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A B S T R A C T   

Studies around the world have shown that increases in extreme precipitation are not directly resulting in re
ported instances of flooding. Despite the evidence that antecedent soil moisture conditions play a significant role 
in regulating the runoff response during extreme storm events, fewer works have tried to understand the spatial 
and temporal dynamics of such coupled interactions. In the present work, we aim to improve our understanding 
of the dominant spatiotemporal patterns of soil moisture (SM) – precipitation (P) dependence over Europe. Using 
an event-based, non-parametric Event Coincidence Analysis (ECA) approach, we first quantified the probability 
of SM preceding P by the precursor coincidence rate. We also examined the statistical precursor relationship 
between SM-P joint episodes and reported annual flood events using the conditional precursor coincidence rate. 
The results show that seasonality is a major driving force in the spatiotemporal dynamics of SM-P coupling over 
Europe. The conditional precursor coincidence rates are in line with previous flood hazard studies over Europe 
and show the importance of considering such diverse interdependencies in flood risk mitigation. Our work has 
implications for understanding the occurrence of preconditioned compound events worldwide and provides a 
vital starting point for characterising the major processes that need to be accounted for in comprehensive state of 
the art flood risk assessment studies.   

1. Introduction 

Globally, floods are considered one of the most devastating and 
prevalent natural hazards impacting regions across continents and 
various diverse climatic regimes (Coumou and Rahmstorf, 2012; Merz 
et al., 2021; Seneviratne et al., 2021). The marked shifts in the global 
water cycle due to climatic variability and anthropogenic forcings are 
nowadays becoming more common and widespread (IPCC, 2021). 
Furthermore, anthropogenic climate change coupled with socioeco
nomic shifts in population exposure is expected to play a major role in 
shaping future flood hazard risk (Gu et al., 2020; Kam et al., 2021). Even 

though the risk of catastrophic flooding has impacted Europe 
throughout history (Barredo, 2007; Brázdil et al., 2006), human-induced 
alterations in the global earth system have led to significant changes in 
the patterns and intensity of flooding events in Europe (Bertola et al., 
2021; Blöschl et al., 2017; Madsen et al., 2014). This is further expected 
to result in a substantial increase in future flood damages (Alfieri et al., 
2015; Dottori et al., 2023; Jongman et al., 2014). These facts call for a 
better understanding of the predominant flood risk patterns over 
Europe. 

Extreme precipitation events have increased over the past few de
cades (Papalexiou and Montanari, 2019; Westra et al., 2013). 
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Precipitation extremes are controlled by both thermodynamic (local 
exchanges in heat, moisture, and other related quantities) and dynamic 
processes (those related to atmospheric and oceanic motions/tele
connections) at the regional scale. Recent studies (Seneviratne et al., 
2021) have reported that the observed rate of increased precipitation 
extremes at the global scale, are in line with the famous Clausius- 
Clapeyron relation (Pall et al., 2007). The role of predecessor rain 
events in generating peak discharge has already been established glob
ally (Bischiniotis et al., 2018; Froidevaux et al., 2015) However, the 
global increase in precipitation extremes has not directly translated into 
a rise in reported flood events (Do et al., 2017). Flood initiation and 
magnitude are invariably impacted by the intensity of precipitation, 
landform, land use land cover change, soil properties and antecedent 
catchment conditions, including soil moisture and snowpack. Previous 
studies have found that the decrease in antecedent soil moisture has led 
to a decline in observed flood discharge even with increased extreme 
precipitation (Sharma et al., 2018; Wasko et al., 2020; Wasko and 
Nathan, 2019). Soil moisture also plays a vital role in water and energy 
budget equations through its impact on evapotranspiration (Seneviratne 
et al., 2010). It also partitions the rainfall into various other hydrological 
cycle components – evapotranspiration, infiltration and runoff, and 
hence directly impacts flood characteristics (Hlavcova et al., 2005; 
Komma et al., 2008; Massari et al., 2018; Zehe and Blöschl, 2004; Zhai 
et al., 2018). 

The interaction between antecedent catchment wetness and precip
itation can be critical in shaping the runoff response. However, tradi
tional risk assessment approaches usually only focused on univariate 
(precipitation/peak flood discharge) modelling techniques to study the 
flood characteristics. Several studies around the world have now shown 
that univariate approaches underestimate the risk of an extreme event 
(Leonard et al., 2014; Zscheischler et al., 2018; Zscheischler and Sen
eviratne, 2017) and that most natural hazards are caused by a combi
nation of multiple statistically dependent physical processes arising 
across multiple spatial and temporal scales (Kemter et al., 2021; 
Zscheischler et al., 2020). The IPCC Special Report on Climate Extremes 
(SREX-2012:Seneviratne et al., 2012) first defined this broad class of 
events as “compound events”. Specifically, preconditioned compound 
events are events in which an underlying weather-driven or climate- 
driven precondition leads to an alteration, generally an increase, in 
the impacts of a hazard (Bevacqua et al., 2021; Zscheischler et al., 2020). 
It is also worthwhile to note here that the existing precondition could 
also have an attenuating/stabilising effect and reduce the impact of the 
subsequent hazard like in the case of dryer antecedent conditions before 
floods (Blöschl et al., 2017). 

The importance of such initial hydrologic conditions on catchment 
response cannot be overemphasised (Garg and Mishra, 2019; Khatun 
et al., 2022). Berghuijs et al. (2019b) illustrated the importance of such 
conditions over European catchments and they showed that most annual 
peak floods in Europe are caused not by large precipitation events but by 
the mutual co-occurrence or coincidence of rainfall with either snow
melt or soil saturated conditions. Ghajarnia et al. (2020) demonstrated 
the close statistical covariation relationship between soil moisture and 
runoff anomalies for the different European climatic regimes. Using a 
data-driven multi-catchment comparative approach with different 
datasets, they unravelled a dominant first-order covariation between 
soil moisture and runoff on the monthly scale. Blöschl et al. (2017) 
analysed the timing of river floods in Europe from 1960 – to 2010 and 
found a clear shift in the timings of winter floods over western Europe 
due to earlier soil moisture maxima. Wasko et al. (2021) examined the 
trends in streamflow using a global dataset and attributed the decreasing 
trend of frequent flood magnitudes to the dominance of drying ante
cedent soil moisture conditions in contrast to the intensification of short- 
duration precipitation. Grillakis et al. (2016) compared the importance 
of initial soil moisture conditions for flash flood generation over 
different catchments and found that the peak discharge was dependent 
on soil moisture states, and the magnitude of the impact relies on the 

magnitude of the event. However, within the available literature, studies 
attempting to contextualize the Soil Moisture (SM) – Precipitation (P) 
preconditioning at a European scale is particularly sparse and very few 
works have attempted to understand the changing regional patterns 
between such SM-P relationships at a seasonal scale. Hence, there is a 
growing need to account for the role played by antecedent catchment 
wetness before a precipitation event in shaping the catchment response 
and their seasonal changes. Specifically, it becomes necessary to char
acterise the spatiotemporal patterns of coincidence between Soil Mois
ture (SM) and Precipitation (P) events. The benefits of establishing such 
spatial information maps in the context of flood hydrology (Merz and 
Blöschl, 2008) and in characterising hydroclimatic covariability (Sun 
et al., 2018) are already well established in the literature. The seasonal 
changes in such patterns could further aid in understanding how the 
different climatic regions of Europe behave in the context of SM-P 
covariability. 

Traditional measures like correlation and covariance are indeed 
helpful in understanding the spatiotemporal patterns of SM-P depen
dence. However, the interdependencies are evaluated considering the 
entire distribution of data. They describe dependence at the centre of the 
distribution and may under/overestimate dependence in the joint tails 
of the distribution (Jiang et al., 2020; Siegmund et al., 2016b). Some 
more commonly used linear methods may fail when the underlying 
distributions exhibit significant deviations from the Gaussian assump
tion. Analyses involving identifying and subsequently extracting 
discrete events (of interest) from a continuous-time series are common 
in hydrological sciences. From an observed streamflow record at a 
gauging site, only a few specified high discharge events are usually 
considered for flood frequency analysis. (Adamowski et al., 1998; Bezak 
et al., 2014; Taesombut and Yevjevich, 1978). 

