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Abstract Rainfall is a physical phenomenon resulting from the combination of numerous physical proc-
esses involving a wide range of scales, from microphysical processes to the general circulation of the atmos-
phere. Moreover, unlike other geophysical variables such as water vapor concentration, rainfall is
characterized by a relaxation behavior that leads to an alternation of wet and dry periods. It follows that
rainfall is a complex process which is highly variable both in time and space. Precipitation is thus character-
ized by the following features: rain/no-rain intermittency, multiple scaling regimes, and extreme events. All
these properties are difficult to model simultaneously, especially when a large time and/or space scale
domain is required. The aim of this paper is to develop a simulator capable of generating high-resolution
rain-rate time series (15 s), the main statistical properties of which are close to an observed rain-rate time
series. We also attempt to develop a model having consistent properties even when the fine-resolution-
simulated time series are aggregated to a coarser resolution. In order to break the simulation problem
down into subcomponents, the authors have focused their attention on several key properties of rainfall.
The simulator is based on a sequential approach in which, first, the simulation of rain/no-rain durations per-
mits the retrieval of fractal properties of the rain support. Then, the generation of rain rates through the use
of a multifractal, Fractionally Integrated Flux (FIF), model enables the restitution of the rainfall’s multifractal
properties. This second step includes a denormalization process that was added in order to generate realis-
tic rain-rate distributions.

1. Introduction

Rainfall is a highly complex, naturally occurring phenomenon, which is extremely variable in both time and
space. This variability is the consequence of several characteristics, namely intermittency (rain/no-rain), rain
and drought extremes, rain-rate variability, and multiple scaling regimes. One of the challenges of rainfall
modeling is that of taking all meteorological scales into account, from the synoptic or mesoscales to the
microscale. In recent decades, rainfall modeling has been the focus of an intensive research. However, the
modeling of rainfall variability still remains an open topic, especially at small scales. In order to correctly
describe natural phenomena, in hydrology in particular, nonlinear dynamic models are needed. In this per-
spective, it is crucial to improve the fine-scale modeling of rainfall events, in order to take this fine-scale
information correctly into account.

In this context, several stochastic models have been proposed. The modeler must initially decide whether
rainfall will be viewed as a continuous or discrete process; in this context a more thorough review of rain
models can be found, for example, in De Michele and Ignaccolo [2013]. Once this choice has been made, var-
ious approaches can be used. For example Cooley et al. [2007] proposed a Bayesian hierarchical model to
characterize extreme precipitations events produced by a regional climate model. Wang et al. [2012] chose
to infer dry and wet periods using Markov switching models. A large number of rainfall generators are
based on a pulse/point Poisson process, among others [Onof et al., 2000; Burton et al., 2008; Evin and Favre,
2013; Bernardara et al., 2007]. Geostatistical techniques such as kriging have been used to model rainfall
[Schleiss et al., 2009, 2014; Leblois and Creutin, 2013], and other types of model, such as that of Tyralis and
Koutsoyiannis [2011], based on a Hurst-Kolmogorov model, have also been used. Among these numerous
models, multifractal approaches, especially the Universal Multifractal [UM] one [Schertzer and Lovejoy, 1987,
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1991; Deidda et al., 1999; Deidda, 2000] have received a great deal of attention in the geophysical literature.
Based on an observed scale invariance property called multifractality, these models use the concept of
either discrete or continuous multiplicative cascades [e.g., Schertzer and Lovejoy, 1987; Lovejoy and Schertzer,
1995; Lovejoy et al., 2008; Lovejoy and Schertzer, 2010; Serinaldi, 2010; Gaume et al., 2007].

Among the various approaches used to reproduce different scale invariance regimes through the concept
of multiplicative cascades, two of these methods are generally applied. The first of these is the ‘‘bottom-up’’
approach, in which the simulation process focuses on the finest scale in an attempt to converge toward
large-scale fractal behavior (i.e., from finer to coarser scales). The second is the ‘‘top-down’’ approach, in
which the simulation process goes from coarser resolutions to finer resolutions, through the use of fractal
cascades to achieve successive downscaling steps. In this case, the rain support could be obtained simply
by applying a very small threshold. In practice, rain intermittency is not adequately handled by basic Univer-
sal Multifractal (UM) models. As it will be explained in section 3.4, these models are not designed to gener-
ate zero values. Various approaches have been investigated, to solve the problem of simulating zero values
[Olsson, 1998; Gires et al., 2013; Schmitt et al., 1998]. Several researchers have introduced beta components,
i.e., a simple on/off cascade model, in the generation process (see Schertzer et al. [2002] for further details).
The beta-log-stable process generalizes most of the multifractal scaling models proposed for rainfall simula-
tion. These are also referred to as beta-lognormal or beta-log-Levy models, depending on whether the sta-
bility parameter a is equal to, or is strictly smaller than 2 [e.g., Over and Gupta, 1996; Serinaldi, 2010;
Veneziano et al., 2006; Veneziano and Lepore, 2012]. Although this model allows zero values to be generated,
it does not provide realistic rain/no-rain durations [Schmitt et al., 1998]. The generalization of this process to
continuous cascades, as proposed by Schmitt [2014], provides a more realistic modeling, but it is not able to
correct the model’s intrinsic inability to simulate realistically both dry and wet periods.

Although some of the proposed models are able to simulate the multiple scaling regimes (and coherent
multifractal properties) of rain observations [e.g., Hubert, 2001; Lovejoy and Schertzer, 2010; Schertzer and
Lovejoy, 2011; Serinaldi, 2010], the simulation must reproduce the scaling properties of the three meteoro-
logical scales (i.e., synoptic scale, mesoscale, and microscale). These models thus fail to provide simulations
that are fully representative of measured rain data, especially to represent correctly all of these scaling
regimes (as well as the transitions in between). Furthermore, the statistical distribution of the simulated
rain-rate series is not consistent with those directly estimated from rain gauge measurements [e.g., Hubert,
2001].

Another important aspect is the nature of the data set used to build the model. Since large rainfall data-
bases have been created throughout the world, most rain models were developed from rain gauge data
with a daily or hourly temporal resolution. Although, as pointed out by Rupp et al. [2009], an interesting way
to generate fine-scale rainfall on the basis of coarser scale historical records or long-term forecasts is to sto-
chastically disaggregate rainfall from coarser to finer scales, this approach is not considered here. Indeed, in
section 4, it is shown that with a (sufficiently long) high-resolution data set, the rain support and average
rain rate of the time series used in the present study (see section 2) require specific modeling for periods of
time shorter than 5 min. As explained by Veneziano and Lepore [2012] and Gires et al. [2013], the simulation
of the rain support is crucial, when rainfall time series need to be simulated with scaling properties. These
observations suggest that the straightforward disaggregation of rain gauge time series may not be a well-
adapted approach.

The simulator developed in the present study is based on the sequential simulation of rain support and
intrarain/within-rain variability, using an approach similar to that of some previously cited studies [Schleiss
et al., 2014; Leblois and Creutin, 2013]. The rain support is considered as a sequence of alternating, inde-
pendent periods of rain/no-rain. These generated using two different Pareto laws, proposed in the study of
Lavergnat and Gol�e [1998, 2006] who studied rainfall by analyzing rain droplets. When the rain support is
considered to be the result of a two-state renewal process, a simulation of intrarain/within-rain events is
required.

