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This paper presents a novel framework for simulating sub-daily rainfall time series in the absence of sub-daily
observations, which are typically essential for calibrating conventional approaches. The proposed approach
combines two classes of models: a daily rainfall model that generates long synthetic daily time series and a
disaggregation model based on multifractal theory to refine the temporal resolution to sub-daily scales. The
implemented procedure is parsimonious and relies solely on the observed daily rainfall time series and the power
law exponent n of the intensity—duration-frequency curves, information widely available to practitioners.

The framework was tested on a challenging case study consisting of 70 rain gauges in the Arno River basin
(Italy), each with 20 years of continuous 15-minute rainfall data. The performance was evaluated by comparing
key statistical attributes estimated from the benchmark dataset and the simulated rainfall time series at 15-min-
ute temporal resolution, such as the dry frequency, the autocorrelation at lags 1 and 10, and the dependence of
rainfall intensity on the duration of spatial averaging and return period as embodied in the well-established
notion of intensity—duration—frequency (IDF) curves.

The results show promising agreement, despite the limited sample size, which introduces some calibration
challenges. The relative errors of the selected attributes fall within + 15% for most of the analyzed time series,
indicating that the framework offers a valuable alternative for hydrological studies, particularly in contexts
where sub-daily observations are scarce or entirely absent.

1. Introduction

Accurate simulation of sub-daily rainfall time series is a critical
requirement for a wide range of hydrological and climate applications,
including flood frequency analysis, infrastructure design, and water
resource management (Volpi et al., 2024; Fisher et al., 2025). These
applications require long observed time series. As such data are often
unavailable, synthetic series—potentially spanning several millennia-
—are used as an alternative to better capture the full range of variability
inherent in rainfall processes. However, existing sub-daily rainfall
simulation models commonly found in the literature require high-
resolution calibration data (Pui et al., 2012; Beven, 2021; Grimaldi
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et al., 2022; Northrop, 2024). Alternative strategies have been proposed
to bridge the scale gap between daily and sub-daily rainfall, including
multifractal and universal multifractal formulations that exploit the
scaling properties of rainfall processes (e.g., Gires et al., 2020), as well as
point-process based models developed for sub-hourly rainfall generation
(e.g., Park et al., 2021). Nevertheless, most of these approaches either
rely on fine-scale observations for calibration or operate under as-
sumptions that differ from the specific objective addressed here. More-
over, when high-resolution datasets are available, they are typically
limited to 10-30 years of observations, which may not adequately
capture the full physical variability inherent in the rainfall process.

In contrast, hydrologists generally have access to much longer
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continuous daily rainfall datasets, spanning 50-100 years, as well as
maximum annual rainfall, non-continuous, records over various dura-
tions (e.g., 1, 3, 6, 12, and 24 h). These datasets form the backbone of
key hydrological tools, such as intensity—duration-frequency (IDF)
curves, which are essential for flood analysis and infrastructure planning
(Koutsoyiannis, 2022). Given their availability and informativeness,
leveraging daily rainfall time series and IDF curves presents a promising
avenue for simulating sub-daily rainfall processes.

This study introduces an innovative framework for simulating sub-
daily rainfall time series without requiring continuous sub-daily obser-
vational data for calibration. The proposed approach combines a daily
rainfall simulation model with a multifractal disaggregation scheme.
Specifically, the daily simulation model is calibrated using observed
daily rainfall data, while the disaggregation process employs a parsi-
monious procedure based on IDF curves. By eliminating the need of sub-
daily continuous-time observations, this framework significantly
broadens its applicability, particularly in regions where high-resolution
rainfall data are scarce or unavailable. This approach not only addresses
the limitations of existing models — due to limited calibration informa-
tion — but also offers a versatile tool for hydrological and climate
modeling across diverse geographical and climatic contexts.

For the simulation of daily rainfall time series, we adopt CoSMoS-2s
(Papalexiou, 2022), a two-state intermittent model within the broader
CoSMoS (Complete Stochastic Modelling System; Papalexiou, 2018).
CoSMoS provides a general stochastic architecture for simulating
hydroclimatic variables via explicit separation of marginal and depen-
dence components, and has been extended to multisite and space-time
random field settings (Papalexiou et al., 2021a, 2023). Open-source
implementations are available in R (Papalexiou et al., 2021b) and Py-
thon (Cappelli et al., 2024). CoSMoS-2s reproduces rainfall intermit-
tency while preserving the prescribed marginal distribution and
autocorrelation structure at the daily scale. The model is selected for its
flexibility and modular design, which allows transparent configuration
of its components.

