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Abstract 8 

This study contributes to the understanding of the timing of occurrence of floods and role of the 9 

catchment wetness in flood processes (i.e., magnitude and the timing of floods) over one of the 10 

largest tropical pluvial river basin system, Mahanadi, in India. Being located in the monsoon ‘core’ 11 

region (18° - 28° N latitude and 73° - 82° E longitude) and its proximity to Bay of Bengal, 12 

Mahanadi River Basin (MRB) system is vulnerable to tropical depression-induced severe storms 13 

and extreme precipitation-induced fluvial floods during southwest monsoon. Here we examine the 14 

incidence of flooding over MRB in recent decades (2007-2016) using monsoonal maxima peak 15 

discharge (MMPD) and peak over threshold (POT) events at 12 stream gauges, spatially 16 

distributed over the basin. We find the mean dates of flood occurrences are temporally clustered 17 

in the month of August for all gauges irrespective of the type of flood series. Our results reveal, 18 

sensitiveness of runoff responses (Flood Magnitude, FM and the Flood Timing, FT) to lagged d-19 

day mean catchment wetness [CW] and corresponding catchment properties. Although we identify 20 

moderate to strong positive correlation between CW and flood properties at various lags, for the 21 

MMPD events, the nature of association between CW and FM, ranges between negative to 22 

modestly positive for the catchments with fine-textured soil, whereas catchments with medium 23 

textured soil showed moderately positive correlations. Further, we find FT is more strongly 24 

correlated (as manifested by statistically significant correlations) to CW rather than FM. Overall, 25 

we observe, the correlation of CW versus FT is negative, where the flood timing is relatively 26 

irregular. The outcomes of the study helps to improve predictability of floods, which can in turn 27 

enhance existing flood warning techniques.  28 
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1. Introduction 30 

Extreme events, such as floods affected more than 35 million people globally in 2018 (CRED, 31 

2018). The frequent occurrence of floods globally has drawn attention to assess if the 32 

hydroclimatology of major river basins has changed (Pattanayak et al. 2017). According to 33 

National Commission on Floods, around 12% area of India (40 million ha) is flood prone, out of 34 

which the major flood prone areas are located in the eastern part of the country (FAO 2001; FAO 35 

2015). Therefore, understanding dominant mechanisms behind flood generation processes is vital 36 

to take adaptive strategies, and can be useful for improving flood prediction and monitoring 37 

(Baldassarre et al. 2010; Xiao et al. 2013; Yang et al. 2014; Sakazume et al. 2016). The review of 38 

the literature suggest, physical factors, such as precipitation intensity, percentage of the impervious 39 

surface over the catchment, soil permeability, water holding capacity, topographic slopes, and the 40 

soil moisture content at the beginning of the storm event affect the severity of floods (Grillakis et 41 

al. 2016). However, out of all these factors, soil moisture is the only variable that can vary 42 

significantly on a daily to sub-daily time scales, and influences the partitioning of rainfall into 43 

evapotranspiration, infiltration, and runoff; hence plays a pivotal role in flood generation processes 44 

(Beck et al. 2009; Koster et al. 2010; Grillakis et al. 2016). Also in the framework of flood warning 45 

systems, soil moisture plays a pivot role (Georgakakos 2006; Javelle et al. 2010; Van Steenbergen 46 

and Willems 2013; Raynaud et al. 2015), due to the non-linear nature of runoff response to the 47 

rainfall (Zehe and Blöschl 2004; Hlavcova et al. 2005; Komma et al. 2007; Stephens et al. 2015).  48 

 49 

Ye et al. (2017) examined the seasonality of annual maximum floods and the relative dominance 50 

of precipitation events and soil water storage in flood generation across the contiguous United 51 

States. The results revealed that the catchments where the antecedent soil water storage (storm 52 

rainfall) increased exhibited an increase (decrease) in flood seasonality. Merz et al. (2018) 53 

analyzed the role of catchment wetness and event precipitation on the spatial coherence of floods 54 

across Germany, and their findings indicated that significant spatial coherence was caused by 55 

persistence in catchment wetness rather than by persistent periods of higher/lower event 56 

precipitation. Many studies apart from mentioned above, concentrated on the role of antecedent 57 

soil moisture on peak flow discharge events (Grillakis et al. 2016; Saini et al. 2016; Sakazume et 58 

al. 2016; Vormoor et al. 2016; Blöschl et al. 2017). Chowdhury and Ward (2004) analyzed the 59 

effect of rainfall at the upstream catchments (India) on stream flows at downstream regions 60 
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(Bangladesh) in Ganges-Brahmaputra-Meghna Basins. Their findings suggested streamflows in 61 

Bangladesh are highly correlated with the rainfall in the upper catchments with typically a lag of 62 

about a month. Sharma et al. (2018) examined the changes in monthly streamflows and their 63 

linkages with rainfall variability in the Middle Tapi basin, India. It was observed that the trends in 64 

mean monthly streamflows were in phase with the trends in rainfall in respective sub-catchments.   65 

 66 

The river Mahanadi, which is located in central-east (between 19°20' - 23°35'N latitudes and 80°30' 67 

- 86°50' E longitudes) part of the country (major source of freshwater for approximately 71 million 68 

people in the states of Chattisgarh and Odhisa) contributes to around 4.4% (1, 41, 589 km2) of the 69 

total land mass with an average annual runoff of about 67 km3 (NRSC-ISRO 2011, Pattanayak et 70 

al. 2017) is one of the largest peninsular rivers in India. Being located in the monsoon ‘core’ region 71 

(18° - 28° N latitude and 73° - 82° E longitude; Singh et al. 2014) and its proximity to the Bay of 72 

Bengal (adjacent to the north-west coast), the MRB is vulnerable to tropical depression-induced 73 

severe storms (Sahoo and Bhaskaran 2018) and monsoonal (June – September) extreme 74 

precipitation leading to severe floods. For example, recent consecutive flood events over MRB 75 

