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Abstract Floods are the most frequent natural calamity in India. The Godavari river basin (GRB)
witnessed several floods in the past 50 years. Notwithstanding the large damage and economic loss, the
role of extreme precipitation and antecedent moisture conditions on floods in the GRB remains
unexplored. Using the observations and the well‐calibrated Variable Infiltration Capacity model, we
estimate the changes in the extreme precipitation and floods in the observed (1955–2016) and projected
future (2071–2100) climate in the GRB. We evaluate the role of initial hydrologic conditions and extreme
precipitation on floods in both observed and projected future climate. We find a statistically significant
increase in annual maximum precipitation for the catchments upstream of four gage stations during the
1955–2016 period. However, the rise in annual maximum streamflow at all the four gage stations in GRB
was not statistically significant. The probability of floods driven by extreme precipitation (PFEP) varies
between 0.55 and 0.7 at the four gage stations of the GRB, which declines with the size of the basins. More
than 80% of extreme precipitation events that cause floods occur on wet antecedent moisture conditions at
all the four locations in the GRB. The frequency of extreme precipitation events is projected to rise by
two folds or more (under RCP 8.5) in the future (2071–2100) at all four locations. However, the increased
frequency of floods under the future climate will largely be driven by the substantial rise in the extreme
precipitation events rather than wet antecedent moisture conditions.

1. Introduction

India witnessed several floods historically that affected millions of people, caused loss of lives, and damaged
infrastructure and agriculture. For instance, the Mumbai flood of 2005 caused by extremely heavy precipita-
tion affected nearly 20 million lives and killed 1,200 people (Gupta & Nair, 2010). In June 2013, multiday
heavy precipitation and outburst of glacial lakes caused flooding in Uttarakhand, which resulted in the loss
of more than 4,000 lives with an economic loss of about $3.8 billion (Kumar, 2013). Heavy rainfall occurred
in December 2015 led to severe flooding in Chennai and led to the estimated damage of $3 billion (Geert Jan
van Oldenborgh et al., 2016). Furthermore, in August 2018, Kerala experienced a devastating flood that
killed more than 440 people (Mishra, Aaadhar, et al., 2018; Mishra & Shah, 2018) and caused complete dis-
ruption of daily life (Gulf News, 2018). The Kerala flood occurred due to multiday heavy precipitation
extremes, while the role of the reservoir storage in amplifying the flood remains under scrutiny (Mishra,
Aaadhar, et al., 2018; Sudheer et al., 2019).

Floods are considered as the most frequent natural calamity in India, which result in loss of human lives and
infrastructure. The areas that receive floods more frequently are located in Brahmaputra and Kosi river
basins (Dhar & Nandargi, 2000; Sinha et al., 2008). However, here we mainly focus on flood occurrence in
the Godavari river basin (GRB), which has also faced some of the major floods in the past. For instance,
the flood in September 1959 in the mainstream Godavari at location Dowlaiswaram and the flood in
August 1976 in stream Indravati caused severe damage in the lower reaches of the basin (Rakhecha,
2002). In August 1986, GRB experienced an extreme flood that inundated the downstream regions affecting
millions of people and caused a loss of more than 250 lives (Rakhecha & Singh, 2017).

Riverine floods are caused by several factors including extreme precipitation, dam failure, ice and glacier
melting, cloudburst, poor reservoir operations, and rain‐on‐snow events (Cao et al., 2019; Dhar &
Nandargi, 2003). However, extreme precipitation is considered one of the most likely factors that cause
floods regardless of the topographical characteristics of the basin (Ivancic & Shaw, 2015; Mirza, 2011) parti-
cularly in the monsoon dominated climate. Apart from natural drivers, anthropogenic factors such as rapid
urbanisation, deforestation, the encroachment of floodplains, poor management of embankments, and
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faulty reservoir operations can cause or amplify floods in Indian subcontinental rivers (Bhattachaiyya &
Bora, 1997; Dhar & Nandargi, 2003). Heavy precipitation in upstream areas of a river basin makes it challen-
ging to accommodate the high flows in reservoirs that are already full, which causes a sudden release of dis-
charge from reservoirs resulting in flood inundation in the downstream regions (Jena et al., 2014). Failure
of dams and other water retaining structures caused some devastating floods in the past. For instance, the
sudden collapse of the Machhu dam in August 1979 in Saurashtra caused a loss of more than 10,000 human
lives and damage of property and agricultural lands (Dhar et al., 1981).

River basin characteristics (e.g., basin steepness, basin geometry, drainage area, land use land cover, drai-
nage density, and soil moisture conditions) play an essential role in flood generation (Blöschl et al., 2015,
2013; Merz & Blöschl, 2009; Pilgrim et al., 1982). However, antecedent moisture conditions play a significant
role in the timing and magnitude of flood events (Berghuijs et al., 2019; Cao et al., 2019; Ivancic & Shaw,
2015; Slater & Wilby, 2017). For instance, extreme precipitation over a drier antecedent condition of catch-
ment while low‐intensity multiday precipitation over a catchment with wetter antecedent conditions can
result in a flood of comparable magnitude (Cea & Fraga, 2018). In smaller or urban catchments, antecedent
soil moisture conditions may not be directly linked with the floods. However, in the larger catchments, ante-
cedent soil moisture or initial hydrologic conditions (IHCs hereafter) can influence streamflow and flood
generation significantly (Smith et al., 2013). Therefore, the role of antecedent moisture conditions is consid-
ered in the hydrological and rainfall‐runoff models (Camici et al., 2011; Massari et al., 2014).

Previous studies reported that the antecedent moisture or IHCs can be a major factor besides extreme preci-
pitation that controls flood generation at river basin scale (Berghuijs et al., 2019; Cao et al., 2019; Ivancic &
Shaw, 2015; Li et al., 2009; Radatz et al., 2012; Tramblay et al., 2010). However, none of these studies repre-
sents the extreme precipitation driven floods during the monsoon season in India. As there is a consensus
that warming climate will increase extreme precipitation events, which have already been increasing
in India as well (Roxy et al., 2017). However, the translation from extreme precipitation to floods is not
straightforward, especially in the monsoonal climate, which underscores the need for further studies.
Flooding in India during the monsoon season has a unique feature—dry soils during the premonsoon
(April and May) due to hot summers and extremely wet soils during the mid and end part of the monsoon
(June–September). Therefore, the intraseasonal variability of the monsoon and timing of extreme precipita-
tion events in India play a vital role in the occurrence of floods.

