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Abstract: 8 

River-aquifer exchanges (RAE) are critical for river health but are increasingly threatened by 9 

climate change and groundwater extraction, particularly in alluvial systems like the Varuna River 10 

Basin (VRB). This study quantifies the spatio-temporal dynamics of RAE in the VRB and assesses 11 

the combined impacts of future climate (CMIP6-SSPs) and anthropogenic (groundwater 12 

extraction) stresses. An integrated modeling framework was developed, coupling SWAT and 13 

MODFLOW, and was calibrated using both groundwater heads and Differential Flow Gauging 14 

data to accurately simulate low-RAE system. Twenty future scenarios have been analyzed within 15 

a four-quadrant socio-environmental framework, and its impact on the spatio-temporal dynamic 16 
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of baseflow and river aquifer connectivity (net gaining and loosing river reaches). The results 17 

revealed that groundwater extraction is the most dominant driver of RAE dynamics. Increased 18 

pumping severely degrades river connectivity, while reduced pumping offers a robust mitigation 19 

strategy. The system's response to climate change was found to be complex and heterogeneous, 20 

challenging simplistic assumptions and validating the necessity of integrated modeling. The 21 

findings highlight that direct management of groundwater abstraction is the most effective lever 22 

for building hydrological resilience, as unchecked extraction, even under milder climate scenarios, 23 

will accelerate the river's decline toward losing its dry-season flow. 24 

Keywords: River Aquifer Exchanges, Climate Change, Groundwater Sustainability, Baseflow 25 

Depletion 26 

 27 

 28 

1 INTRODUCTION 29 

Exchanges between rivers and aquifers play a critical role in the sustainability of groundwater-fed 30 

rivers. These interactions are essential for sustaining water availability, as they maintain 31 

groundwater levels and streamflow (Konrad, 2006; Wöhling et al., 2018). This connectivity 32 

ensures a continuous water supply to the river, which is essential for sustaining ecosystems during 33 

dry periods (Ronayne et al., 2017).  The hyporheic zone, where river water and groundwater (GW) 34 

mix, is a crucial ecotone that supports a variety of biological communities and ecological 35 

processes. This zone serves as a refuge for aquatic organisms and plays a significant role in nutrient 36 

cycling and the transformation of organic matter (Brunke and Gonser, 1997; Ellis et al., 2007). 37 

River-aquifer exchanges (RAE) affect the distribution and abundance of aquatic species by 38 

creating habitats with stable temperatures and nutrient availability (Brunke and Gonser, 1997; 39 

Krause et al., 2012). These exchanges facilitate the natural attenuation of contaminants such as 40 
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nitrates through denitrification processes in the hyporheic zone. This is particularly important for 41 

maintaining water quality in the river and the adjacent aquifer (Bartsch et al., 2014; Macdonald et 42 

al., 2018). Given the vital role of RAE in maintaining river sustainability, understanding the 43 

impacts of climate change and groundwater abstractions is essential for developing effective water 44 

management strategies to adapt to future ecological challenges (Carolli et al., 2017; Chunn et al., 45 

2019; Taylor et al., 2013). 46 

The processes of RAE demonstrate significant variability in response to hydrological conditions, 47 

including precipitation events and levels of river discharge (Bartsch et al., 2014; Unland et al., 48 

2015). Shallow aquifer-fed rivers exhibit rapid and seasonally variable responses to hydrological 49 

signals, with attenuation of short-term fluctuations but clear transmission of longer-term trends. 50 

The specific response depends on aquifer-river connectivity, natural groundwater recharge, and 51 

local geology, making these systems sensitive indicators of both climate variability and RAE (Lu 52 

et al., 2021). Given that the natural groundwater recharge is highly dependent on the local climatic 53 

conditions, climate change has a profound impact on RAE, particularly in arid regions with limited 54 

water resources. Higher temperatures generally increase evapotranspiration, leading to reduced 55 

baseflow, while changes in precipitation can either mitigate or amplify these effects, depending on 56 

regional conditions (Hu et al., 2023a; Li et al., 2021; Miller et al., 2021; Xiang et al., 2021). These 57 

effects also vary seasonally and spatially, with some regions experiencing increased streamflow 58 

during wetter months and reduced baseflow during drier periods (Hu et al., 2023a, 2023b).  59 

To sustain the growing population in India, groundwater extraction can significantly impact natural 60 

RAE processes, resulting in diminished connectivity, modification of flow regimes, and potential 61 

degradation of water quality (Ellis et al., 2007; Jasechko et al., 2021). Aggravated by 62 

anthropogenic activities, climate change has an adverse impact on the hydrological regime of a 63 
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river (Ren et al., 2025). The increased intensity due to climate change leads to flooding events in 64 

the rainy season and dry channels in the lean season (Gaur et al., 2023). Increased rainfall intensity 65 

often leads to more surface runoff and less infiltration, reducing groundwater recharge (Jan et al., 66 

2007). In India, the impact of rainfall intensity on groundwater recharge varies by region. In the 67 

northwest and north-central regions, low-intensity rainfall is more beneficial for recharge, whereas 68 

in the Southern part of India, high-intensity rainfall drives natural recharge (Asoka et al., 2018). 69 

The combined effects of reduced recharge and increased groundwater extraction in India have 70 

resulted in a declining groundwater trend, consequently diminishing the baseflow to groundwater-71 

fed rivers (Cooper et al., 1995; Mukherjee et al., 2018). This underscores the need for region-72 

specific insights into baseflow dynamics and rainfall–aquifer exchange (RAE) patterns, 73 

particularly in the face of climate change and increasing groundwater demand. By addressing these 74 

complexities at the basin scale, this research offers a novel and timely contribution to the field. 75 

For climate change impact assessment, the quantification of river–aquifer exchange (RAE) is 76 

generally conducted using analytical and empirical methods based on observed streamflow data, 77 

such as recursive digital filters, the conductivity mass balance approach, and various algorithmic 78 

techniques (Zhang et al., 2013). However, these methods are often limited by data availability and 79 

their low parameterization to represent the RAE processes. With advances in computational 80 

capabilities, transient groundwater models can be highly parameterized to capture complex 81 

hydrogeological conditions and provide detailed insights into baseflow dynamics. For instance, a 82 

fully integrated surface water–groundwater flow model has been shown to reproduce baseflow 83 

behavior that can serve as a benchmark for evaluating automated baseflow separation techniques 84 

(Partington et al., 2012). By employing systematic and explicit parameterization strategies to 85 

capture heterogeneous hydraulic properties, numerical models can better represent reality, leading 86 
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to more reliable and less uncertain outcomes (Cui et al., 2021). Further, due to limited streamflow 87 

data availability, the baseflow separation methods cannot be used in rivers with limited gaging 88 

stations, such as the Varuna River Basin (VRB). To achieve accurate reach-wise estimates of RAE 89 

and hence the baseflow, we advanced the previous methodology of climate change impact 90 

assessment on baseflow of a river by projecting the distributed climate change signals from Global 91 

Circulation Models (GCMs) to groundwater-surface water dynamics. 92 

The RAE flux in alluvial rivers such as VRB is lower compared to the streamflow and not 93 

detectable by seepage meters. This makes it difficult to get accurate estimates of RAE in 94 

heterogeneous aquifer media (Tang et al., 2017, 2015). The well-calibrated GW models are used 95 

by several researchers to simulate the reach scale RAE (Bajpai et al., 2023; Baratelli et al., 2016; 96 

