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Key Points:

e The underestimation of frequent floods due to frequency analysis with annual maxima
displays a strong spatial pattern and can be severe.

e The variability in underestimation is explained by specific distributional attributes
reflecting climate and basin characteristics.

e We propose an equation to correct frequent floods predicted with annual maxima, but it is
not valid in basins with mixed flood populations.
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Abstract

Because they are conceptually unable to consider events at the sub-annual scale, probabilistic flood
analyses based on annual maxima (AM) underestimate the actual frequency of frequent floods
(with return periods under 5 years), so that peaks-over-threshold (POT) approaches should be
preferred. While this has been acknowledged for decades, frequent floods are still estimated too
often using AM, probably because the procedure is simpler, and AM series are longer and easier
to obtain. However, the negative bias incurred when performing flood frequency with AM can be
severe. This affects fields such as river restoration, stream ecology, and fluvial geomorphology,
which require a correct characterization of frequent floods. Using hundreds of U.S. watersheds
with natural flow regimes, across different climatic and geomorphic conditions, we systematically
study the variability in how AM frequency analyses underestimate frequent floods, finding clear
spatial patterns. Exploiting the duality between the Generalized Extreme Value and the
Generalized Pareto distributions (used for modeling AM and POT, respectively), we identify the
drivers of frequent-flood underestimation, studying the influence of the distributions’ shapes. In
turn, with the support of an optimal feature-selection technique, we determine the physical drivers
explaining underestimation, from a wide spectrum of basin descriptors, investigating their linkages
with the distributional characteristics that affect underestimation. A theoretical relationship is
derived to infer the underestimation rate, allowing for post-hoc correction of AM-predicted
frequent floods, without the need to perform POT frequency analyses. However, this approach
underperforms at sites with mixed flood populations.

Plain Language Summary

Engineers and river scientists perform probabilistic analyses of floods to describe how frequently
a given peak discharge is equaled or exceeded at a river location. The two approaches for selecting
the peak values to be analyzed yield different flood predictions: annual maxima (AM), which takes
only the maximum discharge from each single year in the record, tends to underestimate flood
frequency (or overestimate the average time between events) as compared to peaks-over-threshold
(POT), which includes all floods above a threshold. Even though this bias becomes significant
when estimating frequent floods (those that occur on average at least once every 5 years), which
play crucial roles in stream restoration, river ecology, and fluvial geomorphology, many still prefer
AM over POT. This work studies frequent flood underestimation by AM at hundreds of U.S.
basins, showing that its severity is strongly site-dependent and influenced by the climate: higher
underestimation rates should be expected in arid and semi-arid regions. A theoretical correction
approach is proposed to adjust the magnitude of frequent floods predicted with AM. An
investigation into its limits of applicability finds poorer performances for basins where major
floods happen anytime in the year, due to the occurrence of different flood-generating mechanisms.

1 Introduction

State-of-the-art methods for flood frequency analysis (FFA) use either annual maxima
(AM) or peaks-over-threshold (POT) series (Pan et al., 2022). AM consider the largest event for
each water year (starting on October 1, in the U.S.; Barth et al., 2017), while POT (also known as
“exceedances” or partial duration series — PDS; Bezak et al., 2014) correspond to all the
independent peaks extracted from the continuous hydrograph, that exceed a suitably defined
threshold (Coles, 2001). The two methods predict average interarrival times (AlITs) between two
floods larger than a certain magnitude (also referred to as “events”) which are conceptually
different from each other (Wang & Holmes, 2020). AM-FFA produces what is conventionally
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referred to as return period R, i.e., the average number of years with no events before a year with
at least one event. Mathematically, the domain of R is (1,:0) years, which implies that AM-FFA
cannot consider events potentially occurring multiple times annually (Wang & Holmes, 2020). In
contrast, POT-FFA predicts an Average Recurrence Interval (ARI) with domain (0,%0) years, thus
also covering more frequent events, at the sub-annual scale (Wang & Holmes, 2020). This
conceptual difference implies that, given the AM and POT series of peak flows observed at a given
river section, the two methods will predict different AIT values between consecutive events of the
same flood magnitude, independently of any sampling variability effect. Since their difference is
negligible for large floods (Langbein, 1949; Wang & Holmes, 2020), the two methods have often
been used almost interchangeably in many FFA applications (Adamowski, 2000; Bezak et al.,
2014; Karim et al., 2017; Madsen et al., 1997; Metzger et al., 2020; Norheim, 2018; Ouarda et al.,
2006). On the other hand, if the analysis focuses on frequent floods (FFs; i.e., events with R not
larger than 5 years), the conceptual difference between R and ARI may translate into significantly
different numerical values of the AlTs predicted by the two methods, for the same flood magnitude
(Ball et al., 2019; Karim et al., 2017; Wyzga, 1995). R predicted for a given FF by AM-FFA is
larger than its corresponding ARI from POT-FFA (Langbein, 1949). Under the assumption that
the annual number of exceedances follows a Poisson distribution (Wang & Holmes, 2020), Eq. (1)
provides Langbein’s relationship between R and ARI for a given flood of magnitude Q (Langbein,

1949).
=1 exp(— @
RQ  — CP\TaRIQ)

The AIT between two FF events estimated from R may not reflect the real, higher
frequency of occurrence of that FF, because using yearly time-blocks for sampling extreme events
cannot accurately capture the interarrival time of frequent peaks, that may occur more than once
per year. For such frequent events, the ARI from POT-FFA represents a better and conceptually
more appropriate estimate of the actual AIT between two occurrences than the return period R
(Ball et al., 2019; Karim et al., 2017; Wyzga, 1995).

Overestimating the AIT of a given FF event when using AM-FFA is equivalent to
underestimating its frequency. If the focus of the analysis is identifying the flood peak magnitude
Q that can occur with a given average frequency or AIT (e.g., once every 2 years), performing
AM-FFA would result in underestimating Q.

There are multiple issues connected to the use of AM series for FFA. Two well-known
drawbacks are: 1) a limited number of peak values, as compared to POT, for the same flow record
(Bezak et al., 2014; Caires, 2009; Cunnane, 1973; Pan et al., 2022; Prosdocimi, 2018; Robson &
Reed, 1999; Tavares & Da Silva, 1983), and 2) the risk of including low peaks from dry years in
the analysis (Cohn et al., 2013; England et al., 2019; Lamontagne et al., 2016; Plavsi¢ et al., 2016),
which may arise from different hydrological mechanisms than the other peaks, and therefore come
from a different population, violating the necessary assumption of i.i.d. events (Klemes, 2000).
Because of the first issue, national guidelines from different countries recommend minimum
record lengths for performing AM-FFA (Robson & Reed, 1999; England et al., 2019). As to the
low outliers, often referred to as “potentially influential low flows” (PILFs; Cohn et al., 2013),
U.S. Bulletin 17C (England et al., 2019) recommends their preliminary removal from AM series
using the “multiple Grubbs-Beck test” (MGBT; Cohn et al., 2013).

FF-underestimation is another well-known issue of AM-FFA (Langbein, 1949), but
apparently it has not received the same attention in the hydrologic community. In the U.S., e.g.,
AM- has often been preferred over POT-FFA by many governmental agencies (e.g., Feaster et al.,
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2014; Kennedy & Paretti, 2014; Law & Tasker, 2003; Southard, 2010, Virginia Department of
Transportation, 2021), even when predicting FFs with return periods as low as, e.g., 2 years, or
even less. The use of state-of-the-art techniques (such as MGBT) may remove small peaks from
AM series, which would be automatically ignored in the corresponding POT series. However, this
does not resolve the issue of FF underestimation, which is not due to the presence of PILFs in the
AM, but rather to the fundamental conceptual difference between R and ARI.

There is a number of reasons why AM-FFA still enjoys greater popularity, such as: 1) wider
availability of AM series as compared to POT (Norheim, 2018; Prosdocimi et al., 2014); 2) greater
simplicity since, in contrast with POT-, AM-FFA does not require applying independence criteria
between subsequent flood events, nor selecting a threshold for defining extreme events (Pan et al.,
2022); 3) the range of quantiles affected by FF underestimation is irrelevant in many engineering
applications, which focus on more extreme, higher return-period floods.