The frequency of extreme precipitation and floods are projected to increase under the warming climate in
the Indian subcontinent (Mukherjee et al., 2018; Roxy et al., 2017). However, the projected increase in the
frequency of extreme precipitation under the warming climate may not proportionally result in the
increased frequency of floods (Ali et al., 2019; Ivancic & Shaw, 2015; Sharma et al., 2018). While the increase
in extreme precipitation can be directly linked to increased water vapor in the atmosphere in response to cli-
mate warming (Ali & Mishra, 2018; Trenberth et al., 2003; Westra et al., 2013), floods may or may not be
directly driven by extreme precipitation (Sharma et al., 2018). Notwithstanding the increased occurrence
of floods in the current and future climate (Ali et al., 2019; Hirabayashi et al., 2013; Kundzewicz et al.,
2014), the role of IHCs and other governing factors on floods in India remains largely unexplored. Here
we, for the first time, explore the role of IHCs on floods in the observed and projected future climate in
India. We use gridded observations and future projections from Coupled Model Intercomparison Project‐5
(CMIP5) general circulation models (GCMs) to estimate the observed and projected changes in the extreme
precipitation and floods in the GRB. Our focus here is to evaluate the role of IHCs and extreme precipitation
on floods in GRB under the observed and projected future climate. We mainly aim to address the question:
To what extent do the initial hydrologic conditions and extreme precipitation influence floods in the GRB in
the observed (1951–2016) and projected future climate (2071–2100)?

2. Study Area

The Godavari is the second‐longest river in India after the Ganges and the longest among all the rivers in
peninsular India with a length of 1,465 km. The Godavari originates from Nasik, Maharashtra, and falls into
the Bay of Bengal (East Coast of India). GRB (Figure 1) is located in the central and southern parts of India.
GRB has a total drainage area of approximately 312,813 km2, which is nearly 9.2% of the total geographical
area of the country. GRB has a tropical climate where southwest monsoon contributes nearly 85% of the total
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annual rainfall over the basin. The Western Ghats act as an orographic barrier that influences the rainfall
patterns in peninsular India (Gunnell et al., 2007). Upper Godavari is characterized by the arid to the semi-
arid climate with relatively lesser (500–1,200 mm) mean annual precipitation, while lower Godavari is com-
paratively moist with higher (1,200–2,000 mm) mean annual precipitation (Asouti & Fuller, 2008). Further
details about the GRB characteristics can be seen in Figure 1.

According to the National Disaster Management Authority of India, downstream part of the GRB is prone to
floods. Even though Godavari river has adequate capacity to carry the streamflow within the limits of its nat-
ural banks, the lower reaches of the stream and some deltaic areas still face numerous floods because of the
flatbed slope (Mohapatra & Singh, 2003). During themonsoon season (June to September), Godavari spills its
banks in response to extreme precipitation primarily in the lower reaches and in the downstream of the con-
fluence of the river Indravathi with the Godavari. Some areas in Telangana and Andhra Pradesh are themost
flood‐prone regions in the Godavari basin because the three principal tributaries including Pranahita,
Indravathi, and Sabari, drain into it over its last stretch of 473 km. Unfortunately, Telangana and Andhra
Pradesh are victims of their topography. Between 1962 and 1990, flood warnings were issued 22 times at
Dowlaiswaram (Andhra Pradesh), where the peak discharge exceeded 19,800 m3/s (Nageswara Rao, 2001).
Out of the four selected gage stations that we considered for our analysis in GRB, Sirpur has the smallest sub-
basin area (48,843 km2) followed by Tekra (110,079 km2), Perur (252,963 km2), and then Polavaram (307,638
km2). In this study, we present the analysis considering No Irrigation No Dam conditions, and the influence
of water management or irrigation was not considered in our simulations.

3. Data and Methods
3.1. Data Sets

We obtained the gridded daily precipitation (mm) for the GRB from IndiaMeteorological Department (IMD)
at 0.25° spatial resolution for the period 1951–2016 (Pai et al., 2015). IMD provides climate data for India

Figure 1. Basic information of Godavari river basin (GRB) including topography, LULC, annual mean precipitation and temperature for the period 1951–2016.
DEM = digital elevation model; LULC = land use land cover.
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from 1901 to the present. IMD collects observations from 6,995 rain gages across the country and uses an
inverse distance weighting interpolation scheme (Shepard, 1984) to develop the gridded precipitation pro-
ducts. Similarly, we obtained the gridded daily minimum and maximum air temperature (°C) from IMD
for the period 1951–2016. Minimum and maximum temperatures at 1° spatial resolution were developed
using the observations from 395 gage stations across the country (Srivastava et al., 2009). We obtained the
daily wind speed data from the National Centre for Environmental Prediction/National Centre for
Atmospheric Research global reanalysis data set (http://www.cdc.noaa.gov/cdc/data.ncep.reanalysis.sur-
face.html). Daily temperature and wind speed data sets were further regridded to 0.25° using the methodol-
ogy described in Maurer et al. (2002). We used Shuttle Radar Topographic Mission digital elevation model
data at 30‐m spatial resolution to extract the topographical features within the GRB (Figure 1). Further,
we obtained the daily observed streamflow data from India Water Resources Information System Portal
(India‐WRIS: http://www.india‐wris.nrsc.gov.in). Streamflow data are collected by the Central Water
Commission at multiple gage stations across the country. Although streamflow data are available at more
than 65 locations in the GRB, the data availability is either short term or intermittent in many places.
Therefore, we selected the gage stations based on long‐term continuous data availability and the least influ-
ence of water management activities as described in Mishra, Shah, et al. (2018) and Shah andMishra (2016).
Therefore, our analysis does not consider the role of human influence and water management activities on
floods in GRB.We aim to consider the role of extreme precipitation and IHCs under the natural setting with-
out under any human influence (irrigation, reservoir storage, or water diversion).

To estimate the projected change in climate extremes in the future, we obtained daily climate forcing (pre-
cipitation and maximum and minimum temperatures) from five CMIP5‐GCMs (Taylor et al., 2012). We
selected the five GCMs (BNU‐ESM, CESM1‐CAM5, GFDL‐ESM2M, MPI‐ESM‐LR, and NorESM1‐M) for
our analysis as these perform well against the observed key features of the South Asian summer monsoon
(Ashfaq et al., 2017). We obtained the climate data for the historical (1951–2005) and future (2006–2100) per-
iods for the three different Representative Concentration Pathways (RCPs): RCP 2.6 (low emission), RCP 4.5
(moderate emission), and RCP 8.5 (high emission) (Moss et al., 2010). Since the GCMs have some bias in the
precipitation and temperature, we further downscaled and bias‐corrected daily data from CMIP5‐GCMs to
0.25° spatial resolution using trend‐preserving statistical bias correction approach (Hempel et al., 2013). In
this approach, monthly mean and daily variability of model‐simulated climate data are adjusted to observa-
tions. The long‐term trends in the data are preserved.