(2001, 2003, 2006, 2008, 2011, 2013, 2014 and 2016) have caused innumerable losses to economy 76 

and lives (NDMA 2019). Based on ground-based data from seven meteorological stations for the 77 

period 1901-80, Rao (1993) showed significant warming trend in mean maximum (up to 0.7°C per 78 

century) and average mean temperature (up to 0.5°C per century) during monsoon period over the 79 

basin. The warming trend over MRB (Rao 1993) was attributed to recent changes in land-use 80 

pattern, increase in population density and changes in agricultural practices over the region. 81 

Further, the recent increase in trends of the frequency and severity of high floods in MRB is linked 82 

to an increase in extreme rainfalls in the middle and the lower reaches of the basin (Panda et al. 83 

2013; Jena et al. 2014). The review of the literature reveals, a number of studies (Rao and Kumar 84 

1992; Rao 1993, 1995; Gosain et al. 2006; Mujumdar and Ghosh 2008; Ghosh et al. 2010; Mondal 85 

and Mujumdar 2012; Pattanayak et al. 2017) that analyzes detection and attribution of climate 86 

change signals over MRB.  87 

 88 

Most of these earlier assessments were focused on changes in regional hydroclimatology as 89 

reflected in trends in precipitation, temperature and evapotranspiration (or changes in moisture 90 

regimes) patterns of observed (either station-based or gridded) meteorological records and 91 
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projected (using large-scale general circulation models) climatic data over MRB. However, 92 

magnitude of fluvial peak discharge is typically modulated by both the storm rainfall and the 93 

catchment wetness prior to the storm event (Ettrick et al. 1987). Further, a review of literature 94 

suggests that heavy precipitation event (99th percentile of daily precipitation) does not necessarily 95 

lead to peak discharge in streams (Ivancic and Shaw 2015; Wasko and Sharma 2017) since 96 

hydrologic response of the catchment is related to its antecedent moisture content, which is the 97 

most important contributing factor in modulating the nature of stream discharge. The urban (often 98 

smaller in area) catchments may have increased peak discharge, whereas the rural (often larger in 99 

size) catchments may experience decrease in runoff due to lower soil moisture content since high 100 

temperature may lead to drying up of soil more quickly in larger catchments leading to a large 101 

portion of precipitation not to become an overland flow. Nevertheless, storm runoff response could 102 

be highly sensitive to antecedent moisture content for smaller catchments as well (Dick et al. 103 

1997).  104 

 105 

Although a very few studies (Samantaray et al. 2019) investigate propagation of hydrological 106 

droughts over MRB considering the role of soil moisture deficit as an indicator of crop water stress, 107 

to the best of our knowledge no studies so far have investigated the link between catchment 108 

processes (such as catchment wetness) and extreme flood generating mechanisms over a large 109 

tropical river basin, such as MRB. To fill the gaps in the literature here we analyze the timing of 110 

floods over MRB in recent decades (post-2000s; from 2007 to 2016). The selection of time scale 111 

is motivated by the fact that floods over MRB is becoming more frequent in the recent past 112 

(Mahapatra 2015; Jena et al. 2014). To understand the effect of catchment wetness on flood 113 

properties (i.e., severity and the timing of the event), following earlier studies (Ettrick et al. 1987; 114 

Ivancic and Shaw 2015) we select lagged d-day soil moisture data as an indicator for the catchment 115 

wetness over the sub-catchments of MRB. The soil moisture owing to its remarkable persistence 116 

(or memory) properties can influence the nature of runoff and its persistency (Koster et al. 2010; 117 

Orth and Seneviratne 2013). The outcomes of the study will be helpful in developing flood 118 

resiliency through nonstructural measures, such as improving predictability of floods for 119 

operational flood forecast models (Vivoni et al. 2006). Further, the modelling framework can be 120 

easily transferred to understand at which extent catchment-scale moisture content can influence 121 

the nature of flood properties in similar climatic regions as well as in the future climate projections. 122 
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The paper is organized as follows: the study region, dataset used and the modeling framework is 123 

described in Section 2. Section 3 presents the results and discussion. Finally, the salient 124 

conclusions of the study are presented in Section 4. The analyses are performed on entire MRB 125 

consisting of 12 stream gauge records. We select stream gauges based on least human interventions 126 

and the maximum data availability during the analyses period.  127 

 128 

2. Data and methodology 129 

2.1 Study Area  130 

The river Mahanadi constitutes the sixth largest river basin in India with a drainage area of around 131 

139681.51 km2 (ArcGIS-based calculated area) and a total storage capacity of 14207.80 MCM 132 

(CWC, 2014). MRB is the lifeline of both Chattisgarh and Odisha states.  As of the year 2013-14 133 

estimates, Chattisgarh and Odisha together utilize around 13,715 MCM (~27.4%) and 2,074 MCM 134 

(~ 4%) of the river’s water for irrigation and industrial purpose respectively (Dsouza et al. 2017b). 135 

We selected the entire MRB (80˚30' to 86˚50'E longitudes and 19˚20' to 23˚35'N latitudes) 136 

covering the states of Chhattisgarh (52.42%) and Odisha (47.14%) and small portions in 137 

Maharashtra (0.23%), Madhya Pradesh (0.11%) and Jharkhand (0.1%). Mahanadi River originates 138 

in Dhamtari district of Chhattisgarh and drains into the Bay of Bengal, spanning a total length of 139 

851 km. The MRB is a rain-fed river with maximum precipitation observed between July and the 140 

first half of September in general and there is no significant contribution from groundwater 141 

recharge. December and January are the coldest months in the basin with the minimum temperature 142 

between 4˚C to 12˚C, and May is the hottest month with maximum temperature between 42˚C to 143 