With reference to the latter issue, major civil engineering works subject to risk of flooding,
such as bridges (Benedict & Knight, 2021), storm sewers (Sun et al., 2011), dam-drainage systems
(Khaddor et al., 2021), levees (Huang et al., 2015), and other hydraulic structures for river flood
control (Cipollini et al., 2021; Lendering et al., 2019; Scussolini et al., 2016) are all designed to
withstand relatively extreme events, with large return periods (Ponce, 1989; Rasekh et al., 2010;
Sayers et al., 2013), depending on their strategic importance and the threat that their failure would
pose to human lives and properties (Cipollini et al., 2021; Lendering et al., 2019; Morrison et al.,
2018; Shah et al., 2018; Tung, 2005; Vogel & Castellarin, 2017). However, there are many other
applications where accurate prediction of frequent floods is critical. Regular, low-magnitude
floods play a more relevant role than extreme (but rarer) inundation events in a series of river-
related phenomena such as changes in fluvial morphology (Death et al., 2015; Harvey et al., 1979;
Wolman & Miller, 1960), sediment transport (Markus & Demissie, 2006), and dynamics of the
stream ecosystem (Bendix & Hupp, 2000; Johnson et al., 1995; Meier, 2008), which are all crucial
aspects in river restoration projects and river science (Wohl et al., 2015). Much research on fluvial
geomorphology focuses on the role of FFs (e.g., with return periods between one and two years),
which have been shown to simultaneously perform sufficient geomorphic work as well as occur
frequently enough, so they tend to determine the channel’s shape (Death et al., 2015; Harvey et
al., 1979; Wolman & Miller, 1960). In river ecology, FFs affect the dynamic interactions between
main channel and floodplain, with major impacts on the extension of the habitats cyclically
available to the aquatic biota (Johnson et al., 1995; Wohl et al., 2015) and riparian vegetation
(Bendix & Hupp, 2000; Meier, 2008; Wohl et al., 2015).

Biased FF predictions from using AM may negatively affect scientific and practical
progress in these fields. For instance, a river restored based on the wrong design discharge may
end up flooding as much as three times more often than per-design conditions, which could cause
channel unravelling; similarly, environmental studies on river ecology and geomorphology, where
FFs play a dominant role, may be based on wrong assumptions.

So far, FF-underestimation has been systematically investigated only in a few regions of
the world, such as Poland (Wyzga, 1995) and Australia (Karim et al., 2017; Keast & Ellison, 2013).
These authors suggest that the degree of FF underestimation is site-dependent, with the variability
attributed to differences in the climate and resulting flow regime across catchments, as rivers with
flashy behavior, typical of dry regions, experienced greater FF underestimation from AM-FFA
than rivers in more humid regions, characterized by more stable flows (Karim et al., 2017; Wyzga,
1995). Some authors (e.g., Keast & Ellison, 2013; Page & McElroy, 1981) pointed out that
Langbein’s equation (Eq. 1) may misestimate the actual difference between R and ARI of FFs in
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some Australian basins. Keats & Ellison (2013) suggested that this could be due to a violation of
the assumption of event independence, when extracting the PDS from long-term hydrographs.

Our work stems from the idea that a systematic comparison of FF predictions from AM
and POT series at a wider, e.g., continental scale, can provide a deeper insight into the phenomenon
of FF underestimation by AM-FFA and its climatic dependence. We choose the continental U.S.
(CONUS) as study region, since FF underestimation by AM-FFA has not been systematically
investigated there, yet.

Exploiting the duality between AM- and POT-FFA, valid under certain hypotheses (Wang
& Holmes, 2020), we derive a theoretical expression of the underestimation of the T-year quantile
from AM-FFA, as compared to POT-FFA, as a function of T and the parameters of the distribution
of AM. This equation can be used directly to correct AM-based estimates of FF quantiles, without
needing to perform POT-FFA.

It is known from decades of regionalization studies (e.g., Adamowski, 2000; Burn, 1997;
Castellarin et al., 2001; Dalrymple, 1960; Hosking & Wallis, 1997; Hosking et al., 1985; Laio et
al., 2011; Lun et al., 2021; Madsen et al., 1997; Metzger et al., 2020; Smith et al., 2015; Stedinger
& Lu, 1995; Zaman et al., 2012; Zrinji & Burn, 1994) that there exist linkages between watershed
characteristics and the parameters of flood distributions. Hence, the relationship between FF
underestimation and the characteristics of the flood distribution can also be used to identify basin
and climatic attributes that, through their influence on flood distributions, contribute to the spatial
variability in FF underestimation. We deploy a wrapper method for feature selection (Babatunde
et al., 2014; Huang et al., 2007) for this purpose. The list of candidate watershed characteristics
encompasses a wide spectrum of information, including topographic, geomorphic, land-cover, and
climatic descriptors, as well as hydrologic signatures (Addor et al., 2017). We also consider
indicators of flow seasonality, derived from peak series using circular statistics (Villarini, 2016).

The large scale of this study also allows us to obtain a clearer view of the regions (and their
characteristics) where Langbein’s equation misestimates the difference between R and ARI of FFs.

To sum up, the contributions of this work can be synthesized as follows: 1) rigorously
frame the phenomenon of FF underestimation from AM, allowing for a better understanding of
the physical and theoretical drivers of variability in underestimation across varied sites; 2) provide
a framework for preliminary estimates of the degree of FF underestimation by AM-FFA in a given
basin, based only on its location and physical characteristics; 3) contribute a rigorous, theoretical
method to correct AM-based estimates of FFs without performing POT-FFA in the first place, thus
overcoming the common difficulties that POT-FFA typically entails; and 4) investigate where and
why this theoretical method, as well as Langbein’s equation, are (or are not) valid in real-world
applications, possibly revisiting the explanation provided by Keast & Ellison (2013).

2 Methodology

Figure 1 shows a conceptual map of the methodological steps of this work, which are
described in more detail in the following subsections.
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Figure 1. Scheme of the methodological steps of this work.
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2.1 Quantile ratio as measure of the underestimation of FFs from AM-FFA

One way of comparing FF estimates from AM- and POT-FFA is to consider the same flood
magnitude Q and assess the difference between its R and ARI values (e.g., Langbein, 1949; Wang
& Holmes, 2020). Here we consider instead the same value of AIT T, for both R and ARI (i.e.,
T = R = ARI), and estimate the corresponding quantiles Q 4,,(T) and Qpo7(T), using the inverse
cumulative distribution functions (inverse CDFs) of the AM and POT distributions, respectively,
where the probability is expressed in terms of T. In this way, the quantile ratio r(T) of Q4 (T) to
Qpor(T) (Eq. 2) readily provides a measure of the underestimation of the T-year flood by AM-
FFA, given that the actual frequency of FFs is better reflected by the POT-based quantile estimate
(Karim et al., 2017).

(T) = Qam(T) 1)
QPOT(T)

Ignoring any effects of sampling variability, Q4 (T) is expected to be smaller
than Qpor(T) for small Ts and become closer to Qpor(T) for increasing T, as reflected in
Langbein’s equation. Hence, 0 < r(T) < 1, approximately. From r(T), the percentage of
underestimation due to using AM-FFA is obtained as u(T) = [1 — r(T)] x 100%.

2.2 Duality-based quantile ratio

Under the hypotheses of i.i.d. POTs distributed as Gpo7(Q) and number m of exceedances
per year distributed as P(m), the distribution of AM, F,,,(Q) is univocally determined by the total
probability theorem (Eqg. 3; Onoz & Bayazit, 2001). F4,,(Q) is referred to as the derived
distribution of AM (Meier et al., 2016).

