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Abstract

One of the most relevant and debated topics related to the effects of the climate

change is whether intense rainfall events have become more frequent over the

last decades. It is a crucial aspect, since an increase in the magnitude and fre-

quency of occurrence of heavy rainfall events could result in a dramatic

growth of floods and, in turn, human lives losses and economic damages.

Because of its central position in the Mediterranean area, Sicily has been often

screened with the aim to capture some trends in precipitation, potentially

related to climate change. While Mann-Kendall test has been largely used for

the rainfall trend detection, in this work a different procedure is considered.

Precipitation trends are here investigated by processing the whole rainfall

time-series, provided by the regional agency SIAS at a 10-min resolution,

through the quantile regression method by aggregating precipitation across a

wide spectrum of durations and considering different quantiles. Results show

that many rain gauges are characterized by an increasing trend in sub-hourly

precipitation intensity, especially at the highest quantiles, thus suggesting that,

from 2002 to 2019, sub-hourly events have become more intense in most of the

island. Moreover, by analysing some spatial patterns, it has been revealed that

the south and the east of Sicily are more interested in significant increasing

rainfall trends, especially at the 10-min duration. Finally, the comparison

between the two procedures revealed a stronger reliability of the quantile

regression in the trend analysis detection, mainly due to the possibility of

investigating the temporal variation of the tails of precipitation distribution.

KEYWORD S

Mann–Kendall test, Mediterranean area, precipitation trend, quantile regression, sub-
hourly extremes

1 | INTRODUCTION

For about 30 years climate change has been, and still
today is, one of the most relevant and debated topics for

the scientific community. Although the signals, impacts,
and effects of climate change appear to be obvious and
we have been hearing more and more about matters such
as global warming, rising of oceans and seas temperature,
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rising of global sea level, decreasing of arctic sea ice
extent, melting of glaciers, increasing of extreme events
(e.g., heavy rainfall events and/or droughts), and so forth,
still today a part of the scientific community is sceptical
about climate change (Koutsoyiannis, 2020). What is cer-
tain is that if no action will be taken to face the climate
change, some climate tipping points might be reached
(Lenton, 2011), resulting in strong consequences for the
Earth difficult, or even impossible, to revert (e.g., the ice
melt in the poles). As an example, an increasingly warm
climate could result in an increase of the occurrence of
longer and more intense droughts in the 21st century
(Field et al., 2018) with relevant implications in water
availability for human, vegetation, and agriculture
(Thuiller et al., 2011). At the other side of the spectrum,
an increasing trend in the magnitude and frequency of
heavy rainfalls could lead to floods and, consequentially,
to fatalities and economic damages (Tabari, 2020). All
these aspects, in the long-term, could produce social and
economic frictions between populations, leading to a
growth of future risk of conflicts (Mach et al., 2019).

In this respect, already in the past, the Mediterranean
region has been referenced as one of the most responsive
regions to climate change, so much to be defined as a pri-
mary hotspot of climate change (Giorgi, 2006). Also, the
last report from the Intergovernmental Panel on Climate
Change has highlighted the Mediterranean as one of the
most vulnerable regions in the world to the impacts of
global warming (IPCC, 2019). One of the most debated
points, still today, is whether these changes have led to
an increase in frequency and magnitude of heavy rainfall
events over the Mediterranean area in the last years. The
detection of an increasing trend in such a kind of events
is very important since, other than being an indicator of
a climate alteration, it could support political decisions to
mitigate their effects (Ingold and Fischer, 2014). For this
reason, over the last decades, a great number of studies
have been aimed to detect the presence of trends in pre-
cipitation time-series over the Mediterranean region.

In general, to study the changes in rainfall character-
istics, there is no doubt that it is necessary to perform a
robust statistical analysis of historical data. Over the
years, one of the most used methods to detect trends in
precipitation has been the non-parametric Mann–
Kendall (hereinafter referred to as MK) test. It has
largely been used also in trend detection for extreme
events, often coupled with different methods used for
extracting extremes, such as the Block-Maxima (Pujol
et al., 2007; Villarini, 2012; Westra et al., 2013; Wi
et al., 2016), the Peak Over Threshold (POT) (Villarini
et al., 2011b; Tramblay et al., 2012; Wi et al., 2016) and
the indices developed by the Expert Team on Climate
Change Detection and Indices (ETCCDI) (Song

et al., 2015; Panda et al., 2016; Gentilucci et al., 2020). A
great number of studies involving the MK test have been
applied over the Mediterranean area (Norrant and
Douguédroit, 2006; Pujol et al., 2007; Chaouche
et al., 2010; Valdes-Abellan et al., 2017) and particularly
to the Italian peninsula (Buffoni et al., 1999; Crisci
et al., 2002), its southern part (Longobardi and
Villani, 2010; Caloiero et al., 2011), and its main islands,
that is, Sardinia and Sicily (Bonaccorso et al., 2005; Can-
narozzo et al., 2006; Arnone et al., 2013; Caloiero
et al., 2019), since their central geographic location in
the Mediterranean basin. Focusing on Sicily (Italy),
many studies have involved the use of the MK test for
detecting precipitation trends at several durations and
evaluating their significance. As an example, Bonaccorso
et al. (2005) applied the MK test to Sicilian rainfall annual
maxima at the canonical durations (i.e., 1, 3, 6, 12, and
24 hr) for those stations having more than 50 years of data.
The authors found a relationship between the trend direc-
tion and duration, highlighting an increasing trend at the
shortest time scale and an opposite behaviour at the longest
ones. Arnone et al. (2013) used the MK test coupled with a
non-parametric estimate, presented by Hirsch et al. (1982),
to determinate the magnitude of trends and thus identify
changes in rainfall characteristics at the canonical durations
for Sicily. The authors found out that the percentage of
gauges showing a positive trend tends to decrease when
duration increases, finding the maximum percentage at the
1-hr duration. For this reason, they guessed that a further
increase in the percentage of stations showing a positive
trend and, consequently, of extreme events could be extrap-
olated towards sub-hourly durations. In addition, the num-
ber of stations characterized by a non-significant trend
increases with duration and consists of the greatest part of
the gauges under study.

Differently from the MK test, the quantile regres-
sion (hereinafter referred to as QR) analysis (Koenker
and Bassett, 1978; Koenker, 2005) allows one to per-
form a linear regression on the whole data time-series,
taking into account those values greater than a selected
quantile. This means that, if very high (low) quantiles
are considered, QR allows exploring the upper (lower)
tail of the probability distribution function of the data.
QR method has been applied in the past to study trends
at different temporal and spatial scales for rainfall
(Villarini et al., 2011a; Bartolini et al., 2014; Lausier
and Jain, 2018) and other climatic variables, such as
temperature (Barbosa et al., 2011). Lausier and
Jain (2018) applied the QR method to the annual total
precipitation at a global scale, comparing results with
those provided by a linear regression model. The
authors, who found different precipitation trends
related to the mean (linear regression model) and the
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median (QR model at 0.5 quantile) of time-series,
asserted that a wrong trend interpretation, deriving by
using an easier method as simple linear regression,
could have implications for some environmental sys-
tems. Hence, they suggested to use a more robust
method, such as the QR. Lastly, by detecting trends for
the lower and upper tails of precipitation probability
density function, they classified the whole planet into
three risk classes, with the aim to identify some strate-
gies to deal with them. Bartolini et al. (2014) started
from two hourly rainfall data sets to look for trends in
precipitation amount, frequency, and intensity in two
locations of Tuscany (Italy) by means of a QR method.
Results showed a tendency to a decrease of total rain-
fall and wet hours, occurring in winter and spring, and to
an increase of hourly average precipitation during wet
hours. With reference to rainfall at sub-daily timescale,
some studies used the QR with the aim to understand
changes of sub-daily precipitation with temperature. For
instance, Van de Vyver et al. (2019) detected the scaling
rates of sub-daily precipitation with dew point temperature
at various quantiles, highlighting a general increase of rain-
fall extremes depicted by quantiles higher than 0.9, with
dew point temperature in various cities of Europe. How-
ever, to our knowledge, there seems to be a lack of studies
involving applications of QR in detecting trends of short-
duration (i.e., hourly and sub-hourly) precipitation, which
is one of the main purposes of the present study.

