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Abstract: It is important to understand how changing climate and Land Use Land Cover (LULC) will
impact future spatio-temporal water availability across the Munneru river basin as it aids in effective
water management and adaptation strategies. The Munneru river basin is one of the important
sub-basins of the Krishna River in India. In this paper, the combined impact of LULC and Climate
Change (CC) on Munneru water resources using the Soil and Water Assessment Tool (SWAT) is
presented. The SWAT model is calibrated and validated for the period 1983–2017 in SWAT-CUP
using the SUFI2 algorithm. The correlation coefficient between observed and simulated streamflow
is calculated to be 0.92. The top five ranked Regional Climate Models (RCMs) are ensembled at
each grid using the Reliable Ensemble Averaging (REA) approach. Predicted LULC maps for the
years 2030, 2050 and 2080 using the CA-Markov model revealed increases in built-up and kharif
crop areas and decreases in barren lands. The average monthly streamflows are simulated for the
baseline period (1983–2005) and for three future periods, namely the near future (2021–2039), mid
future (2040–2069) and far future (2070–2099) under Representation Concentration Pathway (RCP)
4.5 and 8.5 climate change scenarios. Streamflows increase in three future periods when only CC and
the combined effect of CC and LULC are considered under RCP 4.5 and RCP 8.5 scenarios. When
compared to the CC impact in the RCP 4.5 scenario, the percentage increase in average monthly mean
streamflow (July–November) with the combined impact of CC and LULC is 33.9% (near future),
35.8% (mid future), and 45.3% (far future). Similarly, RCP 8.5 increases streamflow by 33.8% (near
future), 36.5% (mid future), and 38.8% (far future) when compared to the combined impact of CC
and LULC with only CC. When the combined impact of CC and LULC is considered, water balance
components such as surface runoff and evapotranspiration increase while aquifer recharge decreases
in both scenarios over the three future periods. The findings of this study can be used to plan and
develop integrated water management strategies for the basin with projected LULC under climate
change scenarios. This methodology can be applied to other basins in similar physiographic regions.

Keywords: basin; CA-Markov Model; climate change; LULC; RCM; streamflow; SWAT

1. Introduction

Increased greenhouse gas (GHG) emissions alter hydrological conditions such as
global temperature, triggering a chain of events that impact streamflow, evapotranspiration,
precipitation patterns, runoff, soil moisture, flood and drought severity. Climate change, in
addition to global warming, may place further strain on water resources. It is certain that
climate change and land use change will have a substantial impact on a basin’s hydrology,
and the relationship between them is complex in nature [1,2]. Runoff, infiltration of
groundwater, evaporation and demand for water are all affected by Land Use and Land
Cover (LULC). These factors influence surface and groundwater yields, and consequently
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the amount of available water for the functioning of ecosystem and human use. Land
use and climate change, as well as rising water demand, are all having an impact on
water and energy budgets and water supplies [3]. As a result, one of the most difficult
tasks in hydrological research is determining the effects of changing LULC and climate
on hydrological processes [4]. Furthermore, in many river basins, LULC and climate
change (both anthropogenic and natural) are altering the hydrological cycle and the water
supply [5–8].

The effects of LULC and climate change on watershed hydrology have been stud-
ied extensively [5,9–12]. However, the majority of the studies focused solely on climate
change [13–16] found that there exists an imbalance between water supply and demand
which has been increasing under climate and LULC change in recent years and has at-
tracted attention from both the relevant authorities and the general public to water resource
planning and management programs. To manage the surplus runoff in order to meet the
demands in the crucial months for the Kharif crop, rainwater collection techniques must be
employed [17].

Hydrological models are being used more to predict and understand hydrological
processes [18,19]. These models are frequently developed for a variety of reasons, including
water demand estimation, understanding of hydrological processes, assessing flood risk,
and so on, as well as for distinct geographic regions. The Soil and Water Assessment Tool
(SWAT) model has been widely used to examine the effects of climate change on water
resources [16,20–25].

Future streamflow projections in various climate change scenarios have been stud-
ied [26]. A case study on the Goodwater Creek experiment watershed in Missouri was
conducted to estimate the long-term impact of climate change using ensemble models of
gridded downscaled precipitation and temperature data sets [27]. The results show that
increased surface runoff, spring precipitation, and water yield have caused a shift in the
peak value of evapotranspiration in the future period one month earlier. The analysis
of water balance components and streamflow in the Bharalu (urban) and Basistha (rural)
basins near the Brahmaputra River in India found that streamflow, water yield, surface
runoff, and actual evapotranspiration increased in the Bharalu basin in the 2050 and 2090
decades, while they decreased in the Basistha basin [15]. The impact of climate change on
streamflow in Nepal’s Bheri river basin was studied, with annual streamflow estimated to
rise by 6–12.5% when compared to historical data. On a monthly basis, however, runoff
will decrease by up to 20% in July and August and increase by up to 70% during the dry
season, which is beneficial to water users [14].

