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Abstract. Taking into account the spatial dependence of
floods is essential for an accurate assessment of fluvial flood
risk. We propose novel extensions to the Fisher copula to sta-
tistically model the spatial structure of observed historical
flood record data across North America. These include the
machine-learning-based XGBoost model, exploiting the in-
formation contained in 130 catchment-specific covariates to
predict discharge Kendall’s t coefficients between pairs of
gauged—ungauged catchments. A novel conditional simula-
tion strategy is utilized to simulate coherent flooding at all
catchments efficiently. After subdividing North America into
14 hydrological regions and 1.8 million catchments, apply-
ing our methodology allows us to obtain synthetic flood event
sets with spatial dependence, magnitudes, and frequency re-
sembling those of the historical events. The different com-
ponents of the model are validated using several measures
of dependence and extremal dependence to compare the ob-
served and simulated events. The obtained event set is fur-
ther analyzed and supports the conclusions from a reference
paper in flood spatial modeling. We find a nontrivial relation-
ship between the spatial extent of a flood event and its peak
magnitude.

1 Introduction

Flooding is one of the most frequent and damaging classes
of natural disaster, accounting for 43 % of all major recorded
events and affecting nearly 2.5 billion people worldwide dur-
ing the period 1994-2013 (Centre for Research on the Epi-
demiology of Disasters, 2015). In hydrology, accurate pre-
dictions of the frequency and magnitude of extreme flood

events are needed to prevent and mitigate the physical and
financial damage caused by flooding.

In fluvial flood models, extreme river discharges are usu-
ally derived using observed gauge data. They are commonly
used as input to hydraulic models to produce fluvial flood
depth maps. Traditionally, flood studies are conducted locally
on the scale of a river basin. Many local studies would then
be combined to produce flood maps on a national or conti-
nental scale. This way of proceeding comes with its limits.
Since the methodologies used to assess flood risk can signif-
icantly differ from study to study, the aggregation of numer-
ous local studies often lacks coherence (Bates et al., 2023).
With current advances in hydrological science, big data, and
computing capabilities, flood mapping at a national and con-
tinental scale is now possible, taking advantage of the power
of more data input (Nearing et al., 2021; Wing et al., 2020;
Bates et al., 2021).

Fluvial flooding is inherently a spatial phenomenon: large-
scale precipitation and the connectivity of river networks
mean that extreme discharge can be present simultaneously
at different locations. Modeling widespread flooding is of
particular interest for the insurance and reinsurance sectors,
since they often operate at a regional and national scale.
Some recent studies have shed light on the spatial structure of
riverine floods (Brunner et al., 2020; Berghuijs et al., 2019),
but this topic is largely understudied. The majority of flood
frequency analysis studies do not consider flood spatial de-
pendence, assuming that the same return period flood affects
a whole area, an assumption which breaks down if the mod-
eled area is large (Quinn et al., 2019).

Only a few studies have tackled modeling the spatial
structure of flood events, usually under stationary conditions
(Brunner et al., 2019; Diederen et al., 2019; Keef et al., 2009;
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Neal et al., 2013; Quinn et al., 2019). Statistical approaches
are commonly used to model multivariate extremes using
the theory of max-stable processes (de Haan and Ferreira,
2006; Davison et al., 2012) or copulas (Genest and Favre,
2007). Max-stable processes are parametric models which
generalize the univariate extreme value theory to more than
one dimension. They have a solid theoretical basis, but be-
cause there is no simple parametric form for the target distri-
bution, statistical inference is significantly harder when the
number of dimensions is large. Copulas are statistical mul-
tivariate structures which separate the marginal distribution
of variables from their dependence structure (Genest and
Favre, 2007). Copulas have regularly been used to model
multivariate extremes in environmental and climate studies:
the extreme value copulas (Lee and Joe, 2018; Ribatet and
Sedki, 2013), the Archimedean family of copulas (Schulte
and Schumann, 2015; Alaya et al., 2018), and spatial vine
copulas (Griler, 2014). Brunner et al. (2019) use the Fisher
copula to model co-occurrent extreme floods in a small river
basin in Switzerland, with a proposed simple extrapolation to
ungauged catchments. Quinn et al. (2019) use the Heffernan
and Tawn exceedance model to analyze the spatial depen-
dence between flood peaks for the contiguous United States.
They found that extreme river flows were positively corre-
lated, with the correlation decreasing as the distance separat-
ing two stations increases. The Heffernan and Tawn condi-
tional exceedance model is gaining popularity in spatial flood
modeling, thanks to its basis in extreme value theory, its flex-
ibility, and its easy implementation compared to max-stable
processes (Heffernan and Tawn, 2004; Keef et al., 2009).
However, compared to copulas, the conditional exceedance
model needs the fitting of many regression models and does
not present a natural framework to assess spatial dependence
at ungauged catchments (Brunner et al., 2019).

In order to create a flood map with complete spatial cov-
erage, methods to model flows in ungauged catchments are
needed. Very little past work has tried to model spatially
coherent flood including ungauged catchments. Wing et al.
(2020) use synthetic discharge simulated by a hydrological
model to compensate for lacking observed data and study
the spatial structure of floods, although computing rainfall-
runoff outputs for every ungauged catchment on a continen-
tal scale can represent a high computational burden. Brunner
et al. (2019) derived a simple method to extend the Fisher
copula model to ungauged catchments, where the pairwise
Kendall’s 7 coefficients are regressed against river distance.
The authors tested this method on a small subset of 22 sta-
tions in a Swiss river basin.

