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Abstract

Widespread floods affecting multiple subbasins in a river basin are more disastrous than localized flooding. Understanding
the mechanisms, drivers and probability of widespread flooding is pertinent for devising suitable policy measures. Here, we
investigate the occurrence and drivers of widespread flooding in seven Indian sub-continental river basins during the observed
climate (1959-2020). We use a novel methodology for determining widespread floods and a non-stationary extreme value
distribution to identify the mechanisms of widespread flooding. We find that the peninsular river basins have a high probability
of widespread flooding, while the transboundary basins of Ganga and Brahmaputra have a low probability. In addition to
wet antecedent conditions, the relative rareness of high flows across different subbasins is crucial in explaining the variability
of widespread flood probability across different river basins. Our results show that favourable antecedent baseflow and soil
moisture conditions, uniform precipitation distribution, and streamflow seasonality determine the seasonality and probability
of widespread floods. Further, widespread floods are associated with large atmospheric circulations, resulting in near-uniform
precipitation within a river basin. Moreover, we found no significant relation between widespread floods and oceanic circulations.
Our findings highlight the prominent drivers and mechanisms of widespread floods with implications for flood mitigation in
India.
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Key points
e There is a high probability of widespread flooding (>15%) in the peninsular river
basins in India.
e Moist antecedent conditions and streamflow seasonality determine the timing and
probability of widespread floods.
e The variability in the probability of widespread flooding across different river basins
depends on the extremeness of flood peaks

Abstract

Widespread floods affecting multiple subbasins in a river basin are more disastrous than
localized flooding. Understanding the mechanisms, drivers and probability of widespread
flooding is pertinent for devising suitable policy measures. Here, we investigate the
occurrence and drivers of widespread flooding in seven Indian sub-continental river basins
during the observed climate (1959-2020). We use a novel methodology for determining
widespread floods and a non-stationary extreme value distribution to identify the mechanisms
of widespread flooding. We find that the peninsular river basins have a high probability of
widespread flooding, while the transboundary basins of Ganga and Brahmaputra have a low
probability. In addition to wet antecedent conditions, the relative rareness of high flows
across different subbasins is crucial in explaining the variability of widespread flood
probability across different river basins. Our results show that favourable antecedent
baseflow and soil moisture conditions, uniform precipitation distribution, and streamflow
seasonality determine the seasonality and probability of widespread floods. Further,
widespread floods are associated with large atmospheric circulations, resulting in near-

uniform precipitation within a river basin. Moreover, we found no significant relation
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between widespread floods and oceanic circulations. Our findings highlight the prominent

drivers and mechanisms of widespread floods with implications for flood mitigation in India.

Keywords: widespread floods, antecedent soil moisture, baseflow, non-stationary flood

modelling, flood drivers, flood mechanisms

1. Introduction

Flood is a predominant natural disaster in India, with more than 390 million people exposed
to a high risk of flooding (Rentschler et al., 2022). India receives 80% of the total annual
rainfall in four months during the southwest monsoon season from June to September.
Consequently, the country faces the most devastating floods during the same period
(Nanditha & Mishra, 2022). The high seasonality of the precipitation increases the risk of
spatially and temporally coherent flood events. Widespread flooding that simultaneously
covers a large part of a river basin can have a higher socio-economic risk than localized
flooding. The more disastrous widespread floods reportedly have an entirely different
causative mechanism (Bertola et al., 2020; Merz et al., 2021). However, understanding the
occurrence and drivers of widespread floods in the Indian sub-continental river basins is

limited as the focus has primarily been on localized flooding (Lamb et al., 2010).

Riverine floods are driven by multiple factors, including spatial and temporal distribution of
precipitation, antecedent soil moisture conditions, catchment characteristics, and river system
infrastructures like reservoirs and levees (Berghuijs et al., 2016, 2019; Gilinter Bloschl et al.,
2015; Merz et al., 2021; Sharma et al., 2018; Tarasova et al., 2019). The complex interaction
of land and atmospheric factors in the generation of floods is often cited as a reason for
precipitation trends not translating to floods in most global river basins (Alfieri et al., 2017;
Bloschl, 2022; Sharma et al., 2018; van der Wiel et al., 2018). Wet antecedent conditions due
to prolonged precipitation, rain on snow events that effectively increase infiltration excess
flows, and snow melts are directly associated with high flows compared to extreme
precipitation (Berghuijs et al., 2016; Giinter Bloschl et al., 2019; Ivancic & Shaw, 2015;
Tramblay et al., 2021; Wasko & Nathan, 2019). Therefore, extreme precipitation and land
surface conditions play a significant role in determining the occurrence of localized flooding.
However, widespread flood events could be driven by an entirely different causative