Several researchers have investigated at the combined impact of LULC change and
climate change on the quantity and quality of water resources [9,10,28]. The sensitivity of
ecologically relevant flows to the effects of LULC and climate change, as well as individual
impacts, was investigated in the rapidly urbanizing Alabama watershed, USA [11], the
Snake River basin, Idaho [29] and the Tungabhadra basin [30]. The results showed that
more frequent floods [31], droughts [32,33], landslides [34], and shifts in annual extreme
streamflow are predicted to occur in the future, which will have a negative impact on
aquatic species. To manage water resources, an integrated basin-scale hydrologic model
that takes both changes into account is a good option.

This paper presented an analysis of streamflow in the Munneru river basin, one of
the most vulnerable sub-basins of the Krishna River basin in India due to LULC and
climate change. For this study, a SWAT model with observed streamflow for the period
is used (1980–2017). An integrated strategy is employed to project future streamflows
considering both LULC and climate change influences for three future periods with the
help of Multi-Model Ensemble (MME) outputs of precipitation and temperature data and
predicted LULC maps using the CA-Markov model. For future scenarios, a spatio-temporal
analysis of projected streamflows for the combined effects of LULC and climate change has
been performed.



Sustainability 2022, 14, 5000 3 of 20

2. Study Area

The Krishna River is the second-largest eastward-flowing interstate river in peninsular
India. The Munneru River is a major left-bank tributary of the Krishna River. The total
catchment area of the basin is 9854 km2. The basin is situated between eastern longitudes
79.2◦ to 80.8◦ and northern latitudes 16.6◦ to 18.1◦ in the states of Telangana and Andhra
Pradesh. The basin’s dominant soils are red soils followed by black soils. Rice, cotton,
and maize are the dominant crops in this basin. The Central Water Commission (CWC)
maintains two gauge stations in Keesara and Madhira villages to measure gauge, discharge,
sedimentation, and qualitative aspects of the water (http://www.cwc.gov.in/kgbo (ac-
cessed on 10 April 2022)). The river network in the study area is shown in Figure 1. As
part of the BRICS collaborative project between Brazil, India, and South Africa, this basin
is being studied from the Indian side in order to develop an integrated water resources
management model under anthropogenic and climate change scenarios.
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Figure 1. The location map of Munneru basin.

3. Data Used

The observed daily precipitation (1901–2020), maximum and minimum temperature
(1951–2020), were collected from the Indian Meteorological Department (IMD) in Pune,
India. The NEX–GDDP climate datasets, derived from the Coupled Model Intercompari-
son Project Phase 5 (CMIP5), include downscaled, bias-corrected projections for RCP 4.5
and RCP 8.5 scenarios for 21 different RCMs. Climate model projections include daily
precipitation, maximum and minimum temperature data for the baseline (1950–2005) and
future periods (2006–2099) with a spatial resolution of 0.25 degrees (25 km × 25 km). The
top five ranked Regional Climate Models (RCMs) were ensembled at each grid level using
the Reliable Ensemble Averaging (REA) method (Buri et al., 2022). In this study, a digital
elevation model (DEM) prepared from CARTOSAT satellite data of 30 m resolution is used.
The LULC map obtained from The National Remote Sensing Center (NRSC) provided a
1:250,000 scale map. The soil map was obtained from the International Soil Reference and
Information Centre (ISRIC) and has a resolution of 1 km. DEM, Soil and LULC maps were
shown in the Figure 2. Data on gauge, discharge, sediment, and water quality from 1965
to 2017 were obtained from the Central Water Commission (CWC) at the basin’s Keesara
gauge point. The driving forces used to predict LULC maps, such as the road and stream

http://www.cwc.gov.in/kgbo
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network, were extracted from Open Street Maps (OSM). The Munneru basin LULC maps
obtained from NRSC were used to predict future LULC maps. Table 1 displays the LULC
classes in the basin.
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Figure 2. DEM, Soil and LULC map of the Munneru basin.

Table 1. Description of the types of LULCs present in the study area and their corresponding
SWAT codes.

S.No. Land Use Terminology (NRSC) SWAT Land Use Name SWAT Code

1 Built-up Urban Land URBN
2 Kharif crop Agricultural Land-Generic AGRL
3 Rabi crop Agricultural Land-Generic AGRL
4 Double/Triple crop Agricultural Land-Row Crops AGRR
5 Current Fallow Agricultural Land-Generic AGRL
6 Plantation Trees OAK
7 Deciduous Forest Deciduous Forest FRSD
8 Degraded or Scrub Forest Range Scrub land RNGB
9 Wasteland Barren Land BARR
10 Waterbodies Maximum Water Bodies WATR
11 Waterbodies Minimum Water Bodies WATR

4. Methodology

The methodology of the present study involves predicting LULC maps for future
periods using available historic maps. The analyses of streamflow and other major water
balance components were carried out in the context of both climate and LULC change.
Figure 3 depicts the methodology flowchart. The detailed methodology is discussed in the
following sections.
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Figure 3. Methodology flowchart for the present study.