Fau(@ < Q) = ) P(m = K)[Gror (@1* @
k=0

Furthermore, the parameters of the two distributions Gpo7(Q) and F,,,(Q) can be related
to each other by a set of reparameterization equations (Madsen et al., 1997; Prosdocimi &
Kjeldsen, 2022; Wang & Holmes, 2020). This property is termed the “duality” between the AM
and POT distributions (Coles, 2001; Wang & Holmes, 2020) and can be exploited to rewrite r(T)
as an expression of the parameters of a single distribution, either that for the AMs or the POTs. It
is worth noticing that, for small quantiles, the choice of the distributions for AM and POTSs is
expected to have only a minor impact on r(T) and u(T).

We use the Generalized Pareto (GP) distribution (Equation 4), with shape ¢,,, scale o,,, and

location p,,, to model the magnitude of exceedances.
1

QT‘:“p) Ep' foré, #0

- (100%
14

1—exp<—@> , foré&, =0
P

Psr(Q <0Qr, Q> .Up) = (3)

GP is defined on the set {Q7: Q7 > p, } when &, > 0, and {QT: ty < Qr < pp — ;—”} when
p

¢p < 0. For &, = 0, GP degenerates to a shifted exponential distribution (Coles, 2001). For the
AM, we consider the derived distributions from the total probability theorem (Eq. 3) for three
alternative count models of m, namely the Poisson (PSN), Negative Binomial (NEG), and
Binomial (BIN) distributions, given by Egs. (5), (6), and (7), respectively. While the PSN is the
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most popular (Bezak et al., 2014; Pan et al., 2022; Wang & Holmes, 2020), some authors (e.g.,
Bezak et al., 2014; Bhunya et al., 2013; On6z & Bayazit, 2001) have proposed NEG and BIN as
alternative models to deal with cases of over- or under-dispersion, respectively.
_lﬂk
Ppsy(m=k,1) = Il 4)
The parameter A of PSN represents the exbected value E(m) of the number m of
exceedances (On6z & Bayazit, 2001).

Puse(m = ka,y) = (Y F T ek - o7 (5)
The parameters a and y of NEG can be derived from E(m) = 1 = and the variance
of the number of exceedances, Var(m) =V = - )2, asa=1- —and y = /1— = m (Bhunya
etal., 2013).
Pony(m =k, £,8) = (0) (1 - £)°~* (6)
The parameters ﬁ and 6 of the BIN can be derived from E(m) = A = g6 and Var(m) =
V=p5(1—B)asd =— and B===— (Onoz & Bayazit, 2001).

The derived dlstrlbutlon of AM assumlng GP and PSN for magnitude and number of
exceedances, respectively, is the Generalized Extreme Value (GEV) distribution (Eg. 8), with
shape, scale, and location parameters (4, a4, and ug, respectively) assuming values in the ranges

—00 < &5 < 400,05 > 0,and —oo0 < pg < 400, respectively (Coles, 2001).
1

exp |— <1 + ¢4 QTG_ Mg) o , foré, #0
Pepv(Q < Qr) = ¢ )
exp l— exp (— QTO__ llg)>l , foré,; =0
g

The GEV has a lower (upper) bound equal to u, — g—g for ;>0 (£, <0), while it is
g

unbounded for §, = 0 (Coles, 2001).

Reparameterization Egs. (9), (10), and (11) provide the relationships between the
parameters of the GP and GEV distributions (Wang & Holmes, 2020).

Ep:Eg:E (8)

1

(1—§M) f e s0
A= % 9)
exp<'uga;'up>, for& =0
g

Op = 0g — Sz(/“‘g - “p) (10)
Alternatively, when the NEG or BIN are considered to model the number of exceedances,
the derived distribution is a 5-parameter extension of the 4-parameter Kappa (KPP) family (K5E;
Eq. 12; Eastoe & Tawn, 2010), of which the GEV is a member (Hosking, 1994).
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( s
1—n(1+EkQTG_Mk) i , for &, +#0
Pyse(Q < Qr) =4 k (11)
4
\ [l—nexp(—QT_'uk”n, foré&, =0

The special KPP case (Hosking, 1994) occurs when A = 1. Reparameterization equations
for the GP-K5E duality are given by Egs. (13), (14), and (15).

U = Up , O = 0p, Ek:Ep (12)
a A=V

g a—1 A 1 (13)
A2 A

= -y = = — 14

§=-v=7— ” (14)

Egs. (16), (17), and (18) represent the inverse CDFs of the GEV, GP, and K5E
distributions, respectively, where the probability is suitably expressed in terms of R or ARI, by
considering Gpor(Qpor(ARI)) =1 — 1/(A ARI) and Fyy (Qan(R)) = 1 — 1/R, respectively.

(RS AR

QAM({gJ O-gJ ,ng,R) = R (15)
L,ug — a4 ln [ln (m)], for $; =0
1y + % [AARDS —1],  forg&, #0
Qror(&ps Op. 1p, A, ARIT) = $p (16)
Up + 0, In(1 ARI), foré&, =0
QAM(Ep'O-pr Hp, AN, R)
( n _fp
oy ) (1 1\
,up+€— - 1—(1—§> —1p,for &, #0
K (17)
= 1
-
1 1\2
Luz{,—apln 51_<1_E) , foré&, =0

Under the assumption of a PSN count model,-replacing Egs. (9), (10), and (11) into Egs.
(16) and (17) leads to Eqg. (19) and (20), respectively, where the AM-quantile is expressed in terms
of the parameters of the distribution of POTSs, and vice versa.

op |1 R \ %

Up + 7 (—ln ) - 11, fOT'qutO

QAM(Ep; Op, Up, A,R) = p . R
'“p_"pln[jln(R_l)], foré&, =0

(18)
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m +G—g(ARIfg—1), foré&, #0
Qror(g. 05 g ARD) =177 & ’ (19)
Ug + 04 In(ARI), foré,; =0
Egs. (19) and (20) can be used to obtain expressions of the quantile ratio f(fg, Oy, ug,T)
and f(fp, Op) Up, A, T) for the T-year event [Egs. (21) and (22), respectively], as functions of the
parameters of a single distribution, either the GEV or the GP, respectively. For convenience,
expressions are derived for the general case ¢, # 0.

1 “g T _Eg ]
1 In——= -1
QAM(ggr agr ,ug; T) _ to Eg ,ug I( n T — 1)

ke - (20)
r(S(g Og Hg ) QPOT(EQ,O'Q,’LLQ,T) 14 [ng B 1]
Eg g
L1 p[(lln ) fp_ll
f(fp'o'p'#p'l: T) = QAM'T(EP'GP'MP'A’ T) EP Pp |\ T —1 o
Qora (o oty AT) 1 + [(AT)fp —1]

Egs. 21 and 22 are valid under the assumption of PSN count model for m.
Alternatively, if a NEG or BIN count model is assumed, a duality-based expression of the
quantile ratio can be obtained using the parameters of the K5E (Eq. 23) from the ratio of Egs. (18)
1+5-L

and (17).
n
1 1\%
i ﬁ(l_(1_7)>

#(&p) Op tpy 1, T) =
vy 1+§pﬂﬂﬁ—ﬂ

In either case, the duality-based underestimation #(T) is obtained from the corresponding
duality-based quantile ratio #(T) as @i(T) = [1 — #(T)] X 100%.

-&

1 0p 1

(22)

2.3 Annual maxima and peaks-over-threshold analyses

We use L-moments (LM-method, Hosking, 1990) for fitting GP on the POT series and
GEV on the AM series, and Egs. (13), (14), and (15) to derive K5E parameters from the duality
with the GP. 1 and I/ are equaled to the sample mean and variance of m extracted from the POT
series, respectively. The fitting of the GEV and GP on the AM and POT series, respectively, is
assessed through the Kolmogorov-Smirnov goodness-of-fit (GOF) test (Kottegoda & Ro0sso,
1997).

Independent peaks are identified considering a conservative combination of two popular
independence criteria (both reported in Pan et al., 2022): one proposed in Bulletin 17 (U.S. Water
Resources Council, 1976) and the other recommended by Cunnane (1979) and in VVolume 3 of the
UK Flood Estimation Handbook (Robson & Reed, 1999).