Event Coincidence Analysis (ECA: Donges et al., 2016) is a non- 
parametric statistical tool that has received considerable attention in 
the past few years. Previous work across many diverse scientific disci
plines has shown that ECA can characterise the statistical in
terdependencies between different variables/processes in many varied 
settings (Christopoulos et al., 2020; Fdez-Arroyabe et al., 2020; Templ 
et al., 2021; Wiedermann et al., 2021) Furthermore, a statistical sig
nificance test checks the robustness of the obtained coincidence rates 
(Donges et al., 2016; Siegmund et al., 2017). 

However, only a few studies have employed ECA to characterise the 
spatial and temporal dynamics of SM-P coupling. Sun et al. (2018) was 
the first to illustrate the spatiotemporal patterns of SM-P coupling using 
the ECA approach. They characterised the spatial patterns for Texas in 
the US and further linked the results with the dominant seasonal 
climatology of the study region. Manoj et al. (2022) evaluated the 
spatiotemporal dependence between SM and P across India using ECA 
and additionally investigated their temporal evolution over time and 
compared it with the changing behaviour of precipitation during the 
same duration. The previous works considered two variables (SM&P) to 
quantify the SM-P coincidence rates and infer the dynamics of their 
changing spatiotemporal patterns. The basic two-variable ECA can also 
be advanced to account for the role of a third observable/process 
(Siegmund et al., 2016a). Such a Conditional Event Coincidence Anal
ysis (CECA: Siegmund et al., 2016a) could help in additionally consid
ering the conditioning of events on instances governed by a third 
variable. To the best of our knowledge, no previous work has attempted 
to incorporate discharge as a third variable in the ECA framework to 
statistically quantify the role of SM-P coincidences as a possible pre
cursor to the annual flood events. Such an analysis would offer addi
tional information on the lagged dependence of annual floods on soil 
moisture – precipitation preconditioning. 

Advancing our understanding of soil moisture (SM) – precipitation 
(P) interactions would help in robustly characterising the regions over 
which a dominant statistical dependence exists between SM and P. 
Identifying areas/catchments which experience a co-occurrence/ 
coincidence between SM and P anomalies can be considered critical 
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for better understanding the occurrence and propagation of large-scale 
flood events like the one of July-2021 in Western Europe (Dietze 
et al., 2022; Ibebuchi, 2022). The timing of annual peak floods could 
also be used to investigate such SM-P coincidences prior to the annual 
flood events over different European climatic regions. With this moti
vation, in the present work, we: a) describe the spatiotemporal patterns 
of SM-P coincidence over Europe and then try to visualise the changing 
seasonal nature of such SM-P dependence over the different climatic 
regions b) identify and contextualise the annual floods occurring after 
such SM-P coincidences have already taken place. 

The article is organised as follows: Section 2 briefly introduces the 
study area and datasets used for the analysis. The steps used in data 
preparation and a summary of Event Coincidence Analysis are presented 
in Section 3. Section 4 details the results of the present study, and Sec
tion 5 the discussions. Final concluding remarks are provided in Section 
6. 

2. Study area & data 

2.1. Study area 

Understanding the possible role of antecedent conditions for floods is 
vital for setting up reliable flood estimation and forecast mechanisms at 
the European scale. Previous studies have shown that the mean annual 
timing of floods over Europe is spatially well defined with distinct 
regional differences for their seasonality and generation mechanism. 
The dominant flood generation mechanisms include precipitation 
excess, soil moisture excess and snowmelt driven floods (Berghuijs et al., 
2019b; Blöschl et al., 2019, 2017; Hall and Blöschl, 2018). Below 60◦

latitude, annual floods are typically seen in parts of western Europe in 
winter and transition to spring floods in the east. Above 60◦ latitude, 
except for coastal areas, spring floods are more widespread. The inter
play between catchment conditions (e.g., soil saturation due to persis
tent rainfall events) and precipitation events often leads to a catchment 
response quite different from the ones expected due to the precipitation 
events acting alone. This is particularly important to characterise from 
an extreme event perspective (Merz et al., 2021). Indeed, in the near 
past, intense flooding episodes have been caused by extreme precipita
tion and moderate catchment wetness (Blöschl et al., 2007) and by 
moderate precipitation and extreme catchment wetness conditions 
(Schröter et al., 2015). The Köppen-Geiger climate classification zones 
for Europe include - cold semi-arid climate (BSk), hot summer Medi
terranean climate (Csa), warm summer Mediterranean climate (Csb), 
humid subtropical climate (Cfa), cold desert climate (BWk), hot desert 
climate (BWh), hot semi-arid climate (BSh), warm dry summer conti
nental climate (Dsb), temperate maritime climate (Cfb) and warm 
summer humid continental climate (Dfb) (Peel et al., 2007). 

The IPCC – SREX, 2012, classified the climatic zones into three 
distinct classes - Northern Europe (NEU), Central Europe (CEU), and 
Southern Europe (SEU). The climatic homogeneity was characterised by 
mean states of precipitation and temperature considering 
Köppen–Geiger climatic regions and the annual precipitation cycle. In 
the latest AR6 assessment of the IPCC, the classification system was 
further refined to better represent consistent regional climate features; 
however, the spatial boundaries of the three major European regions 
from SREX-2012 – NEU, CEU and SEU have been maintained unaltered 
since they encompass the main regional climates in Europe (Iturbide 
et al., 2020). Within Europe, the transition of climate types from west to 
east due to continentality and its subsequent impacts are already well 
documented in literature (Grabowska, 2008; Mikolaskova, 2009; Mog
him et al., 2022; Thompson, 1995). The mean annual timings of floods 
over Europe also exhibit a west to east transition (Hall and Blöschl, 
2018). To account for the impact of such a west to east gradient on the 
seasonal evolution of SM-P coincidence rates within the three IPCC- 
SREX regions, we subdivided each region into two based on the 15◦E 
longitude. They are conveniently classified as – West NEU, East NEU, 

West CEU, East CEU, West SEU, and East SEU. 
In the present work, the analysis is being carried out at a grid scale, 

and we then compare and interpret our results based on the homogenous 
regions classification. Fig. 1 details the six major regions covered. 

2.2. Data 

E-OBS (v24.0: Cornes et al., 2018) grid-based daily precipitation 
product was used in the current study. The final time series is obtained 
from the station network of the European Climate Assessment & Dataset 
(ECA&D) project. E-OBS is a pan-European continental-scale observa
tional dataset of several surface climate variables, including daily pre
cipitation, mean, maximum and minimum temperatures. The dataset is 
based on observations from meteorological stations spanning across 
Europe provided by the National Meteorological and Hydrological Ser
vices (NMHSs) and other relevant data holding institutes (Klein Tank 
et al., 2002). It is an ensemble dataset constructed through a conditional 
simulation approach (Cornes et al., 2018; Klein Tank et al., 2002; Klok 
and Klein Tank, 2009). Previous works have assessed the ability of E- 
OBS to replicate the observed precipitation characteristics over Europe 
and have reported encouraging results (Bandhauer et al., 2022; Hu and 
Franzke, 2020; Kostopoulou et al., 2012). The E-OBS product has also 
been extensively used over Europe in flood hazard assessment studies 
(Berghuijs et al., 2019b, 2019a; Blöschl et al., 2019, 2017). The spatial 
resolution of the precipitation product used here is 0.25◦ x 0.25◦. The 
monthly climatology of mean daily precipitation for the six regions is 
depicted in Fig. 2. 

The modelled soil moisture product used in the present work comes 
from the GLEAM (v3.5 Martens et al., 2017) model. GLEAM stands for 
Global Land Evaporation Amsterdam Model (Martens et al., 2017; 
Miralles et al., 2011). It is worthwhile to point out that the best possible 
way to characterise the SM-P spatiotemporal patterns would be by using 
observational datasets for both Soil Moisture and Precipitation. How
ever, no continental-scale observational dataset exists for soil moisture 
with consistent and homogenous spatial and temporal coverage. Hence 
there is a need to use alternate datasets for this purpose. The GLEAM 
model product used here has been previously used to study the spatio
temporal dynamics of the water cycle and for characterising extreme 
events (Alsafadi et al., 2022; Ghajarnia et al., 2020; Good et al., 2017; 
Guillod et al., 2015; Miralles et al., 2014; Pyarali et al., 2022; Schu
macher et al., 2019). The soil moisture product was also available at a 
daily temporal scale with a spatial resolution of 0.25◦ x 0.25◦. Fig. 3 
shows the monthly changes in soil moisture across the different hydro
climatic regions considered in the present work. 

