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Abstract Design storms are key components for planning drainage networks and flood risk management.
Due to atmospheric processes, precipitation accumulations across multiple temporal intervals are often
correlated and can combine to shape flood intensities. However, current design storm guidance overlook the
observed correlations between return periods of different duration intervals within storms and may thereby lead
to under‐ or over‐estimation of the flood risk. We present a new approach for generating plausible design storms
that accounts for joint return periods. Focusing on short‐duration extreme precipitation events, potentially
leading to urban pluvial flooding, we analyze the dependencies between critical precipitation intensities over the
10‐min, 30‐min, 1‐hr, 3‐hr, and 6‐hr intervals, for data from Zurich (Switzerland). We then propose a method
based on a canonical vine copula model for sampling precipitation intensities that reflect the observations'
dependencies. Using this model, we then generate realistic design storms with a constrained micro‐canonical
cascade model. Our results shows that the common block methods (e.g., the Chicago and Euler design storms)
tend to overestimate total precipitation volumes on average, by up to 56%. Furthermore, we highlight the
variability in possible duration‐frequency profiles, leading to both higher and lower total precipitation volumes
compared to standard approaches. This underscores the need to switch from traditional block methods to a more
realistic sampling of design storms, incorporating multiple design storm scenarios for robust risk assessment.
The model is applicable to any time series of precipitation, regardless of its location or climate. The code is
freely available.

Plain Language Summary This study focuses on improving how we simulate design storms. Design
storms are used to mimic extreme precipitation events, helping engineers and planners predict the storms that an
infrastructure must be able to withstand. However, current methods to derive these storms do not explicitly
account for how different precipitation intensities co‐occur over different durations within a single precipitation
event (e.g., short, intense 10‐min bursts or longer, sustained 6‐hr rain). This can lead to under‐ or over‐
estimation of flood risks. In our research, we looked at how precipitation intensities vary over the time intervals
of 10 min, 30 min, 1 hr, 3 hr, and 6 hr during storms. We developed a new model, using statistical methods, to
simulate precipitation that better reflects the intensity dependencies observed in measured precipitation events.
When compared to a commonly used design storm model, our method resulted in an average reduction in total
storm volume by up to 56%. Our method provides a more accurate way to create design storms, which can help
improve flood risk assessments.

1. Introduction
Intense short‐duration precipitation events can cause catastrophic flooding, particularly in densely populated
urban areas (Cristiano et al., 2017; Kundzewicz et al., 2014). A key element of planning flood‐resilient cities is the
estimation of flood hazard, which is commonly achieved by modeling the flood response for synthetic extreme
precipitation events, referred to as design storms (Watt & Marsalek, 2013). Storm drainage networks are thus
designed to withstand the flow resulting from design storms that the structure is expected to experience during its
lifetime.

Design storms are characterized by specific precipitation intensities over different durations for assigned values of
return period. This information is summarized in the intensity‐duration‐frequency curves (IDF; Chow
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et al., 1988), which are often derived from univariate statistical analysis focusing on individual durations sepa-
rately. Common design storms can be classified into four categories (Grimaldi & Serinaldi, 2006): (a) simple
geometric patterns for which a single intensity‐duration point is derived from the IDF curve (e.g., Chow
et al., 1988); (b) temporal patterns adopting the entire IDF curve (e.g., Keifer & Chu, 1957, see e.g. the Chicago
and Euler type II design storms in Figure 1); (c) standardized profiles derived from probabilistic analysis of
observations (e.g., Huff, 1967); and (d) stochastically simulated patterns (e.g., Onof et al., 1996; Peleg
et al., 2017). The choice of the type of design storm can have a significant impact on flood hazard estimation
(Krvavica & Rubinic, 2020; Viglione & Blöschl, 2009).

Current limitations of design storms also arise from the approaches used for deriving their characteristics. This is
illustrated in Figure 1, which compares observed precipitation events from Zurich (Switzerland, see details in
Section 2) with the 100‐year Chicago design storm (CDS) and Euler type II design storm that are constructed by
adopting the entire IDF curve, that is, representing a precipitation event of a 100‐year return level across all
durations. It becomes clear from the visualization of the events in the IDF domain (Figure 1b) that adopting a
single return period across all durations is a shortcoming for realistic construction of design storms, as it is highly
unlikely for an extreme precipitation event that the precipitation volumes accumulated across different durations
correspond to a single return‐period. The CDS and Euler type II design storms can therefore be regarded as a
worst‐case scenario (Peleg et al., 2024), which do not account for the variability and corrected dependencies of the
return periods across different durations within a storm.

Some studies have addressed the dependencies between precipitation across multiple durations through multi-
variate analysis. For example, Vandenberghe et al. (2010) presented a stochastic design storm generator that
accounts for the joint probability of a design return period and a secondary return period, and Grimaldi and
Serinaldi (2006) used a copula approach to estimate the joint probability of design precipitation volume (derived
from the IDF curve), total precipitation, and peak intensity. In a similar analysis, Fontanazza et al. (2011) esti-
mated the multivariate statistics of total precipitation, event duration, and peak intensity.

Here, we analyze multiple joint return period occurrences within precipitation events and develop a method to
simulate design storms with parameterized sampling from the IDF curve. Specifically, we adopt a vine copula‐
based approach to estimate the co‐occurrences of return periods over five different durations within a single
precipitation event. We then generate precipitation time series that satisfy the observed duration‐frequency
statistics either by constraining a micro‐canonical cascade model or by adopting the Euler Type II design
storm profile construction guidelines. We demonstrate our methodology with data from Zurich (Switzerland) and
provide readers with a simple, open‐source model, for simulating design storms.

Figure 1. Comparison of (a) hyetographs and (b) return periods across different durations for observed precipitation events
(solid purple lines), as well as for the 100‐year Chicago design storm (solid square line) and the 100‐year Euler type II design
storm (dotted triangle line) in Zurich. Dashed lines in (b) represent the IDF curves for return periods ranging from 5‐ to 100‐
year.
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2. Data
Precipitation data at 10 min intervals were obtained from MeteoSwiss for the Zurich Affoltern, Fluntern,
and Kloten stations (Figure S1 in Supporting Information S1) for the period 1981–2022. We assumed that
the events from these stations occur independently yet belong to the same population as they experience a
similar climate (Grimaldi & Serinaldi, 2006). Therefore, we pooled the data from all stations to increase the
sample size of precipitation events representing Zurich, raising it from 42 years per station to a total of
126 years.