Vergnes and Habets, 2018). However, these models are generally calibrated using groundwater 97 

heads, which makes the estimated RAE uncertain. Differential flow gaging (DFG) data can be a 98 

powerful tool for calibrating groundwater models, especially for quantifying exchanges in rivers 99 

with lower RAE flux. By comparing streamflow gain and losses between different sections, the 100 

fluxes between rivers and aquifers can be directly estimated, providing critical constraints for 101 

model calibration (McCallum et al., 2014; Mccallum et al., 2012; Schilling et al., 2019).  102 

While DFG appears to be a useful tool for calibrating the groundwater models for river–aquifer 103 

exchanges quantification, its reliability decreases in systems with low exchange fluxes. In such 104 

cases, changes in streamflow between gauging stations are often minimal and may be masked by 105 

measurement uncertainties, evaporation losses, or unaccounted tributary inflows and outflows. 106 

This makes it difficult to distinguish actual groundwater interactions from background noise, 107 

leading to high uncertainty in flux estimates (Mccallum et al., 2012), especially in lower 108 

parameterized MODFLOW packages for RAE simulation (e.g. RIV, STR). To solve this, the SFR2 109 
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package (Niswonger & Prudic, 2005) offers detailed parameterization to explicitly account for 110 

evaporation losses, as well as inflows from direct precipitation and surface runoff. Incorporating 111 

SFR2 into the groundwater model can help reduce uncertainties associated with reach-scale 112 

inflows and outflows in river systems (Vasilevskiy et al., 2022), thereby enabling the use of DFG 113 

data for groundwater model calibration. Given the limited literature on calibrating groundwater 114 

models with DFG data, this study presents a novel approach to improve model accuracy in 115 

simulating river-aquifer exchanges (RAE). 116 

In this study, we developed a fully calibrated, highly parameterised groundwater model to quantify 117 

reach-wise river–aquifer exchanges (RAE) under climate change in the Varuna River Basin 118 

(VRB). The model integrates downscaled and bias-corrected outputs from four CMIP6 climate 119 

scenarios (SSP126, SSP245, SSP370, SSP585) with five groundwater extraction scenarios to 120 

assess current and future RAE dynamics under changing climate and anthropogenic stress. 121 

Hydrological fluxes simulated by SWAT were coupled with MODFLOW and calibrated using 122 

observed groundwater heads and DFG data. Different baseflow determination methods were 123 

compared, highlighting the advantage of the integrated modeling approach for rivers with low 124 

baseflow index (BFI). This framework provides a novel and robust means to evaluate spatio-125 

temporal river-aquifer interactions in changing climate and groundwater extraction, bridging a 126 

methodological gap in groundwater-surface water assessment and offering critical insights for 127 

groundwater sustainability in river approaching hydrological disconnection from adjacent alluvial 128 

aquifers in Varuna River Basin (Mishra et al., 2024). The specific objectives are as follows: 129 

i. Integration of climate model outputs, physically based hydrological model and 3D 130 

numerical groundwater model to simulated river aquifer exchanges.  131 
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ii. Parameterization and calibration of heterogeneous aquifer properties and river-bed 132 

hydraulic conductivity using observed heads and DFG data 133 

iii. Simulating spatiotemporal variability of baseflow and river aquifer connectivity for 134 

different climate change and groundwater demand scenarios in VRB. 135 

 136 

2 STUDY AREA 137 

The Varuna River has a total basin area of 3,664.6 km², originating from Dain Tal and joining the 138 

mighty Ganga near the sacred city of Varanasi. The river system, including its tributaries Basuhi 139 

and Morwa, extends over a total length of 550 km (derived using SRTM Digital Elevation Model) 140 

and supports a population of approximately six million people. The region receives an average 141 

annual rainfall of 872.8 mm and average temperature varies between 7 – 47℃, based on data from 142 

2003 to 2023.   143 

The basin is predominantly composed of older alluvium, while areas closer to the Ganga feature 144 

younger alluvial deposits. The loamy soil in the region is highly fertile, with nearly 87% of the 145 

land dedicated to agriculture. The principal rabi crops include wheat and oilseeds, whereas paddy 146 

and pulses dominate the kharif season. Groundwater serves as the primary source of potable water 147 

for domestic consumption, and approximately 87.5% of the region’s irrigation needs are met 148 

through tube wells. 149 
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 150 

Figure 1.Study Area representing groundwater model domain with boundary conditions (DWLR: digital water 151 
level recorder) 152 

 153 

The Varuna River basin is experiencing a marked decline in river flow and a deterioration of water 154 

quality, primarily due to increased groundwater extraction, urbanization, agricultural 155 

intensification, and the direct discharge of untreated sewage and industrial waste. Studies reveal 156 

that the river water is moderately to highly polluted, with elevated levels of biological oxygen 157 

demand (BOD), chemical oxygen demand (COD), nitrates, and other contaminants, largely 158 

attributed to sewage inflow, excessive fertilizer use, and poor waste management practices (Kumar 159 
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and Agrawal, 2025; Singh and Singh, 2010). Groundwater in the basin, while generally suitable 160 

for irrigation, is increasingly threatened by nitrate and fluoride contamination, posing health risks, 161 

especially to children, and reflecting the leaching of agricultural chemicals and inadequate 162 

sanitation infrastructure (Dey et al., 2023; Janardhana Raju et al., 2009). The shrinking and 163 

siltation of natural ponds and tanks have further reduced the basin’s capacity to buffer floods and 164 

support groundwater recharge, exacerbating both water scarcity and quality issues (Kumar et al., 165 

2025; Mishra et al., 2024). Collectively, these factors underscore the urgent need for integrated 166 

water management strategies to restore river flow and improve water quality in the Varuna River 167 

basin. 168 

 169 

3 MATERIAL AND METHODOLOGY 170 

3.1 Differential Flow Gauging (DFG) 171 

Differential flow gauging has been used to calculate the loss or gain of stream flow with the 172 

surrounding GW. The methodology is based on the water balance for the river reach: 173 

 ௜ܳ௡ +  ܳ௧ + ܳ௚ + ܴ + ܳ௥ = ܳ௢௨௧ + ܳௗ + ܶܧ + ݐ∆ܵ∆  

 
(1) 

Where ܳ௜௡ is inflow at the upstream of the reach, ܳ௧ is the inflow from tributaries and point 174 

sources, ܳ௚ is the GW flux to the river reach, R is the direct rainfall on the water surface,  Qr is the 175 

runoff inflow to the stream, ܳ௢௨௧ is the outflow from the river reach at the downstream end, ܳௗ is 176 

the flow out from the reach due to diversions and canal feeder pumps, ET is the evapotranspiration 177 

from the river reach and 
∆ௌ∆௧ is the change in river bank storage with time. All the component of 178 

equation (1) has the unit of discharge (L3T-1).  179 
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In the case of no tributary and point sources in the study reach, the inflow and outflow components 180 

of the water balance are zero. So, the seepage flux at time t between two gauged sections with a 181 

total wetted area Aw is given as- 182 

௧ܧܣܴ   = ܳ௢௨௧,௧ − ௜ܳ௡,௧ − ܴ௧ − ܳ௥,௧ + ܧ ௧ܶܣ௪  (1−ܶܮ)        

 

(2) 

 183 

3.2 Comparison of baseflow determination methodologies 184 

The selection of suitable baseflow determination method for the climate change assessment has 185 

been done based on the agreement with observed baseflow at VDP08 during dry period. The 186 

baseflow has been determined by observing the gain/loss in the eight sections (VDP01 to VDP08 187 

in Figure 1) during dry flow periods with Acoustic Doppler Current Profiler (ADCP) (Sonotek-188 