mechanism.
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The occurrence and drivers of widespread flooding have recently received considerable
attention due to loss and damages caused by them ( Di Capua et al., 2021, Fazel-Rastgar,
2020, Merz et al., 2021; Nanditha et al., 2023, Vijaykumar et al., 2021). The causative
hydrometeorological factors of devastating floods have been recognized (Hong et al., 2011;
Lyngwa & Nayak, 2021; Martius et al., 2013; Vijaykumar et al., 2021). For instance, the
2010 Pakistan flood and its teleconnection with the 2010 European heatwave and
atmospheric blocking has been established (Hong et al., 2011; Martius et al., 2013). The 2018
Kerala floods, 2022 Pakistan floods, and lower Mississippi river floods are reportedly
associated with atmospheric rivers that usually carry moisture from the tropics and debouch it
to the extratropics (Lyngwa & Nayak, 2021; Nanditha et al., 2023; Su et al., 2023). We
hypothesize that widespread flooding is associated with widespread extreme precipitation,
concomitantly to large-scale atmospheric circulations apart from the favorable land surface

and catchment characteristics.

In Indian river basins, where rainfall is the dominant precipitation mechanism, wet antecedent
soil moisture is vital in driving high flows (Garg & Mishra, 2019; Nanditha et al., 2022).
Therefore, multiple-day precipitation is a prominent flood driver than short-duration extreme
precipitation (Nanditha & Mishra, 2022). However, the relative role of different drivers can
vary for widespread floods as they are spatially and temporally coherent across a large river
basin area. For instance, Brunner et al. (2020) reported a high susceptibility to widespread
flooding in basins with a highly seasonal flow regime and uniform climatic conditions in the
United States (US). Most Indian sub-continental river basins exhibit a seasonal flow regime;
therefore, there could be a considerable risk of widespread flooding, which has not yet been
examined. Further, there are substantial differences in the climatic and catchment
characteristics across the Indian subcontinental river basins, making it pertinent to understand
the mechanisms that would cause widespread floods. Moreover, considerable variability in
the spatial and temporal precipitation pattern is observed over the Indian subcontinent related
to climate change and direct human interventions (Goswami et al., 2006; Vinnarasi &
Dhanya, 2016a). Since climate change is projected to alter the intensity and frequency of
extreme precipitation, evaluating the drivers of widespread flooding in the observed climate
is imperative (Ali & Mishra, 2018; Krishnamurthy et al., 2009). Here, we aim to address the
crucial research gaps associated with the occurrence, drivers, and mechanisms of widespread
floods in the Indian river basins. We specifically address the following research questions: (1)

What is the probability of widespread flooding in Indian river basins? (2) Is there any
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variability in the seasonal distribution of widespread floods? and (3) what are the prominent

drivers of the widespread floods in Indian river basins?
2. Data and methods
The Variable Infiltration Capacity (VIC) model

Indian sub-continental river basins are considerably influenced by human interventions (e.g.,
reservoirs and irrigation). Hence, there needs to be more consistent records of long-term
observed daily flow that is crucial to examine the occurrence of widespread floods.
Therefore, we conducted simulations of hydrological variables. We used the calibrated
Variable Infiltration Capacity (VIC) hydrological model at 0.25° to simulate daily streamflow
and soil moisture (Liang et al., 1994; 1996). The VIC model is a semi-distributed land surface
model that solves the energy and water budget at each grid cell. Further, the gridded output
from the VIC model is routed using a routing model that uses 1-D St Venant equations to
obtain simulated streamflow at specific locations (Lohmann et al., 1996). We obtained the
daily meteorological forcing (precipitation, maximum and minimum temperatures) required
for the VIC model from the India Meteorological Department (IMD). We used daily gridded
precipitation (Pai et al., 2014) at 0.25° and maximum and minimum temperatures (Srivastava
et al., 2009) from IMD for the 1951-2020 period. The gridded precipitation and temperature
products are developed by interpolating station observations, which include 6995 rain gauges
and 395 temperature stations. We used streamflow observations from India Water Resources
Information System (IWRIS) to evaluate the performance of the VIC model. The model is
calibrated at 23 sub-basins across the seven major river basins in India, where consistent and
long-term records of streamflow observations are available (Nanditha & Mishra, 2022). The
model performance is evaluated using Nash-Sutcliffe efficiency (NSE) [Nash & Sutcliffe,
1970] and coefficient of correlation (r). We obtained NSE above 0.6, and r above 0.75 for
most locations (Table S1), which signifies the satisfactory performance of the VIC model to
simulate daily streamflow. Moreover, the VIC simulated annual maximum flow is also well

correlated with the observations (Figure S1).
Identification of widespread flooding

We considered seven major river basins in the Indian subcontinent, including Ganga,
Brahmaputra, Godavari, Krishna, Mahanadi, Narmada, and Cauvery (Figure 1). As we aim to
examine the occurrence and drivers of the widespread floods, smaller (coastal) river basins

are not considered for the analysis. In the selected seven river basins, we identified 73
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subbasins so that the contributing area is as distinct as possible using the Hydroshed subbasin
and stream network dataset (Lehner, B., 2013). The subbasins closer to the outlet have a
considerable overlapping area with the subbasins upstream in the river basins. Therefore, we
estimated the unique contributing area to each subbasin within a river basin. We used a peak
over a threshold (POT) methodology and estimated the top one percentile flow events (high
flows that exceed the 99™ percentile) in each of these 73 sub-basins. Events separated by 15
days were considered to ensure independence between selected events. For each event, we
estimated the unique area weighted fraction, f, of a basin that experiences high flow during

that particular event (equation 1).