As for the disaggregation model we refer to the multiplicative
cascade model based on multifractal theory. It relies on the assumption
that the rainfall process shows scale-invariant behavior over a finite
range of temporal scales relevant to hydrologic applications, utilizing a
straightforward theoretical approximation of the IDF curves (Langousis
et al. 2009). We opted for this model since the multifractal approach is
centred on the scale-invariant behaviour of IDF curves.

In this contribution, we assess the proposed framework using a large
dataset collected from 70 raingauges within the Arno River basin,
located in Central Italy. Previous research (Cappelli et al., 2025a; Cap-
pelli et al., n.d.) has evaluated the performance of the two individual
models implemented and tested on the same dataset. In the following
sections, we focus on assessing the performance of the entire framework,
which combines the two individual models into a unified approach.

The manuscript is structured as follows. Section 2 introduces the
concept of the proposed framework and provides a brief review of the
theoretical background of the two models. Section 3 describes the
testing strategy and presents the results obtained for a single case study.
The section also summarizes the overall performance across the full set
of 70 raingauges. Section 4 discusses the impact of sample size and
highlights the advantages of simulating long daily time series, supported
by an analysis of parameter behavior. Section 5 concludes with a sum-
mary of the key findings and outlines potential future research
directions.

2. The framework for simulating sub-daily rainfall time series
from daily observations

As stated in the introduction, currently available models for simu-
lating sub-daily rainfall time series require continuous sub-daily obser-
vations for calibration. The proposed framework aims to overcome this
crucial limitation by combining two approaches, i.e. a daily rainfall
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generator (CoSMoS-2s) and a multifractal disaggregation model (MRC),
as illustrated in Fig. 1. The minimal required inputs for applying the
framework (shown in blue in Fig. 1) are the observed daily time series
and the power law exponent n of the IDF curves.

By calibrating the COSMOS-2s model using the available daily ob-
servations, it is possible to generate synthetic daily rainfall time series.
Subsequently, using the power law exponent n of the intensi-
ty—duration—frequency curves, the multifractal disaggregation model is
calibrated, enabling the transformation of the synthetic daily time series
into synthetic sub-daily rainfall time series, which represent the final
output of the framework.

In the following sub-sections, a brief overview of the two combined
modeling procedures is provided, with particular attention to the
parsimonious calibration of the multifractal disaggregation model,
which was only recently introduced (Cappelli et al. 2025a).

2.1. Daily rainfall model simulation

In the univariate CoSMoS-2s implementation (Fig. 2), rainfall gen-
eration is represented through two coupled processes: a binary wet/dry
process and a continuous rainfall intensity process, each modeled
separately with Gaussian parent autoregressive formulations. In the
present study, CoSMoS-2s is configured using sample autocorrelation
coefficients to specify the dependence structure, as described below.

For the wet/dry process, the steps are as follows: (1) The rainfall
record is transformed into a binary sequence, where wet days are
assigned the value 1 and dry days 0. (2) Sample autocorrelations are
computed separately for each seasonal period. (3) The sample binary
autocorrelation coefficients pg(r), estimated from the observed time
series, are transformed into their parent Gaussian equivalent p,;(7)
using the closed-form correlation transformation function for binary
processes p,p(7) =1—(1 —pp(r))% the parameter c,, is obtained
analytically as a function of py following Papalexiou (2022). (4) A
Gaussian AR(2) model is then employed to reproduce reproduce
explicitly the first two autocorrelation lags. (5) Daily probabilities of
zero rainfall are estimated for each seasonal period. (6) The simulated
Gaussian series is converted into binary wet/dry states by thresholding
according to the seasonal probability of zero rainfall py; specifically, if ®
(Z:) < po (where @ is the standard normal CDF and Z; the simulated
Gaussian value), the day is classified as dry, otherwise as wet (section 6
in Papalexiou, 2022).

