub-catchment S1 (Table 3.1, Figure 

3.2) with SSRHIs and without SSRHIs through the period of September 1998 until 

December 1998 (normal year). 

 

Figure 3.13 Monthly mean groundwater level below ground surface for S1 and S2 (Table 3.1 

and Figure 3.2) with and without the inclusion of SSRHIs. There is no change to the water table 

level in S2—this is illustrated by the S2 no SSRHIs line (orange dash), which falls directly on 

S2 all SSRHIs line (orange line).  
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In the perennial sub-catchment (S2, Table 3.1 and Figure 3.2), the stormflow is 

dominant in the wet season, but the subsurface flow and baseflow are dominant in the dry season 

(Figure 3.10). The simulated streamflow (Q10, 𝑄̅ and Q90) is reduced, and the Q90 is more 

significantly reduced with the inclusion of all SSRHIs (Figure 3.11b). The SSRHIs have a 

similar effect on simulated streamflow in the dry and wet years (-5%, Figure 3.11a). In the wet 

season, the simulated streamflow is reduced due to the in-situ impoundment, and the low flows 

are maintained but reduced in the dry season. In the dry season, simulated stream/low is reduced 

because the base flow and any subsurface lateral flows (from the soil store) entering the stream 

are impounded by the SSRHI. The impounded water is subject to both evaporation and 

recharge. The total evaporation across the sub-catchment increased with the inclusion of 

SSRHIs, with the greatest increase occurring in the wet and normal years (Figure 3.11a) as there 

is water in the SSRHIs for a greater length of time. In this sub-catchment, the groundwater level 

is minimally affected by the inclusion of the SSRHIs (Figure 3.13). The water table is above 

the level at which the groundwater will flow as base flow. The baseflow will continue to occur, 

but simulated streamflow will be reduced in the dry season as any simulated streamflow 

produced by the base flow above the SSRHI will be impounded.  

The responses of the S1 and S2, and Musiri exhibit opposite responses. The change in 

simulated streamflow in S1 and S2 is greater than the change in evaporation, while at Musiri, 

the change in evaporation is greater than the change in simulated streamflow. At Musiri, the 

simulated streamflow is dominated by the Mettur Dam releases (Figure 3.2). The SSRHIs do 

not significantly affect the simulated Mettur Dam release flows. The minimal reduction in mean 

simulated streamflow (~3%) seen at Musiri can be considered the consequence of the SSRHIs 

in the tributaries that join the main Cauvery channel downstream of Mettur Dam. However, on 

analysis of the effect of SSRHIs on the inflow into Mettur Dam, it was found that the SSRHIs 

reduced the mean simulated streamflow (𝑄̅) by ~6%, and the simulated streamflow in the wet 

season (Q10) was reduced by ~26%. This demonstrates that the large dam can nullify the impact 

of the SSRHIs; however, their effect can be seen in the reduced simulated streamflow entering 

the dam. In this unique case, the effect of the SSRHIs on the Mettur Dam inflow is more 

representative of the effects of SSRHIs at a catchment scale than those shown at Musiri and 

corresponds more correctly with the increase in total evaporation across the catchment with the 

inclusion of SSRHIs of ~10% (Figure 3.11a).  
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The majority of the flow into the Cauvery Catchment is contributed to by sub-

catchments (Arulbalaji et al., 2019) along the western boundary (Figure 3.11 in Appendix C). 

However, most of the SSRHIs are constructed in semi-arid regions. The simulated Q90 flow in 

these humid sub-catchments is affected more by the SSRHIs than in the semi-arid sub-

catchments on the eastern boundary (Figure 3.11 in Appendix C). Conversely, there is a greater 

effect of the SSRHIs on the simulated Q10 flow in the semi-arid sub-catchments (Figure 3.11 in 

Appendix C). The impact on the Q10 flows is greater in the semi-arid sub-catchments because 

the monsoonal streamflow is required to fill these structures before they begin to spill. In the 

humid sub-catchments, the SSRHIs do not have a great effect on the Q10 flow as it is likely to 

be the presence of water within these structures before the monsoon and the SSRHI immediately 

spills. Although the percent change in Q10 flows in the semi-arid sub-catchments is higher, the 

volume of water impeded in these structures may be greater in the humid sub-catchments. The 

Q90 flow is impacted more severely in the humid sub-catchments as these streams are fed during 

the dry season through base flow, whereas in the semi-arid sub-catchments, the streams 

frequently run dry with or without SSRHIs. The implementation of SSRHIs in these sub-

catchments stores water further up in the catchment and essentially impedes the downstream 

flow. The reallocation of water by these structures limits water, especially the monsoon flows, 

from entering the ocean unused and provides an inexpensive means of decentralised water 

management. Although these structures allow available water to be utilised throughout the 

catchment, there are subsequent implications for users and environmental flows downstream 

when low flows are reduced. A summary of the total changes in rainfall, simulated streamflow 

(with and without SSRHIs), simulated evaporation (with and without SSRHIs), and water table 

levels (with and without SSRHIs) can be found in Table 3.6 in Appendix C. 

3.4 Discussion 

The model calibration was acceptable in the upper reaches of the catchment, but the model fit 

was weaker downstream of the Mettur Dam (Figure 3.2). The inclusion of SSRHIs improves 

the model performance. It provides a better account of the surface storage within the catchment 

and a better estimation of the time of concentration in the sub-catchments without major dams. 

The farm bunds were found to have little effect on the simulated streamflow, as the high water 

demands of the rainfed crops cause the infiltrated water from the farm bunds to transpired 

quickly and there to be little difference in the water converted to base flow or groundwater 
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recharge with or without the bunds. Assuming the relationship between the area of farm bunds 

and the area of rainfed cropland determined for Karnataka holds into Tamil Nadu, the majority 

of the bunds were located within the lower regions of the catchment where there is a greater 

area of rainfed cropland. It is difficult to distinguish the exact effects of the farm bunds in these 

regions as the Mettur Dam outflows heavily dominate the river system. Farm bunding proves 

to be an effective method of increasing soil water in areas of rain-fed agriculture and mitigating 

water allocation challenges and aggressive groundwater pumping associated with intensive 

irrigation without significantly affecting the catchment hydrology. However, conceptually, the 

model fills the farm bunds, the tanks, and then the check dams. The simulations with all the 

SSRHIs included limiting the water available for filling the tanks and check dams. Although 

individually, the bunds have little effect on the simulated streamflow, when simulated with the 

tanks and check dams, the reduction in water available to fill tanks and check dams is reflected 

in the lower impact on the simulated streamflow. Individually, the tanks and check dams have 

a similar effect on the simulated streamflow (Figure 3.11b).  

A significant challenge in large-scale hydrological modelling is quantifying and 

managing the uncertainty in climate forcing and evaluation data. Uncertainty can arise from 

observation gauge density, spatial and temporal interpolation methods, and general 

measurement errors. The Western Ghats region in the NW of the catchment is a known area of 

uncertainty with the IMD rainfall data (Pai et al., 2014). Each 0.5-degree grid cell contains 

numerous terrain and gradient increments, and the grid cells fall over the catchment boundary. 

This results in an inaccurate representation of the distribution and total rainfall and the 

distribution of minimum and maximum temperature in this region of the catchment (Yeggina 

et al., 2020). There is a significant source of uncertainty as this region acts as the headwaters 

for the larger Cauvery Catchment (Figure 3.8). At some gauging points in the catchment, there 

is low confidence in the observed streamflow data (Srinivas & Srinivasan, 2005). Eye-witness 

accounts and some literature (Srinivasan et al., 2015) report the drying out of streams in the dry 

season, which is not reflected in the observed data. Additionally, in reality, rivers downstream 

of significant urban areas (Arkavathy downstream of Bangalore and Eluthunimangalam 

downstream of Coimbatore and Tiruppur) are fed by a perennial stream of sewage (Srinivasan 

et al., 2015). The model represents return flows from domestic demand, but this may be 

underestimated compared to the volume of effluent released into these rivers. The analysis of 

the rainfall and the observed streamflow used within this study showed temporal discrepancies. 
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The temporal difference between rainfall events and the hydrograph peak did not show a 

systematic error or a consistent lag time.  

The scale of this study (0.125 degrees) required the aggregation of the surface area of 

each type of SSRHI in each cell. The simplification in the conceptualisation of the SSRHIs is a 

cause of uncertainty in this study (Kim et al., 2020). The aggregation of the SSRHIs into one 

composite tank, check dam, and farm bund within the cell, skews the surface area to capacity 

ratio. As SSRHI data were limited to the surface area, if one calculates the SSRHI capacity 

from the combined surface area, the capacity is greater than calculating the capacity of each 

SSRHI and aggregating the capacity. This causes the holding capacity of the conceptual 

SSRHIs in each cell to be greater than in reality. Subsequently, the larger conceptual SSRHI 

will not fill or spill as frequently as many smaller SSRHIs, and thus the estimation of the effect 

on simulated streamflow of all the SSRHIs is uncertain. Additionally, evaporation could be 

underestimated as a larger waterbody requires increased energy for evaporation and has a larger 

lag time (due to heat storage) than a smaller one. This may also lead to the individual smaller 

SSRHIs being subjected to more evaporative losses than these estimated in the model using the 

larger conceptual SSRHI. Conversely, the model structure allocates water to the evaporative 

component first; thus, the evaporative processes are favoured in times of water stress. This 

could, along with the use of the Hargreaves evaporation estimation method, additionally be one 

of the fundamental reasons for the systematic underestimation of simulated streamflow across 

the catchment (Subburayan et al., 2011). The aggregation of the cascading tank systems into 

one large tank, and numerous check dams into one large check dam, results in the true effects 

of the cascading system not being represented within the model (Van Meter et al., 2015). 

Numerous tanks and check dams on a river network can cause streamflow in the river and the 

subsurface and base flow emerging into the stream to be obstructed by the downstream check 

dams. 

Due to a lack of data, quantifying the distribution of the SSRHIs across the catchment 

relies upon many assumptions and, thus, generates significant uncertainty. The accuracy of the 

Structural Investment Report is unknown, and the assumption of a fixed cost per 

structure/hectare across Karnataka is unlikely to be accurate. Similarly, assuming that the 

systems and behavioural patterns (agricultural practices, usage of infrastructure, etc.) in 

Karnataka and Tamil Nadu are identical is also unlikely. However, due to data scarcity and lack 
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of evidence to validate these assumptions, a pragmatic approach was used to include SSRHIs 

in a large-scale hydrological model. 

In the absence of data to formally validate a new concept introduced into a hydrological 

model, it is important to measure results against existing literature. Despite the uncertainty and 

pilot nature of this study, the trends identified within the Cauvery Catchment are in line with 

the findings from Garg et al. (2012). Garg et al. (2012) altered several parameters within SWAT 

(surface runoff, water holding capacity, available soil water, groundwater recharge, and curve 

number) to reflect the potential influence of the check dams and farm bunds in the catchment. 

It was found that the SSRHIs have a slightly greater effect on the simulated streamflow in wetter 

years. The study also found that the largest portion of the water balance is the evaporative 

component and the evaporative losses increased with the inclusion of the SSRHIs. This is in 

agreement with this study (Figure 3.11b). Garg et al. (2012) found that check dams reduced the 

annual simulated streamflow at the catchment outlet of the Kothapally sub-catchment by 9%. 

This corresponds with the GWAVA simulation, which estimated a ~9% reduction in simulated 

streamflow (Figure 3.11a) in S1 of similar MAP, soil type, and land use. In contrast, the 

groundwater recharge from the individual SSRHIs was significant in the Garg et al. (2012) 

study. 

There is also an agreement between the results of S2 and the work of Xu et al. (2013), 

who concluded that check dams reduce the total runoff in the rainy season (15%, Figure 3.13). 

Xu et al. (2013) did not specifically include the characteristics of the SSRHIs. Instead, they 

attributed the difference between a period of observed and simulated streamflow to the effect 

of the SSRHIs. The decrease in mean annual streamflow (14%) estimated by Xu et al. (2013) 

and attributed to the impact of check dams does correlate to the decrease in mean annual 

streamflow of S2 as a result of check dams (15%, Figure 3.10). Sub-catchment S2 has a similar 

MAP and type of vegetation as the sub-catchment studied by Xu et al. (2013). This is an 

important correlation, with two different approaches yielding similar results. In the absence of 

data about pre-and-post-SSRHI construction, conceptualising the structures within a model 

could provide accurate estimations of their influence. 

The decrease in simulated streamflow by GWAVA in S1 and S2 due to tanks was 4% 

and 5%, respectively. These results differ significantly from Van Meter et al. (2015), where the 

simulated streamflow decreased by 75% from a single cascading tank system in a sub-
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catchment with a MAP of 850 mm in Tamil Nadu. GWAVA conceptualises the tank systems 

within a cell into one large hypothetical tank and thus does not capture the cascading 

characteristics of the tank systems. This could explain the difference in the observed streamflow 

reduction; alternatively, the tank system Van Meter et al. (2015) investigated could be atypical. 

GWAVA-Int may not capture the sensitivity of hydrological fluxes at a local scale, as 

well as some catchment-scale models (Garg et al., 2012; Xu et al., 2013; Van Meter et al., 

2015). However, yielding similar results to published small-scale studies provides a good 

starting point for further refinement of the conceptualisation within large-scale hydrological 

models. 

3.5 Conclusions 

GWAVA-Int provided a valuable tool to investigate the effects of SSRHIs at a sub-catchment 

and catchment scale. The main conclusions from this study are:  

a) Conceptualised SSRHIs play an important part in allocating and better representing 

simulated surface water within the catchment. 

b) The effect of the conceptualised SSRHIs within GWAVA depends on the 

hydrogeology of the modelled sub-catchment and the simulated groundwater level.  

c) The influence of the SSRHIs is greater on the simulated streamflow in the wet years 

and on estimated evaporation in the dry years.  

d) Farm bunds provide an effective method for reducing the pressure of canal irrigation 

and groundwater pumping in agricultural areas.  

The results of this study corresponded well with existing literature from small-scale studies. 

However, groundwater levels at the sub-catchment and catchment scale appear less impacted 

than in the cited literature or indigenous knowledge surrounding the use of SSRHIs for water 

security at a local scale, suggesting further investigation is required. This study incorporated 

stakeholder and expert knowledge and published literature information in conceptualising the 

SSRHIs within the model. New and creative approaches had to be utilised where data gaps 

existed to model the effects of SSRHIs at the catchment scale. The approach outlined in this 

study can be applied in different model applications in regions where SSRHIs are prominent if 

the source code is available for adaptation. This study had to rely on a pragmatic approach, and 
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consequently, many assumptions were made. However, it provides a step forward in the 

conceptualisation, quantification, and implication of SSRHIs at the catchment scale.  
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Appendix C 

Table 3.3 Description of scenarios utilised in the sensitivity 

Scenario 
Depth 

(m) 

Width 

(m) 

SSRHI 

Density 

(m3/ha) 

Scenario 
Depth 

(m) 

Width 

(m) 

SSRHI 

Density 

(m3/ha) 

Tanks 

T1 3 n/a 25 T7 5 n/a 125 

T2 3 n/a 75 T8 5 n/a 200 

T3 3 n/a 125 T9 10 n/a 25 

T4 3 n/a 200 T10 10 n/a 75 

T5 5 n/a 25 T11 10 n/a 125 

T6 5 n/a 75 T12 10 n/a 200 

Check Dams 

C1 1 7 25 C7 1.5 10 125 

C2 1 7 75 C8 1.5 10 200 

C3 1 7 125 C9 2 15 25 

C4 1 7 200 C10 2 15 75 

C5 1.5 10 25 C11 2 15 125 

C6 1.5 10 75 C12 2 15 200 

Farm Bunds 

B1 0.03 n/a 25 B5 0.06 n/a 25 

B2 0.03 n/a 75 B6 0.06 n/a 75 

B3 0.03 n/a 125 B7 0.06 n/a 125 

B4 0.03 n/a 200 B8 0.06 n/a 200 
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Figure 3.14 The change in the Q10, Q90 and mean simulated streamflow from the baseline with 

the inclusion of tanks of various densities and depths (Table 3.3).  

Figure 3.15 The change in the Q10, Q90 and mean simulated streamflow from the baseline with 

the inclusion of check dams of various densities and dimensions (Table 3.3). 
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Figure 3.16 The change in the Q10, Q90 and mean simulated streamflow from the baseline with 

the inclusion of farm bunds of various densities and dimensions (Table 3.3).
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Table 3.4 Calibration and Validation monthly Kling-Gupta Efficiency (KGE) values when GWAVA was calibrated with and without the inclusions of 

SSRHIs.  

Catchment 

Calibration Validation 

KGE 

without 

SSRHIs 

KGE with 

SSRHIs 

Period KGE without 

SSRHIs 

KGE with 

SSRHIs 

Period 

a Saklesphur 0.53 0.66 2006-

2010 

0.37 0.38 2010-2013 

b Thimmanahali 0.71 0.71 2005-

2009 

0.72 0.68 2010-2013 

c KM Vadi 0.25 0.24 1991-

2000 

0.16 0.16 2001-2011 

d Kudige 0.48 0.59 1990-

2000 

0.55 0.59 2012-2014 

e Muthankera 0.73 0.82 1990-

2000 

0.66 0.70 2001-2011 

f T Bekuppe 0.41 0.32 1980-

2000 

-1.28 -1.27 2001-2003 

g TK Hali 0.52 0.71 1990-

2000 

0.69 0.67 2001-2008 

h T Narasupuir 0.60 0.68 1988-

1998 

0.25 0.30 1999-2002 

i Kollegal 0.56 0.58 2008-

2011 

0.50 0.54 2012-2013 

j Bilingudulu 0.74 0.74 1990-

2000 

0.61 0.60 2001-2011 
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Catchment 

Calibration Validation  

KGE 

without 

SSRHIs 

KGE with 

SSRHIs 

Period KGE without 

SSRHIs 

KGE with 

SSRHIs 

Period  

k Urachikottai 0.34 0.74 1990-

2000 

0.49 0.51 2001-2008 

l Kodumodi 0.25 0.62 1990-

2000 

0.24 0.30 2005-2010 

m Thengumarahada 0.57 0.50 1990-

2000 

0.39 0.44 2006-2010 

o Musiri 0.33 0.65 1990-

2000 

0.43 0.44 2001-2008 
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Table 3.5 The spatial and temporal resolutions, periods and sources of the input data used in the setup of GWAVA in the Cauvery catchment 

Input Data Spatial 

Resolution 

Temporal 

Resolution 

Time 

Period 
Source 

Precipitation 0.25 degree Daily 
1951-

2017 
Indian Meteorological Department (Pai et al., 2012) 

Maximum 

temperature 
0.25 degree Daily 

1951-

2016 
Indian Meteorological Department (Pai et al., 2012) 

Minimum 

Temperature 
0.25 degree Daily 

1951-

2016 
Indian Meteorological Department (Pai et al., 2012) 

Streamflow 

gauged data 

Catchment 
Daily 

1971-

2014 
India-WRIS 

Dam 

Characteristics 

Catchment 
 2018 India-WRIS 

Dam inflow and 

outflow data 

Catchment 
Monthly 

1974-

2017 
India-WRIS 

Dam storage Catchment Daily 200-2010 India-WRIS 

Water transfers Catchment Annual 2008 Ashoka Trust for Research in Ecology and the Environment 

Tanks Catchment  2019 Waterbodies dataset (ATREE) 

Check Dams Karnataka   
2006-

2012 

Structural Investment Report, Watershed Development 

Department 

Farm Bunds Karnataka  
2006-

2012 

Structural Investment Report, Watershed Development 

Department 

Groundwater 

levels 
District Monthly 

1990-

2017 
Central Ground Water Board, India 

Elevation 0.003 degree  2000 
NASA Shuttle Radar Mission Global 1 arc second V003 (NASA 

Jet Propulsion Laboratory, 2013) 
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Input Data Spatial 

Resolution 

Temporal 

Resolution 

Time 

Period 
Source 

Geology Asia   United States Geological Survey 

Specific yield India   Central Ground Water Board, India 

Soil type 0.008 degree  
1971-

1981 
Harmonized World Soil Database v1.2 (Fischer et al., 2008) 

Soil properties Global  2010 Table 2- Allen et al. (2010)  

Land Cover 

Land Use 
0.001 degree  2005 

Decadal land use and land cover across India 2005 (Roy et al., 

2016) 

Crops Taluk*  2000 National Remote Sensing Centre (NRSC) 

Total and Rural 

Population 
Village  2001 

Census of India 2001 

(http://sedac.ciesin.columbia.edu/data/set/india-india-village-

level-geospatial-socio-econ-1991-2001) 

Livestock 0.05 degree  2005 CGIR Livestock of the World v2 (Robinson et al., 2014) 

Conveyance 

losses 
Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx 

Return flow Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx) 

Irrigation 

efficiency 
Continental  1986 Irrigation and Drainage Paper (FAO) No 1 

Surface- water 

fraction 
Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx) 
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Input Data Spatial 

Resolution 

Temporal 

Resolution 

Time 

Period 
Source 

Industrial 

demand 
Karnataka  

Currently 

unknown 

Industrial Plot Information System- Karnataka Industrial Area 

Development Board 

(https://http://164.100.133.168/kiadbgisportal/) 

Livestock 

demand 
India  2006 CGIR Livestock of the World v2 (Robinson et al., 2014) 

Domestic demand Village  2001 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx) 
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Figure 3.17 (Left): the mean annual precipitation for each calibration catchment over the period 1986–2005; (middle): the percentage reduction in 

Q10 flow for each calibration catchment over the period 1986–2005; (right): percentage reduction in Q90 flow for each calibration catchment over 

the period 1986–2005. 
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Table 3.6 The total annual (for 1998, 2002 and 2005) precipitation (P), simulated streamflow (Q), simulated total evaporation (ET) and average 

annual aquifer level (Aq) below ground level with and without SSRHIs (int). The change (∆) with the inclusion of SSRHIs is presented as a 

percentage change. 