4.1. Prediction of LULC Using CA-Markov Model

The Markov chain model for LULC projection is a stochastic model that uses knowl-
edge on the evolution of a particular land-use class from time step t − 1 to step t to project
the LULC corresponding to the time step t + 1. Transition probabilities for changes in
land-use classes from the past (t − 1)th step to the current tth step are used to detect
changes to each of the land-use classes considered. The CA-MARKOV model is a combined
cellular automaton, Markov chain, multi-criteria evaluation, multi-objective land allocation
LULC prediction procedure that adds spatial contiguity and knowledge of the likely spatial
distribution of transitions to Markov chain analysis. In the application of CA, each pixel
(cellular entity) varies its state independently based on its previous state and that of its
immediate neighbors (pixels) based on a specified set of user-defined rules [35]. The rules
aid in spatially associating an extent to the land-use change. Because of the benefits of
the CA-Markov approach, the CA-Markov module included with IDRISI: version 18.31, J.
Ronald Eastman, Clark University-Worcester, USA [36] was used in the present study to
predict LULC. The projected LULC image for 2015 was derived by combining 2005 and
2010. The Kappa coefficient (K) was used to assess the simulation of spatial distribution
accuracy, and it was calculated using the IDRISI’s VALIDATE module. When the Kappa
coefficient is 0.81–1.00, it is considered efficient, outstanding, and viable [37]. Distance from
roads, elevation, and stream network maps are provided as additional inputs for future
LULC map generation. The combined effects of LULC and climate change on streamflow
and water balance components were investigated by changing LULC maps in each of
three future periods under both RCP 4.5 and RCP 8.5 scenarios and comparing them to the
baseline period. To project streamflow and water balance components, the predicted 2030
LULC map is used for the near-future period, 2050 LULC map for the mid-future period,
and 2080 LULC map for the far-future period, respectively.
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4.2. Hydrological Modelling

SWAT is a basin-scale, semi-distributed, physically based, open-source software that
is widely used around the world to investigate the impact of sediment transport, fertilizer
load and various water management strategies (http://swat.tamu.edu/docs/ (accessed
on 4 April 2022)). QSWAT, a QGIS-interfaced version of SWAT, can be used to run a
continuous simulation of a catchment model at different time increments and spatial scales.
The watershed area was divided into 17 sub-basins based on LULC and soil maps. Sub-
basins were further divided into hydrologic response units (HRUs) which are a unique
combination of land use, soil type and slope.

The SWAT model was initially configured with 2005 LULC for observed period climate
data (1983–2017). The SWAT model was calibrated and validated using SWAT-CUP (SWAT-
Calibration Uncertainty Program). The model was calibrated using monthly observed
streamflow data from 1983 to 2002, and was validated using data from 2003 to 2017.
To reduce the uncertainty associated with model predictions, the SUFI-2 method in the
SWAT-CUP with 1000 different parameter combinations was used to calibrate and validate
the model based on observed streamflow data. Sensitivity analysis was performed to
identify the sensitive parameters that influence the model output. The sensitivity of
12 parameters were examined in SWAT CUP. The t-stat values were used to assess the
sensitive parameters, which became more sensitive as the absolute t-stat values increased.
p-values are used to determine the significance of the sensitivity, with p-values close to 0
indicating that the parameter is significant. The lower the p-value and greater the absolute
t-stat value, the higher the sensitivity. New parameter ranges were also created, which can
be used to re-calibrate the model in the next iteration until the best parameter ranges were
found. These optimal parameter ranges were then used to validate the monthly streamflow.
Furthermore, the R2 was used to assess collinearity between simulated and observed
streamflow, with values ranging from −1 to 1 (ideal). The SWAT model’s performance can
be described as good and satisfactory, with NSE values ranging from 0.65–0.75 and 0.5–0.65,
respectively [38].

After calibration and validation with observed streamflow data (1983–2017) from
the gauge station, the best fit parameters were updated in the SWAT model. The model
was run for baseline and future periods with updated parameters using MME outputs of
meteorological data sets with predicted LULC maps for three periods, namely the near
future (2021–2039), mid future (2039–2040) and far future (2070–2099) for both RCP 4.5 and
8.5 scenarios. Precipitation, streamflow and other water balance components were assessed
for future periods.