For the rainfall intensity process, a conditional sequence is applied:
(1) means and standard deviations of nonzero daily rainfall are esti-
mated on a seasonal period basis; (2) Gamma distributions parameter-
ized by these seasonal patterns are fitted to represent the marginal
behavior (any other distribution can be used); (3) sample conditional
Spearman autocorrelation coefficients are estimated for each seasonal
period considering sequences only of wet days (using the same rationale
as in Eq. 22 in Papalexiou, 2022); (4) these sample conditional auto-
correlation coefficients pg(7) are transformed into their parent Gaussian
equivalents p,4(7) via the closed-form correlation transformation func-
tion pyg(r) = 2sin(x/6pg(r) ) (see also Fig. 2); (5) a Gaussian AR(2)
model is then used to reproduce the temporal dependence of nonzero
rainfall; and (6) the simulated Gaussian series are mapped back into
rainfall intensities through the inverse of the fitted Gamma distributions.

Finally, the binary wet/dry simulations are combined with the
rainfall intensity simulations to produce synthetic rainfall series that
preserve the marginal properties and temporal autocorrelations
observed in the data. Further methodological details are provided in
Papalexiou 2018, 2022.

2.2. Sub-daily multifractal disaggregation cascade model

In the proposed framework we include the modelling approach
developed in Cappelli et al. (2025a and 2025b), which relies on a simple
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Fig. 1. The proposed framework scheme. In blue, the necessary input information; in green, the modelling steps; in red, the model output. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. The CoSMoS-2s framework for a single daily precipitation time series.

analytical approximation to the Intensity-Duration-Frequency (IDF)
curves based on multifractal theory (see Langousis et al., 2009). Ac-
cording to Cappelli et al. (2025a and 2025b), the average rainfall in-
tensity over duration d, Iz, is approximated by a stationary beta-

lognormal multifractal process and subsequently modeled using a
discrete binary (multiplicity m = 2) multiplicative random cascade
(MRC) with beta-lognormal generator. The latter results as the product
of two independent random factors. The first factor Agp,—» is equal to 0
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or 1 with probability 1-2-% and 2%, respectively, and is used to
model the alternation of wet and dry intervals. The second factor,
AN m=2, which describes the intensity of the fluctuations inside wet in-
tervals, follows a lognormal distribution with log-mean ma,, , =

(Cp—Cy)In2, Oanns =  2CinIn2; e
InA;nm—2 N[(Cs—Cin)In2,2C;yIn2]. The parameters Cy and Cpy are
non-negative and satisfy the condition C; +Ciy < 1 (see, e.g., Langousis
and Veneziano, 2007). Disaggregation by the MRC model requires the
estimation of three parameters, i.e. Cy that controls the fraction of dry
periods, Cry that controls the amplitude of the multiplicative fluctua-
tions when it rains, and D the maximum temporal scale up to which
multifractal scale invariance holds. The aforementioned parameters
specify the log-log slope and spacing of the multifractal IDF curves, and
can be obtained by properly fitting (see Cappelli et al., 2025a, and Fig. 3
for an illustration and Section 3.1 below) the multifractal analytical
approximation to empirically derived IDF curves in the form (see e.g.
Veneziano et al., 2007; Tyralis and Langousis, 2019; Emmanouil et al.,
2020):

and  log-variance

igr = a(T)d"* ¢8)

where ijr [mm/h] is the rainfall intensity over duration d [h] with re-
turn period T [yr], n [-] is a positive constant with 0 < n < 1, and a(T)
[mm/h"] is a function independent of d. After the parameters of the MRC
model have been estimated, disaggregation of daily rainfall rates pro-
ceeds utilizing the cascade version described in Cappelli et al. (2025b)
that preserves exactly the O-level (i.e. daily) rainfall averages.

3. Illustrative example

In this section, we outline the strategy adopted to evaluate the per-
formance of the proposed framework. To this aim, the analysis relies on
a comprehensive rainfall database specifically assembled for testing and
comparing different rainfall models. This dataset was built using rainfall
observations from a dense raingauge network operating in the Arno
river basin, located in Central Italy (see Fig. 4 for a geographical refer-
ence). Out of 123 available stations, 70 were selected, as a benchmark,
based on their completeness and data quality, ensuring continuous and
contemporaneous observations at a 15-minute resolution with minimal
data gaps over a 20-year period. These time series were already used in
previous studies to test the individual models included in this frame-
work. Readers can refer to Cappelli et al. (2025b) for a detailed
description of the selected dataset.

In the following Sections the performance evaluation of the coupled
framework depicted in Fig. 1 is presented in two parts. In Section 3.1, we
conduct a detailed analysis focusing on a single raingauge while in
Section 3.2, we extend the analysis to all 70 selected time series,
providing a broader view of the framework’s performance across the
entire dataset.