In order to generate realistic rainfall time series over a wide range of scales, namely from 15 s to 1 year, we
have developed an approach based on a continuous, multiplicative cascade model. Following the concepts
proposed by De Montera et al. [2009] and Verrier et al. [2011], the scaling properties of the rain rates are
simulated, through the use of parameters estimated from fine-scale observations. For this, we adopted the
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multifractal Fractionally Integrated Flux (FIF) model, which simulates a log-stable stochastic process, based
on the Universal Multifractal (UM) model developed by Schertzer and Lovejoy [1987].

The aim of this study is to address (and solve) some of the main drawbacks of the model proposed by De
Montera et al. [2009]. The latter uses a thresholded multifractal FIF model, in which intermittency is intro-
duced by applying an appropriate threshold to the time series. The goal is to assess the main properties of
a measured time series, given a limited number of parameters. The improvements proposed here are
designed to provide a more realistic simulation, reproducing various important statistical properties of rain-
fall, in particular its variability, intermittency, and power spectrum, while maintaining a consistent rain-rate
distribution at different time scales. As could be expected, these improvements are achieved at the cost of
increased complexity in the modeling of realistic rain events.

This paper is organized in six parts. Following the introduction, section 2 presents the data set and its specif-
icities. In section 3, the hypotheses on which the simulator is based are described in detail. For each hypoth-
esis presented in section 3, section 4 provides the corresponding formulation and parameters. Each
subsection highlights the coherence between the measured and simulated data series. At the end of sec-
tion 4, the complete simulation process is summarized. Section 5 discusses the simulator’s accuracy,
together with various results in support of our initial hypotheses. We thus show that by aggregating the
simulated fine-resolution time series, a coarser time series can be retrieved, which is consistent with the
aggregated, measured time series. We also demonstrate the ability of the simulation process to reproduce
various scaling regimes over the full time series. Our conclusions, together with possible perspectives, are
discussed in the last section.

2. The Data Set

This study relies on the use of rain-rate (hereafter RR) time series obtained using a disdrometer (more specif-
ically a Dual-Beam Spectropluviometer, hereafter DBS), described in detail by Delahaye et al. [2006]. This
instrument allows the incoming droplets passing through its capture area to be monitored in terms of their
arrival time, diameter, and fall velocity. Each drop is time stamped with an accuracy of 1 ms, thus ensuring
good temporal resolution for rain support retrieval. As the capture area of this sensor is a 100 cm2 rectangle,
observations of the rainfall process are extremely localized. The collected drops are then analyzed to esti-
mate the corresponding rain rate, with an integration time of 15 s. Rain studies are highly dependent on
the sensor used for rain-rate acquisition, and all data-based models rely on its given resolution, accuracy,
and detection threshold. As a consequence, there are almost as many rain models (and in particular, as
many parameter sets) as there are types of sensors. Even if they are different, these various sets of parame-
ters may be consistent, such that the simulations obtained with them can have similar properties. Hence,
they may be used to reproduce rain-rate series observed at various resolutions, or measured with various
accuracies.

Following De Montera et al. [2009], the 15 s time resolution was determined from the quality of the scaling
restitution. The limits of the power spectrum scaling range are studied, because they indicate the maximum
and minimum scales over which it is meaningful to perform multifractal analysis. In the case of the present
measurements (not shown here), the spectrum clearly levels off at frequencies above 1/30 Hz, such that the
time series must be averaged over 15 s time lags in order to retain the scaling component of the power
spectrum only.

In the present study, we have used a data set made up from two time series. The first of these, used as train-
ing data, was recorded over a 2 year period (July 2008 to July 2010), and the second (used only in section 5
for validation) was recorded over a period of 2 years and 7 months (from October 2010 to June 2013) at the
‘‘Site Instrumental de Recherche par T�el�ed�etection Atmosph�erique’’ (SIRTA) in Palaiseau, France. Since the
DBS detects droplet velocities, it can easily distinguish between rain and snow, due to considerably lower
velocity of snowflakes. Snowy episodes, as well as outliers, were thus removed from the data during the pre-
processing of the rainfall time series. As previously described, the properties of the observed rain-rate time
series, depend on the one hand, on the sensor’s temporal resolution, and on the other hand, on its rain-rate
detection threshold. A high detection threshold may overlook weak rain events, and thus overestimate the
length of dry periods (hereafter, referred to as no-rain durations). Conversely, a low threshold may not dis-
card small isolated ‘‘false detection’’ raindrops resulting from dust or insects, leading to an underestimation
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of the duration of dry periods. In the case of the DBS series, the sensing threshold was set to 0:05 mm h21

(for a 15 s integration time), thus ensuring that both the estimated rain support and rain-rate measurements
are accurate. Finally, the training data series (resp. validation data series) is composed of 5:2 3 106 samples
(resp. 7:6 3 106) recorded with a 15 s resolution (i.e., rain rates integrated over a 15 s time span). In this data
set, 4.6% (resp. 5.3%) of the samples are rainy samples, corresponding to more than 1000 h of rain (resp.
1670 h), distributed over 12; 195 (resp. 18; 840) continuous wet periods. Some of the rain events included in
the training time series had been used in previous studies [Verrier et al., 2011], to analyze the scaling proper-
ties of rain at a fine temporal scale, by implementing a slightly different preprocessing technique.

3. From Modeling Toward Simulation

3.1. Introduction
Different studies have shown that rain-rate time series have multiple scaling regimes. In Verrier et al. [2011],
multifractal analysis of high-resolution data showed that two multiscaling regimes (with different UM parame-
ters) could be distinguished, i.e., from 3 days to 32 min and from 16 min to 15 s. The former is likely to repre-
sent interevent variability, whereas the latter is likely to represent the internal variability of a single event
(hereafter, referred to as within-rain variability). The position of the break between the two scaling regimes is
directly related to the characteristics of the support. Thus, as described by De Montera et al. [2009], Veneziano
and Lepore [2012], and Gires et al. [2012], multiscaling parameters of entire rain time series are found to
strongly depend on the rain support characteristics. An event within-rain variability could be perceived as
being governed by the laws of atmospheric fluid mechanics [De Montera et al., 2010; Lovejoy and Schertzer,
2008]. Thus, as explained in Verrier et al. [2010] and De Montera et al. [2009, 2010], consistent values of the UM
parameters (resulting from an event within-rain variability) can be expected, in both the spatial and time
domains anywhere in the world. The classical (meteorological) definition of rain events includes small values,
with relatively short zero periods inside events. These notions are inevitably conditioned by the characteristics
of the sensor. Indeed, conventional rain gauges measure integrated quantities and do not allow the transition
between rain and no-rain periods to be clearly distinguished. As DBS measurements accurately measure the
arrival time of each drop, they make it possible to determine whether or not it is raining within time periods
15 s each. The approach presented in this study is based on the use of DBS measurements, and thus calls for
a clear definition of the entangled notions of rain and no-rain events. Here we do not use the classical defini-
tion of rain events, but rather the notion of a ‘‘continuity’’ of rain and no-rain periods. To avoid confusion, the
term ‘‘period’’ is used in the following. In this context, a ‘‘no-rain period’’ is a series of consecutive, null 15 s rain
rates, characterized by their duration dnr. Similarly, a ‘‘rain period’’ will correspond to a series of consecutive,
nonnull, 15 s long rain interval. Each ‘‘rain period’’ is characterized by its duration dr, that is, the number of con-
secutive 15 s non zero rain-rate intervals and its corresponding average rain rate hRRi, which is the average
value of the continuous rain rates RR (integrated over 15 s) belonging to the same ‘‘rain period.’’