YAl
F=50 e (1)

A; = unique contributing area to each subbasin
I; = binary indicator; 1 if the subbasin, i register high flow (top 1 percentile)
during the particular event and 0 otherwise.

We consider a lag period of +3 days to account for the lag time for the peak flow to reach
different outlet points (Nanditha & Mishra, 2022). If f'is greater than or equal to 0.5, the
particular event was identified as a widespread flood event. Brunner et al. (2020) used a
simple fraction to determine widespread floods within a river basin. We modified the method
and used an area-weighted fraction that accounts for the difference in the area of different
subbasins. Further, the probability of widespread flooding was estimated as the ratio of

widespread floods to the total high-flow events within a river basin.
Flood frequency analysis

The widespread flood in a river basin can occur as: (1) rare events at a few subbasins drive
high flow across the different downstream subbasins, and (2) simultaneous occurrence of
high flow events with lower return periods in multiple subbasins. We fit an extreme value
distribution to each subbasin's annual maximum flow time series. We use Generalized
Extreme Value (GEV) distribution as it is suitable for block maxima-based extreme value
time series (Coles, 2001; Katz et al., 2002). We considered stationary and a couple of non-
stationary models with time [Non-Stationary Type I to III] and standardized departure of

annual maximum precipitation [Non-Stationary Type IV to VI] as covariates [c(t)]. We used
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the extRemes package in R (Gilleland & Katz, 2016) and the maximum likelihood estimation
method to fit the distribution (Table S2).

Stationary model:

GEV = f(l,0,€) wevvvvninininnnnn. )
where | is the location, o is the scale, and ¢ is the shape parameter of the model.

Time [¢] and standardized departure of annual maximum precipitation [p(2)] for each sub-
basin were used as covariates [c(?)] for the non-stationary models. We consider linear
variation in the location, scale, and shape parameters. In Non-stationary type I and IV
models, we used a time-varying location parameter with time and precipitation as covariates
and constant scale and shape parameters (equations 3-4). In type Il and V models, we used
time-varying location and scale parameters with a constant shape parameter (equations 4-6);
in type III and VI models, we used time-varying location, scale, and shape parameters
(equations 4,6-8). We find that 19 subbasins exhibited non-stationarity in the annual
maximum flow based on the likelihood-ratio test (at 95% significance level) and Akaike and
Bayesian Information Criterion (AIC, BIC) [Table S2, Coles, 2001; Ouarda & Charron,
2019].

Non-stationary Type [ and I'V:
GEV = f(u(t),0,€) wevvvivinininnnnn. 3)
u) = po +pc(t) coveviniin 4)
Non-stationary Type Il and V:
GEV = f(u(t),a(t),€) cevvenrnnnnn.. (5)
a(t) =log+oc(t)] evinininnnnn.. . (6)
Non-stationary Type III and VI:
GEV = f(u(t),a(t),e(t)) ..ccoevvnn.... (7)
) =€+ &c(t) coivriiiiiniiinin ®)
Soil moisture, baseflow, and atmospheric variables

Next, we examined the soil moisture, baseflow, and atmospheric conditions before the

widespread floods to understand the atmospheric and catchment characteristics associated
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with the events. Basin averaged seven-day mean soil moisture (~30 cm soil layer) simulations
from the VIC model were used to assess the antecedent soil moisture conditions. We used
Eckhardt digital filter to determine the baseflow component (Eckhardt, 2005, equation 9),
which classifies high frequency fluctuations in streamflow to quick flow and the slow
frequencies to baseflow (Eckhardt, 2008). Baseflow measurements are difficult to obtain,
therefore, it is challenging to assess the accuracy of any baseflow identification methods. Xie
et al. (2020) evaluated different baseflow separation methods based on the strict baseflow
points (the points where the quick flow and interflow cease to exist) constructed using
streamflow observations in catchments across the contiguous USA. They found the two-
parameter-based Eckhardt digital filter performs well without using hydrogeological
parameters of a catchment in the equation. The filter requires the recession constant, a, and
maximum baseflow index (BFI,,,y) for estimating baseflow from total runoff. BFI,,.x depends
on the hydrological and geological characteristics of the basin. However, without these
datasets, BFI,,x can be estimated using the recession constant by applying a backward pass

(Collischonn & Fan, 2012)[equations 10 and 11].

b; = Li-10- B lma)* A=) QiBFlmax 9)

1—aBFlyqy

subjectto b; < Q;

subject to a maximum of 0.8 suggested by Eckhardt (2008) for perennial and porous aquifers.
Where Q;is the total runoff or streamflow, and b; is the baseflow at the i™ instant.