The discharge peaks were taken from the European Flood Database 
(Fig. 1: Blöschl et al., 2017; Hall et al., 2015; Hall and Blöschl, 2018), 
consisting of the day of occurrence of annual maximum discharge values 
or water levels (daily or instantaneous values). The dataset is available 
for 4062 catchments over Europe. Similar to Berghuijs et al. (2019b), we 
do not consider the catchments over Iceland in the present work. The 
outlet elevations range from around sea level to almost 2000 m, with the 
catchment area ranging from 10 to 100000 km2 (Hall et al., 2015; Hall 
and Blöschl, 2018). To compare the dates of annual flows with SM-P 
coincidences, we compare the flood events with the SM and P events 
for the grid cell where the streamflow gauging station is located. Flood 
generation is usually produced over the entire catchment area. Never
theless, with this simplification we are able to obtain a first estimate of 
the catchments where significant dependence exists between SM-P co
incidences and the peak discharge events. This limitation is discussed in 
more detail in Section 5.4. 

3. Methodology 

In the present section, we first explain briefly the steps involved in 
data preparation (3.1); we then detail the Event Coincidence Analysis 
(ECA) in (3.2) used in (4.1) for unravelling the seasonal SM-P 
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coincidences over the major European climatic regions, followed by 
Conditional Event Coincidence Analysis in (3.3) used in (4.2) for 
comparing the dates of annual peak floods over European catchments 
with the SM-P coincidences. 

3.1. Data Pre-processing 

The E-OBS precipitation product was retrieved from the Copernicus 
Climate Change Service website. The GLEAM product was accessed via 
the GLEAM project’s official website. The discharge data was down
loaded from the Ingenieurhydrologie und Wassermengenwirtschaft, TU 
Wien website (Links to data are provided in the data availability state
ment). Precipitation and Soil Moisture products had a spatial resolution 
of 0.25◦ x 0.25◦; however the spatial overlaps were different, and hence 
bilinear spatial remapping technique (Schulzweida, 2019) was used to 
interpolate the GLEAM product to the E-OBS grid. Similar to Sun et al. 
(2018) and Manoj et al. (2022), we use the daily time step to charac
terise the SM-P dependence patterns. To disentangle the SM-P co
incidences at a seasonal scale, the daily time series corresponding to 
every grid point is split into four seasons, Winter (DJF), Spring (MAM), 
Summer (JJA) and Fall (SON). We identify the top 5% events for 

Precipitation and Soil Moisture for each season at each grid point using 
the respective seasonal 95th percentile limit (which on average, leads to 
about 185–189 events in total per season for both P and SM). This is 
widely adopted in a number of studies for defining extreme events 
(Leckebusch and Ulbrich, 2004; Manoj et al., 2022; Mondal et al., 2020; 
Pendergrass, 2018; Sheridan and Lee, 2018). The event series is finally 
represented as a binary series (0 and 1) in which 1 denotes the presence 
of an event and 0 denotes the absence of an event during a timestep. 
Figs. C1 and C2 in Appendix-C Supplementary Information shows the 
spatial map of the percentile cutoffs used for Precipitation and Soil 
Moisture respectively. 

For the discharge dataset, the peak flood events are compared with 
the precipitation and soil moisture events for the grid cell where the 
streamflow gauging station is located. To maintain temporal overlap 
between the products, the SM-P dependence patterns are evaluated at a 
seasonal scale from 1980 to 2020. Due to the temporal coverage of the 
flood discharge data, flood peaks are compared for the period from 1980 
up to 2010 only. To ensure a sufficient sample size for each season, the 
flood analysis is always restricted to catchments having more than five 
events. In conjunction with the statistical significance test, this ensures 
that our results are significant and not subject to random effects. 

Fig. 1. The six major regions – West NEU, East NEU, West CEU, East CEU, West SEU, and East SEU, referred to in the study, with the location of grid points used for 
characterising the SM-P coincidence relationship over Europe. Also shown are the location of the catchment outlets from Hall et al., 2015, used for comparing the 
dates of annual floods with SM-P coincidences. 
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Table D1 in Supplementary Information details the number of flood 
events considered per season for each catchment. 

3.2. Event coincidence analysis (ECA) 

Event Coincidence Analysis (ECA) (Donges et al., 2016, 2011; Sieg
mund et al., 2017), is a statistical, non-parametric method used to 
quantify and characterise the coincidence rates between two sequences 

Fig. 2. Boxplots showing the monthly variations in mean daily precipitation (mm) for the six hydroclimatic regions considered in the present work – West NEU, East 
NEU, West CEU, East CEU, West SEU, East SEU. (Outliers are not shown). 
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of events of different types. In the present case, we consider Precipita
tion (P) and Soil Moisture (SM) events. It is a particularly useful tool in 
climatic studies (He and Sheffield, 2020; Manoj et al., 2022; Sun et al., 
2018, 2017) and helps to consider the timings of certain well-defined 

events. It has found varied applications in earth sciences and allied 
fields. Some of the more recent works include – exploring the global 
transition between droughts and pluvial events (drought – pluvial 
seesaw) (He and Sheffield, 2020), constructing a functional network 

Fig. 3. Boxplots showing the monthly variations in surface soil moisture (m3/m3) for the six hydroclimatic regions considered in the present work – West NEU, East 
NEU, West CEU, East CEU, West SEU, East SEU. (Outliers are not shown). 
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from gridded precipitation data to study the changes in spatiotemporal 
patterns of monsoons over East Asia (Wolf et al., 2021), deriving sta
tistical relationships between El Nino Southern Oscillation (ENSO) epi
sodes and drought occurrence over China (Xing et al., 2022) and 
evaluating the occurrence of flooding preceded by heat stress over 
Central United States (Zhang and Villarini, 2020). However, none of the 
previous studies have included simultaneously soil moisture, precipita
tion, and flood discharge data to contextualise the relative importance of 
SM-P coincidence as a peak flood discharge mechanism. 

The first step in the analysis involves setting the hypothesis that 
events in SM precede events in P. In our case of quantifying SM-P 
coincidence, this ensures that SM events occur before P events. Hence, 
the trivial case of SM arising well after P has already occurred is not 
counted as a coincidence. ECA affords two parameters – the temporal 
tolerance window, ΔT and lag parameter τ and counts the mutual oc
currences of events P and SM within the temporal tolerance interval ΔT. 
To characterise the probability of SM preceding P, ECA provides the 
precursor coincidence rate (rp). 

The main purpose of the precursor coincidence rate is to identify (out 
of the total P events) those events preceded by at least one SM event in 
the preselected temporal window. The resulting number of SM-P co
incidences is reported as a fraction of the total number of P events. 
Consider event series of type P and SM in which the events occur at times 
tP
i and tSM

j with i = 1,⋯, NP and j = 1,⋯, NSM, where NP and NSM are the 
total numbers of events in series P and SM, respectively. The precursor 
coincidence rate (rp) is defined as (Donges et al., 2016, 2011) 

rp =
1

NP

∑NP

i=1
H

(
∑NSM

j=1
I[0,ΔT]

((
tP
i − τ

)
− tSM

j

)
)

(1)  

where τ is the lag parameter, ΔT is the temporal tolerance. I[0,ΔT](.) is the 
indicator function defined as: 

I[0,ΔT](x) =
{

1, x ∈ [0,ΔT]
0, else (2) 

The Heaviside function is further expressed as: 

H(x) =
{

1, x > 0
0, else (3)  

rp measures the fraction of P-type events preceded by at least one - SM 
type event. It can range from 0 to 1. Zero indicates the complete absence 
of any coincidence, and one denotes that all events in series P happen 
coincident with events in SM. Attention is invited to the fact that mul
tiple coincidences with the temporal window ΔT is only counted once. 