We defined independent events as wet periods separated by dry intermissions of at least 7 hr, following De
Michele and Salvadori (2003), and applied the TENAX model (Marra et al., 2024) to compute the IDF curves
for frequencies ranging from 1.1‐ to 100‐year. The TENAX model relies on non‐asymptotic statistics, which
assumes that extremes are samples from the set of independent realizations of the process of interest. The IDF
curves are hence obtained based on the cumulative distribution function of all events (also called “ordinary
events”) and not only from the annual maxima. For each event, we extracted the 360‐min time series expe-
riencing the maximum 360‐min precipitation volume using a moving window and considered only these time
series in the remainder of the study. This allows sampling events lasting 360 min or less. We then extracted the
maximum 10‐, 30‐, 60‐, and 180‐min precipitation volumes from the 360‐min long events. Lastly, we selected
only those events reaching at least a 1.1‐year return period, which is the minimum return level computed in the
TENAX model, for one or more of the 10‐, 30‐, 60‐, 180‐, and 360‐min durations. This results in a total of 537
events, which represents 3.5% of all 360‐min events. This process allows to effectively sample the short‐
duration intense precipitation events in Zurich, as the time windows of the maximum 360‐min precipitation
volumes mostly coincide with the time windows in which the maximum 10‐, 30‐, 60‐, and 180‐min duration
precipitation volumes occur (see Section 5).

3. Methodology
We propose a method for generating short‐duration precipitation events based on the co‐occurrence probabilities
of multiple return periods over different durations within an event. The method relies on the dependence structure
from the maximum 10‐, 30‐, 60‐, and 180‐min precipitation volumes within 360‐min long observed events, and is
estimated using a vine copula (Section 3.1). The vine copula can then be used to sample volumes over different
durations within an event, thereby preserving the dependencies from the observed data. Next, we implement a
constrained version of the bounded micro‐canonical cascade model (Section 3.2) and of the Euler Type II design
storm (Section 3.3) to generate precipitation time series that satisfy the copula‐based volumes over different
durations. We refer to the dependencies of the precipitation intensities over different duration intervals as the
duration‐frequency dependencies. Finally, we detail how precipitation time series can be generated based on the
duration‐frequency volume samples, exemplifying the methodology using data from Zurich (Section 4).

3.1. The Vine Copula

3.1.1. Pair‐Copula Decomposition of the Multivariate Distribution

We model the multivariate relationship between the precipitation volumes on the 10‐, 30‐, 60‐, 180‐ and
360‐min intervals within our 537 events data set with copula. Let X = {Xd}, where d ∈ {10, 30, 60, 180, 360},
represent the vector of precipitation volumes over the durations d. The multivariate probability distribution
function F of X can be decomposed into its univariate marginal distributions Fd1,… ,Fdn and a copula C that
describes the dependence structure between the margins, according to Sklar's theorem (Nelsen, 2006;
Sklar, 1959), with n equal to the number of intervals (durations), that is, five in our case study. The copula C is
a joint cumulative distribution whose univariate marginal distributions Ud1,… ,Udn are uniform on [0, 1]. After
estimating the univariate marginal distributions ud = Fd(Xd), the multivariate distribution F(X) can be writ-
ten as:

F(x10,x30,x60,x180,x360) = C(u10,u30,u60,u180,u360), (1)

where the copula has the expression:
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C(u10,u30,u60,u180,u360) = F{F− 110 (u10), F
− 1
30 (u30), F

− 1
60 (u60),

F− 1180 (u180), F
− 1
360 (u360)}.

(2)

For an absolutely continuous distribution F with strictly increasing contin-
uous marginal densities, the joint density function f is obtained through the
chain rule:

f (xd1,… ,xdn) = cd1,… ,dn{Fd1(xd1 ),… ,Fdn(xdn )} · fd1(xd1 ) · … · fdn(xdn ). (3)

Additionally, the joint density function can be factorized as

f (xd1,… ,xdn) = fn (xn) · f (xn− 1|xn) · f (xn− 2|xn− 1,xn)⋯ f (x1|x2, … ,xn). (4)

It follows from Equations 3 and 4 that we can construct the multivariate
density iteratively as a product of pair‐copulas.

For high‐dimensional multivariate distributions, there are various possible
pair‐copula decompositions. The canonical vine copula (C‐vine; Bedford &
Cooke, 2002) is well suited to capture dependencies among variables when
one variable exhibits dominant interaction within the data set. We defined X60
as the dominant variable as it exhibits the strongest pairwise dependencies
with the volumes over the other durations (see Section 4). Hence, we adopted
this type of copula tree construction, illustrated in Figure 2 and expressed as
follows:

f (x1,x2,x3,x4,x5) = f1 (x1) · f2 (x2) · f3 (x3) · f4 (x4) · f5 (x5)

· c12 {F1 (x1),F2 (x2)} · c13 {F1 (x1),F3 (x3)}

· c14 {F1 (x1),F4 (x4)} · c15 {F1 (x1),F5 (x5)}

· c23|1 {F(x2|x1),F(x3|x1)}

· c24|1 {F(x2|x1),F(x4|x1)} · c25|1 {F(x2|x1),F(x5|x1)}

· c34|12 {F(x3|x1,x2),F(x4|x1,x2)} · c35|12 {F(x3|x1,x2),F(x5|x1,x2)}

· c45|123 {F(x4|x1,x2,x3),F(x5|x1,x2,x3)}.

(5)

The optimal structure, that is the ordering of the variables in X = {Xd}, with d ∈ {10, 30, 60, 180, 360}, into the
vector {Xi}, with i ∈ {1, 2, 3, 4, 5}, must be determined. The method used to determine the ordering is detailed
hereafter.

3.1.2. Vine Copula Tree Structure

The structure of the C‐vine copula is determined based on the dependencies between the variables (Nagler
et al., 2017). These dependencies were estimated through the sum of the Kendall's τ rank correlation coefficient
for each variable {Xd}:

∑ τd =∑
j
(τj,d ∨ τd,j), (6)

where τ(d,j) = τ(Xd, Xj) and d, j ∈ {10, 30, 60, 180, 360}.

The C‐vine structure index ordering id increases as the dependency of a variable within the data set decreases, that
is the variable with the strongest dependencies within the data set has a variable index id = 1 and is located at the

Figure 2. 5‐Dimensional C‐vine copula trees (T1 to T4) with variable indexes
id from 1 to 5.
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root of the C‐vine structure (Figure 2), while the variable with lowest dependencies within the data set has a
variable index id = 5.