M9).  189 

Four methodology (three baseflow separation method and MODFLOW-based approach) which is 190 

widely used, has been compared to determine the baseflow time series with observed flow at 191 

VDP08. The key parameters of the baseflow separation methods have been calibrated with the 192 

observed baseflow at VDP08 by DFG. 193 

3.2.1 Eckhardt Filter 194 

The Eckhardt filter (Eckhardt, 2008) is a widely used recursive digital filter for baseflow 195 

separation, relying on two key parameters: the recession constant (α) and the maximum baseflow 196 

index (BFImax). This method effectively distinguishes baseflow from total streamflow by 197 

attenuating high-frequency stormflow signals, producing hydrologically plausible results across 198 

diverse catchments and time steps (Helfer et al., 2024).  199 
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3.2.2 Local Minima Method 200 

The local minima method is a graphical approach that identifies baseflow by connecting the lowest 201 

points (local minima) on a streamflow hydrograph, assuming these points represent periods 202 

dominated by groundwater contributions. This method is straightforward, easy to implement, and 203 

requires minimal data, making it accessible for rapid assessments or in regions with limited 204 

resources (Helfer et al., 2024). 205 

3.2.3 BFI Method 206 

The Baseflow Index (BFI) method quantifies the proportion of baseflow in total streamflow over 207 

a given period, often using digital filters or graphical separation techniques to estimate the 208 

baseflow component. BFI estimates depends heavily on the underlying separation method and 209 

parameterization, which can introduce uncertainty and variability in results, especially in 210 

heterogeneous or data-limited environments (Sun et al., 2021). 211 

 212 

3.2.4 Numerical Model-Based Calculation 213 

Numerical model-based baseflow determination uses finite difference models (such as 214 

MODFLOW) to simulate RAE. This approach allows for detailed, scenario-based analysis and can 215 

incorporate spatial and temporal variability, making it suitable for complex or large-scale studies. 216 

However, these models require extensive data, careful calibration, and validation, and their 217 

complexity can introduce additional sources of error or uncertainty if not properly managed (Xie 218 

et al., 2024; Zhang et al., 2020).  219 

 220 
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3.3 Modelling the hydrology of the area 221 

The simulation of climate change impact on the groundwater system is a double-loop feedback 222 

system, where the attribution signals start from climate parameters and reflect on the surface water 223 

fluxes, moving further to the groundwater. The Soil Water Assessment Tool (SWAT) has been 224 

used to simulate the first cascading effect of climate change on the surface water hydrology in 225 

Varuna River Basin. The following paragraphs briefly summarize the SWAT modelling under a 226 

climate change scenario, and the readers are encouraged to follow the comprehensive methodology 227 

in Kumar et al. (2025). 228 

 229 
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 230 

Figure 2. Overall methodology for surface water and groundwater integration and scenario analysis 231 

 232 

The model domain for the SWAT model has been chosen in such a way that it encapsulates the 233 

groundwater model extent (Figure 1) governed by the two major rivers – Ganga and Gomati.  234 

Various streams of datasets used for the conceptualization of the SWAT model for the study area 235 

are presented in Kumar et al. (2025).  A total of 185 subbasins have been delineated with a total 236 

of 2506 HRUs (Hydrological Response Units). The weather variables (Rainfall and Temperature) 237 

have been taken from daily IMD 2D gridded dataset. The model has been simulated with daily 238 

timestep from year 2020 to year 2024 including 2 years of warmup period. The daily streamflow 239 
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observation at seven gaging stations (five on Ganga, one on Gomati, and one on Varuna River) 240 

has been used for the calibration and validation of the SWAT model. After satisfactory calibration 241 

of the model, the weather variables from the four CMIP6 scenarios have been used for further 242 

simulations to determine the climate change signals to the hydrological fluxes. For simulating the 243 

climate change, the monthly time-steps has been used to avoid a computationally expensive model. 244 

The HRU-scale (Evapotranspiration, Recharge) and the reach-scale hydrological variables (Runoff 245 

coming to the reach, Evaporation from the reach, Rainfall directly falling on the reach and the 246 

inflow-outflow) from the SWAT model, have been used for further conceptualize the groundwater 247 

model in MODFLOW.  248 

 249 

3.4 Integration of SWAT model outputs to MODFLOW-NWT 250 

To model the second feedback loop, the outputs from the hydrological model has been used as 251 

input for the groundwater model. The climate change signals have been transferred to the 252 

groundwater model with MODFLOW-packages (EVT, RCH and RIV) to ensure accurate 253 

simulations. The Varuna River has been modeled with highly parametrized SFR2 Package, taking 254 

outputs from the reach-wise SWAT outputs (‘output.rch’). The Evapotranspiration and Recharge 255 

at the top surface has been taken from the ‘output.hru’, resampled at subbasin scale for easy input 256 

to the MODFLOW’ RCH and EVT packages. The detailed modelling steps have been presented 257 

in Figure 2 and described in the supplementary material. 258 

The GW model has been discretized in 750m uniform square grids, seven layers and 14 days’ time 259 

steps. The forecasting model consists of monthly time steps. The models hydraulic conductivity 260 

(Kh) and specific storage (Ss) have been calibrated to fit the 1101 observed groundwater heads at 261 

multiple time steps using PEST (Doherty, 2015). The Kh and Ss for the seven layers have been 262 
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parameterized by uniformly distributed pilot-points (equally separated by 5 Km). The river bed 263 

hydraulic conductivity has been parameterized based on the sub-basin reaches (total 57 reaches). 264 

After getting the first set of calibrated aquifer Kh and Ss values, the river bed hydraulic 265 

conductivity of 57 reaches in Varuna River has been calibrated to fit the observed gain and loss by 266 

DFG at the eight river sections (Figure 1). This method improved the simulation of river flow and 267 

the contribution of RAE.  The fitted river bed Kh has been used again as fixed parameter to calibrate 268 

the aquifer Kh and Ss. This calibration loop has been performed four times to get the desired fit of 269 

GW head (R2= 0.81) and observed differential flow (R2=0.71). The fitted aquifer properties and 270 

the river bed hydraulic conductivity can be found in the Appendix A and B of the supplementary 271 

material. 272 

 273 

Figure 3. Simulated vs. calibrated scatter plot for A. observed heads and B. observed stream flow. 274 

 275 
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3.5 Model Uncertainty 276 

Uncertainty analysis is critical in groundwater modeling because inherent challenges like spatial 277 

heterogeneity, sparse observational data, and parameter non-uniqueness can lead to overconfident 278 

deterministic predictions that obscure potential risks in water resource management. The PESTPP-279 