We propose in this study a methodology to model the spa-
tial dependence of a riverine flood on a continental scale
based on the Fisher copula model developed in Brunner et al.
(2019) and Favre et al. (2018). This model is extended to
allow for efficient simulation of floods with spatial coher-
ence in ungauged catchments. The interpolation method in
Brunner et al. (2019) is modified to calculate spatially coher-
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Figure 1. Flowchart of the spatial dependence model. The different
components are mentioned along with the section number where
they are detailed.

ent flows for every catchment using machine learning and a
new conditional simulation strategy. Using this probabilistic
approach, a synthetic catalog of stochastic discharge events
resembling the observed record can be produced, with plausi-
ble discharge magnitudes not previously seen. The discharge
event set can subsequently be used in hydraulic models to
produce a flood depth event set and assess corresponding
physical damage and financial losses.

Our methodology includes the following components,
which will be addressed in the following sections.

— Event identification from observed records of daily dis-
charge and creation of a regional observed event set are
in Sect. 3.1.

— The dependence model for flood events based on the
Fisher copula is in Sect. 3.2.

— Interpolation of the Fisher copula model to ungauged
catchments is in Sect. 4.1.

— Simulation of a synthetic event set for all catchments,
with spatial dependence, is in Sect. 4.2.

— Event time stamping (frequency component) and back
transformation with a marginal model for extreme dis-
charge (magnitude component) are in Sect. 4.3.

A summary of the methodology and interrelationships be-
tween the different components can be visualized in Fig. 1.

2 Data
2.1 Daily discharge data

We use daily discharge data from various sources, first start-
ing with data from the Global Runoff Data Centre database
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(GRDC; The Global Runoff Data Centre, 2024), an interna-
tional data center operating under the auspices of the World
Meteorological Organization. It consists of 2118 stations
high-quality records across North America, with different
time periods for each station. This dataset is supplemented by
various government sources: USGS National Water data for
the USA (U.S. Geological Survey, 2016), Atlas hydroclima-
tique for Quebec (Ministere de I’Environnement, de la Lutte
contre les changements climatiques, de la Faune et des Parcs,
2022), and the HYDAT Database for Canada (Environment
Canada, 2013), extracted with the TidyHydat package in
R. Because some bad-quality data were found in the latter
datasets, a quality control procedure is devised to select only
the station records considered reliable. To this end, we com-
pare annual maximum discharges calculated from the daily
discharge series with those from a separate annual maxima
database. Annual maximum instantaneous peak discharge
datasets are extracted directly from USGS National Water
data for the USA (U.S. Geological Survey, 2016) and the
HYDAT Database for Canada (Environment Canada, 2013).
The annual maxima dataset covers 23 283 stations with at
least 10 years of quality-checked data. Mean relative error is
calculated across concurrent annual maxima for each station.
Stations with a mean relative error lower than 10 % calcu-
lated over at least 10 years are considered reliable and added
to the GRDC data.

To focus on stations with significant discharge, only those
with a drainage area higher than 50 km? are kept, and any sta-
tion or year with non-complete daily data is discarded. After
this preprocessing, 3385 high-quality stations are used over
North America.

2.2 Catchment attributes

A large dataset of 130 characteristics for over 1.8 million
catchments across North America is used to model floods at
ungauged catchments. These include catchment-specific at-
tributes in term of geography (latitude, longitude, altitude),
hydrology (average stream slope, drainage length, drainage
area, flow direction fraction), climate (solar radiation, wind
speed, vapor pressure), and soil properties (silt, sand, clay,
and gravel fraction of different soil layers, mean base sat-
uration, and fractional coverage of different land coverage
classes). For a detailed description of each variable as well
as their sources, the reader can refer to Table S1 in the Sup-
plement.

2.3 Catchment delineation

In this section, we describe the methodology employed
to generate the river network, delineate catchment bound-
aries, and establish topological relationships between catch-
ments. The process utilizes a 90 m spatial resolution MERIT-
HYDRO digital elevation model (DEM) with an average
unit catchment size of 10km? (Yamazaki et al., 2019). The
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90m MERIT-HYDRO DEM forms the basis for deriving
the flow direction raster, which is then used to compute
the flow accumulation raster. Watershed delineation is per-
formed for each basin, employing a threshold of 10km?.
The delineation process involves specific functions within
the Arc Hydro Toolbox, following a classic watershed delin-
eation approach, namely StreamDefinition, Stream Segmen-
tation, CatchmentGridDelineation, CatchmentPolygonPro-
cessing, and DrainageLineProcessing.

This methodology is consistently applied across all ma-
jor watersheds identified within the 90 m MERIT-HYDRO
dataset. The primary objective is to optimize watershed sizes
to an approximate average of 10km?, contrasting with the
typical dataset norm of around 100km?. The integration of
functions within the Arc Hydro Toolbox ensures precise at-
tribution of each line to its respective catchment, effectively
delineating its connections with downstream features. The
scope of this study encompasses the entirety of North Amer-
ica, resulting in a comprehensive dataset comprising 14 246
network groups (NetID) and 1 821 571 delineated catchments
(COMID).

Subsequently, each discharge station is mapped to a com-
bination of NetID and COMID, providing a comprehensive
association between the stations and their respective catch-
ments within the river network. The decision was made to as-
sociate each station with a catchment to simplify the compu-
tation of catchment attributes and ensure accurate alignment
with the corresponding watercourse. Discrepancies between
the actual station position and the reported position are not
uncommon. For each station, the disparity between the re-
ported drainage area and the cumulative upstream drainage
area of the surrounding basins is calculated. The station is
then linked to the watershed with the smallest error. Subse-
quently, only stations with a difference between the station’s
drainage area and the catchment area falling below the maxi-
mum of either 15 % of the upstream catchment drainage area
or 60 % of the catchment unit area (addressing cases of head
catchments) were retained (see Fig. S1 in the Supplement for
a visual plot of this step).