Regarding threshold selection, we adopted the Mahalanobis distance (MD)-based method
by Kiran & Srinivas (2021), since it has been shown to outperform many other recent automated
threshold-selection criteria in the literature (Kiran & Srinivas, 2021). To test the sensitivity of our
results, we also considered the method by Solari et al. (2017), which uses a GOF test to evaluate
the various samples of exceedances obtained with the moving threshold, instead of L-moments.
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2.4 Feature selection for identifying optimal predictors

A wrapper method for optimal feature selection (Babatunde et al., 2014; Huang et al., 2007)
is used to characterize watersheds with different levels of FF underestimation, as well as those
basins where the duality (Eq. 21) is not valid. It couples an optimization algorithm with a learning
machine, where the latter is trained to map input into output variables while the former determines
the optimal predictors among a wide spectrum of basin attributes, based on the performance of the
learning machine (Huang et al., 2007; Babatunde et al., 2014). In this work, these attributes are
either mapped into distributional characteristics that affect FF underestimation or are used to
classify catchments where Eq. (21) is not valid.

The Non-Dominated Sorting Genetic Algorithm Il (NSGA-II; Deb et al., 2002) is used as
an optimizer, considering three conflicting objectives on the predictive power and the number of
optimal features (see Table 1). The property of genetic algorithms (GAs) of dealing with a
multitude of candidate solutions (“population”) spread over the solution space (Simpson et al.,
1994), makes NSGA-II particularly effective in avoiding local optima, quite typical in feature-
selection problems (Huang et al., 2007), and suitable for identifying synergies among groups of
two or more explanatory variables which could be irrelevant individually, but may display high
explanatory power when combined with others (Taormina & Chou, 2015).

We deploy an ensemble of 12 multi-layer perceptrons (MLPs; Hornik et al., 1989), trained
independently from each other, as the learning machine. Ensemble predictions average out any
bias from the single training instances (Aggarwal et al., 2018), hence an unbiased assessment of
each set of candidate input variables is obtained. The evaluation is based on the average
performance on test basins in a five-fold validation framework (i.e., five iterative splits of the full
dataset into training and test sets, with 80%-20% proportion, respectively).

Table 1 summarizes the tuning parameters of the optimization routine and the
training/assessment of the learning machine in the two cases of 1) training a regressor model to
map basin attributes into distributional characteristics that affect FF underestimation, and 2)
training a binary classifier to identify watersheds where the duality-derived expression of the
quantile ratio (Eg. 21) is not valid. Note that the output of a MLP classifier can be interpreted as
the predicted probability of a positive case (i.e., basin where Eg. 21 is not valid).

For both optimization routines, the number of features Ny is minimized while maximizing
the performance of the learning machine, as measured by the other two objectives. Therefore, the
optimal Pareto fronts (Figures 6a and 8a) contain multiple trade-off solutions (see, e.g., Dell’ Aira
et al., 2021) with different performances and numbers N, of optimal features, each corresponding
to different subsets of basin attributes. These are broken down into a heatmap (Figures 6b and 8b),
with basin attributes and Ny on the two axes, and the color gradient displaying the relative
frequency at which each attribute is considered in alternative optimal solutions with same N;. Key
basin attributes are those that are used more frequently in alternative optimal solutions with same
N¢, as well as those used in the most parsimonious solutions (i.e., with the smallest Ny values).

The way key basin attributes affect the target variable is studied using bivariate partial-
dependence plots (PDPs; Figures 7 and 9), which show the marginal effect of a pair of predictors
on the output of the learning machine, averaging out the effects of all the other input features
(Auret & Aldrich, 2012).
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the wrapper method for feature selection. Depending on the target variable, regression or
classification models are trained on candidate optimal features.

Model/Algorithm | Regressor Classifier
. . Notes/References
[Hyperparameter | (sigma/mu) | (anomaly detection)
imizati Deb et al. 2002
Optimization NSGA-I] NSGA-I] ( )
algorithm
H i Survival of the fittest
Population size 1000 1000 individuals to keep
NPOP population size constant.
Stop after 20 generations
Number of > 200 > 200 with no significant changes
generations Ngen = = in the optimal population
(but not before 200).
Probability of occurrence of
Crossover — one of the two genetic
mutation 0.85-0.15 0.85-0.15 operators for each pair of
probabilities parent individuals (Simpson
et al. 1994).
S Objective 1 Nf Nf Number of input features.
=] Mean Absolute Error, in the
N interval [0; +oo| ; Receiver
£ Operating Characteristic
B (ROC) area under the curve,
(@) P— in the interval [0.5; 1].
o Objective 2 MAE ROC_AUC Optimal value of ROC_AUC
2 is 1, below 0.5 the classifier
o performs worse than a
LL random classifier
(Fernandez et al. 2018)
Width of the interquartile
range of errors, in the
interval [0; +oo[ (ideal value
is 0); Precision-Recall area
under the curve, in the
interval [r; 1], where r is the
P proportion of actual
Objective 3 IQR PR_AUC positives over the total
number of cases; optimal
value is 1; below r is worse
than a trivial classifier that
marks all instances as
positive (Fernandez et al.
2018)
Model MLP MLP Multi-layer perceptron
(Hornik et al. 1989)
= Ensemble predictions
= . average out any bias related
I Ensemble size 12 12 to the single training
[ instance (Aggarwal 2018).
2 | Number of hidden 3 3
:_-% layers
s | Activation Sigmoid Sigmoid
(=)}
2 Hidden units per 30 100
c layer
s Early stop after 100 — 10000
- N _ epochs with no performance
Number of epochs 500 20000 improvement on the
validation set.
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Adaptive Moment
Estimation — Stochastic

SGD Gradient Descent (Fatima

2020; Landro et al. 2020)

Performance metric Binary cross- Mean Absolute Error (Wang
MAE etal. 2020)
entropy

Optimizer Adam

Technique to artificially
generate other positive
examples in an otherwise
imbalanced dataset
. (Fernandez et al. 2018). Our
Oversampling original dataset only has
(For imbalanced - SMOTE with Tomek links | ~20% of positive examples,
datasets) i.e., basins where duality
apparently is not valid,
which would hamper the
training, resulting in a
classifier that only predicts
negative labels.
Error on positive examples
(false negative) are weighted
. 5 times more than errors on
ICOSt-_SGﬂ?;:tlve negative examples (false
earning (For . . positive) in the error
imbalanced ) Weights 1:5 function minimized during
datasets) the training, to reduce
chances of misclassification
of the positive examples
(Fernadndez et al. 2018).

2.5 Descriptors of flood seasonality as a proxy for the presence of mixed populations

The date in which a flood occurs contains information about its generating mechanism: for
instance, snowmelt floods are concentrated in the springtime in the U.S., while flooding events
during the summertime may be caused by, e.g., convective storms, tropical cyclones, or the
monsoon phenomenon, depending on the specific geographical location (Villarini, 2016).

Villarini (2016) used circular statistics to analyze the seasonality of AM. The annual peak
in year k™ is represented by a vector z,,, , of unit length and direction 9, in the complex plane

(Eq. 24, with i = +/—1), where 9,, corresponds to the time of year when the flood occurred (in
radians, see Figure 3a-b). The vectorial sum z,,, of vectors z,,,, across multiple years (Eq. 25)
represents the long-term average seasonality, which offers insights into the seasonal patterns of
flood occurrence and the mechanisms that may drive them. Its module |Z,,,|, in the interval [O; 1],
is a measure of the strength of seasonality (Eq. 26). For example, if the annual vectors z,,, , are
clustered in the same season, |Z,,,| will be close to 1 (Figure 2b), indicating that one single
dominant mechanism is responsible for the largest floods, whereas if vectors z,,, , are spread out
more widely, |z,,,| would be close to 0 (Figure 2a), suggesting the presence of multiple major
mechanisms operating at different times of the year. The direction of z4 x, 9an (EQ. 27, defined
by parts to fit 9, in the interval [0; 2rr]) indicates the time of the year (in radians) when annual
peaks are mostly concentrated.