IES addresses this by implementing an iterative ensemble smoother to perform computationally 280 

efficient history matching and uncertainty quantification for highly parameterized GW models. To 281 

accomplish this, PESTPP-IES evaluates an ensemble of parameter realizations representing the 282 

prior probability distribution and iteratively updates them to match historical observations, 283 

transforming them into a posterior ensemble that reflects both calibrated parameters and predictive 284 

uncertainty. A primary advantage of this methodology is its computational efficiency: the number 285 

of forward models runs required per iteration depends only on the number of ensemble realizations, 286 

rather than the thousands of parameters comprising each realization. This approach allows 287 

hydrogeologists to rigorously assess probabilistic capture zones, evaluate low-probability risks, 288 

and condition parameters in high-dimensional systems without suffering from computational 289 

burden (Doherty, 2015; White et al., 2020).  290 

After determining the calibrated prior with PEST, the uncertainty of the GW model has been 291 

analyzed using PESTPP-IES. To save the computational time, only three layers (layer 1, 3, 5) has 292 

been parameterized for Kh and two layer (Layer 3, 5) for Ss. The lower limit for Kh for all layers 293 

has been 0.1 m/day and the upper limit were 1000, 2500 and 3500 m/day respectively. The limit 294 

for Ss has been taken as 10-7 to 0.001. A total 450 realization has been explored with 30% subset 295 

for lambda updates. The PESTPP-IES has been run for five iterations. The base realization of the 296 

posterior has been used further as predictor for climate change and anthropogenic stresses impact 297 

on the RAE.   298 
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 299 

3.6 Climate change and anthropogenic stress scenarios 300 

To assess the combined effect of climate change and anthropogenic stress on the groundwater 301 

system, the four SSP and five population growth cases have been considered. The population 302 

growth has been calculated with logistic growth method with base scenario of population 303 

corresponding to the carrying capacity of two billion for whole Indian subcontinent (Daily and 304 

Ehrlich, 2016). The carrying capacity of the study area has been determined based on the ratio of 305 

total population in the Varuna River Basin (~6 million) to the total current population of India. 306 

This comes out to be 1.54 times the current population of the VRB (i.e. ~9.24 million). The average 307 

growth rate of Uttar Pradesh from 2001 to 2011 was 2.02% per year. Based on these data, the 308 

population demand was forecasted, assuming that agricultural activity will require more or less the 309 

same amount of water while domestic demand will increase logistically (Kumar et al., 2025). The 310 

forecasted population demand has been used as the baseline GW extraction for the VRB. Four 311 

other GW demand scenario has been created by increasing/decreasing the demand by 10% and 312 

30% from the baseline. 313 
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 314 

Figure 4. The projected climate variables in VRB (The data has been plotted as annual averages to create smooth 315 
plots. The precipitation data is 5-year average data, and the temperature data are annual minimum or maximum.) 316 
 317 

To assess the impact of climate change, this study utilized climate data from the Coupled Model 318 

Intercomparison Project Phase 6 (CMIP6). Recognizing that raw General Circulation Model 319 

(GCM) outputs have coarse spatial resolutions and inherent biases, a statistical downscaling and 320 

bias-correction procedure was implemented using machine learning algorithms. Specifically, a 321 

Random Forest Regressor (RFR) was used to correct maximum and minimum temperature 322 

variables, while a Long Short-Term Memory (LSTM) model was applied to the more stochastic 323 

precipitation data. These models were trained against high-resolution gridded data from the India 324 

Meteorological Department (IMD) to ensure accuracy. Following an evaluation of 21 GCMs, the 325 

ten best-performing models were selected, and their outputs were averaged to generate a robust 326 

climate dataset for four Shared Socioeconomic Pathway (SSP) scenarios (Figure 4). 327 
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The downscaled and bias-corrected climate variables for each SSP scenario were subsequently 328 

integrated into the calibrated SWAT model. This integration enabled a comprehensive assessment 329 

of the basin's hydrological response to various climate change. For a detailed explanation of the 330 

downscaling, bias-correction, and model integration methodology, readers are encouraged to 331 

follow the procedures outlined in Kumar et al. (2025). 332 

Based on the four climate and five GW extraction scenario, a total 20 GW models have been 333 

prepared satisfying four broad sustainability scenarios (Figure 2). 334 

• Sustainable Resilience 335 

o Low climate pressure and a significant decrease in groundwater extraction (-10% 336 

to -30%). 337 

o In a future with milder climate change, humanity acts wisely. We reduce our 338 

dependency on groundwater, and actively replenish aquifers (managed recharge) to 339 

ensure long-term water security. This is the most desirable and stable outcome. 340 

• Green Growth Overreach (The Unsustainable Boom) 341 

o Low climate pressure but a significant increase in groundwater extraction (+10% 342 

to +30%). 343 

o Society aims for high economic and social development ("Green Growth"), but 344 

fuels this ambition by unsustainably pumping too much groundwater. While the 345 

climate is manageable, this over-extraction puts the system under stress and is not 346 

a viable long-term strategy. It's a case of good intentions leading to resource 347 

depletion. 348 

• Hydro-Stress Collapse 349 
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o High climate pressure and a significant increase in groundwater extraction (+10% 350 

to +30%). 351 

o Faced with severe climate change, society breaks down ("socio-political 352 

fragmentation"). There is no coordinated effort to manage resources, leading to 353 

unchecked exploitation of groundwater as a last resort. This combination of a harsh 354 

climate and resource depletion leads to a societal collapse driven by water stress. 355 

• Fragile Adaptation 356 

o High climate pressure and a decrease in groundwater extraction (-10% to -30%). 357 

o In this scenario, groundwater use is reduced, but not because of good planning. 358 

Instead, the reduction is forced by extreme scarcity, the water is simply running out 359 

due to climate impacts. Society has a poor capacity to adapt, and this is a reactive, 360 

unstable state of survival rather than a planned, resilient future. The adaptation is 361 

"fragile" because it's born out of crisis, not strategy. 362 

 363 

3.7 Baseflow Index and Reach Characteristic 364 

The assessment criteria for all the scenario have been presented with the baseflow index (BFI). 365 

BFI represents the ratio of flow contribution from groundwater to the total stream flow at a section. 366 

The baseflow is the sum of all the reach-scale loss and gain of water, when a river interacts with 367 

adjacent aquifer. The "net baseflow" in this study represents the net RAE, which can be negative, 368 

distinguishing it from traditional hydrograph separation outputs. The baseflow dynamics under 369 

changing climatic and GW extraction scenarios has been determined using the twenty numerical 370 

model simulations as discussed above.  371 
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The spatio-temporal dynamics for the given scenarios have been determined based on the reach-372 

wise statistics of net influx to and outflux from the river to the adjacent aquifer. The statistics on 373 

the length of gaining and loosing stream has also been assessed under the given scenarios. The 374 

trend analysis of each assessment parameter (reach length, influx/outflux) has been performed with 375 

the sen’s slope method. 376 

 377 

3.8 Error metrics 378 

There are two error metrices, that has been used in the research work to assess the model calibration 379 

and comparison of different baseflow determination methods. 380 

 ܴ2 = [ ∑ ௜݋) − ௜)௡௜=1̅݋ ௜݌) − ∑√(௜̅݌ ௜݋) − ௜)2௡௜=1̅݋ √∑ ௜݌) − 2௡௜=1(̅݌ ] (3) 

 381 

= ܧܵܯܴ  √1݊ ௜݋)∑ − ௜)2௡݌
௜=1  (4) 

 382 

Given that ݌௜ is the predicted/simulated value corresponding to the actual/observed value ݋௜ , ̅݋௜ is 383 

the actual/observed mean and ̅݌௜ is the mean of predicted/simulated values. 384 

 385 



22 

 

4 RESULTS AND DISCUSSION 386 

4.1 Parameter and predictive uncertainty of the GW model 387 

4.1.1 Objective function convergence and predictive uncertainty 388 

The minimization of the global objective function (Phi) across the ensemble is detailed in Figure 389 

5.A. The observation weights were in range from 1.54 to 2.68, which was assigned based on the 390 

standard deviation and respective uncertainty due to methodology employed for observation 391 