Starting from the above-mentioned conjecture of
Arnone et al. (2013), this work analyses a 10-min resolution
precipitation data set, different from that used by Arnone
et al. (2013), in order to identify eventual statistically signifi-
cant trends for Sicily at the sub-hourly durations and thus
verify if the hourly and sub-hourly precipitation are charac-
terized by the same behaviour, both in terms of trend direc-
tion and significance. To determinate an eventual existence
of trends and study their magnitude, a different method
than that used in Arnone et al. (2013), namely the QR
method, is here used. The Student's t test is used to assess
the significance of trends. Finally, the presence of any spa-
tial patterns of trends in magnitude is globally and locally
verified through a spatial autocorrelation analysis based on
the Global Moran's I Index (Moran, 1950) and the Local
Moran (Anselin, 1995), respectively.

Despite the observation period here investigated is not
enough long to infer properly about climate change effects,
the results of the study may still be a further potential signal
that something is probably changing in Sicilian and, more
in general, in Mediterranean climate, as several studied
have already pointed out over the years (Giorgi, 2006;
Giorgi and Lionello, 2007; Arnone et al., 2013; Forestieri
et al., 2018). In this sense, the work attempts to contribute

to the research in the field of climate change and its impact
on heavy rainfall occurrence trying to answer to the follow-
ing research questions: is it possible to identify statistically
significant trends at the sub-hourly durations, thus verifying
the conjecture of Arnone et al. (2013)? Is there an increase
in the significance of rainfall trends with the duration? And
if so, is it possible to assume that this aspect mainly con-
cerns extreme rather than ordinary events? Finally, is it pos-
sible to identify any spatial pattern of trends magnitude?

The article is organized as follows. Section 2 intro-
duces the methodology and data used in this study. Here
just a brief description of the detection trends methods is
provided. Section 3 is comprehensive of the achieved
results and the related discussions. Lastly, Section 4
reports the conclusions concerning the study.

2 | METHODOLOGY AND
DATA SET

In this paper, two different procedures are used to identify
trends in rainfall time-series: the QR method, originally
developed for econometric and statistical applications and
subsequently applied also in the environmental field, associ-
ated with the Student's t test, and the MK test, largely used
in extreme events analysis, coupled with the Sen's slope esti-
mator. The two procedures are briefly described in the
following.

2.1 | Quantile regression procedure

QR method, as introduced by Koenker and Bassett (1978),
can be considered as a natural extension of the standard lin-
ear regression models, due to the possibility to perform a
regression on quantiles rather than just on the mean. The
capability to investigate, at any quantile level, the linear
relationship between two or more variables provides a more
complete view of the statistical properties of a sample, also
inspecting the tails of its distribution. Furthermore, stan-
dard regression models are strongly influenced by the pres-
ence of outliers, aspect that could be quite annoying
especially in detecting trends along time.

The main difference between a simple linear regression
and the QR method is on the evaluation of coefficients.
While in a classical bi-dimensional simple linear regression
the intercept and the slope of the regression line are evalu-
ated through the least square minimization problem, the
QR model is based on a minimization of the sum of the
weighted absolute value of a difference between the ith
observation (yi) and the τth quantile line (β0(τ)+ β1(τ)xi)
at xi:
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From Equation (1) it is possible to evince the depen-
dency of the intercept, β0, and the slope, β1, of the regres-
sion line on the quantile level τ, for any 0 < τ < 1. The
role of τ and (1− τ) is to weight the vertical distances,
that depend on the position of the observations with
respect to the τth quantile line. In particular, points
above the quantile line are weighted by τ, while those
below the quantile line are weighted by (1− τ), thus
meaning that the greater the considered quantile, the
more relevant are points above the quantile line in
the evaluation of the slope and intercept of the regression
line. To evaluate the trends significance, the Student's
t test has been applied to the QR results. The test is here
used to reject the null hypothesis, with a significance
level of .05 and .1, that the slope of the quantile line is
equal to zero. In order to have a measure of the accuracy
in estimating the slope and the intercept of the QR line,
the standard error is also computed with a sparsity
method, known as ‘nid’ (‘not independently and identi-
cally distributed error’) (Koenker, 2004). This method, as
considered by Koenker and Machado (1999), allows one
to estimate the sparsity function for data that are not
independently and identically distributed, assuming local
linearity of the conditional quantile function Q(τjx) in x,
where Q(�) indicates the conditional probability of the
quantile τ given the observed variable x. The ‘nid’
method is sensitive to the presence of many equal values
in the analysed data set; indeed, such a condition could
generate a singular matrix, from which the algorithm
cannot compute the SE and, consequently, the confi-
dence interval.

For further details on the QR method the reader is
referred to Koenker (2005) and Hao and Naiman (2007).

2.2 | Mann–Kendall procedure

The MK test (Mann, 1945; Kendall, 1948) has been
largely used in the history of hydrological trends, mainly
because it is a non-parametric test. Due to this aspect,
trends related to a generic variable can be obtained with-
out any assumption about the properties of its distribu-
tion. Furthermore, this method is not so much affected
by the presence of outliers.

Unlike the QR method, the MK test is usually not
applied to raw precipitation data (i.e., time series of rain-
fall depth originally recorded by the gauges), but it is gen-
erally used with specific data sets, such as annual
maxima (Bonaccorso et al., 2005; Arnone et al., 2013).
The null hypothesis in the test indicates that the popula-
tion from which the sample is extracted has no trend,
while the alternative hypothesis is that a trend exists. To
accept or decline the null hypothesis at a fixed signifi-
cance level (i.e., αsig) a comparison between αsig and a
local significance level (i.e., pvalue) is required. This last
term is obtained as follows:

pvalue=2 1−Φ ZSj jð Þ½ �, ð2Þ

where Φ(�) is the CDF (Cumulative Distribution Func-
tion) of a standard normal variate. The standardized test
statistic, ZS, follows a standard normal distribution and
can be computed as reported below:

ZS=

S−1
σ

if S>0

0 if S=0
S+1
σ

if S<0

8>>>><
>>>>:

ð3Þ

In Equation (3), σ is the variance of the standardized
normal distribution function followed by the Kendall's
S statistic, under the null hypothesis. The S statistic is
computed as the sign function of the difference between
two consecutive observations, namely xi and xj:

S=
Xn−1

i=1

Xn
j= i+1

sign xj−xi
� � ð4Þ

In the case of an autocorrelated series, the MK test
could detect a trend even if it is not real, as demonstrated
by Von Storch (1999). For this reason, a pre-whitening
procedure is usually suggested, especially when the
observed data set is shorter than 50 elements (Yue and
Wang, 2002). It consists in removing from each observa-
tion, xi, a component given by the product of the previous
one and the lag 1 serial correlation coefficient.

min
β0 τð Þ,β1 τð Þ

X
yi≥ β0 τð Þ+β1 τð Þxið Þ

τ yi− β0 τð Þ+β1 τð Þxið Þj j+
X

yi< β0 τð Þ+β1 τð Þxið Þ
1−τð Þ yi− β0 τð Þ+β1 τð Þxið Þj j

0
@

1
A ð1Þ
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In literature, MK is quite often coupled with the Sen's
slope method (Almeida et al., 2017; Güçlü, 2018), as an
estimator of the trend magnitude. This latter assumes
that the slope of the regression line is estimated as the
median of the ensemble of slopes derived by linking
the pairs of consecutive observed data (Sen, 1968).

2.3 | Spatial autocorrelation analysis

The Global Moran's I statistic (Moran, 1950) can be inter-
preted as an extension of the autocorrelation coefficient,
by means of a symmetric spatial weights' matrix filled by
the inverse of the geographic distance between the pairs
of points, where data are recorded. The value of Moran's
I ranges from −1 to 1 (same as the autocorrelation). The
Global Moran's I has been here used to perform a spatial
autocorrelation (hereafter SAC) analysis in order to verify
the presence of specific patterns in the spatial distribu-
tions of the trend magnitude.