45˚C (CWC, 2014). Fig. 1 shows the spatial variability in elevation and stream gauge stations 144 

across the basin. The main soil types found in the basin are red and yellow soils, mixed red and 145 

black soils, laterite soils and deltaic soils. The basin has a culturable command area of about 7.99 146 

M. ha as estimated in the 1990s, which is about 4% of the total cultivable area of the country 147 

(CWC, 2014). 148 

 149 

2.2 Data Collection and Screening 150 

The daily streamflow discharge data from 12 gauge stations (located between 81˚14' to 84˚45' E 151 

longitudes and 20˚05' to 23˚12' N latitudes) in the study area (Fig. 1) were obtained from the 152 

Central Water Commission (CWC), Government of India. All these stations have varying length 153 
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of records; hence we have selected only those stations that have at least 70% data availability 154 

during monsoon months (June to September) with a minimum of 10 complete years of record. The 155 

catchment area of these stations varies between 950 and 11,960 km2. Out of these 12 gauges, 11 156 

are located in the Upper MRB (Region I, consists of total area of 84,700 km2) and only one gauge, 157 

Kesinga, comprising the largest catchment area of 11,960 km2 is located in the middle MRB 158 

(Region II, consists of total area of 50,745 km2) [Fig. 1]. In the Delta region (i.e., lower MRB), the 159 

nature of flood flow is tidally influenced and prone to storm surges resulting into compound 160 

flooding from coastal storms and fluvial floods (OSDMA 2019), which leads to more complex 161 

flood mechanisms (Moftakhari et al. 2017).  Hence, we exclude floods in the Delta region from 162 

the present analysis. Except the stream gauge at Manendragarh, which is located at around 293 km 163 

geodesic distance of Morga dam (an earthen dam of length 495 m; (NRSC-ISRO 2012)] all other 164 

gauges experience minimum human intervention. Nevertheless, Manendragarh area is amidst 165 

dense tropical deciduous forest with hilly and sandy soils and is the part of Northern Hills 166 

Agroclimatic zone of Chattisgarh state (Quamar and Bera 2017; Dsouza et al. 2017a). Further, it 167 

is located nearest to the source of MRB and at the highest elevation (~ 668 m above Mean Sea 168 

Level [MSL]) than that of the rest of the gauges. The MRB was delineated using the Shuttle Radar 169 

Topography Mission (SRTM) Digital Elevation Model of 90 m resolution (Jarvis et al. 2008) using 170 

Arc GIS10.1 software. The basin has the maximum and average elevations of 1319 m and 376.2 171 

m above MSL respectively.  172 

 173 

It is difficult to measure soil moisture on an in-situ basis at a catchment scale due to limited spatial 174 

and temporal availability of the soil moisture measurements (Grillakis et al. 2016; Seneviratne et 175 

al. 2006). On the other hand, the local soil moisture observations combined with simple analytical 176 

models (Albertson and Kiely 2001; Van den Dool et al. 2003) and/or the soil moisture data derived 177 

from the Land Surface Models (LSMs) have the caveat of the plausible model dependency of the 178 

obtained results (Seneviratne et al. 2006). Further, LSMs (for example, Variable Infiltration 179 

Capacity [VIC; Livneh et al. 2013]) may be better at handling surface and subsurface hydrological 180 

processes but may suffer from cascading uncertainty across various model components. An 181 

alternative is the retrieval of soil moisture data from satellite sensors such as the series of passive 182 

multi-frequency radiometers (SMMR, SSM/I, Windsat & SMOS, AMSR-E, etc.), active 183 

microwave scatterometers (ASCAT-A, AMI-WS, etc.) and combined soil moisture (Chung et al. 184 
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2018). The combined soil moisture estimates (Chung et al. 2018) are generated by blending passive 185 

and active microwave soil moisture retrieval algorithm. The surface soil moisture were obtained 186 

from the Essential Climate Variable‐Soil Moisture (ECV-SM) data under the European Space 187 

Agency (ESA)-Climate Change Initiative (Liu et al. 2012; Dorigo et al. 2017; Gruber et al. 2017; 188 

Samantaray et al. 2019). The ECV-SM global soil moisture combined dataset (Chung et al. 2018) 189 

provides volumetric soil moisture (m3/m3) at daily time step and at 0.25˚ grid resolution from 1978 190 

to 2018. However, in early years the spatial coverage of soil moisture data is lower because of 191 

limited number of available sensors.  192 

 193 

2.3 Modelling Framework  194 

We analyse the two methods of flood samplings, namely monsoonal (June-September) maxima 195 

peak discharge (MMPD) and Peak over Threshold (POT) events. Further, we characterize the 196 

timing of flood occurrences using circular statistics. We detect the correlations of catchment 197 

wetness (CW) versus flood magnitude (FM); and catchment wetness (CW) versus flood timing 198 

(FT) using Kendall’s Tau statistics. In the subsequent sections, we have described each of these 199 

modeling components: 200 

 201 

2.3.1 Extraction of Monsoonal Maximum Peak Discharge (MMPD) Events and Peak over 202 

Threshold (POT) Events  203 

The most common indicator of flood trends in rain-fed basins in India is the monsoonal maximum 204 

discharge events (Rakhecha 2002), i.e., the largest daily mean streamflow during monsoon (June 205 

to September) months in each hydrologic year (1 June – 31 May). First, we selected the 206 

independent peak flows during monsoon season (one event per year) from daily mean streamflow 207 

records from all 12 gauges. A few studies (Svensson et al. 2005; Burn et al. 2016) have suggested 208 

that POT series gives more information about statistical attributes of extremes as compared to the 209 

MMPD, revealing a better temporal pattern of flood occurrence. On the other hand, selecting a 210 

suitable threshold value for extracting POT data is one of the challenging aspects (Burn et al. 211 