The 95th percentile limit defined the P and SM events at each grid 
point (Detailed information provided in Data Preparation, Section – 
3.1). Temporal tolerance (ΔT) was selected as three days. The lag 
parameter τ, which can allow for the shifting of events, is not considered 
in our analysis and is set as 0 hereafter. A sensitivity analysis previously 
conducted by changing the temporal tolerance (ΔT) windows to five 
days and seven days showed that the spatial patterns remain relatively 
consistent for the different windows and hence considering the resolu
tion of the grid, the data and the spatial extension of the study area, we 
only discuss the results for three days throughout the remainder of the 
paper. 

The obtained coincidence rates at each grid point are tested with the 
Poisson distribution for statistical significance to assess the robustness. 
(Donges et al., 2016; Xing et al., 2022). The null hypothesis is set as the 
observed coincidence values being explained by two randomly gener
ated event series following the Poisson distribution. The p-value of the 
significance test gives the probability that the actual observed number of 
coincidences is equalled or exceeded in the randomly generated sam
ples. If the p-value is less than the selected confidence level α (0.05), the 
null hypothesis is summarily rejected, and the coincidence rate obtained 
is considered significant enough (Manoj et al., 2022). Detailed 

information regarding the significance test is given in Supplementary 
Information. Statistically insignificant values are not considered and 
masked using NA in the main plots. ECA was implemented in R Statis
tical Computing Language (v4.0.2: r Core Team, 2021) using the Coin
Calc package (Siegmund et al., 2017). 

3.3. Conditional event coincidence analysis (CECA) 

Conditional Event Coincidence Analysis is an extension of the basic 
bivariate ECA method, first introduced by Siegmund et al. (2016a); 
CECA advances the two-variable ECA approach to account for the con
ditioning of events on another third variable. More specifically, in 
addition to counting the coincidence between event series SM and P, we 
explore the instances in which a Q event (defined here as an annual peak 
discharge event) also appears coincident with the already evaluated SM- 
P coincidences. To characterise the probability of both SM and P pre
ceding Q, CECA provide the conditional precursor coincidence rate (rc

p). 
The conditional precursor coincidence rate, rc

p is defined as (Sieg
mund et al., 2016a): 

rc
p =

1
NQ

∑NQ

i=1
H

(
∑NP

j=1
H

[
∑NSM

k=1
I[0,ΔTcond ]

((
tP
j − τcond

)
− tSM

k

)
]

I[0,ΔT]

((
tQ
i − τ

)

− tP
j

)
)

(4) 

tQ
i , tP

j ,tSM
k denote the timings and. NP, NSM and NQ are the total 

numbers of events in series Q, P and SM, respectively. τcondandΔTcond are 
defined as the temporal lag and time window for checking the condi
tioning of events. We aim to identify (out of the total Type Q events) 
those Q events preceded by at least one joint SM-P episode in the pre
selected temporal window. The temporal tolerance windows (ΔT, 
ΔTcond) are set as two and one day, respectively. A preliminary review of 
some of the previous flood events (in which antecedent conditions were 
reported to have played a significant role on flood initiation) showed 
that such a setting could account for most of such events (Blöschl et al., 
2007; Dietze et al., 2022; Schröter et al., 2015). 

rc
p measures the fraction of Q-type events preceded by at least one SM 

conditioned P event. Intrinsically, only those events in P are checked for 
coincidence with Q, which are already conditioned by SM events. The 
possible range again varies from 0 to 1, with one denoting that all the 
discharge (Q) events occurred after SM-P episodes and 0 indicating the 
absence of any statistical coincidence relationship between Q and SM-P. 

A detailed methodology diagram outlining the major steps involved 
in the analysis is shown in Fig. 4. Furthermore, an explanation on the 
procedure for calculating the precursor and conditional precursor 
coincidence rates (rp&rc

p) is provided in Appendix – A in Supplementary 
Information using a prototypical example. 

4. Results 

In the present section, we first (4.1) explore the seasonal patterns of 
SM-P dependence over the major European climatic regions using the 
precursor coincidence rate; we then characterise the conditional pre
cursor coincidence rate for discharge events appearing coincident with 
joint SM-P episodes (4.2). 

4.1. Spatiotemporal patterns of SM-P coincidence 

In winter (DJF), grid points with higher SM-P coincidence rates 
(rp > 0.50), are seen in Southern Europe (SEU) and towards the western 
parts of Northern and Central Europe (NEU & CEU). Only sparse coin
cidence is reported in other regions of NEU and CEU. Except for the 
gradual reduction in magnitude and extent, similar patterns are seen for 
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the three major climatic regions in Spring (MAM). A seasonal shift in the 
location of high-valued clusters of precursor coincidence rate (rp >

0.50) is seen in Summer (JJA). Higher coincidence now emerges in East 
CEU and NEU. A reduction in coincidence is seen for SEU. For Fall 
(SON), the coincidence rates reduce in NEU and CEU, and a gradual 
formation is seen again in SEU. From Fig. 5, it is clear that there is a 
strong seasonal nature to the coincidence rates over the major European 
climatic regions. 

The spatial map plots help us understand and visualise the seasonal 
changes in precursor coincidence (rp between SM and P for Europe) In 
general, the regions exhibit distinct seasonal behaviour. Apart from 
understanding the mean behaviour of the areas it also becomes essential 
to account for the distributions of rp exhibited by them. 

This apparent seasonality in the distribution of coincidence rates for 
grid points within the six regions is explored further using a violin plot in 
Fig. 6. Violin plots are an extension to the boxplots, showing the entire 
distribution of data at different values. It helps to check for multiple 
peaks in the probability density function and their relative position in 
the dataset. In the present case, the plots show the distribution of pre
cursor coincidence rates among the grid points for the different regions. 
(Refer to Fig. 1 for the location of grid points and the explanation of the 
colour scheme used). Tails point to the presence of grid points with 
markedly different values of rp compared to the median (mean) behav
iour of the region. 

Fig. 6 shows the violin plot for the six regions (West NEU, East NEU, 
West CEU, East CEU, West SEU, East SEU). Both the West and East SEU 
exhibit consistent behaviour in Winter. This contrasts with NEU and 
CEU, where higher median (mean) coincidence is seen towards the west 
compared to the eastern regions. For Spring, a slight increase in median 
(mean) coincidence is seen for both East CEU and SEU. From Fig. 6(C), it 
is also clear that the SM-P coincidence increases towards the East in 
Summer. The eastern regions exhibit higher median (mean) coincidence 
in the three regions compared to the western regions. 

The seasonal patterns in the distribution of coincidence rates can be 
interpreted using the climatology of the three regions. Figs. 2 and 3 
depict the monthly changes in mean daily values for precipitation and 
soil moisture for the six regions. The boxplots show how the average 
state of precipitation and soil moisture differs for the regions. Around 
May, the soil moisture starts declining considerably throughout the six 
climatic regions. In summer (JJA), the reduction in soil moisture is 
experienced throughout Europe. However, precipitation trends differ for 
SEU compared to NEU and CEU (Iturbide et al., 2020). Contrastingly, the 
precipitation reduces for both West and East SEU, while it shows an 
increasing trend for the regions in NEU and SEU. 