In order to establish whether data are randomly distrib-
uted or not, the Moran's I must be compared with its
expected value, E[I]. In general, if I is less than E[I] data are
dispersed, while I values greater than E[I] indicate a clus-
tered pattern. When I is close to its expected value, instead,
data tend to be randomly distributed across the points.
However, since SAC analysis is an inferential statistic,
results must be interpreted on the base of null hypothesis,
stating that data are randomly distributed across points.
Therefore, the p-value and the Z-score of the analysis must
be assessed. The null hypothesis cannot be rejected if the p-
value is not statistically significant, thus meaning that data
are randomly distributed across the points. On the other
hand, for those cases in which the p-value is statistically sig-
nificant, that is, the spatial distribution of the processed var-
iable is not the result of a random spatial process, a positive
sign of the Z-score statistic reveals the presence of a clus-
tered pattern of the analysed feature, while a negative one
means that the spatial pattern is dispersed.

The Global Moran's I statistic is useful to conclude if
the spatial distribution of a given variable is globally clus-
tered or not, but a local statistical analysis is necessary to
derive the geographical position of a cluster. To this
regard, Anselin (1995) introduced a class of local indica-
tors of spatial association, known as LISA. Among all the
possible LISA, in this study the Local Moran has been
applied. The link between the two global and local indi-
cators is that the global I can be seen as an average value
(up to a factor of proportionality) of local Ii, where the
subscript i stands for the location of the measurement. It
is worth to mention that, even if the Local Moran reflects
the presence of significant local clusters, it does not mean
that the global spatial distribution of the feature needs to

be necessarily clustered. The local clusters are identified
by means of the Moran scatterplot, in which points have
x–y coordinates given by the original and the spatially
lagged variable, respectively. This scatterplot is divided
into four quadrants, in which the axes intersect in the
centroid of the point cloud. The upper-right and the -
lower-left quadrants refer to a positive spatial autocorre-
lation, representative of similar values at geographically
near location. On the opposite, the other two quadrants
represent a negative spatial autocorrelation, meaning that
there are dissimilar values at neighbouring locations. Com-
bining the information provided by the Moran scatterplot
with an indication of significance, it is possible to make a
classification into four classes. In particular, significant clus-
ters, identified in the upper-right and the lower-left quad-
rants, are denoted as high-high (HH) and low-low (LL),
while significant outliers, identified in the lower-right and
the upper-left quadrants, are denoted as high-low (HL) and
low-high (LH), respectively.

2.4 | Study area and rainfall data set

The trend analysis detection here proposed is applied for
Sicily, which is the largest island of the Mediterranean Sea.
The island has an extension of about 25,700 km2 and a mor-
phology that is characterized by a mountain range along
the longitudinal direction on the northern side and the Etna
volcano on the eastern side. Elevation ranges from 0 to
about 3,300 m a.s.l. in correspondence of the volcano Etna.
Precipitation across the island has a significant spatio-
temporal variability, with a mean annual precipitation
(MAP) ranging between about 360 mm in the southeast
part of the island and about 1,900 mm at the volcano Etna,
situated in the northern east side (Caracciolo et al., 2018;
Cipolla et al., 2020). Concerning temporal variability, the
greatest part of MAP occurs during the winter seasons,
while the summers are generally drier. Being Sicily the wid-
est island of the Mediterranean area and lying in the heart
of the Mediterranean Sea, it has a climate that can be con-
sidered as representative of an area quite extensive of the
Mediterranean region.

The precipitation data set used for the study was pro-
vided by the regional agency SIAS (Servizio Informativo
Agrometeorologico Siciliano; i.e., Agro-Meteorological Infor-
mation Service of Sicily) and covers the period 2002–2019.
SIAS rain gauge network consists of 107 tipping bucket
rain gauge stations rather homogeneously distributed
across the island with an average density equal to about
250 Km2�gauge–1. Data are retrieved with high temporal
resolution (10 min) allowing time aggregation when neces-
sary. The time-series are characterized by a high level of
homogeneity, as declared by the SIAS Agency. The survey
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sites were chosen according to the World Meteorological
Organization (WMO) standards and the strict criteria used
in data detection, management and validation provide a
high degree of uniformity over the whole island.

In order to avoid any misinterpretation in calculating
trends, the original data set from SIAS was preprocessed
by removing all those gauges with at least 1 year of miss-
ing data. This operation has led to take into account only
72 stations for further analyses (Figure 1). The metadata
(i.e., name, ID, location, and altitude) of the selected sta-
tions are reported in Table S1 in the Supporting
Information.

Before proceeding with the QR analysis, it was neces-
sary to carry out a further two more operations. Firstly,
in order to prevent a great number of null values from
being weighted in Equation (1), all the zero precipitation
values were removed from the data set. Moreover, to
guarantee the correct sequence of rainfall in time, each
record has been previously associated to a ‘timestamp’
that fixes its position in the timeline. Secondly, since the
‘nid’ method is sensitive to the presence of many equal
values, as stated in Section 2.1, a Gaussian white noise
(i.e., zero mean with a negligible standard deviation, here
fixed equal to 10−5 mm) was added to the original time-
series. Indeed, the raw 10-min data set includes plenty of
values equal to the rain gauge resolution (i.e., 0.2 mm)
and its multiples that invalidate such a method.

Starting from the modified data set, data have been
aggregated to coarser time resolutions (20, 30, 40 min
and 1, 3, 6, 12, 24 hr), for the further trend analysis detec-
tion with the QR. In order to leave unchanged the total
precipitation amount at the different durations, a moving
window with the size of the chosen duration and that

moves with a time step equal to its size has been consid-
ered; at each step, all the data within the window have
been summed up to return the value of the aggregated
precipitation. The use of the above-mentioned
‘timestamp’ to fix the position of the 10-min record in
the timeline, guarantees the correct sequence of rainfall
in time also for the coarser time resolutions. Moreover, in
order to compare results with those obtained with the
MK analysis, the rainfall annual maxima for the previous
nine durations have been extracted as well.

3 | RESULTS AND DISCUSSION

3.1 | Precipitation trends through the
QR method at the gauge level

In order to derivate the slope (i.e., the trend magnitude)
and the intercept for a various range of quantiles, the R-
package ‘quantreg’ (Koenker, 2004) was used to apply
the QR method to the rainfall time-series generated as in
Section 2.4. Although the QR analysis was carried out for
all the gauges displayed in Figure 1, for the sake of
length, only the results related to the station of ‘Palermo’
are reported and discussed in this section. The signifi-
cance of trends has been assessed by means of the Stu-
dent's t test with reference to all the stations under study.
The results of such an analysis are reported in Section 3.2,
where the procedure to identify the presence of spatial
patterns has been carried out as well.

In order to provide a full view of the rainfall behav-
iour at different timescales aggregations, Figure 2 a, b,
and c shows the results only for the shortest (10 min),

FIGURE 1 Spatial distribution

of SIAS rain gauges overlaid on the

digital elevation model (DEM) of

Sicily. The gauge named ‘Palermo’
is highlighted with a bigger red

point as compared with the

remaining points
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intermediate (1 hr), and the longest (24 hr) durations,
respectively. Grey points represent the hourly rainfall
intensities, ih, obtained from aggregated rainfall depths,
while QR lines (coloured-solid lines) for the quantile
levels 0.25, 0.5, 0.9, 0.95, and 0.99 are shown contextually
to the ordinary least square (hereafter OLS) method line
(black-dashed line).

Results confirmed that, as the considered quantile
level grows, the intercept value grows as well. Indeed, for
the highest quantiles, the highest rainfall intensity values
have more weight than other values in the QR procedure,
as expressed by Equation (1). This behaviour is not
always valid for the slope since, depending on the data,
there could be a trend inversion at any quantile level.

From Figure 2, it is noteworthy to highlight that the
OLS regression line is not suitable to describe the behav-
iour of extreme events, both in terms of high and low
intensity precipitation, since the sample includes a great
number of ordinary low rainfall events that affect the
intercept of the regression line, thus pushing the regres-
sion line towards low values of intensity.

By observing the slope of the regression lines, it is
possible to make some inferences about the trend magni-
tudes for the durations considered. In addition, to make
possible the comparison of the trend magnitudes pro-
vided by the slopes of the regression lines at different
durations, it was decided to refer the slope units to the
annual increment of hourly intensity (Δih�year–1). A
graphical representation of this transformation can be
observed in the lower right panel of Figure 2. With this
regard, Figure 3 represents the variation of slope with
quantiles for the same durations shown in Figure 2.
Black points are representative of the slope of the regres-
sion lines for different quantile levels, while the grey
bands delimit the 90% confidence interval for the esti-
mated slopes. The QR has been applied to 0.02 equal step
quantiles ranging from 0.02 to 0.98, together with the qua-
ntiles 0.95 and 0.99 in order to extensively explore the rela-
tionship between slope and quantile. The slope of the OLS
regression line, which is constant at a fixed duration, is indi-
cated using a red-solid line whereas the related confidence
intervals are displayed by means of some red-dashed lines.