2016). Hence, we checked various thresholds, ranging from 98 to 99.9th percentiles at an interval 212 

of 0.5, and then finalized a threshold based on 98.5th percentile to select on an average 3-peak 213 

discharge events per year. To guarantee independent POT events, based on catchment area (which 214 

is less than 45,000 km2 for all gauges), we selected decluster time of 5 days (Svensson et al. 2005; 215 
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Petrow and Merz 2009) between events. If two or more consecutive POT events occurred within 216 

the specified period, the smaller events are dropped, and the highest event is chosen for the 217 

analysis. 218 

 219 

2.3.2 Detection of Flood Timing and its Persistence of peak discharge events 220 

We detect the flood timing or the time (or date) of occurrence of the event using the directional or 221 

circular statistics  (Mardia 1972; Pewsey et al. 2013; Tian et al. 2011; Dhakal et al. 2015; Burn et 222 

al. 2016). Laaha and Blöschl (2006) summarized the flood seasonality indices and how they can 223 

be estimated based on the peak discharge time series. In this method, the date of occurrence of a 224 

peak flow, as a directional statistic of time, is translated into location on the circumference of a 225 

circle, with the mathematical convention that the start of the flood season is shown at its most 226 

easterly point and time proceeds in a counter-clockwise direction (Mardia 1972; Fisher 1993). 227 

Once individual dates of flood occurrences are expressed as a directional variable, then directional 228 

mean and variance can be calculated. 229 

 230 

The date of flood occurrence (Julian Date)i can be converted to an angular value (θi), in radians 231 

for an event "i" using: 232 

 233 

 
( )

2( )i iJulian Date
len yr

πθ =  
 

(1) 

 234 

Where, Julian Date = 1 for 1 January and Julian Date = 365 for 31 December (or 366 for leap 235 

year); len (yr) is the number of days in a year, i.e., 365 for a normal year and 366 for a leap year.  236 

For a sample of n events, the X - and Y -coordinates of the mean date can be determined as (Burn 237 

and Whitfield 2018) 238 

 239 
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Here, the equation (2) is derived using the weighted average of extreme events by weighing the 241 

peak discharge. Here, X andY  represent the x- and y-coordinates of the mean event date. Based 242 

on the time of occurrence of a flood event in a year, the mean event angle is obtained by 243 

 244 
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 245 

The mean event date (MD) can then be determined as: 246 

 247 

 
2

len yrMD Mean Angle
π

 = × 
 

 
(4) 

 248 

The persistence ( r ) of extreme events can be determined from: 249 

 250 

 2 2r X Y= + ,      0 ≤ r ≤ 1 (5) 

 251 

The dimensionless statistic ‘r’ indicates the variability in the timing of flood events with r  = 0, 252 

indicates no persistence, i.e., flood events are uniformly distributed throughout the year, whereas, 253 

r = 1 indicates high persistence, i.e., all floods at a station occur on the same day of the year 254 

(Laaha and Blöschl 2006). Mean date of flood occurrence may occur at a period of the year when 255 

no events are observed (Burn and Whitfield 2018). Circular variance provides the variability of 256 

peak discharge events about the mean date for individual stations (Dhakal et al. 2015). The long-257 

term evolution of the circular variance 2σ is computed using the expression: 258 

 259 
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 2 2 ln( )rσ = −  (6) 

 260 

2.3.3 Extraction of Mean Catchment Wetness 261 

Assessing the role of catchment wetness on the timing of flood occurrences provides useful 262 

insights regarding the nature of flood seasonality in the future climate (Ye et al. 2017). A few 263 

studies (Berghuijs et al. 2016) reported that soil water storage before floods correlated more 264 

strongly with floods than daily rainfall. While previous studies (Rao and Kumar 1992; Rao 1993, 265 

1995; Panda et al. 2013; Jena et al. 2014) have focused on role of atmospheric drivers, such as 266 

precipitation and temperature in modulating nature of streamflow, here we explore the potential 267 

linkage of soil moisture memory in flood generating mechanisms.     268 

 269 

As we were interested in monsoonal months, gridded soil moisture data in between 15th May and 270 

31st October (during mid of summer to fall) for each year were extracted over entire MRB. Mean 271 

areal CW over individual catchments for each year was calculated using area-weighted mean soil 272 

moisture values; where the total weight of a grid was computed as the cosine of the latitude of the 273 

grid multiplied by the fraction of catchment area lying in the individual grid location (Ganguli et 274 

al. 2017). For many of the catchments over MRB, the soil moisture data was missing, so we 275 

selected only those catchments, which have at least 40% data availability during monsoon to fall 276 

season (15th May to 31st October) for each year.  The choice of season is based on the timing of 277 

floods over MRB since extreme precipitation is one of the primary flood generating mechanisms 278 

over the basin. Finally, 12 catchments were selected with data varying from 2007 to 2016 (10 years 279 

length; the catchment-wide soil moisture data before 2006 were unavailable). Gaps in the weighted 280 

mean soil moisture time series at individual catchments were infilled using time series 281 

interpolation technique with a shape-preserving piecewise cubic polynomial function, which is one 282 

of the commonly used methods to estimate missing records in hydrology (Mizumura 1985; Price 283 

et al. 2000). Unlike other interpolants (such as linear and spline), this interpolation function can 284 

preserve local monotonic trends in the dataset such that the extreme artifacts are not introduced in 285 

the unfilled data set (Ganguli and Ganguly 2016).  286 

 287 

 288 

 289 
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2.3.4 Correlation analysis using Kendall's Tau 290 

Several studies in the past reported that antecedent soil moisture states could be one of the primary 291 

governing factors in modulating the timing and intensity of floods (Seneviratne et al. 2006; Merz 292 

and Blöschl 2009; Norbiato et al. 2009; Marchi et al. 2010; Orth and Seneviratne 2013; Berghuijs 293 

et al. 2016; Ye et al. 2017). We used the mean CW values at each of the sites at most 40 days prior 294 

and at least ten days later (i.e., time lags of d = -40, -30, -29, …., -1, 0, +1, 2, …, 10 days, 295 

comprising a total of 51 days record including the flood event day) to each MMPD and POT events 296 

to investigate the association between CW and flood properties (i.e., FM and FT). This is to 297 

understand the influence of catchment-scale soil moisture memory at different time lags on runoff 298 

responses. Flood timings of individual flood events are taken as an angular value obtained from 299 

the Eq. 1 for both MMPD and POT events. The strength of dependency of CW versus flood 300 

properties was measured using a rank-based nonparametric correlation measure Kendall’s tau ( τ301 