 

 Year P (mm) 
Q-int 

(mm) 

Q- no int 

(mm) 
∆Q (%) 

ET-int 

(mm) 

ET- no int 

(mm) 
∆ET (%) Aq-int (m) 

Aq- no int 

(m) 
∆Aq (m) 

S1 

1998 507 118 130 -9.4 624 602 3.4 14.02 14.42 2.7 

2002 382 44 48 -8.8 436 421 3.4 12.46 12.86 3.1 

2005 668 68 75 -8.6 735 708 3.6 14.52 14.92 2.6 

S2 

1998 1874 977 1020 -4.2 1527 1485 2.7 12.61 12.61 0.0 

2002 656 669 704 -5.0 489 477 2.5 12.64 12.64 0.0 

2005 2085 802 840 -4.5 1301 1262 3.0 12.32 12.32 0.0 

Outlet 

1998 1341 325 334 -2.6 1030 928 9.9 8.97 9.00 0.2 

2002 685 130 134 -2.6 521 469 9.9 8.97 8.99 0.3 

2005 1413 432 446 -3.1 1067 962 9.8 8.95 8.96 0.1 
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4.  EXTENDING A LARGE-SCALE MODEL TO BETTER 

REPRESENT WATER RESOURCES WITHOUT INCREASING 

THE MODEL'S COMPLEXITY 

4.1 Abstract  

The increasing impact of anthropogenic interference on river catchments has motivated 

hydrologists to develop and improve the representation of human influences in large-scale 

models. Surface-groundwater interactions and the representation of large dams have seen 

significant developments recently. These changes must be balanced against the idea of keeping 

models parsimonious and applicable to regions with low data availability. The surface-

groundwater interactions and dam representation in the Global Water Availability Assessment 

(GWAVA) model have been improved critically, with a minimal increase in model complexity 

and data input requirements. This increased functionality was assessed in two highly 

anthropogenically influenced catchments, the Cauvery and Narmada. A revised groundwater 

routine was incorporated into GWAVA, which can be varied in complexity when sufficient 

input data is available but fundamentally is driven by three input parameters. This inclusion 

improved streamflow simulation in the headwater sub-catchments and the representation of the 

baseflow component such that low-flow model skill increased by approximately 33-67% in the 

Cauvery and 66-100% in the Narmada. The existing dam routine was extended to account for 

large, regulated dams with two calibratable parameters. The routine improved streamflow 

simulation in sub-catchments downstream of major dams, where the streamflow was largely 

reflective of dam releases. The model performance was improved between 15 and 30% in the 

Cauvery and 7-30% in the Narmada when the regulated dams were considered. The model 

provides a more robust representation of the annual outflow volume from major dams, reducing 

the average bias from -17% to -1% in the Cauvery and from 14% to 3% in the Narmada. 

 

_______________________________ 

 

Horan, R, Rickards, NJ, Kaelin, A, Baron, HE, Thomas, T, Keller, VD, Mishra, PK, Nema, MK, Muddu, S, Garg, KK and Pathak, R, 2021. 

Extending a Large-Scale Model to Better Represent Water Resources Without Increasing the Model’s Complexity. Water, 13(21), p.3067. 

 

*Referencing conforms to the format of Water 
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The daily dam releases were significantly improved in the Cauvery, approximately 26-164%. 

The improvement of the groundwater and dam routines in GWAVA proved successful in 

improving the overall model performance, the low-flow model skill and bias, and the inclusions 

allowed for improved traceability of simulated water balance components. This study illustrates 

that the improvement in the representation of human–water interactions in large-scale models 

is possible without excessively increasing the model complexity and input data requirements 

 

4.2 Introduction 

Humans are increasingly altering the hydrological cycle through the construction of dams, 

changes in land use, water abstractions and urbanisation (Döll et al., 2016). Accurate 

quantification of freshwater flows and storage is therefore important to support water 

management and governance in the near and far future (Vorosmarty et al., 2015). Large-scale 

hydrological modelling estimates water fluxes, such as evapotranspiration, river discharge and 

groundwater recharge, and water storage, including soil water, groundwater and dams (Liu et 

al., 2008; Döll et al., 2016; Kingston et al., 2020) at a catchment or continental scale. 

Groundwater accounts for approximately one-third of total water withdrawals globally, and an 

estimated two billion people rely on groundwater as their primary source of water. Additionally, 

more than half of the irrigation water globally is abstracted from groundwater sources 

(Famiglietti, 2014). It is, therefore, important to select a model that can accurately simulate the 

generation of groundwater, particularly in catchments where the primary source of baseflow 

depends upon groundwater storage (Mackellar et al., 2013). 

A better representation of groundwater processes needs to be included in large-scale 

hydrological models to improve simulations and the understanding of feedback between the 

human and natural systems (Clark et al., 2015; Pokhrel et al., 2016; Scheidegger et al., 2021). 

Simple one-dimensional groundwater routines currently exist within HiGW-MAT (Pokhrel et 

al., 2016), H08 (Hanasaki et al., 2018), PCR-GLOBWB (Sutanudjaja et al., 2018), CWatM 

(Burek et al., 2020), WaterGAP (Müller Schmied et al., 2020) and VIC (Droppers et al., 2020), 

with the focus on quantity and change in groundwater storage. Most models allow groundwater 

to be recharged through rainfall, wetlands and dams, and groundwater abstractions are often 

incorporated to meet demand. As far as the author is aware, none of these models, except VIC 

(Scheidegger et al., 2021), consider lateral flow within the groundwater store without being 
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fully coupled to MOD-FLOW (Harbaugh, 2005). Using MOD-FLOW significantly increases 

the data and computational requirements. 

Approximately one-sixth of the annual global river discharge is stored because of the 

construction of an estimated 70 300 dams (Downing et al., 2006). Dam operations have a 

considerable impact on the natural discharge regime of a river. Simulating the available storage, 

volume and timing of dam releases pose a significant challenge to hydrological modelling at a 

catchment and continental scale (Zhao et al., 2016). Dam operational data are rarely freely 

available, if at all. Therefore, hydrological models include various schemes to estimate dam 

storage and releases.  

A module that optimises dam outflow based on the operational purpose of the dam is 

included in VIC (Haddeland et al., 2006), WaterGAP (Döll et al., 2003) and H08 using the 

Hanasaki dam routine (Hanasaki et al., 2006; Hanasaki et al., 2008), and H08 has been updated 

to represent water transfers and local dams (Hanasaki et al., 2018). The dam scheme used in 

LPJmL (Biemans et al., 2011) combines aspects used in H08 (Hanasaki et al., 2008) and VIC 

(Haddeland et al., 2006). Monthly target releases are calculated for each month of each 

operational year according to the primary purpose of the dam. The dam scheme in PCR-

GLOBWB (Sutanudjaja et al., 2018) is based on that included with VIC (Haddeland et al., 

2006) but uses estimates of future inflows and demands via a weighted average of antecedent 

conditions. CWatM utilises a function of three storage limits and three outflow functions to 

determine dam releases. The storage limits are user-specified and depend on the physical 

characteristics of the dam. Other examples of recent dam routine implementations include, but 

are not limited to, SWAT (Chen & Wu, 2012), DHSVM (Zhao et al., 2016), VIC (Scheidegger 

et al., 2021), MESH (Yassin et al., 2019) and HYPE (Tefs et al., 2021). 

Although the above-mentioned models are valuable tools, in this study, GWAVA is 

used because it is a water resource model specifically designed to work in low-data 

environments. GWAVA is a large-scale gridded water resource model (Meigh et al., 1999) 

which accounts for natural hydrological processes (soils, land use and lakes) using a conceptual 

rainfall-runoff model and anthropogenic stresses (groundwater abstraction, irrigation, domestic 

and industrial demands, dam storage and water transfers) using a demand-driven routine. The 

model can be run at a daily or monthly time scale and is adaptable to the data availability of the 

region. GWAVA was developed primarily for use in large, data-scarce regions. The model 



127 

comprises only eleven mandatory parameters- four parameters about the physical parameters 

of the catchment, three-time series about the climate variables (rainfall, potential evaporation, 

temperature) and four calibratable factors. The model further incorporates five dam parameters, 

nineteen water demand constraints and six characteristics of mountains and glaciers that are 

optional input when the relevant data are available. GWAVA does not comprehensively 

account for groundwater processes or regulated dam releases. GWAVA has a simplistic 

representation of groundwater. The groundwater store for each grid cell receives groundwater 

recharge from the soil moisture storage and produces the baseflow component of streamflow. 

As a basic representation of deeper groundwater processes, water can drain from the 

groundwater store, and this water is lost from the system. Water abstractions from the 

groundwater store are decoupled and are not abstracted in each time step but summed after the 

run. GWAVA simulates regulated dam release using a non-linear equation utilising mean 

inflow, dam capacity and two outflow parameters. 

GWAVA has proven to be a useful tool for assessing water resource management; 

however, fundamental functionality for improving water resource estimations in highly 

anthropogenically influenced catchments needs revision. With the increasing reliance on 

groundwater in semi-arid and arid regions and the continuous construction of major dams 

globally, there is a critical need for water resource assessment tools to accurately consider these 

impacts not only on the hydrological system but on water resource management. In line with 

existing large-scale models and the requirements to accurately represent highly 

anthropogenically influenced regions, this study aims to: 

a) Improve key components of GWAVA to better represent water management while 

maintaining low input data requirements and model complexity  

b) Test the improvements in suitable catchments to determine the success of the incorporated 

functionality 

c) Use the additional model output to gain insight into components of the catchment water 

balance.  

The GWAVA model is updated to better represent groundwater abstraction, artificial 

recharge, and regulated dam releases. These updates are based largely on the principles of the 

AMBHAS-1D model and dam operations incorporating a routine derived from the Hanasaki 

dam routine.  
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A groundwater routine based on AMBHAS-1D is included, introducing one calibratable 

parameter regarding the groundwater depth below ground level and two input parameters 

regarding the specific yield and depth of underlying geology. The Hanasaki equations are 

modified to allow two calibratable outflow parameters to replace physical dam engineering 

parameters. The addition of these two routines introduces only two input parameters and three 

calibratable parameters into the model.  

The original and revised models are applied in two highly anthropogenically influenced 

catchments, the Cauvery and Narmada Catchments, India. The choice of the catchment was 

based on the Cauvery being subjected to a high degree of groundwater pumping while the 

Narmada houses three of the largest dams in India. The overall model performance is evaluated 

using the KGE, while the model’s ability to represent the low flow periods is evaluated using 

the Log-Nash Efficiency at a sub-catchment scale. The change in dam outflows using the 

original GWAVA equation and the newly modified Hanasaki equations is evaluated using the 

NSE and the bias at the outlets of major dams. Observed and simulated average sub-catchment 

groundwater and major dam storage levels are directly compared 

4.3 Methodology 

4.3.1 Catchment Descriptions 

The Cauvery and the Narmada Catchments (Figure 4.1) are situated in Peninsula India and are 

the fifth and sixth largest river catchments in India, respectively. Both catchments are snow-

free, highly anthropogenically influenced and dam-regulated to sustain the livelihoods of a 

collective of 45 million people. The catchments experience a large degree of heterogeneity in 

topography, land use, climate, and economic development (Madhusoodhanan et al., 2016).  

Both catchments are highly regulated by dam releases, with a visible impact on the 

downstream flows. The base flow sustains the Narmada through the dry periods, and the 

domestic and agricultural activities in the Cauvery depend highly on groundwater sources. Both 

catchments suffer from water scarcity; therefore, modelling and understanding water resources 

are important for water management. Thus, it is critically important that both dam releases and 

groundwater are accurately represented to undertake effective water resources modelling 

exercises.   
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Figure 4.1 Inset: the location of the Cauvery (orange) and Narmada (green) Catchments within 

India; main maps: sub-catchment boundaries, modelling grid and the locations flow gauges 

used for calibration and major dams within the Cauvery Catchment and the Narmada 

Catchment. 

The Cauvery is considered semi-arid, with the SW monsoon supplying most of the water 

in the catchment. The catchment experiences distinct intra-annual seasons, namely the SW 

monsoon between June and August, the NE monsoon in September and October, and post-

monsoon conditions in the winter. The upper catchment receives rainfall from both the SW and 

NE monsoons, whereas the lower catchment only receives rainfall from the NE monsoon. The 

mean annual rainfall varies from 6000 mm in the upper reaches to 300 mm on the eastern 

boundary. The mean daily temperatures range between 9 and 25 °C throughout the catchment 

(Sharma et al., 2021). The Western Ghats form a rain shadow along the western boundary, 

decreasing the rainfall gradient during the SW monsoon. 

The current hydrological functioning of the Cauvery Catchment has been significantly 

altered over the last century by water supply infrastructure, urbanisation, land-use change and 

increased groundwater use. The Cauvery Catchment is predominantly within the federal states 

of Karnataka and Tamil Nadu (Sharma et al., 2021) and has been identified as highly water-
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stressed (Hoekstra et al., 2012). Despite rapidly developing urban and industrial centres, 

irrigation throughout the catchment requires approximately 90% of the total water resources 

(Bhave et al., 2018). The catchment is highly regulated by aggressive groundwater pumping 

and dam release along the tributaries and main channel, with surface water and streamflow only 

reaching the Bay of Bengal in years of strong monsoons (Falkenmark & Molden, 2008). Several 

hydrological modelling exercises have been conducted in the Cauvery Catchment or sub-

catchments. Remote sensing methods (Patel & Ramachandran, 2015), ANN model (Patel & 

Ramachandran, 2015), GWAVA model (Horan et al., 2021a; Horan et al., 2021b), VIC model 

(Horan et al., 2021a) and the SWAT model (Raju & Nandagiri, 2018; Horan et al., 2021a) have 

been applied in various sub-catchments of the Cauvery. At a catchment scale, SWAT (Gosain 

et al., 2006; Singh & Gosain, 2011; Bhuvaneswari et al., 2013; Mandal et al., 2016), SCS-CN 

(Geetha et al., 2008; Parvez et al., 2019), and VIC- MHM (Raje et al., 2014) have been used to 

simulate various components of the hydrological cycle. 

The Narmada Catchment is subject to a tropical monsoon climate, with the SW monsoon 

between July and September. The monsoon supplies over 75% of the catchment’s annual 

rainfall, with a rainfall gradient of 650 mm per annum to more than 1400 mm per annum in the 

upper regions. The mean daily temperatures vary between 18 and 32 °C throughout the 

catchment. The Narmada Catchment is facing numerous resource management challenges, 

including state and sectoral competition for water. This highly regulated river flows through 

the states of Chhattisgarh, Madhya Pradesh, Maharashtra and Gujarat, housing more than 250 

dams of various sizes and purposes (Gupta & Chakrapani, 2005). More than half of the 

catchment is used for agriculture, with most of this land within designated irrigation command 

areas. Agriculture within the command areas is highly intensified, with an average cropping 

intensity of 135% (Thomas et al., 2015). The low flows in the catchment are sustained by base 

flow and dam releases. The Narmada has been modelled at the catchment scale using the SCS-

CN method (Nayak et al., 2012), VIC-MHM (Raje et al., 2014) and geoinformatics (Rai et al., 

2017). Sub-catchments of the Narmada have been represented using SHE (Jain et al., 1992), 

SCS-CN (Gajbhiye et al., 2013; Khare et al., 2017; Pathan & Joshi, 2019), and SWAT (Tiwari 

et al., 2018).  The above-mentioned studies focussing on the Cauvery and the Narmada 

Catchments highlight the minimal representation of anthropogenic influences, groundwater 

abstraction and dam operations within existing modelling exercises. GWAVA has been applied 

in both the Cauvery Catchment (Horan et al., 2021a; Horan et al., 2021b) and the Upper 
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Narmada Catchment (Rickards et al., 2020). These publications highlight the need for a more 

comprehensive dam routine when modelling highly regulated catchments and for the inclusion 

of a coupled groundwater module to account for the limitations of natural groundwater 

resources and groundwater abstraction to meet anthropogenic demand. 

4.3.2 Model Improvement 

GWAVA has proven to be a useful tool for assessing water resource management; however, it 

extends the representation of processes and stores in the GWAVA model to better represent 

groundwater and major dams due to the increasing reliance on groundwater in semi-arid and 

arid regions and the continuous construction of major dams globally. 

4.3.2.1 Representing Groundwater Processes 

AMBHAS-1D (Tomer et al., 2012) is a spatial groundwater model that determines a daily 

groundwater level based on equations from McDonald and Harbaugh (1988). AMBHAS-1D 

implements distributed transient groundwater modelling. The model is based on the 

groundwater flow equation numerically solved using the finite-difference scheme (Subash et 

al., 2016). The implementation of various AMBHAS versions in India was shown to be highly 

successful in simulating groundwater levels across areas of Karnataka (Mondal et al., 2016), in 

the Barembadi sub-catchment (Shekar et al., 2016; Robert et al., 2018) and an idealised system 

based on the Ganges River (Hanasaki et al., 2018). Additionally, de Bruin et al. (2012) utilised 

the results generated from AMBHAS-1D to guide the set of SWAT groundwater parameters 

for use in the Jaldhaka Catchment. The successful application of AMBHAS-1D highlighted its 

suitability in India and other regions with low data availability. 

In line with the AMBHAS-1D conceptualisation, additional groundwater processes 

have been incorporated into GWAVA through the full coupling of the recharge, streamflow, 

water abstractions and base flow (Figure 4.2). The groundwater store was conceptualised as a 

vertically layered water table. Each layer was allocated a specific yield and depth and can vary 

from cell to cell based on data available about local hydrogeology. The water table can be 

recharged from soil moisture, the bottom of lakes, dams, and SSRHIs and leaking via the water 

supply infrastructure.  
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Water can be directly abstracted from the water table to its maximum depth. The 

groundwater contribution to baseflow (BF) was calculated as follows: 

𝐵𝐹 =  {
𝛾 × (𝐺𝑊𝑠𝑡𝑜𝑟𝑒 −  𝐺𝑊𝐵𝐹), 𝐺𝑊𝑠𝑡𝑜𝑟𝑒 >  𝐺𝑊𝐵𝐹

0,                       𝐺𝑊𝑠𝑡𝑜𝑟𝑒                       ≤  𝐺𝑊𝐵𝐹
 (4.1) 

where γ is a routing coefficient, GWstore is the groundwater store, and GWBF is the level 

of groundwater storage below which there is no baseflow. GWBF can be converted to a water 

table depth below ground level by dividing by the specific yield. 

Figure 4.2 Schematic of the new groundwater (GW) connections and feedbacks included in the 

GWAVA model (Baron et al., 2019) 

The implementation of the fully coupled groundwater functionality with GWAVA is 

flexible. The necessary input is limited to the specific yield and water table depth. In areas 

where data is limited, the water table characteristics can be agglomerated into a single layer, 

whereas in regions with more comprehensive data, the water table can be divided into more 

layers (with no upper limit). 

4.3.2.2 Regulated Dams 

In practice, dam operating rules are normally based on the specifications of each dam, the 

hydrometeorological conditions of the catchment, and the water demand downstream. Hanasaki 

et al. (2006) developed an algorithm to approximate dam-operating rules within global 
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hydrological and land-surface models. The algorithm reflects these parameters and can be 

implemented with currently available global datasets (dam dimensions and purpose, simulated 

inflow, river discharge, water use, etc.). A dam operation scheme is a valuable tool in regions 

where specific data about the dam characteristics of the outflow volumes is not available. The 

algorithm consists of two equations. The first is used when a consistent dam release is expected 

(i.e. when used for hydropower or to meet domestic demand), and the second is for a seasonal 

release (i.e. when used for irrigation). 

 For consistent release dams, the operating rules are set to minimize inter-annual and 

seasonal dam releases. Hanasaki et al. (2006) present the equations as follows. 

When the dam capacity divided by the mean annual inflow (c) is greater than 0.5: 

𝑟 =  
𝑆𝑖𝑛𝑖

0.85𝐶
× 𝑖𝑚𝑒𝑎𝑛 (4.2) 

When the dam capacity divided by the mean annual inflow(c) is less than or equal to 0.5: 

𝑟 = (
𝐶

0.5
)

2

× 
𝑆𝑖𝑛𝑖

0.85𝐶
× 𝑖𝑚𝑒𝑎𝑛 + [1 − (

𝐶

0.5
)

2

]  × 𝑖 (4.3) 

Where r is the simulated dam release (m3/s), Sini is the simulated storage at the beginning of the 

operational year (m3), C is the user input dam capacity (m3), imean is the simulated mean annual 

inflow (m3/s) and, i is the simulated daily inflow (m3/s). 

This algorithm has been successfully incorporated into H08 (Hanasaki et al., 2010) and 

influenced the dam routines of WATERGAP (Döll et al., 2016) and LPJmL (Chen & Wu, 2012) 

The scheme is simple and designed primarily to represent inter-annual and monthly fluctuations 

in dam release. This approach has been demonstrated to be largely valid, but because dam 

operations are highly complex and tend to be based on human decisions, there is inevitably a 

level of uncertainty associated with its application. The two new dam equations added to the 

GWAVA model are a simplified version of the Hanasaki equations (Hanasaki et al., 2006), 

while the existing dam routine is maintained as an option (Meigh et al., 1999). Since GWAVA 

can account for irrigation water demand within the transfers’ routine, the equations for 

consistent dam release have been implemented. In the original Hanasaki equation, imean was 

calculated as the mean inflow overall simulated years, as Sini accounted for inter-annual 
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variability. In Equation 4.5, imean has been changed to reflect the yearly mean inflow to introduce 

inter-annual variability. 

When the dam capacity divided by the mean annual inflow (𝑐) is greater than 0.5: 

 

𝑟 =  𝛼 × 𝑖𝑎𝑚 (4.4) 

 

When the dam capacity divided by the mean annual inflow (𝑐) is less than or equal to 0.5: 

 

𝑟 = 𝛼 ×  𝛽 × 𝑖𝑎𝑚 + [1 − 𝛽] × 𝑖 (4.5) 

 

Where 𝑖𝑎𝑚 are the mean yearly inflow (m3/s), and α and β are user-set parameters between 

0-1, replacing 
𝑆𝑖𝑛𝑖

0.85𝐶
 and (

𝐶

0.5
)2 from the original Hanasaki equations, respectively.  

The user-set parameters can be manually calibrated to best fit either the observed 

streamflow at the next downstream gauging point of the dam or the reported dam outflow data. 