3.2. The Variable Infiltration Capacity Model

We used Variable Infiltration Capacity (VIC, version 4.1.2) model (Cherkauer et al., 2003; Cherkauer &
Lettenmaier, 1999; Liang et al., 1994, 1996), which is a large‐scale, semi‐distributed hydrologic model that
simulates the land surface components of both water and energy budgets within a grid cell. The VIC model
considers the subgrid variabilities of topography, soil moisture storage capacity, and vegetation (Gao et al.,
2009). Meteorological forcings required to run the VIC model include daily or sub‐daily precipitation, mini-
mum temperature, maximum temperature, and wind speed. We used daily meteorological forcings for the
observed and projected future climate. In addition, the VIC model requires some additional land surface
characteristics such as soil parameters, vegetation properties, and topography (elevation bands).
Vegetation parameters were obtained from global land cover information of the Advanced Very High‐
Resolution Radiometer (AVHRR) available at 1 km as described by Hansen et al. (2000). We developed vege-
tation parameters for the study domain that includes vegetative compositions of different land use/land cover
classes for each grid cell. We obtained vegetation library from the Land Surface Hydrology Group's website
(www.hydro.washington.edu) of the University ofWashington. We developed the soil parameters using data
from theHarmonizedWorld Soil Database (HWSD). Simulations for the observed and projected climatewere
conducted using the VICmodel in full water balance mode and daily time step. Observedmeteorological for-
cing at sub‐daily time step is not available in India, we, therefore, decided to use daily time step to run the VIC
model. To simulate daily streamflow, a separate stand‐alone routing model (Lohmann et al., 1996; Lohmann
et al., 1998) was used for routing baseflow and runoff from each grid cell at desired locations in GRB. Routing
of the simulated runoff and baseflowwas performed using daily fluxes, which does not influence our analysis
given the large size of subbasins (where gage stations are located) of GRB.
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3.3. Analysis Approach

Our approach to evaluate the role of IHC on floods in GRBs employs three major steps: (i) evaluation of
changes in the frequency (number of events per year) of extreme precipitation and streamflow events using
95th and 99th percentile thresholds, (ii) selection of the top 100 independent flood events at each gage sta-
tion, and (iii) estimation of probability of floods caused by extreme precipitation events and the role of IHCs
prior to extreme precipitation based on 7‐day averaged soil moisture. These major steps are presented in
Figure S1 in the supporting information.

First, we checked the frequency of daily extreme precipitation and floods as the number of events that
exceeded the 95th and 99th percentile thresholds during the observed record of 1955–2016. We considered
two thresholds to get an idea of the total number of extreme events during the observed record, but finally,
the 99th percentile threshold was selected for further analysis. In addition, we estimated basin‐averaged
annual maximum precipitation and the VICmodel‐simulated annual maximum streamflow at four gage sta-
tions. We analyzed trends in the frequency and annual maximum precipitation/streamflow by using a non-
parametric Mann‐Kendall trend test (Mann, 1945) and Sen's slope method (Sen, 1968). The nonparametric
test provides better estimates of linear trend assuming nonnormality in the data set, and it is less sensitive
to the missing data and outliers (Yue et al., 2002). For the future period (2071–2100), we estimated the multi-
model ensemble mean annual maximum streamflow and the frequency of extreme precipitation/flood
(exceeding 99th percentile). The 99th percentile threshold for both streamflow and precipitation was esti-
mated for the historical reference period of 1971–2000 for each CMIP5‐GCM and compared with the thresh-
old values for the future period (2071–2100) for each RCP.

Since we are interested to evaluate the role of IHC on the large floods, we selected the top 100 independent
(separated by at least 15 days) streamflow events at each station for the observed period of 1955–2016 (in 61
years) using the VIC‐simulated streamflow. Although we began the model simulation from 1951, we ana-
lyzed streamflow from 1955 and the initial 4 years were considered as model's spin‐up period. To evaluate
the influence of IHCs on floods, we analyzed soil moisture and precipitation 0 (the day of the flood) to 4 days
prior to the top 100 streamflow events. To do so, we considered the top 30‐cm soil moisture from the first soil
layer of the VIC model, and moisture at deeper depths was not used to avoid the effect of high persistence in
soil moisture at deeper depths (Mishra, Shah, et al., 2018). Here we note that the first‐layer soil depth of the
VIC model was set to 30 cm, and the second and third‐layer depths were calibrated along with other para-
meters. The second soil layer characterizes the slowly varying soil moisture between the two storms
(Liang et al., 1994) and therefore can influence initial hydrologic conditions (Gao et al., 2009). Since we con-
sidered the 7‐day mean basin averaged soil moisture to analyze initial hydrologic conditions, the overall
response from both the layers can be effectively captured by the soil moisture of the top layer. In addition,
we evaluated the spatial distribution of IHCs at 0 to 4 days prior to the top three floods that occurred during
the observed climate (1955–2016) at each station.

To understand the effect of catchment area on the role of IHCs on the observed floods in GRB, we selected
independent (separated by at least 3 days) extreme precipitation events during the observed record of
1955–2016. Basin‐averaged precipitation exceeding the 99th percentile of the rainy days (precipitation ≥
1 mm) was considered as extreme precipitation. Since the area contributing to each flood may depend
on the orientation of storms within the basin, we assume that basin averaged extreme precipitation and
soil moisture can represent the overall conditions and their influence on floods. However, we note that
in the regions that receive extreme precipitation can have more influence on the individual flood. To iden-
tify the floods caused by extreme precipitation, we estimated the occurrences streamflow exceeding the
99th percentile caused by extreme precipitation events during the 1955–2016 period. If streamflow exceed-
ing the 99th percentile (flood) occurred within 0 to 4 days of the occurrence of extreme precipitation, we
considered this flood caused due to extreme precipitation. We repeated this analysis for all the stations
based on basin averaged extreme precipitation and floods. This analysis provided us with an idea of the
extreme precipitation‐driven floods by considering the number of times extreme precipitation events result
in floods at the selected gage stations. Moreover, for each station, we estimated the number of extreme pre-
cipitation that caused or (did not cause) the flood.