Journal of Hydrology 675 (2026) 135660

z(mas.l.)
1600

44t
» ¢ 1400

439+ : 2 .
4385 &2 1 1200
437 G . 1
3 < 1000
436+ ]

lat

4351 i . 1 800

4341 e " > 4 | 4600
433} 3 % C oy

U Y | B 400
4321 5 9 d
200

431 B

43c 1

10.8 1" 1.2 1.4 1.6 1.8 12
lon

L L

104 106
Fig. 4. Geographic distribution of the 70 selected rainfall time series (black

dots) of the Arno River basin, Central Italy (
Adapted from Fig. 2 of Cappelli et al., 2025b).

3.1. Single case study results

The aim is to present the steps involved in applying the proposed
framework to a single rain gauge time series, including detailed exam-
ples. Fig. 5 illustrates the key properties of the selected series (Fig. 5a):
the seasonal empirical Spearman autocorrelation structure (Fig. 5b), and
the empirical cumulative distribution function of rainfall depth for the
four seasons (Fig. 5c¢).

In Fig. 5b we observe that Spring (green dots) and Winter (purple
dots) exhibit higher short-term memory compared to Autumn (orange
dots) and Summer. From the ECDF plot of rainfall depths (Fig. 5c),
Summer exhibits low rainfall depths, whereas Winter, Autumn and
Spring display higher exceedance probabilities of heavier rainfall.

The original 15-minute resolution data, used here as a benchmark for
the case study, were aggregated to daily time series. These upscaled data
were then used to estimate the parameters of both model components.
Finally, the proposed two-step nested framework was applied: a syn-
thetic daily time series was first generated using COSMOS-2s, then dis-
aggregated back to 15-minute resolution to simulate 2,000 years of
rainfall at the final temporal scale.

As illustrated in Fig. 1, the first step consists of calibrating the
CoSMoS-2s model. To account for seasonality (see Section 2.1), the time
series was divided into four periods—Winter, Spring, Summer, and
Autumn. This strategy mitigates both sample size limitations and risks of
over-parameterization by pooling data within each season.

Based on this seasonal grouping, several candidate distributions
were fitted separately for each season to ensure consistency in param-
eterization. Among these, the Gamma distribution provided the best fit.
The fitting was performed numerically by optimizing the distribution
parameters to minimize the distance between the empirical and

DAILY RAINFALL .| MEAN RAINFALL
TIME SERIES " INTENSITY
A
\ 4
IDF EXPONENT n N a | GEV
igr = a(T)am?! COEFF FITTING
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v

Fig. 3. Multifractal disaggregation model parsimonious calibration procedure. In blue, the required input information; in green, the modelling steps; in red, the
model output. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Raingauge TOS01000861: (a) observed daily rainfall time series, and related (b) empirical Spearman autocorrelation structure (ACS) by season, (c) empirical
cumulative distribution function (ECDF) by season, (d) 20-year daily simulated rainfall time series, and related (e) empirical Spearman ACS by season, and (f)

empirical ECDF by season.

theoretical cumulative distribution functions of daily rainfall records. To
further assess adequacy, we examined the behavior of the fitted distri-
bution in the tails, as a good fit in the central range may conceal dis-
crepancies at the extremes, which are particularly relevant in
hydrological applications. Specifically, Fig. 6 compares the Gamma
distribution fitted to non-zero daily rainfall depths with the corre-
sponding empirical distribution for the four seasons in terms of ex-
ceedance probability. The fits are satisfactory across all seasons.

With respect to the autocorrelation structure, we adopted an
empirical approach whereby the first three sample autocorrelation co-
efficients are directly estimated from the observed time series. No
theoretical autocorrelation function is fitted. The AR(2) model is con-
structed to reproduce the first two lags explicitly, while the third lag is
used as a consistency check rather than being imposed. Since the daily
rainfall time series exhibits weak autocorrelation beyond short lags,
setting p = 2 is sufficient to capture the dominant short-term depen-
dence while avoiding unnecessary parameterization.

The parameters of the Gamma distribution and the autocorrelation
structure of the binary and continuous time series (Table 1) reveal clear
seasonal differences. Specifically (Table 1, left panel), Autumn exhibits a
highly skewed distribution, likely due to the combination of many days

with low precipitation and the occurrence of more intense events.
Winter also shows a skewed distribution, though with moderate but less
extreme rainfall compared to Autumn, while Spring and Summer display
slightly less skewed distributions.

