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Abstract
Water is one of the most important ecosystem services because it is essential for food and energy
production. The Tungabhadra basin, located in peninsular India, has a variety of challenges,
including inter-basin water-sharing issues, low agricultural productivity and value, and rising need
for renewable energy production. The Integrated Valuation of Ecosystem Services and Tradeoffs
(InVEST) water yield model is used to analyze the consequences of climate change on water
related services such as water yield and hydropower generation in the densely populated
Tungabhadra basin. The impact of climate change on water supply services is studied for the period
1971-2000 as well as the future period 2021-2040. The model is calibrated using streamflow data
collected at the Bawapuram gauge station in Telangana and there is a strong correlation between
observed and simulated flow. The water yield for the entire basin declined by 33 and 50 percent
under the Representative Concentration Pathways (RCP) 4.5 and 8.5 scenarios, respectively. The
RCP 4.5 scenario reduces hydropower production and its Net Present Value (NPV) by 41 to 59
percent, whereas the RCP 8.5 scenario reduces production and NPV by 56 to 67 percent. The
assessment of ecosystem services at the catchment scale revealed that the basin could be vulnerable
to climate change due to a dramatic drop in ecosystem services. The methodology developed in

this study can be applied to other river basins where quantifying ecosystem services is critical.
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1. INTRODUCTION

Climate change is the most important, and undoubtedly the most complicated, vulnerable, and
worldwide environmental concern to date, and it has a direct impact on water availability and related
services (Kandlikar and Sagar 1999). Climate change and its variability will have a major impact
on the region's water resources (Dibike and Coulibaly 2005). Climate change study is required to
determine its effects on many aspects of water resource availability (Jayanthi and Keesara 2019).
Climate change has a negative impact on water-related ecosystem services in most countries.
(Bangash et al. 2013). In India, rainfall is distributed unevenly, with the northeastern region
receiving the most (Goyal and Surampalli 2018). Chaturvedi et al. (2012) analyzed data on multi-
model with multi-scenario precipitation and temperature projections in India and determined that
India’'s temperature anomaly will range from 1.7 °C to 2.0 °C by 2030s, with a mean precipitation

change of 1.2 % to 2.4 %.

The complex cycle of water, food, and energy is referred to as the water-food-energy nexus (Endo
et al. 2017; Smajgl et al. 2016). The population is rapidly growing, necessitating increases in food
production, water needs for agriculture, and energy generation (Karabulut et al. 2016). Water is
required for food production, while energy is required for food processing and preservation (Allan
et al. 2015). Water is required to generate energy, and energy is utilized to pump water (Li et al.
2021). Because of these food-energy-water systems interdependencies, understanding the nexus is
critical for sustainable development (Naderi et al. 2021). The ecosystem is central because it
involves food, water and energy production (Bennett et al. 2021). The sources and sinks of fluxes
are constantly modulated through streamflow, soil moisture, evapotranspiration, and aquifers, and
several studies have investigated these partitioning of land surface fluxes (Sridhar and Wedin, 2009;
Sridhar et al., 2018), but direct linking of hydrological processes with ecosystems is largely limited.
While hydrologic extremes such as drought, landslides and anthropogenic-induced land use change,
degrade ecosystems, there is renewed interest to evaluate the ecosystem services when the
functioning of these ecosystems is hampered (Sehgal and Sridhar, 2019; Kang and Sridhar, 2019;