Next, extreme precipitation events were categorized based on the basin averaged soil moisture. Ivancic and
Shaw (2015) used basin averaged median soil moisture to identify wet and non‐wet conditions. However, to
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ensure the robust contribution of initial hydrologic conditions, we considered the 75th percentile to
effectively cover the basin‐averaged moisture conditions and ignore the events that influence only a part
of the basin. To do so, we estimated soil moisture 0 to 6 days prior to an extreme precipitation event. We
considered 7‐day (0–6 days) mean soil moisture prior to an extreme precipitation event in our analysis for
the IHCs. Moreover, 7‐day mean soil moisture for the same duration was estimated for each year during
the period of 1955–2016 to understand if the IHC was drier or wetter. Using these 62 samples (one for
each year during 1955–2016) of 7‐day mean soil moisture, we fitted the generalized extreme value
distribution to obtain the cumulative distribution function (CDF). Any 7‐day mean soil moisture having
CDF more than 0.75 was considered as “wet” IHC. On the other hand, if CDF of 7‐day soil moisture of
the extreme precipitation event was less than 0.75, we consider it as “non‐wet” IHC of the basin. We
repeated this analysis for each extreme precipitation event at each station to categorize the extreme
precipitation events that occurred on “wet” IHCs or “non‐wet” IHCs. Further, we identified if flood
events were caused by the combination of extreme precipitation and wet IHC or extreme precipitation
and non‐wet IHC. We also identified the extreme precipitation events that did not cause the flood. For
these events, we evaluated the IHCs to understand if these occurred in non‐wet antecedent moisture
conditions. We then estimated the probability of floods driven by extreme precipitation (PFEP) by dividing
the number of flood events due to extreme precipitation to a total number of extreme precipitation events.

Next, we estimated the number of events in the future period (2071–2100) that exceeded the 99th percentile
precipitation of rainy days in the historical reference period (1971–2000). We compared the frequency of
extreme precipitation events for the future and historic periods considering the same 99th percentile thresh-
old. We estimated the number of extreme precipitation events that occurred on the wet IHC (EPWIHC) and
compared them with the total number of extreme precipitation events for both historical and future periods.
The categorization of the IHCs (wet or not wet) in the historical and future periods for the five CMIP5‐GCMs
and the three RCPs was based on the cumulative distribution (more than 0.75) of 7‐day averaged soil moist-
ure conditions in the historical reference period (1971–2000).

Figure 2. Comparison of daily observed (blue) and the Variable Infiltration Capacity (VIC) model simulated (red) streamflow (m3/s) for the (a–d) calibration
(1970–1979) and (e–h) evaluation (1980–1989) periods at the selected gage stations Sirpur, Tekra, Perur, and Polavaram. Coefficient of determination (R2) and
Nash‐Sutcliffe Efficiency (NSE) for the calibration and evaluation periods are provided.
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4. Results and Discussion
4.1. Performance of the VIC Model

First, we evaluated the performance of the VIC model at the selected gage station of GRB. We calibrated
the VIC model against the observed daily streamflow in GRB at four (Sirpur, Tekra, Perur, and Polavaram)
gage stations. We selected these stations based on the criteria that they are not (or least) influenced by the
water management activities in the upstream regions. We selected 1970–1979 as the calibration period and
1980–1989 as the evaluation period based on the availability of the observed data at all four stations. Most
of the major reservoirs upstream of these basins were constructed after 1985. Therefore, we consider
streamflow in the calibration and at least in the major part of the evaluation period is not affected by
the major reservoirs.

We estimated Nash‐Sutcliffe efficiency (NSE; Nash & Sutcliffe, 1970) and coefficient of determination (R2)
between simulated and observed daily streamflow for the calibration and evaluation periods. The VIC

Figure 3. (a–d) Comparison of daily observed (blue) and the Variable Infiltration Capacity (VIC) model simulated (red) streamflow (m3/s) for the three major flood
years of 1986, 2006, and 2013 at Sirpur, Tekra, Perur, and Polavaram. (e–h) The VIC model performance evaluation for simulated annual maximum streamflow
against observed annual maximum streamflow for the period 1955–2016 at all the four gage stations. NSE = Nash‐Sutcliffe efficiency.
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model performed well (Moriasi et al., 2007) to simulate daily streamflow with NSE and R2 more than 0.70 at
all four locations for both calibration and evaluation periods (Figure 2).

Since we mainly focus on the floods in GRB, we analyzed the performance of the VIC model for the three
(1986, 2006, and 2013) major flood events in GRB. We find that the VIC model‐simulated streamflow com-
pares well against the observed flow for the major floods with NSE and R2 more than 0.70 at all the stations
(Figure 3). Further, we evaluated the performance of the VICmodel for annual maximum streamflow at four
stations in the basin. We note that the VICmodel satisfactorily captures the observed annual maximum flow
at all four gage stations with R2 higher than 0.65 (Figure 3). Overall, the VIC model performed well and suc-
cessfully captured temporal variability and peaks in daily streamflow at all four gage stations in GRB. Since
the VIC model has been evaluated for other hydrologic variables (evapotranspiration and soil moisture) in
India in the previous studies (Shah et al., 2019; Shah & Mishra, 2016), we limit our evaluation to daily
streamflow and flood events. A detailed assessment of the VIC model performance at four gage stations in
GRB is presented in Table 1. Overall, we find that our well‐calibrated and evaluated setup of the VIC model
can be used to evaluate the role of IHCs and extreme precipitation on floods in GRB under the observed and
projected future climate. Here we consider the natural scenario and any influence of human activities (such
as irrigation, water diversion, and reservoirs) was not simulated.

4.2. Observed Precipitation Extremes and Floods, 1955–2016

Next, we evaluate the changes in annual maximum daily streamflow and annual maximum precipitation for
the observational period of 1955–2016 at each gage station. Annual maximum precipitation was estimated
using averaged daily precipitation for the basins upstream of the gage stations.We find the annualmaximum
precipitation has increased significantly (pvalue < 0.05) during 1955–2016 (Figure 4). The highest increase in
annualmaximumprecipitation during the observational recordwas experienced in the catchments of Sirpur,
followed by Tekra, Perur, and Polavaram. Increase in extreme precipitation in India has been reported in
many previous studies (Goswami et al., 2006; Mukherjee et al., 2018; Roxy et al., 2017). For instance, Roxy
et al. (2017) reported that extreme precipitation has increased three folds in central India during the last
few decades. The observed increase in extreme precipitation can be associated with the recent warming that
has contributed to an increase in atmospheric water vapor (Ali & Mishra, 2017). Moreover, both thermody-
namical (localized) and dynamical (large‐scale) components can contribute to the increase in extreme preci-
pitation under the current and future climate in India (Ali &Mishra, 2018; Roxy et al., 2017). Overall, we find
that the upstream catchments of all the gage stations experienced a significant rise in annual maximum pre-
cipitation during 1955–2016.