Regarding the autocorrelation structure, the ACS coefficients of the
binary time series at lag 1 (Table 1, right panel) are relatively high
across all seasons, particularly in Spring (0.40) and Winter (0.35),
indicating that rainfall tends to recur on consecutive days. In Summer
and Autumn, the values at lag 1 are slightly lower (~0.32), suggesting
greater daily variability in rainfall occurrence. As expected, autocorre-
lations decrease progressively at longer lags in all seasons.

Based on the fitted parameters reported in Table 1, a 2,000-year long
daily time series was stochastically simulated. The resulting series
(Fig. 5d) exhibits more intense rainfall events compared to the observed
data—an expected outcome, given that a 2,000-year simulation is more
likely to encompass rare or extreme rainfall episodes. Both the simulated
and observed series share a similar autocorrelation behavior: a steep
decline at the first lag and values nearing zero after just a few lags.
However, the observed series shows slightly stronger seasonal vari-
ability at lag 1. Additional details concerning the CoSMoS-2s imple-
mentation and performance evaluation are provided in Cappelli et al. (in
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Fig. 6. The Gamma fitted distribution to nonzero daily rainfall depths compared with the empirical distribution for the four seasons in terms of exceedance

probability (1-CDF).
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Table 1
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Gamma parameter estimates after calibration and the Spearman’s ACS coefficients (pg(1), ps(2) and pg(3)) of the Binary and Continuous time series.

Season Gamma Parameters Binary TS Continuous TS
Shape Scale ps(1) ps(2) ps(3) ps(1) ps(2) ps(3)
Winter 0.40 12.92 0.35 0.20 0.13 0.21 0.09 0.12
Spring 0.55 10.91 0.40 0.22 0.15 0.09 0.04 0.01
Summer 0.55 11.59 0.32 0.15 0.07 —0.07 —0.04 0.04
Autumn 0.37 21.44 0.32 0.22 0.13 0.12 0.14 0.07
review). series (2,000 years). For T = 2 and 10 years, the simulation replicates the

Based on the fitted parameters, the simulated 2,000-year daily time
series is then used as input for the multifractal disaggregation model (i.
e., the multiplicative random cascade described in Section 2.2), together
with the exponent n estimated from the benchmark series at 15-minute
resolution.

The first step of the disaggregation procedure (Fig. 3) involves esti-
mation of the MRC parameters based on available data. For this purpose,
the exponent n of the empirical IDF curves (assumed known a priori in
practical applications) is here estimated by best fitting Equation (1) (see
also Equation (7) in Cappelli et al., 2025a) to the annual maxima ob-
tained after averaging the historical series to various durations of tem-
poral averaging. Then, a Generalized Extreme Value (GEV) distribution
model is fitted to the a values estimated on the daily rainfall maxima
(inverting the Eq. (1) extracted from the historical rainfall series, and the
estimated GEV parameters are used to obtain the a(T) function; see
Equation (1) herein and Equation (6) in Cappelli et al. (2025a). As a final
step, the empirical (Equation (1) and theoretical (multifractal; Equation
(1) in Cappelli et al., 2025b, and Equation (4) in Cappelli et al., 2025a)
IDF curves for selected return periods (T) are matched (Fig. 7) to infer
the parameters C; and Cpy of the MRC model. In Fig. 7a, the match
between theoretical (red) and empirical (black) IDF curves is shown for
T =2,4,6, 8, and 10 years—note that the calibration range is limited by
the length of the observed record. Due to the statistical scaling nature of
the cascade model, the agreement between observed and theoretical
curves is excellent (see also the objective function values in Fig. 7b).

Once these parameters are calibrated (summarized in Fig. 7b), the
multiplicative random cascade is applied to disaggregate the synthetic
daily series down to the desired sub-daily resolution—set in this case to
match that of the observed data.

To evaluate the 2,000-year synthetic 15-minute rainfall series, we
compare its main statistical properties against the observed 15-minute
benchmark data. The comparison focuses on five key metrics: the IDF
curves, autocorrelation structure, marginal distribution of 15-minute
rainfall depth (return period-rainfall amount relationship), the expo-
nent n, and the dry-interval frequency (percentage of dry intervals).