BFI,.x estimated for each subbasin is listed in the supplementary Table S3. We used a
recession constant, 0=0.95, uniformly for all the subbasins. A lower a and BFI,,,x are
reported to improve the baseflow comparison with strict baseflow points; therefore, we used a
uniform a = 0.95 (Xie et al., 2020). However, optimizing the values of o and BFI,,,x based on

the hydroclimatological characteristics of a basin can further provide robust estimates.

Atmospheric variables from the European Reanalysis (ERA 5) [Hersbach & Dee, 2016] is
used to evaluate the atmospheric conditions before widespread flood events. We estimated

the vertically integrated moisture transport using the eastward and northward components of
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moisture flux variables (q,, and q,) [Equation 12]. We also estimated the mean seal level

pressure anomalies considering 1991-2020 as the reference period.

VT =q2+q2 ..ccooveven . (12)

Sea surface temperature (SST) anomalies in the eastern Pacific and the Indian Ocean regions
are associated with the annual variability in the summer monsoon (JJAS) season precipitation
over India (B. Goswami, 1998; Saji et al., 1999; Walker, 1925). We obtained Nino 3.4 index
and Indian Ocean Dipole (I0D) Mode Index from the NOAA National Weather Service
(NWS) Climate Prediction Centre (CPC) and Australian Bureau of Meteorology, respectively
to evaluate the association of SST anomalies with the occurrence of WF events (Nanditha et

al., 2022).
3. Results
3.1. The probability of widespread flooding

First, we examined the probability of widespread flooding in the Indian subcontinental river
basins from 1959-2020. Peninsular river basins have a high likelihood of widespread
flooding, with the Narmada basin (35%) topping the list, followed by Mahanadi (31% each),
Godavari (22%), Cauvery (18%) and Krishna (16%) [Figure 1]. In contrast, the Ganga basin
has the least probability (3%), while the Brahmaputra has a slightly higher probability (8%)
[Table S5]. We estimated widespread flood probability in each decade from 1961-2020 to
further understand interdecadal changes in the probability. We did not find any significant
trend in decadal probability across the seven river basins from 1961 to 2020 (Figure 1). While
the Narmada and Mahanadi basins show a slight increase in the probability towards the end
of the observational period, the Brahmaputra River basin has experienced a decline in the last
three decades (1991-2020). Overall, there was no significant trend in widespread flooding in

the Indian sub-continental river basins during 1959-2020.
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Figure 1. Study area and WF probability. We used 73 subbasins in the seven major river
basins. The black line and thin grey lines indicate the boundary of major basins and sub-
basins, respectively. The red asterisk indicates the sub-basin outlets. (a-g) show the change in
WF probability per decade from 1961-2020 in seven major basins.

The high variability in the probability of widespread flooding among the Indian sub-
continental river basins indicates the role of various catchment and atmospheric

characteristics of a river basin. The catchment characteristics such as slope, area, stream
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density, river network, and soil types determine the connectivity within different subbasins
and the time required for the peak flows in upstream basins to reach the downstream basins
(Brunner et al., 2020; Sharma et al., 2018; Sofia & Nikolopoulos, 2020; Wang et al., 2021).
The hydrological characteristics like the flow regime of a basin and the antecedent moisture
conditions of the catchment in terms of soil moisture, baseflow, and rainfall, have a
significant influence on flood peaks (Berthet et al., 2009; Bloschl, 2022; Pathiraja et al.,
2012; Wasko et al., 2020; Wasko & Nathan, 2019). Similarly, the atmospheric and climatic
characteristics also influence the timing and magnitude of flood peaks and hence would
influence widespread flooding (Brunner et al., 2020; Su et al., 2023). Here, we focus on the
atmospheric and land surface processes that drive the widespread flooding pattern across the
river basins. We specifically consider the role of streamflow seasonality, spatial and temporal
precipitation patterns, and antecedent soil moisture and baseflow conditions before the flood-

driving storms.
3.2 Role of rainfall and streamflow seasonality

Next, we evaluate the seasonal pattern of widespread flood probability in the Indian sub-
continental river basins to unravel the role of streamflow seasonality. August is the only
month in which widespread floods occur in all seven river basins. August has the highest
widespread flood probability in the Indian sub-continental river basin except in the Krishna
River basin (Figure 2). Godavari, Mahanadi, and Narmada basins experience widespread
flooding in the summer monsoon months of July, August, and September (Figure 2j, 1, m).
Most subbasins in Cauvery receive rainfall during the northeast monsoon season (October-
December); hence, widespread flooding in the basin occurs from June to December (Figure
2g, n). Notwithstanding high flows occurring in the non-monsoon season, widespread floods
occur only in the summer monsoon months in the Brahmaputra basin. Therefore, the
widespread flood probability during the summer monsoon (JJAS) is around 9% in the
Brahmaputra basin. The highest frequency of widespread floods in the basin occurs in
August, with a probability of 15% (Figure 2b, I, Table S5). Our results show a strong

seasonality in the WF probability in the subcontinental river basins.