We expected that the significant increase in the extreme precipitation in the upstream basins of four stations
would translate into increased annual maximum streamflow. However, the increase in annual maximum
streamflow at any of the four stations is not statistically (pvalue more than 0.05) significant (Figure 4).
Further, the increase in precipitation extremes in the basin is not directly related to the increase in stream-
flow at the basin outlet, which is attributable to catchment characteristics and antecedent moisture condi-
tions (Berghuijs et al., 2019; Saharia et al., 2017). For instance, Sharma et al. (2018) reported that the
changes in precipitation are not directly linked to flooding because of the other dominating factors.

In addition to annual maximum precipitation and streamflow, we estimated the frequency of precipitation
and the VIC model‐simulated streamflow exceeding of 99th and 95th percentiles of the observed (1955–

Table 1
The Performance of the VIC Model for the Calibration, for the Evaluation Periods, and for the Three Selected Flood
Years (1986, 2006, and 2013)

Stations

Calibration period
1970–1979

Evaluation (Validation) period
1980–1989

Year 1986, 2006,
and 2013

R2 NSE R2 NSE R2 NSE

Sirpur 0.75 0.72 0.73 0.71 0.77 0.76
Tekra 0.84 0.80 0.83 0.82 0.87 0.8
Perur 0.85 0.82 0.81 0.74 0.87 0.77
Polavaram 0.90 0.84 0.88 0.82 0.92 0.71
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2016) period. We find that the frequency of extreme precipitation and streamflow has increased during the
observed record (1955–2016) in the GRB (Figure 5). While the frequency of extreme precipitation has
significantly (pvalue < 0.05) increased for the basin upstream of Perur and Polavaram, the rising trend in
the frequency of extreme discharge was not found significant at any streamflow gage stations (Figure 5). In
addition, we evaluated the changes in the frequency of extreme precipitation and streamflow exceeding
the 95th percentile (Figure S2). However, trends were not found statistically significant. Deshpande et al.
(2016) reported that the intensity of heavy precipitation events and the area experiencing extreme
precipitation had increased significantly in the GRB in the past few decades. Moreover, Kale (2012) also
found a nonsignificant increase in annual maximum streamflow at the Dowlaiswaram station in the lower
GRB. The contrast between changes in annual maximum precipitation and streamflow highlights the role
of initial hydrologic conditions or other basin characteristics on floods in GRB.

4.3. Role of IHCs on Observed Floods

To understand the role of IHC, we evaluated precipitation and soil moisture conditions for the top hundred
independent streamflow events at the four gage stations. For each of these streamflow events, we analyzed

Figure 4. (a–d) annual maximum precipitation and (e–h) the Variable Infiltration Capacity (VIC) model simulated annual maximum streamflow for the observed
period 1955–2016 at the four gage stations Sirpur, Tekra, Perur, and Polavaram in the GRB. Dotted lines represent the fitted linear trend estimated using the
nonparametric Mann‐Kendall test and Sen's slope (mm/year) method. Annual maximum precipitation was estimated using basin‐averaged precipitation for the
catchments located upstream of the four gage stations; pvalue less than 0.05 shows statistically significant trend at 5% significance level.
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precipitation and soil moisture at 30‐cm depth (the first soil layer of the VICmodel) from the day of flood to 4
days prior (0 to ‐4 days of the flood event considering the day of flood as 0). We constructed empirical CDF of
precipitation and soil moisture of the top 100 events (Figure S3). Our results show that precipitation and soil
moisture are the highest on second (‐2) and third (‐3) days prior to the flood event for the three (Sirpur,
Tekra, and Perur) out of four stations (Figure S3). On the other hand, precipitation and soil moisture are
the highest on the third and fourth days prior to the flood event at Polavaram station. Therefore, IHCs at
2 and 3 days prior to the flood events contribute to flooding in GRB. Moreover, we find that two‐days
prior IHCs are more closely linked with the floods in the relatively smaller catchments, while three‐days
prior IHCs are more closely linked in the large catchments of Polavaram (Figure S3). To evaluate this
further, we analyzed the spatial distribution of antecedent precipitation (Figures S4–S7) and soil moisture
conditions (Figures S8–S11) of 1–4 days prior to the top three flood events occurred during 1955–2016 at
each gage station. Our results further confirm that IHCs 2 and 3 days prior to flood events are most
strongly coupled with the floods in the GRB.

Next, we estimated the probability of floods driven by extreme precipitation (PFEP) by taking the ratio of
extreme precipitation driven floods and the total number of extreme precipitation events at each station
(Figure 6). We find the highest PFEP at Sirpur, followed by Tekra, Perur, and Polavaram. For instance, out
of 57 extreme precipitation events in the basin upstream to Sirpur, 40 of them caused floods (Figure 6).
Therefore, PFEP at Sirpur is 0.7 during the period of 1955–2016. Moreover, PFEP of 0.62, 0.58, and 0.55

Figure 5. The frequency of extreme precipitation events exceeding 99th percentile of the observed period (a–d) and (e–h) daily streamflow events exceeding 99th
percentile computed using the daily at Sirpur, Tekra, Perur, and Polavaram. Dotted lines represent the fitted linear trend in the frequency of extreme precipitation
and streamflow using the nonparametric Mann–Kendall test and Sen's slope (events/year) method. Statistical significance was tested at 5% significance level.
P‐value less than 0.05 shows a statistically significant trend at 5% significance level.
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was found for Tekra, Perur, and Polavaram. Our results indicate the PFEP declines as the size of the river
basin increases, which might be associated with the spatial distribution of extreme precipitation in the
basin. For instance, in the larger basins, the likelihood is that only a fraction of basin may receive extreme
precipitation at a given day and, depending on the flood‐producing area, flood peak may get attenuated
with a long time of concentration.