Sridhar et al., 2019; Sujatha and Sridhar, 2018; Seong et al., 2018). Ecosystem services are called



the benefits human beings gain from the ecosystem (Duku et al. 2015; Francesconi et al. 2016;
Nelson and Daily 2010). Four different types of ecosystem services are provisional, regulatory,
cultural and supportive services (Fisher et al. 2009; Wagstaff and Wortman 1999; Wallace 2007).
Provisioning services are the direct needs of an ecosystem (e.g., food, water, timber, and fiber),
regulating services are from ecosystem process regulation (e.g., water, climate, disease, and pest
regulation) (Klein et al. 2007), cultural services are other than material benefits people obtain from
an ecosystem (e.g., aesthetic values, recreation, ecotourism, and cultural diversity) and supporting
services are those services which make the ecosystem to continue to provide services (soil
formation, pollination, etc.) (Adhikari and Hartemink 2016; Fisher and Kerry Turner 2008). The
effort to manage these ecosystem services has increased because of its recognized social value
(Yang et al. 2019). Water-related ecosystems (rivers, lakes, groundwater) support critical ecosystem
services for human and animal life such as water yield, fish production, recreation, and hydropower
power generation (Grizzetti et al. 2016). Bangash et al. (2013) studied the climate change impact
on ecosystem services in the Mediterranean River basin, and found the basin highly susceptible to
climate change. Karabulut et al. (2016) developed an integrated framework for the evaluation of the
Danube Basin provisional water services. Sahle et al. (2019) quantified and mapped water
provisional and soil regulating services in the Omo-Gibe basin.

In future, the climate change scenarios for the Krishna basin are predicted to suffer from severe
drought (Goasin et al. 2018). Increased greenhouse gas emissions have an impact on hydrological
events in the Krishna basin by raising global temperatures, modifying rainfall patterns,
evapotranspiration, soil moisture, streamflow, and the severity of floods and droughts (Tirupathi et
al. 2020). Because climate change impacts are region-specific, dry and semi-arid regions are more
vulnerable (Al-Hasan and Mattar 2014). Rainfall and temperature patterns are predicted to be
drastically altered as a result of climate change, affecting the availability of water for food and
energy production in the Tungabhadra basin, a tributary of the Krishna River (ACIWRM and WRD
2012). In the Tungabhadra sub-basin, a trend analysis based on Sen's estimator for annual and
monsoon rainfall revealed a negative and declining trend (Harshavardhan et al. 2020). The need for

energy in developing countries can be met by increasing hydropower production and development



(Fuetal. 2014). In India, agriculture/irrigation accounts for roughly 80% of total water consumption
and 30% of total electricity consumption (Malik 2002). Changes in stream flow and variations in
energy prices have a negative influence on hydropower plant revenue (Green et al. 2015). Because
this basin has water-sharing concerns and relies heavily on agriculture, mapping water-related
ecosystem services is critical. Therefore, the mapping and analysis of provisional water services
like water yield and hydropower production in the Tungabhadra Basin is assessed in this study.

There are different models for assessing the ecosystem services such as ARIES (ARtificial
Intelligence for Ecosystem Services), INVEST (Integrated Valuation of Ecosystem Services and
Tradeoffs), and RIOS (Resource Investment Optimization System) (Dennedy-Frank et al. 2016;
Luke and Hack 2018) . In this study, we have chosen a spatially explicit IN'VEST model. Spatially
explicit models combine a spatial landscape map that describes the spatial distribution of features
(Cangiang et al. 2012; Dunning et al. 1995). The InVEST model is a special tool for ecosystem
services that is extensively utilized around the world and requires less data (Butsic et al. 2017; Cong
et al. 2020). This model is gaining interest in the ecosystem services community (Hamel and Guswa
2015). The InVEST can be used directly for modeling different ecosystem services as opposed to
traditional hydrological models such as SWAT (Benra et al. 2021; Like and Hack 2018). INVEST
water yield model does not require a high level of expertise or extensive data analysis. The model
runs on a gridded map at an annual average time step and it is a popular model of assessing
ecosystem services (Wu et al. 2021; Yang et al. 2019). It is also able to simulate watershed responses
satisfactorily (Goyal and Khan 2017). INVEST can provide scenario evaluations which are essential
for policy-making and decision-making (Babbar et al. 2021; Redhead et al. 2016). The model
quantifies the change in services from baseline conditions and various scenarios of land use and
management. It is used to map and value the goods and services from the natural world that sustain
and fulfill human life. It has different types of models such as crop production, sediment retention,
and water yield, etc (Kadaverugu et al. 2021; Redhead et al. 2016). Terrado et al. (2014) used the
INVEST model for assessing the impact of climate extremes on hydrological ecosystem services
such as water provisioning, water purification, and erosion control in a Mediterranean basin.