Radiation and soil moisture availability have been consistently put 
forth as the two main drivers of evapotranspiration (ET) over Europe 
(Ghajarnia et al., 2020; Harris et al., 2017; Teuling et al., 2009). SEU’s 
evapotranspiration (ET) regime is expected to be water-limited in nature 

Fig. 4. Illustration showing the major steps involved in the analysis. Step – 1 represents the extraction of Precipitation (Blue) and Soil Moisture (Red) time series for a 
representative grid point. The annual time series is then split into seasonal timescales (DJF, MAM, JJA & SON). This is followed by applying the percentile cutoff to 
extract the seasonal event series (Step – 2). The dates of annual flood events are used to prepare the seasonal discharge event series (Green) in Step – 3. Also shown 
are the final binary event series for Precipitation (Blue) and Soil Moisture (Red). The event-based ECA analysis is carried out finally in Step – 4. First, we calculate the 
precursor coincidence rates (Section – 3.2) for P events preceded by an SM event. Then we calculate the conditional precursor coincidence rate (Section – 3.3) for 
discharge events happening after SM-P joint episodes that have already taken place. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.) 
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(Ghajarnia et al., 2020). Thus, we expect less SM-P coupling via ET in 
SEU in the summer. This is seen in Figs. 5 and 6; Regions in SEU exhibit 
only moderate coincidence in summer and have the lowest median 
(mean) value. The precipitation in SEU starts to increase around mid- 
Fall, which increases soil moisture. This leads to an increase in ET, which 
may be one of the reasons for the rise in coincidence seen for SEU in 
Winter (DJF). For both NEU and CEU, the ET regime is expected to be 
primarily energy-limited (Ghajarnia et al., 2020), and hence we see 
stronger coincidence and higher median(mean) values in Summer when 
the temperature (energy supply for ET) is also high and provides a 
conducive environment for enhanced SM-P coupling. The dependence of 
ET trends on radiation trends in central Europe was also suggested by 
(Teuling et al., 2009). However, it should be noted that further analysis 
incorporating ET and radiation input should be carried out to verify the 
proposed role of ET in impacting the SM-P coincidence rates. Previous 

studies have assessed the impact of land cover and temperature changes 
for the seasonal evolution of evapotranspiration and related water cycle 
changes over Europe (Hänsel et al., 2019; Nistor et al., 2018). This 
presents a very interesting avenue worth exploring in future studies. 

The difference in patterns seen for the East NEU and East CEU can 
partly be explained by the extensive snow cover usually found in those 
regions during Winter and Spring (Berghuijs et al., 2019b; Kemter et al., 
2020). In Summer, we see a corresponding rise due to snow melt and a 
shift of snowfall to rainfall when air temperatures start rising above zero 
(Di Sante et al., 2021; Hundecha et al., 2020) in SM-P coincidence 
values. The near-identical behaviour manifested in West and East SEU 
throughout the different seasons can be attributed to the typical Medi
terranean climate of the regions (Mediero et al., 2015; Schär et al., 
1999). 

In addition to exposing the seasonal SM-P covariation patterns, it is 

Fig. 5. The spatial patterns of SM-P coincidences from 1980 to 2020 characterised using the precursor coincidence rate (defined as the fraction of P events that are 
preceded by at least one SM event in the preselected temporal window) for different seasons – (A) – Winter (DJF), (B) – Spring (MAM), (C) – Summer (JJA) and (D) – 
Fall (SON) Colorbar denotes the precursor coincidence rate, rp. Green denotes regions with precursor coincidence rates less than 0.50, and orange denotes areas with 
coincidence fractions between 0.50 and 0.70. Red denotes parts having coincidence greater than 0.70. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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also essential to know the role played by the SM-P dependence as a 
possible flood generation mechanism. This is attempted by con
textualising the statistical precursor relationship between SM-P co
incidences and the dates of occurrence of annual peak floods over 
European catchments using the conditional precursor coincidence rate 
(

rc
p

)
. 

4.2. Seasonal SM-P coincidence prior to annual peak floods 

To understand the possible role of SM-P coincidences unravelled in 
4.1 as a candidate mechanism for flood-generation over Europe, we used 
the European Flood Database (Hall et al., 2015) consisting of dates of 
occurrences of annual peak floods. More specifically, we consider the 
coincidence of the discharge events (Q) with precipitation events (P) 
that occurred on soil moisture anomalous states (SM). The conditional 
precursor coincidence rate (rc

p) of a catchment in a particular season is 
the fraction of annual floods (out of the total number of reported floods 
in that season) happening after the joint occurrence of both SM & P 
events. The setting helps to account for the fraction of annual flood 
events in a particular season that occurred after precipitation extremes 
happened in saturated soil conditions. 

In this work, we focus our analysis on the statistically significant 
results. Additionally, as complementary information, the analysis 
considering all coincidence rates (both significant and non-significant) is 
included in Figs. C3-C5 in Appendix C (Supplementary Information). 

Fig. 7 depicts the seasonal patterns for the conditional precursor 
coincidence of Q with SM-P coincidence over European catchments. The 
physical interpretation of the conditional precursor coincidence rates 
(rc

p) is the fraction of annual floods in a particular catchment after SM-P 
preconditioning. We hypothesise that soil moisture excess runoff is one 
of the driving mechanisms for flood generation in catchments with 
higher conditional precursor coincidence rates. These are the catch
ments where a higher fraction of annual floods happened in wet con
ditions (based on the exceedance above the 95th percentile limit). The 
role played by the catchment wetness in shaping the runoff response in 
these catchment areas can be considered more critical than the catch
ments with lower conditional precursor coincidence rates. 

Higher coincidence rates (rc
p > 0.70) are reported for SEU and in the 

western European countries (Germany, Belgium, France, and UK) in 
winter. This contrasts with the sparse coincidence rates in Scandinavian 
and Eastern European catchments. For Spring, a clear east to west 
continental divide is seen in the spatial distribution of the conditional 
precursor coincidence rates. Higher coincidences are seen towards the 
west of 15◦ longitude and lower coincidence to the east. We also note the 
gradual emergence of significant coincidence rates in catchments to
wards Scandinavia and Eastern Europe, which were absent in winter. 
However, the rates are still lower (rc

p < 0.50) compared to western 
catchments. For summer, clusters are seen in CEU, particularly in the 
Alps and the Carpathian Mountain ranges. Only nominal coincidence 
rates are seen in SEU. For Fall, we see strong coincidence rates 
(rc

p > 0.70) for the UK, parts of Norway and Alpine regions. 
Next, we focus our attention on the mean seasonal behaviour of the 

conditional coincidence rate among all the catchments in our study area. 
To investigate the changes in conditional precursor coincidence rates 
seasonally throughout Europe, we plotted seasonal violin distribution 
plots considering all the catchments with a significant coincidence rate. 

Fig. 8 shows an average increase in the median (mean) coincidence 
from winter to fall for these catchments. A comparison between winter 
and Spring shows that, even though the median (mean) and the number 
of samples are very similar for both seasons, the coincidence rates 
among the catchments are slightly more spread out in Spring. The me
dian coincidence is highest in Fall (0.67), which indicates that at least 
half of the catchments in Fall have two-thirds or more of the annual 
floods occurring shortly after the joint occurrence of high antecedent 
soil moisture conditions and precipitation events. 

Similar to the regional distribution plot of the SM-P precursor coin
cidence rate, we also plotted violin box plots of the seasonal conditional 
coincidence rate distributions among the catchments for the six sub- 
regions (Fig. 9). We see noticeable changes in the distribution of the 
coincidence rates for catchments in the six regions, in line with the ex
pected flood seasonality and evolution of SM-P coincidence described 
earlier. 

For winter, the emergence of high valued conditional coincidence 
rates (rc

p) in catchments over SEU corresponds to the increased SM-P 
coincidence rates reported for the region (rp) in Fig. 3. In summer, 
similar to the reduction of mean SM-P coincidence, we see very sparse 

Fig. 6. Violin plots showing the seasonal shifts in the distribution of precursor coincidence rates among the grid points for the six regions. Red filled circle in the plot 
denotes the mean of the distribution. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

A. Manoj J et al.                                                                                                                                                                                                                                



Journal of Hydrology 620 (2023) 129445

11

conditional coincidence rates for the catchments. The conditional pre
cursor coincidence rates (rc

p) again gradually emerge in Fall over SEU, 
which coincides with the increase in median (mean) SM-P coincidences 
(rp). This is interesting as even though higher rates of precursor coin
cidence mean more SM-P joint episodes, a higher rp value might not 
always directly translate into a higher rp

c value, as the conditional pre
cursor coincidence is characterised by the total number of Q events 
whereas the precursor coincidence is reported as a fraction of the total 
number of P events. 

The higher conditional coincidence rates towards the countries of 
Western Europe indicate the importance of soil moisture excess in 
driving floods in Winter and Spring. Previous studies found that 
persistent precipitation events due to westerly winds from the Atlantic is 
a major factor in the generation of floods over the region (Ibebuchi, 
2022; Lun et al., 2021; Mediero et al., 2015; Zanardo et al., 2019). Such 

persistent precipitation episodes can lead to increased catchment 
wetness and, subsequently higher conditional coincidence. 