Zyyx = COSUy + isindy (23)
1 Nyears Nyears
ZAM = Z Ccos l9k + l Z Sin 19’( = Z_AM,X + iZ_AM,y (24)
Nyears = years =
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Zan| = JZAM,xZ t Za ) (25)

Z_AM,y C o=
— ) lf ZAM,x >0

ZAM,x

Z_AM,y c o= _

Z +m, If Zayyx < 0and Zyy, =0 (26)
AM,x

Z_AM,y .o o= _

= -1, if Zamyx < 0and Zyy, <0

ZAM x

In Egs. 25-27, Zyy, and Zzy, represent the real and imaginary component of z,,
respectively, while N,,.q,-s the number of years of record.
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Figure 2. Descriptors of a-b) AM-, c-d) POT-, and e-f) FF-seasonality, for two USGS
stations. The column on the left shows a case of low seasonality, as peaks are evenly spread
within the year. The case on the right shows a basin with high flood seasonality, concentrated in
the Spring season (May and June).

This approach can provide insights into the climatic mechanisms behind AM floods, but it
does not account for other relevant floods that may occur in the same or in other seasons. Hence,
we introduce two other measures of flood seasonality, namely the POT seasonality and the FF
seasonality, both derived from the POT series. In the former (Figure 2c-d), each POT from the k"
year is scaled by the corresponding AM, so that all floods contribute to the overall seasonality
proportionally to their relative magnitude, as compared to the annual peak (Eq. 28). Npor is the
number of POTSs in the k™ year, while Q4 is its annual flood. Q;  is the j** POT in year k",
while 9; . is the time of the year when it occurred.

Nyears ZNPOT,k Qj,k Nyears ZNPOT,k Qj.k

z . cos U; z S sin9;
5 B k=1 =1 Qamk jk iy k=1 J=1 Qamk jk
POT —
Nyears ZNPOT,k Qj,k Nyears ZNPOT,I( Qj,k (27)
k=1 “j=1  Qamk k=1 “j=1  Qamk

= Zporx T lZpor,y

POT seasonality indices |Zpor| and 9por are obtained replacing the components Zpor , and
Zpor,y Of Zpor In EQs. 26 and 27, respectively.

For the FF seasonality (Figure 2e-f), all POTs equal or larger than the reference frequent
flood Qgr, considered herein as the 2-year event, Qrr = Qpor (T = 2), are represented by a unit
vector (like the annual maxima in Eq. 24) and therefore weighted in the same way, while smaller
events in the PDS are suitably scaled by Qg so as to decrease their importance in the overall
seasonality (Eq. 29). In this way, information about both major, but rare events, as well as frequent
smaller floods, is incorporated into the seasonality indices, and the choice of Qg defines the lower
bound for the range of flood sizes considered with full weight.

Npor Qm Npor Qm
Zpp = Zm=1 max [Qm, Qrr] c0S O n izm=1 max [Qm, Orr
ZIYPOT Om ZIYPOT Qm (28)
J=1 max [le QFF] J=1 max [le QFF]
= Zppx t iZ_FF,y

Npor is the number of POTSs in the PDS, Q,, is the m** POT of the series, and 9,,, is the
time of the year when it occurred. FF seasonality indices |Zzr| and 95 are obtained replacing the
COMPONENtS Zgr , and Zpg ,, Of Zpp In Egs. 26 and 27, respectively.

Unlike the AM seasonality, which only provides insight into the drivers of the largest flood
each year, the POT seasonality is expected to incorporate information about all major floods in the
record. In addition, the FF seasonality looks at the seasonal distribution of all peaks in the POT
series, but emphasizing those that are larger than the reference frequent flood Q.

These descriptors are intended to complement each other; from their comparison, one
should infer information on the seasonality of events across a range of magnitudes, possibly with
different patterns of seasonality.

T sind,,
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3 Case study basins

We considered the subset of CONUS watersheds from the well-known CAMELS dataset
(Addor et al., 2017) for which continuous flow data (U.S. Geological Survey, 2022) are available
for a minimum of 18 water years. Years with incomplete records were discarded if the gap was
larger than 20%.

Basins with trends in the AM series or in the number of POTSs per year, detected through
the Mann-Kendall test (Bayazit, 2015), were excluded from the analysis, to ensure stationarity.
Potentially influential low flows (PILFs; Cohn et al., 2013) were removed from the AM series
using the MGBT algorithm recommended in the USGS Bulletin 17C (England et al., 2019),
adopting the R package “MGBT” by Asquith et al. (2021). The methodology assumes that the log-
transformed AM follow a normal distribution, and a statistical test is used to identify any low
outliers in the series (Cohn et al., 2013).

The final dataset contains 432 basins with minimum human impacts, whose attributes
encompass topographic, geomorphologic, climatic, and land-cover (LC) information, as well as
hydrologic signatures (Addor et al., 2017), supplemented with the flood seasonality indices
described in Section 2.5.

In what follows, basin attributes from the CAMELS dataset are referenced using the same
names as in Addor et al. (2017). The only exception is the dominant land-cover
(dom_land_cover) categorical variable, from which we derive as many binary variables as the
number of categories. Each binary variable takes the value of 1 for basins with that specific
dominant land-cover, 0 otherwise. These binary variables are indicated by the “LC-" prefix, such
as, e.g.: LC — Mixed Forests, LC — Decid. BL Forest (deciduous broadleaf), LC — Croplands,
etc.

The same approach was adopted for the dominant geologic class (geol_class_1st)
categorical variable, but none of the resulting binary variables were optimal predictors according
to the wrapper method.

4 Results and discussion

4.1 Observed and duality-derived underestimation

Underestimation of the T-year event from AM-, with respect to POT-FFA, is obtained from
Eq. (2) considering the quantiles Q4 (T) and Qpor(T) from the GEV and GP distributions,
respectively. The Kolmogorov-Smirnov GOF test (Kottegoda & Rosso, 1997) indicates a good fit
of these two distributions to the AM and POT series, respectively, for all the considered basins.
Also, the estimated FF quantiles display no sensitivity to the PDS threshold-selection method.
Figure 3a shows the observed spatial pattern of underestimation u(T) of FFs from AM-FFA, as
compared to POT-FFA (Eq. 2).
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Figure 3. a) Spatial pattern of observed FF underestimation w(T) for the 1.5-year event;
b) absolute deviation between the observed and duality-derived underestimation, |u(T) — @ (T)|
for the 1.5-year event under the assumption of PSN count model (Eg. 21); catchments where the
deviation exceeds 8% are marked with triangles, pointing either up or down depending on the
sign of the deviation; ¢) same as b), but with BIN or NEG count model (Eg. 23); d) Absolute
deviation of Langbein-estimated return period R; from the GEV-derived R of the POT-quantile
with ARI of 1.5 years; catchments where the deviation exceeds 0.35 years are marked with
triangles, pointing either up or down depending on the sign of the deviation. In b), ), and d),
clusters A-H of basins with large deviations are circled.

There is a clear spatial structure in the degree of underestimation of the 1.5-year quantile.
Minima of 10-20% are observed in many northern and some north-central states. A band of minima
runs from the states of Washington and Oregon, on the west coast, moving south-east down to
Colorado and northern New Mexico. There are few observations in the north-central U.S., due to
the lack of CAMELS stations with sufficiently long flow records for the Dakotas, Nebraska, and
Minnesota. Moving east, minima are also observed in the strip of territory starting from New
England, on the east coast, and in states around the Great Lakes, down to Kentucky and West
Virginia, on the west side of the Appalachian range.

The Appalachian range is a clear dividing line on the map, as the land east of it, to the
Atlantic coast, is characterized by rates of FF underestimation of about 25-30%, with some peaks
up to 45%, in contrast with the 10-20%, that prevails on its western side.