Marqueés et al. (2013) applied this model to the Francoli river basin, Spain for finding the climate



change impact on water-related services and concluded that the basin will highly experience
desertification. Hamel and Guswa (2015) analyzed the uncertainty of the water yield model in Cape
Fear catchment, North Carolina, and found that the Z parameter is more sensitive as compared to
Ke.

The objectives of this study are (1) to evaluate the sensitivity and applicability of INVEST
model for water yield for the 1971-2000 period in the Tungabhadra river basin, India (2) to
predict the water yield for future periods in a changing climate (2021-2040) and (3) to
calculate the change in the hydropower production and its net present calue (NPV) at
Muniarabad and Bhadra dams. This work quantifies the change in the benefits of ecosystem
services within future scenarios of climate change. The study is spatially explicit i.e. water
yield, hydropower production, and valuation changes are calculated spatially over a period of

time.

2. MATERIALS AND METHODS

2.1 Methodology

The flowchart illustrating the methodology of the study is shown in Figure 1. The first step in this
study is the preparation of datasets such as precipitation, reference evapotranspiration, root
restricting layer depth, plant available water content (PAWC), land use/land cover (LULC) with
biophysical table and watershed maps. This data is then integrated into the INVEST model to get
the water yield in volumetric units. Sensitivity analysis and parameter calibration exercises are
performed to select optimum values of the parameters such as Zhang coefficient (Z) and
evapotranspiration coefficient (K¢) so as to improve the simulation of yield when valiating with the
observed streamflow. The consumptive use such as municipal and industrial water use is subtracted
from the water yield, which results in the water that is entering the dam, called realized water. The
yield for future scenarios is estimated using the NorESM climate data, which is used after bias
correction. The hydropower production and its NPV at each dam are calculated using the realized
water . Similarly, all steps are performed for future scenarios to calculate changes in the yield and
hydropower production. Finally, the yield and hydropower production are calculated as percentage

change.



2.2 Study area

The Tungabhadra River originates in Karnataka and enters the Krishna River in Bavapuram in
Telangana. The location map of the study area is shown in Figure 2. It lies between latitudes
13°8'06" and 16°13'35" N and longitudes 74°46'52" and 78° 01'29" E. It covers an area of 65,284
km? and the mean elevation of the basin is 978.5m. It has 3 major dams, namely Tungabhadra dam
at Munirabad, Bhadra dam at Bhadravathi, and Vani Vilasa dam at Hiriyur. Among the three,
Tungabhadra dam and Bhadra dam are used for hydropower production with a capacity of 39.20
MWH and 28 MWH, respectively. The Tungabhadra River is one of the main rivers that flows from
southwest to northeast. The river basin has an annual mean precipitation of 1100 mm and the
northwest part of the basin receives higher monsoon rainfall (Bisht et al. 2017). The average annual
runoff in the basin is 200 thousand million cubic feet (TMC) and the net availability of groundwater

is 189 TMC. Major crops grown in the basin are maize, paddy, pulses, and cotton.

The basin's net sown area is roughly 38,800 sq km, with only 11,626 sq km irrigated, accounting
for 30% of the total sown area. This basin is chosen as the study location because of its enormous
importance in Karnataka, which accounts for 37% of the state's total food production. Contaminated
and depleted groundwater, sedimentation in reservoirs, head reach, and tail-ender problems all exist
in the basin.

2.3 Data Requirement and Preparation

The InVEST model requires average annual precipitation, average annual reference
evapotranspiration, LULC with biophysical table, root restricting layer depth, plant available
water content, watershed, and sub-watershed maps, and data related to consumptive use and
hydropower plant to calculate water yield and hydropower production. Because the model
inputs should be in a projected coordinate system, the datasets are projected to WGS84 UTM Zone
43N, and the data is resampled to 100m spatial resolution using the nearest neighbor approach.