The absence of significant coincidence rates for catchments towards 
eastern Europe and Scandinavia in Winter can be ascribed to the low 
winter temperatures preventing snowmelt and leading to snow accu
mulation. Significant coincidence rates gradually emerge in Spring; 
however, the lower values indicate the relative less importance of SM-P 
coincidence as a peak flood generation mechanism in the region. For the 
Alpine region, the higher conditional coincidence rates in Summer may 
be due to the role played by summer rainfall and snowmelt. Snowmelt 
usually starts in spring and saturates the soil for the summer rainfall 
events. In the presence of melting snow, soils will get saturated leading 
to higher conditional coincidence rates for the flood events with P and 
SM events. However, it should also be noted that snow accumulation 
and melting processes depend on the mean elevation of the catchment 

Fig. 7. The seasonal variation in conditional precursor coincidence rates (defined as the fraction of discharge events that are preceded by the joint occurrence of both 
P and SM events within the selected tolerance window) for catchments over Europe from 1980 to 2010. Figure (A) denotes precursor coincidence for Winter – DJF, 
Figure (B) for Spring – MAM, Figure (C) for Summer – JJA and Figure (D) for Fall – SON. Green denotes regions with conditional precursor coincidence rates less than 
0.50, and orange denotes areas with coincidence fractions between 0.50 and 0.70. Red denotes parts having coincidence greater than 0.70. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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above sea level, which could impact the coincidence rates. 

5. Discussions 

The current study made use of event based ECA approach to describe 
the spatiotemporal patterns of SM-P dependence over Europe and then 
visualised the changing seasonal nature of such SM-P covariation pat
terns over the different climatic regions. The SM-P coincidence was 
characterised by the precursor coincidence rates. We then investigated 
the relative importance of SM-P coincidence as a possible precursor to 
the annual flood events using the conditional precursor coincidence 
rate. 

5.1. Understanding the seasonal SM-P coincidence patterns 

The fact that the joint manifestation of P events and SM anomalous 
conditions within a short interval can lead to highly nonlinear catch
ment response and hazard cascades is already well noted in the literature 
(Berghuijs et al., 2019b; Brocca et al., 2012; Ray and Jacobs, 2007; 
Wasko et al., 2020). It is worth mentioning here that SM anomalies are 
not only caused by extreme precipitation, but even sustained sub- 
extreme precipitation can manifest into soil moisture anomalies. These 
antecedent conditions contribute to flood generation only during any 
subsequent rainfall events, and the SM-P coincidence analysis helps to 

understand and account for them. Univariate modelling approaches, 
which only focus on the precipitation characteristics, severely under
represent such nonlinear catchment feedback mechanisms. Previous 
studies were also constrained by the direct trivial relationship arising 
between precipitation and soil moisture (Seneviratne et al., 2010). Due 
to its directional formulation, ECA allows quantifying such dynamic 
feedback between SM and P. 

The SM-P coincidence analysis gives potential insights into the 
covariation relationship between soil moisture and precipitation at a 
particular grid point. Essentially, it denotes the fraction of P events, 
which occurred after SM also exceeded its threshold. It can also be 
related to the conditional/joint probability that both variables attained 
their exceedance conditions together. The temporal tolerance window 
helps to also account for dynamical interdependencies that cannot be 
easily captured by linear correlation/covariation measures. 

Floods usually occur due to a complex interplay between atmo
spheric processes and factors contributing to runoff generation in the 
catchment (Merz et al., 2021). The coincidence rates are also defined by 
both geomorphological and climatic factors. 

One possible explanation for higher conditional rates is that extreme 
precipitation events in the region are usually preceded by a period of 
sustained duration precipitation. The higher coincidence values could 
be an indicator of the persistence of soil moisture memory in a particular 
region. The soils in these regions can store information on previous 

Fig. 8. Violin plot with an included boxplot showing the distribution of conditional precursor coincidence rate (defined as the fraction of discharge events preceded 
by the joint occurrence of both P and SM events within the selected tolerance window) seasonally for catchments over Europe. Red pointer indicates the mean of the 
distribution. The number of catchments considered is also shown below the respective seasonal plots. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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Fig. 9. Regional distribution plots showing the seasonal evolution of conditional precursor coincidence rates.  
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precipitation events for a more extended period. This could be related to 
soil properties, including soil type, texture, the land use and land cover 
of the region. Another factor could be the triggering relationship be
tween soil moisture and precipitation (Brimelow et al., 2011; Manoj 
et al., 2022; Schwingshackl et al., 2017; Seneviratne et al., 2010) via 
direct (evapotranspiration) and indirect interactions (non-linear impacts 
on boundary layer stability, convective precipitation formation).The 
SM-P coincidence analysis suggests that seasonality is a major process in 
the spatiotemporal dynamics of SM-P covariability over Europe. Previ
ous works have tried to unravel such dynamic spatial patterns at a 
continental scale for Europe mainly from a perspective of dry conditions, 
i.e., droughts (Bonaccorso et al., 2013; Hannaford et al., 2011; Tallaksen 
and Stahl, 2014). We argue that our analysis provides valuable infor
mation on spatial patterns of hydroclimatic covariability with a focus on 
wet conditions. Our results also show the need for considering spatial 
heterogeneity within the three IPCC homogeneous regions. Studies 
which use such homogeneous regions as references for the regional 
synthesis of future climate projections (Iturbide et al., 2020) should take 
care of the varying nature of seasonal SM-P coupling behaviour within 
the reference regions. Attributing the cause of such coupled SM-P rela
tionship would require process-based models for the regions, in which 
different scenarios should be investigated to test different hypothesis. 
Such an analysis is worth investigating but goes beyond the capabilities 
of the methodology applied in this work which is based solely on the 
statistical properties of the considered datasets. 

5.2. SM-P dependence characteristics of the different climatic regions 

Spatially well-defined clusters are seen in southern Europe (SEU), 
West NEU and West CEU in Winter, which shifts towards eastern Europe 
in summer. Our results are generally in agreement with previous SM-P 
studies over Europe. The reduction in soil moisture, precipitation, and 
evapotranspiration for SEU in summer was shown by Ghajarnia et al. 
(2020) using a data-driven multi-catchment approach. They observed 
higher monthly correlation values between soil moisture and evapo
transpiration in the summer for SEU. Their work stressed the critical role 
played by soil moisture in regulating large-scale runoff variations across 
diverse European climatic regions. 

The violin plots further helped understand the distribution of SM-P 
coincidence rates within major IPCC regions over Europe and their 
seasonality. The reduction in median (mean) coincidence rates among 
grid points in SEU is well captured in the seasonal violin plots. Such a 
reduction in coincidences is likely due to drier soil moisture states and 
less SM-P coupling via ET during summer in SEU. The resulting plots 
further pointed to the spatial variation of SM-P coincidence rates within 
NEU and CEU. The near identical distribution of precursor coincidence 
rates for both West and East SEU is an indicator of the homogenous 
behaviour of the whole region (SEU) w.r.t hydroclimatic coupling. 

Identifying such homogenous regions and their corresponding sea
sonal behaviour is crucial for numerous hydro-meteorological applica
tions (Agarwal et al., 2018; Guntu et al., 2020; Pérez Ciria and Chiogna, 
2020). They can aid in disentangling the complexity of hydrological 
systems (McDonnell and Woods, 2004). The spatial coherence of such 
changing regional patterns can hold vital information about the prop
agation of large-scale hydro-meteorological extremes like droughts and 
floods. 

The role of soil moisture-atmosphere coupling for temperature and 
precipitation extremes and their associated trends have also been pre
viously studied over Europe. Jaeger and Seneviratne (2011) used sim
ulations from a regional climate model to investigate the role of SM-P 
coupling for temperature and precipitation extremes over the European 
summer climate. Significant impacts of temporal SM variability were 
found for the wet-day frequency and other associated extreme indices. 
Seneviratne et al. (2006) investigated the role of atmospheric coupling 
on future changes in the interannual variability of summer precipitation 
over Europe and found that, in most cases, the deviations can be partly 

explained by land–atmosphere coupling. In regions where precipitation 
increases of considerable magnitude were simulated, the land–atmo
sphere coupling could account for about two-thirds of the total variance. 