FIGURE 2 Graphic representation of QR lines (coloured—solid) and OLS line (black—dashed) for the station of ‘Palermo’ at
(a) 10-min, (b) 1-hr, and (c) 24-hr durations. In the lower right panel, it is reported an exemplification of the annual increment of hourly

intensity to compare slopes of rainfall intensity at different durations
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In general, if one observes the results of QR analysis,
an increasing (decreasing) trend at the higher quantiles
corresponds to the probability (with a certain level of sig-
nificance) to have more (less) severe events. With this in
mind, from the three panels of Figure 3, it is possible to
notice that for the lower quantiles the slope is always
close to zero, while it tends to generally increase for the
higher quantiles. Such a behaviour is mainly due to the
high number of low-intensity rainfall events which, for
the lower quantiles, have more weight than the higher
intensities. Moreover, with reference to the slope of the
ordinary least square method (red-solid line in Fig-
ure 3), this is characterized by a slope significantly dif-
ferent from those relative to the highest quantiles.
Such a behaviour is not observable for the lower qua-
ntiles, which have points mostly within the confidence
interval of the mean (red-dashed lines). This certifies
the fact that the ordinary least square method is only
representative of the average behaviour of the sample
and is not effective to characterize any trend at higher
quantiles, which correspond to heavy and very heavy
rainfall.

From the analysis of the confidence interval (grey
bands in Figure 3), for each duration and rain gauge

analysed, it can be observed that the standard error grows
with the quantile; this is mainly due to the reduced
extent of the sample used in the QR procedure for the
higher quantiles.

For completeness, it is noteworthy to highlight the
presence of some peaks in the slope at the 10-min dura-
tion for the higher quantiles (Figure 3a). This aspect can
be explained by comparing the shape of the empirical pdf
of rainfall intensity data at 10-min, 1- and 24-hr dura-
tions, as shown in Figure S1. In the case of the 10-min
duration (Figure S1a), the pdf shows the highest peak in
correspondence of the gauge resolution (i.e., 0.2 mm) and
several other peaks for the multiples of the gauge resolu-
tion that become smaller and smaller as the multiple of
the gauge resolution increases. This reflects in weighting
data in the QR procedure, thus generating the spikes
shown in Figure 3a. This aspect is lost at the higher dura-
tions (i.e., 1- and 24-hr durations in Figure S1b and c,
respectively) since data are aggregated and the empirical
pdf of rainfall intensity assumes a smoother shape.

3.2 | Variability of precipitation trends

The QR analysis was used to detect eventual relation-
ships between the magnitude and significance of the
trends with their durations and quantiles. In particular,
Section 3.2.1 will regard the detection of the relation
between significant trend magnitudes with duration/qua-
ntile, grouping all the gauges. Section 3.2.2, instead, will
be focused on analysing the previous relationships from a
spatial point of view.

3.2.1 | Effects of duration and quantile
on precipitation trends

Following the conjecture provided by Arnone
et al. (2013) about the existence of trends in sub-hourly
precipitation, a particular attention was paid to identify
eventual positive trends for the events at the sub-hourly
durations and for the higher quantiles. Moreover, a fur-
ther and most crucial aspect is linked to the fact that
eventual positive trends for these events would corre-
spond to an increase in rainfall events with a short-
duration and high-intensity that, in certain cases
(e.g., small catchments with low times of concentration),
could cause flash flood events and, as a consequence,
higher risks of economic damages and fatalities.

Figure 4 summarizes the QR results for all the consid-
ered rain gauges. It provides the percentage of gauges
showing a significant positive (red), negative (green), or
non-significant (grey) trend for the whole ensemble of

FIGURE 3 Slope of the regression lines versus quantile level

for the station of ‘Palermo’ at (a) 10-min, (b) 1-hr, (c) 24-hr

durations. Black points are representative of the slopes for various

quantiles, while the grey bands stand for the 90% confidence

intervals. The figure also displays the slope of the OLS regression

line (red-solid line) and the related confidence intervals (red-

dashed lines) at the three considered durations
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considered durations and 0.2, 0.5, 0.9, 0.95, and 0.99 qua-
ntiles. The two columns of Figure 4 are representative of
two different levels of significance (i.e., αsig = .05 and
αsig = .1, respectively).

Focusing on the lowest and intermediate quantiles,
namely 0.2 and 0.5, respectively, it is possible to notice
that a high percentage of rain gauges show a non-
significant trend for all the considered durations for both

the levels of significance. However, it is noteworthy that
a noticeable percentage of stations has a positive trend at
the sub-hourly durations, reaching the maximum value
at the 10-min duration (i.e., 26.4 and 33.3% for αsig = .05
and αsig = .1, respectively). As the duration increases,
there is an increase of the percentage of stations showing
a negative trend and, at the same time, a corresponding
decrease of the percentage of gauges manifesting a

FIGURE 4 Percentage of rain gauges characterized by a positive (red), negative (green), and non-significant (grey) trend coming out

from QR procedure at 0.2, 0.5, 0.9, 0.95, and 0.99 quantiles at all durations
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positive trend. This is more evident for the αsig = .1.
When the percentages related to the shortest (10 min)
and longest (24 hr) duration (Figure 4, top right panel)
are taken into account, for instance, one can observe that
the first bin (10 min) provides about 33% of gauges char-
acterized by a significant positive trend and about 6% of
gauges with a significant negative trend, while, on the
other hand, the last bin of the panel (24 hr) displays an
opposite behaviour (about 4% with a significant positive
trend and about 20% with a significant negative trend).
Furthermore, it seems that as the duration increases there
is a reduction of the very ordinary (i.e., 0.2 quantile) and
ordinary (i.e., 0.5 quantile) long-duration events. If these
negative trends for the lower quantiles (e.g., 0.2) will persist
especially at the longer durations, they could result in an
increased risk of dry conditions (Lausier and Jain, 2018)
with a reduction of available water resources, impacting, for
instance, the agricultural sector (Field et al., 2018), hence
causing noticeable economic damages.

Regarding the higher quantiles (i.e., 0.9, 0.95, 0.99), as
quickly as the duration decreases, it is possible to observe
a clear increasing pattern of the percentage of rain gauges
with a positive trend. In particular, for the two highest
quantiles (i.e., 0.95 and 0.99, respectively) and both the
significance levels (i.e., αsig = .05 and αsig = .1, respec-
tively), at least the 50% of the stations shows an increas-
ing trend at the 10-min duration. Regarding the quantile
level of 0.9, unless for the 10-min duration, which shows
a percentage slightly lower than the other sub-hourly
durations, the increasing pattern of positive trends with
the decreasing of durations is still maintained. On the
opposite, for the 24-hr duration, the stations with no-
trend strongly prevail, especially for 0.99 quantile level,
where about 98% of stations reveal a non-significant
trend at αsig = .05. All of the previous considerations sug-
gest an increase in rainfall intensity provided by sub-
hourly extreme events in Sicily, thus confirming what
Arnone et al. (2013) had already guessed for Sicily region
and other studies had found for other parts of the world
(De Toffol et al., 2009; Adamowski et al., 2010). As
already said at the beginning of this section, such a con-
dition could lead to an increase of flash floods, with all of
its consequences, but also to other consequences such as
an increase in the soil loss, due to its erosion, and a con-
sequent decreasing in production of these soils as found
by Wei et al. (2009) in the North-West of China.

Differently from the case of the lower quantiles, in the
last cases (i.e., 0.90, 0.95, and 0.99) less than the 10% of sta-
tions show a negative trend at all the durations under study;
this percentage becomes smaller and smaller as quickly as
the quantile increases. Moreover, differently than for the
positive trend, it is not possible to recognize any pattern
with duration. Furthermore, for the 0.99 quantile and

αsig = .05, almost no station reveals a significant negative
trend at all durations.