Table 1 lists the data sources, resolution, software, and model used to create the datasets.
2.3.1 Meteorological Data

To calibrate the model, data from at least 10 years must be used to represent climatic change (Hamel

and Guswa 2015). For the calibration and validation period, average yearly precipitation is



estimated using grid points from the Indian Meteorological Department (IMD) with a spatial
resolution of 0.25 degrees (Pai et al. 2014)

(https://www.imdpune.gov.in/Clim Pred LRF New/GridedData Download.html). From rainfall

data, 90% of rainfall is observed between June and October. Using the Thiessen polygon
interpolation method, a raster dataset of average yearly precipitation was generated. Rainfall in the
basin is varying spatially in the range of 378.91 mm to 3889.42 mm. The southwest monsoon passes
across the western ghats, resulting in the maximum rainfall in the basin. The central part of the
basin, which lies in the rain shadow, receives the least rainfall. The average annual rainfall variation
in the basin is shown in Figure3(a). The graph in Figure 4(a) shows the rainfall variation over the
calibration period. The graph shows that the year 1975 had the most precipitation and 1976 had the
least.

Maximum and minimum temperature data with 1 degree spatial resolution, acquired from IMD grid
points, are used to calculate average yearly evapotranspiration (Bhaskar Rao et al. 2009). Figures

4(c) and 4(d) demonstrate the variance in maximum and minimum temperature across the

calibration period. The average maximum temperature is 31.19 “C, which occurred in 1997, while
the average minimum temperature is 19.50 'C, which occurred in 1976. The Hargreaves method is
used for calculating ETo which is given below (Hargreaves and Samani 1985):

ETy = 0.0023x Ra x [F2eTmin) 4 17.8] x (T, 0y — Tyin)* )

where Tmax and Tmin are maximum and minimum temperature in °C and Ra is terrestrial radiation

defined as:

__ 24x60
T oor

Ra

x Gsed,[wgsin(@)sin(8)+cos(g)cos(d)sin(wy)] @)

where Gsc is the Solar constant (0.0820 MJ m 2 min), dr is inverse of earth-sun distance, w; is the
hour angle of sunset, @ is latitude, and & is solar decimation. The gridded map of ETp is prepared
using the IDW interpolation method. Figure 3(b) depicts the regional variance of ETo, which ranges
between 1588 and 1850 mm. The variation in ETo over the calibration period is shown in Figure

4(b) which shows that ETo is maximum in the year 1992 and minimum in 1978. Because of the
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higher elevation in the southwest, evapotranspiration is lower (as elevation increases solar radiation

and vapor pressure decreases).

2.3.2 Soil Data

Root restricting layer depth is shown in Figure 3(c) which is the soil depth at which the root growth
becomes difficult. This layer is generated using the global data of the root restricting layer data
prepared by Yang et al. (2006). The root restricting layer depth varying from 132 mm to 1788 mm
in the basin. Plant available water content (PAWC) is the maximum amount of water that a plant
can use for its growth, which can be calculated as the difference between field capacity and
permanent wilting point of soil. It is prepared using Food and Agriculture Organization (FAQ) soils
data (Freddy et al. 2009)

(https://data.apps.fao.org/map/catalog/srv/eng/catalog.search?id=14116#/home) and the Soil-Plant-

Atmosphere-Water (SPAW) tool, which calculates PAWC in fractions of soil depth (Saxton and
Rawls 2006)

(https://www.ars.usda.gov/research/software/download/?softwareid=492&modecode=80-42-

0510). PAWC values are varying from 0 to 0.149 as shown in Figure 3(d). SPAW calculates the
available water in inch/ft based on the soil texture data (percentage of clay, sand, silt, and organic
content fraction) and .
2.3.3 Watershed and Streamflow data
The watershed and sub-watershed maps were created using a CARTOSAT Digital Elevation
Model (DEM) with a spatial resolution of 30 meters

(https://bhuvanapp3.nrsc.gov.in/data/download/index.php). The basin's elevation ranges from 199

meters to 1758 meters, with the southernmost section having the highest elevation.The watershed
boundary of the basin with streams is shown in Figure 3(e).