5. Results and Discussions
5.1. Changes in LULC

The 2015 LULC map was predicted using the study basin’s LULC maps from 2005
and 2010, as well as the CA-Markov model and a transition probability area matrix. The
predicted 2015 LULC was validated using the available map and obtained a kappa coeffi-
cient of 0.87. A similar procedure was used to predict future LULC maps. The available
and simulated LULC maps for the observed periods were shown in Figure 4. The LULC
maps were generated for the years 2030, 2050 and 2080 with the CA-Markov model using
variables such as elevation, distance from roads, slope and stream network. The predicted
LULC maps for the years 2030, 2050 and 2080 are shown in Figure 5. The percentage varia-
tion of various LULC classes was shown in Table 2. The kharif crop cultivation area has
been extended by 23.04%, 23.24% and 23.32% in 2030, 2050 and 2090 respectively compared
to 2005. Built-up land had also increased at a rate of 2.21%, 3.21% and 4.02% in 2030, 2050
and 2080 respectively. Wasteland, rabi and zaid crops declined by 4.08 %, 7.87 % and 4.79%
respectively in 2030. Similar results were observed for the Krishna River basin i.e., built-up
land was increased and the barren land was decreased [1]. Forest cover has decreased
and is converted to built-up in the Upper Cahaba River watershed [11]. Barren land and
residential areas have increased and rangeland has decreased in Marboreh watershed [12].

http://swat.tamu.edu/docs/
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There are decreases of 4.47% in wasteland, 7.82% in rabi crop and 4.73% in zaid crop is
observed in the year 2050. Decreases of 5.86% in wasteland, 7.78% in rabi crops, 4.61% in
zaid crops are expected in the year 2080.
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Table 2. Percentages of different LULC types in different years.

Land Use/Year 2005 (%) 2010 (%) 2015 (%) 2015 Simulated (%) 2030 (%) 2050 (%) 2080 (%)

FRSD 12.57 12.57 12.52 12.54 12.41 12.38 12.21
AGRL 39.1 31.83 35.41 36.4 46.14 45.04 45.76
URBN 3.03 3.58 3.63 3.89 5.24 6.24 7.05
RNGB 0.93 0.93 0.94 0.93 0.92 0.89 0.81
AGRR 24.08 31.79 30.27 28.54 19.29 19.35 19.47
WATR 5.39 5.39 5.19 5.15 5.02 5.06 5.39
BARR 9.47 8.48 6.58 7.06 5.39 5.39 3.61
OAK 5.43 5.43 5.45 5.48 5.53 5.58 5.7

5.2. Analysis of Streamflow Using SWAT

From 1983 to 2017, discharge data from the CWC gauge station at Keesara were
used for model calibration and validation. Prior to model calibration, sensitivity analysis
was used to estimate the most important parameters for streamflow simulation. For
calibration and validation, a total of twelve parameters were used. Out of the twelve
parameters, eleven parameters (CN2, GW_REVAP, ALPHA_BF, GW_DELAY, GWQMN,
ALPHA_BF_D, SOL_AWC, EPCO, ESCO, SLSUBBSN, SURLAG) were the most sensitive
from the sensitivity analysis. Table 3 shows the maximum and minimum ranges of the
parameters, as well as the best-fitted values after sensitivity analysis. During the validation
period, the calibrated SWAT model parameters were used to simulate monthly streamflow.
The model was calibrated using monthly observed streamflow data from 1983 to 2002,
and was validated using data from 2003 to 2017. After thousands of simulations, the
performance level of the SWAT model was determined using two objective functions such
as coefficient of determination (R2) and the Nash–Sutcliffe efficiency parameter (NSE) for
both calibration and validation. The R2 and NSE values for the calibration period were 0.89
and 0.87, respectively, while the values for the validation period were 0.86 and 0.84. The R2

values in the calibration period were in the range of 0.77–0.93 for Gangjiang and Hanjiang
basins [16]. In calibration period, for the entire Krishna basin at Vijayawada gauge station
R2 was found to be 0.63 [1]. These values were sufficient to move forward with further
simulations for this basin [39]. For both the calibration and validation periods, the percent
bias values are less than 10.

Table 3. Calibrated parameters and their ranges used in SWAT CUP.