3.1.3. Non‐Parametric Estimation of the C‐Vine Copula

Once we established the optimal structure of the C‐vine copula, we estimated the copula's parameters. Given that
themargins ofX are unknown, the estimation of the copula relies on the normalized ranks of the data,which serve as
non‐parametric estimates of the marginal distributionsU10,U30,U60,U180, andU360. Thereafter, the C‐vine model
is estimated following a procedure similar to the one described by Aas et al. (2009). This procedure involves a
recursive estimation of bivariate conditional distributions, which are represented through the so‐called h‐function:

h(u∣v) = P(U ≤ u∣V = v), (7)

where U, V ∼ U[0, 1]. For parametric models, such as the ones from the Archimedean and Elliptical copula
families, the h‐function can be readily obtained by estimating the derivative of the copula distribution function
(Aas et al., 2009). This is possible because these types of copulas are expressed in terms of a parametric generator
function.

Here, the variables in X exhibit asymmetric dependencies due to the following physical constraint:

Prd1 ≤ Prd2 if d1 ≤ d2, (8)

where Prd1 is the cumulative precipitation volume in duration d1. This leads to infeasible regions of the multi-
variate space, as it is visible in the lower right corner of the normalized rank data scatter plots shown later in
Section 4. As a result, most families of parametric copulas, such as the Archimedean or Elliptical copulas that are
designed to capture symmetric dependencies (Li et al., 2015), can not be used to model the variables in X. While
asymmetric parametric copulas can be constructed by combining families of symmetric copulas, the robustness of
the copula model depends highly on the choice of the symmetric copula combinations and requires many pa-
rameters, potentially leading to over‐parameterization (Y. Zhang et al., 2018).

The h‐function was therefore estimated numerically. We adopted the adjusted Nadaraya‐Watson conditional
distribution estimator (Hall et al., 1999). The adjusted Nadaraya‐Watson estimator of the h‐function is defined as:

ĥ(u∣v) =
∑

n
i=1ωi(v)I(Ui ≤ u)
∑

n
i=1ωi(v)

, (9)

where

ωi(v) = pi(v)Kbn(v − Vi)∑
n

j=1
pj(v)(v − Vj)2Kbn(v − Vi), (10)

and

Kbn(·) =
K ( ·

bn
)

bn
, (11)

with K being a kernel function. bn > 0 is a bandwidth, and I is the indicator function such that

I = {
1 if Ui ≤ u

0 if Ui > u
, (12)

and
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pi(v) =
1
n
·

1
1 + λ(v)(v − Vi)Kbn(v − Vi)

. (13)

λ(v) solves the equation:

∑
n

i=1
pi(v)(Vi − v)Kbn(Vi − v) = 0, (14)

which can be estimated numerically using the Newton‐Raphson algorithm, with the bandwidth bn = n
− 1/3 and the

Gaussian kernel function K given by K(x) = e− 0.5x2̅̅̅̅
2π

√ .

3.1.4. Sampling From the C‐Vine Copula

We followed the algorithm presented in Aas et al. (2009) to simulate the N samples from the C‐vine copula, where
N is the sample size. In this algorithm, sampling dependent uniform variables from a C‐vine copula is achieved by
modeling a cascade of pair‐copula, consisting of repeated use of the fitted h‐functions. The resulting sample
contains the simulated dependent uniform variables ũd. Ultimately, the simulated sample of the random variables
X̃ is estimated using the inverse of the empirical or fitted marginal cumulative distribution functions.

While the numerical estimation of the h‐function captures the asymmetric dependencies to a very good
approximation, it does not enforce a strict boundary for the physically infeasible region of the multivariate space.
That is, some sampled variables could violate the physical constraint in Equation 8, thereby generating unrealistic
precipitation intensities across durations. To address this, we apply the following correction to the variables X̃ ,
ensuring that the corrected precipitation volumes X̃ʹ are at least as large on the interval d+ 1 as on the interval d:

X̃ʹd =
⎧⎨

⎩

X̃d, if d = 10

max{X̃ʹd− 1, X̃d}, if d∈ {30,60,180,360}
. (15)

Uncertainties in the modeling of the C‐vine copula are estimated by repeated sampling of the fitted model, similar
to the procedure outlined in Ribeiro et al. (2020). We simulate 10,000 realizations of extreme precipitation in-
tensities, each with a sample size equal to the original data set, that is 537. The 99% confidence intervals of
Kendall's τ rank correlations of the simulated samples are compared with the correlations of the observed data
pairs, thereby estimating the uncertainties associated with the conditional probabilities and verifying that the
simulated samples maintain the dependencies in the observations.

3.1.5. Conditional Sampling From the C‐Vine Copula

The algorithm presented in Aas et al. (2009) can also be applied to simulate N samples from the C‐vine copula
with a fixed return period over one of the duration intervals. In this case, the precipitation volume corresponding
to the required return period over this duration interval is first identified. The uniform variable ud associated with
the fixed precipitation volume is estimated using the marginal cumulative distribution function. The uniform
variables on the other duration intervals are then computed based on the fixed uniform variable and following the
algorithm outlined in Aas et al. (2009). Similar to the non‐conditional sampling from the C‐vine copula, the
simulated sample of the random variables X̃ is then estimated using the inverse of the empirical or fitted marginal
cumulative distribution functions, and corrected following Equation 15.

3.2. Constrained Micro‐Canonical Cascade Model

After simulating the precipitation intensities over different durations using the C‐vine copula, precipitation time
series were constructed using a constrained bounded micro‐canonical cascade model, which ensures that the
profiles align with the properties of the duration‐volume samples. This model builds on the micro‐canonical
cascade model introduced by Olsson (1998), which disaggregates precipitation amounts from a coarse time
step into finer time steps and preserves the precipitation amount exactly throughout the disaggregation process.
The precipitation in disaggregation level l is subdivided into b finer time steps in the disaggregation level l + 1,
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where b is the branching number. Micro‐canonical cascade models are
frequently used to temporally downscale precipitation time series for hy-
drological applications (e.g., Güntner et al., 2001; Müller & Haber-
landt, 2018; Müller‐Thomy, 2020). Here, we further develop the model and
introduce constraints derived from the duration‐volume samples, whose
validation is presented in Figure S2 of Supporting Information S1.