). It measures the strength of monotonic relationship between two continuous random variables 302 

including the nonlinear associations and is robust to outliers (unlike Pearson’s product moment 303 

correlation coefficient, r) present in the data.  304 

 305 

The population version of the Kendall’s τ rank correlation coefficient is defined as the difference 306 

between the probability of concordance and the probability of discordance. Given, two variables 307 

X and Y, sampled jointly from a bivariate distribution, the test statistic S is calculated by subtracting 308 

the number of "discordant pairs" M [i.e., the number of (x,y) pairs where y decreases as x increases], 309 

from the number of "concordant pairs" P [i.e., the number of (x,y) pairs where y increases with 310 

increasing x]: 311 

 312 

 S = P - M  (7) 

 313 

Where, P = "number of pluses", the number of times the y's increase as the x's increase, or 

the number of yi < yj for all i < j, 

M = "number of minuses," the number of times the y's decrease as the x's increase, 

or the number of yi > yj for i < j 

for all i = 1,....(n − 1) and j = (i+1), ..... n  314 

Kendall’s tau correlation coefficient is given by (Helsel and Hirsch 2002)  315 
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 316 

 
( )

S
n n 1 2

τ =
−

 
(8) 

 317 

On the other hand, another rank correlation statistic, Spearman’s Rho, which is estimated by the 318 

correlation coefficient of the corresponding rank of the two variables, is not as interpretable as a 319 

difference between probabilities (Newson 2002).  Typically, Tau values are lower than values of 320 

the traditional correlation coefficient, r for a linear association of the same strength because of 321 

different scale of correlation. Kendall’s tau value lies between -1 and 1; where positive (negative) 322 

values indicate perfect positive (negative) association between two variables. 323 

 324 

3. Results and Discussion 325 

3.1 Timing of Flood Occurrence and its Persistence 326 

Analyzing the variability in the timing of floods from year to year is crucial for the efficient water 327 

resources management and understanding space-time variability of floods in a changing climate 328 

(Ye et al. 2017). The dates of flood occurrence for both MMPD and POT discharge events are 329 

converted to an angular value using Eq. 1 and are plotted in a polar plot as shown in Fig. 2. The 330 

occurrence date of flood for each of the stations is represented as an angle measured 331 

counterclockwise relative to 1st January, and the mean catchment elevations of stream gauges are 332 

shown as the distance from the center of the polar plot. For MMPD events, the floods varied from 333 

June ending to September; since it is one extreme event per year, all the extremes were observed 334 

within the monsoonal period (June to September). But for POT events, it includes more than one 335 

extreme event per year; hence few floods are observed in the month of October as well. 336 

 337 

The seasonality in flood responses is determined using directional statistics. The changes in the 338 

timing (mean date), flood variability ( )σ  and persistence ( )r  are evaluated for individual stream 339 

gauge locations. Seasonality measures of MMPD and POT peak discharge events are plotted in a 340 

polar plot as shown in Fig. 3. The mean occurrence date of flood for each of the stations is 341 

represented as an angle measured counterclockwise relative to 1st January, and the persistence of 342 

the flood events are shown as the distance from the center of the polar plot. For both MMPD and 343 
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POT peak discharge events, the seasonality analysis indicates the persistence of floods across all 344 

gauges with mean flood dates occurring in the month of August. Kotni gauge station, situated at 345 

the Upper MRB (Region I), showed the mean flood date at 1st and 2nd of August for MMPD (Fig. 346 

3; left panel) and POT events (Fig. 3; right panel) respectively. On the other hand, Ghatora and 347 

Paramanpur gauge stations showed the mean flood date at 28th and 29th of August (close to 348 

September) for MMPD (Fig. 3; left panel) and POT events (Fig. 3; right panel) respectively. 349 

Among individual stream gauge stations, POT events showed persistence in the range of 0.88-0.95 350 

while MMPD events showed persistence in the range of 0.86-0.98. Likewise, we observe the 351 

largest circular variance for the site Rampur and the least for the site Kelo for the MMPD events. 352 

For POT events, the largest circular variance was observed for the site Sundargarh and the least 353 

for the site Ghatora respectively. However, taken together, we infer that the peak discharge events 354 

are highly persistent throughout MRB. Our results are in agreement with Burn and Whitfield 355 

(2018), in which authors found that stream gauges in the pluvial flood regime, in general, show a 356 

very few (significant) changes in flood seasonality than that of the other flood regimes. Fig. 4 357 

presents the spatial map of persistence in flood timing for both MMPD and POT events, which 358 

suggest larger spatial variability in flood timing for MMPD events than that of the POT events. 359 

This can provide useful information for water management perspectives, especially for the large 360 

river basin, such as MRB.   361 

 362 

3.2 Role of Catchment Wetness in Flood Generation 363 

It is critical to understand the role of specific hydrometeorological drivers that lead to extreme 364 

floods; which is an important step towards assessing the predictability of floods, especially in an 365 

era of human-induced climate change (Mora et al. 2017; Yin et al. 2018; Best 2019). To discern 366 

the association of CW versus flood characteristics (i.e., flood magnitude and timing), we analyze 367 

the lagged daily CW at least 40-days prior and at most 10-days later to the date of occurrence of 368 

the extreme flood event. The association was determined using rank-based Kendall’s τ statistics 369 

between weighted mean CW at individual catchment and the flood characteristics. The resulting 370 

correlation values are visualized using the heat map. Figs. 5 - 6 present a measure of association 371 

between the CW and FM followed by the CW and FT for both MMPD and POT events. 372 