S. No. Parameter File Extension Method Minimum Value Maximum Value Fitted Value

1 CN2 .mgt r_Relative −0.1 0.1 0.0284
2 GW_REVAP .gw v_Replace 0.02 0.2 0.125
3 ALPHA_BF .gw v_Replace 0 1 0.632
4 GW_DELAY .gw a_Absolute −30 60 17.880
5 GWQMN .gw a_Absolute −1000 1000 −148.5
6 RCHRG_DP .gw a_Absolute −0.05 0.05 0.022
7 ALPHA_BF_D .gw v_Replace 0 1 0.663
8 SOL_AWC .sol r_Relative −0.1 0.1 0.148
9 EPCO .hru v_Replace 0 1 0.994
10 ESCO .hru v_Replace 0 1 0.206
11 SLSUBBSN .hru r_Relative −0.2 0.2 −0.131
12 SURLAG .bsn r_Relative −0.2 0.2 −0.098

Note: CN2: SCS curve number; GW_REVAP: groundwater “revap” coefficient; ALPHA_BF: base flow alpha
factor; GW_DELAY: groundwater delay; GWQMN: threshold depth of water in the shallow aquifer required for
return flow to occur; RCHRG_DP: deep aquifer percolation fraction; ALPHA_BF_D: alpha factor for groundwater
recession curve of the deep aquifer; SOL_AWC: available water capacity of the soil layer; EPCO: plant uptake
compensation factor; ESCO: soil evaporation compensation factor; SLSUBBSN: average slope length; SURLAG:
surface runoff lag time.

After obtaining the best fit parameters, manual updating of parameters was carried
out for the previously run SWAT model. Figure 6 depicts the average monthly observed and
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simulated streamflow (m3/s) for the entire period (1983–2017). The SWAT model captured
the majority of the peak discharges, but not all of them. Peak discharges were observed in
greater numbers between 2000 and 2009. In three months, on average, 3/4 of the flow was
contributed, namely August, September, and October. The average monthly streamflows
in August, September, and October were 207.03, 211.10, and 142.23 m3/s, respectively.
For the entire period of observation, the maximum value of average monthly streamflow
(1013.44 m3/s) was observed in August 2008. In the period 1983–2017, the occurrence of
average monthly observed streamflow values greater than 100 m3/s was 70 times, while
the streamflow crossed the magnitude of 300 m3/s 25 times. For the entire period, the
peak values of annual average monthly streamflow were over-simulated 13 times and
under-simulated 12 times.
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(1983–2017).

Figure 7 shows the variation in monthly precipitation (mm) and average monthly
streamflow (m3/s) values for simulated and modeled datasets from 1983 to 2005. Simulated
flow was generated from IMD datasets in this case, while modeled data was generated
from Multi-Model Ensemble (MME) datasets. Because of the uncertainties in the RCM
models, the correlation coefficient between average monthly observed and modeled pre-
cipitation was found to be 0.83, while the correlation coefficient between average monthly
simulated and modeled streamflow was found to be 0.61. The average monthly maximum
precipitation in July and August was 248.75 mm and 212.19 mm, respectively. From July to
October, the percentage bias in stream flow simulations using observed climate data and
historic climate model data is 6.77%.

5.3. Impact of Climate Change on Streamflow and Water Balance Components

The impact of climate change on streamflow and water balance components is ex-
amined for three future periods under both scenarios, using the 2005 LULC map as a
constant. Future period simulations are compared to the baseline period (1983-2005). More
importantly, the statistical efficiency of the SWAT model has been used to assess its applica-
bility in simulating stream flow dynamics in the Munneru basin. As a result of the model
simulation results, the model can be used to examine the hydrologic response analysis with
minimal bias due to the Munneru basin’s geographical and temporal variability. Figure 8
depicts the variations in average monthly streamflow and precipitation in the near future
(2021–2039), mid future (2040–2069), and far future (2070–2099) scenarios under RCP 4.5
and RCP 8.5. When compared to modeled precipitation, an increasing trend pattern is
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observed in all three future periods for annual average precipitation under both RCP
4.5 and RCP 8.5 scenarios [40]. Increased precipitation has caused increased streamflow,
and average monthly maximum streamflows were observed in August and September in
both RCP 4.5 and 8.5 scenarios for all three future periods. Mishra et al. (2018) [14] also
investigated that the increase in streamflow by considering the ensemble outputs of GCM’s
in future periods for the Bheri River basin, Nepal.
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In the near future, maximum and minimum peak streamflows of 436.3 m3/s and
157.9 m3/s were observed in the months of September 2021 and September 2026, respec-
tively, under the RCP 4.5 scenario. Similarly, the maximum peak streamflow of 666.7 m3/s
in August 2021 and the minimum peak streamflow of 147.8 m3/s in August 2031 were
observed under the RCP 8.5 scenario for the near-future period. In the mid-future pe-
riod, maximum and minimum peak streamflows of 404.9 m3/s and 148 m3/s were ob-
served in the months of September, 2040 and September, 2047, respectively, under the
RCP 4.5 scenario. Under the RCP 8.5 scenario for the mid-future period, maximum peak
streamflow of 826.4 m3/s was observed in September 2057 and minimum peak streamflow
of 163.6 m3/s in September 2058.