The catchments are partitioned into 14 hydrologically sim-
ilar regions across North America, corresponding to level 2
of the HydroBASINS product, which delineates watershed
boundaries and provides seamless global coverage of consis-
tently sized and hierarchically nested sub-basins at different
scales (Lehner and Grill, 2013). These regions are numbered
and named: 1 — Arctic, 2 — Northwest Passage, 3 — Hudson
Bay, 4 — Nunavut, 5 — Northwest Territories, 6 — Alaska, 7
— Saint Lawrence, 8 — prairie, 9 — British Columbia, 10 —
East Coast, 11 — Midwest, 12 — California, 13 — Mexico,
14 — Caribbean. They are represented in Fig. 2, along with
the locations of the preprocessed station data. An example of
river network (NetID) and catchment (COMID) delineation
is shown in Fig. 3 for region 9, British Columbia.
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Figure 2. The 14 HydroBASINS regions and location of station data after preprocessing (black dots).

Figure 3. Discretization of HydroBASINS region 9 into river net-
works (a) and of a small river network into catchments (b). The
considered network is highlighted with a red contour.

3 Dependence model for gauge stations

The subsequent methodology is applied for each Hy-
droBASINS region independently. Catchments within a re-
gion can share the same large-scale hydrological behav-
ior, but stations across multiple regions usually exhibit dis-
tinct spatial structures. This is supported by recent studies
showing that the distance separating catchments experienc-
ing the same floods exhibits regional differences, depend-
ing on the nature of flood-generating mechanisms (Berghuijs
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etal., 2019; Brunner et al., 2020). Because of station sparsity,
we omit analysis of regions 1, 2, 3, 4, 13, and 14 (respectively
the Arctic, Northwest Passage, Hudson Bay, Nunavut, Mex-
ico, and the Caribbean). In what follows, the methodology
and results are presented for region 9 (British Columbia). Re-
sults with regard to regions 7 (Saint Lawrence), 8 (prairie),
10 (East Coast), and 11 (Midwest) can be found in the Sup-
plement (Figs. S4-S10).

3.1 Event definition
3.1.1 Synchronous dataset creation

To capture the spatial structure between discharges from
multiple stations, observed data have to be available syn-
chronously. For each region, since station data have vari-
able time spans, we choose a sufficiently long common pe-
riod of observations which maximizes the spatial coverage.
To this end, the 30 years (not necessarily continuous) with
the highest number of stations are selected as the common
time period. Then only stations with complete data coverage
for these 30 years and presenting a negligible trend as de-
tected by the Mann—Kendall trend test are retained for anal-
ysis. There is a trade-off to be made between the time period
length and the spatial coverage, as increasing the time pe-
riod decreases the number of stations with available data. We
consider 30 years to be enough temporal coverage to capture
the extreme discharges, and imposing a longer time period
would lead to discarding too many stations for some already
sparse regions. For British Columbia, 30 years of discharge
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record in the period 1975-2013 from 253 stations are used
(see Fig. 4a). Gauge density is better in the southern part of
the region. The synchronous discharge dataset is then used to
define regional events for spatial structure assessment.

3.1.2 Event identification

Defining what constitutes a flood event in a continuous se-
ries of discharge data is a challenging task implying a num-
ber of arbitrary choices. First, local flood events are iden-
tified as high peaks at each station using a peak identifi-
cation algorithm described in Diederen et al. (2019). The
algorithm identifies successive alternation of local maxima
and minima in the time series, defined as the points where
the sign of the increment changes from positive to negative
and vice versa. It also includes noise removal and decluster-
ing options to remove small perturbations on the one hand
and to ensure events are sufficiently separated temporally on
the other hand. The threshold for noise removal is taken as
8y =0.02 x max(dY), where dY is the series of absolute dif-
ferences between successive high and low peaks, similar to
the work in Diederen et al. (2019). The minimum separating
time between two local events is set to 6 d to decluster peaks
belonging to the same event and ensure identified events are
more or less independent. This is in line with a compre-
hensive analysis of flood wave travel times by Allen et al.
(2018), who show that, globally, flood waves take a median
travel time of 6 d to reach their basin terminus. Finally, only
peaks exceeding the 0.9th quantile flow for each station are
retained, as we are interested in the extreme discharge. Lo-
cal events are assigned the dates when the maximum peaks
occur.

Regional events are identified from the local events us-
ing the 1D mean shift clustering algorithm (Comaniciu and
Meer, 2002) to group the dates of all local events into clus-
ters. Each cluster corresponds to a time period that defines
a regional event. This definition is able to account for the
lag time between peak discharges belonging to the same
event. As with any clustering algorithm, a choice has to made
with regard to the optimal number of clusters. The algo-
rithm bandwidth is calibrated to obtain between 12 and 24
events per year, on average. This is a trade-off between hav-
ing enough events to capture the right tail behavior of dis-
charge and avoiding considering small fluctuations around
real peaks to be an event. Events containing only one local
event are discarded because their natures are not truly re-
gional. A regional event consists of one discharge value for
each station using the following rule.

— Stations with a local event happening within a regional
event duration are assigned its magnitude. In cases
where two or more local events occur within the re-
gional event, the one with the highest magnitude is used.

— For other stations, the maximum discharge magnitude
observed during the regional event is assigned. Those
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are fill-in values, necessary to assess the flood spatial
dependence.

Using a data-based method to obtain regional events allows
for variable event durations, identified from the dates of the
local peaks. This is a more realistic assumption than the ap-
proach adopted in Brunner et al. (2019) and Diederen et al.
(2019), where regional events correspond to fixed time win-
dows of 7 and 21 d, respectively.

For British Columbia, 588 regional events are identified
(an average of 19.6 events per year), with a mean event du-
ration of 14 d. The mean time interval between two consec-
utive events is 18.7d. To describe flood events affecting a
large area, the event footprint is often used, defined as the
spatial pattern in flood return period for an event (Rougier,
2013). Two examples of observed event footprints are shown
in Fig. 4b and c. Stations shown in red are those exceeding
the 0.9th quantile threshold. As expected, spatial information
is contained in the observed flood events, as high flows tend
to occur in spatial clusters.