The addition of the regulated dam routine includes an additional two calibratable parameters (α 

and β) and thus does not increase the input data required to incorporate this routine. 

4.3.3 Data Acquisition 

Input data were collected from several sources and global and regional datasets. The sources 

and details of the data used in this modelling exercise can be found in Table 4.3 and Table 4.4 

in Appendix D.   

4.3.4 Model Setup 

The Cauvery and Narmada Catchments were modelled at a spatial scale of 0.125 degrees using 

four different versions of the GWAVA model.  

a) GWAVA- the original version of GWAVA (Meigh et al., 1999) 

b) GWAVA-GW- the original version of GWAVA with groundwater coupling  

c) GWAVA-Res- the original version of GWAVA with the regulated dams 

d) GWAVA 5.1- the original version of GWAVA with both the groundwater coupling and 

regulated dams 
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A thirty-year simulation period from 1981 to 2010 was chosen. The Cauvery and Narmada 

Catchments were disaggregated into 444 and 653 modelling cells. Both catchments included 

domestic, irrigation and livestock demand (with the inclusion of industrial demand limited to 

the Cauvery due to data limitations in the Narmada), large-scale water transfers, hydropower 

dams, irrigation dams and agriculture within the command and rural areas. 

4.3.5 Model Calibration 

Several calibration gauges were included within each catchment: 14 in the Cauvery and 13 in 

the Narmada (Figure 4.1). The simulated streamflow was calibrated against the observed 

streamflow using the SIMPLEX auto-calibration routine. This routine utilises four parameters 

(a surface and groundwater routing parameter, a PDM parameter that describes spatial variation 

in soil moisture capacity, and a multiplier to adjust rooting depths).  

 

Available observed streamflow records were provided by India-WRIS for the period 

1971 to 2014; however, the most complete streamflow records provided were between 1981 

and 2010. Between 1971 and 1981, rainfall records from the monsoon season were missing at 

87% of gauging sites. Data was provided for 7% of gauging sites between 2010 and 2014. It 

was thus decided that the calibration period would be from 1981 until 2010 to allow the greatest 

number of gauging stations to be included and to insure that the monsoon season rainfall was 

sufficiently represented.  

 

The calibration gauges were selected based on the completeness of the data, the time 

period of the data, and the size of the sub-catchment. The observed data was deemed sufficient 

when more than 50% of the values were identified as ‘observed’ and not ‘computed’ and had 

at least five consecutive years available from 1981 until 2010. Additionally, sub-catchments 

smaller than 800 km2 (six GWAVA grid cells) were nested into the larger sub-catchment in 

which they are located. The dam outflow parameters were manually calibrated. Table 4.1 

presents the parameters for each dam that provided the best fit to either observed outflow data, 

where available, or downstream observed streamflow. 
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Table 4.1 Dam outflow parameters determined by a manual calibration for each major dam in 

the Cauvery and Narmada Catchments. 

4.4 Model Evaluation 

Due to the high streamflow variability in both the Cauvery and Narmada Catchments, several 

different metrics are used to quantify the model performance under various flow regimes. In 

this study, the KGE was used to determine the model's ability to represent the entirety of the 

hydrograph, the NSE to determine the model's performance in representing the high flow 

periods, the LNE was used to determine the model’s performance in representing the low flow 

periods, and the bias was used to evaluate the model ability to estimate the total volume of 

streamflow across the modelling period. The change in model skill was utilised to compare the 

performance of two model configurations (GWAVA and GWAVA-GW, GWAVA and 

GWAVA-Res, and GWAVA and GWAVA 5.1). 

  

Dam Catchment 
Capacity 

(109 m3) 

Simulated 

average 

annual 

inflow 

(1010 

m3/year) 

c Equation α β 

Hemavathy Cauvery 0.99 0.22 0.45 5 0.7 0.8 

KRS Cauvery 1.016 0.35 0.29 5 0.7 1 

Kabini Cauvery 0.44 0.15 0.29 5 0.1 1 

Bhavanisagar Cauvery 0.791 0.09 0.86 4 1  

Mettur Cauvery 2.64 0.70 0.38 5 1 0.1 

Bargi Narmada 3.18 0.32 1.01 4 0.3  

Barna Narmada 0.539 0.21 0.26 5 0.3 0.3 

Tawa Narmada 2.313 0.27 0.86 4 0.3  

ISP Narmada 10 3.03 0.33 5 0.1 1 

OSP Narmada 0.987 1.40 0.07 5 0.1 1 

SSP Narmada 9.5 3.69 0.26 5 0.5 0.3 

Karjan Narmada 0.63 3.89 0.02 5 0.1 0.3 
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4.4.1 Kling-Gupta Efficiency (KGE) 

The KGE is based on correlation, variability bias and mean bias and is calculated as follows: 

𝐾𝐺𝐸 = 1 −  √(𝑟 − 1)2 + (
𝜎𝑠

𝜎𝑜
− 1)

2

+ (
𝜇𝑠

𝜇𝑜
− 1)

2

 (4.6) 

where r is the correlation coefficient between the simulated and observed data, σo is the 

standard deviation of observation data, σs is the standard deviation of the simulated data, μo is 

the mean of observation data, and μs is the mean of simulated data. 

The KGE indicates the overall performance of the model. The metric allows some 

perceived shortcomings with NSE to be overcome and has become increasingly popular for 

evaluating hydrological model skill. A KGE of one indicates perfect agreement between 

simulations and observations. However, there are many opinions about where the 

differentiation of ‘good’ and ‘-poor’ model performance thresholds lie within the KGE scale. 

Negative KGE values do not always imply that the model performs worse than the mean flow 

benchmark. For this study, and to compare model performance, a KGE score of less than 0.2 

was deemed poor, between 0.2 and 0.6 as fair and above 0.6 as good. 

4.4.2 Nash-Sutcliffe Efficiency (NSE) 

NSE is a popular metric to evaluate hydrological model performance because it normalises 

model performance into an interpretable scale and was calculated as the following: 

𝑁𝑆𝐸 = 1 −  
∑ (𝑄𝑠

𝑡−𝑄𝑜
𝑡)

2𝑇
𝑡=1

∑ (𝑄𝑜
𝑡 −𝑄𝑜̅̅ ̅̅ )

2𝑇
𝑡=1

 (4.7) 

where 𝑄𝑠
𝑡 and 𝑄𝑜

𝑡  are, respectively, the simulated streamflow and the observed 

streamflow at time-step t; 𝑄𝑜
̅̅̅̅  is the average observed streamflow over all timesteps considered. 

An NSE of one represents a perfect correspondence between the simulations and 

observations. An NSE of zero indicates that the model simulations have the same explanatory 

power as the mean of the observations. An NSE of less than zero represents that the model is a 

worse predictor than the mean of the observations. However, NSE does not provide an equal 

benchmark for different flow regimes. Utilising the single NSE metric is not sufficient for 

determining the performance of a model; however, it can provide context if utilised in 
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conjunction with additional model performance efficiencies. For this study, an NSE score of 

less than 0.2 was deemed poor, between 0.2 and 0.6 as fair and above 0.6 as good. 

4.4.3 Log-Nash Efficiency (LNE) 

LNE is used for model evaluation when low-flow performance is of importance and was 

calculated as the following: 

LNE = 1 −  
∑ (𝑄𝑠_𝑙𝑜𝑔

𝑡 −𝑄𝑜_𝑙𝑜𝑔
𝑡 )

2
𝑇
𝑡=1

∑ (𝑄𝑜_𝑙𝑜𝑔
𝑡 −𝑄𝑜_𝑙𝑜𝑔̅̅ ̅̅ ̅̅ ̅̅ ̅)

2
𝑇
𝑡=1

 (4.8) 

 with 

𝑄𝑠_𝑙𝑜𝑔
𝑡 =  𝑙𝑜𝑔10(𝑄𝑠

𝑡 + 𝑐) (4.9) 

𝑄𝑜_𝑙𝑜𝑔
𝑡 =  𝑙𝑜𝑔10(𝑄𝑜

𝑡 + 𝑐) (4.10) 

Where 𝑄𝑠_𝑙𝑜𝑔
𝑡  and 𝑄𝑜_𝑙𝑜𝑔

𝑡  are, respectively, the log of simulated streamflow and the log 

of observed streamflow at time-step t; 𝑄𝑜_𝑙𝑜𝑔
̅̅ ̅̅ ̅̅ ̅̅  is the average of log-observed streamflow over 

all timesteps considered. c is a positive constant equal to the 10th percentile of the observed 

flow. The use of the constant c reduced emphasis on negligible flows, which tend to be 

unreliable, and avoids numerical problems with calculating the logarithm of zero flows. The 

LNE was interpreted in the same way as the NSE.  
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4.4.4 Bias 

The bias is the average tendency of the simulated data to over-or underestimate the observed 

data (Equation 4.11). The optimal value for the bias is zero. Positive values indicate a model 

underestimation, and negative values indicate an overestimation. When assessing a model’s 

ability to simulate streamflow, the bias indicates the ability of the model to predict the overall 

streamflow volume across the modelling period. 

𝐵𝑖𝑎𝑠 =
∑ (𝑦𝑜−𝑦𝑠)𝑇

𝑡=1

∑ 𝑦𝑜
𝑛
𝑡=1

× 100 (4.11) 

where yo is the observed data value, ys is the simulated data value, and t is the time-step. 

4.4.5 Model Skill 

The change in model skill, ∆skill, between the different model configurations for streamflow 

prediction was calculated as follows: 

∆𝑠𝑘𝑖𝑙𝑙 =  
𝑅2− 𝑅1

𝑅𝑜𝑝𝑡𝑖𝑚𝑎𝑙−𝑅1
 (4.12) 

where R1 and R2 are the efficiency values (KGE, NSE or bias) for the two model 

configurations being compared, and Roptimal is the best possible efficiency value for a given 

metric. A positive value of ∆skill indicates that model configuration two performs better than 

model configuration one, a zero value suggests similar performance, and a negative value shows 

that model configuration two performs less well than model configuration one.  
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4.3 Results 

4.3.1 Streamflow 

The ability of the four model versions to predict the observed streamflow was presented through 

the monthly KGE at each gauging station (Figure 4.3) to demonstrate the model’s overall 

performance and an indication of the model's skill in representing the low flows (Figures 4.3 

and 4.4). The monthly bias, NSE, KGE and LNE values for each sub-catchment for each model 

version can be found in Table 4.5 in Appendix D. The model performance was higher in the 

Narmada compared to the Cauvery. In the sub-catchments of the Cauvery and Narmada, 

GWAVA 5.1 outperforms GWAVA. However, the performance of GWAVA-GW and 

GWAVA-Res varies between the sub-catchments. As expected, in sub-catchments without 

major dams, GWAVA produced the same results as GWAVA-Res, and GWAVA-GW 

produced the same results as GWAVA 5.1. All the simulated flows for the sub-catchments in 

the Narmada are classified as ‘good’ in performance, except for the simulation of Belkeri 

without the groundwater routine, which was classified as ‘fair’ (Figure 4.3). In the Cauvery, the 

results are more varied, with eight sub-catchments classified as good and six sub-catchments as 

fair when using GWAVA 5.1. The performance of the downstream sub-catchments without the 

combination of groundwater and the regulated dam routine falls within the fair range (Figure 

4.4). 
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Figure 4.3 A representation of the monthly KGE values obtained for each model at each gauging 

station within the Narmada Catchment. The values on the y-axis represent the KGE value. 

Figure 4.4 A representation of the monthly KGE values obtained for each model at each gauging 

station within the Cauvery Catchment. The values on the y-axis represent the KGE value 
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The ability of the model to represent the low flow periods well is critical in catchments 

that suffer from water scarcity. In the Cauvery Catchment, the aggressive pumping of 

groundwater limits the baseflow released from the groundwater store to sustain the streamflow 

in the dry season, and the large dams store and release water in contrast to the seasonal patterns. 

Including groundwater feedback in GWAVA improves the simulation of the low flows within 

the headwater sub-catchments, which is critical for assessing water resources and surface water-

groundwater interactions (Figure 4.5iii). The incorporation of the regulated dam module allows 

for the release of water in the dry season. The dam module markedly improves the simulation 

downstream of these major dams in the Cauvery (Figure 4.5ii). The combination of the 

groundwater processes and inclusion of the regulated dams improves the ability of GWAVA to 

represent the low flows throughout the catchment (Figure 4.5i). 
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Figure 4.5 A representation of the low-flow model skill for each sub-catchment in the Cauvery 

Catchment for the i) GWAVA 5.1, ii) GWAVA-Res and iii) GWAVA- GW versions, compared 

to GWAVA. 

The Narmada River is primarily groundwater-fed following the monsoon. 

Understanding the baseflow contribution to streamflow and the impact that the large dams have 

on the dry season flow poses a challenge for water managers. The inclusion of the groundwater 

module improves the model’s representation of the low flows within the headwater sub-

catchments (Figure 4.6iii). The inclusion of the groundwater processes allows the model to 

retain water within the groundwater store better and release baseflow throughout the year. The 

large dams within the Narmada consistently release water through the hydropower plants. Thus 
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the incorporation of the regulated dam routine allows the model to release water from the dams 

throughout the year. The regulated dam routine better matches the observed low flow data 

periods compared to results using the original GWAVA dam routine (Figure 4.6ii). The dual 

incorporation of the groundwater processes and the regulated dam routine better represent the 

low flow periods across the catchment (Figure 4.6i). 

Figure 4.6 A representation of the low-flow model skill for each sub-catchment in the Narmada 

Catchment for the i) GWAVA 5.1, ii) GWAVA-Res and iii) GWAVA-GW versions compared 

to GWAVA. 

4.3.2 Groundwater 

The average observed depth to groundwater (measured from ground level) is deeper in the 

Cauvery than in the Narmada (Figure 4.7). In the Cauvery, the wetter, more pristine sub-

catchments along the western boundary (Western Ghats) have a shallower observed 
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groundwater level (5 to 10 meters below ground level). In comparison, the groundwater level 

deepens (11 to 35 meters below ground level) throughout the remainder of the catchment. In 

the Cauvery, GWAVA 5.1 can represent shallower groundwater levels with higher accuracy 

than the deeper levels; however, it systematically overestimates the depth of groundwater 

throughout the catchment. The average observed groundwater depth within the Narmada 

Catchment is no deeper than 10 meters below the ground level. GWAVA 5.1 can represent the 

average groundwater levels well throughout the sub-catchments, with the observed average 

differing a maximum of two meters from the simulated average in the most downstream sub-

catchment. The representation was more accurate in the upstream sub-catchments where the 

water table is shallower, and the landscape is less degraded. 

Figure 4.7 Average observed groundwater levels below ground level (legend), and the 

difference between the observed and GWAVA 5.1 simulated groundwater levels in meters 

(numerical values on maps) from 1981 to 2010 for the Narmada and Cauvery Catchments.  
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4.3.3 Dams 

In the Narmada, GWAVA represents the daily dam releases well but overestimates the total 

volume of water released at Bargi, Tawa and SSP (Table 4.2). The inclusion of the regulated 

dam routine in the Narmada did not significantly improve the daily release representation but 

did improve the total volume of water being released over the simulation period. In the Cauvery, 

GWAVA represents the daily release well at Kabini and KRS but poorly at Mettur. The total 

volume of water released from the major dams in the Cauvery is underestimated. When 

applying the regulated dam routine, the daily releases and total volume of water released are 

significantly improved (Table 4.2). 

 

Table 4.2 The percent bias and daily NSE at the outlets of the major dams for GWAVA and 

GWAVA-Res 

Dam Outlet 
Bias (%) Daily NSE 

GWAVA GWAVA-Res GWAVA GWAVA-Res 

Bargi 17.8 3.2 0.53 0.62 

Tawa 7.57 0.4 0.74 0.7 

SSP 16.09 4.35 0.62 0.65 

Kabini -13.45 3.64 0.37 0.59 

KRS -33.69 -15.43 0.38 0.52 

Mettur -4.69 9.35 -0.25 0.39 

 

The application of the regulated dam routine better represents the annual dam releases 

throughout the observational time period at Kabini, Tawa, KRS and SSP (Figure 4.8). At Bargi, 

GWAVA-Res simulates the normal and dry years better than GWAVA but underestimates the 

annual releases in wet years (Figure 4.8). The annual releases were improved until 1995 at 

Mettur dam, but following 1995, GWAVA-Res had a better temporal pattern and GWAVA a 

better representative release volume (Figure 4.8). Although the annual volume at Mettur was 

better represented by GWAVA, at the daily scale, GWAVA-Res can capture the regulated dam 

pattern significantly better than GWAVA (Figure 4.9). 

GWAVA 5.1 represents the daily dam capacity during the monsoon period well at Tawa 

and SSP. The model was depleting the dam storage through irrigation demand during the dry 
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seasons, which was not reflected in the observed data. The filling and release temporal patterns 

were good at Tawa, accurately reflecting the observational data (Figure 4.10). At SSP, the 

model tends to reach full capacity and begin releasing water earlier in the monsoon than 

suggested by the observed data (Figure 4.10). At KRS, the observed data show a depletion or 

near-depletion of dam storage during the dry season. The model, however, overestimated the 

volume of water remaining in the dam during these times. GWAVA 5.1 does not capture the 

2002-2003 drought period particularly well in the upper regions of the catchment (Figure 4.10). 

At the Mettur Dam, the model produces a satisfactory temporal pattern; however, it 

overestimates the volume in the dry season and underestimates in the monsoon. The model in 

this dam better captured the 2002-2003 drought compared to the upper regions of the catchment 

(Figure 4.10). 

 

Figure 4.8 Daily observed and GWAVA and GWAVA-Res simulated dam outflows at the 

outflow of Mettur Dam. 
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Figure 4.9 Annual observed and GWAVA and GWAVA-Res simulated dam releases at the 

outflow of Bargi, Tawa, SSP, Kabini, KRS and Mettur dams in million (MCM) and billon 

(BCM) cubic meters.  
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Figure 4.10 Observed and GWAVA 5.1 simulated daily dam storage in million cubic meters 

for Tawa, KRS and Mettur, and billion cubic meters for SSP across varying periods for which 

observed data were available. 

4.4 Discussion 

Revising the groundwater routine allows for the traceability of recharge, baseflow, groundwater 

levels and volume of abstraction from groundwater resources. The regulated dam routine 

provides for a release from the major dams throughout the year and the output of dam storage 

capacity throughout the simulation period. The improved groundwater and dam routines were 

included in the GWAVA model, with the addition of three and two input parameters, 

respectively.  

The inclusion of the revised groundwater routine improved streamflow simulation in 

the headwater sub-catchments, while the new dam routine improved the simulation of 

streamflow in sub-catchments downstream of major dams in both the Cauvery and Narmada. 

The regulated dam routine improves the timing and volume of releases from major dams. In 

line with GWAVA 5.1, revisions to the dam routines in SWAT (Wu & Chen, 2012), DHSVM 

(Zhao et al., 2016), VIC (Wang et al., 2019), MESH (Tefs et al., 2021) and HYPE (Meigh et 

al., 1999) improved representation and parameterization of major operational dam outflows, 

illustrating that such revisions in large-scale models can be of benefit to both the temporal and 
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volumetric simulation of streamflow downstream of dams. GWAVA 5.1 can track the dam 

capacity throughout the simulation period. In the Narmada, the seasonality and filling of Tawa 

and SSP are well represented; however, the model was drying out the dams each year, which 

was not reflected in reality. It is, therefore, necessary to introduce a user-defined limit into the 

dam routine to restrict extraction and release below a realistic dam level. In the Cauvery, at 

KRS, the opposite was occurring. The observed dam levels are reducing to empty each year, 

but the model simulated water in the dams during this time. At the Mettur Dam, the daily dam 

capacity was highly sensitive to the volume of inflow. Although the temporal pattern was 

adequate, the model overestimated the volume of water in the dam during the dry season but 

underestimated the volume during the monsoon.  

The streamflow in the Narmada is primarily base flow fed (Thomas et al., 2021), and 

groundwater pumping is limited to periods of drought. The groundwater tends to fluctuate 

within ten meters of the ground level. The model accurately represented the average 

groundwater depth within two meters of the observed average over the simulation period. The 

inclusion of more comprehensive groundwater processes within the model structures allows for 

a more accurate simulation of the hydrograph within the Narmada, especially during the dry 

season.  

Thomas et al. (2021) applied SWAT in the Upper Narmada. This study allowed 

irrigation demands to be met from shallow and deep water table stores. The dam simulation 

required the engineering particulars of the dam and inflows into the dam to estimate the 

probable flow at 50%, 75% and 90% dependability for different months. In the headwater sub-

catchments, GWAVA and GWAVA 5.1 outperform SWAT in the prediction of streamflow. 

The original and revised groundwater routines with the original dam equation perform well 

within these sub-catchments where the dams are small and the steep topography results in the 

overland flow being the dominant streamflow generation process. At Barmanghat, downstream 

of Bargi Dam (regulated dam) and with a more considerable base flow contribution, SWAT 

performs better than GWAVA, but with the inclusion of the more comprehensive groundwater 

and regulated dams, GWAVA 5.1 performs better than SWAT.  

Goswami and Kar (2018) represented the full extent of the Narmada catchment using a 

version of SWAT where groundwater flow contribution to streamflow was simulated by routing 

through a shallow water table store but with no considerations for dams within the catchment. 
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GWAVA-GW and GWAVA 5.1 significantly outperform SWAT in streamflow prediction at 

Garudeshwar. Pechlivanidis and Arheimer (2015) applied India-HYPE in the Narmada 

catchment using a 15-parameter dam routine and a comprehensive, multi-parameter 

groundwater routine. All the versions of GWAVA presented in this study out-performers India-

HYPE at Garudeshwar. The average groundwater depth estimations by GWAVA 5.1 in the 

Hoshangabad district of Madhya Pradesh are consistent with those simulated using a conceptual 

groundwater model by Nema et al. (2019). 

The satisfactory performance of GWAVA 5.1 to represent streamflow, groundwater 

levels and dam fluxes throughout the catchment, compared with observed data and existing 

literature, demonstrates the value of the simple, low-input routines incorporated into GWAVA. 