Under the RCP 4.5 scenario, the maximum and minimum peak streamflows of
456.7 m3/s and 207 m3/s were observed in the months of September, 2073 and Octo-
ber, 2075, respectively. Similarly, under the RCP 8.5 scenario for the far future period, a
maximum peak streamflow of 780.9 m3/s was observed in September 2080 and a minimum
peak streamflow of 228.1 m3/s in August 2083. Under the RCP 4.5 scenario, monthly
streamflow greater than 100 m3/s is observed 28.51 percent of the time in the near future,
32.50 percent of the time in the mid future, and 34.44 percent of the time in the far future.
Similarly, under RCP 8.5, a streamflow greater than 100 m3/s is observed 34.65% of the
time (near future), 33.89% of the time (mid future), and 37.22% of the time (far future).
There were 4 (near future), 17 (mid future), and 31 (far future) instances with magnitudes
greater than 300 m3/s in the RCP 4.5 scenario, and 23 (near future), 41 (mid future), and 56
(far future) instances in the RCP 8.5 scenario

Figure 9 depicts the variation of monthly streamflow (July–November) for all three future
periods under two scenarios. Maximum streamflow values were observed in August and
September in all three future periods. Under RCP 4.5, the average streamflow values for
each period in September were 215.82 m3/s (near future), 252.95 m3/s (mid future), and
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321.11 m3/s (far future). Similarly, under RCP 8.5, 316.19 m3/s (near future), 348.68 m3/s
(mid-future), and 408.58 m3/s (far future) were observed.
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Surface runoff, on the other hand, has shown an increasing trend pattern. Table 4
depicts the key water balance components under climate change scenarios. It is observed
that streamflow, surface runoff, and aquifer recharge have increased significantly in com-
parison to the baseline period, which is attributed to an increasing trend of rainfall in
future periods. However, there is no significant increase in evapotranspiration in the future.
Surface runoff increases by 11.55%, 32.66%, 57.81% in the near, mid- and far futures under
RCP 4.5, 78.49%, 97.02% and 145.6% in all three future periods under RCP 8.5. For all three
periods, evapotranspiration increases by 1.33%, 4.7%, 6.53% in the RCP 4.5 scenario and
1.63%, 4.85%, 11.02% in the RCP 8.5 scenario. The increase in evapotranspiration is high in
the far future period under the RCP 8.5 scenario due to the high rise in temperature, which
contributed to an increase in both evaporation and transpiration rates. When the impact
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of climate change is considered, evapotranspiration increases in the Armur watershed in
the Godavari River basin [13]. The total aquifer recharge also increased by 2.05%, 13.32%,
28.57% in the RCP 4.5 scenario and 16.94%, 23.12%, 32.94% in the RCP 8.5 scenario for all
three periods.

Table 4. Important water balance components in baseline and future periods under the impact of
climate change.

Period/ 1983–2005 2021–2039 2040–2069 2070–2099
Component Baseline RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

Precipitation (mm/year) 938 962.5 1062.2 1030.3 1111.4 1101.2 1214.4
Surface Runoff (mm/year) 86.23 96.19 153.91 114.39 169.89 136.08 211.78

Evapotranspiration (mm/year) 600 608 609.8 628.2 629.1 639.2 666.1
Total Aquifer Recharge (mm/year) 244.39 249.41 285.78 276.95 300.89 314.22 324.9

Figure 10 depicts the percentage change in average monthly streamflow (July–November)
with respect to the baseline period when only the impact of climate change is considered
under both scenarios for future periods. The figure shows that there is no significant
increase in streamflow when compared to the baseline period for all months in the near
future period under RCP 4.5. Under both scenarios, the percentage change in streamflow
with respect to the baseline period is greater in July and August. The highest percentage
increase was 137.33% in the month of July in the far future period under RCP 8.5.
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Figure 10. Variation in the percentage change in future streamflow (July–November) compared to
the baseline period under climate change scenarios.
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5.4. Combined Impact of LULC and Climate Change on Streamflow and Water Balance Components