3.2 Fisher copula model
3.2.1 Copula theory

The copula theory is based on the representation theorem of
Sklar (1959), which states that any multivariate cumulative
distribution function F(x, x,,.. x,) of a set of continuous ran-
dom variables can be written as

Fx, xs,...x,) (X1, X2, ..., Xp)
=P(X| <x1, X2 <x2,.., X < xp), (D
= C(Fi1(x1), F2(x2), ..., Fy(xn)), 2

where Fi, F3,..., F, represent the marginal univariate dis-
tributions and C is termed the copula. One main advantage
of the copula approach is that the dependence modeling can
proceed independently of the choice of the marginal distri-
butions (Genest and Favre, 2007). The Fisher copula, first in-
troduced in Favre et al. (2018), is defined as the dependence
structure of the square of a multivariate Student random vec-
tor. It is parameterized by a correlation matrix X and a de-
gree of freedom v, corresponding to the same parameters of
the Student’s ¢ distribution. When looking at the dependence
structure of extreme values, a common measure of interest is
the upper tail dependence coefficient, defined for two vari-
ables X1 and X» with marginal distributions F and F» as

hy = lim P(X; > Frlw) | X2 > E5 '), (3)

This describes the probability that one variable exceeds a
high threshold given that the other variable also exceeds a
high threshold (approaching the right tail). The Fisher cop-
ula allows for modeling in high dimensions, non-vanishing
upper tail dependence, and radial asymmetry. It assumes a
positive upper tail dependence but asymptotic independence
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Figure 4. Gauge coverage for British Columbia (a) and examples of observed regional event footprints (b, ¢). Red dots are gauge sites with

flows greater than the 0.9th quantile flow during a given event.

(dependence disappears at very large distances between sta-
tions). This is a suitable assumption for a riverine flood, as
nearby gauges are expected to have correlated discharges,
but for distant sites high discharges will almost surely come
from independent flood events. When v — +o00, the upper
tail dependence vanishes and the Fisher copula approaches
the centered chi-square copula.

3.2.2 Inference

The Fisher copula parameters are estimated from the regional
event set using Kendall’s T correlations between pairs of sta-
tions. The Kendall’s t correlation between two observed ran-
dom vectors x = (x1,...,x,) and y = (y1, ..., ¥) is defined
as

> “sign(xi — xj)sign(yi — y;), @

T=——
n(n—l)l<j

where sign(x) = 1 if x > 0 and —1 otherwise. It ranges from
—1 to 1 and is invariant to one-to-one transformations of the
variables, making it relatively independent of the marginal
distributions. The two-step pseudo-maximum likelihood es-
timator and Kendall’s t inversion method proposed in Favre
et al. (2018) are used, exploiting the monotonous relation-
ship between each entry of ¥ and the pairwise Kendall’s 7.
Since we work with stations spanning a large spatial scale,
some pairs of stations present a negative Kendall’s T (15 %
of the pairs for the region British Columbia). Those values
are replaced by zero before Kendall’s 7 inversion, since it re-
quires the t coefficients to be positive. After inversion, the
obtained ¥ matrix is often non-positive definite. We slightly
modify the ¥ matrix by replacing negative eigenvalues in
the diagonal matrix by a small value, following the idea of
Higham (2002), making it positive definite. Using the esti-
mated Fisher copula, a simulated event set of arbitrary length
can be generated for all gauge stations.

Hydrol. Earth Syst. Sci., 28, 5069-5085, 2024

4 Dependence model extended to ungauged catchments
4.1 Kendall’s T interpolation model

In Brunner et al. (2019), the authors developed a method to
extend the Fisher copula model to ungauged catchments us-
ing a regression model to predict the Kendall’s t between
all pairs of sites as a function of their river distances. In
this way, the correlation matrix ¥ was extended to include
all catchments, and the new parameters were used to sim-
ulate discharge at all catchments. Drawing from this idea,
we develop a machine learning model to take advantage of
the vast information contained in the 130 catchment-specific
characteristics described in Sect. 2.2. Kendall’s T between
each ungauged catchment and gauge station is predicted with
the XGBoost model, as it balances good performance, fast
training, and scalability. XGBoost is in the family of boost-
ing models, an ensemble machine learning method which se-
quentially combines several weak learners (usually shallow
decision trees), gradually learning from past mistakes to in-
crease the model performance (Hastie et al., 2009). Grinsz-
tajn et al. (2024) show that among state-of-the-art machine
learning models, tree-based models and XGBoost in particu-
lar still outperform more complex neural networks on tabular
data. XGBoost is extensively used by machine learning prac-
titioners to create state-of-the-art data science solutions, and
it has been used successfully for many winning solutions in
machine learning competitions.

The absolute differences between pairwise covariates are
used as features in the training data. For better performance
and to reduce the impact of outliers, the 130 covariates are
first-quantile-transformed to normal distributions. Also, be-
cause the Kendall’s 7 values lie inside [—1, 1], they are
logistic-transformed to lie on the real line using the relation-
ship
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(r+1/2 >’ )

y=1°g<m

then used as the targets. Decision trees are used as the base
learner, as this is the common choice and allows nonlinearity.
The optimal hyperparameters (number of trees, tree depth,
learning rate, data and feature subsampling rates, regulariz-
ing coefficients) are selected by randomized search 10-fold
cross-validation on the training data. The Kendall’s 7 be-
tween pairs of ungauged catchments is not computed, as it
is harder to predict accurately and not needed in the condi-
tional simulation strategy explained in Sect. 4.2.

4.2 Conditional simulation of events in ungauged
catchments

The simulated event set for gauge stations is extended to in-
clude all ungauged catchments using the conditional simula-
tion strategy explained below. Let (X, v) be the Fisher cop-
ula parameters estimated for the gauged catchments.