10
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Figure 2. Seasonality of WF flooding. Figures a-g show the seasonal distribution of

widespread floods (colored bars) in each basin from 1959-2020. Every month is sliced into
two halves for analysis. The orange circles show the mean fraction of the basin area that
experiences widespread flooding in each biweekly period. Figures (h-n) show the

corresponding WF probability in each biweekly period.
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The seasonality in the widespread flood probability is related to the temporal rainfall
distribution pattern over India. India receives around 80% of the total annual precipitation
during the monsoon season from June-September (Shukla & Huang (2016), Figure 3). While
the Brahmaputra basin receives precipitation much early during the season, the Cauvery basin
receives most precipitation from October to December in the northeast monsoon season
(Fukushima et al., 2019). The rest of the basins receive precipitation mainly during the
summer monsoon season (June-September). Therefore, the widespread flood probability
during the monsoon season differs greatly from the annual probability except in the Cauvery
basin. In the Cauvery basin, the widespread probability increases by more than 50% during
the summer monsoon season (Table S5). Relatively few high-flow events occur during the
summer monsoon season in the basin, but most of those events cause widespread flooding,
thereby increasing the WF probability during the monsoon season. In general, all basins
ubiquitously exhibit high widespread flood probability in the summer monsoon months from
June to September. Therefore, it becomes imperative to understand the reason for the high
WEF probability in the peak monsoon months in most river basins. Henceforth, we examine

the role of rainfall distribution and antecedent moisture conditions.

Next, we evaluate the role of rainfall patterns that could explain the seasonality and
variability in widespread flooding across the river basins. The peninsular rivers of Narmada,
Mahanadi and Godavari lie in the core monsoon region and receive more rainy days during
the summer monsoon season with the least spatial variability (coefficient of variation less
than 14%) [Figure 3]. Further, the median inter-storm duration between rainy days (>5mm)
ranges from 3-4 days in these basins (Table S6). Therefore, continuous dry days are relatively
lower in these three central Indian basins. Even though the Brahmaputra basin receives the
highest number of rainy days, the spatial variability is relatively higher (Figure 3a-b). The
upper parts of the basin receive relatively low total precipitation implying that these regions
receive temporally distributed low-intensity precipitation (< 35 mm) [Figure 3a-b, S2b].
Similarly, the upper subbasins in the eastern part of the Ganga basin have lower rainy days
resulting in a high coefficient of variability. But the spatial pattern of rainy days in the
summer monsoon season over the Gangetic basin is similar to the total rainfall distribution in
the same season, unlike the Brahmaputra basin. Thus, the Ganga River basin experiences
high spatial variability in rainy days as well as in total rainfall. Therefore, the uniform
distribution of precipitation across the river basins of Narmada, Mahanadi, and Godavari

plays a predominant role in translating the high flows in these basins to widespread flooding.
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Hence, the location of these catchments in central India, a core monsoon region, increases the

probability of widespread floods in these basins.

Rainy Days Total precipitation

1 1

20 40 60 80 100 120 140 60 80 100 120 140 160 180 200
Rainy Days Precipitation (cm)

Figure 3. Climatology of rainy days and total precipitation. Figure (a) shows the
climatology of rainy days during the summer monsoon season (June-September) across the
Indian subcontinental river basins. The numbers indicate the spatial coefficient of variation,
CV of rainy days within each basin. CV is estimated as the ratio of the standard deviation of
rainy days within each basin to the average rainy days in each basin.

[CV = 100 * std(rainy days)/mean(rainy days]. Figure b shows the climatology of
total monsoon season precipitation. Figures (c-d) is same as (a-b), but for the calendar year
(January-December).

The Cauvery and Krishna River basins have a relatively high coefficient of variation (CV)
during the summer monsoon season compared to the other peninsular rivers. Therefore, the
widespread flood probability in Krishna is lower than in other peninsular rivers. Considering
the total annual precipitation, there is less variability on rainy days in Cauvery and Krishna

than Ganga and Brahmaputra basins (Figure 3). Thus, Krishna and Cauvery show higher WF
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probability than Ganga and Brahmaputra basins. However, Cauvery has a higher WF
probability during the monsoon season (~31%) [Table S5]. The high WF probability of
Cauvery during the monsoon season could be more related to catchment size than spatial
distribution of precipitation. Cauvery is the smallest basin considered in the study, with a
catchment area of 81,155 km”. Consequently, the chance for simultaneous occurrence of high
flows increases across the subbasins due to the relatively uniform distribution of flood-
driving storms (G Bloschl et al., 2007; Sharma et al., 2018). We find that the spatial
distribution of rainfall can explain the variability of WF probability across different river
basins. However, to understand the reason for the high WF probability during the monsoon

season, we investigate the catchment moisture conditions prior to widespread flooding.
3.3.Role of antecedent soil moisture and baseflow