Therefore, the inclusion of groundwater processes and regulation dams was justified when 

modelling catchments with natural and anthropogenic characteristics similar to that of the 

Narmada.  

In the upper regions of the Cauvery, ANN (Maheswaran & Khosa, 2012; Patal & 

Ramachandran, 2015), SWAT (Horan et al., 2021a) and VIC (Horan et al., 2021a) outperform 

both GWAVA and GWAVA 5.1. However, the performance of GWAVA was improved when 

the groundwater routine was applied to this region. GWAVA 5.1 underestimated the water table 

level across the catchment. Collins et al. (2020) showed largely under-simulated groundwater 

levels compared to the observed data in the Berambadi sub-sub-catchment of the Cauvery using 

a one-dimensional numerical transect model. It was suggested that a poor representation of the 

IMD rainfall in this region is a critical part of the poor simulations of both recharge to 

groundwater and streamflow in this region (Horan et al., 2021b).  

Quantifying and managing uncertainty is a significant challenge in large-scale 

modelling. The model structure allocates water to the evaporative component first; thus, the 

evaporative processes are favoured in times of water stress. This could also be one of the 

fundamental reasons for the underestimation of streamflow during the dry season. Additionally 

the use of the Hargreaves evaporation estimation method, which is known to overestimate the 

evaporation in regions of high temperatures (Shahidian et al., 2012), humid conditions (Bertie 

et al., 2014) and significant commercial forestry (Bourletsikas et al., 2018), could have 

contributed to the underestimation of streamflow in models that consider the water balance. 
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The one-dimensional groundwater representation may not represent the groundwater 

processes in regions with highly depleted water tables and gneiss geomorphology or underlying 

shale. The non-uniformity of the groundwater observation network in the Narmada and Cauvery 

is a source of uncertainty for the accurate calibration of the model. The conversion of point well 

data to a spatial average could be a significant source of uncertainty as groundwater levels tend 

to be highly dynamic across small areas. 

The simplified approach to representing the outflows of the regulated dams has proven 

largely valid but inevitably carries uncertainty as actual dam operations are more complex and 

highly individual. Although a more complex module could have been incorporated, data 

availability and the fundamental low data principle of GWAVA were carefully considered. The 

performance of the modified Hanasaki routine is largely dependent on the quality of the 

observed dam outflow or downstream streamflow used in the calibration. In regions of poor 

data quality, the performance of the routine could be compromised. Although the routine 

utilises daily inflows and consistently updates the dam storage, determining two parameters that 

influence the dam outflow over some time could cause stationarity issues when modelling 

future periods. 

Uncertainty arises from observation station mechanical errors, spatial distribution, and 

various spatial and temporal interpolation methods. At some gauging points in the catchment, 

there is low confidence in the observed streamflow and dam outflow data. On occasion, the 

dam outflow data does not resemble streamflow records in close proximity downstream. Eye-

witness accounts and some literature report drying out of streams in the dry season, which is 

not reflected in the observed data. Additionally, in reality, rivers downstream of significant 

urban and agricultural areas are often fed by a perennial stream of human or livestock sewage 

(Horan et al., 2021b). Although the model represents return flows from domestic demand, this 

may be underestimated compared to the volume of effluent being released into these rivers in 

reality. The IMD gridded rainfall and temperature data are provided in a 0.5-degree grid. Each 

0.5-degree grid cell contains numerous terrain and gradient increments, and the grid cells may 

fall over the catchment boundary. This results in an inaccurate representation of the distribution 

and total rainfall and the distribution of minimum and maximum temperature in this region of 

the catchment (Horan et al., 2021a; Horan et al., 2021b). A known source of uncertainty within 

the Western Ghats region acts as the headwaters for the larger Cauvery Catchment.  
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GWAVA 5.1 potentially overestimates water withdrawals in catchments, particularly in 

the Cauvery, where the exact anthropogenic water use was uncertain and poorly documented. 

The depth of groundwater depends on the estimated water withdrawal of the region. The 

potential overestimation of demand could cause the early or complete depletion of wells not 

reflected in reality. The cost and availability of electricity are not considered within GWAVA 

and thus do not form realistic constraints when modelling the processes of groundwater 

abstraction. The underestimation of the groundwater levels and subsequent base flow 

component hinders the ability of the model to accurately represent the streamflow. There was 

low confidence in the data concerning the pumping depth and observed groundwater level data 

in this region (Bhave et al., 2018; Hora et al., 2019). 

When improving a low-data input hydrological model, such as GWAVA, caution must 

be taken to not complicate the model beyond its underlying capability. The improvements to 

GWAVA utilising simple modified routines demonstrate that adapting existing hydrological 

models can be suitable for the improvement in the reliability of streamflow, dam, and 

groundwater prediction. 

4.5 Conclusions 

Robust simulations of groundwater availability and dam storage and releases are important for 

water resource management in semi-arid catchments where the groundwater was an important 

water source during the dry season, and the streamflow in the main channel of the lower reaches 

was largely dam-regulated.  

The main conclusions from this study are: 

a) Key components of GWAVA were improved to better represent water management 

while maintaining low input data requirements and model complexity  

b) The model improvements successfully improved model performance in both the 

Narmada and Cauvery catchments. 

c) Simulated groundwater and dam storage levels were output to gain further insight into 

components of the catchment water balance.  

Although these simplified routines improve the model performance throughout the 

catchment, it is recommended that further application in a wider geographic area is necessary 

to ensure the routines’ suitability represents a range of catchment characteristics. Investigation 
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into multiple parameter configurations would assist in quantifying uncertainty and potentially 

improve abstractions and release parameters. 
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Appendix D 

Table 4.3 The spatial and temporal resolutions, periods and sources of the input data used in the setup of GWAVA in the Cauvery (C) and Narmada 

(N) catchments 

 

  Catchment 
Spatial 

Resolution 

Temporal 

Resolution 
Time Period Source 

Precipitation C, N 0.25 degree Daily 1951-2017 Indian Meteorological Department (Pai et al., 2012) 

Maximum 

temperature 
C, N 0.25 degree Daily 1951-2016 Indian Meteorological Department (Pai et al., 2012) 

Minimum 

temperature 
C, N 0.25 degree Daily 1951-2016 Indian Meteorological Department (Pai et al., 2012) 

Streamflow 

gauged data 
C, N Catchment Daily 1971-2014 India-WRIS 

Dam 

characteristics 

C Catchment  2018 India-WRIS 

N Catchment  2020 Narmada Control Authority, India- WRIS 

Dam inflow and 

outflow data 

C Catchment Monthly 1974-2017 India-WRIS 

N Catchment Monthly 2007-2017 Narmada Control Authority 

Dam storage C, N Catchment Daily 200-2010 India-WRIS 

Water transfers C 
Catchment 

Annual 2008 
Ashoka Trust for Research in Ecology and the 

Environment 

 N Catchment Annual 2009 Narmada Control Authority 

Groundwater 

levels 
C, N District Monthly 1990-2017 Central Ground Water Board, India 
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Input data Catchment 
Spatial 

Resolution 

Temporal 

Resolution 
Time Period Source 

Elevation C, N 0.003 degree  2000 
NASA Shuttle Radar Mission Global 1 arc second V003 

(NASA Jet Propulsion Laboratory, 2013) 

Geology C, N Asia   United States Geological Survey 

Specific yield C, N India   Central Ground Water Board, India 

Soil type C 0.008 degree  1971-1981 
Harmonized World Soil Database v1.2 (Fischer et al., 

2008) 

 N 1:10 000  1958- 2020 Soil and Land-use Survey of India 

Soil properties C, N Global  2010 Table 2- Allen et al. (2010)  

Land Cover 

Land Use 
C, N 0.001 degree  2005 

Decadal land use and land cover across India 2005 (Roy 

et al., 2016) 

Crops C Taluk*  2000 National Remote Sensing Centre (NRSC) 

 N 5 arcmin  2010 Portmann (2010)  

Total and Rural 

Population 
C, N Village  2001 

Census of India 2001 

(http://sedac.ciesin.columbia.edu/data/set/india-india-

village-level-geospatial-socio-econ-1991-2001) 

Livestock C 0.05 degree  2005 CGIR Livestock of the World v2 (Robinson et al., 2014) 

 N 
Rural villages, 

India 
 2012 19th Livestock Census- 2012. Government of India 

Conveyance 

losses 
C, N Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2

001.aspx 
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Input data Catchment 
Spatial 

Resolution 

Temporal 

Resolution 
Time Period Source 

Return flow C, N Village  2011 

Household Return & Irrigation Census 2011- Town and 

Village directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2

001.aspx) 

Irrigation 

efficiency 
C, N Continental  1986 Irrigation and Drainage Paper (FAO) No 1 

Surface-water 

fraction 
C Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2

001.aspx) 

 N 5 arcmin  2013 

Global Map of Irrigation Areas- version 5.0 

http://www.fao.org/aquastat/en/geospatial-

information/global-maps-irrigated-areas/map-quality 

Industrial 

Demand 

 

 

C Karnataka  
Currently 

unknown 

Industrial Plot Information System- Karnataka Industrial 

Area Development Board 

(https://http://164.100.133.168/kiadbgisportal/) 

Livestock 

demand 
C, N India  2006 CGIR Livestock of the World v2 (Robinson et al., 2014) 

Domestic 

demand 
C Village  2001 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2

001.aspx) 

 N India   AQUASTAT  
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Table 4.4 Input Demand Constraints for the Cauvery and Narmada Catchments 

Demand Constraints Cauvery Narmada 

Conveyance loss (%)- Urban 23 15 

Conveyance loss (%)- Rural 25 15 

Irrigation Efficiency (%) 44 70 

Return flow (%)- Urban 62 45 

Return flow (%)- Rural 0 45 

Demand per head (L/d)- Cattle 77 40 

Demand per head (L/d)- Sheep and goat 5 4 

Surface water abstraction (%)- Urban 44 57 

Surface water abstraction (%)- Rural 62 57 

Surface water abstraction (%)- Industrial 80 80 

Surface water abstraction (%)- Irrigation 31 47 
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Table 4.5 The percent bias, monthly Nash-Sutcliffe Efficiency (NSE), monthly log-Nash Efficiency (LNE) and the monthly Kling-Gupta Efficiency 

(KGE) for each sub-catchment in the Narmada and Cauvery Catchments. The metrics are provided for GWAVA (G), GWAVA-GW (G-GW), 

GWAVA-Res (G-Res) and GWAVA 5.1 (G 5.1). 

 

Sub-    

catchment 

Bias (%) Monthly NSE Monthly LNE Monthly KGE 

G G-

GW 

G-Res G 5.1 G G-

GW 

G-Res G 5.1 G G-

GW 

G-Res G 5.1 G G-

GW 

G-Res G 5.1 

Narmada 

Manot 11.37 4.24 11.37 4.24 0.95 0.92 0.92 0.93 0.78 0.86 0.78 0.86 0.83 0.84 0.83 0.83 

Mohgaon 2.77 8.26 2.77 3.4 0.87 0.83 0.83 0.83 0.73 0.85 0.73 0.85 0.86 0.8 0.86 0.8 

Patan 17.17 -0.77 17.17 12.3 0.9 0.83 0.83 0.91 0.59 0.83 0.59 0.91 0.77 0.75 0.77 0.83 

Belkeri 33.9 2.94 33.9 2.46 0.84 0.85 0.85 0.84 0.6 0.62 0.6 0.71 0.39 0.81 0.39 0.8 

Gadarwara 7.03 -1.8 7.03 1 0.92 0.82 0.82 0.83 -0.45 0.71 -0.45 0.83 0.87 0.7 0.87 0.72 

Chhidgaon -12.36 -45 -12.36 -13.29 0.89 0.62 0.62 0.86 -0.33 0.66 -0.33 0.88 0.85 0.6 0.85 0.77 

Kogaon 30.39 -19.5 30.39 2.03 0.79 0.74 0.74 0.79 -0.32 0.68 -0.32 0.76 0.57 0.66 0.57 0.72 

Barmanghat 17.8 3.9 -2.88 3.2 0.74 0.7 0.82 0.81 0.51 0.78 0.8 0.81 0.58 0.75 0.74 0.82 

Sandia 6.73 7.55 3.24 9.11 0.84 0.77 0.93 0.84 0.51 -0.04 0.84 0.88 0.72 0.82 0.85 0.77 

Hoshangabad 7.57 -0.68 2.92 0.4 0.89 0.82 0.94 0.9 0.08 -0.94 0.85 0.90 0.83 0.84 0.84 0.78 

Handia 14 4.75 11.17 9.92 0.89 0.82 0.95 0.91 -0.33 -1.94 0.84 0.90 0.81 0.84 0.82 0.77 

Mandleshwar 10.6 4.25 4.73 4.35 0.9 0.84 0.95 0.92 0.71 -1.25 0.85 0.88 0.74 0.86 0.86 0.80 

Garudeshwar 16.09 12.74 4.43 13.4 0.9 0.78 0.94 0.9 0.18 -1.8 0.84 0.89 0.74 0.83 0.85 0.80 

Cauvery 

Saklesphur -37 -46.4 -37 -46.4 0.77 0.57 0.77 0.57 0.31 0.81 0.31 0.81 0.59 0.53 0.59 0.53 

Thimmanaha

li 

-58.1 -3.6 -58.1 -3.6 0.21 0.71 0.21 0.71 0.34 0.58 0.34 0.58 0.36 0.84 0.36 0.84 

KMVadi -21 -50.3 -21 -50.3 0.21 0.14 0.21 0.14 0.14 -0.07 0.14 -0.07 0.29 0.25 0.29 0.25 

Kudige -43 -50.7 -43 -50.7 0.67 0.55 0.67 0.55 0.70 0.70 0.70 0.70 0.53 0.48 0.53 0.48 

Munthankera -21.6 -25.4 -21.6 -25.4 0.8 0.78 0.8 0.78 0.74 0.89 0.74 0.89 0.73 0.73 0.73 0.73 
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Thengumara

hada 

1.2 -22.3 1.2 -22.3 0.07 0.43 0.07 0.43 0.22 0.59 0.22 0.59 0.50 0.57 0.50 0.57 

T narasupiar -13.4 -12.0 3.6 -11.6 0.66 0.6 0.75 0.6 -9.83 -1.6 -0.4 -1.2 0.77 0.75 0.83 0.75 

Kollegal -33.6 -16.9 -15.4 -24.9 0.54 0.56 0.70 0.56 -7.46 -2.18 0.69 0.56 0.58 0.7 0.68 0.65 

Tbekuppe 2.6 -5.4 -12 -5.4 -0.81 -0.09 0.62 0.49 -23.97 -0.72 0.53 -0.72 0.21 0.41 0.38 0.41 

TKHali 4.1 7.3 3.4 7.3 0.36 0.43 0.4 0.43 -1.68 -0.29 -0.91 -0.29 0.57 0.52 0.61 0.52 

Bilingudulu -14.7 -2.2 12.1 -10.5 0.63 0.5 0.79 0.64 0.07 -0.77 0.69 0.65 0.76 0.74 0.73 0.77 

Urachikottai -4.6 -11.5 21.0 9.3 0.09 -0.35 0.13 0.57 0.07 -0.77 0.69 0.71 0.56 0.34 0.56 0.66 

Kodumodi -14.5 -22.7 20.0 -5.9 0.14 -0.3 0.52 0.64 -1.56 -3.80 0.41 0.51 0.52 0.25 0.56 0.76 

Musiri -5.8 -6.8 18.2 -2.1 0.15 -0.45 0.14 0.66 -0.81 -1.69 -0.12 0.37 0.58 0.33 0.28 0.79 
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Abstract  

An accurate spatial and temporal representation of rainfall is essential for hydrological 

assessments and water resources management. Rainfall is monitored in India's mountainous 

Western Ghats region via in-situ rainfall gauging stations maintained by the Indian 

Meteorological Department (IMD). However, the network is sparse, and significant periods of 

data are missing. Furthermore, the IMD gridded rainfall dataset is known to underestimate the 

depth of rainfall at the high altitudes within this region. In this study, rainfall estimated by the 

IMD grids and from remote sensing using the CHIRPS (0.25- and 0.05- degree), MSWEP and 

PERSIANN datasets are compared to the IMD in-situ gauged rainfall within the Western Ghats 

using a point-to-pixel analysis. The GWAVA model is utilised to determine the effect of the 

selected rainfall input datasets on representing wider water resources. It was found that the 

average ensemble provided the best representation of the in-situ gauged and catchment rainfall 

and a better representation than the IMD grids. It remains critical for water resources 

management to ensure that in-situ rainfall gauging networks are maintained. In-situ data sources 

of high confidence remain important for the continuous development and ground-truthing of 

different rainfall datasets. 

Keywords: Rainfall, Western Ghats, Cauvery, GWAVA, Remote Sensing 
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5.1 Introduction 

Knowledge of the spatial and temporal distribution of rainfall is essential for hydro-

climatic studies. However, many regions are subject to highly variable rainfall, and those 

vulnerable to climate extremes are among the most data sparse (Wambura, 2020). Many 

catchments, particularly in the developing world, lack sufficient rainfall records due to sparsely 

distributed and/or poorly maintained meteorological stations (Wilby & Yu, 2013). The 

development of remotely sensed technologies and methodologies to combine satellite estimates 

with in-situ observation data has facilitated the production of more reliable large-scale climate 

datasets (Hong et al., 2019). These datasets are often spatially gridded and temporally complete 

on a regional or global scale. However, these datasets contain large uncertainties and regional 

bias, thus posing concern and hesitation in utilising them (Nashwan, 2020).  

Hydrological models are driven by available rainfall data, and their performance is thus 

directly linked with the quality of these data (Wagener et al., 2001). Rain gauge networks are 

the most trusted means for accurate point rainfall measurement. However, sparse rain gauge 

networks in remote areas and mountainous terrain lead to erroneous rainfall estimates when 

averaged over a region (Liang et al., 2020). Additionally, monsoonal rainfall is specifically 

challenging to represent as the timing of the monsoon is not consistent year-on-year, and the 

rainfall tends to be intense for long periods. An expanding selection of large-scale gridded 

rainfall datasets, both from remote sensing, reanalysis or interpolation of in-situ observations, 

are becoming available (Le Coz & van de Giesen, 2020). These datasets are proposed to be of 

value to overcome the absence of in-situ observations and provide an alternative for estimating 

catchment rainfall. 

Southern India experiences a monsoonal rainfall pattern (Sen Roy et al., 2009) with 

reports of significant weakening of the monsoon in recent years (Joseph & Simon, 2005; 

Kulkarni, 2012; Dixit et al., 2014; Kumar et al., 2020; Swapna et al., 2022). The southwest 

monsoon generally brings rainfall between June and October, and the northeast monsoon in 

November and December. In addition to the monsoon strength, timing and duration, 

topographic factors considerably influence the distribution and concentration of rainfall across 

the region (Bauer & Morrison, 2008). The estimation of catchment rainfall is complicated by 

the complex topography of the Western Ghats (Malik et al., 2012), the large spatial and 

temporal variability of the annual monsoons (Daly, 2006) and the conversion of a sparse rain 

gauge network and proxy measurements (cloud top temperature, raindrop reflectivity, solar 
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energy, brightness temperature, microwave emission, etc.) into quantitative rainfall estimates 

(Ghimire et al., 2018; Hong et al., 2019). The seasonal nature of rainfall and the resulting 

streamflow generation within the region has resulted in infrastructural projects being at the 

forefront of water management planning over the last century (Chowdhury, 2010). The Upper 

Cauvery Catchment region, located in the Western Ghats, acts as the water tower of the greater 

catchment.  

The Western Ghats act as a barrier to the southwest monsoon clouds and influence the 

distribution of rainfall in the region. The undulating landscape, slope and aspect of these 

mountains to the monsoonal winds pose many challenges to the scientific community in 

understanding the spatial and temporal distribution of rainfall (Venkatesh et al., 2021). Along 

the southwestern and western coasts, the Mean Annual Rainfall (MAR) can be as high as 6000 

mm due to the orographic effects of the Western Ghats. In contrast, in the rain shadow on the 

eastern side of the Western Ghats, the rainfall is markedly reduced to a low of 300 mm 

(Chidambaram et al., 2018). A delayed or weakened monsoon significantly influences the 

rainfall in the higher latitudes of the country. Both the steepness and aspect of the mountains in 

this region directly affect the occurrence and location of rainfall. The steep slopes of the 

Western Ghats in Maharashtra and Kerala result in a strong orographic effect and drier 

conditions on the leeward side of the range (Meunier et al., 2015).  

The scarce rain gauge data in the Western Ghats region has been a major impediment 

to scientific studies, limiting the understanding of the regional weather system (Venkatesh et 

al., 2021). The major rivers of southern India originate in this mountain range, and the 

livelihoods of people in this region depend on the water available (Reddy et al., 2021). Many 

major dams and water transfers are constructed within this region to provide water for domestic, 

industrial, and agricultural needs (Rajesh et al., 2016). Any changes in the rainfall pattern result 

in variations in water availability and directly impacts the livelihoods of the people and 

economy of the region. Rain gauge data are the primary source of historical rainfall data (Sun 

et al., 2018). Consequently, due to the sparse gauge network over the Western Ghats (and the 

Indian mainland), the IMD has made a significant effort to convert the available station data to 

a regular space-time grid (Pai et al., 2014). These 0.25-degree daily rainfall grids created by the 

IMD are the accepted rainfall dataset for India within the scientific community and are 

considered the rainfall standard across environmental, industrial, and operational companies 

within India (Singh et al., 2021; Buri et al., 2022).  
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An accurate rainfall representation in India is essential for understanding the 

hydrological responses during the monsoon rainfall season. Satellite-derived rainfall datasets 

have succeeded in depicting region-specific rainfall patterns across climatologically different 

parts of India. Most of the published studies utilising remotely sensed data have taken place 

across India or in small sub-catchments near the Himalayas. The remotely sensed data are 

generally compared to the IMD rainfall grids and, in some cases, to the IMD gauge data. These 

studies have concluded that the remotely sensed data sets struggle to estimate orographic 

rainfall, particularly in the Western Ghats and the Himalayan foothills (Palazzi et al., 2013; 

Prakash et al., 2015; Shah & Mishra, 2016). Therefore, the performance of new remotely sensed 

datasets which have not been applied in the region needs to be assessed.  