Figure 6. Probability analysis of extreme precipitation events in Godavari river basin for the 1955–2016 period for four stations. (I) Number of extreme precipitation
events that caused flood (shaded blue) and did not cause flood (shaded red) out of the total number of extreme events at Sirpur (a), Tekra (b), Perur (c), and
Polavaram (d). (II) Number of extreme precipitation events that caused flood with wet soil moisture conditions/IHC (solid blue). (III) Number of extreme preci-
pitation events that did not cause flood with non‐wet soil moisture conditions/IHC (solid red). Numbers in (I) represent total number of extreme precipitation
events (57), extreme precipitation events that caused floods (40), and the ratio (probability) [40/57: 0.70]. In (II) numbers represent the precipitation events that
caused flood (40), extreme precipitation events that occurred on wet IHC (34), and probability (34/40: 0.85). In (III) number of extreme precipitation events
that did not cause floods (17), number of extreme precipitation events that occurred on non‐wet IHC (9), and probability (9/17: 0.53). Similarly, the values were
estimated for the other three stations in (b–d). IHC = initial hydrologic condition.
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Next, we evaluated the role of IHC on the flood events caused by extreme precipitation. For instance, at
Sirpur, out of 57 extreme precipitation events 40 caused floods. Now, we are interested to examine the
IHCs prior to these 40 flood events. Our hypothesis is that most of these events are caused by wet IHC prior
to an extreme precipitation event. Please note that IHC here is based on 7‐days (0, ‐1, ‐2, ‐3, ‐4, ‐5, and ‐6 of
the day of extreme precipitation) mean soil moisture. We find that 85% of extreme precipitation that resulted
in flood at Sirpur occurred on wet IHC (Figure S12). Similarly, our results show that the combination of
extreme precipitation and wet IHC causes flood more than 80% at all the four gage stations of GRB
(Figure 6). Here also we note a moderate decline in the role of IHC on flooding for large basins. We further
evaluated the IHC prior to extreme precipitation events that did not cause a flood in the GRB (Figure 6). For
instance, 17 extreme precipitation events (out of 57) did not result in floods at Sirpur. Therefore, we

Figure 7. Comparison of multimodel ensemble mean of 99th percentile precipitation and 99th percentile streamflow for the historic (1971–2000) and future
(2071–2100) periods based on the RCPs 2.6, 4.5, and 8.5 at (a) Sirpur, (b) Tekra, (c) Perur, and (d) Polavaram. (e–h) same as (a–d) but for 99th percentile of
streamflow. Error bars represent the standard deviation for eachmodel‐ensemblemean value; 99th percentile precipitation and streamflowwere estimated for each
general circulation model and Representative Concentration Pathway (RCP), and then the multimodel ensemble mean was taken.
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hypothesize that a majority of these extreme precipitation events might
have occurred on non‐wet IHC. Our results show that 9 out of the 17
extreme precipitation events that occurred without causing floods were
due to non‐wet IHC at Sirpur. Similarly, we find that more than 50% of
the time combination of nonwet IHC and extreme precipitation will not
cause flooding (Figure 6).

After evaluating PFEP at four stations, we extended the analysis and eval-
uated the PFEP at 19 stations with varying size of their upstream catch-
ments in GRB (Figure S12 and Table S1). We find that while there is a
large variability in PFEP of smaller catchments, there is a general trend
suggesting a decline in PFEP with the increase in the size of the basin.
This large variability in PFEP for the smaller catchments can be attributed
to the factors that are not linked with IHCs. There are other dominating
factors associated with the basin's topographical and geomorphological
characteristics that can dominate over IHC in response to extreme precipi-
tation (Saharia et al., 2017). For instance, the catchments with high slope
and drainage density can respond faster to produce floods in response to
extreme precipitation. It is noteworthy that in 19 stations located in the
GRB, a majority of the floods were caused by the combination of extreme
precipitation and wet IHC (Table S1). Similarly, most of the extreme pre-
cipitation events that did not cause floods occurred on non‐wet IHC in
there 19 subbasins of GRB in the observation period 1955–2016. Results
show that flooding in the larger basins is more often dependent on the
IHCs. Hence, one would not expect that the increased extreme precipita-
tion to will directly influence the occurrence and extent of flooding as
noted in the previous studies conducted in the other parts of the world
(Berghuijs et al., 2019; Cao et al., 2019; Ivancic & Shaw, 2015; Li et al.,
2009; Radatz et al., 2012; Tramblay et al., 2010).

To understand if the extreme precipitation events with higher magni-
tudes have a high probability of causing floods in the Godavari basin,
we divided the extreme precipitations into six bins after sorting them
based on their magnitude (from smallest to highest; Figure S13). For
the extreme precipitation events in each bin, we estimated PFEP. Our
hypothesis here was that extreme precipitation with higher magnitude
is more likely to produce flood regardless of IHC and basin size. We find
that at all the four stations, there is a general increase in PFEP with the
magnitude of extreme precipitation, which indicates that extreme preci-
pitation with high magnitudes is more likely to cause floods. We note
that the role of IHCs for extremely heavy precipitation may not be that
influential in comparison to the events with less magnitudes. Smith
et al. (2013) considered the extreme precipitation as a major factor in
the occurrence of flood and reported that the extremely heavy precipita-
tion with thunderstorms is an important factor that influences the
upper tail of flood peaks.

4.4. Impacts of Projected Future Climate on Floods

After the assessment of the role of IHCs on floods in GRB during the observed climate (1955–2016), we
evaluated the role IHCs on flood in the projected future climate in GRB.We conducted the simulations using
the VICmodel for the future climate. Before applying the VICmodel for the projected future climate, we eval-
uated the effectiveness of the bias‐corrected climate projections for the historical reference period of 1966–
2005 for five CMIP5‐GCMs (BNU‐ESM, CESM1‐CAM5, GFDL‐ESM 2M, MPI‐ESM‐LR, and NorESM1‐M).
As expected, the bias in CMIP5‐GCMs in precipitation and temperature was significantly improved after
the bias correction (Figures S14 and S15).

Figure 8. Multimodel ensemble mean of flood probabilities driven by
extreme precipitation (PFEP) for the historic (1971–2000) and future
(2071–2100) periods under RCP 2.6, RCP 4.5, and RCP 8.5 at (a) Sirpur, (b)
Tekra, (c) Perur, and (d) Polavaram. Error bars represent one standard
deviation for values from the five general circulation models. RCP =
Representative Concentration Pathway.
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To estimate the projected changes in the precipitation extremes and floods
in the future, we forced the VIC model with bias‐corrected daily meteoro-
logical forcing from the five CMIP5‐GCMs and for the three RCPs (RCPs
2.6, 4.5, and 8.5). The RCPs 2.6 and 8.5 represent the lowest and highest
emission scenarios, respectively, and the differences in these two scenarios
indicate the impacts of climate changemitigation on extreme precipitation
and flood events. We estimated the 99th percentile of precipitation for
rainy days for each GCM for the historical (1971–2000) and projected
future climate (2071–2100; Figure 7). Similarly, using the VIC model‐
simulated streamflow at each station, we estimated 99th percentile
streamflow for the historical and projected periods. We find that both
99th percentiles of precipitation and streamflow are projected to increase
significantly at all four stations under the projected future climate
(Figure 7).Moreover, the increase in extreme precipitation and streamflow
are substantially higher under the high emission scenario of RCP 8.5 in
comparison to the low‐emission scenario of 2.6. Therefore, the frequency
of extreme precipitation and flood events can be substantially lowered by

following the low emission pathway of RCP 2.6. Our results, therefore, highlight the benefits of climate miti-
gation on the occurrence of extreme precipitation and flood events in the GRB.