5.3. SM-P dependence as a possible flood generation mechanism 

Accounting for the impact of joint SM-P covariation patterns in the 
context of annual flood generation over European catchments is vital for 
the proper characterisation of different possible runoff generation 
mechanisms. Identifying catchments with a higher fraction of reported 
historical annual floods immediately after the joint occurrence of SM-P 
coincidences and their dependence on seasonality is also helpful from 
flood forecast and disaster preparedness aspects. We used an extension 
of the bivariate Event Coincidence Analysis to account for the condi
tional probability of event occurrences in more than two variables. 
Specifically, we focused on discharge events (Q: Annual Floods) 
happening after both SM and P events have taken place. 

Our findings showed that the seasonal evolution of such conditional 
precursor coincidence rates (rc

p) over European catchments are generally 
in line with previous studies (Berghuijs et al., 2019b; Blöschl et al., 2019; 
Hundecha et al., 2020; Lun et al., 2021). We saw an increase in the 
median (mean) coincidence for rc

p from Winter to Fall, albeit with fewer 
catchments contributing to the distribution of the coincidence rates in 
Fall. Furthermore, we saw that the seasonal evolution of conditional 
precursor (rc

p) over SEU is in line with the corresponding temporal 
changes seen in SM-P coincidence (rp) patterns. To understand the 
possible connection between catchment wetness and the conditional 
precursor coincidence rates, we plotted the seasonal variation of the 
95th percentile limit (Fig. C1 and C2 in Appendix – C, Supplementary 
Information). In general, we can observe higher values for soil moisture 
and precipitation limits in regions with higher coincidence rates. 

Our observations align with the results of Berghuijs et al., (2019b) for 
Europe, who used seasonal statistics to estimate the relative importance 
of different mechanisms as potential flood drivers. They found that 
during 1960–2010 relatively few annual floods were caused by precip
itation extremes acting alone, and in about 43% of the studied catch
ments, the flood events were caused by the concurrence of heavy 
precipitation with high antecedent soil moisture. The timing of soil 
moisture excess was seen to coincide with the seasonality of annual 
flood events across large parts of western Europe, including – Germany, 
France, Spain and Britain. These regions also have a higher coincidence 
in our case. The peak floods were also seen to not coincide in the case of 
eastern Europe. This behaviour is also seen in our analysis, with lower 
coincidence rates reported for the eastern European and Scandinavian 
catchments. However, caution should be given to the fact that the 
conditional coincidence rates are calculated out of the total number of 
events in a season. 

Blöschl et al., (2019) demonstrated regional patterns in observed 
flood discharges over Europe and reported an increase in flood discharge 
values for north-western Europe – including parts of Germany, France 
and the Northern UK due to the increase in rainfall and soil moisture. 
Statistically significant positive correlation values were obtained for 
temporal variability of discharge and soil moisture maxima, which again 
points to the possible role played by soil moisture excess (along with the 
increasing precipitation) as an important flood driver for these regions. 
For southern Europe, a decrease in precipitation and soil moisture was 
reported, resulting in a decrease in flood discharge values from 1960 to 
2010. The decline has been attributed to the northward shift of the 
subtropical jet and increased evapotranspiration due to warming tem
peratures (Archer and Caldeira, 2008; Mediero et al., 2014) We argue 
here that since the percentile thresholds (and the subsequent events) are 
calculated based on the long-term seasonal climatology of the region, 
such a reduction would lead to a fewer number of coincidences and, 
finally to a reduced coincidence rate. This could be a possible reason for 
lower rates seen in those regions. However, the characterisation of the 
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strength of absolute values on the calculated rates is indeed complex and 
worth investigating in detail in future studies. 

Hundecha et al. (2020) identified four major flood-generating pro
cesses across Europe (long-rain, short-rain, snowmelt, and rain-on-dry- 
soil flood events) and investigated the seasonal and regional distribu
tion of the different flood event types. They saw a clear predominance of 
short rain events (in which the catchment is saturated at the onset with 
very little soil moisture deficit) both seasonally and regionally 
throughout Europe. The only exception is the regions in Northern 
Europe where snowmelt events dominated. This is again similar to our 
observation of fewer significant conditional precursor coincidence rates 
in those regions, while at the same time, it should be noted that the 
coincidence rates is not generalised for all the other areas. Lun et al. 
(2021) did a pan-European assessment of characteristics and process 
controls of statistical flood moments. They used the mean annual flood 
(MAF) and coefficients of variation (CV) and skewness (CS) of flood 
discharges over five predetermined hydroclimatic regions. Similar to 
our results of higher conditional coincidence rates, they observed higher 
mean specific annual floods over regions of the Alps, the Apennines 
(Italy), the Carpathian Flysch Belt and Great Britain. The spatial patterns 
of CV showed that the consistency of the occurrence of such peak flows is 
also in line with our obtained results. Catchments with wetter states (In 
our case, higher conditional coincidence rates) showed less CV and 
hence more regularity in the occurrence of large floods. 

5.4. Assumptions and limitations 

The need for exercising caution while employing gridded products 
for the analysis of extremes at a daily scale is already well reported in the 
literature (Gervais et al., 2014; Timmermans et al., 2019). Since it is an 
observational dataset, the E-OBS product severely underperforms in 
regions with low station density, which can be considered one of the 
product’s major limitations. However, we note here that since the initial 
release of E-OBS (Haylock et al., 2008), many more station has been 
continuously added and also the newer versions of E-OBS uses a refined 
interpolation method and take into account the possible uncertainties by 
delivering an ensemble of possible realisations (100 members) (Cornes 
et al., 2018). 

Moreover, in our case of quantifying the SM-P coincidence, we only 
consider the relative timings of events for different grid points. The ECA 
framework discards the magnitudes of the variable and only considers 
the days which exceed the prefixed percentile thresholds. Hence, we 
explored the time variability rather than absolute values of soil mois
ture; this has the advantage that, the choice of modelled product is ex
pected to have a limited impact on the final calculated coincidence rates 
(Koster et al., 2009). 

Our method is designed to quantify the SM-P dependence based on 
the mutual occurrence of events in both series within the prefixed 
temporal tolerance. We do not include the magnitude of such events into 
account. Therefore, a quantitative understanding of the possible impact 
of changes in the magnitude of precipitation on the SM-P dependence is 
lacking. The 95th percentile is a reasonable cut off to include all 
(extreme) precipitation events, which would finally lead to annual peak 
floods over the catchment. However, some floods could have been 
caused by rainfall rates not belonging to the top 5%, and our present 
analysis does not take into account such events. 

The spatial resolution of the gridded data (0.25◦ x 0.25◦) provides an 
average representation of the precipitation characteristics occurring in a 
region. The grid-based soil moisture product is also averaged over 
considerable spatial heterogeneity. In order to compare the results for a 
larger number of catchments and to avoid the significant computational 
pre-processing work involved in carrying out a catchment area-weighted 
approach, we used the grid points of the catchment outlet. These ap
proximations will invariably lead to a lack of representation of any 
small-scale site-specific conditions. However, our results must be seen as 
a first estimate of the catchments where significant dependence exists 

between SM-P coincidences and the peak discharge events (in our case, 
higher conditional coincidence rates). Further works could focus on the 
identified locations and investigate the events following a process-based 
modelling approach. The methodology could be easily expanded to ac
count for the catchment averaged soil moisture and precipitation values. 
The temporal tolerance window could also be adapted, and for a more 
detailed analysis, an approach involving the coincidence rates calcula
tion for different temporal tolerance could be utilised. 

We stress here that the hydrological processes leading to flood gen
eration are nonlinear and difficult to characterise using only simple 
event-based approaches. Our main aim is to understand how the timing 
of the annual peak flood events could be used in conjunction with the 
seasonal patterns of SM-P dependence to get a first estimate of the lo
cations experiencing annual floods shortly after SM-P coincidence. The 
relative ratio of such flood events in each season to the total number of 
flood events reported in the specific season is calculated and helps 
identify catchments that are more prone to such soil moisture excess- 
driven floods. Since only the dates of peak floods are available, it is 
again not possible to identify the changes in patterns for different 
magnitude events. 