3.2.1. The Branching Structure

The branching structure of the constrained bounded micro‐canonical cascade
model is presented in Figure 3. Depending on the disaggregation level li, the
branching number takes values b = 2 or b = 3. Starting with a 360‐min
temporal resolution, the precipitation volume is successively subdivided
into smaller time increments of 180‐, 60‐, 30‐, and 10‐min intervals. The b= 3
splitting is required to achieve a final temporal resolution of 10 min. It was
implemented from temporal resolutions of 180 min to 60 min and from 30
min to 10 min. This allows the inclusion of intermediate temporal resolutions
that are commonly used for design purposes. During this disaggregation
process, precipitation is split according to weights W, which determine the
fraction of precipitation amount in the branches departing from a wet cell.

For branching number b = 2, the cascade model can have one of three states,
each associated with a specific probability of occurrence:

W1,W2 =

⎧⎪⎪⎨

⎪⎪⎩

1,0 with probability P(1,0)

0,1 with probability P(0,1)

x, 1 − x with probability P(x, 1 − x)

, (16)

whereW1 andW2 are the weights of the first and second branches respectively, and x is the relative fraction of the
precipitation volume that is assigned to the first of the two finer time steps when both finer time steps are wet. The
variable x is a random variable from a known probability distribution, with x ∈ [0, 1].

For branching number b = 3, the cascade model can assume one of seven states, each associated with a specific
probability of occurrence:

W1,W2,W3 =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1,0, 0 with probability P(1,0, 0)

0,1, 0 with probability P(0,1, 0)

0,0, 1 with probability P(0,0, 1)

x, 1 − x, 0 with probability P(x, 1 − x, 0)

x, 0, 1 − x with probability P(x, 0, 1 − x)

0,x, 1 − x with probability P(0,x, 1 − x)

x,y, 1 − x − y with probability P(x,y, 1 − x − y)

, (17)

whereW1,W2 andW3 are the weights of the first, second, and third branches respectively, x is the relative fraction
of the precipitation volume that is assigned to the first of the finer time steps that is wet, and y is the relative
fraction of the precipitation volume that is assigned to the second finer time steps when all finer time steps are wet.
The variable x is a random variable from a probability distribution and the variable y is a random variable from a
probability distribution of y conditioned on x, with x, y ∈ [0, 1].

The parameters of the cascade model are hence the probabilities of occurrence of the possible states and the
distributions of x and y. The parameters can be estimated by aggregating observed time series to the temporal
resolutions of the model. Here, a bounded cascade model is applied, in which the weights W depend on the

Figure 3. Disaggregation scheme of the constrained bounded micro‐
canonical cascade model. The dark blue color (as in the box of
disaggregation level l1) indicates the location of the constraining volumes in
each of the levels and lighter colors indicate smaller volumes, relative to the
constraining volume of each level. In the illustrated example, the
constraining volumes are V0 = 34 mm, V1 = 20.5 mm, V2 = 11.3 mm,
V3 = 6.1 mm, and V4 = 2.5 mm.
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disaggregation level. This allows the disaggregation process to become smoother with finer resolutions, and to
capture the different underlying processes across the range of temporal resolutions (Müller‐Thomy, 2020).

The empirical probability distributions of x are estimated separately for each disaggregation level using 14
equidistant bins (Müller‐Thomy, 2020). When b = 3, the empirical probability distributions of y are obtained by
binning the histograms of x into 7 equidistant intervals and estimating the empirical probability distribution of y
using 14 equidistant bins (Lisniak et al., 2013).

3.2.2. Constraining the Micro‐Canonical Cascade Model

The model is further developed to accommodate constraints from the duration‐volume samples obtained from the
vine copula. These samples contain the 10‐, 30‐, 60‐, 180‐ and 360‐min maximum precipitation volumes of the
design storm. Thus, the bounded micro‐canonical cascade model must be constrained such that the sampled
volumes occur at least once in each of the respective temporal resolutions. Hereafter, we will refer to the sampled
volumes as the “constraining volumes”, and to the process as “constraining the model.” By introducing these
constraints, this model is not fully stochastic anymore, similar to the model described in Müller‐Thomy (2020).

Constraining the lowest disaggregation level l1 is straightforward, as we simply assign the precipitation volume
sampled for the 360‐min duration to this level. For the higher disaggregation levels, we must first determine the
temporal location of the constraining volume. To do so, we distinguish between two cases; either the constraining
volumes are aligned between subsequent disaggregation levels, or they are not aligned. We consider constraining
volumes to be aligned if the constraining volume in level li+1 arises from the subdivision of the constraining
volume in level li. This is illustrated in Figure 3, where constraining volumes are aligned if they are connected by
an arrow between subsequent disaggregation levels (in the example from Figure 3, the constraining volumes are
thus aligned between disaggregation levels l1 and l2, as well as between l2 and l3, but not between l3 and l4, or
between l4 and l5).

To determine whether the constraining volumes are aligned, we must first verify that the non‐constraining vol-
umes allow misalignment, that is, that at least one non‐constraining volume in level li is higher than the con-
straining volume in li+1:

Mi+1 =∑ I(V∗
li >Vli+1)

V∗
li are the non‐constraining volumes of disaggregation level li and Vli+ 1

is the constraining volume of the level
li+1. If Mi+1 = 0, the constraining volumes cannot be misaligned, and therefore the constraining volume in level
li+1 must arise from the subdivision of the constraining volume in level li. If Mi+1 = 1, additional parameters
associated with the positioning of the constraining volume in level li+1 are introduced. These parameters describe
the probabilities of the constraining volume Vli+ 1

to be in any of the time steps in this level. Similarly to the
parameters of the bounded micro‐canonical cascade model, these parameters can be estimated by aggregating the
observed time series from the 537 events data set to the temporal resolutions of the model.

Here, the constraining volume positioning probabilities are estimated depending on the disaggregation level as
well as the position of the constraining volume in the previous disaggregation level. In the example from Figure 3,
M4 = 1 and the position probabilities for level l4 given that the Vl3 occurs in the second time step of level l3 are:
Ppos= {0.01, 0.28, 0.31, 0.33, 0.05, 0, 0, 0, 0, 0, 0.01, 0.01}. Hence, the probability of the constraining volume Vl4
to occur in the second time step of level l4, as shown in Figure 3, is 28%.