(manual measurements got higher weight compared to DWLRs). The ensemble mean Phi 392 

decreased from an initial, unconditioned prior value of 110,564 to a final posterior value of 72,614, 393 

showing a total decrease of 34.34%. he standard deviation and the absolute min-max bounds of 394 

the ensemble narrowed considerably by Iteration 5. This progressive constriction indicates that the 395 

parameter realizations were successfully updated to respect historical observations, effectively 396 

minimizing global model misfit while preserving a realistic band of uncertainty. 397 

Figure 5.B highlights a dramatic shift in the global head residuals. The prior residual distribution 398 

was highly dispersed and multimodal, with errors spanning broadly from -10 to +10 meters. Post-399 

assimilation, the posterior residual density collapsed into a tight, near-Gaussian distribution 400 

centered precisely on the zero-error line, indicating the removal of systematic bias and a high 401 

degree of confidence in the calibrated predictions. Figure 5.C reinforces this by plotting the 402 

posterior simulated heads against the observed data. The ensemble means cluster tightly along the 403 

1:1 reference line. 404 
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 405 

Figure 5. A. Objective function (phi) convergence across five iterations; B. Prior and Posterior observation 406 
residual ensemble; C. Posterior simulated head vs observed head 407 

4.1.2 Parameter Conditioning and Non-Uniqueness 408 

While the predictive outputs show high confidence, the posterior parameter distributions 409 

underscore the inherent non-uniqueness of the groundwater system Figure 6. Plot (a) through (e) 410 

contrast the prior and posterior Probability Density Functions (PDFs) for hydraulic conductivity 411 

(Kh) and specific storage (Ss) across Layers 1, 3, and 5. The posterior distributions exhibit refined, 412 

sharpened peaks compared to their broad prior counterparts, demonstrating effective parameter 413 

conditioning. Plot (f) quantifies this parameter-level conditioning via the standard deviation 414 

reduction of the ensemble. The median uncertainty reduction consistently exceeds 70% across 415 

most parameter groups, with Kh in Layer 1 demonstrating the highest median reduction at 85.5%. 416 

Despite substantial statistical reduction, multimodality and spread persist in several posterior PDFs 417 

(e.g., the secondary peaks in Kh for Layers 1 and 5). This indicates that while the ensemble can 418 

accurately replicate historical heads, multiple distinct parameter combinations can yield equivalent 419 

model fits. This residual spread accurately characterizes the remaining parameter uncertainty, 420 

proving that PESTPP-IES maintained appropriate epistemic variance rather than overfitting to a 421 

single deterministic parameter field. 422 
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 423 

 424 

Figure 6. Posterior parameter distribution and total uncertainty reduction. 425 

 426 

4.2 RAE dynamics of Varuna River Basin 427 

4.2.1 Calculation and comparison with baseflow-separation methodology 428 

The contribution from the upstream reaches in Varuna River during the dry period has been 429 

assumed to be minimal (disconnection of stream and the aquifer) and the dry flow at VDP01 (~ 430 

0.1 to 0.3 m3/sec) has been taken as the initial flow in the stream. The assumption is supported by 431 

the distribution of major point sources, located upstream of VDP01 or downstream of VDP08, 432 

with active RAE occurring downstream of VDP01. Consequently, this river segment was chosen 433 
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for analysis. The baseflow at VDP08 was determined by summing the reach-scale losses and gains 434 

between VDP02 and VDP08 (represented by five observed baseflow data as markers in Figure 7). 435 

 436 

Figure 7. Comparison of simulated flow and baseflow determined using various methods (The values are 437 
determined for VDP08) 438 

 439 

The difference between the actual baseflow and the dry flow observed during the field campaigns 440 

can be observed in Figure 7 (represented with markers and blue solid line respectively). As 441 

illustrated, conventional baseflow separation methods (e.g., Eckhardt, BFI-Method) failed to 442 

capture the actual baseflow measured during field campaigns (represented by markers). This 443 

discrepancy is caused by unaccounted sewer discharges, which lead to calibration errors in 444 

baseflow separation methods. Similarly, when calibrated to total streamflow, SWAT compensates 445 

for these unknown point sources by erroneously overestimating the groundwater contribution 446 

(baseflow). To overcome this limitation, we utilized an integrated modeling approach. The robust 447 

surface process parameters from SWAT (surface runoff and evaporation) were integrated into the 448 

SFR2 package, and the baseflow has been simulated with MODFLOW-NWT.  449 
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The integrated model effectively simulates total streamflow (green vs. blue line) and reproduces 450 

baseflow with high accuracy. The base realization (and the posterior ensemble) from MODFLOW 451 

simulation aligns closely with observed data, quantitatively supported by a Root Mean Square 452 

Error (RMSE) of 0.201 m3/day, markedly lower than that obtained using conventional methods. 453 

 454 

4.2.2 Gaining and Losing Reach 455 

The spatio-temporal analysis of the exchange flux in the Varuna River for the current simulation 456 

period (2022-23) indicates that for most of its length, particularly the upstream reach from 0 to 457 

approximately 160 km, the river consistently loses water to the alluvial aquifer. This leakage, 458 

though generally low in intensity, signifies a continuous recharge of groundwater by the river. The 459 

downstream reach, from 160 km to its confluence with the Ganga, is the zone of most intense 460 

hydrogeological interaction. This section is characterized by significant, large-scale water loss 461 

from the river to the aquifer. However, counteracting this dominant trend are highly localized 462 

gaining reaches (positive flux), identifiable as distinct red hotspots. 463 

Superimposed on this spatial pattern is a strong seasonality that dictates the temporal variability 464 

of baseflow generation. These critical gaining reaches (stream leakage >250 m3/day), which 465 

constitute the sole source of the river's baseflow, are spatially insignificant, comprising less than 466 

5% of the river's total length. The activity of these hotspots is also temporally dynamic; their flux 467 

is most pronounced during the dry season and the post-monsoon recession period (approximately 468 

October to May). During this time, as the overall river stage falls, the hydraulic gradient from the 469 

localized, high-potential aquifer allows for a strong and sustained discharge into the channel. 470 

Conversely, during the peak monsoon, high river stage suppresses this influx. This fundamentally 471 

reframes the understanding of baseflow in the Varuna system, indicating that it is not a widespread 472 
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contribution but is instead a highly localized phenomenon, active primarily outside of the main 473 

monsoon period. 474 

 475 

Figure 8. The spatiotemporal dynamics of river aquifer exchanges (stream leakage) in Varuna River (excluding 476 
the Basuhi and Morwa reaches). The +ve stream leakage is associated with loosing river sections and vice versa. 477 

 478 

4.3 Impact on Baseflow: Extraction supersedes the climate change 479 

4.3.1 Baseflow Index under climate change 480 

Figure 8 shows that the Varuna River is predominantly losing, with the net outflow to the aquifer 481 

(sum of all positive reach-scale RAE) exceeding the inflow (sum of all negative reach-scale RAE). 482 

Traditionally, the Baseflow Index (BFI) is defined as the ratio of baseflow to total streamflow, and 483 

thus, it's typically a positive value ranging from 0 to 1. This range of analysis has been constraint 484 

by the methodology applied to determine the baseflow, which was based on hydrograph separation. 485 

The reach-wise quantification of RAE has opened an opportunity to analyse the net baseflow 486 

which can be negative if the river is primarily losing.  487 

Gaining Reaches 
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 488 

Figure 9. The variation of BFI with climate change along the four SSPs. 489 

 490 

The consistently negative BFI values indicate that the Varuna River is projected to largely function 491 

as a losing stream, recharging the underlying aquifer. The fluctuations, where BFI becomes closer 492 

to zero, likely correspond to periods of increased precipitation and groundwater recharge (the 493 

seasonality in the plot), temporarily reducing the rate of water loss from the river to the aquifer, or 494 

even briefly creating a gaining condition (Figure 9). The long-term implication, especially with 495 

increasing temperatures and decreasing recharge (Kumar et al., 2025), is a heightened risk of 496 

streamflow depletion and reduced ecological flows as the river continues to lose water to the 497 

groundwater system.  498 
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 499 