In instances where ‘off-the-shelf’ remotely sensed datasets do not represent the point 

rainfall nor the simulated catchment streamflow to an acceptable standard, it is common 

practice to utilise available in-situ rain gauge data to perform a bias-correction (Guo & Liu, 

2016). This technique has proven effective globally (Luo et al., 2020); however, it falls short 

in regions where in-situ rain gauge data are not available or accessible, or there is high 

uncertainty in the gauged measurements (Kimani et al., 2018). A probable solution is utilising 

an average ensemble of the selected remotely sensed rainfall datasets in a similar capacity to 

that which is common practice in the application of global climate model (GCM) data (Noor et 

al., 2019; Rickards et al., 2020).  
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This study aims to provide insight into the suitability of selected remotely sensed rainfall 

datasets and improve the estimation of catchment rainfall by improving the fundamental 

understanding of rainfall in the Upper Cauvery Catchment. 

a) Evaluating remotely sensed rainfall datasets not previously applied at a catchment scale 

in the Upper Cauvery Catchment and assessing the performance of various ‘off-the-

shelf’ remotely sensed datasets against in-situ rain gauge data. 

b) Identifying the best-performing rainfall dataset, including the IMD and remotely sensed 

datasets. 

c) Determine whether the spatial resolution of a rainfall dataset improves the performance 

in the Upper Cauvery Catchment. 

d) Ascertain whether an ‘off-the-shelf’ remotely sensed rainfall dataset is suitable for 

hydrological modelling within the Upper Cauvery Catchment without regional bias 

correction. 

e) Determining whether an ‘off-the-shelf’ remotely sensed dataset could improve the 

hydrological simulations within a complex topographical region compared to the IMD 

gridded dataset.  

f) Establish whether an ensemble could more accurately represent the catchment rainfall 

and the simulated streamflow than the IMD gridded rainfall data. 

1.2 Materials and Methods 

The performance of the widely used IMD (Pai et al., 2014) gridded rainfall and selected remote 

sensing (RS) datasets not previously used in the region will be compared to the available in-

situ observations. Hydrological simulations will be utilised to determine the effects of various 

rainfall data on water resource representation.  

5.2.1 Catchment Description 

The Cauvery Catchment (81,000 km2) is situated in southern India (Figure 5.1). The 

diverse terrain and strong west-to-east rainfall gradient (6000 mm in the upper reaches to 300 

mm on the eastern boundary) result in regionally variable surface and groundwater availability 

(Meunier et al., 2015) and, depending on local demand patterns, is a critical and widely limiting 

factor for agriculture (Madhusoodhanan et al., 2016), with much of the irrigated agriculture 

dependent on groundwater abstraction from millions of wells. The catchment is primarily 
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underlain by hard-rock aquifers (Collins et al., 2020). Although predominantly rural (Sreelash 

et al., 2020), parts of the catchment have experienced considerable urban and economic growth 

over recent years (Gupta & Horan, 2022).  

The surface water in the catchment has been affected for centuries by human influences, 

which have impacted the hydrological functioning of the catchment (Gupta & van der Zaag, 

2008). In addition to the significant anthropogenic influence within the catchment, there are 

ongoing inter-state water-sharing disputes. Water disputes in the Cauvery Catchment differ 

from other inter-state water disputes, such as in the Krishna, Godavari and Narmada 

Catchments. These tend to form around the untapped potential of water resources, whereas in 

the Cauvery Catchment, the disputes surround the reallocation of existing water resources 

(Janakarajan, 2016) between the federal states of Karnataka and Tamil Nadu (Sharma et al., 

2020). As the water-sharing agreement in the Cauvery is legally founded, the estimation and 

distribution of water resources throughout the catchment must be accurately understood.  

The Upper Cauvery Catchment drains an area of 10 619 km2 in the north-western region 

of the Cauvery Catchment (Figure 5.1) and constitutes 21% of the total catchment area but 

generates 82% of the total streamflow (Horan et al., 2021a). The upper reaches of the Cauvery 

River lie within the Western Ghats (Figure 5.1: Inset 1). The Upper Cauvery Catchment drains 

into the Krisharaja Sagar (KRS) dam, where it is stored for domestic and agricultural use.  The 

Western Ghats act as a critical headwater to the larger catchment and a barrier to the southwest 

monsoon (Chidambaram et al., 2018). In the area of the Western Ghats, the soils tend to be very 

deep, valley bottoms are covered in dense forests, and mountain slopes are predominately 

grassland (Pattabaik et al., 2013). As shown in Figure 5.1, the Upper Cauvery Catchment 

consists of four gauged sub-catchments (Saklesphur, Thimmanahali, Kudige and KM Vadi). 

The Upper Cauvery will be modelled at a 0.125-degree resolution for the period 1985-2013 due 

to data availability and to correspond with the pilot study (Horan et al., 2021a). 
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Figure 5.2 The location of rain gauges and elevation (left) and the demarcation of the Western 

Ghats within the Upper Cauvery Catchment and windward and leeward positioned gauges 

(right) within the Upper Cauvery Catchment. 

1.2.1.2 Gridded Rainfall Data 

Several remotely sensed rainfall datasets were considered for this study (Table 5.6 in Appendix 

E). As summarised in Table 5.1, only four remotely sensed rainfall datasets met all five of the 

following criteria, at the time of publication, and thus were selected for this study.  

1. Not been explicitly applied within the Upper Cauvery Catchment 

2. A spatial resolution of not more than 0.25 degree (IMD grid size) 

3. Temporal coverage between 1985 and 2013 (period of available observed rainfall 

and streamflow data) 

4. If a reanalysis dataset, it did not make use of the IMD gridded rainfall data within 

the compilation 

5. The datasets must have undergone a degree of bias correction with gauged rainfall 

within the dataset production methodology 
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Table 5.1 The rainfall datasets utilised in this study, including the methodology, spatial and 

temporal coverage and resolution, their application in India and reference source.  

i) IMD 

The IMD has developed a daily rainfall dataset at a 0.25-degree grid size over the Indian 

mainland for the period from 1901- to 2013 based on a network of 6 955 rain gauge stations 

(Rajeevan & Bhate, 2009; Pai et al., 2014). The IMD gridded rainfall dataset uses these gauges 

and the simplest form of inverse distance weighted (IDW) interpolation (Shepard, 1968) to 

estimate a spatial representation of rainfall. Spatial interpolation uses gauging stations with 

known values to estimate rainfall at points without available data (Li & Heap, 2008). In the 

IDW method, the rain gauging points are weighted such that the influence of one gauge relative 

to another declines with distance from the point of unknown rainfall. Weighting is assigned to 

gauging points using a weighting coefficient that controls the weighting influence—the greater 

the weighting coefficient, the less effect the gauge will have. The quality of the interpolation 

can decrease if the distribution of gauging stations is uneven. The maximum and minimum 

values in the interpolated surface can only occur at sample gauging points. To speed up the 

computation, only rainfall data from a few of the nearest neighbour stations (minimum of 1 

Dataset Methodology 
Spatial 

coverage 

Temporal 

coverage 

Spatial 

resolution 

Temporal 

resolution 

Application 

in India 

Application 

in Western 

Ghats 

Reference 

Indian 

Meteorological 

Department (IMD) 

Gauges India 1901-2014 0.25 Daily   
Pai et al., 

2014 

Climate Hazards 

Group InfraRed 

Rainfall with Station 

data (CHIRPS) 

Infrared 

Gauge 
50°N - 50°S 1981- NRT 0.25° Daily   

Funk et al., 

2015 

CHIRPS v2.0 
Infrared 

Gauge 
Global 1981 -NRT 0.05° Daily   

Funk et al., 

2015 

Multi-Source 

Weighted-Ensemble 

Rainfall (MSWEP) 

v2.0 

Infrared 

Microwave 

Gauges 

Global 1979- NRT 0.1° 3 hour   
Beck et al., 

2017 

PERSIANN- 

Climate Data 

Record (CDR) 

Infrared 

Gauge 
60°N - 60°S 1983-2016 0.25° 6 hour   

Ashouri et 

al., 2015 
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station and a maximum of 4 stations) within a radial distance of 1.5-degrees (166 km2) around 

the grid point was used in the IDW interpolation. In the mountainous regions of India, there is 

a low density of rain gauge stations (approximately 1 station for every 460 km2) and highly 

variable rainfall. Thus, the spatial variability of rainfall may not be captured adequately using 

the IDW methodology. In addition, the maximum rainfall can occur only at gauging points; the 

rainfall in ungauged areas may be systematically underestimated, especially in the Western 

Ghats, where the rainfall varies from 600 mm to 5000 mm within 50–100 km.  

The IMD gridded daily rainfall data were obtained from the IMD in New Delhi. The data was 

provided at a 0.25-degree scale in comma-separated values format for the peninsula region of 

India. Using the coordinates of the in-situ rain gauges, the relevant grids were identified, and 

the data were extracted using an R statistical software script. The 0.25-degree data were 

resampled to the 0.125- degree modelling grids, whereby the finer grids retained the value of 

the 0.25-degree grid cell they overlay.  

ii) CHIRPS 0.25- and 0.05-degree 

The Climate Hazards Group Infrared Rainfall with Stations (CHIRPS) dataset is available at a 

spatial resolution of 0.25- and 0.05- degrees across a latitude band of 50ºS–50ºN from 1981 to 

the present (Funk et al., 2015). CHIRPS utilises high-resolution infrared Cold Cloud Duration 

(CCD) observations interpolated with a global 0.05° monthly rainfall archive, Climate Hazards 

Rainfall Climatology (CHPclim), and historical station data from several public data streams 

and private archives. Monthly rainfall estimates are produced at a 0.25° scale using the CCD 

observations and TRMM 3B42 rainfall data. These are downscaled to 0.05º. The 0.25° and 

0.05° datasets are corrected using the long-term means and CHPClim data. The corrected 

datasets are blended with available station data to produce the published datasets. Station data 

is obtained from Global Historical Climatology Network (GHCN), Global Summary of the Day 

(GSOD), Global Telecommunications System (GTS), Southern African Science Service Centre 

for Climate Change and Adaptive Land Management (SASSCAL) and national meteorological 

agencies in Central and South America and sub-Saharan Africa (Funk et al., 2015). 

The 0.05- and 0.025-degree daily rainfall data were downloaded using the in-built chirps R 

package (https://cran.r-project.org/web/packages/chirps/index.html). The data was provided at 

a 0.05-and 0.025- degree scale in NetCDF format. Using the coordinates of the in-situ rain 

gauges, the relevant data were identified and extracted using an R statistical software script. 

Furthermore, the 0.05- degree data was clipped and aggregated to the 0.125-degree modelling 
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grid using R statistical software. Each 0.125-degree grid was assigned the daily mean of the 

CHIRPS grids that it fell within. The 0.25-degree data was disaggregated to the 0.125- degree 

modelling grids, whereby the finer grids retained the value of the 0.25-degree grid cell they 

overlay. The 0.125-degree datasets were output as a comma-separated values file. 

iii) MSWEP 

Multi-Source Weighted Ensemble Rainfall (MSWEP) is a global rainfall dataset available from 

1979–2015 at a temporal resolution of three hours and a spatial resolution of 0.25°. The dataset 

is derived from several data sources, including 13 762 rain gauges, satellites, and atmospheric 

reanalysis models. The long-term mean is derived from the CHPclim dataset, corrected for 

orographic effects, and then downscaled to a monthly timestep using multiple satellite rainfall 

datasets. The monthly rainfall is then downscaled to a daily resolution using the CPC Unified 

rainfall gauged dataset and the area weighting technique. Available three-hourly satellite 

rainfall estimates are utilised to further downscale the daily resolution rainfall to three-hour 

MSWEP data. MSWEP undergoes a long-term bias correction using both rainfall (CHPclim 

and PRISM) and streamflow data (GAGES-II and GRDC) (Beck et al., 2017). 

MSWEP daily rainfall data were obtained from the GloH2O 

(http://www.gloh2o.org/mswep/). The data was provided at a 0.1-degree scale in NetCDF 

format. Using the coordinates of the in-situ rain gauges, the relevant data were identified and 

extracted using an R script. Furthermore, using R statistical software, the data was clipped and 

aggregated to the 0.125-degree modelling grid. Each 0.125-degree grid was assigned the daily 

mean of the MSWEP grids that it fell within. The 0.125-degree dataset was output as a comma-

separated values file. 

iv) PERSIANN-CDR 

The Rainfall Estimation from Remotely Sensed Information using Artificial Neural Networks-

Climate Data Record (PERSIANN-CDR) is available from 1983 to the present at a daily 0.25° 

resolution. The dataset covers between 60°N and 60°S. PERSIANN-CDR uses a modified 

PERSIANN algorithm that inputs infrared imagery from GEO satellites into an ANN model 

and includes gauge measurements from the contiguous United States (CONUS) to estimate 

global surface rainfall rates from satellite-based infrared measurements (Ashouri et al., 2015). 

PERSIANN-CDR uses the National Centres for Environmental Prediction (NCEP) Stage IV 

hourly rainfall to train the ANN model. Bias correction is undertaken on a monthly scale using 
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the Global Rainfall Climatology Project (GPCP) monthly 2.5º rainfall data (Nguyen et al., 

2018).  

PERSIANN daily rainfall data were obtained from the National Centers for Environmental 

Information (https://www.ncei.noaa.gov/datasets/climate-data-records/   rainfall-

persiann). The data was provided at a 0.25-degree scale in NetCDF format. Using the 

coordinates of the in-situ rain gauges, the relevant data were identified and extracted using an 

R script. Furthermore, using R statistical software, the data was clipped, and the 0.25-degree 

data were resampled to the 0.125- degree modelling grids, whereby the finer grids retained the 

value of the 0.25-degree grid cell they overlay. The 0.125-degree dataset was output as a 

comma-separated values file. 

v) Ensemble 

An ensemble uses the variation of input data, analysis, and methodologies of its component 

members and tends to be less prone to systematic biases and errors. An ensemble rainfall 

combines multiple rainfall datasets to create a single dataset. In regions where in-situ rainfall 

gauge measurements may not be available, an ensemble of selected remotely sensed rainfall 

datasets may provide a better and more consistent representation of the rainfall than the 

individual datasets. An ensemble can be applied in rainfall studies to reduce errors with an 

optimal bias (Baker & Ellison, 2008). Although most published studies utilise an ensemble 

when applying future GCM predictions, an example of a published study (Cornes et al., 2018) 

has used the concept to improve estimates of historical rainfall. Cornes et al. (2018) found that 

utilising an ensemble of gridded rainfall datasets improved uncertainty estimates compared to 

individual datasets across Europe.  

An average ensemble was determined utilising the 0.125-degree re-gridded CHIRPS 

0.05- and 0.25- degree datasets, MSWEP dataset and PERSIANN dataset from 1985-2013. The 

daily rainfall for each 0.125-degree grid was averaged with equal weighting to produce a single 

daily time series for each grid (Equation 5.1).  

𝑥̅ =  
∑ 𝑥

𝑛
 (5.1) 

where 𝑥̅ is the mean, x is the values, and n is the number of x values in the dataset. 
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A median ensemble was determined utilising the median of the 0.125-degree re-gridded 

CHIRPS 0.05- and 0.25- degree datasets, MSWEP dataset and PERSIANN dataset from 1985-

2013.  

Four weighted ensembles were determined using the 0.125-degree resampled CHIRPS 

0.25- and 0.05- degree, MSWEP and PERSIANN datasets from 1985-2013.  

𝐶25 𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
2𝑥𝐶25 + 𝑥𝐶05 +  𝑥𝑀 +  𝑥𝑃 

5
 

 
(5.2) 

𝐶05 𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
𝑥𝐶25 + 2𝑥𝐶05 +  𝑥𝑀 +  𝑥𝑃 

5
 

 
(5.3) 

𝑀 𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
𝑥𝐶25 + 𝑥𝐶05 +  2𝑥𝑀 +  𝑥𝑃 

5
 

 
(5.4) 

𝑃 𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =
𝑥𝐶25 + 𝑥𝐶05 +  𝑥𝑀 +  2𝑥𝑃 

5
 

 
(5.5) 

Where x is the value in the CHIRPS 0.25-degree (C25), CHIRPS 0.05-degree (C05), 

MSWEP (M) and PERSIANN (P) datasets. 

For each of the ensembles, using R statistical software and the coordinates of the in-situ 

rain gauges, the relevant data were identified and extracted for a point-to-pixel evaluation. The 

average ensemble was consolidated into a comma-separated values file for input to GWAVA. 

5.2.3 Model Selection 

Several hydrological modelling studies have been carried out in the headwater sub-catchments 

of the Cauvery. These include using the auto-regressive moving average time series (ARIMA) 

model (Maheswaran & Khosa, 2012), an artificial neural network (ANN) model (Maheswaran 

& Khosa, 2012; Patel & Ramachandran, 2015), a support vector regression (SVR) model (Patel 

& Ramachandran, 2015), the Water Evaluation And Planning (WEAP) model (Bhave et al., 

2018), GWAVA (Horan et al., 2021a), the Soil and Water Assessment Tool (SWAT) (Kumar 



183 

& Nandagiri, 2018; Horan et al., 2021a; Wable et al., 2021) and the Variable Infiltration 

Capacity (VIC) model (Gowri et al., 2021; Horan et al., 2021a).  

The above-listed model applications within this region have not been highly successful 

in representing the sub-catchments; however, they provide useful scientific lessons and the 

identification of various shortfalls. The applications by Maheswaran and Khosa (2012), Patel 

and Ramachandran (2015), Bhave et al. (2018), Horan et al. (2021a, b, c), and Gowri et al. 

(2021) utilised the IMD 0.25-degree daily rainfall grids (Pai et al., 2014) as the source of rainfall 

data. Bhave et al. (2018) and Horan et al. (2021a) noted that a limitation of their work was the 

restricted availability of some specific input data, particularly observed rainfall. Kumar and 

Nandagiri (2018) and Wable et al. (2021) utilised the data from ten and sixteen rain gauges for 

simulations in the headwater sub-catchments using the SWAT model, respectively produced 

significantly better results than the studies carried out using the IMD gridded rainfall data. The 

ability of the SWAT model to simulate daily streamflow was reasonably good, with better low-

flow than high-flow simulations. Both Kumar and Nandagiri (2018) and Wable et al. (2021) 

point to rainfall estimation in complex topography as a large source of uncertainty within the 

modelling exercise. 

This study used an improved version of the GWAVA model (Meigh et al., 1999; Horan 

et al., 2021c). GWAVA is a large-scale gridded water resource model that accounts for natural 

hydrological processes (soils, land-use, and lakes), using a conceptual rainfall-runoff model and 

anthropogenic stresses (groundwater abstraction, irrigation, domestic and industrial demands, 

dam storage, and water transfers) via a demand-driven routine (Meigh et al., 1999).  The model 

can be run at a daily or monthly time scale across modelled areas greater than 1000 km2 and is 

adaptable to the data availability of the region. GWAVA was developed primarily for use in 

large, data-scarce regions.  

The low-data requirement of the GWAVA model, with published applications in 

southern Africa (Meigh et al., 1999), West Africa (Meigh & Tate, 2002; Meigh et al., 2005; 

Rameshwaran et al., 2017; Rickards et al., 2019), South America (Ekstrand et al., 2008), 

Europe (Dumont et al., 2012; Johnson et al., 2015; Williams et al., 2015), China (Lui et al., 

2015) and India (Rickards et al., 2020) and a successful pilot study within the Upper Cauvery 

Catchment (Horan et al., 2021a), makes it suitable for application in southern India. The 

GWAVA model has been updated to better represent small-scale runoff harvesting 

interventions (Horan et al., 2021b), groundwater abstraction, artificial recharge, and regulated 
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dam releases (Horan et al., 2021c). These updates are based largely on field data, the principles 

of the AMBHAS-1D (Tomer et al., 2012) groundwater model and the Hanasaki dam routine 

(Hanasaki et al., 2006).  

GWAVA simulates the local runoff from each grid cell using a lumped conceptual, 

Probability Distributed rainfall-runoff Model (PDM) (Moore, 1985).  The PDM is used to 

simulate the spatial variations in soil moisture by means of a probability distribution (Moore, 

2007). The PDM utilises a ‘bucket’ approach, allocating the rainfall amongst various ‘buckets’ 

to determine the partitioning of water into the components of the water balance (UKCEH, 

2020). Figure 5.3 illustrates the model configuration. 

Figure 5.3 Schematic of the rainfall-runoff model, including the configuration of the probability 

distributed model (PDM) (UKCEH, 2020).  
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5.2.4 Model Application 

5.2.4.1 Input Data 

Input data were collected from several sources and extracted from global and regional datasets. 

The sources and details of the data used in this modelling exercise are summarised in Table 5.7 

in Appendix E. 

5.2.4.2 Model Setup 

The Upper Cauvery Catchment was modelled using a gridded configuration with a spatial 

resolution of 0.125 degrees (Figure 5.1) using the GWAVA 5.1 model (Horan et al., 2021c) 

forced by various rainfall input datasets: 

a) IMD daily rainfall gridded data 

b) 0.25- degree CHIRPS daily rainfall data 

c) 0.05- degree CHIRPS daily rainfall data 

d) 0.1- degree MWESP daily rainfall data 

e) 0.25- degree PERSIANN daily rainfall data 

f) 0.125-degree ensemble rainfall data 

The domestic, irrigation, industrial and livestock demand, large-scale water transfers, 

hydropower dams, irrigation dams, and agriculture within the irrigation and rural areas were 

included. 