In either case, whether Mi+1 = 0 or Mi+1 = 1, and once the position of Vli+ 1
is known, the volume at level li that

generates the constraining volume Vli+ 1
can be identified, and the volumes in all time steps of level li+1 can be

estimated. First, the volume at level li that generates the constraining volume Vli+ 1
is subdivided. The state that the

model assumes is estimated depending on the relationship between Vli and Vli+ 1
. If Vli >Vli+ 1

, the following states
are not possible: {1,0} and {0,1} for b= 2, and {1, 0, 0}, {0, 1, 0} and {0, 0, 1} for b= 3. In that case, the relative
fractions of volume assigned to the finer time steps are sampled from their empirical probability distributions. If
Mi+1 = 0, the constraining volume Vli+ 1

is assigned to any of the highest fractions, and ifMi+1 = 1, the position of
Vli+ 1

is already known. For b = 2, or if b = 3 and one of the finer time steps is dry, the fraction of volume in the
other wet time step is simply 1 − Vli+ 1

/Vli. For b = 3 and all finer time steps are wet, the fraction y is sampled
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depending on x = Vli+ 1
/Vli. If Vli+ 1

= Vli, eitherMi+1 = 0, in which case we generate states until the weights are
a combination of 0 and 1, or Mi+1 = 1 and the position of Vli+ 1

is already known. Second, the volumes at level li
that do not generate the constraining volume Vli+ 1

are subdivided. This is done similarly to the bounded micro‐
canonical cascade model, except that no precipitation volume can exceed the constraining volume.

Lastly, the maximum 10‐, 30‐, 60‐, and 180‐min precipitation volumes are computed using a moving window
with a step size of 1. This operation is necessary to ensure that the maximum precipitation volumes over the
different duration intervals do not exceed the constraining volume. In the micro‐canonical cascade model, the
precipitation volumes from a coarse time step can be regarded as the moving window sum of the finer time step,
with the moving window size and step size equal to the branching number. In the disaggregation scheme from
Figure 3 and for a disaggregated precipitation event, the precipitation volumes at level l4 can hence be computed
by summing the precipitation volumes at level l5 by using a moving window with a window size of 3 and a step
size 3. Therefore, the actual maximum precipitation volumes over the different duration intervals must be
computed with a moving window with a window size of 3 and a step size 1. If this operation results in maximum
precipitation volumes that exceed the constraining volumes, the disaggregation of the event is disregarded and
repeated.

3.3. Euler Type II Design Storm Profiles

For comparison with design storm profiles used in engineering applications, we also implement the simulation of
an Euler Type II design storm profile based on the duration‐frequency samples from the vine copula. This type of
design storm is commonly used in several European countries for the planning of infrastructure. It is usually
constructed by following the entire IDF curve for a certain frequency (Figure 1). We will refer to the Euler Type II
design storm following the entire IDF curve as a “standard Euler Type II design storm”, and to the design storms
based on the duration‐frequency samples from the vine copula as “constrained Euler Type II design storms”
hereafter. Both design storms are similarly constructed, that is by sorting the precipitation intensities from the
largest to the smallest value and flipping the first one‐third of the sorted data (DWA‐A 118, 2006).

4. Case Study: Simulating Realistic Design Storms for the City of Zurich
4.1. Duration‐Frequency Dependencies

The structure of the C‐vine copula is first analyzed. In the observed precipitation data in Zurich, the 60‐min
interval precipitation volume exhibits the strongest pairwise dependencies with the other duration intervals, as
it has the highest ∑τd (Figure 4). The pairwise dependencies for the other durations decrease in the following
order: 30‐, 180‐, 10‐, and finally 360‐min intervals. The variable indexes of the C‐vine copula are thus i10 = 4,
i30 = 2, i60 = 1, i180 = 3, and i360 = 5.

Once the structure of the C‐vine copula is determined, the h‐functions are estimated, and the C‐vine copula is then
constructed. Numerical estimations of the h‐functions are shown in Figure S3 of Supporting Information S1.

4.1.1. Simulating Precipitation Intensities Over Different Durations Through Random Copula Sampling

The samples simulated from the C‐vine copula effectively capture the dependencies (Figure S4 in Supporting
Information S1), with envelopes of simulated samples similar to the ones of ranked observed data. Additionally,
the bivariate dependencies, as measured by Kendall's τ rank correlation coefficients, are overall well reproduced
by the C‐vine copula, with a mean absolute difference of 0.05. However, a few samples are beyond the physical
boundaries defined in Equation 8. This is rectified after applying the adjustment introduced in Equation 15, as
shown in Figure 4. After correction, the envelopes of simulated samples are similar to the ones of ranked observed
data and respect the boundaries of the physically infeasible region in the lower right corner of the scatter plots.
The bivariate dependencies slightly increase due to the correction, as the latter forces physically unfeasible
samples toward the secondary diagonal. Consequently, the histograms of simulated Kendall's τ rank correlation
coefficients related to the 180‐ and 360‐min volumes shift from being equal or lower than the observed Kendall's τ
in Figure S4 of Supporting Information S1 to being greater in Figure 4. The mean absolute difference between the
observed Kendall's τ and that of the corrected simulated samples is 0.06, with observed Kendall's τ rank corre-
lation coefficients falling outside of the 99% confidence intervals of τ from corrected simulated samples for the
pairs of 30‐ and 60‐min, 10‐ and 180‐min, 10‐ and 360‐min, 30‐ and 360‐min, and 60‐ and 360‐min. Nevertheless,
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the bounds of the 99% confidence intervals are close to the observed Kendall's τ rank correlation coefficients. The
absolute differences between the nearest 99% confidence bound of τ from the corrected simulated samples and τ
of observed data are 0.01, 0.00, 0.04, 0.01, and 0.01, respectively. We will refer to the corrected simulated
samples simply as simulated samples hereafter.

The simulated precipitation volumes are then derived from the uniform variables ũd and the inverse of the
marginal distributions ofX. Since the marginal distributions are not known, we fitted the Gamma and Lognormal
distributions. On average, the Gamma distribution yields a 1.5% higher loglikelihood than the Lognormal dis-
tributions. However, for higher precipitation volumes (above the 90th percentile), the Lognormal distribution
provides a better fit, with a loglikelihood on average 1.9% higher than that of the Gamma distribution.

Figure 4. Above the diagonal: scatter plots of the precipitation volumes on the 10‐, 30‐, 60‐, 180‐, and 360‐min duration intervals within one precipitation event,
comparing simulated samples after adjustment through Equation 15 (green) with the ranked observations (purple), both with a sample size of 537. Below the diagonal:
histograms of the pairwise Kendall's τ rank correlations based on 10,000 simulations, each with a sample size of 537. The 99% confidence interval bounds are shown by
dashed lines and the τ rank correlations of the observations are shown by the vertical purple lines. Along the diagonal: estimates of the observed pairwise dependencies
of each duration interval with the other duration intervals, following Equation 6.
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Considering that the higher precipitation volumes are the most critical ones for design storms, and that both
distributions achieve a good fit across the full range of precipitation volumes, we used the Lognormal distribution
to fit the margins. As discussed in Section 5, we regard the choice of distribution as a parameter, and the model
offers users the flexibility to select different statistical distributions in regions or for durations with distinct
precipitation distributions. The fitted density functions and cumulative probability functions are shown in Figure
S5 of Supporting Information S1. Figure 5 displays the simulated precipitation volumes X̃ʹ corresponding to the
sampled uniform variables shown in the scatter plots in Figure 4. The fitted marginal distributions effectively
reproduce both the frequently occurring volumes and the extreme values, matching the distribution of the
observed data (Figure S5 in Supporting Information S1).