3.2. Main Assumptions
Our simulator was designed on the basis of three main assumptions. The first of these is related to the rain
support, whereas the other two are related to the internal properties of rain. The validity of these assump-
tions with respect to our data sets is discussed in the following (sections 4 and 5).

Assumption 1: Adopting the findings of Lavergnat and Gol�e [2006] and Schmitt et al. [1998], we consider
the rain support to be a sequence of alternating (and independent) rain dr and no-rain dnr durations.

It is important to note that, in the meteorological sense, whether it be convective or stratiform, a rain event
is disaggregated into several rain periods that are likely to be governed by the same dynamics. In accord-
ance with the notions proposed by De Montera et al. [2009] and Gires et al. [2013], in the present study, we
use the same mean multifractal parameters for all rain periods. Furthermore, we assume that these periods
differ mainly in terms of their average rain rates hRRi.

Assumption 2: The rain’s multifractal behavior occurs within-rain periods, and the FIF model is thus used to
generate rain periods, one rain period at a time. In addition to this hypothesis, we consider the rain’s scaling
properties to be stationary and independent of the rain period.

Thus, for each rain period, the FIF model makes it possible to generate normalized rain rates RRN. A denorm-
alization step is then needed, in order to simulate actual rain rate RR time series.
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Assumption 3: To simulate actual rainfall, we assume that, for each rain period, there is a relationship
between the rain duration dr (resulting from the support simulation) and the corresponding average rain
rate hRRidr

.

Since the duration of a rain period, dr, is known when its average rain rate hRRi is drawn, we can also use
the notation hRRidr

to emphasize the rain rate’s dependence on the assumed value of rain duration dr

(assumption 3). Thus, the RRs are obtained by multiplying the normalized RRN values with respect to the
average rain rate hRRidr

.

3.3. Rain Support Model (Assumption 1)
When the rain rates are thresholded at a given resolution, the support can be considered to behave as a
Boolean process. Here since we are dealing with a one dimensional problem, and it is assumed that the rain
duration dr and the no-rain duration dnr are two independent random variables, we can simply draw con-
secutive (and alternating) rain dr and no-rain dnr durations. Using the definition of rain/no-rain durations
given at the end of section 3.1, our definition for rain support is based on the presence or absence of a rain
droplet over a time span of 15 s.

Using a disdrometer, allowing accurate time stamping of raindrop times of arrival, Lavergnat and Gol�e
[1998] were able to separate interdrop arrival times into two classes: less than 5 min, and more than 5 min.
As a consequence, no-rain durations dnr could also have two different behaviors: one prevailing over peri-
ods of less than 5 min, and the other characterized by periods longer than 5 min. Similarly, a rain duration
dr can have two prevailing behaviors, i.e., less than and more than 5 min [see Lavergnat and Gol�e, 2006,
Appendix A]. According to Lavergnat and Gol�e [2006], the distribution of rain/no-rain durations is very close
to a Pareto distribution.

3.4. Modeling Within a Single Rain Period (Assumption 2)
The core of the rain simulator is a time series generator, based on the implementation of multifractal theory
[Schertzer and Lovejoy, 1987], which is characterized by scale invariance properties complying with those
observed on continuous rain-rate time series. It is commonly accepted that rain can be described in a multi-
fractal framework. When, introduced into the turbulence theory, multiplicative cascades [Novikov and
Stiuart, 1964; Yaglom, 1966] were the conceptual tool used to model stochastic processes and fields having
a multifractal behavior. They are defined by hierarchical and iterative methods, which allow the appropriate
quantity of energy to be determined at a finer resolution kn, on the basis of the energy known at a given ini-
tial (coarser) resolution k1. Such a cascade is constructed from a large scale, down to smaller scales. After
n 2 1 steps, the transition from resolution kn21 to resolution kn is obtained from equation (1):

Uðn;iÞ5 Uðn21;jÞl/ðn;iÞ (1)

where the positive field at resolution kn21 is denoted by Uðn21;jÞ, j 5 1, . . . , 2n21 is the time index of the cas-
cade process, and i is the time index at the next resolution step. For a given value of j, i has two possible val-
ues ði52j21 and i52jÞ.

Multiplicative cascades U are composed of a series of random variables l/i referred to as ‘‘multiplicative
increments,’’ which are generally assumed to be independent and identically distributed. A discussion of
this multifractal model hypothesis is provided in Veneziano et al. [2006] and Serinaldi [2010]. As the fields
generated by such models are scale-invariant multiplicative cascades are widely used to build multifractal
fields [Schertzer et al., 2002]. It is generally assumed that the mean value of the process is statistically pre-
served, regardless of the resolution k: 8k; hUki5M (where M 5 1 in the present case). Whatever the resolu-
tion, the statistical properties of the cascade are characterized by a moment scaling function K(q):

8q; hUq
ki / kKðqÞ (2)

where h:i is the averaging operator and q is the order of the moments. In the context of the Universal Multi-
fractal (UM) models proposed by Schertzer and Lovejoy [1987], the moment scaling function is defined by
two parameters only, a and C1:
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KðqÞ5 C1

a21
ðqa2qÞ if a 6¼ 1

KðqÞ5C1:q:lnðqÞ if a 5 1

8<
: (3)

where a represents the multifractality parameter and can have values between 0 (monofractality) and 2 (log-
normality). C1 provides a measure of the inhomogeneity of the mean level of the field, and for a D-dimen-
sional process, it lies in the interval ½0;D�.

Contrary to UM fields, most geophysical data are nonconservative. From a conservative UM field Uk , the Frac-
tionally Integrated Flux (FIF) model [Schertzer and Lovejoy, 1991; Schertzer et al., 2002; Pecknold et al., 1993]
computes a nonconservative field noted UkDtH, through a fractional integration of order H. The fractional
integration parameter H is referred to as the nonconservative parameter. This additional parameter is equiva-
lent to the Hurst exponent and leads to the following statistics for the nonconservative field increments:

hðUkDtHÞqi � k2fðqÞ (4)

where Uk is the conservative field at resolution k, Dt is the time increment (Dt5 T
k), T is the length of the

time series, h:i denotes the averaging operator, and fðqÞ is the exponent of the FIF structure function of
order q which is given by Vainshtein et al. [1994]:

fðqÞ5qH2KðqÞ (5)

The structure function can be used to determine the parameter H. For more details concerning the proper-
ties of UM and FIF models, see Schertzer et al. [2002] and Schertzer and Lovejoy [2011].