4.3.2 Overall BFI under Groundwater Extraction Scenarios 500 

The BFI for the Varuna River has been analysed from a "Business as Usual" (BAU) scenario, 501 

where groundwater extraction rates remain constant at current levels (2021-2023) throughout the 502 

projection period (2025-2100). This deviation is examined across four Shared Socioeconomic 503 

Pathways (SSPs: SSP126, SSP245, SSP370, SSP585) and four alternative groundwater abstraction 504 

(GWD) scenarios, which represent ±10% and ±30% changes relative to the BAU extraction rate, 505 

calculated using a logistic growth method. The Y-axis quantifies this deviation in cubic meters per 506 

day (m³/day) (Figure 10).  507 

Under scenarios of increased groundwater abstraction, a consistent and significant reduction in 508 

river baseflow relative to the BAU scenario is observed across all SSPs. For the +10% GWD 509 

scenario, baseflow consistently deviates negatively, typically ranging from approximately -0.0005 510 

m³/day to -0.001 m³/day. This depletion is exacerbated in the +30% GWD scenario, where 511 

deviations are markedly more negative, generally falling between -0.0015 m³/day and -0.002 512 

m³/day. These negative deviations are prevalent for the projection period of (2025-2100), 513 

highlighting that increased pumping directly diminishes the groundwater contribution to river 514 

flow. While the overall pattern of depletion is robust across SSPs, there are subtle modulations; 515 

for instance, under the higher emission scenario SSP585, the negative deviations sometimes appear 516 

slightly more pronounced, suggesting a compounding effect where increased climatic stress (e.g., 517 

higher evapotranspiration) potentially exacerbates pumping-induced baseflow reduction. 518 

Conversely, implementing strategies that reduce groundwater abstraction from BAU levels 519 

consistently leads to an increase in river baseflow. In the -10% GWD scenario, baseflow deviations 520 

are positive, generally ranging from approximately +0.0005 m³/day to +0.001 m³/day. This 521 
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positive impact is significantly amplified in the -30% GWD scenario, with baseflow deviations 522 

frequently reaching between +0.004 m³/day and +0.007 m³/day, particularly towards the latter half 523 

of the century. Notably, these positive deviations often exhibit an increasing trend over time, 524 

especially under lower emission SSPs (e.g., SSP126, SSP245), suggesting that a combination of 525 

reduced pumping and projected climatic changes (such as increased precipitation effectiveness) 526 

can lead to a substantial and sustained enhancement of river baseflow.  527 

 528 

Figure 10. The increase/decrease in the BFI with respect to BAU for all SSPs 529 

 530 

4.4 Gaining and Losing Reaches 531 

It is cumbersome to understand the overall impact of climate change on the baseflow, especially 532 

when the value is -ve. To better understand the combined impact of climate and GW stress, we 533 

analysed the response of gaining and loosing reaches separately.  534 



31 

 

4.4.1 Net Influx to the Varuna River 535 

The net inflow to Varuna River has been interpreted with the detailed statistics of River-Aquifer 536 

Exchange (RAE) influx and total gaining reach length from the raster plots (Figure 11) within the 537 

context of four defined future quadrants: "Green Growth Overreach," "Hydro-Stress Collapse," 538 

"Sustainable Resilience," and "Fragile Adaptation" (Figure 2). This quadrant integrates climate 539 

pressure (Low: SSP126/SSP245; High: SSP370/SSP585) and groundwater extraction scenarios 540 

(ranging from -30% to +30% relative to a Business As Usual baseline). This structured approach 541 

allows for a clearer understanding of the combined impact of climatic and anthropogenic pressures 542 

on the Varuna River's hydrological status. 543 

I. Green Growth Overreach: 544 

This quadrant represents futures characterized by low climate pressure (SSP126/SSP245) 545 

but with high development ambition and unsustainable groundwater use (+10% or +30% 546 

GWD). Under these conditions, the raster plots (Figure 11.A, C, E, G) indicate a 547 

significant deterioration of river-aquifer interactions despite relatively benign climate 548 

conditions. Mean RAE influx is projected to decrease substantially from the BAU baseline, 549 

ranging from -0.0005 to -0.001 Mm³/day for +10% GWD and -0.0015 to -0.002 Mm³/day 550 

for +30% GWD compared to the zero-change baseline. Similarly, the mean gaining reach 551 

length shows clear reductions. Crucially, the Sen's Slope analysis reveals consistent 552 

negative trends for both RAE influx (e.g., ~-22.9 m³/day/year under SSP126/+30% GWD 553 

in Figure 11.C and Figure 12) and gaining reach length (e.g., ~-0.08 km/year under 554 

SSP126/+30% GWD in Figure 11.G). This demonstrates that even with mild climate 555 

change, unchecked groundwater exploitation critically undermines river baseflow and 556 

connectivity, leading to a rapid decline in the river's ecological health. 557 
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 558 

II. Hydro-Stress Collapse: 559 

This quadrant depicts a future of high climate pressure (SSP370/SSP585) combined with 560 

continued or increased groundwater exploitation (+10% or +30% GWD), indicative of 561 

socio-political fragmentation and unchecked resource use. Within this scenario, the raster 562 

plots show the most severe and alarming impacts on the Varuna River. Mean RAE influx 563 

(Figure 11.A) consistently falls to its lowest values (approaching 0.003 Mm³/day under 564 

SSP585/+30% GWD), with mean gaining reach lengths (Figure 11.E) similarly at their 565 

shortest (around 16 km under SSP585/+30% GWD). The long-term trends are 566 

overwhelmingly negative but lower than previous scenario and often the most pronounced. 567 

For instance, the Sen's Slope for RAE influx (Figure 11.C) reaches its most negative values 568 

(e.g., -10.07 m³/day/year under SSP585/+30% GWD), indicating a rapid and accelerating 569 

depletion of groundwater contribution to the river. This scenario forecasts a future where 570 

compounded pressures from severe climate change and unsustainable abstraction lead to 571 

extensive hydrological disconnection, severe baseflow depletion, and a collapse in the 572 

river's natural supporting functions. 573 
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(A.) (B.) (C.) (D.)