In order to describe the variation of trend magnitudes
with quantiles and durations, Figure 5 reports, the empir-
ical cumulative distribution function (hereafter ECDF) of
the trend magnitude for the gauges showing a statistically
significant (positive and negative) trend for αsig = .1 and
the durations of 10, 30-min and 1, 6, and 24-hr and the
0.2, 0.95, and 0.99 quantiles.

Firstly, it is worth to focus on the entity of the trend
magnitude, which considerably varies with quantiles.
Indeed, at the 0.2 quantile (Figure 5a), it is possible to
notice that, for all the durations, the trend magnitude
values are close to zero, so that hourly and sub-hourly
ECDFs, apart from those at 6 and 24-hr durations, cannot
be distinguished. An opposite behaviour is illustrated in
Figure 5b,c, related to the 0.95 and 0.99 quantiles,
respectively. In particular, as the duration increases, the
sample size becomes even smaller, due to a general loss
of statistical significance (see also Figure 4) and, at the
same time, the trend magnitude grows. Furthermore, as
the quantile increases, the trend magnitude increases as
well. As an example, focusing on the quantile 0.99 and
sub-hourly durations, it is possible to notice that the 75%
of stations present a trend magnitude greater than about
0.3 mm�h–1�year–1, which is approximately the maximum
magnitude value which characterizes the analyses carried
out for 0.95 quantile. These findings confirm that the
short-duration and high-intensity rainfall events are
occurring more frequently in Sicily, at least with refer-
ence to the considered period, thus confirming that in
the last years we are experiencing an increase in short-
duration high intensity rainfall events that could be prob-
ably a consequence of climate change, as affirmed by
Field et al. (2018).

The remaining ECDFs, related to all the durations
and quantiles considered, are reported in Section S3.

3.2.2 | Spatial analysis of precipitation
trends

In order to assess an eventual spatial distribution of the
trends in Sicily, for each rain gauge station, Figure 6 rep-
resents the magnitude, direction, and significance of the
trends detected with the QR approach. For the sake of
clarity, the trend magnitude, which is expressed as the
annual increment of hourly intensity, is symbolized by a
graduated colour, the trend direction is represented by
the symbol orientation (i.e., positive or negative), while
the dimension of the triangle is related to three different
classes of significance level (i.e., ≤.05; .05� .1;> .1). The
panels A, B, C, D and E in Figure 6 represent the spatial
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distribution of detected trends for the quantiles 0.2, 0.5,
0.9, 0.95, 0.99, respectively, while the columns 1, 2, and
3 are relative to the durations of 10-min, 1-, and 24-hr,
respectively. For the sake of the length of the paper, the
plots related to all the other durations considered for the
previous analyses are reported in Section S4.

By observing this figure, it is possible to notice that
the number of stations showing a significant trend (posi-
tive or negative) increases with the quantile level and
decreases as the duration increases, thus confirming what
has been already shown in Figure 4. Moreover, it is possi-
ble to observe that the trend magnitude values decrease
moving from the higher to the lower quantile for each
duration. The low trend magnitudes, which have been
obtained at the lower quantile levels, are strictly con-
nected to the high number of similar low rainfall inten-
sity values weighted in the QR process. For this reason,
these trends are expected to be low but, at the same time,

not negligible, since they refer to very ordinary rather
than extreme events. Indeed, even small changes in
events that frequently occur throughout the year could
lead to an important alteration of the local hydrological
cycle.

In order to objectively identify the potential spatial
clustered situations in the trend magnitude, the SAC
analysis was carried out on those rain gauges showing a
significant trend with αsig = .1 (i.e., all the medium and
large colourful triangles in Figure 6) using the GeoDa
software (Anselin et al., 2006). Table 1 shows the SAC
analysis results in terms of Global Moran's I estimated
value, Z-score, p-value, and sample size, related to all the
possible combinations between durations and quantiles
shown in Figure 6. It is important to remark that this
analysis aims to determine whether the trend magnitude
is globally clustered or not over the island. In such a kind
of analysis the sample size plays a very relevant role;

FIGURE 5 ECDF of the trend magnitude for 10, 30 min and 1, 6, and 24 hr at (a) 0.2, (b) 0.95 and (c) 0.99 quantile. ECDFs are

representative of the positive and negative trend magnitude with a significance level of .1. The sample size for any quantile-duration

combination is reported in the legend
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Legendre and Fortin (1989) suggest to apply the SAC
analysis to samples composed of about 30 values, in order
to have a sufficient amount of data to reliably identify
potential spatial patterns. Nevertheless, this threshold is
not a strict limit and, in fact, Griffith (2010) suggests a
minimum sample size of 25 elements.

The results of such an analysis are reported in
Table 1, where the cases with a p-value lower than .1 but

a sample size smaller than 25 are indicated with an italic
font, while the cases with a p-value lower than .1 and a
sample size greater than 25 data are reported with a bold-
italic font. Normal font face, instead, is related to the
quantile-duration combinations in which the p-value is
higher than .1 and, consequentially, in which the spatial
distribution of the magnitude can be considered as the
result of a random spatial process.

FIGURE 6 Spatial distribution of the gauges under study and magnitude (colour), expressed in mm�h–1�year–1, direction (triangles

orientation) and significance (triangle size, large for αsig≤.05, medium for .05 < αsig≤.1 and small for αsig>.1) from QR at 0.2, 0.5, 0.9, 0.95,

0.99 quantiles for 10-min, 1- and 24-hr durations. The bold letters, A-E, stand for the quantiles, while the bold numbers 1–3, denote the
durations
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Focusing on the lower (i.e., 0.2 and 0.5) and highest
quantiles (i.e., 0.99), the results of Table 1 indicate that
no spatial patterns of the trend magnitude can be found
at any duration, given the resulting p-value and Z-score
statistics. Indeed, regarding the 0.99 quantile and 10-min
duration, the p-value of the SAC analysis is higher than
.1, probably due to a great variability of the trend magni-
tude. Therefore, it is not possible to assume that, globally,
the distribution of the trend magnitude is significantly
clustered.

On the contrary, when one observes the quantile 0.9
it is possible to highlight that for the 1- and 24-hr dura-
tions, the p-value is less than .1 and, contemporary, the
Z-score is positive. This means that the spatial distribu-
tion of the trend magnitude is clustered, even though the
result related to the 1-hr duration may be considered
more reliable than the 24-hr one due to the greater
sample size.

Regarding the 0.95 quantile, while all the durations
exhibit a p-value lower than αsig = .1 only the 10-min and
1-hr durations are characterized by a sample size greater
than 25. Furthermore, the Z-score is always positive, indi-
cating that the trend magnitude is clustered.

The results of the SAC analysis for the remaining
quantiles and durations are reported in Section S4. With
reference to all the durations under study, the Global
Moran's I generally resulted in a spatially clustered distri-
bution of the trend magnitude especially for the higher
quantiles. This behaviour is particularly enhanced at
the 0.95 quantile for the whole ensemble of sub-hourly
durations (i.e., 10, 20, 30, and 40 min), which are

characterized by the greater sample sizes. Furthermore,
for the 0.9 quantile, the same considerations are valid for
the sub-hourly durations of 30 and 40 min. The reader is
referred to Table S2 for more details.

In order to identify the clusters' position, a Local
Moran analysis (Anselin, 1995) has been applied at the
same samples and for the same duration-quantile combi-
nations used in Figure 6. In particular, panels a to c in
Figure 7 show the results for 95th percentile at 10-min,
1-, and 24-hr duration, respectively. This quantile has
been chosen as representative mainly because the sample
size criterion is satisfied both for 10-min and 1-hr dura-
tion (i.e., 44 and 26 locations), while the sample size is
the largest among those relative to the 24-hr duration
(i.e., 17 points), even if it is smaller than 25 elements.

However, for the sake of completeness, Figure S5
shows the results relative to 0.2, 0.5, 0.90, and 0.99 qua-
ntiles at 10-min, 1-, and 24-hr duration.

In Figure 7, red and blue circles are relative to HH
and LL clustering cases, respectively, and characterized
by a p-value lower than .1. The significant outliers,
instead, are marked with the diamond shape and filled
with pink (HL) or light blue (LH) colours. Therefore, the
crosses represent those locations in which the signifi-
cance level exceeds .1.