First, the Fisher copula can be simulated by transform-
ing simulated values from a Gaussian copula with correlation
matrix Y. If

Z1y.oos Zn ~ Nu(0,, 2:g)v (6)

C~ x>, (7)
7?2
X; = Fa, (Y;) where Yi:C_/lU’ i=1,...,n, (8)

where n is the number of stations, xz(v) is the univariate
chi-square distribution with v degrees of freedom, and F(1, )
is the univariate Fisher cumulative distribution function with
1 and v degrees of freedom, then (Xy,...,X,) follows a
Fisher copula and has uniform marginals (Favre et al., 2018).
For each simulated event (X1, ..., X,,), the realized value of
(Z1,...,Z,) can be stored.

Second, the correlation matrix X is extended to ungauged
catchments using the predicted Kendall’s t from the XG-
Boost model and Kendall’s t inversion. For each ungauged
catchment u, define an extended correlation matrix X, as

) v
= ] ©)
“ |: Vg u 1

where vg , represents the correlation entries between catch-
ment ¥ and the gauge stations, obtained by inverting the
predicted Kendall’s t by the XGBoost model described in
Sect. 4.1.

Finally, notice that if (Z1,.. s Zn, Zps1) ~
Nn+1(0n+lv Eu) then Z],..., Zn NNn(On» Eg)- We
can easily simulate variable Z,;;, corresponding

to catchment u, conditionally on the realized value
(Z1,...,2Zy)=(21,...,2n), since they are all normal vari-
ables. Computation of unobserved discharge X,y follows,
as described below.
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= v;ng_lz (10)
=1-v],%5; vy, a1
Znl(Z1 =210 Zn = 20) ~ N (i T3) (12)
ZZ
Xp+1=Fa,v)(Yyy1) where ¥y 1 = “ntl (13)
" * C/v

Here, C,v, and F(j,,) are the same as in Eq. (8) and z =
(z1,...,2n). Notice that we use the same value of v previ-
ously estimated using gauge stations for reasons discussed
in Sect. 7.2. The former procedure is repeated for each un-
gauged catchment sequentially.

4.3 Event set generation

Using the Fisher copula model and proposed extensions to
ungauged catchments, a synthetic event set with full spatial
coverage can be simulated. Two aspects of the event set need
to be addressed at this point, namely the frequency and in-
tensity of simulated events.

4.3.1 Event time stamping

In order to reproduce the temporal distribution of observed
events and calculate different annual statistics, simulated
events are associated with synthetic dates. Starting from year
0, N — 1 time intervals separating consecutive events are in-
dependently sampled using the empirical distribution of sep-
arating time between observed events. N synthetic dates are
thus obtained. Each synthetic date is associated with a syn-
thetic event with a given footprint. For historical discharge,
events of similar footprint size are usually clustered together
in time, representative of seasonal variations between wet
and dry periods. To account for the temporal dependence in
event footprint size, we simulate a time series of N event
footprints from the empirical distribution, allowing for a pos-
itive probability p that the footprint size is the same for two
consecutive events. Comparison of the observed and simu-
lated correlograms is used to calibrate p in this step. The N
desired event footprint sizes are assigned to the N synthetic
dates. Finally, events in the simulated set are assigned to the
synthetic dates by matching their footprints to the desired
footprints, with allowance for some small differences.

4.3.2 Back transformation of simulated events

Events simulated using the Fisher copula have uniform mar-
gins, by definition. A marginal model is needed to back-
transform the simulated values to the discharge scale. Since
creating the regional discharge dataset restricts the amount of
available data, a marginal model is developed using the dis-
charge annual maxima dataset described in Sect. 2.1, cover-
ing more than 23 000 stations. A hierarchical Bayesian model
is built to estimate the generalized extreme value (GEV)
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distribution parameters for annual maximum discharge in
all catchments using the catchment attributes as covariates.
Validation of the modeled return period flows against those
from government sources can be found in the Supplement for
the region British Columbia (Fig. S2). Details regarding this
marginal model will be the subject of a separate paper, as the
focus of this study is rather on the spatial structure of riverine
floods.

Directly back-transforming the simulated values would
require a marginal model on the event scale. Instead, the
marginal model described above operates on the annual
scale. Therefore, before being back-transformed, the simu-
lated values ¢ are scaled using a scaling factor equal to the
(observed) mean number of events per year 7,:

gcev =1—mny x (1 —q). (14)

Using the scaling factor ny is broadly similar to converting
return levels for exceedances calculated with the generalized
Pareto distribution to yearly return levels; see chapter 4 of
Coles et al. (2001). Then, a discharge level which is exceeded
on average once every T years (qggv = 1 —1/T) is exceeded

on average once every T x n, events (q =1- #m)

S Model validation
5.1 Fisher copula dependence model

The Fisher copula dependence model is validated by com-
paring the simulated events (for gauge sites) to the observed
events visually and by examining different dependence mea-
sures. Figure 5 shows observed and simulated values (on the
uniform margin) for a pair of nearby stations (gauges 1 and
2) and a pair of distant stations (gauges 1 and 3) in the re-
gion British Columbia. Each point represents a flood event,
observed (blue) or simulated (orange). Observed discharges
are more correlated between stations 1 and 2 (z = 0.78) than
between stations 1 and 3 (v = 0.55), reflecting their respec-
tive locations, as shown on the left-side map. The Fisher cop-
ula is able to suitably reproduce the pairwise correlation of
discharge for different dependence strength, especially in the
upper tail. This is partly explained by the ability of the Fisher
copula to model a wide range of upper tail dependence val-
ues (depending on the values of the v and ¥ parameters),
while the lower tail dependence is always 0; see Favre et al.
(2018). Therefore, the Fisher copula might be less well suited
for variables correlated in the lower tail, although since the
focus is on extreme discharge, this is unlikely to negatively
affect the results.