Moving down to Florida, most watersheds still present a 25-30% underestimation, but there
are also a few basins characterized by 50% or more, resulting in greater heterogeneity overall. A
discontinuity along the eastern coast can be observed, north of Florida, with a few basins between
Georgia and South Carolina (i.e., the Savannah River) showcasing underestimation rates of 60%,
and a few others in the south of Georgia with rates of 45-50%. These are higher values of
underestimation than those generally observed for other watersheds close to the Atlantic, all
clustered in the same region. Interestingly, this area also represents a singularity from a climatic
perspective, with respect to the rest of the eastern coast. More precisely, it is the only region not
significantly affected by precipitation from tropical cyclones (Villarini & Smith, 2010).

Basins close to the Gulf coast and in the hinterland above it, up to Tennessee and Arkansas,
present a gradual increase in the rate of underestimation, moving from east to west. A similar east-
west pattern is also observed when moving from south of the Great Lakes to Kansas, through
Illinois and Missouri. This spatial trend of increasing underestimation reaches a local peak in the
central and south-central U.S. (i.e., Texas, Oklahoma, and Kansas), where some of the highest
underestimation rates in the country are observed, above 40%, although with great heterogeneity
due to the occasional presence of catchments with only moderate underestimation, particularly in
coastal Texas. High values of underestimation are also observed in the south-west US (New
Mexico, Arizona, central and southern California).

Along the west coast of California, moving from south to north, a gradual decrease of the
degree of underestimation occurs, from 50-55% to 30%. The underestimation further decreases
northward, reaching minima of 10-20% along the coasts of Oregon and Washington.

Figures 3b and 3c show the absolute deviations of duality-derived underestimation % (T)
(Egs. 21 and 23) from the observed u(T). Filled circular markers indicate deviations not larger
than 8%, showing that very accurate predictions of underestimation can be derived from the duality
in those basins. Slight differences are imputable to sample variability in parameter estimation.
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About 20% of the basins are categorized as anomalous, i.e., the deviation exceeds 8%; these are
marked with a triangle, pointing either up or down to indicate that @i(T) > u(T) or 4 (T) < u(T),
respectively. Figure 3b shows deviations when the PSN count model is adopted (Eq. 21) while
Figure 3c depicts results for BIN or NEG count models (Eq. 23). It is interesting to note that
anomalous catchments with high deviations are strongly clustered in space. The most striking
groups are in the south-central and south-western U.S., as well as in the area that encompasses
northern Florida and southern Georgia, with deviations above 10-15% (Figures 3b-c). Another
cluster of anomalous deviations, although not as strong, is observed along the Appalachian range.
All these clusters are observed independently of the assumption on the distribution of the yearly
number of exceedances, since a similar structure is observed for both a PSN (Figure 3b) and BIN
or NEG (Figure 3c) count model. However, in the latter case, some clusters are more widespread
(e.g., clusters B and E in Figure 3c), and more anomalous watersheds are observed, including in
regions that are not affected when considering a PSN count model (e.g., group H in Figure 3c).

A BIN or NEG count model results in overall larger deviations. For instance, for the
clusters observed in Kansas and Texas, the duality-derived estimates under BIN (or NEG) count
model often predict levels of underestimation 25% larger than the observed (Figure 3c), while
under the assumption of a PSN count model absolute deviations typically do not exceed 10%
(Figure 3b). There are a few catchments in the Sierra Nevada/Great Basin and at the boundary
between Georgia and South Carolina where an opposite behavior is observed, i.e., deviations are
larger when a PSN count model is considered. It is worth noting that in these few watersheds the
hypothesis that the number of exceedances is PSN distributed can be rejected, based on the Chi-
square GOF test (Kottegoda & Rosso, 1997; open circles in Figure 3b), but not the hypotheses of
a BIN or NEG count model (open circles and open triangles in Figure 3c, respectively).

However, from a broader perspective, looking at the distribution of the number of
exceedances is not decisive to choose the most accurate expression for duality-based predictions
of underestimation. The point biserial correlation between watersheds where, e.g., PSN can be
rejected and catchments where |(&,, a4, 1y, T) — u(T)| exceeds 8% is a modest 0.40. The p-
value of the Chi-square test and the magnitude of the deviation are also poorly correlated.
Furthermore, there is some overlap between basins where all the three considered count models
should be rejected, and interestingly all these watersheds belong to the clusters of basins with large
deviations (Figures 3b-c). Thus, the reasons for the poor performance of the duality-based
predictions of underestimation must be identified by looking at what other theoretical assumptions
are violated in regions with large deviations, beyond what distribution best fits the series of the
annual count of exceedances. We propose an explanation in Subsection 4.4.

So far, all comparisons between observed and theoretical underestimation have focused on
the 1.5-year event, taken as a representative FF. Figure 4 shows the observed and duality-derived
underestimation for other FF quantiles, considering values of T up to 5 years. As expected, the
underestimation tends to decrease for larger Ts, indicating that predictions from AM and POT-
FFA converge for increasingly less frequent floods. This is consistent with Langbein’s equation
(Eq. 1), which predicts smaller differences between R and ARI for increasing T (Wang & Holmes,
2020).
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Relatively higher underestimation rates are still observed in south-central and south-
western U.S., independently of T, so that the spatial structure of u(T) is preserved. Both duality-
derived underestimations, (g, a4, ug, T) and 6(&p, op, up,A,m,T), match the observed
underestimation, overall.

4.2 Duality as a tool to adjust AM-based FF estimates

From a practical standpoint, Eq. (21) can be used to estimate the amount of FF
underestimation by AM-FFA without the need to compare the AM-based estimate of the T-year
event to the corresponding POT value. Like Langbein’s equation (Eq. 1), Eq. (21) is valid under
the assumption of a PSN count model for the annual number of exceedances. The duality-derived
quantile ratio f(fg, ag,ug,T) can be regarded as a correction coefficient of the T-year quantile
obtained from AM-FFA, function of T and the GEV parameters. The corrected, duality-based T-
year quantile Qp,7(T) can be obtained from the AM-based quantile using Eq. (30), without the
need to perform POT-FFA.

Q;’OT(T) = f'(fg, 00 g, T) QAM(Egr Og,Ug, T) (29)

Although the accuracy of the predicted underestimation is lower in some regions (Figure
3b), the errors between observed and predicted underestimation are relatively small, so that overall
the bias from applying an “incorrect correction” will still be much smaller than considering the
AM-based FF quantile without any correction.

It is preferable to use the GP-GEV duality and resulting f(fg,ag,yg, T) (Eq. 21) instead
of the GP-K5E duality with its correction coefficient #($, g, u,, 4,1, T) (EQ. 23), because 1) the
GP-GEV duality leads to smaller absolute errors than the GP-K5E duality, overall (Figure 3b-c);
and 2) the GEV is a commonly used 3-parameter distribution, in contrast to the 5-parameter K5E
required for computing #(&,, 0p, iy, 4,1, T).

4.3 Theoretical and physical drivers of underestimation

Eqg. (21) also affords to study the effects that GEV parameters have on the level of
underestimation @i (¢, oy, g, T). Figure 5 maps @i (&g, g, g, T) inthe o4-u, and o, /pg-€ 4 planes,
for two values of T.
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Figure 5. Case study basins mapped in the u, — g4 and &, — o, /4 planes. The color

gradient shows the computed underestimation ﬁ(fg, ag, ug,T) forT =15(aandb)and T = 3
years (c and d).

For small T's (e.g., 1.5 years; Figure 5a-b) the scale-location ratio g, /1, is the main control
over (&4, a4, ug, T), With larger o,/u, values associated to greater underestimation while the
effect of the shape ¢, is negligible. For larger Ts (e.g., 3 years; Figure 5c-d) though, the shape
parameter also contributes to the amount of underestimation, with larger (positive) ¢, associated
to larger ©i(¢4, a4, 1y, T), for a given o, /1, ratio. Hence, the convergence of quantiles estimated
from AM- and POT-FFA for increasing T's is slower at sites with larger shape parameters. For our
case study, the largest o, /u, values are all paired with large &, values, indicating that U.S. basins
most affected by FF underestimation tend to experience this issue for a wider range of T's, as
compared to watersheds with modest underestimation (also see Figure 4).