Although a FIF model implies long-range dependence, given assumption 2, this dependence is valid during
rain periods only. The FIF model has just one scaling regime and is thus ideal for the modeling of stochastic
processes with scaling properties, provided no zero values are involved. Thus, as in De Montera et al. [2009],
and as discussed in Veneziano and Lepore [2012], the multifractal parameters were estimated on a per rain
period basis (since we work with rain periods rather than events). By working with consecutive, nonnull 15 s
rain rates, during rain periods, we ensure that we are working ‘‘within rain,’’ and that the properties and
parameters estimated using the rain rates (integrated over 15 s) are not biased by the rain support. The mul-
tifractal parameters therefore correctly reflect the variability occurring within a given rain period and not
that corresponding to the rain support. As assumed by Verrier et al. [2011], and mentioned by Gires et al.
[2013] and Veneziano and Lepore [2012], we believe that the many parameter sets reported in the literature
can be largely explained by the fact that they result from a mixture of ‘‘within rain’’ and ‘‘rain support’’ varia-
bilities. Just as it is consistent to estimate a set of FIF model parameters corresponding to each separate
rain period, it should also be consistent to simulate the rain-rate time series in the same manner.

3.5. Multifractal Denormalization Within a Rain Period (Assumption 3)
The FIF model is basically a multiplicative cascade, based on the use of ratios. It allows the simulation of time
series with accurate scale properties but not with actual rain-rate time series, since the UM model works with
the relative values RRN (introduced previously) such as hRRNi5 1. Here, the denormalization is carried out, rain
period by rain period, at the smaller scale. We thus denormalize each simulated rain period separately.

Once the rain support (and therefore the rain durations) is known, we can ‘‘denormalize’’ each rain period
relative values RRN to obtain correct rain rates RR. More precisely, each rain period is denormalized by multi-
plying the RRN by an average rain rate hRRidr

drawn according to its duration dr. By considering the duration
dr only, when retrieving hRRidr

, we discard a certain degree of seasonal variability. Since rain events can be
viewed as a succession of quiescent and active phases [Ignaccolo and De Michele, 2010], the disaggregation
of events into rain periods emphasizes the heterogeneity of rain and therefore weakens the seasonal infor-
mation contained in the original data. This preference is discussed in section 4.3 in which the corresponding
value of hRRidr

is characterized by a random variable.

4. Parameterization of the Simulator

As previously explained, the primary aim of this study is to develop a methodology allowing realistic, syn-
thetic rain-rate time series to be generated over a wide range of scales, i.e., to conserve the statistical
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properties of within-rain periods, while correctly taking the existence of rain and no-rain durations into
account. In order to implement this methodology, the various laws and parameters of the proposed simula-
tor (Pareto law for the rain support, multifractal parameters for the within-rain period, and a law further
defined for within-rain period denormalization) are estimated based on the training time series described in
section 2.

4.1. Rain Support Simulation Parameters (Assumption 1)
The rain support modeling described here is derived from a previous study of Lavergnat and Gol�e [1998,
2006]. These authors observed that the distribution of interdrop time intervals ‘‘suggests that the arrival of
raindrops may be governed by a point renewal process,’’ and found that the correlation coefficient between
two consecutive arrivals is 0.08. From the data set used, in the present study, we are able to confirm some
of these properties. Visual analysis of the joint distribution between two consecutive rain no-rain durations
(not shown) shows that these two variables are indeed independent. This is confirmed by the very low cor-
relation coefficient, of 0.003. This result makes it possible to simulate the rain support as a succession of
independently drawn, alternating periods of rain and no-rain (assumption 1). For each rain dr and no-rain
dnr duration, we first need to randomly draw whether it is a short or a long duration (cf. second column of
Table 1). The simulated short/long durations, dr and dnr, are then drawn from a Generalized Pareto law
(characterized by equation (6)) using parameters estimated from measured values of dr and dnr.

f ðd=k; r; hÞ5 1
r

� �
11k

d2hð Þ
r

� �2121
k

(6)

where d denotes the duration, i.e., short or long dr or dnr. k, r, and h are the shape, scale, and location
parameters, respectively, of the generalized Pareto probability density function. Since the rain intensities
are estimated over a 15 s duration, the durations have discrete values. As described in section 2, their distri-
bution is discretized at 15 s intervals, corresponding to the integration time chosen for the calculation of
the rain rate. Accordingly, the same discretization is used when simulating the durations. Table 1 shows the
Generalized Pareto-distribution parameters estimated from measured, short/long rain/no-rain durations.
The location parameter, h, for long durations is set to 4.75 min, since the minimum value of a long duration
has to be greater than or equal to 5 min and 0.25 min, i.e., 15 s, fort short durations.

The normalized histograms of the simulated rain/no-rain durations are shown in Figure 1. According to our
hypothesis, the good agreement between measured and simulated durations leads to a correctly simulated
rain support. For each distribution, this is confirmed by a two-sample Kolmogorov-Smirnov test, which does
not reject the null hypothesis, with a 99% level of confidence. To highlight this aspect, in section 5.1, it is
shown that the scaling properties of the measured series are relatively well simulated.

4.2. Within-Rain Period RRN Simulation Parameters (Assumption 2)
The FIF model used to simulate the normalized values of a rain period RRN is described in section 3.4. This
generator was derived from the simulator of Lovejoy and Schertzer [2010] which is freely available on the
Internet (www.physics.mcgill.ca/ �gang/software/). The generator requires three previously defined param-
eters H, a, and C1. We recall that a rain period does not correspond to a real rain event, but rather to consec-
utive rain-rate values exceeding a certain threshold (see the end of section 3.1). The development of an
appropriate methodology for the determination of the multifractal, time-domain properties of rain has
been discussed in many studies [e.g., Pathirana et al., 2003; Molini et al., 2009; De Montera et al., 2009]. In
particular, Verrier et al. [2011] who use a portion of the same data set as the one used here, investigate the
scaling properties of a high-resolution data set within the framework of Universal Multifractals. In this study,
different approaches (continuous events and continuous series) are compared, the effect of the rain support

Table 1. Percentage of Short Durations Used to Simulate the Rain Support (Column 2) and the Fitted Pareto Parameters (Columns 3–8)

Probability to Have Short
Durations: Prðd < 5 minÞ

Pareto Parameters for Short
Durations

Pareto Parameters for Long
Durations

K r h K r h

No-rain durations 0.78 1.56 0.32 0.25 1.88 14.35 4.75
Rain durations 0.87 1.79 0.31 0.25 0.74 7.77 4.75
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is discussed, and semitheoretical formulae are proposed for the bias introduced by the support zeros. The
aim of the present study is not to develop the analysis methodology itself but, rather to demonstrate the
simulator’s ability to reproduce realistic rain properties. We use the same methodology as that of Verrier
et al. [2011], which is implemented rain period by rain period, in order to estimate the corresponding
parameters.