 373 
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First, in Fig. 5, catchment characteristics, such as soil texture and topography played a key role in 374 

detecting the nature of correlation between CW and FM. A study on an experimental catchment 375 

by Nasta et al. (2013) suggested that spatial soil moisture distribution depends on catchment 376 

topography during wet periods whereas, during dry periods, it depends primarily on soil hydraulic 377 

properties. The fine textured soil with moderate to gently sloping catchments [Figs. 6 and 8 in 378 

Central Water Commission Technical Report, CWC (2014)], in general, showed modest to 379 

negative correlation, while the medium textured soil with level land surface catchments showed 380 

moderate to strong positive association with floods. Even though Manendragarh catchment has 381 

medium textured soil, it has gently sloping land surface (which drains the water); that may cause 382 

a negative correlation between CW versus FM for both MMPD and POT events. Further, as 383 

pointed above, an earthen dam is located near this site. Likewise, for MMPD events, Baronda 384 

catchment has medium textured soil and level to gentle slope surface leading to a strong correlation 385 

just three days before the date of flooding. Pathardhi has mostly fine textured soil type and level 386 

topography leading to a modest correlation value up to 20-days before the date of flooding for the 387 

MMPD event, whereas, no sign of association was observed for the POT event. For POT events, 388 

low elevation areas showed modest to negative correlation from the date of flooding to 40 days 389 

prior to the flood event. 390 

 391 

Second, in Fig. 6 (the heat map of correlation between CW and FT), we find moderate to strong 392 

positive correlations for lags 1 to 40 days for most of the gauges, with stronger positive correlation 393 

values for the MMPD events than that of the POT events. However, the catchments, Sundargarh 394 

and Kesinga showed negative correlations at a few instances due to less persistence in flood 395 

timings relative to other gauges. Our findings corroborate well with Ye et al. (2017), in which the 396 

authors identified catchments with high moisture storage showed high persistence in flood timing, 397 

whereas the catchments associated with low antecedent moisture storage are associated with low 398 

persistence in the flood timing. Overall, our results indicate that FT is more strongly correlated to 399 

CW rather than FM. 400 

 401 

Finally, we present a spatial map (Fig. 7) showing maximum Kendall’s tau value out of 51 days 402 

record including the date of the flood event for each station for both method of flood sampling. 403 

This map is informative for water resources managers and stakeholders for flood predictability 404 
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studies over the basin, especially for developing an early warning system. For the MMPD events 405 

(Fig. 7; left panel), Manendragarh, Kotni, and Kesinga catchments showed the maximum 406 

correlation values (FM versus CW) in the range of 30 to 40 days prior to the flood event date while 407 

Kurubhata and Kelo catchments showed maximum correlation on the day of flooding. In contrast, 408 

unlike MMPD events, for the POT events (Fig. 7; right panel), none of the catchments show the 409 

maximum correlation with flood magnitude on the day of flooding. Likewise, we present spatial 410 

maps for CW and FT for both MMPD and POT (Fig. 8). For the MMPD events (Fig. 8 (left panel)), 411 

half of the catchments showed the highest correlation between 30 and 40 days prior to the flood 412 

event date, while for POT events (Fig. 8 (right panel)) most of the catchments (66.6%) showed 413 

the highest correlation on the 40th day prior to the date of flooding.  414 

 415 

Tables 1 - 2 show highest correlation (maximum Kendall’s tau) values of mean CW versus FM, 416 

and mean CW versus FT for each of the sites, corresponding time-lags (in days) along with their 417 

catchment area respectively. Here, we note that for smaller catchments (< 1000 km2 for example, 418 

Kelo with catchment area 950 km2) the severe flood can happen at zero to one day time lag (Table 419 

1). This is in agreement with earlier studies (Ivancic and Shaw 2015; Wasko and Sharma 2017) in 420 

which authors have inferred that unlike larger catchments, the smaller catchment may have an 421 

early occurrence of increased peak discharge. On the other hand, we could not find any specific 422 

trend between catchment area and the time lags for the timing of the flood event (Table 2).  423 

 424 

4. Summary and Conclusions 425 

This paper contributes to the assessment of the relation between catchment wetness and flood 426 

processes in the Mahanadi river basin. Unlike previous assessments (Panda et al. 2013; Jena et al. 427 

2014), here we investigate two novel aspects: first, we assess the persistence of the flood events, 428 

in the recent decades (from 2007 – 2016) using directional statistics. Second, we evaluate the role 429 

of catchment wetness (CW) in modulating the flood flow processes using a rank-based correlation 430 

statistic. While most of the earlier assessments are limited to analyzing sensitiveness of 431 

hydrometeorological forcing, precipitation to peak discharge generation at MRB, to the best of our 432 

knowledge, this study is the first to investigate the linkage between flood generation and catchment 433 

wetness, and evaluate the extent to which soil moisture memory (at different time lags) may 434 



16 | P a g e  
 

influence the severity and the timing of the flood event in a large river basin in a tropical 435 

environment.     436 

 437 

The key insights from the study are summarized as follows: 438 

• The seasonality of flood responses in both methods of flood samplings suggests the mean 439 

dates of flood occurrences are temporally clustered in the month of August. The MMPD 440 

events showed more variability in the persistence in flood timing than that of the POT events. 441 

Finally, our study suggests the peak discharge events are highly persistent over the past 442 

decade. 443 

 444 

• Our results reveal sensitiveness of runoff (both magnitude and the time of occurrence) to 445 

lagged d-day soil moisture content (an indicator of CW) and corresponding soil properties. 446 