Figure 11 depicts the variations in average monthly precipitation and streamflow
in two scenarios for the near future (2021–2039), mid-future (2040–2069), and far future
(2070–2099). When compared to the baseline period, the average annual streamflow in-
creases for all periods. Under the RCP 4.5 scenario, annual average streamflow increased by
46.48% in the near future, 75.43% in the mid-future, and 110.19% in the far future compared
to the baseline period. Similarly, under RCP 8.5, streamflow increased by 100.51%, 121.74%,
and 170.96% over three periods. The projected increase in urbanization contributes to the
increased impervious surface area of the basin, while the decrease in agricultural area re-
sults in reduced evapotranspiration, both of which contribute to higher streamflow. Similar
results were observed for the entire Krishna River basin in future periods as precipitation
increased [1,17]. Temperature and precipitation changes have outperformed LULC changes
(increasing area under cultivation), and increased precipitation, as well as increased soil
moisture from flood irrigation for paddy fields, have resulted in an overall rise in stream-
flow in the Nagavali River basin [10]. Under the climate change scenarios, streamflow
in the Brahmaputra River basin, India increases in the future [41]. The occurrence of av-
erage monthly streamflow values greater than 100 m3/s in the near, mid- and long term
was 77,130, and 152 times under RCP 4.5, and 85,134, and 148 times under RCP 8.5. The
magnitude of average monthly streamflows greater than 300 m3/s was observed 15, 40,
and 70 times under RCP 4.5, but only 28, 62, and 77 times under RCP 8.5. Maximum and
minimum peak streamflows of 465.4 m3/s and 245.4 m3/s were observed in the months
of September, 2036 and September, 2026, respectively, under the RCP 4.5 scenario in the
near future. Similarly, the maximum peak streamflow of 620.7 m3/s in August 2028 and
the minimum peak streamflow of 236.9 m3/s in September 2031 were observed under the
RCP 8.5 scenario for the near future period. In the mid-future period, the maximum and
minimum peak streamflows were 537.8 m3/s and 258.5 m3/s, respectively, under the RCP
4.5 scenario. Similarly, under the RCP 8.5 scenario for the mid-future period, a maximum
peak streamflow of 813.5 m3/s was observed in September 2057 and a minimum peak
streamflow of 270 m3/s in August 2040.

In the far future, maximum and minimum peak streamflows of 579.9 m3/s and
292.7 m3/s were observed in September 2071 and September 2075, respectively, under
the RCP 4.5 scenario. Similarly, under the RCP 8.5 scenario for the far future period, a
maximum peak streamflow of 842.4 m3/s was observed in September 2091 and a minimum
peak streamflow of 363.5 m3/s in September 2083. Under the RCP 4.5 scenario, monthly
stream flow greater than 100 m3/s was observed 33.77% of the time in the near future,
36.11% of the time in the mid future, and 42.22% of the time in the far future. Similarly,
under RCP 8.5, streamflow greater than 100 m3/s was observed 37.28 percent of the time
(near future), 37.22% of the time (mid future), and 47.11% of the time (far future). There
were 15 (near future), 40 (mid future), and 70 (far future) instances with magnitudes greater
than 300 m3/s in the RCP 4.5 scenario, and 28 (near future), 62 (mid future), and 77 (far
future) instances in the RCP 8.5 scenario.

Figure 12 depicts the variation in monthly streamflow (July–November) for all three fu-
ture periods under two scenarios. Maximum streamflow values were observed in August
and September in all three future periods. Under RCP 4.5, the average streamflow values
for each period in September were 312.36 m3/s (near future), 360.30 m3/s (mid-future),
and 437.72 m3/s (far future). Similarly, under RCP 8.5, values of 413.84 m3/s (near future),
464.47 m3/s (mid-future), and 527.25 m3/s (far future) were observed.
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scenarios under RCP 4. 5 and RCP 8.5, (a) 2021–2039 (b) 2040–2069 (c) 2070–2099.

Table 5 shows the important water balance components obtained from the SWAT
model for three future periods due to the combined effect of LULC and climate change in
two scenarios. In both RCP 4.5 and 8.5 scenarios, surface runoff and evapotranspiration
increased. In the baseline period, 9.2% of total precipitation was accounted for as surface
runoff, and 15.26%, 16.86%, and 14.47% were converted to surface runoff in three future
periods under the RCP 4.5 scenario. Under the RCP 8.5 scenario, 20.41%, 21.36%, and
23.89% of the water was converted to surface runoff, respectively. Under RCP 4.5, evap-
otranspiration was 67.96%, 65.42%, and 60.23% of total precipitation in the near future,
mid-future, and far future, respectively. In the RCP 8.5 scenario, the evapotranspiration
values are 61.79%, 60.89%, and 58.84% for three future periods. Under both scenarios,
there is a significant decrease in aquifer recharge in the near and mid-future periods, but
a slight increase of 6.89% was observed in the far future under RCP 4.5 compared to the
baseline period.
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Table 5. Important water balance components in baseline and future periods under climate change
and combined effects of LULC and climate change.