Figure 5. Below and above the diagonal: scatter plots of observed (purple) and simulated (green) precipitation volumes. The simulated samples correspond to one
simulation with a sample size of 537. Lighter color shadings represent a higher density of the data. The red triangle and the red square indicate the precipitation volumes
used to derive the design storms labeled A and B in Figure 7. Along the diagonal: histograms of observed (purple) and simulated (green) precipitation volumes. The
simulated samples correspond to 10,000 simulations, each with a sample size of 537.
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4.1.2. Simulating Precipitation Intensities Over Different Durations Through Conditional Copula
Sampling

We have demonstrated that we can simulate precipitation intensities over different durations, based on random
sampling from the C‐vine copula. The simulated precipitation intensities thereby satisfy the duration‐frequency
dependencies of observed events (Figures 4 and 5). Another functionality of the model is to simulate precipitation
intensities over different durations, based on conditional sampling from the C‐vine copula. We present 100
random copula samples that meet specific conditions in Figure 6, pivoting on precipitation volumes over the 10‐
and 60‐min duration intervals for the 10‐year return period (and over the 360‐min interval in Figure S6 of
Supporting Information S1). This is achieved by carrying conditional sampling from the vine copula, conditioned
on user‐defined precipitation volume over a duration interval (here over the 10‐min and 60‐min intervals
respectively in Figures 6, and 360‐min interval in Figure S6 of Supporting Information S1). Duration‐frequency
profiles of observed events with similar characteristics are shown in Figure S7 of Supporting Information S1. The
simulated events present a variety of duration‐frequency profiles, similar to observed events. This variability
results in large confidence intervals, defined as the range between the 1st to 99th percentile, of the relative
difference of total storm volume between design storms adopting the entire IDF curve and 10,000 simulated
design storms following the presented methodology (Table 1). Most events have lower return periods on duration
intervals longer than the one from the duration‐frequency condition, that is on duration intervals longer than 10‐
and 60‐min, respectively (Figure 6). However, some events have higher return periods on longer duration in-
tervals, reaching up to 100‐year return periods in both cases. This translates to the negative values of the first

Figure 6. Copula samples for given duration‐frequency conditions: 10‐year return period for the 10‐min duration interval
(left), and 10‐year return period for the 60‐min duration interval (right). Sample sizes are 100. Darker colors indicate
overlapping lines.

Table 1
Mean (μ, in Bold in the Table), First Percentile (q1) and 99th Percentile (q99) of the Relative Difference (in %) of Total Storm
Volume Between Design Storms Adopting the Entire IDF Curve (Such as the CDS or the Standard Euler Type II Design
Storm, for Example) and 10′000 Design Storms Following the Presented Methodology, for Different Duration‐Frequency
Conditions (Following Similar Conditioning as in Figure 6)

5‐year 10‐year 20‐year 50‐year 100‐year

q1 μ q99 q1 μ q99 q1 μ q99 q1 μ q99 q1 μ q99

10 min − 32 42 66 − 13 48 62 − 2 52 62 16 56 61 23 56 59

30 min − 36 31 45 − 22 34 42 − 7 35 39 7 35 36 15 34 34

60 min − 42 26 36 − 22 30 34 − 2 31 32 16 30 30 20 29 29

180 min − 32 16 19 − 17 17 18 − 6 17 18 5 17 18 15 17 17

360 min 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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percentile of the relative difference in total storm volumes in Table 1. Importantly, contrary to the CDS or
standard Euler Type II design storms, none of the duration‐frequency profiles follow a single frequency on all
duration intervals (Figure 6, Figures S6 and S7 in Supporting Information S1). As a result, the 10‐year storms over
a 10‐min or over a 60‐min duration interval, as presented in Figure 6, have an average reduction in total storm
volume of 48% and 30% respectively (Table 1) compared to design storms following the entire IDF curve (such as
in the CDS or standard Euler type II design storm approach). The relative difference in total storm volume be-
tween design storms adopting the entire IDF curve and design storm from conditional vine copula samples is
largest for conditional return period of 50 years (Table 1). We can also notice that the relative difference in total
storm volume decreases when the conditional sampling is applied to longer duration intervals. This is expected as
the total storm volume is approximated by the storm volume on the 360‐min duration interval and that the
pairwise dependencies are largest for consecutive duration intervals than for non‐consecutive ones (Figure 3).
Therefore, as the pivoting condition is applied to durations closer to the 360‐min interval, its influence on the total
storm volume increases. The confidence intervals in Table 1 are further discussed in Section 5.

4.2. Design Storm Profiles Simulation

4.2.1. Simulating Design Storms With the Constrained Micro‐Canonical Cascade Model

Precipitation time series simulated using the constrained micro‐canonical cascade model are based on the copula‐
simulated precipitation volumes. The constrained bounded micro‐canonical cascade model can generate multiple
profiles of design storms for a single duration‐frequency data set. Figure 7 showcases randomly generated profiles
for two samples simulated by the copula; one with distributed precipitation volumes throughout the design storm
(design storm A) and another with an intense 10‐min burst (design storm B). The constraints applied to the
cascade model for design storm B result in similar profiles, whereas the constraints for design storm A allow for
greater flexibility, producing more varied shapes.