For the MMPD events, the nature of association between CW and FM ranges between 447 

negative to near zero for the fine-textured soil, whereas the catchment with medium textured 448 

soil showed the positive correlations. Further, we find FT is more strongly correlated to CW 449 

rather than FM. The correlation between CW and FT tend to become negative in catchments 450 

with relatively less persistent nature of the timing of the flood peak. 451 

 452 

A few caveats could be considered. The specific insights presented here are conditioned on the 453 

quality of site-specific information used in the analyses. Based on the availability of good quality 454 

records, the analysis is limited to the recent ten years. It is nonetheless interesting to evaluate the 455 

role of catchment processes utilizing recently released high-resolution soil moisture records 456 

(Nayak et al. 2018), which is available at 4 km spatial resolution over the past 14-years (2001-457 

2014) period. Finally, it would be interesting to investigate the uncertainty among different dataset 458 

(i.e., data derived from various sources) in flood generation processes (Vivoni et al. 2006; 459 

Amengual et al. 2008) in a large river basin, such as MRB. 460 

 461 
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Table 1 Catchment-wise highest lagged d-day (varies from zero, the date of flood occurrence to 
40 days prior to the event) correlation value of CW versus FM. The correlation values are 
computed using rank-based Kendall’s tau statistics 

Catchments Catchment 

area (km
2
) 

Max. Kendall’s tau value No. of days prior to flood event 

MMPD events POT events MMPD events POT events 

Baronda 3,225 0.90 [0.003]* 0.15 [0.41] 21 18 

Ghatora 3,035 0.90 [0.003] 0.81 [0.01] 4 40 

Kelo  950 0.36 [0.28] 0.61 [0.02] 0 1 

Kesinga 11,960 0.80 [0.08] 0.23 [0.28] 32 16 

Kotni 6,990 0.05 [1] 0.16 [0.6] 34 30 

Kurubhata 4,625 1.00 [0.017] 0.64 [0.03] 0 25 

Manendragarh 1,100 0.24 [0.56] 0.38 [0.06] 40 27 

Paramanpur 2,120 0.71 [0.03] 0.47 [0.3] 26 38 

Pathardhi 2,511 0.62 [0.07] 0.42 [0.11] 12 4 

Rajim 8,760 0.62 [0.07] 0.21 [0.3] 3 29 

Rampur 2,920 0.90 [0.003] 0.51 [0.05] 4 4 

Sundargarh 5,870 0.60 [0.23] 0.31 [0.08] 28 5 

*the numbers in brackets indicates p-value for Kendall’s τ correlation rounded up to two significant 
figures; higher (lower) value of Kendall’s τ indicates stronger (weaker) correlation with a value of 
1 (0) show perfect dependence (independence); p-value less than 0.05 and 0.10 indicate correlation 
value is statistically significant at 5 and 10% significant level and marked with bold and bold italics 
font respectively.  
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Table 2 Catchment-wise highest lagged d-day (varies from zero, the date of flood occurrence to 
40 days prior to the event) correlation value of CW versus FT. The correlation values are 
computed using rank-based Kendall’s tau statistics 

Catchments Catchment 

area (km
2
) 

Max. Kendall’s tau value No. of days prior to flood event 

MMPD events POT events MMPD events POT events 

Baronda 3,225 0.62 [0.07]* 0.71 [1.6e-5] 40 24 

Ghatora 3,035 0.88 [0.005] 0.68 [0.04] 3 3 

Kelo  950 0.71 [0.01] 0.72 [0.01] 40 29 

Kesinga 11,960 1.00 [0.02] 0.74 [1.6e-5] 28 34 

Kotni 6,990 0.90 [0.003] 0.73 [0.002] 40 40 

Kurubhata 4,625 1.00 [0.02] 0.86 [0.002] 19 36 

Manendragarh 1,100 0.71 [0.03] 0.64 [0.002] 36 25 

Paramanpur 2,120 0.71 [0.03] 0.73 [0.06] 40 35 

Pathardhi 2,511 0.71 [0.03] 0.69 [0.005] 18 40 

Rajim 8,760 0.78 [0.02] 0.67 [1.6e-5] 24 40 

Rampur 2,920 0.90 [0.002] 0.78 [0.001] 40 40 

Sundargarh 5,870 1.00 [0.02] 0.75 [1.6e-5] 20 35 

*the numbers in brackets indicates p-value for Kendall’s τ correlation rounded up to two significant 
figures; higher (lower) value of Kendall’s τ indicates stronger (weaker) correlation with a value of 
1 (0) show perfect dependence (independence); p-value less than 0.05 and 0.10 indicate correlation 
value is statistically significant at 5 and 10% significant level and marked with bold and bold italics 
font respectively. 
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List of figure captions 
 
Fig. 1. Study area map. Elevation map and stream gauge stations (shown using red triangles) 

over the Mahanadi river basin. The index map shows the location of MRB (in green) in 

eastern India. 

Fig. 2. Temporal distribution of flood timing at MRB from 2007 to 2016. (left panel) shows 

MMPD and the (right panel) shows POT events. The mean catchment elevations of 

stream gauges are expressed by the radius value. The flood timing is expressed by the 

angular position starting from 1 for the first day of the hydrological year (1st June). 

Since MRB is a rain-fed river most of the flood events are clustered between the 

beginning of the July and mid of the September month.  

Fig. 3. Temporal distribution of mean date and persistence of the 12 gauges. (left panel) 

shows MMPD and (right panel) shows POT events. The size of the circle indicates the 

value of circular variance with larger (smaller) size indicates a larger (smaller) variance. 

The radii of the circular plots show the persistence in flood timing. The persistence 

measure close to 1 indicates floods tend to occur around the same day in the 

hydrological year. 

Fig. 4. Spatial map of persistence in flood timing. (Left panel) shows the MMPD and (right 

panel) indicates POT events at individual stream gauge stations. The size and shade of 

the circle indicate the value of persistence measure with larger (smaller) size and darker 

(faded) shade show high (less) homogeneity in flood timing. 