Annual maximum streamflow is projected to increase at all the stations of the GRB regardless of the emis-
sion scenario (Figure S16). However, the rise in annual maximum streamflow is higher for the high emission
scenario of RCP 8.5. Similarly, the warming climate will result in an increased frequency of streamflow
events exceeding the 99th percentile (of the 1971–2000 period). We note that the rise in the frequency of
foods at all the four stations is higher for the RCPs 4.5 and 8.5 in comparison to RCP 2.6, which again shows
that climate change mitigation can reduce the flood risk in the basin (Figure S17). Our results based on the
well‐calibrated and evaluated model and bias‐corrected and downscaled climate projections suggest that
there is a robust increase in the magnitude and frequency of extreme precipitation and flood events under
the warming climate in Godavari basin.

4.5. Role of IHCs on Projected Floods

Next, we estimated PFEP for all the fifteen combinations (five GCMs and three RCPs) at the four gage stations
for the historic (1971–2000) and projected future (2071–2100) periods using the same methodology that was
used for the observed climate (1955–2016). First, we estimated PFEP for each GCMs/RCPs at each station and
thenmultimodel ensemble mean PFEP was estimated for the historical and projected future climate. We find
that all four stations follow the same trend of a decline in PFEP with an increase in catchment size for the his-
toric period. Moreover, notwithstanding a large intermodel variation, PFEP is projected to increase under the
future climate in comparison to the historical period at all the four gage stations of GRB. Furthermore, for the
larger basins, the projected increase in PFEP under the high emission scenario of RCP 8.5 is higher than the
low emission scenario of 2.6 (Figure 8 and Table 2).

Further, we evaluated the number of extreme precipitation events in the future period (2071–2100) that
exceeded the 99th percentile precipitation of historical period (1971–2000) for each GCM and compared
them with the number of events exceeded in the historical period for the same precipitation threshold
(99th percentile of days with precipitation ≥ 1 mm) value. We find an increase in the extreme precipitation
events for all the three emission scenarios (Figure 9 and Table 3). The highest increase in the frequency of
extreme precipitation events was observed under the RCP 8.5, followed by RCP 4.5 and RCP 2.6. Our results
show that by the end of the 21st century (2071–2100) the frequency of extreme precipitation and floods is
projected to rise by two folds or more at all the four locations in Godavari basin (Figure 9 and Table 3).
The difference in the rise in the frequency of extreme precipitation events under the high (RCP 8.5) and
low (RCP 2.6) shows the potential benefits of climate change mitigation (Ali et al., 2019).

IHC plays an important role in floods caused by extreme precipitation events during the observed climate
(1955–2016). We further examined the changes in IHCs for all the extreme precipitation events in the his-
torical (1971–2000) and projected future climate (2071–2100). Here our aim is to diagnose if the increased
probability of floods under the warming climate in the GRB is driven by the changes in the frequency of

Table 2
Multimodel Ensemble Mean of the Probability of Floods Driven by
Extreme Precipitation (PFEP) for the Historic (1971–2000) and
Future Periods (2071–2100)

Stations Historic RCP 2.6 RCP 4.5 RCP 8.5

SIRPUR Mean 0.60 0.71 0.70 0.69
Std. deviation 0.24 0.22 0.20 0.24

TEKRA Mean 0.58 0.71 0.63 0.66
Std. deviation 0.21 0.18 0.19 0.22

PERUR Mean 0.52 0.68 0.66 0.72
Std. deviation 0.23 0.19 0.16 0.18

POLAVARAM Mean 0.50 0.64 0.67 0.70
Std. deviation 0.22 0.20 0.18 0.17

Note. RCP = Representative Concentration Pathway.
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extreme precipitation events or changes in IHCs. To do so, we compared the extreme precipitation events
that occurred on wet IHC (EPWIHC) by taking the ratio of the number of extreme precipitation events that
occurred on wet IHC and the total number of extreme precipitation events for the historical and future
periods. Wet or non‐wet IHCs in both historical and future periods were identified using the
cumulative distribution of 7‐days averaged soil moisture (0–6 days from the day of extreme
precipitation) of the historic period. The increase in the probability of floods caused by extreme
precipitation is mainly associated with the increased frequency of extreme precipitation events instead
of the increase in the wet IHCs, which can be associated with the interstorm duration under the
projected future climate (Figure 9). For instance, if the interstorm duration is less, the IHCs may not
play a considerable role in floods.

Figure 9. (a–d) Multimodel ensemble mean ratio of number of extreme precipitation events in future (2071–2100) period
to the historical (1971–2000) period that exceeded the 99th percentile precipitation of historical period for the three
Representative Concentration Pathways (RCPs). (e–h)Multimodel ensemble mean ratio of extreme precipitation occurred
on wet initial hydrologic condition in the historic and future periods to the total number of extreme precipitation
events for the historical and future periods for the three RCPs at Sirpur, Tekra, Perur, and Polavaram. Error bars represent
one standard deviation for values from the five general circulation models.

10.1029/2019WR025863Water Resources Research

GARG AND MISHRA 9205



Apart from the multimodel ensemble mean changes in PFEP, we also evaluated the changes in each GCMs at
the four gage stations of GRB. We find that among the five GCMs, GFDL‐ESM 2M and CESM1‐CAM5 show
higher PFEP, while MPI‐ESM‐LR, NorESM1‐M, and BNU‐ESM show relatively lower values of PFEP. To
further diagnose this intermodel variability among the five GCMs, we compared basin averaged extreme pre-
cipitation (more than the 99th percentile of rainy days) in the five GCMs for historical and future periods. We
estimated the kernel density (Terrell & Scott, 1992) at each station for each combination of GCMs and RCP.
Our results show that kernel density for GFDL‐ESM 2M and CESM1‐CAM5 for extreme precipitation is
higher, whereas kernel density forMPI‐ESM‐LR, NorESM1‐M, and BNU‐ESM is lower (Figure S18). We find
that GFDL‐ESM 2M and CESM1‐CAM5 produce much higher extreme precipitation in comparison to the
other GCMs. Therefore, PFEP is higher for these two GCMs. These results are consistent with our observa-
tional analysis that shows that PFEP increases with the increase in the magnitude of extreme precipitation.
Therefore, our results show that the risk of flooding in GRB is projected to increase due to an increase in
the frequency and magnitude of extreme precipitation. Moreover, the increased frequency of floods under
that projected future climate will be mainly due to the rise in the frequency of extreme precipitation instead
of wet IHCs.