According to Tessier et al. [1996], the fractional integration parameter H can be estimated by fitting the first-
order structure function. From the latter study, it could be conjectured that the rain process is nonconserva-
tive at small scales, between 1 min and about 30 min [see Verrier et al., 2011, Figure 8]. The study of the
first-order structure function was used to infer the parameter H corresponding to our data set. A break of
the first-order structure function is observed around 32 min. It allows the retrieving of H � 0:4 for scales
that are shorter than 32 min. To check the consistence of the model, the mean value of the parameter H
was estimated over 32 –min long simulated rain periods. The corresponding value was found to be 0.44,
which was considered sufficiently close to the value 0.4 retrieved from observed rain-period data.

In order to estimate the parameters a and C1, a classical procedure for the investigation of multifractality
(the Trace Moments method) was applied to the differentiated series ðjDRRNjÞ [Lavall�ee et al., 1993]. For
each rain period, the moment scaling function K(q) was estimated for several given orders q (16 linearly
spaced values going from 0 to 1.5). For each order q, the value of K(q) was computed thanks to a power law
fitting of equation (2) (as a function of the resolution k). Given this set of points, the a and C1 parameters
were then inferred by a mean square fit of the function K(q) given in equation (3) (see Tessier et al. [1993]
for details). This estimation was restricted to rain periods lasting strictly more than 12 min. Since some rain
periods did not display scaling, we limited the a and C1 estimation to rain periods satisfactorily in agree-
ment with equation (2). This was done by keeping only the rain periods having an average R2 (of the power
law fittings) greater than 0.8. Hence, 9% of the remaining rain periods were discarded.

Although the variation of the estimated parameters a and C1 was studied as a function of the rain duration
dr, this did not produce any significant results. As a result of the lack of long rain-duration data in our time
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Figure 1. Estimated probability density function for (top) rain durations dr and (bottom) no-rain durations dnr, for the training measured
time series (black) and the simulated time series (grey). Both time series have the same length equal to 2.5 years.
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series, it is difficult to determine whether there is a relationship between these parameters. The histograms
of the parameters estimated from the observed data (the training 2 year long measured time series pre-
sented in section 2) are shown in Figure 2. The values of the Fractionally Integrated Flux (FIF) parameters,
a and C1, were obtained from our data set as the average of the estimated values, taken over all of the rain
periods, that is, 1.6 for the parameter a and 0.1 for the parameter C1. These values are consistent with the
parameters estimated in the literature, using similar methodologies. Using this approach, Pathirana et al.
[2003] estimated the values of a to lie between 1.09 and 1.92, whereas the value of C1 was found to lie in
the range between 0.26 and 0.42, for several time series. De Montera et al. [2009] found a51:69 and
C150:13, and Rodr�ıguez et al. [2013] estimated a51:23 and C150:14. There is currently no consensus as to
the characteristic parameters of multifractality, and it is not possible to know whether the differences in the
values found by various authors are due to the methodologies they adopted, the sensor’s characteristics or
the natural variability of rainfall.

The estimated mean values are used to implement the simulations, i.e., the multifractal parameters are con-
sidered to be constant values. The average histograms of the parameters a and C1, estimated over all the
rain periods extracted from a 1002 year long simulated time series, are also shown in Figure 2. The shapes
of the a and C1 distributions estimated from simulated rain periods are quite close to those estimated from
real measurements of rain. The average (mean, standard deviation, skewness, and kurtosis) values for the
parameter a are found to be close to those estimated from the measured data. However, the average distri-
bution of the parameter C1 for simulated series has a higher kurtosis, suggesting a heavier tail distribution.
Similarly, the mean value of C1 estimated from simulations (i.e., average mean) is greater (0.12) than that
estimated from observations (0.1). Since the distribution of the parameters estimated from data simulated
with fixed parameters is similar to that obtained from observed data, we can assume that the observed
spread over these constant values may be a consequence of estimation errors (stained among others by
the limited size of the samples/rain periods). This justifies the choice of constant parameters.

Assumption 2 is validated, since a multifractal behavior is observed in the data corresponding to within-rain
periods. However, as there is no consensus on the estimation of parameters characterizing multifractality, a
certain degree of uncertainty remains concerning the exact values of the parameters to be retained.

Figure 2. Fluctuations of (left) a and (right) C1, estimated for all rain periods extracted from the training measured time series (dark grey), and fluctuations of a and C1 (light grey), esti-
mated for a thousand simulated time series of the same length, where a51:6 and C150:1. For each bin of the histograms, the error bar corresponding to a standard deviation is also
displayed.
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4.3. Rain Period by Rain-Period Denormalizing Parameters (Assumption 3)
At this stage, we are able to generate normalized rain periods corresponding to continuous series of nor-
malized rain rates (RRN) of known duration dr. In the following, we examine the usefulness of the rain dura-
tion dr for the retrieval of the corresponding average rain rate (knowing the duration dr), hRRidr

. In Figure 3,
two behaviors can be observed. When dr is shorter than 5 min, a relationship between the average rain rate
hRRidr

and the duration could be distinguished, whereas when dr is greater than 5 min, no significant trend
is observed. An approach similar to the particularly attractive method proposed by De Michele and Salvadori
[2003] could be used, in which, an intensity-duration model using a 2-Copula, is combined with a General-
ized Pareto. As our data set did not reveal any clear relationship for durations in excess of 5 min, we chose
not to use this approach.

As described by Menabde and Sivapalan [2000], the values of hRRidr
, corresponding to dr, greater than 5

min, are drawn in accordance with an alpha-stable distribution (determined by its characteristic function—
see equation (7)), while assuming there is no dependence between hRRidr

and the corresponding value of
dr (given dr > 5 min). This hypothesis is consistent with our data set and does not go any further. In the
present case, it was found that ar 6¼ 1 (see Table 2). Since ar is not equal to unity, in the following we pro-
vide the expression for the corresponding alpha-stable characteristic function only:

u hRRidr
jar ; b; c; d

� �
5exp 2car jhRRidr

jar 12ibtan
par

2

� �� �
1i dhRRidr

h i
for ar 6¼ 1 (7)

where ar 2�0; 2� is the stability parameter and describes the tail of the distribution, b 2 ½21; 1� is the skew-
ness parameter, c 2�0;11½ is the scale parameter, and d 2�21;11½ is the location parameter.

In the case where dr is less than 5 min, taking the relationship hRRidr
5f ðdrÞ into account does not demon-

strate its relevance. Then, hRRidr
is also drawn using an alpha-stable distribution assuming there is no

dependence between hRRidr
and the corresponding value dr (given dr < 5 min). Finally, we draw hRRidr

while considering two different sets of parameters, depending on whether dr is greater or less than 5 min.
As the hRRidr

distribution is highly asymmetric, the parameter b is set to 1, and the value of d is set to 0,
since the average rain intensities are strictly positive values (and hence greater than 0). The only remaining
parameters to be determined are ar and c. The values of the estimated parameters are shown in Table 2.

One of the specificities of this study is its use
of a finely resolved data set (15 s resolution).
Our definition of rain duration (a set of consec-
utive, 15 s nonzero rain rates) has various
implications. When compared to other sensors,
we may have an increased number of short
rain periods, and therefore a lower number of
medium/long rain periods. In practice, our
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Figure 3. Average rain rate of rain periods hRRidr
as a function of rain duration dr, over all the rain periods of the training measured time

series (2 years DBS time series).