Several dependence measures are also compared for the
observed and simulated events. The Kendall’s t values be-
tween all pairs of stations are compared in Fig. 6a, giving a
general picture of the dependence structure. For lower val-
ues of T (< 0.6), the Fisher copula model tends to slightly
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underestimate the correlation, but this is not the case for val-
ues higher than 0.6. This is partly due to converting a small
number of negative Kendall’s 7 to zero before inversion of
Kendall’s t values, which can distort the obtained correlation
matrix X. To assess dependence in the extremes, we look at
the F-madogram and the upper tail dependence coefficient
(UTD). Usually used to validate max-stable processes, the
F-madogram is a pairwise statistic summarizing the spatial
dependence structure of the data in the upper tail (Cooley
et al., 2006), expressed as a function of the distance between
pairs of sites. The F-madograms computed for the simulated
events (orange) are compared to the F-madogram of observed
events (blue) in Fig. 6b. The dependence pattern is similar for
the simulated and observed values. For the UTD, the non-
parametric estimator of Schmid and Schmidt (Schmid and
Schmidt, 2007) with a cut-off parameter p = 0.1 is used to
compare simulated and observed samples in Fig. 6¢c. The box
plot of the UTD differences between simulated and observed
events for all pairs of stations is shown in Fig. 6d. Upper
tail dependence is very slightly overestimated for the British
Columbia region. Still, the comparison shows good agree-
ment, given that this measure is difficult to estimate, espe-
cially for a limited observed record length (Serinaldi et al.,
2015). Overall, comparison of the different dependence mea-
sures shows good agreement between the observed and sim-
ulated event set.

5.2 Interpolation model to ungauged catchments

The selected XGBoost model is validated using 10-fold
cross-validation. This means that 90 % of the training data
are used to fit the model and predictions are made on the re-
maining 10 % of the data in sequence. Figure 7a plots out-of-
sample predictions of Kendall’s 7 using the cross-validating
models against their true values for each pair of stations. The
out-of-sample predicting power of the interpolation model is
very satisfying. The Pearson correlation between the out-of-
sample predictions and the true values is 0.97.

The XGBoost model outputs are plotted spatially to assess
the coherence of predicted Kendall’s T with respect to the
gauge site. One example of this is shown in Fig. 7b. The spa-
tial dependence pattern is well captured by the model here, as
the catchments closest to the gauge station exhibit higher cor-
relation, and correlations decrease as the distance increases.
Catchments in the southern part of the region are nearly inde-
pendent of the gauge site, showing that there is no spatial de-
pendence in their extreme discharges. Geographical distance
on its own does not determine the variability of discharge
correlation. After fitting the model, feature importance in
XGBoost can be assessed by counting the number of times
each feature is used in a decision tree. For the region British
Columbia, the most relevant catchment characteristics are
catchment longitude, dam area, solar radiation, and catch-
ment latitude, followed by wind and some land use indica-
tors (see Fig. S3 in the Supplement). The predicted Kendall’s
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T values also provide information on the spatial footprint of
events impacting the gauge stations in the data. Some stations
measure events with a localized nature (smaller number of
predicted high t), while others are more prone to widespread
flood events with a large spatial footprint (not shown).

5.3 Simulated event set

To validate the spatial pattern in the simulated event set, it
is compared to the observed event set in terms of event foot-
print size, defined as the number of gauge sites exceeding
the 0.9th quantile flow (on the regional event scale). Fig-
ure 8 shows the normalized histogram of the footprint size
for all observed (red) and simulated events (blue). The ob-
served and simulated events have a similar distribution of
footprint size, with high-footprint events being rarer. Half of
the events have a footprint size lower than 15 sites (over the
253 gauge sites). The largest event in the observed event set
impacts 181 gauge sites. Using stochastic simulation, a high
number of widespread events can be generated. Similarly to
Quinn et al. (2019), we also compare the mean event foot-
print size at each gauge site for the observed and simulated
events (Fig. 9). The mean is taken over all events impacting a
given gauge station with a flow higher than the 0.9th quantile
flow. We see that the mean footprint size is reasonably well
reproduced in the simulated events, especially for sites with
a higher mean event footprint size.

https://doi.org/10.5194/hess-28-5069-2024

To validate the allocation of events into synthetic years,
we calculate for each year (in the observed and simulated
event set) the sum of all event footprint sizes and the max-
imum event size. This is roughly equivalent to computing
the annual aggregate loss (AAL) and annual maximum loss
(AML), where loss is approximated by the number of gauge
sites exceeding the 0.9th quantile flow (Keef et al., 2013).
Loss exceedance curves for the annual aggregate and max-
imum loss are then calculated by empirical estimation and
compared for the observed (black dots) and simulated event
set (blue line) in Fig. 10. We use 10000 random samples
of a 30-year period taken from the simulated years to calcu-
late the mean and 95 % confidence interval for the simulated
loss exceedance curves. This is meant to reproduce the uncer-
tainty range stemming from having a limited record length of
30 years, as is the case with the observed event set. For both
aggregate and maximum annual loss, the observed losses lie
well inside the uncertainty range calculated with the simu-
lated events. The estimates closely agree for the AAL, while
the simulated AML is slightly lower than the observed AML
for lower return periods (< 5 years). Overall, the annual loss
statistics are well reproduced by the simulated events.