5.2.4.3 Model Calibration 

Five streamflow gauges were used to calibrate the GWAVA model in the Upper Cauvery 

Catchment using the IMD gridded rainfall dataset (Figure 5.1). It was then assumed that these 

calibration parameters would be reasonable for the remotely sensed rainfall datasets. The 

simulated streamflow was calibrated against the observed streamflow using the SIMPLEX 

auto-calibration routine. This calibration routine utilises five parameters; (i) a surface routing 

parameter, (ii) a groundwater routing parameter, (iii) a Probability Distributed Model (PDM) 

parameter that describes spatial variation in soil moisture capacity, (iv) groundwater initializing 

depth parameter, and (v) a multiplier to adjust rooting depths. The calibration gauges were 

selected based on the completeness and temporal coverage of the data and the size of the sub-

catchment. The observed streamflow data were deemed sufficient when it had at least five 

consecutive years of data available from 1981 until 2010. 
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5.2.4.4 Evaluation 

Due to the high variability of rainfall and streamflow in the Upper Cauvery Catchment, the 

Kling-Gupta Efficiency (KGE) was used to determine the ability of the rainfall dataset and 

GWAVA to represent the temporal characteristics of the rainfall and streamflow against the 

observed data. The Root Mean Squared Error (RMSE) was used to determine the accuracy of 

the rainfall datasets compared to the observed values. The bias was used to evaluate the ability 

of the rainfall datasets and GWAVA to estimate the total volume of streamflow across the 

modelling period.  

i) Kling-Gupta Efficiency (KGE) 

The KGE (Gupta et al., 2009) is based on correlation, variability bias and mean bias and is 

calculated (Equation 5.3) as: 

𝐾𝐺𝐸 = 1 −  √(𝑟 − 1)2 + (
𝜎𝑠

𝜎𝑜
− 1)

2

+ (
𝜇𝑠

𝜇𝑜
− 1)

2

 (5.3) 

where r is the correlation coefficient between the monthly simulated and observed data, 

σo is the standard deviation of monthly observation data, σs is the standard deviation of the 

monthly simulated data, μo is the mean of monthly observation data, and μs is the mean of 

monthly simulated data. 

The KGE indicates the overall performance of the model. The metric allows some 

perceived shortcomings with the Nash-Sutcliffe Efficiency (NSE) metric to be overcome and 

has become increasingly popular for evaluating hydrological model skill. A KGE of one 

indicates perfect agreement between simulations and observations. However, there are many 

opinions about where the differentiation of ‘good’ and ‘poor’ model performance thresholds lie 

within the KGE scale. Negative KGE values do not always imply that the model performs worse 

than the mean flow benchmark. For this study, and to compare model performance, a KGE 

score of less than 0.2 was deemed poor, between 0.2 and 0.6 as fair and above 0.6 as good.  
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ii) Root Mean Squared Error 

The root-mean-square error (RMSE) is a measure of accuracy and a frequently used measure 

of the differences between the simulated and observed values (Equation 5.4). The RMSE 

represents the square root of the second sample moment of the differences between predicted 

and observed values or the quadratic mean of these differences.  

𝑅𝑀𝑆𝐸 =  √
∑(𝑦𝑠−𝑦𝑜)2

𝑛
 (5.4) 

 where yo is the monthly observed data value, ys is the monthly simulated data value, 

and n is the number of samples. 

iii) Bias 

The bias is the average tendency of the simulated data to over-or underestimate the observed 

data (Equation 5.5). The optimal value for the bias is zero. Positive values indicate a model 

underestimation, and negative values indicate an overestimation. When assessing a model’s 

ability to simulate streamflow, the bias indicates the ability of the model to predict the overall 

streamflow volume across the modelling period. A bias of between -10 and 10% is considered 

acceptable.  

𝐵𝑖𝑎𝑠 =
∑ 𝑦𝑜− 𝑦𝑠

∑ 𝑦𝑜
× 100 (5.5) 

where yo is the monthly observation data, and ys is the monthly simulated data.  

The performance of each rainfall dataset and the streamflow generated by each rainfall 

dataset are ranked from best to worst performing and given a score from one to five. The best 

performing was assigned a one and the worst a five. The performance was evaluated across the 

KGE, RMSE and bias statistics within each sub-catchment. Each rainfall dataset was ranked 

across the individual sub-catchments and the whole Upper Cauvery Catchment to determine 

the spatial performance across the region and whether a dataset performs better than the IMD 

grids in the Upper Cauvery Catchment.   



188 

5.3 Results 

5.3.1 Performance of the Rainfall Estimated by the Selected Datasets 

Compared to the monthly observed rainfall values in Figure 5.4, the graphs pertaining to the 

IMD grids, CHIRPS and MSWEP illustrate a notable scatter above and below the 1:1 line, 

provide a good fit at lower magnitude events and underestimate at higher magnitude events. 

PERSIANN overestimates the rainfall depth during lower magnitude events but significantly 

underestimates the rainfall depth at mid-to-high magnitude rainfall events. The IMD grids 

present the highest R2 value of the individual rainfall datasets.  

Six ensemble techniques were investigated for use in the Upper Cauvery Catchment. 

The various methodologies provide similar results regarding the depth of rainfall across events 

of varying magnitude. As expected, the ensembles produce similar results that fit well to the 

1:1 line at lower magnitude events. The clustering around the 1:1 line is more pronounced in 

the ensembles than in the individual datasets. At high-magnitude events, like individual 

datasets, the ensembles underestimate the rainfall depth. The degree to which PERSIANN 

underestimates the high-magnitude events affects the ensembles at these magnitudes. The 

average ensemble presents a higher R2 value than the IMD grids.  

Using the KGE, RMSE and bias statistics, all the ensembles performed more accurately 

than the individual rainfall datasets, as shown in Table 5.2. Although the median, CHIRPS, 

MSWEP and PERSIANN weighted ensembles produced good KGE scores, the bias was higher 

than the average ensemble.  

As evident from Table 5.2, the various ensemble methodologies produced the most 

accurate overall representation (KGE) of the observed rainfall with the lowest margin of error 

(RMSE), followed by IMD and CHIRPS 0.25-degree, CHIRPS 0.05-degree, PERSIANN and 

MSWEP. PERSIANN and MSWEP, however, provide the best representation of the overall 

depth of rainfall across the Upper Cauvery Catchment, followed by the average ensemble, 

CHIRPS 0.05- degree, CHIRPS 0.25-degree and IMD. The average ensemble provided the best 

performance of the ensemble methodologies and all the rainfall datasets utilised (Table 5.2). 
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Figure 5.4 The monthly in-situ observed rainfall against the monthly rainfall from the gridded 

rainfall datasets (left) and the various ensembles (right) 
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Table 5.2 The average KGE, RMSE and bias value (V) when utilising the various rainfall datasets and ensemble techniques across the Upper Cauvery 

Catchment compared to the monthly observed values. A score (S) is assigned from the best-performing dataset from 1(best) to 11 and these are 

summed to indicate the overall best-performing dataset.  

 

Metric IMD CHIRPS 25 CHIRPS 05 MSWEP PERSIANN 
Average 

ensemble 

Median 

ensemble 

CHIRPS 

0.25-degree 

weighted 

ensemble 

CHIRPS 

0.05-degree 

weighted 

ensemble 

MSWEP 

weighted 

ensemble 

PERSIANN 

weighted 

ensemble 

 V S V S V S V S V S V S V S V S V S V S V S 

KGE 0.54 7 0.45 8 0.4 9 0.13 10 0.21 11 0.74 1 0.72 2 0.69 5 0.7 4 0.71 3 0.64 6 

Bias -20.4 11 12.5 10 9.6 9 1.9 2 0.4 1 3.5 3 7.6 5 8.5 6 9.3 8 9.1 7 4.9 4 

RMSE 129.3 5 148.9 8 152.4 9 161.7 10 204.1 11 120.4 1 127.3 3 129.4 6 129.3 4 124.1 2 134.6 7 

Score 23 26 27 22 23 5 10 17 16 12 17 
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As shown in Figure 5.5, the central tendency of the data from across the year is similar 

between datasets. The rainfall distribution presents a negative skewness, with the median 

shifted towards the lower quartile. Considering the nature of rainfall in this region, this is 

expected as there are a high proportion of days without rainfall. The overall ability of the 

remotely sensed datasets to represent the distribution of rainfall is fairly accurate when 

considering the 10th and 90th percentiles, the medians and the interquartile ranges (Table 5.8 in 

Appendix E).  

During the monsoon (June-September), the data demonstrate a wider variability of data 

from the median and a relatively large interquartile range (Figure 5.5; Table 5.8 in Appendix 

E) is presumably associated with the variable timing of the onset and the strength of the 

monsoon. Although the data still demonstrates a positive skewness, it is not as prominent as 

when considering the rainfall across the year. The ‘drizzle day’ nature of remotely sensed 

datasets is evident in the representation of the 10th percentile. ‘Drizzle day’ nature is caused by 

the remotely sensed data consisting of spatial means rather than point estimates, which can 

result in a smaller number of no-rain days when spatial estimates are compared to observed 

gauge data. The observed and IMD datasets present the 10th percentile of zero, whilst the 

remotely sensed datasets vary between 10-45mm. The ability of the remotely sensed datasets 

to represent the distribution of rainfall for the monsoon season is more varied. The median and 

interquartile range values of the remotely sensed datasets are greater than that of the observed 

and IMD (Table 5.8 in Appendix E). The IMD data represents the lower distribution but not, 

the higher distribution well. PERSIANN presents a small interquartile range suggesting that the 

rainfall values are clustered around the median and do not represent the high or low quartiles 

well. The average and median ensembles provide the closest representation of the 10th and 90th 

percentiles and the interquartile range of observed rainfall, especially in the monsoon season. 

(Figure 5.5; Table 5.8 in Appendix E). Considering the 10th and 90th percentiles, the 

interquartile range and the R2 value, the average ensemble was selected as the most accurate 

and will be used. 
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Figure 5.5 The range of average monthly rainfall produced by each rainfall dataset across the 

period of 1985 until 2013 and within the monsoon season. The whiskers represent the 10th and 

90th percentiles, the line within the box represents the median and the ‘X’ represents the 

average. 

Figure 5.6 illustrates that the estimation of rainfall by large-scale remotely sensed 

datasets within the Upper Cauvery Catchment is variable. The IMD grids underestimate the 

rainfall systematically across the Upper Cauvery Catchment, and the underestimation is 

particularly prevalent within the rain shadow.  
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Figure 5.6 Average monthly rainfall bias (%) from 1985- 2013 between the rainfall datasets 

(IMD grids, CHIRPS 0.25-and 0.05- degree, MSWEP, PERSIANN and the average 

ensemble) and the station gauge data. The windward gauges are denoted as a circle and the 

leeward gauges as a triangle. 

At lower altitudes, the CHIRPS datasets overestimate the rainfall but underestimate it 

at higher altitudes (Figure 5.6; Figure 5.7). In the rainshadow, CHIRPS demonstrates a decrease 

in rainfall with altitude (Figure 5.7). The performance of the CHIRPS datasets is not dependent 

on the spatial scale (Figure 5.2; Figure 5.5 and Figure 5.6). The results at both 0.05- and 0.25-

degree datasets are similar and, therefore, reflect the methodology rather than the scale at which 

they are published. Although CHIRPS is published daily, regression slopes and rainfall 

anomalies are produced at a pentadal (five-year) resolution (Funk et al., 2015). Within the 

Upper Cauvery Catchment, inter- and intra- annual rainfall and monsoonal conditions vary year 

on year; therefore, a pentadal methodology is unlikely to fully capture the extreme rainfall. 
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Furthermore, the gauge correction is undertaken at a 1.5-degree scale (Funk et al., 2015). Due 

to the high rainfall variability and topography in this mountainous region and a sparse rain 

gauge network (Venkatesh et al., 2021), it is probable that although gauge correction has 

occurred, it is not at a resolution fine enough to be effective. 

Figure 5.7 The mean monthly rainfall from 1985 – 2013 provided by each rainfall dataset (IMD 

grids, CHIRPS 0.25-and 0.05- degree, MSWEP, PERSIANN and the average ensemble) 

compared with the observed values across the elevation of the windward slope (top) and in the 

rain shadow (bottom) across the Upper Cauvery Catchment. 
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MSWEP overestimates the mean rainfall, particularly in the rainshadow (Figure 5.7). In 

agreement with the results reported by Prakash et al. (2019) and Bhattacharyya et al. (2022) 

across the Western Ghats, in the Upper Cauvery Catchment, MSWEP overestimates the rainfall 

in the rain shadow and underestimates the rainfall on the windward slopes compared to the in-

situ gauge data (Figure 5.6; Figure 5.7). Furthermore, similar to Prakash et al. (2019) but in 

contradiction to the results of Liu et al. (2019) in Tibet, MSWEP overestimates the rainfall 

compared with the in-situ gauge data (Figure 5.6). Considering MSWEP is derived from 

multiple satellite sources and published at a 0.1-degree resolution, it is surprising that the 

performance of this dataset was not better in this region. MSWEP is generated through a 

complex multi-step process, and the long-term mean is corrected for orographic influence but 

not gauge under-catch. The underestimation of the rainfall on the windward slope could be 

explained by the lack of consideration for gauge under-catch, specifically in this high altitude 

and intense rainfall region.  However, inverse-distance weighting is utilised via gauges to 

correct the monthly merged dataset. Inverse-distance weighting is not the most suitable 

methodology for gauge correction in this region as the gauging network is sparse (Section 

5.2.2.2.). 

On the leeward slope, PERSIANN demonstrates a decrease in rainfall with altitude 

(Figure 5.7). Similar to the results reported by Prakash et al. (2019), the PERSIANN rainfall 

was underestimated on the windward slopes and overestimated on the leeward slopes compared 

to the IMD grids (Figure 5.6; Figure 5.7). As in Sharannya et al. (2020), the rainfall was 

underestimated in the windward slope compared to the IMD grids. Sharannya et al. (2020) 

estimated a 10% underestimation on the windward slopes throughout the Western Ghats, 

whereas this study has shown an underestimation of between 25% and 50% compared to the 

IMD grids. In agreement with the work of Bhardwaj et al. (2017) in the Himalayas and Faridzad 

et al. (2018) in the high-elevation regions of the United States of America, PERSIANN 

consistently underestimated station rainfall depths within the Upper Cauvery Catchment 

(Figure 5.6). The coarse-scale gauge correction performed in the generation of this dataset may 

not capture the complex topography and subsequent variation in rainfall 

When applied to the Upper Cauvery Catchment, the average ensemble provides a better 

point-to-pixel representation of the rainfall in the high-altitude windward regions but not in the 

rain shadow compared to the IMD grids (Figure 5.6; Figure 5.7). The IMD grids would be 

expected to perform better at the gauging points as they are generated from the IMD in-situ 
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gauged data (Section 5.2.2.2.). However, in high-altitude areas, the IDW technique is known 

not to capture the variation in intense rainfall well (Lynch, 2003; Naoumi & Tsanis, 2004; Mair 

& Fares, 2011; Pingale et al.,2014). In the rain shadow, where the rainfall is less intense and 

variable, the IMD grids represent the rainfall more accurately.  

In the Upper Cauvery Catchment, using CHIRPS 0.25- and 0.05- degree, MSWEP and 

PERSIANN datasets, the average ensemble improved the representation of monthly rainfall 

(Table 5.2; Figure 5.6). The ability of the average ensemble to improve the representation of 

catchment rainfall and simulated streamflow provides a strong case for this technique, 

specifically in high-altitude regions with no or low in-situ rainfall availability. 

It is evident in Figure 5.8 that the largest root mean squared error occurs within the 

monsoon season, June to August, across all the rainfall datasets. PERSIANN has the greatest 

RMSE, followed by CHIRPS, MSWEP, IMD grids, and the ensemble. The monthly bias of the 

IMD data is least throughout the year, whereas MSWEP overestimates whilst CHIRPS and 

PERSIANN underestimates in the dry months of January and February. All the satellite-derived 

datasets overestimate the rainfall during the pre-monsoon season (April and May). During the 

monsoon season (June to September), CHIRPS and MSWEP overestimate the rainfall, while 

IMD and PERSIANN provide a good representation of the volume of rainfall. The ensemble 

provides the most accurate representation of the rainfall depth across the year (Figure 5.8). 

During the dry season, the performance of CHIRPS and MSWEP reduces. IMD has a 

consistently good KGE score across the year. Despite the good bias of the PERSIANN and the 

ensemble estimates, the KGE score between December and March is poor (Figure 5.8) 



197 

 

Figure 5.8 a) Kling-Gupta Efficiency (KGE), b) Bias in percentage and c) Root mean squared error (RMSE) of the rainfall datasets compared with the 

observed monthly rainfall from 1985 until 2013.  
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5.3.2 Performance of Streamflow Simulated Using the Selected Rainfall Datasets 

The GWAVA model was calibrated using the observed streamflow at five gauging points using 

the IMD gridded rainfall. The results of the calibration are provided in Table 5.3. The results 

provided compare the GWAVA streamflow simulations using the IMD rainfall grids compared 

to the observed streamflow. 

The monthly streamflow KGE statistics illustrate that the model was calibrated to an 

acceptable standard (Table 5.3). However, the streamflow is substantially underestimated at the 

Saklesphur, KM Vadi, Kudige and KRS Catchments (Figure 5.9). The sub-catchments with the 

largest rainfall RMSE produce the highest streamflow RMSE except in the case of Kudige. 

Thimmanahali Catchment, where the rainfall depth estimation is the most accurate, produces 

the most accurate simulation of the observed streamflow.  

Table 5.3 The monthly streamflow statistics (KGE, RMSE and bias) of each calibration sub-

catchment in the Upper Cauvery Catchment. 

As shown in Table 5.4, the ensemble produces the most accurate representation of 

streamflow across the Upper Cauvery Catchment, followed by IMD, PERSIANN, CHIRPS 

0.25-degree, MSWEP and then CHIRPS 0.05-degree. At the Saklesphur catchment CHIRPS 

0.25-degree provides the most accurate simulation of streamflow, IMD at Thimmanahali and 

Kudige, MSWEP at KM Vadi and PERSIANN at KRS.  

Sub- catchment Monthly KGE Monthly RMSE Bias (%) 

Saklesphur 0.55 40.7 -46.4 

Thimmanahali 0.84 9.2 1.6 

KMVadi 0.25 19.5 -33.6 

Kudige 0.48 15.8 -32.3 

KRS 0.47 25.6 -54.9 
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The accuracy of the simulated streamflow using the selected rainfall input is highly 

variable (Table 5.4; Figure 5.9) between the different datasets. As for the rainfall (Table 5.2), 

the ensemble provided the best KGE and RMSE scores across the Upper Cauvery Catchment, 

followed by the IMD grids. Regarding streamflow, PERSIANN outperforms CHIRPS and 

MSWEP. PERSIANN provides the lowest bias, followed by CHIRPS 0.25-degree, the 

ensemble, IMD, MSWEP and CHIRPS 0.05-degree (Table 5.4). 

Table 5.4 Average KGE, RMSE and bias of simulated streamflow across the Upper Cauvery 

Catchment generated by the selected datasets 

Metri

c 
IMD CHIRPS 25 CHIRPS 05 MSWEP 

PERSIAN

N 
Ensemble 

KGE 0.46 0.13 -0.37 -0.18 0.23 0.50 

Bias -35.06 26.12 83.21 61.15 5.52 28.21 

RMSE 103.98 123.82 128.06 138.30 131.93 62.37 

In the monsoon season, the simulated streamflow produced using CHIRPS and MSWEP 

rainfall inputs was significantly overestimated compared to the observed streamflow, whereas 

PERSIANN and IMD underestimated the streamflow (Figure 5.10). The ensemble tends to 

overestimate the simulated streamflow during the monsoon season but provides a better 

representation than the individual remotely sensed dataset and the IMD grids. In the dry season, 

all the datasets tend to produce streamflow that underestimate compared to the observed. Of the 

remotely sensed datasets, PERSIANN produces simulated streamflow that best represents the 

observed data at KRS (Figure 5.9; Figure 5.10).  
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Figure 5.9 The monthly a) Kling-Gupta Efficiency (KGE) b) Bias in percentage and c) Root mean squared error (RMSE) of the simulated 

streamflow produced using the selected rainfall datasets (IMD, CHIRPS 0.25- and 0.05- degree, MSWEP, PERSIANN and the ensemble) compared 

with the observed streamflow. 
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The monthly average streamflow at the entrance to KRS is of significance as 

approximately 82% of the total catchment streamflow is recorded at this point. Successfully 

simulating the temporal trend and the volume of streamflow at KRS is critical aspect to 

understanding and accurately representing the water resources of the greater catchment. The 

streamflow during the monsoon season reflects the rainfall performance across June to October, 

with CHIRPS, MSWEP and the ensemble overestimating, and PERSIANN and the IMD grids 

underestimating the volume of both streamflow and rainfall (Figure 5.10). However, the bias in 

streamflow during the monsoon season exceeds the rainfall bias of each rainfall input. The 

overestimation of rainfall likely causes this during the pre-monsoon period, which 

overestimates the filling of engineered water storage structures and groundwater stores. This 

results in an overestimation of the lagged baseflow contribution during the monsoon season, 

further increasing the over estimation of total streamflow during this period.  

During the dry season, the variation in bias and KGE of the rainfall is not reflected in 

the streamflow (Figure 5.10). This could be caused by the high number of engineered water 

storage structures in the catchment and the intensive groundwater pumping that limits baseflow 

into the main channels that tend to nullify any variation of rainfall bias in the dry months 

between the rainfall sources. The significant underestimation of rainfall by PERSIANN from 

December to March will affect the volume of water for groundwater recharge during this period. 

This results in an underestimated peak flow during the monsoon season, despite the 

overestimated rainfall in March to May, as the lagged baseflow component will be significantly 

underestimated.  
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Figure 5.10 The monthly average streamflow in MCM at KRS simulated using the IMD, 

CHIRPS 0.25- and 0.05-- degree, MSWEP, PERSIANN and an ensemble rainfall dataset 

superimposed with the monthly average observed streamflow. 