Table 2. Parameters of the Conditional (Average Rain Rate hRRidr
)

Alpha-Stable Distribution Knowing the Rain Duration dr

Rain Duration Lasting Less Than
5 min

Rain Duration Lasting 5 min or
More

ar b c d ar b c d

0.90 1 0.01 0 0.77 1 0.16 0
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definition of a rain period generally corresponds to portion of what is usually referred to as a rain event.
Thus, in a certain sense, we split up single rain events and shuffle the resulting parts before establishing a
relationship between hRRidr

and dr. This process is inherent to the fine-resolution modeling of rain and
allows rain rates resulting from a short burst of raindrops to be simulated.

As further discussed in section 5.1, Figure 7c compares the water height Empirical Survival Functions (ESF),
obtained for 100 simulated time series at the finest resolution, with the two observed ones. This allows us
to validate the third assumption.

Figure 4. Scheme of the simulation process.
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4.4. The Simulator
In this section, we provide a detailed description of the simulator (also presented in the scheme in Figure
4). The simulation procedure consists in the following two main steps:

Step 1: Simulation of the rain support.

As previously mentioned, no-rain durations (dnr) and rain durations (dr) are independent. The rain support is thus
obtained by alternating rain and no-rain durations until the simulated time series reaches the desired length.
The short (<5 min) or long (>5 min) values of dnr and dr are drawn randomly, in accordance with their expected
occurrences, such that each rain or no-rain duration is simulated according to the following procedure:

� Draw a random Bernoulli variable � simulating the probability of short dnr/dr (see Table 1, column 2).
� If �5 1, draw a short dnr or dr according to a Generalized Pareto law (equation (6)), using the parameters

provided in Table 1 (columns 3–5).
� If �5 0, draw a long dnr or dr according to a Generalized Pareto law (equation (6)), using the parameters

provided in Table 1 (columns 6–8).

The dnr and dr values are rounded to the closest multiple of 15 s.

Step 2: Simulation of the rain periods.

For each rain period of duration dr, we sequentially implement the FIF model, in order to generate normal-
ized RRN values and then, by multiplying the RRN by the randomly drawn hRRidr

, apply a denormalization
step to obtain the corresponding rain rates RR (RR 5 RRN3hRRidr

).

For each rain duration dr:

� Using the FIF model, generate series of length dr of RRN normalized values with the corresponding
parameters ða51:6; C150:1, and H50:4Þ.

� Draw a stable random value hRRidr
, using the appropriate parameters provided in Table 2, to denormalize

RRN and obtain the corresponding RR (and thus the simulated rain period).

The process defined above allows rain-rate time series consistent with our data set to be simulated but is
representative of a specific (medium latitude) meteorological region only. However, this process can also be
adapted to other regions with different specific properties. The multifractal parameters can be considered
to be universal, i.e., characterizing a mean physical relationship within an event. The remaining parameters
characterizing the support and the rain duration/average rain-rate relationship can be estimated or drawn
based on a physical knowledge (or hypotheses), in order to simulate rain-rate time series in other locations
governed by different climatic conditions.

5. Characteristics of the Simulated Times Series

At this stage, the simulator has been partially validated by systematically controlling each hypothesis of the
model. The next step involves additional controls, through the investigation of various properties of the
entire rain-rate time series. This also allows us to check the model’s ability to restore rain properties that are
not directly used in the model. In this section, in order to assess the correct behavior of the simulator, we
used 100 simulated time series having a 2.5 year duration and 15 s resolution. These were then compared
with the two original time series (see section 2).

5.1. Scaling Properties of Rain Series
To illustrate the simulator’s ability to generate realistic rainfall time series, we studied the fractal properties
of the 100 simulated rain supports. In various studies, the rain support is assumed to be fractal. This is one
of the reasons for which Over and Gupta [1996], Schmitt et al. [1998], Serinaldi [2010], Veneziano et al. [2006],
and Veneziano and Lepore [2012] (among others) used the beta model to generate rain supports. This prop-
erty implies that the rain support behaves according to the following relationship:

Pr RRk > 0ð Þ / k2Cf (8)

where k denotes the resolution, Cf denotes the codimension, and RRk is the rain rate at scale k. To validate
the rain support simulation, it is also necessary to verify that the fractal nature of the resulting support is
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preserved. Figure 5 shows the probability of rain occurrence ðPrðRRk > 0ÞÞ, for a given resolution k. This
relationship is shown on a log-log scale. The rain occurrence of the two measured rain supports (black solid
curve), as well as the occurrences of the 100 simulated supports (grey curves), is characterized by fractal
behavior between the scales k 5 215 and k 5 29 (corresponding to time scales ranging between 30 min and
1.5 days). The linear behavior of this log-log plot corresponds to fractal behavior, between 30 min and 1.5
days, for both the measured and simulated supports. The slopes of the log-log fits to the two measured
time series correspond to estimated codimensions Cf equal to 0.42 and 0.41, respectively (see Table 3),
whereas the 100 simulated supports lead to a mean value of 0.38. The simulated and measured codimen-
sions are thus very close.

The 100 simulated supports (at 15 s) have a mean probability of rain occurrence equal to 3.85% as opposed
to the values of 4.6% and 5.31% observed for the two measured rain supports. Although the slopes of the
linear portion are rather similar, there is nevertheless a noticeable offset between the two plots. At the finer
resolution (k 5 222, corresponding to an integration time of 15 s), the two (black) measured curves lie above
the 100 (grey) simulated curves. The simulated Pr RRk > 0ð Þ is lower than expected. This implies a lack of
rain support (or an excess of zeros/no-rain periods). For fine scales (from k 5 222 to k 5 212), apart from an
offset, all of the curves are similar in shape.

The offset between simulations and measurements can be explained by an excess of longer no-rain dnr

durations. As it can be seen (see Figure 1), there is a tendency to slightly over sample the simulated long
no-rain dnr durations. In Figure 5, for k 5 26 (corresponding to approximately 11 days), whereas the two
observed curves reach the value 0 (probability of rain occurrence 5 1, at resolution k) the dark grey curve
representing the average values of the simulated curves does not reach this value. This outcome means
that the model is able to simulate no-rain durations dnr that can be longer (or slightly more frequent)
than those measured during real observations. It explains the offset found at the resolution k 5 26 as well
as at finer scales (until resolution k 5 222). This comparison between the properties of simulated/measured
rain supports provides a posteriori validation of the relevance of assumption 1. Furthermore, it is
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Figure 5. Probability of rain occurrence at a given resolution PrðRRk > 0Þ for the two measured time series (black solid 1 circle) and for a
100 simulated 2 year rain supports (grey lines) as a function of resolution k. The average of the 100 simulated PrðRRk > 0Þ curves is also
shown (dark grey).