We examine the antecedent soil moisture and baseflow conditions prior to the major
precipitation event associated with all high-flow events in the river basins to understand the
linkage between catchment processes and widespread floods. We find that a relatively high
soil moisture percentile prevailed in all the subbasins before the storms that caused
widespread flooding compared to those that did not result in widespread floods (Figure 4 a-
g). The seven-day mean soil moisture above the 95™ percentile persisted before widespread
floods in all the river basins except for Cauvery. Further, we observe low variability in soil
moisture percentiles across the subbasins among the peninsular rivers excluding Cauvery. We
find that the probability of widespread flooding increases when the catchment averaged soil
moisture percentiles are higher. A higher antecedent soil moisture condition prevails due to
storms occurring before the specific event or higher humidity during the monsoon season that

reduces the bare soil evaporation (Pathiraja et al., 2012; Tramblay et al., 2021).

Similar to soil moisture, the persistence of higher antecedent baseflow conditions is observed
to increase the probability of widespread flooding in a river basin (Figure 4 h-n). The
baseflow component in the river basins peaks in the middle of the summer monsoon season
in most basins because of sustained precipitation. The antecedent baseflow significantly
influences flood peaks (Ettrick et al., 1987; Merz et al., 2021). Similarly, wet antecedent soil
moisture conditions play a crucial role in driving high flows (Berghuijs et al., 2016;
Hettiarachchi et al., 2019; Kim et al., 2019; Nanditha & Mishra, 2022; Wasko & Nathan,
2019). The summer monsoon season precipitation begins towards the end of May in the

Brahmaputra basin to early July in the Narmada basin (IMD). Therefore, the wet antecedent
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conditions occur by the end of July and early August due to continuous precipitation.
Similarly, the baseflow fraction of the total runoff also increases, providing favorable
conditions for widespread floods across the basins. Further, an increase in rainy days could
sustain favorable conditions, whereas long break spells may cause soil drying and a dip in the
baseflow components (Ettrick et al., 1987; Sharma et al., 2018). Overall, the antecedent soil
moisture and baseflow conditions explain the seasonality of widespread floods in all the river

basins.

The widespread flood probability depends on the area fraction and POT thresholds used to
identify the events. We assessed the sensitivity of widespread flood probability to POT
thresholds (98,99, 99.5, 99.8 and 99.9) and area fraction (0.5, 0.6, 0.7,0.8,0.9 and 1) [Figure
S3]. As expected, the WF probability reduces with an increase in area fraction and the POT
thresholds in most basins. The peninsular river basins of Godavari, Cauvery, and Narmada
exhibit a high probability (>10%) of more severe (>99.9 percentile) widespread flooding. We
observe non-occurrence of severe widespread flooding and widespread flooding that cover a
large basin fraction (>0.7) in the Ganga basin. The Cauvery river basin shows a low
sensitivity of widespread probability to flood severity (~18% widespread flood probability
for 99.9 POT thresholds) [Figure S3]. We analyzed the seasonal pattern of WF probability
and studied the possible drivers, including streamflow seasonality, the spatial distribution of
rainy days, and antecedent moisture conditions. We found the streamflow seasonality and
antecedent moisture conditions explain the observed seasonality of widespread flooding. The
spatial distribution of rainfall and rainy days could explain the variability of widespread flood
probability across the major river basins. However, constant catchment characteristics like
the stream network pattern, stream density, and slope can further explain the variability

observed in the flooding pattern (Brunner et al., 2020).
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Figure 4. Antecedent soil moisture and baseflow conditions. Figures (a-g) show the
composite of seven-day mean soil moisture percentiles 10 days before the precipitation to day
0 before widespread floods (blue color) and high flows that do not cause widespread floods
(brown color) for each basin. The thick line shows the median soil moisture percentile on
each day for all the sub-basins within a basin. The shading shows the 25™ and 75" percentile
of soil moisture of all the sub-basins. The uncertainty band depicts the variability across the
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sub-basins. Figures (h-n) show the same for the antecedent baseflow conditions. Eckhardt's
digital filter is used for estimating the base flow from routed VIC streamflow simulations.