We caution that the absolute number of annual flood events reported 
in a season can vary for each catchment. The conditional precursor 
coincidence rates are reported as a fraction of the total number of events 
in a season (minimum five) for a catchment. A drawback of such an 
approach is that it leads to some catchments being present in specific 
seasons only, and to a different number of catchments in different sea
sons. However, in the present study our objective is to understand the 
relative importance of SM-P coincidence as a possible precursor to the 
annual flood events throughout all the catchments, and hence we 
investigated the relative proportions of the events as the conditional 
precursor coincidence rate (rc

p). 
Floods usually manifest due to several complex interconnected fac

tors (Merz et al., 2021; Mishra et al., 2022) We focused on soil moisture 
and precipitation, but we believe the analysis of other important factors 
could contribute to better understanding the flood triggers. These 
additional variables include topography, soil type and properties, land 
cover change and even the impact of sea-surface temperature anomalies. 
Another point to be noted is the impact of anthropogenic constructions 
and the effect of reservoir management operations on streamflow al
terations and variability (Pérez Ciria et al., 2019). 

6. Conclusions and perspectives 

The present work provides a continental scale overview of the sta
tistical coincidence relationship between soil moisture and precipitation 
events over Europe. We used the precursor coincidence rate to charac
terise the SM-P preconditioning and then investigated the influence of 
seasonality on the dependence strength. The changing patterns of SM-P 
dependence are studied in depth for the various climatic regions of 
Europe. The possible impact of such SM-P coincidences on annual flood 
events is also unravelled, focusing on the role of such antecedent con
ditions as a possible flood-generating mechanism. 

The salient findings of the current study are:  

a) The seasonal SM-P coincidence analysis reveals that seasonality is a 
major driving force in the spatiotemporal dynamics of SM-P coupling 
over Europe.  

b) Higher coincidence rates are seen in Southern Europe (SEU) and 
towards the western parts of Northern and Central Europe (West 
NEU & West CEU) in Winter, which shifts towards East NEU and East 
CEU in Summer. The patterns are in line with the expected seasonal 
climatology of the different regions.  

c) The conditional precursor coincidence, which quantifies the relative 
fraction of annual flood events in a particular season that occurred 
after joint SM-P coincidence, is also evaluated for the different 
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catchments, and the observed values agree with previous flood 
hazard studies over Europe. 

The present work can be advanced by conducting smaller catchment 
scale studies incorporating streamflow data. The relative impact of SM-P 
coincidence over a range of discharge values can also be investigated 
further. Exploiting the approach used in the present study to the prob
lem of characterising the dependence of absolute values on the coinci
dence rates and the temporal evolution of the spatiotemporal patterns 
over the past few years provide an exciting avenue for future research 
but is beyond the scope of present study. 

It is worthwhile to note that changing the temporal tolerance win
dow parameters and studying their associated impacts could aid in un
derstanding the lagged associations between the various 
hydrometeorological variables (In our case – soil moisture, precipita
tion, and discharge). Future works could investigate such lagged 
covariation relationships in detail by incorporating additional variables 
(for example, evapotranspiration, and solar radiation), evaluating the 
changes for different tolerance windows, and considering the lag pa
rameters. Our results indicate the importance of considering antecedent 
conditions for understanding flood generation mechanisms over Europe. 
Event-based methods like ECA can help incorporate the conditioning of 
variables on other processes. ECA can be a vital tool in studies aiming to 
characterise multivariate dependencies. Approaches considering such 
dynamic relationships can vastly help describe multi-hazard risk sce
narios and mitigate the adverse impacts of preconditioned compound 
events. 
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flood magnitudes and spatial extents across Europe. Geophys. Res. Lett. 47, 1–8. 
https://doi.org/10.1029/2020GL087464. 

Kemter, M., Fischer, M., Luna, L.V., Schönfeldt, E., Vogel, J., Banerjee, A., Korup, O., 
Thonicke, K., 2021. Cascading hazards in the aftermath of Australia’s 2019/2020 
Black Summer wildfires. Earth’s Futur. 1–7 https://doi.org/10.1029/2020ef001884. 

Khatun, A., Ganguli, P., Bisht, D.S., Chatterjee, C., Sahoo, B., 2022. Understanding the 
impacts of predecessor rain events on flood hazard in a changing climate. Hydrol. 
Process. https://doi.org/10.1002/hyp.14500. 

A. Manoj J et al.                                                                                                                                                                                                                                

https://doi.org/10.1038/s41586-019-1495-6
https://doi.org/10.1038/s41586-019-1495-6
https://doi.org/10.1007/s11269-012-0177-z
https://doi.org/10.1623/hysj.51.5.739
https://doi.org/10.1175/2011EI407.1
https://doi.org/10.3390/rs4051232
https://doi.org/10.3390/app10020662
https://doi.org/10.1029/2017JD028200
https://doi.org/10.1038/nclimate1452
https://doi.org/10.1002/joc.7014
https://doi.org/10.5194/nhess-22-1845-2022
https://doi.org/10.5194/nhess-22-1845-2022
https://doi.org/10.1016/j.jhydrol.2017.06.015
https://doi.org/10.1016/j.jhydrol.2017.06.015
https://doi.org/10.1073/pnas.1117052108
https://doi.org/10.1073/pnas.1117052108
https://doi.org/10.1140/epjst/e2015-50233-y
https://doi.org/10.1016/j.scitotenv.2019.135813
https://doi.org/10.5194/hess-19-3903-2015
https://doi.org/10.5194/hess-19-3903-2015
https://doi.org/10.1029/2019WR025863
https://doi.org/10.1029/2019WR025863
https://doi.org/10.1175/JCLI-D-13-00319.1
https://doi.org/10.1175/JCLI-D-13-00319.1
https://doi.org/10.1038/s41598-020-61621-y
https://doi.org/10.1038/s41559-017-0371-8
https://doi.org/10.1038/s41559-017-0371-8
https://doi.org/10.2478/mgrsd-2008-0007
https://doi.org/10.2478/mgrsd-2008-0007
https://doi.org/10.1016/j.jhydrol.2016.03.007
https://doi.org/10.1016/j.jhydrol.2016.03.007
https://doi.org/10.1016/j.jhydrol.2020.125262
https://doi.org/10.1016/j.jhydrol.2020.125262
https://doi.org/10.1038/ncomms7443
https://doi.org/10.1016/j.jhydrol.2020.125236
https://doi.org/10.1016/j.jhydrol.2020.125236
https://doi.org/10.5194/hess-22-3883-2018
https://doi.org/10.5194/hess-22-3883-2018
https://doi.org/10.1002/hyp.7725
https://doi.org/10.1002/hyp.7725
https://doi.org/10.1016/j.advwatres.2019.03.005
https://doi.org/10.1016/j.advwatres.2019.03.005
https://doi.org/10.1175/JHM-D-16-0227.1
https://doi.org/10.1175/JHM-D-16-0227.1
https://doi.org/10.1029/2008JD010201
https://doi.org/10.1029/2008JD010201
https://doi.org/10.1029/2020GL087924
https://doi.org/10.1029/2020GL087924
https://doi.org/10.5194/hess-9-431-2005
https://doi.org/10.1029/2020GL089624
https://doi.org/10.1080/02626667.2020.1782413
https://doi.org/10.1080/02626667.2020.1782413
https://doi.org/10.1007/s00704-022-03945-5
https://doi.org/10.1007/s00704-022-03945-5
https://doi.org/10.5194/essd-2019-258
https://doi.org/10.1007/s00382-010-0780-8
https://doi.org/10.1175/JCLI-D-19-0413.1
https://doi.org/10.1175/JCLI-D-19-0413.1
https://doi.org/10.1038/nclimate2124
https://doi.org/10.1038/nclimate2124
https://doi.org/10.1088/1748-9326/abd26c
https://doi.org/10.1029/2020GL087464
https://doi.org/10.1029/2020ef001884
https://doi.org/10.1002/hyp.14500


Journal of Hydrology 620 (2023) 129445

18
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Rubin, S., Capaldo, M., Maugeri, M., Leitass, A., Bukantis, A., Aberfeld, R., van 
Engelen, A.F.V., Forland, E., Mietus, M., Coelho, F., Mares, C., Razuvaev, V., 
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P., Roald, L.A., Salinas, J.L., Toumazis, A.D., Veijalainen, N., órarinsson, Ó., 2015. 
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