The Central Water Commission (CWC) provides streamflow data, and a gauge station is located
at the outlet point of the watershed at Bawapuram, Telangana. Figure 4(e) depicts the variance in
streamflow over the calibration period in Thousand Million Cubic Feet (TMC) units. The annual
mean streamflow in the basin is 194 TMC. The graph shows that the maximum streamflow is 529

TMC which occurred in the year 1975 and the minimum is 35 TMC in 1976. As seen in Figure
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4(a), a significant decline in streamflow in consecutive years is related to a severe reduction in
rainfall. Figure 4(c) also shows that the maximum temperature increased from 1975 to 1976, which
is one of the reasons for the decrease in streamflow; also, the streamflow is lower when ETo is
higher.
2.3.4 Land Use / Land Cover (LULC) and Biophysical table
The LULC maps presented in Figure (f) are decadal LULC maps produced from NASA Earth data
by Roy et al. (2016). The data is classified based on the IGBP Classification schema, which consists
of 12 classes with a spatial resolution of 100m

(https://daac.ornl.gov/VEGETATION/guides/Decadal LULC India.html). Agriculture occupies

the majority of the land (70 percent), with major crops such as rice and maize. Forests, built-up
land, and water bodies, etc. are examples of other land uses. The biophysical table is a Comma
seperated file that contains the information about the LULC map. The column names of the file
contain lucode, LULC_desc, LULC_veg, root depth, and K¢. The lucode value of a class should
resemble the pixel value in the raster data. LULC_veg gives the information about which equation

to be used (equation 4 for vegetated land cover and 7 for others)

2.3.5 Zhang Coefficient
The Z parameter or Zhang coefficient is a constant value ranging from 1 to 30. It is a climate

seasonality factor that captures the local precipitation pattern and hydrogeological characteristics of
the catchment (Yang et al. 2019). There are three methods proposed to calculate the Z parameter in
the INVEST model. The first method for estimating the Z parameter is based on globally available
o values. The second method uses the Z parameter, which is positively correlated with the number
of rainfall events per year, N, and is calculated as N/5, where N is the number of rain events per
year. In the third approach, Z was calibrated using the observed streamflow data. In our study, the
average number of rainy days per year in the Tungabhadra basin was approximately 66, giving a Z

value of 13.
2.3.6 Water Demand Table and Hydropower Valuation Table

The water demand table includes LULC classes as well as consumptive use for each land-use type.

Industrial and municipal water use are included in the consumptive use. The environmental flow
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requirement (EFR) is also used in this study to account for the ecosystem's role. EFR is the amount
of water required to sustain freshwater ecosystems in a river basin. According to Smakhtin et al.
(2006), 10% of total flow is used for EFR consumption in this study. Municipal water use is
calculated based on population density and water use per person. The demand is expressed as cubic
meters per year per pixel.

The hydropower valuation table includes information about hydropower stations in the basin, such
as turbine efficiency, kilowatt-hour price of power (KWH), the height of water behind the
powerhouse, the fraction of water used for hydropower production, the expected life span of the

hydropower station, and the discount value of the currency over time.
2.3.7 Climate Model Data

The climate model data used in this study is from the Norwegian Earth System Model (NorESM)

(Bentsen et al. 2013) (https://esgf-node.lInl.gov/projects/cmip5/). NorESM is based on the

Community Climate System Model (CCSM) and Community Earth System Model (CESM)
projects. Representative Concentration Pathways (RCP) with radiative forcings of 4.5 and 8.5 W/m?
(RCP4.5 and RCP8.5) scenarios are used for this study. Because this data does not take into account
leap days, the average of the 1st of March and the 28th of February is used to calculate the values
of leap days, i.e. the 29th of February. The data is in NetCDF format, and it was extracted using
Python programming. This data provides mean daily rainfall and temperature for the base scenario
for the period between 1971 and 2000 and the future scenario between 2021 and 2040. Data is used
after it is bias-corrected (quantile mapping) with IMD observed data. When comparing regional

climate model simulations to observational data, quantile mapping is commonly used to correct
biases (Maraun 2013).