3.4. Atmospheric and oceanic drivers of widespread flooding.

We assessed the hydrometeorological drivers determining the seasonality and variability of
widespread flood probability. Further, we evaluate the atmospheric and oceanic conditions,
for which we selected the top widespread flooding events in all the seven subbasins in terms
of the areal coverage and magnitude. We investigated the atmospheric characteristics —
integrated water vapour transport (IVT) and mean sea level pressure anomaly — associated
with the day of maximum catchment-averaged precipitation that drives widespread flooding.
We find a unique atmospheric pattern related to widespread flooding in all the river basins,
exhibiting a low-pressure system and high moisture transport (Figure 5 a-f). Further, in all
seven basins except Cauvery, the movement of the southwest monsoon system that crosses
the Indian peninsular region is evident (Figure 5f). We also observe a near-uniform
distribution of precipitation over the river basins (Figure 5 h-n) associated with large-scale
atmospheric circulations. Intense moisture transport is often associated with large-scale
precipitation (Merz et al., 2021; Su et al., 2023; van der Wiel et al., 2018). The seven-day soil
moisture percentiles depict a slow increase towards the day of maximum precipitation,
highlighting the role of antecedent rainfall [Bloschl, 2022; Merz et al., 2021] (Figure 4 o-u).
Overall, we observed intense moisture transport and wet antecedent conditions associated

with the top widespread floods in all seven river basins.

Further, we assessed whether widespread flooding relates to larger oceanic circulations. We
checked the association of the years in which widespread flooding occurred in each basin
with EINino, LaNina, Neutral, positive Indian Ocean Dipole (IOD), and negative IOD years.
We considered only widespread floods wherein any subbasin within a basin registered high
flows exceeding a return period of 20 years to ensure event rarity. We did not find any
specific association between the occurrence of widespread flooding the prominent oceanic
circulations. The lack of association implies that the occurrence of widespread flooding is
more associated with the existence of favorable antecedent catchment moisture conditions

and precipitation.
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423  Figure 5. Atmospheric and catchment characteristics associated with WF events. We
424  considered a single WF event in each basin with the highest fractional area and RP and

425  identified the associated precipitation event. Figures (a-g) show the mean sea level pressure
426  anomaly (blue contours) and integrated vertical moisture transport (IVT) [both vectors and
427  shading] on the day of maximum catchment averaged precipitation (day 0). Figures (h-n)
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show the spatial distribution of precipitation on the same day. Figures (o-u) show the
precipitation hyetograph six days before the precipitation to day 0 (blue bars) and the seven-
day mean soil moisture percentile (brown line) for the same period.

Regional variability in the onset, intensity, rainfall distribution, and length of dry and wet
spells are observed over the Indian region (Ghosh et al., 2011; B. N. Goswami et al., 2006;
Krishnamurthy et al., 2009; Malik et al., 2016). A change in the precipitation pattern has been
observed in northeast India in the recent decades (1973-2019), reportedly connected to the
changes in the surface temperature of the Arabian sea (Kuttippurath et al., 2021). Vinnarasi &
Dhanya (2016) reported an increase in the duration of dry spells, intensification of
precipitation during wet spells and temporal shifts in precipitation patterns during the summer
monsoon season. In addition to climate forcing, direct anthropogenic factors such as land use
and land cover changes, urbanization, and local changes in aerosol concentrations influence
the precipitation variability observed over India adding further complexities to monsoon
prediction (Vinnarasi & Dhanya, 2016). The changes in the onset of the summer monsoon
and spatial and temporal variability within the monsoon season would alter the timing and

probability of widespread flooding (Hrudya et al., 2021; Malik et al., 2016; Mishra, 2018).
3.5. Mechanisms of widespread flooding

Finally, we test the following hypothesis to understand the driving mechanism of widespread
flooding in different catchments. We hypothesize that widespread flooding can occur in two
scenarios; (I) widespread floods driven by rare high flow events in fewer subbasins and (II)
widespread floods caused due to the simultaneous occurrence of low return period flows
among most subbasins. In the peninsular rivers, more than half of the total widespread
flooding is caused by scenario II (Figure 6 c-g). Less than half (quarter) of the widespread
flooding results from at least one subbasin recording return period greater than 10 (RP >20)
[Figure 6]. However, in the Ganga basin, in all the widespread flooding (in 3 of the 7 events)
at least one subbasin records a return period greater than 10 (RP >20), while in the
Brahmaputra basin, 75% (38%) of widespread flooding are driven by high flows with RP
greater than 10 (RP>20) (Figure 6 a-b). We can ascertain that the widespread floods
probability in large river basins highly depends on rare events in a few subbasins. In contrast,

the peninsular rivers are less dependent on extreme events.
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Figure 6. Return period of widespread floods. Figures (a-g) show the fraction of all sub-
basins within a basin that experience widespread flooding with return period in a particular
category. The number corresponding to the bar depicts the sample size. For instance, Figure
3(a) shows that of the 7 widespread floods in the Ganga basin, at least one subbasin

experienced a RP below 10 (above 10). Similarly, in 3 widespread floods in the Gangetic

basin, at least one subbasin experienced a RP above 20. Note that the fraction mentioned here
is not the area-weighted fraction used to determine widespread floods. The boxes indicate the
25™ and 75 percentiles, the horizontal line indicates the median and the whiskers correspond

to the minimum and maximum fractions.