The marginal back transformation is validated by compar-
ing the return period levels calculated from the events and
those provided by the marginal model in Sect. 4.3.2, taken
as ground truth. This would ensure the validity of the GEV
quantiles gggy calculated in Sect. 4.3.2, used to retrieve the
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extreme flow magnitudes. For the simulated events, return
period levels cannot be calculated from annual maxima be-
cause some synthetic years have the maximum flow lower
than the 0 quantile on the GEV scale, so the actual maximum
flows for those years are not known. Instead, for each gauge
station the exceedances over the 0.99th quantile threshold
(on the event scale) are back-transformed to discharge val-
ues using the marginal model in Sect. 4.3.2. They are then
used to fit a generalized Pareto distribution and derive the
corresponding return period levels. Figure 11 shows that
the return period flows calculated from the simulated events
slightly underestimate the 20- and 100-year floods. Globally,
the flows calculated from the simulated events are very close
to the return period flows indicated by the marginal model in
Sect. 4.3.2.
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6 Results

Events from the simulated event set are first inspected visu-
ally by plotting maps of some event footprints. In this sec-
tion, the footprint of an event is defined as the number of
catchments experiencing a flow greater than the 5-year return
period flow. This will allow easier back-to-back comparisons
with results from Quinn et al. (2019). Figure 12 shows four
simulated events, chosen to cover a variety of spatial patterns
contained in the observed records. The red dots represent all
catchments experiencing a flow greater than the 1 in 5-year
flow during a given event. Simulated events are diverse in lo-
cation, footprint size, and pattern. Each event is composed
of clearly visible spatial clusters, suggesting that the strong
spatial dependence of nearby extreme flows is well captured
by the model.

Next, similarly to Quinn et al. (2019), we try to assess the
link between event peak magnitude and footprint size. We ex-
pect that higher-magnitude floods also present a larger foot-
print, as this is the conclusion drawn from the Quinn et al.
(2019) study of river floods in the US. For any event, its peak
magnitude and epicenter are defined as the maximum flow
experienced during that event and the location of that flow.
Then for a given catchment, the mean event footprint size is
defined as the mean footprint size of all events where that
catchment is the epicenter. The mean modeled footprint size
is spatially represented in Fig. 13 for all catchments, where
we have partitioned the events into four categories according
to their peak magnitudes. These are greater than 5, 5 to 20, 20
to 100, and greater than 100-year return period ranges, repre-
senting all events, high-frequency events, medium-frequency
events, and low-frequency events. This analysis is meant to
reproduce Fig. 9 in Quinn et al. (2019) to further validate
the coherence of our simulated events against a reference pa-
per in spatial flood modeling, except that here we calculate
and show the mean event footprint size (in number of catch-
ments) instead of the mean impacted area (in km?2). The plots
show a positive correlation between event peak magnitude
and footprint size. Higher-magnitude events typically have a
larger spatial footprint, though some spatial variability in this
relationship does exist. For example, locations closer to the
coastline (west side of the region) present a relatively low
mean footprint size, which increases less with event magni-
tude than inland locations. This might be partly explained
by the geography of the coastline composed of many little
islands and river networks, which restricts widespread flood-
ing.

Finally, still following Quinn et al. (2019), we look at the
distribution of flow magnitudes within each simulated event.
To that end, the proportion

number of catchments with flow >
half the return period of event magnitude

~ number of catchments impacted by the event
(flow with return period > 5 years)
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is calculated for each event. This is the proportion of catch-
ments in a given event with a flow return period higher than
the flow corresponding to half the maximum flow return pe-
riod (RP). For example, for an event with a peak magnitude
of 1 in 20-year flow, this proportion is equal to the number
of catchments with at least 1 in 10-year flows divided by the
number of catchments with at least 1 in 5-year flows. This
is meant to represent the proportion of the event footprint
which is relatively large. To distinguish the effect of event
magnitude, histograms of the proportion of catchments with
relatively large flows (as defined above) are plotted, where
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events are again divided into four categories of magnitude:
greater than 5, 5 to 20, 20 to 100, and greater than 100-year
return period (Fig. 14). For floods in the 5- to 20-year re-
turn period range, notice the peak at w = 1. This corresponds
to all events with peak magnitude lower than the 1 in 10-year
flow (by definition, all catchments impacted by such an event
experience a magnitude greater than the 1 in 5-year flow).
The plots show that as event peak magnitude increases, the
proportion of the event footprint which is relatively large de-
creases. The mean value of this proportion is 19 % for all
events, 48 % for 5-20-year return period events, 7.4 % for
20-100-year return period events, and 2 % for > 100-year
return period events. This means that for high-magnitude
events, despite their widespread behavior (large event foot-
print size as shown in Fig. 13), significant flooding is concen-
trated in a small region within the event footprint (low pro-
portion of the event footprint experiencing equivalently ex-
treme flows). This finding agrees with the conclusions from
Quinn et al. (2019).

7 Discussion
7.1 Data

The model we develop for flood spatial dependence is a sta-
tistical model which draws information from observed dis-
charge records to simulate synthetic flood events. Station
data do not have homogeneous coverage over North Amer-
ica, with sparse gauge density in northern Canadian terri-
tories and California. However, most areas with fewer sta-
tions are also less populated, which mitigates the negative
effects of model underperformance there. Preprocessing and
the creation of the synchronous regional datasets impose fur-
ther temporal constraints which restrict the amount of avail-
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Figure 12. Examples of simulated events and their footprints. Red dots are catchments impacted by an event with a flow greater than the 1

in 5-year flow.

able data used to fit the dependence model. Any statistical
model is only as good as the quality and quantity of informa-
tion contained in the data used for estimation. We are fully
aware of these limitations and propose some ideas for future
work to make use of the most high-quality data available.
First, the station gauge data can be supplemented with re-
cently developed remote sensing or radar data, although this
would require more extensive preprocessing to put the avail-
able sources at the same temporal and spatial resolutions.
For some regions, finding a sufficiently long common time
period with decent spatial coverage is not possible due to
gauge sites having different times of operation. A less strin-
gent condition could be used to subset the data when creating
the synchronous discharge set, and possible missing values
can be filled using any reasonable gap-filling algorithm, al-
though this kind of procedure can smooth out extreme events
and induce additional uncertainty in the model. Finally, hy-
drological model outputs can be used to augment the ob-
served discharge records, as in Olcese et al. (2022) and Wing
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et al. (2020), although this would also introduce uncertainties
linked to parameterizing the hydrological model. Additional
efforts would also be needed to select suitable input data to
the hydrological model and downscale the output discharge.