3. INVEST Water Yield Model

The water yield model is divided into two sections: water yield, water scarcity, and valuation, and
it is based on the Budyko curve (1974) (Hamel and Guswa 2015)

(https://naturalcapitalproject.stanford.edu/software/invest). The following are the basic model

equations from the INVEST Model manual:
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3.1 Water yield

Water yield is calculated in the INVEST model as the sum and average of the water yields based on
the principle of water balance at the sub-watershed level, and it is defined as the amount of water

that runsoff from the landscape (Yang et al. 2019).

Annual water yield Y (x) for a pixel is calculated as:

V() = (1= P(x) ®

where AET (X) is average annual actual evapotranspiration and P(x) is the average annual

precipitation of pixel x. For croplands and forest land use, AEZSC) is calculated as
AET(x) _ . PET(x) PET()\® L
P(x) =14 P(x) [1 +( P(x) ) ]w (4)

where PET (x) is annual potential evapotranspiration and «(x) is a parameter characterizing
climate- soil properties. The expressions for PET (x) and w(x) are as follows:

PET (x) = K.(l) x ETo(x) )
w(x) =z%‘;()’”+ 1.25 (6)

where AWC(x) is plant available water content and Z is a Zhang coefficient, which depends on the
number of rain events per year, ETo is reference evapotranspiration and Kc(lx) is the evaporation
factor for each LULC. For other land use types such as water bodies, build-up lands AET(X) is

calculated directly from reference evapotranspiration (ETo) as

AET(x) = (K (1) x ET,(x), P(x)) (7)
3.2 Hydropower Production and Valuation
Water used for other consumptive uses, such as drinking water and industrial use, is removed from

the calculation of hydropower production, leaving only the actual water entering the dam termed as

realized water, from which hydropower production and valuation are performed.

Vin=Y —uy (8)
where Vi is the realized supply (inflow to the reservoir), uq is the consumptive use of water in the

watershed upstream of dam d and Y is the total water yield from the watershed upstream of dam d.



Hydropower production is calculated for dam d in KWH as follows:
gqg = 0.00272 xB xy4 x hyxV, 9)
where ¢4 is hydropower generated in KWH, g is the turbine efficiency, y, is the percentage of

inflow water volume to power stations, and hq is the water level in dams. The NPV of the energy

produced by the power station at dam, d is calculated as follows:

NPVHy = (Pegq — TCq) X X124 —

=0 (141t

(10)

where TCyq is the operating costs for dam d, pe indicates the market value of electricity for a KWH,
T is the expected lifetime of the reservoir, and r is the discount rate.

4. RESULTS AND DISCUSSION

4.1 Water yield

Water yield is defined as the difference between precipitation and actual evapotranspiration for each
land use pixel. Before projecting water yield for the future, the model is analyzed for its sensitivity
to different parameters, and optimum parameters are selected by calibrating the model with
observed data.

4.1.1 Sensitivity Analysis

The sensitivity of model parameters is calculated to determine which parameters are more sensitive
to water yield. The parameters used for the analysis are the evapotranspiration coefficient (K¢) and
zhang coefficient (Z). The sensitivity to water yield can be distinguished in terms of water yield
calculated with baseline parameter values (standard values proposed in the literature). In this study,
a sensitivity analysis method proposed by Morris (1991) is used. This method is known as a one-
step-at-a-time method (OAT), which means that only one parameter is replaced while the other
parameters remain constant.