Table 3. Codimension and Percentage of Rain Estimated for the Two Measured Time Series (Columns 2 and 3)a

Observed DBS Series

100 Simulated Series

Mean Q1 Q2 Q3

Codimension 0.42 0.41 0.38 0.39 0.38 0.37
Percentage of rain 4.6 5.31 3.85 3.51 3.85 4.15

aMean, first, second, and third quartiles (columns 4–7) of the codimension and the percentage of rain (at the finer resolution), esti-
mated for the corresponding 100 simulated time series.
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important to notice that for measurements with a resolution finer than 30 min, the scaling behavior of
the support is broken. In this case, a disaggregation model based on a monofractal cascade would not
function correctly. Here since there is no scaling of the support under 30 min, a beta-log-stable UM model
(coarsely a multifractal process generated over a fractal support) would not provide a correct distribution
of rain occurrences for resolutions finer than 30 min. For this kind of UM model, the rain support can
influence the multifractal parameter estimation (through an inappropriate mixing of rain support and
‘‘within-rain’’ properties).

Figure 6 provides a log-log plot of the power spectra of the two measured time series, and of the 100
simulated time series. The average spectrum is also shown (wide, dark grey line). While reproducing a cer-
tain variability (light grey area), the mean spectrum of the 100 simulated time series is consistent with
measurements. We can only hope that the measurements behave as a sample among the others, which
they do. Indeed, for the full time span covered by these time series, the corresponding spectra have simi-
lar scaling factors, over coherent time scales. As reported in previous studies [e.g., Fraedrich and Larnder,
1993; Tessier et al., 1996; De Montera et al., 2009; Schertzer and Lovejoy, 2011; Verrier et al., 2011], the scal-
ing properties between 1 min and 3 days are analyzed by partitioning the full range into a set of different
scaling regimes. The scaling regime corresponding to more than 3 days is strictly due to the rain support,
and that equal to 30 min characterizes within-rain periods, the central part of which corresponds to a
transition stage. These scaling regimes are characterized by the slope value B, which is used rather than
the traditional b, to avoid confusion with b used here to indicate the stable characteristic function of
equation (7).

The ‘‘within-rain’’ slopes (1230 min) of the simulated power spectra have a value >1, indicating a noncon-
servative field; this is thus consistent with the parameter H, which is equal to 0.4. The slope B of the mean
spectra is found to be equal to 1.63 (see Table 4), which is very close to the two values estimated from the
measured DBS series (1.57 and 1.54, respectively).

The scaling properties introduced by the simulation of rain periods (generally <30 min) clearly explain the
first slope (for time scales shorter than 30 min) resulting from the use of the FIF model. The consistency of
the scaling properties obtained for the entire time span (Table 4) necessarily results from the rain support
properties (for time scales greater than 30 min). In other words, from a spectral point of view, the good
agreement between the measurements and the simulations validates the rain support simulation (inde-
pendent rain/no-rain durations: assumption 1), as well as the within-rain-period simulation (rain-rate series
simulated with the FIF model: assumption 2).

In this subsection, it has been shown that the rain support influences the power spectrum in the case of
low frequencies (periods longer than 30 min), and that care should be taken when estimating/explaining
scaling properties over such periods of time.
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Figure 6. Power spectra of the two measured time series (thin, black) and average power spectrum (thick, dark grey), computed from a
100 simulated time series spectra (also indicated by light grey).
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5.2. More Classical Properties of Rain
Beyond the multifractal properties of rain, it is important to verify that the simulated time series are consist-
ent with the behavior that could normally be expected with rainfall. It is commonly studied through the
Empirical Survival Function (ESF hereafter). Since we are dealing with rain periods rather than rain events,
the ESF is computed for three characteristic quantities: rain rates RR, rain duration dr, and rain-duration
water heights (referred to as water height in the following). It is important to verify that the scaling proper-
ties do in practice lead to simulated time series that are consistent with measurements made at coarser res-
olutions. This can be assessed by aggregating all the 15 s time series, to obtain the ESF at four commonly
used time resolutions (5 min, 1 h, and 1 day). As shown in the previous section, we use the two measured
time series, as well as the 100 simulated time series (spanning 2.5 years), with a resolution of 15 s.
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Figure 7. (left to right) Empirical Survival Functions of rain rates RR, rain durations dr (i.e., length of consecutive nonzero rain rates), and the (corresponding) water height. (top to bottom)
The ESFs are shown for the high-resolution series (15 s), and for the 5 min, 1 h, and 1 day aggregated series.

Table 4. Slope of the Power Spectrum Obtained With the Two Measured Time Series for the Three Scaling Regimes (Line 2)a

B in Scaling Regime
1 min! 30 min

B in Scaling Regime
30 min! 3 h

B in Scaling Regime
3 h! 3 days

DBS series 1.57 0.99 0.41
1.54 0.70 0.41

Mean Q1 Q2 Q3 Mean Q1 Q2 Q3 Mean Q1 Q2 Q3

100 simulated series 1.63 1.57 1.62 1.66 0.94 0.74 0.93 1.10 0.40 0.22 0.39 0.48

aMean, first, second, and third quartiles of the slope estimated for the 100 simulated spectra for three different scaling regimes.
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For each plot shown in Figure 7, we have drawn the ESF curves corresponding to the measured time series
(the two black curves), and the curves representing the 100 simulated time series (light grey curves),
together with the mean value of the latter (dark grey curve). Each row of plots in Figure 7 corresponds to
the same value of resolution, shown in the right of the figure, and each column corresponds to a rain prop-
erty indicated at the bottom of the figure. The plots shown in the first row thus correspond to the finest,
15 s resolution (i.e., that used for the measurements and the simulations). The plots in the other three rows
show the aggregated ESFs of the simulated or measured 15 s time series, corresponding to coarser tempo-
ral resolutions (5 min, 1 h, and 1 day).

This figure shows that the ESF computed from simulated data still remains in agreement with those
obtained from measured data, which means that temporal scale relations and rain intermittency are well
represented in our model. From that perspective, it is reasonable to consider the measured time series as a
representative realization of the simulation process. The good behavior of the aggregated series (at all dif-
ferent resolutions) validates the simulator’s ability to generate coherent time series, for all values of tempo-
ral resolution. As expected, larger values are characterized by a stronger variability, due to their lower
frequency of occurrence. The occurrence of extreme values is thus in agreement with the measurements
and hypotheses used to build the model.

The rain-duration plots shown in the second column (Figures 7b, 7e, 7h, and 7k) confirm the information
revealed in Figure 5. This provides a different way of viewing the rain support, and validates assumption 1.
Despite its tendency to slightly overestimate the short durations, the simulated rain-duration ESFs are very
close to the two measured ESFs. For larger values, a difference can be noted between the behaviors of the
rain-duration ESFs. A slight bend can also be seen in one of the measured curves in Figure 7e—as previ-
ously discussed, this type of effect can be accounted for by the natural variability of the simulation.

The ESFs shown as a function of rain-duration water height in the third column (Figures 7c, 7f, 7i, and 7l) are
proportional to the product of the rain duration and the average rain rate: hRRidr

:dr . Since the consistence
of the simulated rain support has been demonstrated, this can provide an additional method for validation
of the relationship between hRRidr

and dr (assumption 3). Although the 15 s ESFs corresponding to the
mean of the 100 simulations are not as smooth as the original ESFs, the simulations show that these are
consistent with the measurements. When 2 year time series and their aggregated counterparts are consid-
ered, there is no apparent consequence in term of the dependencies that may have been suppressed by
the simulation process between other rain characteristics.