It is worth to mention that for all the panels in
Figure 7 it is possible to distinguish two significant clus-
ters. In particular, in the south-east there is a HH cluster,
while the northern-west part is characterized by a LL
cluster. Looking at the dimension of these two clusters, it
is possible to observe as their extension changes with the

TABLE 1 Global Moran's index estimated value, Z-score, p-value, and sample size for 0.2, 0.5, 0.9, 0.95, and 0.95 quantiles and 10-min,

1- and 24-hr durations

0.2 quantile 0.5 quantile 0.9 quantile

10 min 1 hr 24 hr 10 min 1 hr 24 hr 10 min 1 hr 24 hr

Moran's I index 0.0442 0.2722 0.0202 −0.0939 −0.5349 −0.2730 0.0854 0.1494 0.6666

Z-score 0.5108 1.6065 0.4338 −0.4451 −1.4191 −0.9623 1.3501 2.1511 3.5955

p-value .6095 .1082 .6645 .6562 .1559 .3359 .1770 .0315 .0003

Sample size 28 17 17 25 12 14 24 28 15

0.95 quantile 0.99 quantile

10 min 1 hr 24 hr 10 min 1 hr 24 hr

Moran's I index 0.2766 0.1744 0.4674 0.0501 −0.1462 0.3266

Z-score 2.9122 1.7659 2.8604 1.0981 −0.3092 0.8874

p-value .0036 .0774 .0042 .2722 .7571 .3749

Sample size 44 26 17 43 14 5

Note: All cases in which the p-value is less than .1 but the sample size is less than 25 are indicated with an italic font, while those cases in which the p-value is
less than .1 and the sample size is greater than 25 are written in bold-italic font. Normal font face is related instead to those cases in which the spatial

distribution of the trend magnitude is the result of a random spatial process (p-value greater than .1).
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duration. At the 10-min duration (Figure 7a), for
instance, a relevant number of stations composes both
the clusters (i.e., 8 and 12 sites for the LL and HH, respec-
tively). Moreover, by comparing this panel with the cor-
respondent one in Figure 6 (i.e., panel D1) it is possible
to notice that the HH cluster includes those stations char-
acterized by the highest values of trend magnitude.
Therefore, the LL cluster is composed by a group of
gauges where the trend magnitude is moderately positive.
Starting from this consideration, it is worth to highlight
that the acronyms HH and LL do not necessarily refer to
a cluster of gauges in which an increasing or a decreasing
trend is observed.

Focusing on the 1- and 24-hr durations (i.e., Figure 7b,c,
respectively), both the clusters reduce their dimension. Fur-
thermore, the LL cluster seems to be more confined in the
north-west side of the island. Looking at the trend magni-
tude of the gauges forming the LL cluster (panels D2 and
D3 in Figure 6, respectively), it is also possible to observe
that, in this case, they match with a decreasing trend mag-
nitude cluster (i.e., except for the upper-left point in LL
cluster of Figure 7c).

Looking at the Figure S5, it is worth to focus that,
when the HH and LL clusters are visible, their location
is, more or less, the same of that highlighted in Figure 7.
This consideration is not valid for 0.2 quantile at 1-hr
duration, where different clusters can be detected.

3.3 | Mann–Kendall test for rainfall
annual maxima trends

This section shows the results of the MK method, applied
to the pre-whitened annual maxima extracted by the
SIAS data set, as well as a qualitative comparison with
the QR method results, with the aim to explore the

advantages and drawbacks of both methodologies in
trends detection.

As an example, the results of such an analysis for the
rain gauge of Palermo are shown in Figure 8, where
the subplot a) shows the annual maxima extracted for the
durations of 10 min, 1, and 24 hr, while the remaining
plots show the results regarding the trend-duration
dependency (Figure 8c) and the spatial variability of
trends magnitude, direction, and significance (Figure 8b).
The magnitude, in this case, is obtained through the Sen's
slope method and represents the variation of rainfall
annual maxima per year (mm�year–1).

Focusing on canonical durations, it is possible to
observe two different behaviours between positive and
negative trends with duration. Indeed, as the duration
increases, the percentage of stations characterized by a
negative trend becomes greater, while the one featured
with positive trend decreases. In particular, at the 24-hr
duration, these percentages reach 18 and 0% for negative
and positive trend, respectively. Regarding the sub-hourly
durations, instead, no patterns with duration are notice-
able. In any case, it is worth to observe that the majority
of the rain gauges is characterized by a non-significant
trend.

Although it is not possible to make a direct compari-
son between the results obtained with the QR and MK
methods because of the different data sets they work
with, it may be useful to highlight some differences,
strengths and weaknesses of the two methods. First of all,
focusing on the data, since the MK test works with the
annual maxima (i.e., only a value of rainfall per year), it
might be unsuitable to work with short data sets (i.e., few
years of observed data) since it would return results sta-
tistically not significant. Moreover, working with annual
maxima implies that all the rainfall depths slightly lower
than the annual maxima, despite the fact that could be

FIGURE 7 Local Moran analysis for the 0.95 quantile at (a) 10-min, (b) 1-hr, and (c) 24-hr duration. The LISA is applied to both the

positive and negative trend magnitudes with a significance level of .1. Red and blue circles are relative to high-high (HH) and low-low

(LL) clustering cases, respectively, and characterized by a p-value lower than .1. The significant outliers are marked with light blue and pink

diamonds for low-high (LH) and high-low (HL) clustering cases, respectively. The crosses represent those locations in which the significance

exceed the level of .1
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even higher than the annual maxima of other years, are
discarded from the analysis.

In the QR method, instead, all data are processed to
extract information about trends, even if only those exceed-
ing the threshold related to the examined quantile are
weighted in a more significant way. Nevertheless, by
looking at the ECDFs of the aggregated time-series, related
to 10-min, 1- and 24-hr duration, for ‘Palermo’ rain gauge,
it is possible to observe that about 1,200, 470, and 100 values
are above the 95th percentile, respectively. Moving to the
99th percentile, the number of observations above this per-
centile drops to about 240, 90, and 20, respectively, but, in
any case, higher than those used in the MK procedure that
are 18 values (i.e., the annual maxima) for each of the con-
sidered durations. This could be the main reason why the
QR approach is able to detect a consistent number of sta-
tions featured by a positive trend for the 0.95 and 0.99 qua-
ntile (i.e., about 57 and 56% at αsig = .1, respectively), while
this information is not captured by the MK procedure.

With reference to the spatial patterns (Figure 8b),
most of the stations shows a non-significant trend at all
durations. Since the maximum number of rain gauges
showing a significant trend is equal to 13 (at 24-hr dura-
tion), the SAC analysis has not been carried out to avoid
inconsistent and/or unreliable results.

For all of these reasons, the QR could be a valid alter-
native to the MK procedure to detect trend in extreme
rainfall, especially when the period under study is short.
It is further worth to highlight that, also in the QR proce-
dure, the loss of significance recorded especially at the
longest duration could be attributable to a too small
sample size.

4 | CONCLUSIONS

Climate change is still today considered as one the most
critical issues to face by the scientific community. Its

FIGURE 8 Annual maxima for the rain gauge of ‘Palermo’ of the SIAS data set at 10-min, 1-hr, 24-hr duration (a), spatial distribution

of magnitude, direction and significance of trends (b), and percentage of stations having a negative (green), positive (red), or non-significant

(grey) trend obtained through the MK test (c)

TREPPIEDI ET AL. 15



manifestations could exasperate different kinds of extremes,
such as water scarcity and/or heavy rainfall events.

In this perspective, this work has been conducted
with the aim to identify potential changes in rainfall
intensity for Sicily (Italy) over the last 20 years. The
rainfall data time-series at different durations (i.e., 10,
20, 30, 40 min and 1, 3, 6, 12, and 24 hr), aggregated
from the original 10-min observations provided by the
regional agency SIAS, have been elaborated using the
QR method, at the quantiles ranging from 0.02 to 0.98
and considering also 0.95 and 0.99. The achieved trends
have been analysed under two different significance
levels (i.e., αsig = .05 and αsig = .1). Moreover, in order
to give a comparison of QR with one of the most
employed methods in trends detection, the annual max-
ima at the above-cited durations have been extracted
and processed with the MK test coupled with the Sen's
slope method.