Fig. 5. Correlation between catchment wetness (CW) and flood magnitude (FM). Heat 

map showing rank-based Kendall’s τ correlation between area weighted CW and FM 

for (top panel) MMPD and (bottom panel) POT events. Y-axis of the plots shows 

catchments arranged in an ascending order with respective to mean catchment elevation. 

The mean catchment elevations (in meters) are shown in brackets. The X-axis of the 

plot shows days, with d = 0 indicates the same day as the date of occurrence of the flood 

event; negative values indicate the days prior to flood event whereas positive value 

denotes the days after the flood event. 

Fig. 6. Correlation between catchment wetness (CW) and flood timing (FT). Heat map 

showing rank-based Kendall’s τ correlation between area weighted CW and FT for (top 
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panel) MMPD and (bottom panel) POT events. Y-axis of the plots shows catchments 

arranged in an ascending order with respective to mean catchment elevation. The mean 

catchment elevations (in meters) are shown in brackets. The X-axis of the plot shows 

days, with d = 0 indicates the same day as the date of occurrence of the flood event; 

negative values indicate the days prior to flood event whereas positive value denotes 

the days after the flood event. 

Fig. 7. Lagged d-day value of the maximum correlation between CW and FM. (left panel) 

shows MMPD and (right panel) shows the POT events at individual stream gauge 

location. The size of boxes is proportional to the value of Kendall’s τ with a larger box 

indicates high correlation whereas the smaller box shows a weaker correlation. The 

shade of the box indicates the lagged d-day value on which the maximum correlation 

was obtained, with lighter shade denotes the value of the d-day is close to the date of 

the flood event, while the darker shade indicates the value of the d-day is far from the 

date of the flood event.  

Fig. 8. Lagged d-day value of the maximum correlation between mean CW and FT. (Left 

panel) shows the MMPD and (right panel) shows the POT events at individual stream 

gauge location. The size of boxes is proportional to the value of Kendall’s τ with a larger 

box indicates high correlation whereas the smaller box shows a weaker correlation. The 

shade of the box indicates the lagged d-day value on which the maximum correlation 

was obtained, with lighter shade denotes the value of the d-day is close to the date of 

the flood event, while the darker shade indicates the value of the d-day is far from the 

date of the flood event.  
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Fig. 1 Study area map. Elevation map and stream gauge stations (shown using red triangles) over the Mahanadi river basin. The index 

map shows the location of MRB (in green) in eastern India. 
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Fig. 2 Temporal distribution of flood timing at MRB from 2007 to 2016. (left panel) shows MMPD and the (right panel) shows POT 

events. The mean catchment elevations (in m) of stream gauges are expressed by the radius value. The flood timing is expressed 

by the angular position starting from 1 for the first day of the hydrological year (1st June). Since MRB is a rain-fed river most of 

the flood events are clustered between the beginning of the July and mid of the September month.  
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Fig. 3 Temporal distributions of mean date and persistence of the 12 gauges. (left panel) shows MMPD and (right panel) shows 

POT events. The size of the circle indicates the value of circular variance with larger (smaller) size indicates a larger (smaller) 

variance. The radii of the circular plots show the persistence in flood timing. The persistence measure close to 1 indicates floods 

tend to occur around the same day in the hydrological year.  
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Fig. 4 Spatial distributions of persistence in flood timing. (Left panel) shows the MMPD and (right panel) indicates POT events at 

individual stream gauge stations. The size and shade of the circle indicate the value of persistence measure with larger (smaller) 

size and darker (faded) shade show high (less) homogeneity in flood timing.  
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Fig. 5 Correlation between catchment wetness (CW) and flood magnitude (FM). Heat map showing rank-based Kendall’s τ 

correlation between area weighted average CW and FM for (top panel) MMPD and (bottom panel) POT events. Y-axis of the 

plots shows catchments arranged in an ascending order with respective to mean catchment elevation. The mean catchment 

elevations (in meters) are shown in brackets. The X-axis of the plot shows days, with d = 0 indicates the same day as the date of 

occurrence of the flood event; negative values indicate the days prior to flood event whereas positive value denotes the days after 

the flood event. 
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Fig. 6 Correlation between catchment wetness (CW) and flood timing (FT). Heat map showing rank-based Kendall’s τ correlation 

between area weighted average CW and FT for (top panel) MMPD and (bottom panel) POT events. Y-axis of the plots shows 

catchments arranged in an ascending order with respective to mean catchment elevation. The mean catchment elevations (in 

meters) are shown in brackets. The X-axis of the plot shows days, with d = 0 indicates the same day as the date of occurrence of 

the flood event; negative values indicate the days prior to flood event whereas positive value denotes the days after the flood 

event. 
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Fig. 7 Lagged d-day value of the maximum correlation between mean CW and FM. (left panel) shows MMPD and (right panel) 

shows the POT events at individual stream gauge location. The size of boxes is proportional to the value of Kendall’s τ with a 

larger box indicates high correlation whereas the smaller box shows a weaker correlation. The shade of the box indicates the 

lagged d-day (i.e., the number of days prior to flood event is shown using negative integer values) on which the maximum 

correlation was obtained, with lighter shade denotes the value of the d-day is close to the date of the flood event, while the darker 

shade indicates the value of the d-day is far from the date of the flood event.  
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Fig. 8 Lagged d-day value of the maximum correlation between mean CW and FT. (Left panel) shows the MMPD and (right panel) 

shows the POT events at individual stream gauge location. The size of boxes is proportional to the value of Kendall’s τ with a 

larger box indicates high correlation whereas the smaller box shows a weaker correlation. The shade of the box indicates the 

lagged d-day (i.e., the number of days prior to flood event is shown using negative integer values) value on which the maximum 

correlation was obtained, with lighter shade denotes the value of the d-day is close to the date of the flood event, while the darker 

shade indicates the value of the d-day is far from the date of the flood event.  