Fig. 8 presents the IDF comparison for four return periods (2, 5, 10,
and 20 years). We emphasize lower return periods, as the benchmark
dataset spans only 20 years. The figure contrasts the IDF curves derived
from the benchmark series (20 years) with those from the synthetic

-
o
o

theoretical behavior calibrated from the observed data. The remaining
panels display results for return periods not used during calibration, and
even there, the framework achieves good agreement with the bench-
mark. This agreement is critical, as IDF curves reflect rainfall charac-
teristics closely tied to flood generation and the realism of simulated
runoff time series.

Fig. 9a compares the autocorrelation structures. The disaggregation
model effectively preserves the observed features, although it exhibits a
slight general underestimation. Fig. 9b illustrates the 15-minute rainfall
accumulation as a function of return period. Despite the limited sample
size, the synthetic and observed time series display remarkable simi-
larity, including in the upper tail of the distribution.

A comparison between the exponent n—which represents the slope
of the intensity—duration—frequency (IDF) curves—and the dry-interval
frequency (estimated on wet days) reveals a close agreement between
observed and simulated data. The exponent derived from the 2,000-year
synthetic series (n = 0.246) shows a slight overestimation compared
with the value obtained from the 20-year observed record (n = 0.235).
In contrast, the frequency of dry intervals is almost identical in the two
datasets, with 89.6% for the observed series and 89.2% for the simula-
tion. This strong correspondence confirms the model’s ability to accu-
rately reproduce the intermittency and the proportion of dry intervals
characteristic of the observed rainfall time series.

In addition, Fig. 10 compares the dry-interval frequency (dry-fre-
quency) at various temporal aggregation scales for both the observed
and simulated series. The time scales analyzed include 15 min, 30 min,
1h,3h,6h,12h,1d,3d,5d, and 7 d. As expected, dry-frequency
naturally declines as the aggregation scale increases, since longer in-
tervals are less likely to remain completely dry (i.e., they are more likely
to include precipitation within them).

At finer scales (15 min to 1 h), the synthetic and observed series
nearly overlap, indicating the model accurately reproduces the fre-
quency of dry periods at high resolution. At coarser scales (3 h and
above), the simulation slightly overestimates dry-frequency compared
to observations, with the difference increasing to approximately 7-10%
at daily to weekly scales. Nonetheless, this modest bias remains well
within acceptable limits for hydrologic applications, underscoring the
model’s robust capability in reproducing dry interval intermittency and
scaling behavior across temporal resolutions.

a) b) Input-Output calibration parameters

. GEV-location (mm) 26.16
E, 30 GEV-scale (mm) 6.17
< GEV-shape (-) -0.19
§ Mean annual rainfall intensity (mm/h) 0.103
5 10 n-value (-) 0.235
= Cv () 0.615
& Ca 0.019
: D (h) 168.99

10 30 100 300 Objective function value (mm?h?) 4.41

Duration (h)

Fig. 7. Multiplicative random cascade model calibration. a) comparison among theoretical (Eq. (1)) and empirical (Eq. (2)) IDFs referring to Return Periods 2, 4, 6, 8,
10 years; b) Input parameter (GEV-location, GEV-scale, GEV-shape, Mean annual rainfall intensity, n value) and Output parameters (Cy, Crn, D) with the objective
function value resulting from the optimization.
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Fig. 10. Comparison of dry-frequency between the observed (blue) and simu-
lated (red) rainfall time series calculated on different time aggregation scales,
from 15-minute up to 7-day: 15-minute, 30-minute, 1-hour, 3- hour, 6-hour, 12-
hour, 24-hour, 3-day, 5-day, and 7-day. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)

A deeper comparison of wet and dry spell lengths, as well as rainfall
intensity during events, is presented in Figs. 11 and 12. Rainfall events
are defined here as continuous sequences of wet 15-min time steps;
therefore, they represent uninterrupted rainfall segments rather than
fully independent meteorological events. Overall, the results indicate a
satisfactory reproduction of both properties, particularly for dry spell

lengths and for rainfall intensity associated with shorter events. How-
ever, a slight underestimation of longer wet spell durations is evident in
both figures. This discrepancy affects only a small fraction of the ana-
lysed events (approximately 1%) and is likely related to a modest
overestimation of the parameter Cj.

As a general comment, although the performance evaluation is
challenging due to the restricted sample size, the proposed framework
delivers promising results despite being calibrated solely by constrain-
ing the exponent n. This further reinforces the importance of the recently
introduced parsimonious calibration procedure.