We validated the coupled vine‐copula and constrained bounded micro‐canonical cascade model by analyzing the
timing of peak volume, intermittency duration, and number of intermittencies within an event (Figure 8). Here,
intermittencies refer to dry spells, without any constraint of being bracketed by wet spells. We compared these
properties from the observed events with the ones from 10,000 precipitation profiles generated for each of the 537
copula samples shown in Figure 5. Simulated and observed precipitation profiles are front‐loaded (i.e., a greater
percentage of precipitation falls early in the event), with the 10‐min peak occurring within the first hour of the

Figure 7. Precipitation hyetographs generated using the precipitation volumes for design storms A and B presented in
Figure 5. The green lines show the profiles constructed using the constrained bounded micro‐canonical cascade model and
the black lines show the profiles constructed using the Euler Type II design storm guidelines.
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hyetograph in 53.6% of the observed events and, on average, in 51.2% of the simulated events (Figure 8a). The
constrained micro‐canonical cascade model slightly underestimates the occurrence of back‐loaded events, with
the 10‐min peak occurring within the second half of the event in 23.3% of observed events and, on average, in
18.0% of simulated events. Most intermittencies are short in both observed and simulated events, with in-
termittencies lasting for only 10‐min in 40.8% of the observed events and, on average, in 38.8% of the simulated
events (Figure 8b). Overall, the durations of the intermittencies are well captured by the constrained micro‐
canonical cascade model. The number of intermittencies per event is overestimated in the simulated events,
with on average 14.3% of simulated events showing no intermittency, while this proportion rises to 26.9% for
observed events (Figure 8c). Less than 1% of events have more than 9 intermittencies in the simulated and
observed events.

4.2.2. Simulating Constrained Euler Type II Design Storms

We also simulated the precipitation time series following the Euler Type II design storm construction guidelines,
using the randomly sampled precipitation volumes on the 10‐, 30‐, 60‐, 180‐, and 360‐min intervals. In this case,
only one precipitation profile can be generated per duration‐frequency sample, unlike the constrained micro‐
canonical cascade model, which allows multiple realizations. Figure 7 showcases the constrained Euler Type
II design storms for design storms A and B. For design stormA, with distributed precipitation volumes throughout
the design storm, the constrained Euler Type II design storm profile varies significantly from the ones generated
by the constrained micro‐canonical cascade model. Notably, the constrained Euler Type II design storm displays
no intermittency. For design storm B however, there is a high resemblance between the profiles generated using
the cascade model and the one following the Euler Type II design storm guidelines. This is due to the charac-
teristics of the constraining volumes, enforcing an intense 10‐min burst and almost no precipitation on the
remainder of the time series.

Figure 8. Validation of the coupled vine‐copula and constrained bounded micro‐canonical cascade model. Simulated events
are generated using the constraining volumes from the randomly copula‐sampled events. We generated 10,000 simulations,
each with a sample size of 537. (a) Histogram of peak volume location across disaggregation levels for simulated events
(green) and aggregated observed events (purple). Temporal resolutions of the disaggregation and aggregation levels
correspond to the width of the boxes (from top to bottom: from 180‐ to 10‐min). Shaded green boxes represent the 1st to 99th
percentile bounds of the 10,000 simulated data sets, and dotted green lines indicate the mean values. (b) Frequency of
intermittency durations within events. (c) Frequency of intermittency counts per event. In (b, c), shaded areas represent the
1st to 99th percentile bounds over the 10,000 simulated data sets, and the bold line indicates the mean value.
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5. Discussion
We propose a new method for generating design storms based on the co‐occurrence probabilities of multiple
return periods over different durations within a single precipitation event. The method is overall able to reproduce
the duration‐frequency dependencies within short‐duration precipitation events (Figures 4 and 5), and to satisfy
the physical constraint of Equation 8, thereby addressing the unrealistic sampling from parametric copula
(Grimaldi & Serinaldi, 2006). This is achieved through the use of non‐parametric copulas that can capture the
observed asymmetric dependencies arising from the fact that precipitation volumes on lower duration intervals
can not exceed those from longer duration intervals (Figure S4 in Supporting Information S1), and through the
correction from Equation 15. Unlike the current applications of most design storms, the method explicitly ac-
counts for the range of possible return period co‐occurrences over different durations. Additionally, a key aim of
the study was to propose a reproducible and usable method for stakeholders, as highlighted inWright et al. (2021).
As such, the micro‐canonical cascade model was chosen for deriving the precipitation time series not only due to
its ability to conserve precipitation volume throughout the disaggregation process but also for its simplicity, its
ease of parametrization, and the ease of application of the constraining volumes across different durations. The
model is fast as it takes less than 0.01 s using a regular computer to generate a storm using the proposed coupled
vine copula and constrained micro‐canonical cascade model. We also propose the Euler Type II design storm
profile as an alternative to the micro‐canonical cascade model. Although this type of design storm does not
reproduce the characteristics of the observed events, mainly in terms of intermittency, it follows engineering
guidelines used in various European countries.

We use the 10‐, 30‐ 60‐, 180‐, and 360‐min intervals as these durations are commonly used to analyze convective
precipitation events (Derx et al., 2023; Fowler et al., 2021; Peleg et al., 2024; Villalobos Herrera et al., 2024).
They effectively capture the dynamics of the entire 6‐hr precipitation profile by covering various durations
throughout the storm and cover a period during which the majority of intense short‐duration precipitation events
occur (Huff, 1975; Visser et al., 2023). Additionally, the time of concentration is typically used to determine the
total duration of the design storm in urban drainage design as it ensures that the design storm is long enough for
the precipitation from the whole catchment to contribute to the flow in the system (Grimaldi & Serinaldi, 2006;
Keifer & Chu, 1957), and this time is typically shorter than 6 hr for urban catchments (Arnbjerg‐Nielsen
et al., 2013; Chow et al., 1988). Furthermore, the selected durations allow straightforward application of the
micro‐canonical cascade model with branching b = 2 and b = 3. Nevertheless, the presented methodology allows
for a flexible number of duration intervals and could also be applied for different duration intervals, namely if
observed data are available at different temporal resolutions or if the time of concentration is longer than 6 hr.
However, the dependencies between durations approach zero as the duration difference increases, with a rank
correlation close to zero for the 360‐ and 10‐min duration intervals (Figure 4). Thus, using duration intervals that
have large differences, and possibly represent extremes from different storm types (e.g., 1 hr for convective
storms and 48 hr for large synoptic‐scale storms), is unlikely to yield additional information with respect to a
standard univariate approach.