5.3 Discussion 

The Western Ghats region northwest of the catchment is a known area of uncertainty for 

the IMD rainfall data (Pai et al., 2014). Each 0.25-degree grid cell contains numerous terrain 

and gradient increments, and the grid cells span the catchment boundary. This results in an 

inaccurate representation of the total rainfall and distribution and the distribution of minimum 

and maximum temperature in this region of the catchment (Yeggina et al., 2020). Several 

studies have reported that conventional spatial interpolation techniques, such as the inverse 

distance weighting utilised to derive the IMD grid, do not fully account for both climatological 

and spatial-statistical properties of rainfall fields at high altitudes (Prudhomme & Reed, 1999; 

Guan et al., 2005; Vogel et al., 2015). Despite the well-reported underestimation of rainfall in 

high-altitude regions (Raman et al., 2013; Tawde & Singh, 2015; Bharti et al., 2016; Dahri et 

al., 2016; Bhardwaj et al., 2017; Li et al., 2018; Horan et al., 2021a,b,c), the IMD grids have 

proven to provide one of the most accurate representations of rainfall across the Upper Cauvery 

Catchment (Table 5.2). Along with the findings of this study, where the IMD grids 

outperformed CHIRPS, MSWEP and PERSIANN-CDR, Bhardwaj et al. (2017), Yeggina et al. 
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(2020) and Reddy et al. (2022) found that the IMD grids provided better performance than 

PERSIANN-CDR, TMPA-3B42 and TRMM 3B43 and MERRA within the Western Ghats.  

Rainfall across the study region was found to be highly variable (Figure 5.7; Table 5.5 in 

Appendix E), supporting the findings of Sharannya et al. (2018), Wagener et al. (2015) and 

Varikoden et al. (2019). Despite all the remotely sensed datasets integrating in-situ gauged data 

into their methodologies, there were disparities between the rainfall provided by these remotely 

sensed datasets and the in-situ gauged data provided by the IMD for the Upper Cauvery 

Catchment. In the Upper Cauvery Catchment, all the datasets tend to underestimate the average 

rainfall at higher altitudes and overestimate the rainfall in the rain shadow (Figure 5.7; Figure 

5.8). Previous studies by Prakash et al. (2014) and Shah and Mishra (2016) indicated that the 

CHIRPS datasets underestimate the rainfall on the windward slope compared to the IMD grids. 

This study found that the CHIRPS datasets tend to underestimate the total volume of rainfall in 

the high-altitude regions and on the windward slopes, supporting previous studies. Similar 

results were presented by Saeidizand et al. (2018) in Iran and Divya and Shetty (2020) across 

the Western Ghats. In these studies, and similar to this study, CHIRPS did not accurately 

represent the rainfall in the high-altitude regions and produced an overestimation of rainfall in 

the lower-lying regions of the Zagros (Iran) and Western Ghats mountains. Contrary to the 

conclusions of Huffman et al. (2007), Huffman et al. (2010), Terzago et al. (2018) and Lengfeld 

et al. (2020), the finer scale rainfall datasets, i.e. CHIRPS 0.05-degree and MSWEP did not 

perform better than the coarser scale datasets in this region of complex topography. This might 

be because both datasets are produced at a coarser scale, downscaled through various methods, 

and are gauge-corrected using the same limited number of available rainfall gauges as the 

coarse-scale datasets.  

It was found that the rainfall in the region does not simply increase with altitude as occurs 

in other mountainous regions of the world (Fowler et al., 1988; Al-Ahmadi & Al-Ahmadi, 

2013; Morris et al., 2016) or decrease in the high altitudes as Singh and Mal (2014) reported in 

the Himalayas. In the Upper Cauvery Catchment, there does not seem to be a straightforward 

correlation between altitude and rainfall (Figure 5.7). The orographic effect on the rainfall was 

more evident in the Upper Cauvery Catchment (Figure 5.6; Figure 5.7), with the Western Ghats 

forcing the upward movements of moisture-filled air resulting in increased rainfall on the 

windward slope and less rainfall on the leeward (rains shadow) slope (Arora et al., 2006; Chang 

et al., 2014; Morris et al., 2016). 
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Several methodologies of building an ensemble of remotely sensed datasets were tested. 

All the ensembles tested outperformed the individual rainfall datasets. The ensemble 

representing the average of the remotely sensed datasets was the best-performing ensemble. 

Average ensembles can be effectively utilised to reduce uncertainties (Hughes, 2016). Utilising 

an ensemble allows for the weaknesses in one technique and/or dataset to be shadowed or 

compensated by the strength of others. The average ensemble accounts for the skill of each 

technique, maximises the available input data and provides an estimate of the range of possible 

outcomes. Ensembles can have higher predictive accuracy and successfully represent non-linear 

interactions. An ensemble can reduce the noise, bias and variance of simulations and potentially 

create a more in-depth understanding of the data. However, ensemble modelling results can 

suffer from a lack of interpretability and depend on the ensemble members' prediction accuracy. 

In areas with perhaps more availability of in-situ rainfall data, more complex techniques such 

as machine learning (Zhang et al., 2021), Google Earth Engine (Banerjee et al., 2020) and big 

data merging (Hu et al., 2019) could be utilised to improve the representation of rainfall. In the 

case of the Upper Cauvery Catchment, these techniques would not have been feasible, nor 

would a regional bias correction, due to the sparse and missing in-situ rainfall data. The average 

ensemble of the chosen datasets provided a more accurate representation of the rainfall than the 

IMD gridded and the individually remotely sensed datasets. However, it remains critical to 

ensure that in-situ rainfall gauging networks are maintained and expanded as in-situ data 

sources of high confidence remain important for the continuous development and ground-

truthing of different rainfall datasets.  

In agreement with the findings of Sylla et al. (2013), Beck et al. (2017) and Dembélé et 

al. (2020), it was illustrated that there is no single rainfall dataset which provides the best 

representation of rainfall and streamflow across the five sub-catchments.  Also, the large-scale 

performance for rainfall datasets is not always valid for sub-catchments in the same catchment. 

The average ensemble rainfall dataset also provided the most accurate simulation streamflow 

and, therefore, can be assumed to have accounted for the catchment rainfall most appropriately. 

A significant challenge in large-scale hydrological modelling is quantifying and managing the 

uncertainty in climate forcing and evaluation data (e.g. streamflow). Although the model was 

calibrated to a satisfactory standard using the observed streamflow, at some gauging points in 

the catchment, there is low confidence in the observed streamflow data (Srinivas & Srinivasan, 

2005). Eye-witness accounts and some literature (Srinivasan et al., 2015) report the drying out 
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of streams in the Upper Cauvery Catchment in the dry season, which is not reflected in the 

observed data. Furthermore, the model structure can exaggerate the over-and underestimation 

of streamflow in both dry and wet periods. The model structure allocates water to the 

evaporative component first, and thus, the evaporative processes are favoured in times of water 

stress, and streamflow is favoured in the wet season. This can result in a further underestimation 

of streamflow when the rainfall is underestimated and an overestimation of streamflow when 

the rainfall is overestimated.  

5.4 Conclusion 

CHIRPS 0.25- and 0.05- degree MWSEP and PERSIANN-CDR rainfall data were applied at a 

catchment scale in the Upper Cauvery Catchment for the first time alongside the IMD 0.25-

degree gridded and an ensemble rainfall. The ‘off-the-shelf’ remotely sensed rainfall datasets 

provided a high variation in performance against the in-situ rain gauge data. The IMD grids 

provided the most accurate representation of rainfall of the individual datasets, despite 

underestimating the rainfall depths at high altitudes; however, the ensembles, notably the 

average ensemble, provided the overall best estimates. The following conclusions were drawn 

from this study: 

a) The ensemble rainfall, notably the average ensemble, produced the most accurate 

representation of the rainfall, followed by IMD, CHIRPS 0.05-and 0.25-degree, 

MSWEP and then PERSIANN.  

b) The spatial scale of the rainfall dataset does not necessarily affect the performance in 

the high-altitude regions of the Upper Cauvery Catchment. 

c) The rainfall in the Upper Cauvery Catchment does not have a distinct correlation to the 

altitude but correlates strongly to the aspect of the mountains. 

d) None of the individual remotely sensed datasets tested could be utilised with confidence 

in the Upper Cauvery Catchment. 

e) The average ensemble and IMD rainfall data produced the most accurate simulation of 

the observed streamflow across the sub-catchments of the Upper Cauvery, followed by 

PERSIANN, CHIRPS 0.25-degree, MSWEP and then CHIRPS 0.05-degree.  

f) PERSIANN and the average ensemble provided the most accurate simulation of 

observed streamflow at KRS.  
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This study evaluated the performance of remotely sensed rainfall datasets not applied in the 

Upper Cauvery Catchment previously, proposed an ensemble approach to improve rainfall 

estimations and applied multiple rainfall estimations within the GWAVA water resources 

model.   
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Appendix E 

Table 5.5 Analysis of the available in-situ rainfall data within the Upper Cauvery 

Gauging 

station 

X co-

ord 

Y co-

ord 

Start 

Date 

End 

Date 

Missing 

days 

Total 

Days 

Missing 

% 
Mean 

Standar

d Dev 
Total 

Alur 12.97 75.98 01/1979 12/2013 315 12784 2.00 4.33 12.69 44082.7 

Ammathy 12.23 75.85 01/1979 11/2013 615 12753 5.00 5.84 16.46 60267.0 

Arkalgud 12.77 76.05 01/1979 12/2013 92 12784 1.00 2.38 7.70 25212.9 

Belur 13.17 75.85 01/1979 12/2013 158 12784 1.00 2.36 8.12 24952.7 

Bhagamandala 12.38 75.52 01/1979 12/2013 2103 12784 16.00 15.27 33.89 131053 

Chickmagalur 13.33 75.77 01/1981 12/2009 1826 10592 17.00 2.45 8.10 18361.4 

Dubari 12.37 75.92 01/1979 12/2009 614 11323 5.00 2.73 8.17 24915.0 

Hassan 13 76.1 01/1979 12/2013 370 12784 3.00 2.01 7.84 22621.2 

Holenarsipur 12.78 76.23 01/1979 12/2013 1166 12784 9.00 2.20 7.55 21042.9 

Hunsur 12.3 76.28 /01/1981 12/2013 2203 12022 18.00 2.12 7.90 18547.4 

Krishnarajnagar 12.67 76.48 01/1979 12/2013 731 12784 6.00 2.16 7.77 21320.6 

Mudigere 13.13 75.63 01/1979 12/2013 909 12784 7.00 6.11 17.02 62511.9 

Periyapatna 12.33 76.1 01/1979 12/2013 975 12784 8.00 2.31 7.24 23449.4 

Ponnampet 12.15 75.93 01/1979 12/2013 785 12784 6.00 5.52 16.57 57831.4 

Sakaleshpur 12.95 75.78 01/1989 12/2013 3537 9131 39.00 5.90 15.21 34359.2 

Sanivarsanthe 12.82 75.9 01/1979 12/2013 1281 12753 10.00 4.78 12.90 49779.3 

Somwarpet 12.6 75.85 01/1981 12/2013 6493 12053 54.00 5.69 15.55 25319.6 

Srimangala 12.02 75.98 01/1979 12/2013 827 12753 6.00 6.96 21.41 74981.2 

Suntikoppa 12.45 75.83 01/1979 12/2013 859 12753 7.00 3.96 10.43 41480.8 

Thittimatti 12.22 76 01/1979 12/2013 1678 12753 13.00 4.11 12.26 42207.0 

Virajpet 12.18 75.8 01/1979 12/2013 402 12784 3.00 6.09 16.29 66006.8 
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Table 5.6 Non-exhaustive list of spatial and temporal considerations of available satellite rainfall products  

Dataset Methodology 
Spatial 

coverage 

Temporal 

coverage 

Spatial 

resolution 

Temporal 

resolution 

Application 

in India 

Application 

in WGs 
Reference 

Climate Hazards Group InfraRed Precipitation with 

Station data (CHIRPS) 

Infrared 

Gauge 
50°N - 50°S 1981- NRT 0.25° Daily   Funk et al., 2015 

CHIRPS v2.0 
Infrared 

Gauge 
Global 1981 -NRT 0.05° Daily   Funk et al., 2015 

CICS High-Resolution Optimally Interpolated 

Microwave Precipitation from Satellites 

(CHOMPS) 

Microwave Global 1998-2007 0.25° Daily   Joseph et al., 2009 

CPC MORPHing technique (CMORPH) v1.0 Microwave 60°N - 60°S 1998- NRT 0.25° 3 hour   Joyce et al., 2004 

European Re-analysis (ERA)-Interim Reanalysis Global 1979- 2017 0.75° 3 hour   Dee et al., 2011 

European Re-analysis (ERA) 5 Reanalysis Global 1979-NRT 0.14° Hourly   Haiden et al., 2021 

Global Precipitation Climatology Project (GPCP)- 

1DD v2.1 

Microwave 

Infrared 

Gauge 

Global 1996-2015 1° Daily   Huffman et al., 2009 

Gridded Satellite (GridSat) v1.0 
Microwave 

Infrared 
50°N - 50°S 1983-2016 0.01° 3 hour   Knapp & Wilkins, 2018 
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Table 5.6 Cont… 

 

  

Dataset Methodology 
Spatial 

coverage 

Temporal 

coverage 

Spatial 

resolution 

Temporal 

resolution 

Application 

in India 

Application 

in WGs 
Reference 

Global Satellite Mapping of Precipitation (GSMaP) v6 
Microwave 

Infrared 
60°N - 60°S 2000- NRT 0.01° Hourly   Ushio et al., 2009 

Integrated Multi-satellitE Retrievals for GPM (IMERG) Microwave 60°N - 60°S 2014-NRT 0.1° ½ hour   Huffman et al., 2020 

JRA-55 Reanalysis Global 1959 - NRT 0.56° 3 hour   Kobayashi et al., 2015 

Multi-Source Weighted-Ensemble Precipitation 

(MSWEP) v2.0 

Infrared 

Microwave 

Gauges 

Global 1979- NRT 0.1° 3 hour   Beck et al., 2017 

National Centers for Environmental Prediction- Climate 

Forecast System Reanalysis (NCEP-CFSR) 
Reanalysis Global 1979-2010 0.31° Hourly   Saha et al., 2010 

Precipitation Estimation from Remotely Sensed 

Information Using Artificial Neural Networks 

(PERSIANN) 

Infrared 60°N - 60°S 2000-NRT 0.25° Hourly   Sorooshian et al., 2000 

PERSIANN- Cloud Classification System (CCS) Infrared 60°N - 60°S 2003-NRT 0.04° Hourly   Hong et al., 2004 

PERSIANN- Climate Data Record (CDR) 
Infrared 

Gauge 
60°N - 60°S 1983-2016 0.25° 6 hour   Ashouri et al., 2015 
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Table 5.6 Cont… 

 

Dataset Methodology 
Spatial 

coverage 

Temporal 

coverage 

Spatial 

resolution 

Temporal 

resolution 

Application 

in India 

Application 

in WGs 
Reference 

Precipitation Estimation from Remotely Sensed 

Information Using Artificial Neural Networks 

(PERSIANN) 

Infrared 60°N - 60°S 2000-NRT 0.25° Hourly   Sorooshian et al., 2000 

Global Meteorological Forcing Dataset for land surface 

modelling (PGF) 

Gauge, 

Reanalysis 
Global 1948-2012 0.25° 3 hour   Sheffield et al., 2006 

Rainfall Estimates on a Gridded Network (REGEN) Gauge Global 1950 - 2016 1° Daily   Contractor et al., 2020 

Soil Moisture to Rain -Advanced SCATterometer 

(SM2RAIN- ASCAT) 

Microwave 

Infrared 
Global 2007-2021 0.5° Daily   Ciabatta et al., 2018 

Multi-satellite Precipitation Analysis (TMPA) 3B42RT 

v7 
Microwave 50°N - 50°S 2000-NRT 0.25° 3 hour   Huffman et al., 2007 

Tropical Rainfall Measuring Mission (TRMM)-3B42 v7 
Microwave 

Gauge 
50°N - 50°S 1997- 2019 0.25° 3 hour   Huffman et al., 2010 

WFDEI-CRU Reanalysis Global 1979-2015 0.5° 3 hour   Weedon et al., 2014 
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Table 5.7 The spatial and temporal resolutions, periods and sources of the input data used in the setup of GWAVA in the Cauvery Catchment 

Input Data 
Spatial 

Resolution 

Temporal 

Resolution 

Time 

Period 
Source 

Maximum 

temperature 
0.25 degree Daily 

1951-

2016 
Indian Meteorological Department (Pai et al., 2012) 

Minimum 

Temperature 
0.25 degree Daily 

1951-

2016 
Indian Meteorological Department (Pai et al., 2012) 

Streamflow gauged data 
Catchment 

Daily 
1971-

2014 
India-WRIS 

Dam 

Characteristics 

Catchment 
 2018 India-WRIS 

Dam inflow and outflow 

data 

Catchment 
Monthly 

1974-

2017 
India-WRIS 

Dam storage Catchment Daily 200-2010 India-WRIS 

Water transfers Catchment Annual 2008 Ashoka Trust for Research in Ecology and the Environment 

Tanks Catchment  2019 Waterbodies dataset (ATREE) 

Check Dams Karnataka   
2006-

2012 

Structural Investment Report, Watershed Development 

Department 

Farm Bunds Karnataka  
2006-

2012 

Structural Investment Report, Watershed Development 

Department 

Groundwater 

levels 
District Monthly 

1990-

2017 
Central Ground Water Board, India 

Elevation 0.003 degree  2000 
NASA Shuttle Radar Mission Global 1 arc second V003 (NASA 

Jet Propulsion Laboratory, 2013) 

Geology Asia   United States Geological Survey 

Specific yield India   Central Ground Water Board, India 

Soil type 0.008 degree  
1971-

1981 
Harmonized World Soil Database v1.2 (Fischer et al., 2008) 

Soil properties Global  2010 Table 2- Allen et al. (2010)  
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Input Data 
Spatial 

Resolution 

Temporal 

Resolution 

Time 

Period 
Source 

Land Cover 

Land Use 
0.001 degree  2005 

Decadal land use and land cover across India 2005 (Roy et al., 

2016) 

Crops Taluk*  2000 National Remote Sensing Centre (NRSC) 

Total and Rural 

Population 
Village  2001 

Census of India 2001 

(http://sedac.ciesin.columbia.edu/data/set/india-india-village-

level-geospatial-socio-econ-1991-2001) 

Livestock 0.05 degree  2005 CGIR Livestock of the World v2 (Robinson et al., 2014) 

Conveyance losses Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx 

Return flow Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx) 

Irrigation 

efficiency 
Continental  1986 Irrigation and Drainage Paper (FAO) No 1 

Surface-water fraction Village  2011 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx) 

Industrial 

demand 
Karnataka  

Currently 

unknown 

Industrial Plot Information System- Karnataka Industrial Area 

Development Board 

(https://http://164.100.133.168/kiadbgisportal/) 

Livestock 

demand 
India  2006 CGIR Livestock of the World v2 (Robinson et al., 2014) 

Domestic demand Village  2001 

Household & Irrigation Census 2011- Town and Village 

directory 

(https://censusindia.gov.in/DigitalLibrary/TablesSeries2001.aspx) 
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Table 5.8 Statistical analysis of the distribution of rainfall values produced by each rainfall 

dataset during the whole year as well as the monsoon season.  

Dataset 

Whole year Monsoon Season 

10th 

Percentil

e 

90th 

Percentil

e 

Interquartil

e Range 

10th 

Percentil

e 

90th 

Percentil

e 

Interquartil

e Range 

Gauge 0.0 346.1 146.8 40.0 589.7 230.5 

IMD 0.0 272.1 134 45.5 436.2 167.1 

CHIRPS 

25 
1.1 404.0 185.9 86.8 624.0 256.4 

CHIRPS 

05 
0.0 420.8 196.2 88.1 652.1 265.4 

MSWEP 0.9 409.9 192.2 65.6 627.8 273.5 

PERSIAN

N 
0.5 275.4 180.7 108.6 347.3 117.4 

Average 

Ensemble 
1.0 349.6 184.2 92.3 544.2 215.1 

Median 

Ensemble 
1.6 370.8 193.8 94.8 552.7 194.6 

CHIRPS 

25 

Weighted 

Ensemble 

1.9 370.0 195.9 98.5 534.2 203.5 

CHIRPS 

05 

Weighted 

Ensemble 

1.5 377.9 196.2 94.4 528.8 205.3 

MSWEP 

Weighted 

Ensemble 

1.8 373.8 196.1 104.5 468.5 170.9 
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6.  DISCUSSION, CONCLUSIONS AND RECOMMENDATIONS 

FOR FURTHER RESEARCH 

6.1 Discussion 

The Cauvery Catchment is of significance because of its dynamic economy, growing population 

and apparent shifts in monsoon-driven rainfall and temperature patterns. Additional impetus for 

selecting this catchment is the contested nature of water resources occurring across state borders 

in the transboundary Cauvery Catchment and to provide better evidence to inform sustainable 

and equitable water futures consistent with the ambitions of the UN’s Sustainable Development 

Goals (SDGs), especially Goal 6.1 Water and Sanitation (General Assembly of the United 

Nations, 2015). This thesis aimed to develop an integrated large-scale hydrological model to 

improve water resource assessments in a highly heterogeneous and data-scarce region whilst 

taking into account the major water resource challenges facing the Cauvery Catchment.  

6.1.1 Summary 

6.1.1.1 Chapter 2 

The pilot study utilised the original version of GWAVA (GWAVA 5.0) developed by Meigh et 

al. (1999) (Figure 6.1) and highlighted the strength of large-scale gridded models for modelling 

the extent of large catchments but can also represent the processes of headwater catchments as 

accurately in this region as catchment-scale models. This study has highlighted the importance 

of an accurate spatial representation of rainfall for input into hydrological models, accounting 

for SSRHIs and comprehensive dam and groundwater functionality is paramount to obtaining 

good results in this region. 

6.1.1.2 Chapter 3 

GWAVA 5.0 was updated to allow for the representation of SSRHIs (GWAVA-Int, Figure 6.1). 

The quantity, spatial distribution and dimensions of the check dams, tanks and farm bunds 

across the catchment were determined using financial records and field data. The inclusion of 

SSRHIs in the modelling of the catchment reduced the simulated bias across the catchment; 

however, the simulated streamflow remained underestimated, and the groundwater and dam 

routines required updating (Chapter 3). The effect of the representation of SSRHIs 

corresponded well with existing literature from small-scale studies. However, groundwater 
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levels at the sub-catchment and catchment scale appear to be less impacted than in the cited 

literature or indigenous knowledge surrounding the use of SSRHIs for water security at a local 

scale, suggesting further investigation is required. Stakeholder and expert knowledge were 

incorporated, as well as published information from literature in the conceptualisation of the 

SSRHIs within the model. New and creative approaches had to be utilised where data gaps 

existed to model the effects of SSRHIs at the catchment scale. This study had to rely on a 

pragmatic approach, and consequently, many assumptions were made, and runoff harvesting in 

the region below Mettur Dam was disregarded. However, this study provides a step forward in 

the conceptualisation, quantification, and implication of SSRHIs at the catchment scale. 