The four rain-rate plots shown in the first column (Figures 7a, 7d, 7g, and 7j) represent rain-rate ESFs. These
result from the combined use of our three assumptions, and it can be seen that there is also a good corre-
spondence between the measured and simulated ESFs at all resolutions.

As a result, Figure 7 shows that the simulated time series provide a very good representation of the infor-
mation contained in the originally measured data (two series of 2 year periods), at several commonly used
resolutions. A more thorough investigation accounting for seasonal trends and long-range dependences
will be investigated when these data become available. Nevertheless, the simulator could be run over lon-
ger time spans, in order to study the occurrence of potentially extreme values, and their corresponding
return periods.

6. Conclusion and Discussion

Guided by previous studies [Lavergnat and Gol�e, 1998, 2006; De Montera et al., 2009, 2010; Verrier et al.,
2010, 2011], the main objective of this research has been to simulate rain time series with statistical proper-
ties (distribution and scaling invariance) representative of a particular climatic region. Our methodology is
based on two main steps, namely the simulation of rain support, and of realistic rain rates. These steps are
based on several important hypotheses, relying mainly on the high resolution of the data set. These sup-
porting hypotheses are thoroughly validated. The originality of this study is that a very good agreement is
established between measurements and simulations, for a significant number of properties that coherently
characterize rain. When necessary, the validation was systematically run over the full time series, rather than
for selected events only. The resulting simulated fine-resolution time series incorporates information that is
coherent with the various time scales of the original measurements. When aggregated over a duration of
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up to 1 day, the simulated time series preserves its coherent features (rain-rate distributions in particular) at
various resolutions.

This study shares similarities with other studies, such as that of Veneziano and Lepore [2012], dealing with
the simulation of time series with scaling properties. The difference in resolution between our measure-
ments (15 s resolution) and those used in the aforementioned study (1 h resolution) explains some of the
apparent discrepancies. As previously discussed and demonstrated by Veneziano and Lepore [2012], we
emphasize the importance of rain support and explain how this can introduce a bias into the estimated
multifractal parameters. As described in section 3.2, the fine resolution of the time series allows the influ-
ence of the rain’s intermittency (zero of the rain support) on the rain-rate values to be cancelled. This cor-
roborates assumption 2, namely the independence of rain support properties with respect to the
multifractal/scaling of within-rain parameters. Our model successfully retrieves a simulated power spectrum
(Figure 6) showing scaling breaks consistent with the original data set. This is not commonly achieved with
standard UM models. Although our study does not focus on the retrieval of multifractal parameters, we can
try to discuss this. As a consequence of their coarse time resolution, rain gauges do not allow within-event
rain-rate scaling properties to be correctly discriminated from intermittency. Since numerous multifractal
models are based on parameters estimated through the processing of rain gauge time series, the extensive
set of parameters (some of which are presented at the end of section 4.2) can be explained by this mixing.
De Montera et al. [2009] showed that coherent multifractal parameters are found in three different climatic
regions. We believe that this set of parameters could be universal or at least considerably reduced through
the use of fine-resolution sensors. In other words, as suggested by Gires et al. [2013], we believe that these
parameters vary from one geographical location to another through the zero values of the various rain sup-
ports. Among others, Veneziano and Lepore [2012] determined a value of 2 for parameter a, whereas our
study led to a value of 1.6. Since their measurements are integrated over 1 h, they can be considered to
smooth out the rain rate. Indeed, the 1 h measurements result from mixing fine-resolution rain periods with
fine-resolution zeros (corresponding to the no-rain durations). This interpretation would explain the greater
value of a characterizing less sparse time series (less small values and less spikes).

Although rain event modeling is considered to be universal, the parameters describing rain support and
rain duration/average rain-rate relationship can fluctuate from one geographical area to another. The use of
parametric methods, associated with reasonable hypotheses and expert knowledge, can be very beneficial.
Finally, it is important to note that there is a relatively high cost associated with the design and develop-
ment of a simulator with characteristics (and especially those of rain support) close to those of the ‘‘real
world.’’ Indeed 25 parameters were represented: 14 to model the rain support, 3 to represent the within-
rain variability, and 8 for the denormalization process. However, among these parameters, some have fixed
values and some others are not expected to change significantly. Indeed, if it is assumed that short dura-
tions and within-rain parameters result from the laws of physics governing rain, the parameter requirement
could be simplified by the following: eight parameters for rain support modeling and three FIF parameters
could be considered as ‘‘global’’ or ‘‘universal.’’ Four of the rain duration/average rain rate relationship
parameters are fixed, whatever the climatic region (due mainly to the positivity of the rain rate). As the four
remaining parameters related to the duration/average rain-rate relationship were not studied with another
data set, it is currently difficult to gain a clear understanding of their variability. Finally, at maximum of 10
parameters need to be evaluated, in order to adapt the simulator to a different climatic region. Ideally, a
time series with a 15 s resolution would be required to correctly estimate these. However, they could, in
practice, be estimated from a series with coarser resolution. Typically, a 1 or 5 min time series should suffice,
since the within-rain properties are not expected to change significantly from one place to another.

A question can be raised on the specific behavior for the rain support below 5 min identified in this work.
Could this behavior be common to all rain events, whatever the location?

In principle, this simulation/validation approach could be applied to other fine-resolution time series. As
rain modeling is considered to vary from one location to another, some of our hypotheses and parameters
could be expected to vary. Thus, to improve the modeling of rainfall at different geographic locations, it
would be helpful to have an improved understanding of their differences and/or similarities.

In view of the limited time span covered by our time series (2 years), it is not possible to draw special atten-
tion to the seasonality of the results. Furthermore, we were able to use a coarse resolution relationship only,
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between the average rain rate and the rain duration. To improve these aspects of our model, it would be
necessary we need to study a longer time series. As we do not currently have longer fine-resolution time
series, it would be useful to compare our results with those obtained using other sensors for which longer
series are available. An intercomparison of sensors (typically the DBS and a conventional tipping bucket rain
gauge) would allow us to gain a better understanding of the influence of the sensor’s resolution and sensi-
tivity on the accuracy of rain property retrieval. At a resolution coarser than 1 h, although both the rain
gauge and the DBS disdrometer give consistent water volumes, discrepancies appear when finer resolutions
are considered. A better understanding of this should help us improve the simulator and/or test its accuracy
over longer periods of time. This would lead to longer simulated series, and thus give access to statistics
over longer time spans (providing information, on less frequent extreme events). The study of series over
longer periods of time may contribute toward emphasizing any seasonal trend in the rain series. It could
also invalidate the independence of no-rain and rain durations, and therefore lead to enhanced modeling
of the rain support.
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Erratum
In the originally published version of this article, incorrect affiliations were listed for the authors. The affiliations have since been corrected,
and this version may be considered the authoritative version of record.
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