We analyze the effect of the observation data sample size in Figure S8 of Supporting Information S1, by
comparing the IDF curves of samples representing 20‐year to 124‐year of data, obtained from bootstrapping of the
observed data. The 1st to 99th percentile confidence interval of the IDF curves remains almost constant for
observation data sample sizes from 40‐ to 124‐year. Thus, the three climate stations from Zurich independently
maintain this data (42 years of observations) without requiring pooling. The analysis of record length implies that,
for applications using similar temporal scales as in this study, single climate stations may possess sufficient
information to extract the IDF curves. Furthermore, our data sample consists of 537 events, which is larger than
the ones from studies using similar copula‐based approaches to evaluate the joint probability of precipitation
characteristics in sub‐daily events (e.g., Fontanazza et al. (2011) and Grimaldi and Serinaldi (2006) used 144 and
70 events, respectively). The model is inherently sensitive to the number of samples available, and the effect of
sample size on the observed and simulated Kendall's τ correlation coefficients is displayed in Figures S9–S11 of
Supporting Information S1. Lastly, our analysis was based only on the 360‐min interval with maximum pre-
cipitation. We have evaluated the statistics of events in which the maximum 10‐, 30‐, 60‐, and 180‐min pre-
cipitation volumes of an event do not fall within the maximum 360‐min precipitation volume interval. This is the
case for 25 events in the data set, among which only 5 events have a lower return period on the 360‐min pre-
cipitation volume interval than on the other intervals. Additionally, these events have relatively short return
periods of 2 years or less. Therefore, performing the analysis only on the maximum 360‐min precipitation volume
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interval does not exclude any extreme event. This might however not be the case in different climates, where the
time windows of maximum 360‐min precipitation volumes might not usually coincide with the time windows of
shorter‐duration maximum precipitation volumes (e.g., Villalobos Herrera et al., 2024).

We also analyze the confidence interval presented in Table 1, and how it evolves with sample size (Figure S12 in
Supporting Information S1). The confidence interval is defined as the range between the 1st and 99th percentiles
of the relative difference of total storm volume between design storms adopting the entire IDF curve (e.g., CDS or
standard Euler type II design storm) and design storms with conditional constraining volume sampled from the
copula. We find that the confidence interval is larger for lower conditional return periods (e.g., the confidence
interval is larger for a 10‐min, 5‐year constraining volume than for a 10‐min, 100‐year constraining volume,
Table 1). Additionally, the confidence interval is larger when the conditional sampling is applied to lower du-
rations than when it is applied over longer durations (e.g., the confidence interval is higher for a 10‐min, 5‐year
constraining volume than for a 60‐min, 5‐year constraining volume). When the conditional return period is lower
than or equal to 20 years, the total storm volume of the simulated design storms can be either lower than (positive
values in Table 1), higher than (negative values in Table 1), or equal to the total storm volume of design storms
following the entire IDF curve. For conditional return periods larger than 20 years, the total storm volumes of the
simulated design storms never exceed the volumes of design storms following the entire IDF curve. Regardless of
the conditional return period and of the duration on which the condition is applied (except for the 360‐min
duration interval), the variability in possible duration‐frequency samples indicates that a range of design storm
events should ideally be used to ensure a robust risk assessment. In Figure S12 of Supporting Information S1, we
analyze how the confidence interval evolves with sample size by showing the mean, 1st quartile, and 3rd quartile
of the confidence interval size for 100 realizations and for sample sizes ranging from 10 to 10,000. We find that
the mean confidence interval over 100 realizations remains fairly constant for sample sizes from 100 to 10,000,
regardless of the applied conditional sampling. This suggests that a sample size of 100 design storms would allow
capturing the range of variability.

To estimate the effect of different marginal distributions of precipitation on the vine copula outputs, we applied
the Gamma and Lognormal distributions as they are widely used in precipitation modeling (Liu et al., 2011). The
choice of marginal distribution is viewed as a parameter defined by the user. In regions with distinct precipitation
characteristics, other statistical distributions that better fit the precipitation patterns can be selected. The marginal
distributions of precipitation volumes may also vary across different durations if their associated volumes follow
distinct distributions. Alternatively, the empirical marginal distributions can be used, but these would prevent the
sampling of precipitation volumes beyond the maximum record in the observations. A hybrid approach
combining parametric and empirical distributions may also be considered (Bevacqua et al., 2017).

We have adopted an IDF curve estimation based on the univariate statistical analysis of the precipitation events.
Recognizing the complexity of precipitation events and the intra‐event intensity relations highlights that this
definition of the IDF curve has some limitations. However, considering its simplicity, its wide use, and that the
results of this study were derived based on the marginal distribution and joint probabilities related to the pre-
cipitation volumes only, this shortcoming does not influence the proposed methodology.

Recent research has demonstrated that design infrastructure standards are challenged by the conventional sam-
pling of design storm statistics, which assumes stationarity in precipitation events. This is partly due to the
intensification of extreme precipitation events under a changing climate (Ebers et al., 2024; Lopez‐Cantu &
Samaras, 2018; Peleg et al., 2022; Wright et al., 2021). In response, methods for estimating nonstationary IDF
estimates have been developed (Cheng & AghaKouchak, 2014; Marra et al., 2024; B. Zhang et al., 2022). These
approaches could be combined with the presented method to adjust precipitation intensities for future climate
conditions. A similar framework was applied by Peleg et al. (2024), where the CDS was re‐parameterized for
climate change by estimating future IDF curves using the TENAX model, which incorporates temperature as a
covariate to project the changes in extreme sub‐hourly precipitations. Along with precipitation intensities, the
temporal distribution of precipitation within storms has been recognized as having a large impact on flood hazards
and as being influenced by climate change (Hettiarachchi et al., 2018; Nathan et al., 2016; Villalobos Herrera
et al., 2024; Visser et al., 2023). Consequently, the joint return period occurrence within precipitation events and
the parameters of the constrained micro‐canonical cascade model could change in the future. This should be
explored in future research.
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The model's code presented here is open‐access, easy to implement, and user‐friendly. This resource could be
valuable for engineering companies and practitioners as it offers an opportunity for deriving new design storm
profiles to supersede the current oversimplified design storm derivation methods, such as block methods. By
accounting for the observed return period co‐occurrences, the model can help mitigate the risk of under‐ or
overestimation in flood hazard evaluation, ultimately leading to improved flood risk management.

6. Conclusion
We have presented a new method, based on vine copula and micro‐canonical cascade model, for generating
design storms that account for the co‐occurrence of multiple return periods over different durations within a
precipitation event. The simulated precipitation events reproduce observed duration‐frequency dependencies,
providing a more realistic approach than traditional design storm models. Using data from multiple stations in the
city of Zurich, we demonstrated the model's capabilities and discussed its limitations and potential development in
the future. The model's flexibility allows for application to user‐defined precipitation durations, and the use of a
non‐parametric copula can capture various dependencies. Along with the source code, we provide an example of
how the model can be used.

Data Availability Statement
The model codes, with the embedded example of precipitation for the city of Zurich presented above, are made
freely accessible on a Zenodo repository (Cache, 2025). The model was implemented in MATLAB R2020b.
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