7.2 Dependence model

The Fisher copula used to model the spatial dependence as-
sumes that discharge pairwise Kendall’s 7 coefficients are
positive. This is mostly the case in our analysis, although
when the considered region is vast and gauge sites are far
away, some Kendall’s 7 might be negative. This drawback
can theoretically be corrected by replacing the negative val-
ues with zero, although this artificial correction induces a
distortion in the entries of the correlation matrix X after
Kendall’s t inversion. A possible alternative to alleviate this
difficulty is to define clusters of stations within a large region
and apply the Fisher copula independently to each cluster,
though this would impose strict limits on the event footprints,
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5-20, 20-100, and > 100-year magnitudes). Each point corresponds to a catchment which is the epicenter of at least one event.

which might be unrealistic. Since the effect on the ¥ matrix
induced by the negative Kendall’s t is not overwhelming for
our data, we did not pursue further modeling efforts to ex-
plicitly account for negative Kendall’s 7.

The marginal modeling approach we follow is quite un-
conventional. Usually in a multivariate setting with copulas,
the variables are transformed to and back-transformed from
the uniform scale using the same fitted distributions. We in-
stead make the choice to back-transform the simulated val-
ues using a marginal model operating on the annual scale,
which fits GEV distributions to annual maxima. This choice
is mainly motivated by the better quality and quantity of an-
nual maximum discharge data at our disposal compared to
the regional event set. For example, the regional event set
for region 9 spans 30 years and covers a subset of 253 gauge
sites. In contrast, for this region, high-quality annual maxima
data are available for more than 2000 stations, with records
spanning 34 years on average. Dense gauge coverage over
the region brings much needed information to better predict
extreme flows at ungauged catchments. Back-transforming
values using a marginal model on the annual scale requires
transforming the simulated values from the event scale to
the annual scale, a step which is validated in Sect. 5.3. The
adopted approach does not allow recovering discharge values
lower than the lower bound of the GEV distributions (quan-
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tile O on the annual scale), but this is not a nuisance since we
are interested in the extreme discharges only.

Using XGBoost to interpolate the Kendall’s v to un-
gauged catchments presents major advantages and improve-
ment upon previous methods used in the literature to model
spatial patterns for ungauged locations. A machine learning
model like XGBoost draws its strength from the relatively
high amount of information contained in the 130 covariates
and the pairwise Kendall’s 7. Furthermore, using a decision-
tree-based model allows capturing possibly nonlinear pat-
terns in the spatial structure of discharge. Finally, compared
to more parameterized models like neural networks, boost-
ing models like XGBoost are much faster to train and yield
satisfying results.

The novel conditional simulation strategy for ungauged
catchments is particularly suited to our data thanks to its
computational efficiency. The British Columbia region is di-
vided into 98 980 catchments. The alternative of simulating
values at all catchments at once would entail calculating a
full correlation matrix of size 98 980 x 98 980. This is a huge
computational challenge in terms of both memory storage
and calculation time, as such a matrix is not sparse and in-
verting it is virtually impossible. Moreover, in order to de-
rive the full matrix, Kendall’s t between all pairs of un-
gauged catchments would need to be predicted. Those can be
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ranges.

harder to estimate, especially for pairs of catchments which
are geographically distant from any gauge site. Finally, ex-
tending the correlation matrix to include all ungauged catch-
ments would possibly alter the optimal degree of freedom v
of the Fisher copula, as the matrix size would be multiplied
by the order of hundreds. In contrast, conditional simulation
of each ungauged catchment changes the correlation matrix
by only one column and row. Brunner et al. (2019) showed
that the degree of freedom parameter of the Fisher copula
is only weakly sensitive to an extension of the correlation
matrix. Thus, since we only add one row and column, it is
reasonable to assume that the estimated v stays at the same
value. In summary, the conditional simulation strategy by-
passes many complications which can arise if all simulated
events were computed simultaneously. It avoids the predic-
tion of Kendall’s T between ungauged catchments, the inver-
sion of a huge correlation matrix, and the recalculation of the
degree of freedom v. The dependence model developed for
ungauged catchments is thus computationally very efficient.
When parallelized on 20 cores, 50 000 simulated events for
all catchments in region 9 can be computed in under half an
hour.
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8 Conclusions

This study introduces a novel methodology to model spa-
tial dependence between riverine floods with application to
North America based on the Fisher copula (Favre et al., 2018;
Brunner et al., 2019). The model developed in Brunner et al.
(2019) is modified to be applicable to a much larger spatial
scale and number of gauge sites. In particular, the Kendall’s
T interpolation model uses a machine learning approach to
draw strength from the 130 catchment attributes, and a con-
ditional simulation strategy is devised to simulate flood val-
ues efficiently, without computing the full correlation matrix.
Using this model, a synthetic event set of arbitrary size can
be simulated, with characteristics resembling the observed
events and a more accurate sampling of the most extreme
events. As this study aims to highlight the novelty of the in-
troduced methodology and its validation, for results we focus
our attention on the general picture drawn in the simulated
events rather than possible local details. We find that similar
general conclusions as in Quinn et al. (2019) can be drawn
with regard to flood spatial dependence, namely the follow-
ing.

— Riverine floods usually occur in spatial clusters, reflect-
ing the strong connectivity of river networks.

— Higher-magnitude flood events tend to have a higher
event footprint.
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— Despite being widespread, higher-magnitude flood
events tend to have the most extreme magnitudes con-
centrated around a small area.

The spatially coherent event set can be integrated in a hy-
draulic model and flood loss model to calculate flood depth,
damage to buildings, and financial losses for each simulated
event. Because spatial dependence is explicitly modeled, we
expect that losses calculated from the event catalog are more
reliable. Overall, the methodology presented in this study
provides a valuable tool for stakeholders (governments, mu-
nicipalities, insurance and reinsurance companies) to better
understand and manage flood risk, contributing to enhancing
society’s global resilience to flood disasters.
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