3.2. Complete database analysis

To provide a comprehensive assessment of the proposed framework’s
performance, the entire procedure described in the previous section was
repeated for all 70 rainfall time series available in the benchmark
database. Regarding the application of CoOSMoS-2s, we opted to use the
Gamma distribution for all time series in order to automate the fitting
and simulation procedure. This choice was based on the fact that the
Gamma distribution proved to be optimal for approximately 75% of the
stations in the database. As a result, the performance reported here
should be considered indicative rather than optimal. A station-by-
station inference would likely lead to improved results, but such a
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detailed analysis falls outside the scope of this paper, which focuses
instead on demonstrating the applicability of the method at a broader
scale.

Firstly, at each site, we evaluated the performance in reproducing
relevant attributes (a) by the following relative error RE(a)

RE()=1-% )

ap
where a; and g, correspond to any relevant attribute (a) evaluated on the
synthetic 2000-year (s) and benchmark (b) time series.

For the sake of clarity and to offer a more efficient overview of the
results, Fig. 11 summarizes the comparison between the proposed
framework simulations and the benchmark data with density plots based
on 70 RE(a) values for each relevant attribute. Specifically, results based
on the reproduction of the following main attributes of the rainfall time
series are shown in each panel of Fig. 13: the exponent n, the dry fre-
quency at 15 min temporal resolution, ACS at lag 1 and lag 10, and 15-
minute rainfall depth for three return periods (1, 5, and 10 years).

The results are encouraging, especially considering the limited
sample size. For the exponent n (Fig. 13a), the mode of the empirical
distribution is close to zero, and 73% of the raingauges show an error
within + 15%. This is also because the IDF curve slope n is used for
disaggregation model calibration. Further, the entire dataset accurately
captures the dry frequency attribute (Fig. 13b), which depicts an
empirical distribution among the raingauges strongly concentrated

around the zero error value. Note that, unlike n, the zero frequency at
15-minute resolution is not considered for the random cascade model
calibration.

When examining the selected autocorrelation coefficients, there is a
frequent but limited underestimation at lag 1 (Fig. 13c), with 97% of the
database showing errors within the + 15% range. However, a more
evident underestimation is observed at lag 10 (Fig. 13d), where the
mode corresponds to a 12% error, indicating a slight deviation from the
expected value.

A similar pattern is observed in the three density plots representing
15-minute rainfall amounts for the three selected return periods 1, 5,
and 10 years (Fig. 13e,f,g), where the bias reduces and the uncertainty
increases with increasing return period (as expected). Although some
variability is evident, the overall performance confirms the robustness of
the proposed framework.

4. The role of synthetic daily rainfall time series as input

As introduced in Sections 1 and 2, the primary goal of the proposed
procedure is to optimize the available information by leveraging longer
daily time series. This advantage is crucial because traditional flood
frequency analyses typically focus on large return periods (up to 1000
years, Read and Vogel, 2015), and the longer the observed sample, the
more representative the information on rainfall fluctuations becomes.

In addition to this evident benefit, we identified another intrinsic
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Fig. 13. Performance evaluation of the proposed framework on 70 rainfall time series. For each time series (simulated and observed) an attribute is quantified by the
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rainfall intensity (at 15-minute) related to 1, 5, and 10 of return period. Each plot represents the empirical density plot of the 70 RE values of a specific attribute.

added value of the framework related to the use of a daily simulation
model and the subsequent application of multifractal disaggregation to
the synthetic daily time series. Specifically, we observed greater stability
in the calibration process.

When only 20 years of data are available, fitting a GEV distribution
can lead to unrealistic parameter estimates, propagating this bias into
the empirical IDF curves and, consequently, into the C4 and Cpy esti-
mates used for the multiplicative random cascade. To support this
observation, Fig. 14a shows the C4 and Cpy pairs derived from the
observed 20-year time series (blue dots) for all 70 raingauges. The data
exhibit significant dispersion, reaching both the upper and lower bounds
of the parameter ranges. In contrast, the red dots (Fig. 14c)—repre-
senting the Cg and Cyy pairs obtained from the 2000-year synthetic time
series—are well clustered and consistent with the limited spatial vari-
ability of the case study.

While one might argue that this result could be driven by the fact that
the synthetic data were generated using a specific distribution function,

dots in Fig. 14b represent the Cs and Cyy pairs derived from the first 20
years of the 2000-year synthetic time series. The resulting cloud of
points closely resembles that obtained from the observed data, con-
firming that sample size plays a critical role in model stability. Thus,
using a long synthetic daily time series as input significantly mitigates
this instability and enhances the robustness of the procedure.