(E.) (F.) (G.) (H.)  574 

Figure 11. Scenario plots based on the Figure 2; Top row represents the statistics (A. Mean, B. Standard 575 
deviation, C. Sen’s Slope/trend and D.summary box plots) for RAE influx; The bottom row represents the 576 
statistics (E. Mean, F. Standard deviation, G. Sen’s Slope/trend and H.summary box plots) for total gaining reach 577 
length of Varuna River. 578 

 579 

III. Sustainable Resilience: 580 

This quadrant represents a highly desirable future with low climate pressure 581 

(SSP126/SSP245) combined with proactive groundwater management strategies, such as 582 

managed aquifer recharge, reduced dependency, and strong governance (-10% or -30% 583 

GWD). Under these optimal conditions, the raster plots illustrate the most beneficial 584 

outcomes for the Varuna River's hydrological integrity. Mean RAE influx (Figure 11.A) 585 

reaches its highest values (e.g., ~0.0045 Mm³/day under SSP126/-30% GWD), and mean 586 

gaining reach length (Figure 11.E) is at its longest (e.g., ~22 km under SSP126/-30% 587 

GWD). Crucially, this quadrant shows the only consistently positive long-term trends for 588 

both RAE influx (e.g., 5.94 m³/day/year under SSP126/-30% GWD in Figure 11.C) and 589 

gaining reach length (e.g., 0.09 km/year under SSP126/-30% GWD in Figure 11.G). This 590 
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indicates that strategically reducing groundwater abstraction under milder climate change 591 

allows the river-aquifer system to not only maintain but actively improve its connection 592 

and groundwater contribution over time, fostering true hydrological resilience. 593 

 594 

IV. Fragile Adaptation: 595 

This quadrant portrays a future with high climate pressure (SSP370/SSP585) where 596 

groundwater reduction occurs, but is potentially driven by forced scarcity and poor 597 

adaptation capacity (-10% or -30% GWD). While abstraction is reduced, the benefits are 598 

somewhat tempered by the challenging climate context. Mean RAE influx (Figure 11.A) 599 

and mean gaining reach length (Figure 11.E) are generally higher than in the high 600 

abstraction quadrants, benefiting from reduced pumping. For example, under SSP585/-601 

30% GWD, mean RAE influx is around 0.0035 Mm³/day and mean gaining reach length 602 

is around 18 km. However, the long-term trends (Figure 11.C, G) are often neutral or only 603 

slightly positive (e.g., ranging from ~-0.77 to ~2.89 m³/day/year for RAE influx trends, 604 

and around 0.00-0.03 km/year for gaining reach length trends), unlike the strong positive 605 

trends seen in "Sustainable Resilience." This indicates that while reduced groundwater 606 

exploitation helps to mitigate the negative impacts of severe climate change, the high 607 

climatic pressure limits the extent to which the river-aquifer system can recover or 608 

improve. Adaptation in this scenario is fragile, as the system struggles to regain robust 609 

hydrological health despite human efforts. 610 
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 611 

Figure 12. The increase/decrease in the net influx to the Varuna River with respect to BAU for all SSPs 612 

 613 

4.4.1 Outflux from the Varuna River 614 

The outflux from the river is highly dependent on the hydraulic gradient with respect to the 615 

adjacent aquifer. As high-intensity rainfall events become more frequent due to climate change, as 616 

reported in numerous studies worldwide (Gaur et al., 2023; Kumar et al., 2024), the duration of 617 

river flow decreases, leading to reduced seepage into aquifers. The net outflow from Varuna River 618 

has been interpreted simillarily as influx, represented with the scenario plots (Figure 13).  619 

 620 
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(A.) (B.) (C.) (D.)

(E.) (F.) (G.) (H.)  621 

Figure 13. Scenario plots based on the Figure 2; Top row represents the statistics (A. Mean, B. Standard 622 
deviation, C. Sen’s Slope/trend, and D. Summary box plots) for RAE outflux; The bottom row represents the 623 
statistics (E. Mean, F. Standard deviation, G. Sen’s Slope and D. Summary box plot) for total loosing reach 624 
length of Varuna River. 625 

 626 

I.  Green Growth Overreach: 627 

This quadrant, characterized by low climate pressure (SSP126/SSP245) but high 628 

development ambition and unsustainable groundwater use (+10% or +30% GWD), reveals 629 

a significant exacerbation of the Varuna River's losing stream characteristics. Despite 630 

favorable climatic conditions for recharge and river flow, the increased groundwater 631 

extraction drives a stronger hydraulic gradient from the river to the aquifer. Consequently, 632 

Figure 13 shows an increased mean RAE outflux (e.g., up to 0.125 Mm³/day under 633 

SSP126/+30% GWD in Figure 13.A) and an expanded mean losing reach length (e.g., 634 

reaching 405 km under SSP126/+30% GWD in Figure 13.E). The Sen's Slope analysis 635 

reveals accelerating positive trends for both RAE outflux (e.g., 82.77 Mm³/day/year under 636 

SSP126/+30% GWD in Figure 13.C) and losing reach length (e.g., 0.08 km/year under 637 
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SSP126/+30% GWD in Figure 13.G). Furthermore, in Figure 14, +10% GWD and +30% 638 

GWD lines, representing increased abstraction, show slightly positive or near-zero 639 

deviations from the BAU baseline. This indicates the complete disconnection of river from 640 

the aquifer leading a constant seepage from the river bottom with no trends corresponding 641 

to increasing demand.  642 

II. Hydro-Stress Collapse: 643 

This quadrant, depicting high climate pressure (SSP370/SSP585) combined with increased 644 

groundwater exploitation (+10% or +30% GWD), represents the most extreme and 645 

detrimental impacts on the Varuna River's losing stream dynamics. The combined effects 646 

of reduced natural recharge (due to high climate pressure) and amplified hydraulic 647 

gradients from increased pumping led to the most severe river water loss. Figure 13 shows 648 

the highest mean RAE outflux values (e.g., exceeding 0.125 Mm³/day under SSP585/+30% 649 

GWD in Figure 13.A) and the longest mean losing reach lengths (e.g., surpassing 405 km 650 

under SSP585/+30% GWD in Figure 13.E). The long-term trends are overwhelmingly 651 

positive and reach their most alarming rates. For instance, the Sen's Slope for RAE outflux 652 

(Figure 13.C) shows rapidly increasing outflux (e.g., -98.28 Mm³/day/year under 653 

SSP585/+30% GWD), and the trend for losing reach length (Figure 13.G) indicates 654 

significant expansion. In Figure 14, the green and purple lines for SSP370/SSP585 again 655 

show positive or near-zero deviations in total river outflow. This suggests that under severe 656 

climate stress and higher abstraction, the river losses its connection to the aquifer, leading 657 

to steady seepage to the aquifer. 658 

 659 

III. Sustainable Resilience: 660 
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This quadrant, representing low climate pressure (SSP126/SSP245) and proactive 661 

groundwater management (-10% or -30% GWD), yields the most beneficial outcomes for 662 

mitigating the Varuna River's losing stream characteristics. By reducing groundwater 663 

abstraction, the hydraulic gradient from the river to the aquifer is weakened, allowing more 664 

water to remain in the river. Figure 13 shows the lowest mean RAE outflux values (e.g., 665 

0.105 Mm³/day under SSP126/-30% GWD in Figure 13.A) and the shortest mean losing 666 

reach lengths (e.g., 386 km under SSP126/-30% GWD in Figure 13.E). Critically, this 667 

quadrant uniquely exhibits negative long-term trends for both RAE outflux (e.g., -53.36 668 

Mm³/day/year under SSP126/-30% GWD in Figure 13.C) and losing reach length (e.g., -669 