Sensitivity to Z

The Z value sensitivity to water yield can be differentiated for water yield calculated with the
baseline Z value. The baseline value is defined as the average number of rainfall days in a year
divided by 5 (i.e., Z=N/5). The average number of rainfall days in the basin is 66, which, when

combined with 30-year rainfall data, results in Z values of 13. The Z value ranges from 1 to 30, and



the range is defined by the extreme values of P and AWC across the various catchments (Cangiang
et al. 2012). Figure 5(a) depicts the percent change in water yield (change in yield with respect to
yield calculated using the baseline value) to Z, for example, when Z is 30, the percentage change is
40%, and when Z is 1, the change is 130%.

Sensitivity to Kc

Because cropland is the most common land cover in the catchment, the sensitivity of the
evapotranspiration coefficient (K¢) is only tested for crop cover. Food and Agriculture Organization
(FAO) proposed values of K. for different land covers which were used in this study, it is seen that
the baseline value is 1 for cropland, with a range of 0 to 1.5. The graph in Figure 5(b) shows the %
change in water yield with the change in K¢. For example, if K is increased by 30%, the yield is
reduced by 15%. This analysis shows that Z is more sensitive to modeled water yield than K.
4.1.2 Calibration and Validation

The model is calibrated for the base scenario (1971-2000) and validated for the period (2001-2010).
Calibration is carried out on a yearly basis to determine how the simulated data correlates with the
observed gauge data. Figure 6(a) and 6(b) depict scatterplots of observed versus simulated water
yield for the calibration and validation periods, respectively. The analysis revealed that the model
performed moderately to well, with a coefficient of determination (R?) of 0.57 for the calibration
period and 0.63 for the validation period. Calibration analysis yields optimum values of Z and K¢
of 25 and 0.95, respectively. The overall simulated yield for the base scenario with optimum
parameters is 279 TMC for the calibration period and 265 TMC for the validation period.

4.1.3 Water Yield Projection

NorESM climate data is used to predict water yield in the face of future climate change scenarios.
Table 2 depicts the change in rainfall, AET, and water yield predicted by the INVEST model for
future scenarios. Precipitation is expected to decrease between 1.31 % and 14.57 % for RCP 4.5
and 8.5 scenarios, while actual evapotranspiration (AET) is expected to increase by 7.40 % for RCP
4.5 and decrease by 5.72 % for RCP 8.5. This decrease in AET is due to the decrease in rainfall.
The RCP 4.5 scenario reduces water yield by approximately 33% compared to the base scenario,

while the RCP 8.5 scenario reduces water yield by 50%. The RCP 8.5 scenario predicts a significant



reduction in water yield. To compensate for the reduction in water yield, small reservoirs can be
built, which can significantly improve retention and, ultimately, water yield. Changes in agricultural
patterns and afforestation can also help to reduce the impact. Because this study does not account
for changes in land use patterns that may affect water yield, the model may overestimate the result.
Figure 7 depicts the range and spatial variation of water yield for the baseline and future scenarios.
Due to high precipitation and low ETo, the southwest part of the basin (i.e. western ghats) contributes
approximately 8% of total yield. The yield is very low in the central part of the basin, while it is
higher in the northeast. The simulations show that the eastern part of the basin, which includes
towns like Rayadurgam, Kalyandurg, and Amarapuram in Andhra Pradesh, is less vulnerable to
climate change.

4.2 Hydropower Production and Valuation

For future scenarios, there is a reduction in hydropower production at reservoirs, similar to the
reduction in water yield. Hydropower production is calculated at two hydropower stations near the
reservoirs, Munirabad and Bhadra. Figure 2 depicts the locations of the power stations. The power
produced at the station is calculated after computing the amount of water that reaches the dam,
which is realized water (water yield minus consumptive use). The energy produced is valued using
the net present value (NPV) as an indicator to assess the economic impact of climate change. NPV
is defined as the present value of the cash flows at a required discount rate of the project (Gallo
2014). The NPV of hydropower production is calculated assuming that land use does not change
over the dam's 100-year lifespan. For valuation, a monetary estimate is provided for the reservoir's
entire remaining lifetime. Table 3 shows the hydropower production over its lifespan, as well as the
value of the energy produced in rupees (in crores). The model considers the lifespan of the dam and
and assumes that the same amount of water that was available between 1971 and 2000 will
eventually be available for more than 100 years. This results in an estimated power production of
131.19 Gigawatts (GW) valued at 1919.32 crores. However, it is expected to decrease in the future
due to changes in precipitation and temperature. Future projection results show that the Bhadra
power station is highly vulnerable, with reductions in energy production ranging from 59 % (RCP