Optimal predictors for o, /., show that arid climates are associated to larger o, /1, ratios
(Figures 6-7), and therefore greater FF underestimation.
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Figure 6. a) Pareto front of optimal trade-off solutions among three competing objectives
to minimize: number of predictors Ny, mean absolute error MAE, and width of the interquartile
range IQR. Each point corresponds to a learning machine trained to estimate o, /1, With a set of
N¢ basin characteristics; b) heatmap with the frequency of usage of variables as optimal predictors
in different solutions with same N¢; solutions with Ny up to 10 are considered (see online
Supporting information for the full heatmap).
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Figure 7. Lower triangular matrix: bivariate partial-dependence plots that show the
relationships between key basin attributes and o, /u, values. Upper triangular matrix: Spearman
correlation of key basin attributes. Diagonal: frequency distribution of the key basin attributes;
brown histograms are used for categorical and binary variables, while continuous variables are in
blue.

The number of dry days per year (low_prec_freq; Addor et al., 2017) has the strongest predictive
power on g, /ug, as it is used in every optimal solution, including that for Ny = 1 (Figure 6).
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Similar observations have been made for Europe (Lun et al., 2021), where the aridity index was
identified as the main control on the coefficient of variation of annual maxima (CV,,,). Although
the wrapper method never considered the aridity index (aridity in the CAMELS dataset) among
the optimal predictors of o,/ug, our findings are equivalent to those of Lun et al. (2021) for
Europe, because of the strong positive correlation between CV,y, and o, /u, (Pearson correlation
pp(CVam, 04/1g) = 0.85 and Spearman correlation ps(CVyu, a4/14) = 0.87, for our dataset), as
well as between low_prec_freq and the aridity index [pp(aridity, low_prec_freq) = 0.74,
ps(aridity, low_prec_freq) = 0.82].

Optimal solutions shown by the heatmap in Figure 6b, and PDPs in Figure 7 help identify
other basin characteristics that have a strong control over o,/u, and, in turn, on FF
underestimation by AM-FFA. The type of climate and the size of the river have the strongest
influence. E.g., watersheds with low mean daily precipitation values (p_mean) are characterized
by larger values of the a, /., ratio. This is enhanced at locations that also experience long periods
with low flows each year (high low_qg_dur). Low average precipitation is typical of an arid climate
[ps(aridity, p_mean) = —0.65], and low values of p_mean may be associated to large numbers
of dry days (low_prec_freq). Having long periods with low flows in this kind of climate may be
asign of intermittent, flashy behavior, reflected by larger g,/ ratios. This explains the prediction
of higher g, /u, values at locations that display both signs of an arid climate (e.g., large values of
low_prec_freq and small values of p_mean) as well as persistent low flows.

Large o, /1, values are also predicted at basins with long durations of high precipitation
events (i.e., with large high_prec_dur values) and persistent low flows during the year (large
low_q_dur values). These are typical in regions dominated by synoptic-scale weather systems
(Addor et al., 2017), where annual precipitation and flow cycles display strong seasonality, with
maxima concentrated in winter and minima in summer. Watersheds from these locations are
characterized by high_prec_timing in the December-February (DJF) period, and negative
p_seasonality values, which both indicate that precipitation events occur predominantly in
winter. The range of variability of floods (reflected by o) associated to this kind of climate can
be wide, which explains why the learning machine predicts large o,/u, values when the
precipitation cycle displays strong winter seasonality concurrent with large average duration of
high precipitation events (high_prec_dur).

Indicators of river size relative to basin area, such as the mean and the 95-percentile of
daily flow per unit area (i.e., g_mean and q95, respectively) also represent strong controls over
the a,/u, ratio. This was expected, as rivers with greater flows have larger u, and are generally
more stable (Dell’Aira et al., 2022), resulting in narrower ranges of variability (therefore, smaller
a4), and consequentially smaller o, /p, values.

Basin attributes of secondary importance for predicting o, /p, include vegetation land-
cover (e.g., LC_Grassland; frac_forest) and geomorphic information (e.g.,
geol_permeability; geol_porosity). The former may be regarded as a proxy for the type of
climate, while the latter may affect the hydrologic response of basins. It is worth noting that, ceteris
paribus, the learning machine assigns larger g, /u, values to watersheds with grassland dominant
land-cover (LCg;rassiana = 1), more frequent in arid and semi-arid regions (Addor et al., 2017),
than catchments with other dominant land-cover types. This suggests that the learning machine is
exploiting the relationships between climate and vegetation type.
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Results on the optimal predictors for the shape parameter £, show similar dependencies to
those for o, /114, With large £, values associated to dry regions and small, negative values to humid
areas. This is in agreement with previous research (e.g., Metzger et al., 2020; Villarini & Smith,
2013), matching our observations (Figure 4) that basins in arid and semi-arid regions show slower
rates of convergence of quantiles estimated from AM- and POT-FFA, for increasing T. A large,
positive &, results in a GEV-PDF without upper bound, which may better describe the flashy
behavior of rivers in arid catchments, in contrast with the more stable flows in humid regions. The
list of basin attributes that affect ¢, includes variables highly correlated to the aridity index, such

as runof f _ratio [ps(aridity, runof f _ratio) = —0.81] and low_prec_dur
[ps(aridity, low_prec_dur) = 0.77], as well as information on the type of vegetation, which is
a proxy for the type of climate. Heatmaps and PDPs of the optimal basin attributes related to the
variability in £, do not add any additional insight; therefore, they are not published in this work.

4.4 Validity of the duality-based quantile ratio and Langbein’s equation

We concluded in Section 4.1 that the validity limits of Eq. (21) are not determined by the
violation of the hypothesis of a PSN count model. We speculate here that the clusters of anomalous
basins with large |u(T) — (&4, a4, 1y, T)| deviations (for T equal to 1.5 years) can be explained
by the occurrence of mixed flood populations. Clusters (indicated with letters A—G in Figure 4b-
c) are found in regions where the presence of mixed populations is well-acknowledged. E.g., a
large proportion of flood events in the Sierra Nevada (western part of cluster A), coastal California
(B), and central Arizona (C) is generated by atmospheric rivers (ARS), resulting in strongly
heterogeneous populations (Barth et al., 2017, 2019; Villarini, 2016). In the Sierra, orographically
enhanced precipitation in the November-April period and snowfall in winter (with consequent
snowmelt floods in April-July) contribute further flood-generating mechanisms (Barth et al., 2017;
U.S. Water Resources Council, 1976). In the Great Basin (eastern part of cluster A), snowmelt,
frontal storms, and convective precipitation may generate major floods in the springtime, winter,
and summer months, respectively (Burkham, 1988). In Arizona and New Mexico (cluster C),
floods in the summer period may be caused by a variety of different processes, such as convective
events (some of these connected to the North American monsoon activity, depending on the
region) and eastern North Pacific tropical cyclones (Barth et al., 2017; Villarini, 2016). Coastal
Texas, northern Florida/southern Georgia, and the Appalachian range (clusters E, F, and G) present
the lowest AM seasonality within the U.S. (Villarini, 2016), indicating that AM may be observed
in a different season each year, in turn suggesting the presence of multiple flood-generating
mechanisms. Tropical cyclones and extratropical systems (TCs and ETSs, respectively), as well
as organized warm-season convective systems (OWSCS) represent some of the possible drivers in
those regions (Villarini, 2016; Villarini & Smith, 2010, 2013; Villarini et al., 2014). Further
heterogeneity is introduced by the sensitivity of TC-generated floods to the phases of the North
Atlantic and El Nifio-Southern oscillations (Villarini et al., 2014), which may introduce variability
in the characteristics of the flood population across years. Bulletin 17B (U.S. Interagency Advisory
Committee on Water Data, 1982) already recommends separating TC-generated floods from other
peaks of the series, for FFA applications. Southern Georgia displays the largest deviations
observed for cluster F, which may be due to the presence of ETS-generated floods in early spring
(Villarini & Smith, 2010), which apparently represent most AM events in this region, as suggested
by the AM seasonality concentrated in the March-April period (Villarini, 2016). This indicates the
presence of one dominant AM generating mechanism, related to the occurrence of ETSs, even
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though the POT series may come from heterogeneous flood populations, as exceedances come
from a variety of different generating mechanisms. These conditions may lead to a more severe
violation of the assumption of identically distributed events because it implies that one generating
mechanism produces peaks that are systematically larger than the events produced by other
mechanisms, exacerbating bimodality in the flood population. A similar explanation can be
provided for clusters D and H, where the medium-to-strong AM seasonality is concentrated in the
May-June period (Villarini, 2016), concurrently with North Atlantic low-level jets (NALLJs;
Weaver et al., 2012). This indicates that NALLJs represent the dominant AM generating
mechanism for that region, therefore introducing maxima that come from a notably different
distribution as compared to not-NALLJs induced floods.