5. Discussion and Conclusions

The frequency and intensity of extreme precipitation have increased in response to the warming climate in
many parts of the world (Min et al., 2011; Mishra et al., 2012; Westra et al., 2013). The rise in extreme preci-
pitation in the warming climate is directly linked with the rise in atmospheric water vapor, which can be
explained by the Clausius‐Clayperon relationship (Ali & Mishra, 2018; Trenberth et al., 2003; Wasko &
Sharma, 2015). The flood risk is projected to increase in the future climate globally (Ali et al., 2019; Arnell
& Gosling, 2016; Hirabayashi et al., 2013; Milly et al., 2002). However, changes in floods and extreme preci-
pitationmay not be directly linked due to the role of land surface characteristics.We find that at the four loca-
tions of the GRB, only 50–70% of extreme precipitation events result in floods. While our findings are limited
to the four locations in GRB,Wasko and Sharma (2017) estimated the sensitivity of extreme precipitation and
streamflow at a global scale and reported that an increase in extreme precipitation does not result in a similar
increase in streamflow.Wefind thatmore than 80% of extreme precipitation events that causedfloods inGRB
occurred on wet initial hydrologic conditions. Moreover, initial hydrologic conditions play a relatively lesser
role on floods for the smaller basins as we observed at Sirpur in GRB. Consistent with our findings, Wasko
and Sharma (2017) also reported that initial hydrologic conditions might become less relevant in increased
extreme precipitation and reduced basin size cases. Similarly, Berghuijs et al. (2019), based on the analysis
conducted in many catchments in Europe, reported that relatively few annual flood peaks were caused by
annual maximum precipitation. In our study, we only considered daily extreme precipitation and floods.
Moreover, antecedent moisture conditions were also based on daily soil moisture estimates in GRB. In smal-
ler basins, sub‐daily precipitation extremes and antecedent moisture conditions can play a major role in
floods. For instance, Cao et al. (2019) reported that storm runoff‐precipitation ratio increases with

Table 3
Multimodel Ensemble Mean Ratio of Number of Extreme Precipitation/Flood Events in the Future Period (2071–2100)
to the Historical Period (1971–2000) That Exceeded the 99th Percentile Precipitation/Streamflow of Historical Period
(1971–2000) for Three Representative Concentration Pathways (RCPs) at Four Gage Stations in the Godavari River Basin

Stations RCP 2.6 RCP 4.5 RCP 8.5

SIRPUR Extreme precipitation 1.34 2.00 2.23
Floods 1.43 1.86 1.78

TEKRA Extreme precipitation 1.56 1.86 2.26
Floods 1.46 1.87 1.73

PERUR Extreme precipitation 1.50 2.13 2.54
Floods 1.70 2.26 2.19

POLAVARAM Extreme precipitation 1.54 2.01 2.56
Floods 1.71 2.27 2.23

10.1029/2019WR025863Water Resources Research

GARG AND MISHRA 9206



prestormwetter conditions. They (Cao et al., 2019) also reported that the role of initial moisture conditions is
stronger for the larger catchments, which is consistent with our findings.

We estimated the projected changes in floods and extreme precipitation at the four locations of GRB using
downscaled and bias‐corrected data from CMIP5‐GCMs. The role of the initial hydrologic condition and
extreme precipitation may not be static under the changing climatic conditions. This is mainly because of
the rise in extreme precipitation frequency and intensity under the warming climate, which is also shown
by our results based on the projections from CMIP5‐GCMs. Moreover, precipitation characteristics (Asoka
et al., 2018) associated with the number of rainy days and distribution of precipitation during the monsoon
seasonmay change in the future, which can result in the changes in initial hydrologic conditions. The projec-
tions of flooding are uncertain due to the combined effect of changing IHCs and extreme precipitation in the
future climate (Kundzewicz et al., 2014). We find that both extreme precipitation events and floods are pro-
jected to increase in GRB. However, the projected changes in extreme precipitation and floods vary with the
locations as well as emission scenarios. We find that the increased frequency of floods in the future climate is
largely contributed by the rise in extreme precipitation events in GRB.

Based on our findings, the following conclusions can be made:

1. Annual maximum precipitation has significantly increased in the catchments upstream of the four gage
stations in the GRB during the period of 1955–2016. However, the increase in annual maximum stream-
flow was not statistically significant at any of four locations, indicating that an increase in extreme pre-
cipitation does not directly translate into the rise in annual maximum streamflow. The disparity in the
changes in annual maximum extreme precipitation and streamflow are attributable to the role of land
surface (catchment characteristics and antecedent moisture conditions) in the flood generation processes
(Berghuijs et al., 2019; Cao et al., 2019; Ivancic & Shaw, 2015; Li et al., 2009; Radatz et al., 2012; Tramblay
et al., 2010).

2. The probability of floods driven by extreme precipitation (PFEP) varies between 0.55 and 0.7 at the four
gage stations of the GRB. We find that the PFEP declines as the size of the river basin increases, which
might be associated with the spatial distribution of extreme precipitation in the basin. At all the four loca-
tions in the GRB, more than 80% of extreme precipitation events that caused floods, occurred on wet
antecedent moisture conditions. Moreover, more than 50% of extreme precipitation events that did not
cause floods occurred on non‐wet antecedent moisture conditions during the observed period (1955–
2016) period.

3. The frequency of extreme precipitation and flood events is projected to increase at all four locations of the
GRB under the future climate (2071–2100). However, the rise in extreme precipitation and flood events is
higher under RCP 8.5 in comparison to RCP 2.6. Here it is important to note that we did not consider the
projected changes in land use under the future climate, which may also considerably influence the floods
in GRB.

4. PFEP is projected to increase under the future climate in comparison to the historical period at all the four
gage stations of GRB. The frequency of extreme precipitation events is projected to rise by two folds or
more at all the four locations in Godavari basin, and the increased frequency of floods under the future
climate will largely be driven by the rise in the extreme precipitation events rather than wet antecedent
moisture conditions. Our results show that climate change mitigation can be beneficial in reducing the
frequency of floods in GRB. However, the observed and projected changes in the floods can be influenced
by both anthropogenic (land use/land cover and reservoir operations) and climatic factors (extreme pre-
cipitation, initial moisture condition, and interstorm duration) that need to be evaluated in the future
work.
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