6.1.1.3 Chapter 4 

GWAVA 5.0 was updated to better represent groundwater dynamics (GWAVA-GW) and 

regulated dams (GWAVA-Res). These improvements were included along with those of 

GWAVA-Int in GWAVA 5.1 (Figure 6.1). Robust simulations of groundwater availability and 

dam storage and releases are important for water resource management in semi-arid catchments 

where the groundwater is an important water source during the dry season, and the streamflow 

in the main channel of the lower reaches was largely dam-regulated. Key components of 

GWAVA were improved to better represent water management while maintaining low input 

data requirements and model complexity. Using the principles of AMBHAS-1D (Tomer et al., 

2012) and Hanaski (Hanasaki et al., 2006), a more comprehensive groundwater and regulated 

dam routine were added in GWAVA 5.1. Although both these routines significantly improved 

the model performance, the simulated streamflow was underestimated in the upper reaches of 

the catchment (Chapter 4). Although these simplified routines improve the model performance 

throughout the catchment, it is recommended that further investigation is undertaken regarding 

the representation of rainfall in the Western Ghats, and an application in a wider geographic 

area is necessary to ensure the routines’ suitability represents a range of catchment 

characteristics. 
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Figure 6.1 The iterative development of GWAVA from GWAVA 5.0 to GWAVA 5.1 including the development of SSRHI, groundwater and regulated dam processes within the model
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6.1.1.4 Chapter 5 

It was found that the IMD rainfall within the high-altitude regions of the Western Ghats is 

underestimated, resulting in the under-simulation of streamflow in the Upper Cauvery. CHIRPS 

0.25- and 0.05- degree, MSWEP and PERSIANN remotely sensed rainfall datasets were 

applied within this region. None of the individual rainfall datasets provided a more accurate 

representation of the rainfall than the commonly utilised IMD grids. However, using an 

ensemble of remotely sensed rainfall datasets, primarily the average ensemble, improved the 

accuracy of rainfall estimation in the catchment (Chapter 5). The ‘off-the-shelf’ remotely 

sensed rainfall products provided a high variation in performance against the in-situ rain gauge 

data. The IMD grids provided the most accurate representation of rainfall compared to the 

individual remotely sensed rainfall datasets, despite underestimating the rainfall depths at high 

altitudes. In the case of the Upper Cauvery, the average ensemble provided a more accurate 

representation of the rainfall. 

6.1.2 Achievement of the Aims and Objectives 

The overall aim of this study was to develop an integrated large-scale hydrological model to 

improve water resource assessments in a highly heterogeneous and data-scarce region whilst 

taking into account the major water resource challenges facing the Cauvery Catchment. These 

major challenges included the understanding of the hydrology within the Upper Cauvery 

Catchment, the effects of runoff harvesting SSRHIs at the full catchment scale, understanding 

and accounting for hard-rock aquifer groundwater processes, the representation of the impact 

of major dams throughout the full catchment and the estimation of rainfall across the Western 

Ghats within the Upper Cauvery Catchment. With each iteration of the model (GWAVA > 

GWAVA-Int > GWAVA-GW > GWAVA-Res > GWAVA5.1 and GWAVA5.1 + ensemble 

rainfall) the model performance improved. The study's aim was achieved as demonstrated by 

the following discussion of the objectives stated in Section 1.3 of the Introduction. 

Objective a: Determine whether the GWAVA model is suitable for application in the 

Cauvery and highlight current shortfalls in its predictive ability.  In Chapter 2, it was 

concluded that GWAVA was an appropriate model to represent the Cauvery Catchment and 

emphasised the ability to represent the processes of headwater catchments as accurately as more 

complex (VIC) and smaller-scale (SWAT) models. Three aspects of the model were highlighted 



234 

as areas where development was necessary: the representation of SSRHIs, groundwater 

processes and regulated dams. Additionally, there was uncertainty around using the IMD 

gridded rainfall data in the Upper Cauvery region.  

Objective b: Contribute evidence-based findings to the ongoing discussion regarding the 

hydrological effect of small-scale runoff harvesting interventions at a full catchment scale.  

In Chapter 3, it was concluded that conceptualised SSRHIs play an important part in the 

allocation and better representation of simulated surface water within the Catchment. The 

representation of SSRHIs within GWAVA proved successful compared to existing literature 

and indigenous knowledge. For the first time, the effects of millions of SSRHIs on water 

balance were quantified at a full catchment scale. The effect SSRHIs is dependent on the 

hydrogeology of the sub-catchment, as well as the groundwater level. The influence of the 

SSRHIs is greater on the simulated streamflow in the wet years and on estimated evaporation 

in the dry years.  

Objective c: Include new functionality within the GWAVA model to address the major 

water resource challenges with the Cauvery Catchment without increasing model 

complexity. In Chapter 3 and Chapter 4, the incorporation of the representation of SSRHIs 

and the improvement to the groundwater and regulated dam processes within GWAVA to 

improve water management while maintaining the low input data and model complexity 

philosophy was described and demonstrated. The satisfactory performance of GWAVA 5.1 to 

represent streamflow, groundwater levels, and dam fluxes throughout the catchment 

demonstrates the value of the simple, low-input routines incorporated. Therefore the inclusion 

of groundwater processes and regulation dams was justified when modelling catchments with 

natural and anthropogenic characteristics.  

Objective d: Develop a better understanding of the functioning of highly abstracted hard-

rock aquifers and ground- and surface-water interactions on a full catchment scale. In 

Chapter 4, the inclusion of the revised groundwater routine improved the simulation of 

streamflow in the headwater catchments of both the Cauvery and Narmada catchments was 

described and evaluated. The revision of the groundwater routine allows for the traceability of 

recharge, baseflow, groundwater levels, and volume of abstraction from groundwater resources 

with the addition of three input parameters. The model accurately represented the average 

groundwater depth over the simulation period. The inclusion of more comprehensive 
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groundwater processes produced a more accurate hydrograph simulation, especially during the 

dry season.  

Objective e: Represent major dams without the availability of operational data. A 

regulated dam routine was incorporated into GWAVA in Chapter 4. The regulated dam routine 

allows for a release from the major dams throughout the year and the output of dam storage 

capacity throughout the simulation period with the addition of two input parameters. The new 

input parameters are calibratable using observed streamflow data from downstream of the dam. 

The new dam routine improved the simulation of streamflow in catchments downstream of 

major dams in both the Cauvery and Narmada. The regulated dam routine improves the timing 

and volume of releases from major dams.  

Objective f: Ascertain whether an ‘off-the-shelf’ remotely sensed rainfall product would 

be suitable for hydrological modelling within the Upper Cauvery without regional bias 

correction. Chapter 5 concluded that despite all the remotely sensed products integrating in-

situ gauged data into their methodologies, there were disparities between the rainfall provided 

by these remotely sensed products and the in-situ gauged data provided by the IMD. Therefore, 

the ‘off-the-shelf’ data was not suitable to represent the rainfall in the Upper Cauvery. For cases 

where regional bias correction would not be possible, the use of an ensemble was investigated. 

The average ensemble provided the best representation of rainfall within the Upper Cauvery.  

Objective g: Determining whether an ‘off-the-shelf’ remotely sensed product could 

improve the hydrological simulations within a complex topographical region compared to 

the IMD gridded dataset. None of the individual ‘off-the-shelf’ rainfall products could 

improve the hydrological simulations within the Upper Cauvery compared to the IMD gridded 

dataset. However, using the average ensemble provided a better representation of the simulated 

streamflow at KRS. Chapter 5 illustrates that within this complex topographical and monsoonal 

region, the rainfall and subsequent water balance components are challenging to represent and 

require the utilisation of multiple datasets to match the observed values closely. 

6.1.3 Key Conclusions 

• Large-scale gridded models can represent the processes of headwater catchments as 

accurately in complex and data-scarce regions as semi-distributed catchment models. 
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• New and creative approaches enhanced with indigenous knowledge can be utilised to 

bridge the data gaps for catchment scale hydrological modelling. 

• Improvement to groundwater and regulated dam functionality in the GWAVA model 

provides a better representation of the simulated streamflow, baseflow, groundwater 

levels, dam storage and dam capacity while maintaining low input data requirements 

and model complexity. 

• An ensemble of remotely sensed rainfall datasets can provide a better estimate of 

catchment rainfall than individual remotely sensed datasets, and in this instance, also 

the IMD gridded rainfall dataset.  

• It remains critical to ensure that in-situ rainfall gauging networks are maintained an 

expanded to better understand the spatial and temporal nature of rainfall in complex 

topographical regions, improve the accuracy of large-scale gauge-corrected remotely 

sensed data and allow for increased ground-truthing. 

6.2 Contributions to New Knowledge 

The contributions of this research to new knowledge are listed below: 

• A large-scale, data-light water resources model can provide more accurate simulations 

than a small-scale catchment model (SWAT) and a highly complex large-scale land-

surface model (VIC) in a region of complex topography and high heterogeneity. 

(Objective a) 

• A new approach to determine both the quantity and spatial distribution of SSRHIs was 

developed using financial records, stream density and proportions of rain-fed agriculture 

in the absence of specific data (Objective b) 

• For the first time, the effects of millions of SSRHIs on water balance were quantified at 

a full catchment scale. In sub-catchments of the Cauvery, the results correlated well 

with existing small-scale studies despite the data limitations. As not understood before 

from small-scale studies, the effect SSRHIs is dependent on the underlying hydro-

geology and the average annual rainfall (Objective b).  

• The development of the groundwater and regulated dams processes without increasing 

the model’s fundamental complexity and low input data philosophy improved the 

understanding of the simulated surface and groundwater interactions, the groundwater 

fluxes under the significant anthropogenic influence and the impact of dam releases on 

the streamflow in a large, data-scarce catchment. In contrast to the current philosophy 
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that increased complexity and input parameters improve hydrological simulations, this 

study demonstrated that the hydrological simulations could be improved by 

incorporating simplified routines and minimal additional input parameters (Objective c, 

d and e) 

• Application of CHIRPS 0.25- and 0.05- degree, MWSEP and PERSIANN-CDR were 

applied at a catchment scale in the Upper Cauvery for the first time. None of these 

individual ‘off-the-shelf’ products proved suitable to represent the catchment rainfall in 

the Upper Cauvery Catchment (Objective f and Objective g)  

• It was demonstrated that an ensemble of remotely sensed rainfall datasets can provide a 

successful alternative means of estimating catchment rainfall when in-situ rainfall 

gauges are not available for regional bias correction (Objective f) 

• The regional rainfall dataset (IMD grids) produced the most accurate representation of 

observed rainfall when considering the individual datasets. However, an average 

ensemble (of the remotely sensed datasets) was demonstrated to outperform the IMD 

dataset regarding rainfall accuracy. It generated the best-performing streamflow 

simulation across the Upper Cauvery Catchment (Objective g).  

6.3 Lessons Learnt, Limitations and Future Research Recommendations 

Water in India, especially in the Cauvery Catchment, is highly political. Water management 

decisions have the potential to have significant impacts on political power, financial gains and 

legal obligation. As a politicised commodity, data relating to water is rarely freely available, 

key information is often withheld, and stakeholders are hesitant to engage. Throughout this 

study, data availability and access were limiting factors. Data that could be accessed were 

predominantly obtained through Indian project partners or from large global datasets. Very 

rarely were catchment-specific data publically available. For scientific projects about water in 

these regions to be successful, partnerships must be built with trusted regional scientific 

organisations and NGOs. These organisations are critical for access to local knowledge, data 

resources and understanding the political landscape.  

Recommendation 1: Develop and foster effective partnerships and trust for data sharing 

and collaboration.  
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Scientific tools are essential integrated for water resources management and law-

making. Due to the sensitivity of water-related issues in this region, there is a definitive need 

for an integrated tool to be used when undertaking impartial water management decisions. 

Adopting a tool for both near-time and future water management scenarios will strengthen data-

driven decision-making and allow a more resilient water resources landscape to be developed. 

Once the improvements were made to GWAVA and the model was suitably calibrated, 

stakeholder dissemination and training were undertaken. The enthusiasm for utilising the tool 

was variable. The more established practitioners were more resistant to learning and using the 

tool than the students and graduates. This poses a future challenge. Both land use and climate 

change are evident in the catchment. Using a scientific tool to navigate the understanding and 

mitigate the anticipated effects of these changes on both the natural environment and domestic, 

agricultural and industrial use would be beneficial. Therefore, the scientific tool must be utilised 

for water resources management; however, getting the required individuals to buy into a 

universal tool and methodology will be challenging.   

Recommendation 2: Continue to develop, improve and implement scientific tools in highly 

vulnerable and data scarce regions. 

Recommendation 3: Engage, listen and collaborate with key stakeholders and academic 

institutions.  

The Cauvery Catchment has undergone and continues to undergo significant change. 

To represent this catchment as accurately as possible requires a dynamic modelling tool that 

cannot only represent the temporal climate change but additionally account for the rapid land 

use change, increase in water supply demand from all sectors and the consistent change in 

cropping variations within the catchment. A challenge within this study was determining which 

time period best represented the catchment conditions and when the most relevant data were 

available. Although from small field studies and stakeholder knowledge, the catchment had 

undergone the highest degree of change in the last decade, there is a very limited amount of 

hydrological, land use and demand data available for this period. Although GWAVA can run 

dynamically, the lack of accessibility of data from all historical epochs was a limitation to the 

complete understanding of how extensive change within the catchment has affected the water 

resources. With the improved modelling tool available and calibrated, future work could include 

the acquisition of the required historical data to represent the change within the catchment from 
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the onset of extensive development (+- the 1950s, Gupta & Horan, 2022) and the application 

of future climate and socio-economic scenarios such as in Rickards et al. (2020).  

Recommendation 4: Focus and understand the continually changing hydrological 

landscape and consider the assumption of stationarity of climate and land cover/use 

within the current scientific methodologies used in highly anthropogenically influenced 

catchments. 

In data-scarce areas, it is challenging to represent all the relevant processes to a suitable 

accuracy. GWAVA is considered a low-date input model, and there were instances in this study 

when the necessary data was not available or accessible to meet the minimum data 

requirements. In these situations, new and creative approaches have to be utilised where data 

gaps are present. Indigenous knowledge can lay the foundation for further scientific research 

and be used as an informal data verification technique. Although some techniques to extrapolate 

data from small-scale examples or proxy data brings uncertainty, work must be undertaken to 

understand whether the uncertainty of this input data outweighs the benefit of including relevant 

processes.  

Recommendation 5: Innovate to fill data gaps while assessing uncertainty. 

Monsoonal rainfall in high-altitude regions does not necessarily have a straightforward 

correlation to altitude or aspect. The rainfall in these regions is highly complex and requires 

significant future focus. The monsoonal conditions superimposed onto the undulating landscape 

result in a high rainfall variation over a short distance, and this variation does not always 

correlate to traditional rainfall influencing factors. Shortcomings in the IMD gridded rainfall 

were highlighted throughout this study; however, there were not a sufficient number of in-situ 

rain gauges within the Upper Cauvery to solely utilise the gauge data for hydrological 

modelling, nor were there any in-situ gauge observations available for the larger catchment. 

Due to this lack of data, the rainfall study had to be limited to the Upper Cauvery. There is a 

fundamental need for increased monitoring within these regions to better understand the 

hydrological cycle and catchment processes. These regions will remain a challenge when 

developing and publishing remotely sensed or large-scale rainfall datasets, as a specific focus 

will have to be applied to represent the rainfall accurately at any scale.  
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Recommendation 6: Increase the hydrological monitoring within highly heterogeneous 

and socio-economically vulnerable catchments. 

Recommendation 7: The application of GCM derived future climate data could provide 

valuable insight to how the catchment responds to changes in the monsoonal rainfall.  

It is critical to maintain and expand current observation networks. This study has 

highlighted the requirement and importance of observation networks. The challenges with 

observed data (sparse nature of in-situ gauged rainfall, inaccurate groundwater levels and 

uncertainty in streamflow data) and engineered structures and operational data (limited SSRHIs 

and dam operational data) were a limitation to the methodologies, spatial and temporal scales 

and application of this study. The spatial distribution of these networks and the availability of 

data is critical for understanding hydrological processes now and through future change. 

Understanding of these complex environments is gained through observational data. To 

comprehensively understand the functioning of catchments, such as the Cauvery, the currently 

available datasets need to continue to be updated while opportunities for developing new critical 

datasets must be sought. 

Recommendation 8: Maintain and expand current observation networks. 

The chosen remotely sensed rainfall datasets were not appropriate for this area of the 

Western Ghats. Although these datasets were specifically selected because of the incorporation 

of in-situ gauge data within their development, along with other applied datasets (TMPA-3B42, 

TRMM 3B43 and MERRA), in their ‘off-the-shelf’ form, they did not provide an appropriate 

level of accuracy. Additionally, in this study, the remotely sensed rainfall data and generated 

simulated streamflow were aggregated to a monthly timescale. The product development 

methodologies incorporate rain gauge data at a monthly scale before disaggregating to a daily 

or sub-daily scale. It is anticipated that the performance would have been more variable on a 

daily scale. There is a need for the refinement of existing products over areas of complex 

topography and rainfall patterns but also the need to make use of emerging techniques, such as 

machine learning (Zhang et al., 2021), Google Earth Engine (Banerjee et al., 2020) and big data 

merging (Hu et al., 2019), to improve the representation of rainfall. 

Recommendation 9: Refine existing products and methodologies over areas of complex 

topography and rainfall patterns and make use of emerging techniques.  
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The headwater catchments of these large Indian catchments generate a disproportional 

volume of water compared to the proportion of land they cover. Additionally, these catchments 

are subject to the most complex rainfall patterns. Previous studies within the headwater 

catchments of the Cauvery were unsuccessful in representing both the streamflow and 

groundwater. Within these catchments, understanding both the natural hydrological processes 

and the anthropogenic effects was challenging. Despite a high proportion of the catchment area 

being under natural vegetation, large dams, water transfers and SSRHIs within the regions 

provide complexity to the hydrological understanding. Therefore, a starting point in 

understanding the catchment dynamics would be to focus on monitoring these areas. The 

existing rainfall stations, groundwater wells and streamflow gauging sites need to be 

continuously maintained, and this data becomes available to improve scientific understanding 

of these critical catchments. In developing countries, a significant challenge in maintaining 

these observation networks is the financial and personnel overheads.  

Recommendation 10: Improve the understanding and representation of highly 

contributing head water catchments. 

From the limited consideration of evaporation within this study, it can be understood 

that the evaporative component is the most significant ‘loss’ from the water balance in this 

region. In this study, no observed evaporation data were utilised. The Hargreaves equation 

determined the daily evaporation from the IMD 0.5- degree temperature datasets. This provided 

a coarse representation of the daily evaporation that potentially misrepresented a major ‘loss’ 

from the water balance, especially over the highly heterogeneous vegetation in the region. To 

better understand the significance of this component, there is scope to undertake a detailed 

spatial and temporal evaporation study in this region. No known long-term evaporation 

observations are available, and the use of any earth observation techniques has been limited. 

The effect of the choice of evaporation estimation techniques in hydrological modelling and the 

extent to which any technique can be applied in this region is not well understood.  

Recommendation 11: Deployment of evaporation estimation equipment to gain better 

understanding of the evaporative trends of the region and provide valuable ground 

truthing data as the current reliance is on mathematical estimation equations and large-

scale satellite products. 
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Recommendation 12: Further investigation into the most accurate evaporation estimation 

methodologies (both technical and mathematical) could improve water resources 

modelling and reduce uncertainty in the outcomes.  

To accurately represent catchments similar to the Cauvery, the natural and 

anthropogenic hydrological cycles must be considered. Humans have significantly modified 

the natural system; thus, hydrological models must incorporate anthropogenic influences. This 

study demonstrated that in a historically challenging catchment to model, the results improved 

as more anthropogenic influences were incorporated into the model structure. However, the 

data necessary to accurately represent the human impact on a catchment are not freely available. 

Therefore broad assumptions and indigenous knowledge are necessary to supplement the 

available data. Although several modelling tools provide a more detailed natural hydrological 

representation than GWAVA, the application of these will remain limited without considering 

anthropogenic influences. 

Recommendation 13: The anthropogenic hydrological cycles need to be considered in 

water resources assessments of highly influenced catchments as the anthropogenic effects 

on hydrological processes can be more prominent than that of climate and other natural 

phenomena. 

Recommendation 14: The consideration of water quality in anthropogenically influenced 

and degraded catchments would contribute to the scientific body of knowledge.  

Uncertainty should always be considered during hydrological modelling studies; 

however, in cases of substantial upscaling and data scarcity, understanding the level of 

uncertainty is critical when informing management and legal decisions. The most significant 

area of uncertainty in this study is the quality of data and the impact of the assumptions made 

in the absence of appropriate data. Uncertainty in observational data arises from observation 

station mechanical errors, lack of maintenance of existing observation stations, the non-

uniformity of observation networks, and various spatial and temporal interpolation methods. In 

addition to input and observational data uncertainties, this study is subjected to several sources 

of uncertainties, such as the model structure, the representation of hydrological processes, the 

upscaling of processes, the process of quantifying the distribution of the SSRHIs, the 

representation and simplification of the conceptualisation of the SSRHIs, the conversion of 

point data to spatial averages and the simplification of groundwater processes and dam 
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operations. Although this tool has been designed for application in large, data-sparse 

catchments, it has not been tested outside the Cauvery and the Narmada in its current form. 

Additional application and development would be necessary to reduce the level of uncertainty.  

Recommendation 15: Understand, quantify, and reduce uncertainty involved in 

hydrologic modelling in a cohesive, systematic manner to provide more robust modelling 

techniques and improve the confidence in model output. 
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