Results from optimal feature analysis support our hypothesis that mixed populations affect
the validity of Eq. (21), as the key basin attributes for watershed classification are all related to the
seasonality of flood and precipitation, as well as the type of vegetation, which in turn can be related
to the type of climate. Clusters of anomalous basins are identified considering a threshold
|u(T) — ﬁ(fg, Og, g T)| > 8%.

Figures 8-9 show that flow elasticity (i.e., sensitivity) to changes in precipitation
(stream_elas), the runoff to precipitation ratio (runof f _ratio), as well as measures of flow and
precipitation seasonality (high_prec_timing, low_prec_timing, |Zgg|, |Zam|, and 8,,,) all play
an important role in affecting the probability of having a basin with large [u(T) — 1(&4, 04, g, T)|
deviations.
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Figure 8. a) Pareto front of optimal trade-off solutions among three competing objectives
to minimize: number of predictors N¢, ROC area under the curve (ROC_AUC), and Precision-
Recall area under the curve (PR_AUC). Each point corresponds to a learning machine trained to
classify basins with large deviations |u(T) — (&, g, g, T)|, hence, where the duality-derived
Eq. (21) is not valid, using a set of Ny basin characteristics; b) heatmap with the frequency of usage
of variables as optimal predictors in different solutions with same Ng; solutions with Ny up to 10
are considered (see online Supporting information for the full heatmap).
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Figure 9. Lower triangular matrix: PDPs that show the relationships between key basin
attributes and the probability that the deviation between observed and duality-derived
underestimation is >8%. This is considered as an empirical indicator that the GP-GEV duality (Eq.
21) is not valid at a given watershed. Upper triangular matrix: Spearman correlation of key basin
attributes; correlation of binary variables is not computed because they are different categories of
the same categorical variable. Diagonal: frequency distribution of the key basin attributes; brown
histograms are used for categorical and binary variables, while blue for continuous variables.
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A low FF seasonality (i.e., |Zgg| close to 0) is generally associated with a high probability
of having an anomalous watershed. Strong AM seasonality (|Z 4| close to 1) concurrent with low
FF seasonality leads to higher chances of an anomaly, while if both AM and FFs present strong
seasonality, the duality equation (Eq. 21) should give a good estimate of the underestimation. A
strong AM seasonality coupled with a strong FF seasonality indicates that peaks tend to occur all
in the same period of the year, resulting in a homogenous flood population. In contrast, a strong
AM seasonality paired to a low FF seasonality suggests that there is one generating mechanism
that often results in the largest annual event to occur in the same season, across multiple years, but
other types of floods are also present in the peak series.

Another sign of large |u(T) — (¢, 0, g, T)| deviations is a high discharge-precipitation
elasticity (stream_elas). This is because a strong flood sensitivity to precipitation may result in
greater changes of the characteristics of flood distributions across years with different amounts
and time distributions of rainfall. The highest values of flow elasticity in the U.S. are observed in
arid and semiarid regions (Sankarasubramanian et al., 2001).

Regarding the effect of dominant land-cover type, mixed or deciduous-broadleaf-forest
catchments, common along the Appalachian range, are less likely to be classified as anomalous
than savanna basins, more typical in parts of Texas and California. This reflects the fact that there
are both regular and anomalous watersheds in the eastern U.S., characterized either by mixed or
deciduous-forest land-cover, while basins in savanna regions present large |u(T) —
ﬁ(f 91 0g) Ug) T)| deviations more systematically. Cropland LC-dominated watersheds, widespread
in central U.S. (including in dry climate regions such as Texas and Kansas), get a high probability
of displaying large deviations if the runof f _ratio is low (typical of dry climates) or stream_elas
is high. This may be interpreted as a way of identifying the types of basins observed in Kansas and
northern Texas (clusters E and part of D, respectively) by cross-checking multiple characteristics
typical of those regions.

To conclude, the highly non-linear relationships shown in Figure 9 between key basin
attributes and the probability of large deviation |u(T) —@(&,, 0,, 1, T)| all have a quite
straightforward interpretation if the hypothesis of the influence of mixed populations is deemed
correct. Or, at least, they are not in conflict with each other. This may be regarded as an empirical,
a posteriori proof in support of this hypothesis.

Langbein’s equation is valid under the same two assumptions required by Eqg. (21): i.i.d.
peaks and that the number of exceedances is PSN distributed. Considering thresholds of 8% for
the [u(T) — (&,, 0,4, 1y, T)| deviations and 0.35 years for the errors in the Langbein-estimated
return period R;, (Figure 3d), the point biserial correlation between watersheds where Eq. (21) and
Eq. (1) produce large errors is 0.78. This high correlation suggests that regions where the two
theoretical equations are not perfectly valid are overall the same (also compare Figures 4b-d); in
both cases, the most likely explanation is the occurrence of mixed populations, violating the
assumption of identically distributed events. In practice, for design purposes or any other case
where one needs to know the flood magnitude for a given frequency, Eqg. (21) should be used
together with AM-FFA, as it allows for directly correcting the AM-based flood estimate. In
contrast, Langbein’s equation is more useful in a verification framework, i.e., when one is
interested in assessing the actual frequency of the design flood computed from AM-FFA.
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5 Conclusions

Frequent flood underestimation by AM-FFA is a well-known phenomenon in engineering
practice but is poorly understood from a theoretical standpoint. Probably this is one of the reasons
why the issue has been systematically overlooked, with many practitioners across many disciplines
using AM to predict FFs such as the 2-year quantile, or even more frequent floods.

This work considers a large sample of watersheds with minimum human impact to show
that the level of FF underestimation can vary widely depending on the GEV parameters, and in
turn the type of climate, the size of the river, and other basin characteristics that affect the
distributional characteristics of AM. The scale-location ratio is the main control over the amount
of underestimation, for a given average interarrival time T, while the shape parameter determines
how quickly AM- and POT-estimated quantiles converge, for increasing T.

We propose a practical relationship, derived from the theoretical duality between the GEV
and GP distributions, that can be used to correct AM-based estimates of FFs, considering that their
actual frequency is better reflected by the ARI predicted by POT-FFA. However, we were able to
characterize some regions in the U.S. where this useful tool underperforms, as does the well-known
Langbein’s equation, misestimating the gap between R (from AM-) and ARI (from POT-FFA).
We conclude that the poor performance of both approaches is imputable to the occurrence of mixed
flood populations. In these regions, the negative bias introduced by using AM-FFA can reach up
to 60% for a T of 1.5 years. Such levels of underestimation of frequent flood magnitude are of
practical concern for a range of river science and engineering fields, so that the use of POT should
be mandatory in these cases.
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are accessible through the link: https://livememphis-

my.sharepoint.com/:f:/a/personal/fdllaira memphis edu/Eo02kp GJvpGIDFulhmtaQOBjISTmfA

ahRoLFtZz-fmaQ?e=zNQWEI (this is a temporary link for the peer review process; we will

upload the results in a public repository before publication; please use the password “4peer-
review_only”). Neural network training has been performed by the open-source Python library
Tensorflow (Abadi et al., 2016). Figures in this work have been produced by means of the open-
source Python library Matplotlib (Hunter, 2007) and its Basemap toolkit

(https://basemaptutorial.readthedocs.io/en/latest/external resources.html).
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