The Brahmaputra has the highest fraction of the area exposed to low-intensity precipitation

(Figure S2). Therefore, despite having an increased number of rainy days in the Brahmaputra

basin, due to the predominance of low-intensity precipitation —especially in the upper parts

of the basin— the widespread flood probability becomes lower (see section 3.2). The Ganga

basin, with fewer rainy days and a high percentage of low-intensity precipitation, similarly

reduces the widespread flood probability. On the other hand, in the peninsular river basins,
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low-intense precipitation and corresponding low flows most often drive widespread flooding

and hence have a high widespread flood probability.

The projected changes in the intensity, magnitude and pattern of precipitation distribution in a
warming climate could alter the seasonality and magnitude of widespread floods probability
(Chinita et al., 2021; Hirabayashi et al., 2021; Pfahl et al., 2017; Trenberth et al., 2003).
Rarely events in fewer subbasins drive widespread floods in large river basins like
Brahmaputra and Ganga. In contrast, the simultaneous occurrence of the low return period
(return period <10) flows most often drives widespread floods in the peninsular river basins.
There is a high probability of an increase in the magnitude of rare extreme precipitation
events in a warming climate (Barbero et al., 2017; Myhre et al., 2019; Papalexiou &
Montanari, 2019; Zhang & Zhou, 2019). Goswami et al. (2006) reported an increase in the
frequency and magnitude of extreme precipitation and a decrease in moderate precipitation
over the Indian region. Extreme precipitation and consequent flows in the upper parts of a
basin could, therefore, trigger more widespread flooding in a warming climate in the large

river basins.
4. Conclusions

We identified the major drivers and mechanisms of widespread flooding in the Indian
subcontinental river basins. There is a high probability of widespread flooding across all
seven river basins during the summer monsoon season. We found that the spatial pattern of
precipitation, antecedent moisture conditions, and the return period of streamflow in different
subbasins influence the seasonality and variability of widespread floods in different river
basins. Moreover, widespread flooding is associated with intense moisture transport and large
atmospheric circulations. Understanding the drivers of widespread flooding in the observed
climate is imperative to evaluate the projected changes in these drivers in a warming climate.
The future changes in the drivers of widespread flooding would aid in determining the
changes in widespread flooding and deciding adequate catchment scale management policies

(Villarini & Wasko, 2021).

Other critical natural factors may control the widespread floods in a basin, such as the stream
network pattern and density, the topography of a basin, and geomorphological characteristics
(Brunner et al., 2020). The stream network pattern and density determine the connectivity
within each subbasin. Similarly, the slope of a catchment would determine the time of

concentration. The geomorphological factors and other catchment attributes like topography
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and stream density are crucial in determining the connectivity and hence the driving

mechanisms of flooding (Sofia & Nikolopoulos, 2020; Wang et al., 2021). In this study, we

have not considered the role of the geomorphological factors in deciding the WF probability.

However, these factors are relatively static, considering the dynamic nature of climatic

factors. We focus on the climatic and associated hydrological characteristics that could

decide WF probability, which is crucial from a climate change perspective. Further, we have

yet to consider the role of direct human factors like the construction of reservoirs and

barrages, which is a major limitation of the study. However, in this study, we intended to

identify the drivers of widespread flooding in natural conditions during the observed climate.

Based on our findings the following conclusions can be made:

1.

We found the peninsular river basins have a high widespread flooding probability
(>15%). In contrast, the widespread flooding probability in the Ganga and
Brahmaputra river basins is less than 10%. However, most river basins exhibit a high
probability of widespread flooding during the summer monsoon season, with
widespread flooding probability in peninsular rivers approaching 20%. The high
seasonality observed in WF probability is linked to the temporal pattern of
precipitation and streamflow, and an associated increase in catchment wetness

conditions during the summer monsoon season (June-September)

The spatial pattern of precipitation and rainy days and the relative rareness of high
flows in different subbasins can explain the variability of widespread flooding
probability across the river basins. Rare flows in a few subbasins (RP>20) drive
widespread flooding in the large river basins of the Ganga and Brahmaputra. In
contrast, the simultaneous occurrence of low flows (RP<10) across the subbasins
drives widespread flooding in the peninsular basins. For example, the central Indian
river basins of Godavari, Narmada and Mahandi, with low spatial variability in total
precipitation and rainy days, have the highest widespread flooding probability. On the
contrary, despite having the highest number of rainy days, the Brahmaputra river
basins exhibit a low WF probability due to the large percentage of low-intensity

precipitation in the upper parts of the basin.

Besides, the top widespread floods in all river basins are driven by a near-uniform

spatial distribution of extreme precipitation connected to large-scale atmospheric
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moisture transport. The projected changes in the identified drivers of widespread
floods will alter the timing, occurrence and probability of widespread floods in a

warming climate.
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