0.09 km/year under SSP126/-30% GWD in Figure 13.G). This demonstrates that 670 

strategically reducing groundwater abstraction (as per logistic growth of demand) under 671 

milder climate change actively reduces the rate of river water loss and effectively shortens 672 

the extent of losing reaches. Confirming this, Figure 14 show significant negative 673 

deviations from the BAU baseline. This indicates a substantial reduction in total river 674 

outflow compared to BAU. This is consistent: by reducing pumping, less water is drawn 675 

from the aquifer, which means the river's ability to discharge (outflow) is reduced because 676 

there is less overall water in the system, or a shift towards more gaining reaches (reducing 677 

net loss to aquifer) means less water is 'leaving' the river system via aquifer loss. This 678 

implies a healthier and more naturally flowing river. 679 

IV. Fragile Adaptation: 680 

This quadrant portrays a future with high climate pressure (SSP370/SSP585) where 681 

groundwater reduction occurs, but its benefits are tempered by the challenging climate 682 

context. Despite reduced abstraction, the high climate pressure still promotes conditions 683 
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conducive to river water loss. Mean RAE outflux (Figure 13.A) and mean losing reach 684 

length (Figure 13.E) are notably higher than in the "Sustainable Resilience" quadrant but 685 

lower than in the high abstraction scenarios. For example, under SSP585/-30% GWD, 686 

mean RAE outflux is around 0.115 Mm³/day and mean losing reach length is around 398 687 

km. While the long-term trends (Figure 13.C, G) for reducing river loss are more favorable 688 

than with increased pumping, they are less pronounced or even become positive compared 689 

to the "Sustainable Resilience" quadrant. Figure 14 show substantial negative deviations 690 

in total river outflow from BAU, consistent with reduced abstraction leading to less river 691 

loss to the aquifer. This signifies that while reducing abstraction helps mitigate the severe 692 

impacts of high climate pressure on losing stream dynamics, the overall effectiveness in 693 

reversing river water loss trends is diminished, resulting in only modest improvements in 694 

reducing river water loss compared to optimal conditions. Adaptation in this scenario is 695 

fragile, as the system struggles against inherent climatic stressors. 696 

 697 

 698 
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 699 

Figure 14. The increase/decrease in the net outflux from the Varuna River with respect to BAU for all SSPs 700 

 701 

Collectively, this analysis establishes groundwater extraction as the most sensitive parameter 702 

influencing both gaining and losing stream dynamics in the Varuna River basin, higher than the 703 

direct effects of varying climate change pathways. As demonstrated across all raster plots (Figure 704 

9.A-G and Figure 11.A-G), changes in GWD (from -30% to +30%) consistently drive profound 705 

and predictable shifts in RAE influx/outflux and gaining/losing reach lengths, with corresponding 706 

effects on net river outflow (Figure 12). Increases in extraction consistently enhance stream 707 

outflux and expand losing reaches (Hydro-Stress Collapse, Green Growth Overreach), driving the 708 

river towards greater hydrological disconnection and water loss. Conversely, reductions in 709 

extraction dramatically reverse these trends, decreasing RAE outflux and contracting losing 710 

reaches while simultaneously boosting RAE influx and expanding gaining reaches (Sustainable 711 



41 

 

Resilience, Fragile Adaptation). These clear responses to GWD adjustments highlight that direct 712 

human intervention via pumping management offers the most immediate and effective lever for 713 

mitigating hydrological degradation in the Varuna River. 714 

Beyond groundwater extraction's primary influence, the river-aquifer system's response to climate 715 

change has shown complexity. While high-emission futures (SSP370/SSP585) generally create 716 

tougher conditions (less groundwater flowing into the river, more flowing out), the exact impact 717 

varies. For example, even under high climate stress, reducing groundwater pumping still helps 718 

lessen river water loss, though not as much as under milder climate. This non-uniform response 719 

highlights the intricate balance of changing precipitation, evapotranspiration, and river-aquifer 720 

interaction. Such complexity underscores why detailed GCM-integrated models, like integrated 721 

SWAT-MODFLOW setup, are essential. Simply assuming rising temperatures mean universally 722 

"bad" outcomes for groundwater risks missing how the system actually behaves, including any 723 

balancing effects or unique regional factors. Robust modeling, therefore, is crucial for 724 

understanding these varied responses and developing effective, targeted adaptation plans. 725 

4.5 Limitation and future work 726 

The presented methodological framework has it caveats, arising due to the model limitations and 727 

data scarcity. Due to absence of extensive historical dataset in the area, the numerical model runs 728 

only for two year only (2022-2023) with warmup of five months in year 2021, and used for 729 

forecasting up to 2100 with climate data. Although we have extensively applied a multistage 730 

calibration and uncertainty analysis, the lack of data still introduces unknown uncertainty, 731 

especially for long-term variability. Secondly, the ensemble has been used to represent the model 732 

uncertainty only and has not been used for climate change forecasting due to computational 733 
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limitations. In the future, the model will be revised upon collecting extensive data in Varuna River 734 

basin for effective decision making. 735 

 736 

5 CONCLUSION 737 

The study establishes the benefit of using groundwater model to determine baseflow compared to   738 

the widely used baseflow separation methodologies. Further, an integrated modeling framework 739 

has been formulated to assess the combined impacts of climate change and groundwater extraction 740 

on the Varuna River's river-aquifer exchanges (RAE). Future climate projections from CMIP6 741 

Global Climate Models, delineated into low (SSP126/245) and high (SSP370/585) climate 742 

pressure scenarios, served as inputs to a coupled SWAT-MODFLOW hydrological model. Four 743 

groundwater abstraction scenarios, representing ±10% and ±30% changes from a Business As 744 

Usual baseline (constant extraction rate as per historical demand), were then simulated. Key 745 

hydrological indicators, including river-aquifer exchange influx/outflux, and the length of 746 

gaining/losing stream reaches, were statistically analyzed to quantify mean changes, variability, 747 

and long-term trends across these combined future scenarios. The major conclusions drawn are as 748 

follows: 749 

• Small gaining reaches in Varuna River: The river shows a dynamic interaction with the 750 

groundwater system and has been found in majorly losing state in the monsoon season and 751 

gaining in dry periods (pre-monsoon). The net contribution of RAE to the stream flow 752 

varies from ~2% to ~12%, depending upon wet and dry seasons, respectively and the length 753 

if gaining reaches comprise of less than 5% of total river length. 754 
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• Groundwater Extraction Dominance: Groundwater abstraction proved to be the most 755 

critical anthropogenic parameter, exerting a more significant and predictable influence on 756 

both gaining and losing river reaches and overall river-aquifer exchange than the specific 757 

climate change pathways. 758 

• Mitigation through Reduced Pumping: Reducing groundwater abstraction consistently 759 

enhanced RAE influx, expanded gaining reaches, and decreased RAE outflux and losing 760 

reach lengths, offering a robust strategy for improving river hydrological health. 761 

• Exacerbation by Increased Pumping: Conversely, increased groundwater abstraction 762 

consistently led to severe degradation, characterized by reduced RAE influx, expanded 763 

losing reaches, and an accelerating loss of river water to the aquifer. 764 

• Complex Climate Response: The river-aquifer system's response to climate change is 765 

complex and heterogeneous. Detailed modeling is crucial for understanding these nuanced 766 

interactions and avoiding oversimplified assumptions. 767 

• Scenario-Specific Outcomes: The Sustainable Resilience quadrant (low climate pressure, 768 

reduced abstraction) showed optimal outcomes, while Hydro-Stress Collapse (high climate 769 

pressure, increased abstraction) consistently represented the worst-case scenario for river 770 

health and connectivity. 771 

It can be safely concluded that the Varuna River is on the verge of losing its dry flow due to 772 

climate change and increasing groundwater demand. Given that this study quantitatively 773 

demonstrates that reduced groundwater abstraction is the most effective strategy for enhancing 774 

baseflow and river connectivity, the implementation of Managed Aquifer Recharge (MAR) 775 

structures is strongly recommended as a primary mechanism to achieve these reductions and 776 

ensure the long-term sustainability of the Varuna River. This requires decision-making 777 
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frameworks for the MAR in Gangetic alluvium (such as Varuna River basin), with the specific 778 

focus on groundwater storage enhancement as well as stream health management. 779 
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