When considering the 0.2 quantile, results revealed
the existence of a decreasing (increasing) pattern of the
positive (negative) trend with duration, even though
the greatest part of the rain gauges have shown a non-
significant trend. A decreasing trend at this quantile,
which can be assumed to be representative of the dry tail
of precipitation distribution, could lead in the future to a
higher risk of the occurrence of too dry conditions, thus
to water scarcity.

Moving to the highest quantiles, the dependence of
the negative trends with duration disappears and, in
addition, the percentage of stations showing a negative
trend tends to zero. On the opposite, a clear increase of
the percentage of stations characterized by a positive sig-
nificant trend has been achieved moving towards the
sub-hourly durations. This is especially highlighted at
the 10-min duration, where more than a half of the con-
sidered stations manifests a positive trend in rainfall
intensity. In addition, a general loss of significance of
trends with duration is registered. These results confirm
what Arnone et al. (2013) guessed years ago about extrap-
olating the increase in extreme events towards sub-hourly
durations.

Not only the temporal, but also the spatial variability
of precipitation trends has been investigated in this work,
by means of the Global and the Local Moran Indexes.
According to the SAC analysis results, it is possible to
assume that the spatial distribution of the magnitude is
clustered at any durations for the 0.95 quantile, while
only at 1- and 24-hr durations for the 0.9 quantile. For
the LISA analysis at 0.95 quantile, the majority of the
considered stations revealed a positive significant trend,
mainly located in the southeast of the island whereas the
west coast of the region mostly presents a cluster charac-
terized by a decreasing trend.

The MK test on annual maxima did not confirm the
QR results, since about the 90% of the stations revealed a
non-significant trend and this is probably due to the
small extension of the annual maxima data set used.

On the contrary, since regression procedure in the QR
method is based on the whole precipitation data set, it is
demonstrated to be less sensitive to outliers in the data
(Koenker, 2005; Roth et al., 2015) and to better look at
the tails of the probability distribution functions (Lausier
and Jain, 2018; Villarini and Slater, 2018). This provides
a more complete and reliable estimation of trends respect
to the MK procedure.

In conclusion, the general increase of sub-hourly
rainfall intensity, especially the more severe ones, over
the considered period (from 2002 to 2019) could be con-
sidered as a typical sign of a changing climate. Particular
attention is given to this result, since this kind of rainfall
could cause several damages due to the high quantitative
of rainfall that can occur also for a short duration event.
Especially in regions like Sicily, since the presence of
many small catchments with low times of concentration
and sometimes highly urbanized, the increasing occur-
rence of short-duration and high-intensity rainfall events
could lead to a higher number of flash floods, thus
increasing the risk of economic damages and fatalities.
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Güçlü, Y.S. (2018) Multiple Şen-innovative trend analyses and par-
tial Mann-Kendall test. Journal of Hydrology, 566, 685–704.
https://doi.org/10.1016/j.jhydrol.2018.09.034.

Hao, L. and Naiman, D.Q. (2007) Quantile Regression. London:
SAGE Publications.

Hirsch, R.M., Slack, J.R. and Smith, R.A. (1982) Techniques of
trend analysis for monthly water quality data. Water
Resources Research, 18, 107–121. https://doi.org/10.1029/
WR018i001p00107.

Ingold, K. and Fischer, M. (2014) Drivers of collaboration to miti-
gate climate change: an illustration of Swiss climate policy over
15 years. Global Environmental Change, 24, 88–98. https://doi.
org/10.1016/j.gloenvcha.2013.11.021.

IPCC. (2012) Managing the Risks of Extreme Events and Disasters
to Advance Climate Change Adaptation. A Special Report of
Working Groups I and II of the Intergovernmental Panel on
Climate Change. In: Field, C.B., V. Barros, T.F. Stocker, D. Qin,
D.J. Dokken, K.L. Ebi, M.D. Mastrandrea, K.J. Mach, G.-K.
Plattner, S.K. Allen, M. Tignor, and P.M. Midgley (Eds.) p. 582.
Cambridge, United Kingdom and New York, NY, USA: Cam-
bridge University Press.

IPCC. (2019) In: Shukla, P.R., Skea, J., Buendia, E.C., Masson-
Delmotte, V., Pörtner, H.-O., Roberts, D.C., Zhai, P., Slade, R.,
Connors, S., van Diemen, R., Ferrat, M., Haughey, E., Luz, S.,
Neogi, S., Pathak, M., Petzold, J., Pereira, J.P., Vyas, P.,
Huntley, E., Kissick, K., Belkacemi, M. and Malley, J. (Eds.) Cli-
mate Change and Land: An IPCC Special Report on Climate
Change, Desertification, Land Degradation, Sustainable Land
Management, Food Security, and Greenhouse Gas Fluxes in Ter-
restrial Ecosystems, In press.

Kendall, M.G. (1948) Rank Correlation Methods. Oxford, England:
Griffin.

Koenker, R. (2004) Quantreg: an R package for quantile regression
and related methods.

Koenker, R. (2005) Quantile Regression. Cambridge: Cambridge
University Press.

Koenker, R. and Bassett, G. (1978) Regression Quantiles. Eco-
nometrica, 46, 33–50. https://doi.org/10.2307/1913643.

Koenker, R. and Machado, J.A.F. (1999) Goodness of fit and related
inference processes for quantile regression. Journal of the Amer-
ican Statistical Association, 94, 1,296–1,310. https://doi.org/10.
1080/01621459.1999.10473882.

Koutsoyiannis, D. (2020) Revisiting the global hydrological cycle: is
it intensifying? Hydrology and Earth System Sciences, 24, 3,899–
3,932. https://doi.org/10.5194/hess-24-3899-2020.

Lausier, A.M. and Jain, S. (2018) Overlooked trends in observed
global annual precipitation reveal underestimated risks. Scientific
Reports, 8, 16,746. https://doi.org/10.1038/s41598-018-34993-5.

Legendre, P. and Fortin, M.J. (1989) Spatial pattern and ecological
analysis. Vegetatio, 80, 107–138. https://doi.org/10.1007/
bf00048036.

Lenton, T.M. (2011) Early warning of climate tipping points.
Nature Climate Change, 1, 201–209. https://doi.org/10.1038/
nclimate1143.

Longobardi, A. and Villani, P. (2010) Trend analysis of annual and
seasonal rainfall time series in the Mediterranean area.

TREPPIEDI ET AL. 17

https://doi.org/10.1002/joc.3956
https://doi.org/10.1002/joc.3956
https://doi.org/10.5194/adgeo-2-7-2005
https://doi.org/10.1007/s007040050089
https://doi.org/10.1002/joc.2055
https://doi.org/10.1007/s00704-018-2,595-1
https://doi.org/10.1007/s00704-018-2,595-1
https://doi.org/10.1016/j.pce.2006.03.022
https://doi.org/10.1016/j.pce.2006.03.022
https://doi.org/10.1016/j.atmosres.2018.06.010
https://doi.org/10.1016/j.crte.2010.02.001
https://doi.org/10.1016/j.crte.2010.02.001
https://doi.org/10.1007/s11269-020-02609-1
https://doi.org/10.1007/s11269-020-02609-1
https://doi.org/10.1002/hyp.1061
https://doi.org/10.2166/wst.2009.182
https://doi.org/10.2166/wst.2009.182
https://doi.org/10.1002/hyp.11421
https://doi.org/10.1016/j.egyr.2019.11.006
https://doi.org/10.1029/2006GL025734
https://doi.org/10.1016/j.gloplacha.2007.09.005
https://doi.org/10.1016/j.jspi.2010.03.045
https://doi.org/10.1016/j.jhydrol.2018.09.034
https://doi.org/10.1029/WR018i001p00107
https://doi.org/10.1029/WR018i001p00107
https://doi.org/10.1016/j.gloenvcha.2013.11.021
https://doi.org/10.1016/j.gloenvcha.2013.11.021
https://doi.org/10.2307/1913643
https://doi.org/10.1080/01621459.1999.10473882
https://doi.org/10.1080/01621459.1999.10473882
https://doi.org/10.5194/hess-24-3899-2020
https://doi.org/10.1038/s41598-018-34993-5
https://doi.org/10.1007/bf00048036
https://doi.org/10.1007/bf00048036
https://doi.org/10.1038/nclimate1143
https://doi.org/10.1038/nclimate1143


International Journal of Climatology, 30, 1,538–1,546. https://
doi.org/10.1002/joc.2001.