4.5) to 67 % (RCP 8.5), while the Munirabad power station could see reductions ranging from 41



% (RCP 4.5) to 56 % (RCP 8.5). The bar graph in Figure 8(a) shows the difference in hydropower
production and Figure 8(b) shows the difference in its NPV for the base and future scenarios for
both power stations. With the decrease in the production of hydropower and the respective projected
population growth, alternative energy sources would be looked for. Decision-makers should take
the action required in this regard to reduce the risk related to the reduction of production of
hydropower.
5. CONCLUSIONS
In this study, an assessment of water yield, hydropower production, and its valuation is carried out
in the Tungabhadra river basin, India. In future, precipitation, evapotranspiration, water yield and
hydropower production will decrease. In this research work, the INVEST model is used for the
evaluation of water related ecosystem services. It is expected that the water yield from the models
simulations will decrease from 33 to 50%. The production of hydropower takes place at Munirabad
Power House and Bhadra Powerhouse, two important hydropower plants in the basin. The results
show that the Munirabad dam will produce power and NPV from 41% to 56%, while Bhadra dams
are expected to produce from 59% to 67%. A high reduction in water yield and power production
is observed using data from the RCP 8.5 scenario. The analysis shows that production of
hydropower is threatened by climate change. Decision-makers can use the results of this study to
mitigate the impact of climate change in the region. This study's research methodology can be
applied to other basins in the region. This work is important for the analysis of the energy-food
nexus problems in the basins. Further research on hydrological simulations can enhance the results
of this study.
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Table 1: Datasets used in the INVEST model

Data Year Source Tool/Equation Resolution

Precipitation 1971-2010 IMD Precipitation ~ ArcMAP Software  0.25°X0.25°

2021-2040 NorESM ArcMAP Software 0.5°X0.5°

Reference ET 1971-2010 IMD Temperature Hargreaves Equation 1°X1°

2021-2040 NorESM Hargreaves Equation  0.5°X0.5°
Root Depth map - Yang et al. (2016)  ArcMAP Software 0.5°X0.5°
Plant available - FAO soil data SPAW Software 0.25°X0.25°
water content
LULC 1985 Roy et al. (2016) ArcMAP Software 100mX100m
Watershed - CartoDEM ArcMAP Software -




Table 2: Changes in rainfall, AET and water yield for future scenarios compared to the base

scenario

Period Scenario Rainfall (mm/yr) AET(mm/yr) Yield (TMClyr)
Production % change Production % change Production % change

1971- Base _ 735.43 - 591.52 - 279.12 -
2000 scenario
2021- RCP 4.5 725.78 1.31% 635.29 -7.40% 186.06 33.34%
2040
2021- RCP 8.5 628.27 14.57% 557.72 5.72% 140.35 49.72%
2040




Table 3: Changes in hydropower production and net present value for future scenarios compared

to base scenario for Munirabad and Bhadra power plants

Period Scenario Munirabad Power House Bhadra Power House
Hydropower Net Present % Hydropower Net Present %
Production  value (Rs.) change Production value (Rs.) change
(GW  per (in Crores) (GW  per (in Crores)
100 years) 100 years)

1971-2000 Base 131.19 1919.32 - 66.90 978.85 -

scenario
2021-2040 RCP45 77.74 1137.45 41%  27.17 397.50 59%
2021-2040 RCP85 57.63 843.19 56%  22.25 325.56 67%