Period/ 1983–2005 2021–2039 2040–2069 2070–2099
Component Baseline RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5

Precipitation (mm) 938 962.5 1062.2 1030.3 1111.4 1101.2 1214.4
Surface Runoff (mm) 86.23 146.89 216.76 173.7 237.35 159.31 290.18

Evapotranspiration (mm) 600 654.1 656.3 674 676.7 663.2 714.5
Total Aquifer Recharge (mm) 244.39 134.38 157 153.96 167 261.24 178.64

When compared to the baseline period, aquifer recharge was reduced by 45.01%, 37%
in the near and mid-term under RCP 4.5, and 35.75%, 31.67%, and 26.9% in the long-term
under RCP 8.5. It was discovered that evapotranspiration rates would decrease in the far
future under RCP 4.5 due to CO2 emissions and humidity, which would counteract the
temperature effect on evapotranspiration increase. Chanapathi et al. (2020) [1] observed a
similar result in the Krishna River basin for future periods. The aquifer recharge values were
lower when the combined impacts of both LULC and CC were compared to only the CC
impact because there was an increase in built-up areas, which reduce the imperviousness
of the land.

Figure 13 depicts the percentage change in average monthly streamflow (July–November)
with respect to the baseline period when the effects of LULC and climate change are com-
bined under both scenarios. When comparing the streamflow to the baseline period, it was
discovered that there is a positive change in streamflow for all months under both scenar-
ios. The percentage change in July and August was 191.97% and 197.19%, respectively,
compared to the baseline period in the far future period under the RCP 8.5 scenario. In the
near future period, the lowest percentage change of 14.06% was observed in the month of
October under the RCP 4.5 scenario.
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Figure 13. Variation of percentage change in streamflow (July–November) with respect to the baseline
period with combined effect of LULC and climate change.

The occurrence of average monthly modeled streamflow values greater than 100 m3/s
occurred 65 times during the baseline period, while the streamflow crossed the magnitude
of 300 m3/s four times. The number of occurrences of streamflows greater than 100 m3/s
increased in the three subsequent periods compared to the baseline period. When compared
to the CC impact in the RCP 4.5 scenario, there were 12, 13, and 28 times more streamflows
of magnitude greater than 100 m3/s observed with the combined impact of CC and LULC.
Similarly, 6, 12, and 14 times more streamflow of magnitude greater than 100 m3/s were
observed with the combined impact of CC and LULC when compared to just the impact
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of CC in RCP 8.5 scenario. It was discovered that the combined impact of CC and LULC
increased the maximum and minimum peak flows more than the impact of CC alone. The
magnitude of maximum and minimum peak flows in the near-future period were 6.6%
and 55.4% higher with the combined impact of CC and LULC under RCP 4.5 scenario.
Maximum peak flow was reduced by −6.89% in the RCP 8.5 scenario, while minimum peak
flow was increased by 74.6%. The maximum and minimum peak flows in the mid-future
period were 32.8% and 74.6% higher, respectively, with the combined impact of CC and
LULC than with only the CC impact under RCP 4.5. Maximum peak flow was reduced
by −1.5% in the RCP 8.5 scenario, while minimum peak flow was increased by 65.03%.
Maximum and minimum peak flows in the far future period were 26.9% higher with the
combined impact of CC and LULC than with only CC impact under RCP 4.5 scenario.
Maximum and minimum peak flows were increased by 7.8% and 59.3%, respectively, for
the far future period in the RCP 8.5 scenario.

6. Conclusions

The impacts of LULC and climate change on streamflow, surface runoff, evapotranspi-
ration, and total aquifer recharge in the Munneru River basin have been assessed in three
future periods in this study. The LULC maps for future periods were predicted using the
CA-Markov model, and it was discovered that the conversion of barren land into built-up
land was relatively consistent, with little variation in agricultural land. Streamflow and
other components of the water balance were influenced by the two major factors of climate
and land use, particularly in the Munneru River basin. With respect to the baseline period,
annual average precipitation increased by 233.15 mm and 287.47 mm, respectively, for the
period 2021–2099 under RCP 4.5 and RCP 8.5 scenarios. In both scenarios, the annual aver-
age mean temperature rises by 1.8 ◦C and 2.21 ◦C, respectively. The combined impact of CC
and LULC on average monthly mean streamflow (July–November) was 38.31%, which was
36.37% higher than the impact of CC in RCP 4.5 and RCP 8.5 scenarios. In comparison to
the baseline period, there was an increasing trend in surface runoff and evapotranspiration
in all three future periods. When only the CC impact was considered, the aquifer recharge
showed an increasing trend pattern in the future periods, but a decreasing trend pattern
was observed when both the LULC and the CC impacts were considered. Because of
the increase in temperature, evapotranspiration was slightly increased in all three future
periods under the impact of climate change. When compared to only CC impact in the far
future period under RCP 8.5 scenario, the percentage change in streamflow was 54.64%,
71.84% more in the months of July and August with the combined impact of CC and LULC.
As the built-up area grows in the basin, so does the imbalance between water supply and
demand increases. In order to plan and manage water resources in a sustainable manner, it
is necessary to adapt water management practices in the basin in light of future expected
climatic changes. These findings may provide a solid foundation for the development of
more effective climatic adaptation methods and integrated water resource management
models for river basins in similar physiographic regions.
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