5. Conclusion and future remarks

In this work, we proposed an original framework for simulating sub-
daily rainfall time series without the need for sub-daily observations,
which are currently mandatory for calibrating models available in the
literature. The idea behind the framework is simple yet innovative: it
combines two classes of rainfall models—a daily rainfall model to
simulate daily rainfall time series and a disaggregation model to refine
the time resolution of the simulated daily data. The framework is cali-
brated through a parsimonious procedure requiring only two inputs: the

however this assumption is only partially correct; indeed, the orange daily time series and the power law exponent n of the
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Fig. 14. Multifractal disaggregation model parameter Cs and Cpy. Each point identifies the pair values related to one raingauge. (a) benchmark time series; (b) the
first 20-year of the proposed framework simulation; (c) the 2000-year proposed framework simulation.
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intensity—duration-frequency (IDF) curves so using minimal informa-
tion—precisely the information for which the longest hydrological re-
cords are typically available.

In this study, we employed the Complete Stochastic Modelling Sys-
tem (CoSMoS) using the two-state intermittent model (CoSMoS-2s) for
daily rainfall simulation and a multiplicative cascade model based on
multifractal theory for disaggregating the daily series to sub-daily scales.

We evaluated the performance of the framework using a challenging
case study involving 70 rain gauges located in the Arno River basin. The
dataset consists of high-quality 15-minute continuous and contempo-
raneous rainfall time series spanning 20 years. The comprehensive
analysis supports promising conclusions regarding the performance of
the proposed framework, specifically, several key rainfall attributes
were compared between the benchmark data and the simulated time
series, including the IDF exponent n, dry frequency, autocorrelation
structure (ACS) at lags 1 and 10, and the return period-rainfall amount
relationships for three return periods (1, 5, and 10 years). The agree-
ment between the simulated and observed data was encouraging, with
only a minor portion of the dataset being not well reproduced. This
discrepancy is most likely due to the limited 20-year sample size, which
may bias the calibration process.

Beyond evaluating the framework's reliability, we investigated the
role of the long synthetic input daily rainfall time series. Our findings
confirmed that a 20-year time series is too short for reliable parameter
estimation in such models. However, using a 2000-year synthetic daily
rainfall time series effectively mitigates biases in the calibration pro-
cedure, providing more robust results.

Several directions for future research can be pursued to improve and
expand the proposed framework, both in terms of methodological
refinement and broader applicability. First, an important step would be
to test the framework in different climatic regions, applying it to diverse
datasets. This would help assess its robustness and generalizability
across varying hydrological conditions, particularly in regions charac-
terized by different rainfall regimes, such as arid areas with sporadic but
intense rainfall or tropical climates with highly seasonal precipitation
patterns. Expanding the geographical scope of the analysis would offer
valuable insights into the adaptability of the model and its potential
limitations.

Another useful direction is the integration of the simulated sub-daily
time series into continuous rainfall-runoff models. This would allow for
a more comprehensive evaluation of the framework’s impact on hy-
drological predictions, particularly for extreme flood events. Under-
standing how the synthetic sub-daily time series influences the
simulation of peak flows could provide useful feedback for eventually
improving the rainfall modelling.

The proposed framework also offers considerable flexibility, as both
the daily rainfall model and the multiplicative cascade scheme can be
substituted with alternative models. Exploring different combinations of
these models could help identify optimal configurations that improve
performance under specific conditions. For instance, testing more
complex daily rainfall models or adopting alternative disaggregation
techniques might enhance the framework’s accuracy in reproducing key
rainfall features. Such experimentation would help determine whether
there are more effective combinations that better capture the temporal
variability and extremes of rainfall.

Furthermore, the framework was designed with a long-term goal of
extending to multisite applications, where daily rainfall models are
computationally efficient and relatively simple to implement. This
multisite approach could significantly enhance the framework’s appli-
cability for regional studies, where preserving the spatial coherence of
rainfall patterns is critical. An interesting avenue for future research
would be to evaluate how much of this spatial correlation is retained at
the sub-daily scale after disaggregation and its effects in distributed
hydrological modeling.

In conclusion, the proposed framework presents a promising and
practical solution for generating sub-daily rainfall time series from
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minimal input data. Its flexibility and scalability make it a valuable tool
for hydrological studies and flood risk assessments, especially in con-
texts where sub-daily observations are limited or unavailable.
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