Mach, K.J., Kraan, C.M., Adger, W.N., Buhaug, H., Burke, M.,
Fearon, J.D., Field, C.B., Hendrix, C.S., Maystadt, J.-F.,
O'Loughlin, J., Roessler, P., Scheffran, J., Schultz, K.A. and von
Uexkull, N. (2019) Climate as a risk factor for armed conflict.
Nature, 571, 193–197. https://doi.org/10.1038/s41586-019-1300-6.

Mann, H.B. (1945) Nonparametric tests against trend. Eco-
nometrica, 13, 245–259. https://doi.org/10.2307/1907187.

Moran, P.A.P. (1950) Notes on continuous stochastic phenomena.
Biometrika, 37, 17–23. https://doi.org/10.2307/2332142.

Norrant, C. and Douguédroit, A. (2006) Monthly and daily precipi-
tation trends in the Mediterranean (1950–2000). Theoretical
and Applied Climatology, 83, 89–106. https://doi.org/10.1007/
s00704-005-0163-y.

Panda, D.K., Panigrahi, P., Mohanty, S., Mohanty, R.K. and
Sethi, R.R. (2016) The 20th century transitions in basic
and extreme monsoon rainfall indices in India: comparison of
the ETCCDI indices. Atmospheric Research, 181, 220–235.
https://doi.org/10.1016/j.atmosres.2016.07.002.

Pujol, N., Neppel, L.U.C. and Sabatier, R. (2007) Regional tests for
trend detection in maximum precipitation series in the French
Mediterranean region. Hydrological Sciences Journal, 52, 956–
973. https://doi.org/10.1623/hysj.52.5.956.

Roth, M., Buishand, T.A. and Jongbloed, G. (2015) Trends in mod-
erate rainfall extremes: A regional monotone regression
approach. Journal of Climate, 28, 8,760–8,769. https://doi.org/
10.1175/jcli-d-14-00685.1.

Sen, P.K. (1968) Estimates of the regression coefficient based on
Kendall's tau. Journal of the American Statistical Association,
63, 1,379–1,389. https://doi.org/10.1080/01621459.1968.104
80934.

Song, X., Song, S., Sun, W., Mu, X., Wang, S., Li, J. and Li, Y. (2015)
Recent changes in extreme precipitation and drought over the
Songhua River Basin, China, during 1960–2013. Atmospheric
Research, 157, 137–152. https://doi.org/10.1016/j.atmosres.2015.
01.022.

Tabari, H. (2020) Climate change impact on flood and extreme pre-
cipitation increases with water availability. Scientific Reports,
10, 13,768. https://doi.org/10.1038/s41598-020-70816-2.

Thuiller, W., Lavergne, S., Roquet, C., Boulangeat, I.,
Lafourcade, B. and Araujo, M.B. (2011) Consequences of cli-
mate change on the tree of life in Europe. Nature, 470, 531–534.
https://doi.org/10.1038/nature09705.

Tramblay, Y., Neppel, L., Carreau, J. and Sanchez-Gomez, E. (2012)
Extreme value modelling of daily areal rainfall over Mediterra-
nean catchments in a changing climate. Hydrological Processes,
26, 3,934–3,944. https://doi.org/10.1002/hyp.8417.

Valdes-Abellan, J., Pardo, M.A. and Tenza-Abril, A.J. (2017)
Observed precipitation trend changes in the western Mediterra-
nean region. International Journal of Climatology, 37, 1,285–
1,296. https://doi.org/10.1002/joc.4984.

Van de Vyver, H., Van Schaeybroeck, B., De Troch, R.,
Hamdi, R. and Termonia, P. (2019) Modeling the scaling of
short-duration precipitation extremes with temperature.

Earth and Space Science, 6, 2031–2041. https://doi.org/10.
1029/2019ea000665.

Villarini, G. (2012) Analyses of annual and seasonal maximum
daily rainfall accumulations for Ukraine, Moldova, and Roma-
nia. International Journal of Climatology, 32, 2,213–2,226.
https://doi.org/10.1002/joc.3394.

Villarini, G. and Slater, L.J. (2018) Examination of changes in
annual maximum gauge height in the continental United States
using Quantile regression. Journal of Hydrologic Engineering,
23, 06017010. https://doi.org/10.1061/(ASCE)HE.1943-5584.
0001620.

Villarini, G., Smith, J.A., Baeck, M.L., Vitolo, R., Stephenson, D.B.
and Krajewski, W.F. (2011a) On the frequency of heavy rainfall
for the Midwest of the United States. Journal of Hydrology, 400,
103–120. https://doi.org/10.1016/j.jhydrol.2011.01.027.

Villarini, G., Smith, J.A., Ntelekos, A.A. and Schwarz, U.
(2011b) Annual maximum and peaks-over-threshold ana-
lyses of daily rainfall accumulations for Austria. Journal of
Geophysical Research-Atmospheres, 116(D05103). https://doi.
org/10.1029/2010JD015038.

Von Storch, H. (1999) Misuses of Statistical Analysis in Climate
Research. Berlin, Heidelberg: Springer. https://doi.org/10.1007/
978-3-662-03744-7_2.

Wei, W., Chen, L., Fu, B., Lü, Y. and Gong, J. (2009) Responses of
water erosion to rainfall extremes and vegetation types in a
loess semiarid hilly area, NW China. Hydrological Processes, 23,
1780–1791. https://doi.org/10.1002/hyp.7294.

Westra, S., Alexander, L.V. and Zwiers, F.W. (2013) Global increas-
ing trends in annual maximum daily precipitation. Journal of
Climate, 26, 3,904–3,918. https://doi.org/10.1175/jcli-d-12-
00502.1.

Wi, S., Valdes, J., Steinschneider, S. and Kim, T.-W. (2016) Non-
stationary frequency analysis of extreme precipitation in South
Korea using peaks-over-threshold and annual maxima. Stochas-
tic Environmental Research and Risk Assessment, 30, 583–606.
https://doi.org/10.1007/s00477-015-1180-8.

Yue, S. and Wang, C.Y. (2002) Applicability of prewhitening to
eliminate the influence of serial correlation on the Mann-
Kendall test. Water Resources Research, 38, 4-1–4-7. https://doi.
org/10.1029/2001WR000861.

SUPPORTING INFORMATION
Additional supporting information may be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Treppiedi, D., Cipolla,
G., Francipane, A., & Noto, L. V. (2021). Detecting
precipitation trend using a multiscale approach
based on quantile regression over a Mediterranean
area. International Journal of Climatology, 1–18.
https://doi.org/10.1002/joc.7161

18 TREPPIEDI ET AL.

https://doi.org/10.1002/joc.2001
https://doi.org/10.1002/joc.2001
https://doi.org/10.1038/s41586-019-1300-6
https://doi.org/10.2307/1907187
https://doi.org/10.2307/2332142
https://doi.org/10.1007/s00704-005-0163-y
https://doi.org/10.1007/s00704-005-0163-y
https://doi.org/10.1016/j.atmosres.2016.07.002
https://doi.org/10.1623/hysj.52.5.956
https://doi.org/10.1175/jcli-d-14-00685.1
https://doi.org/10.1175/jcli-d-14-00685.1
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.1016/j.atmosres.2015.01.022
https://doi.org/10.1016/j.atmosres.2015.01.022
https://doi.org/10.1038/s41598-020-70816-2
https://doi.org/10.1038/nature09705
https://doi.org/10.1002/hyp.8417
https://doi.org/10.1002/joc.4984
https://doi.org/10.1029/2019ea000665
https://doi.org/10.1029/2019ea000665
https://doi.org/10.1002/joc.3394
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001620
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001620
https://doi.org/10.1016/j.jhydrol.2011.01.027
https://doi.org/10.1029/2010JD015038
https://doi.org/10.1029/2010JD015038
https://doi.org/10.1007/978-3-662-03744-7_2
https://doi.org/10.1007/978-3-662-03744-7_2
https://doi.org/10.1002/hyp.7294
https://doi.org/10.1175/jcli-d-12-00502.1
https://doi.org/10.1175/jcli-d-12-00502.1
https://doi.org/10.1007/s00477-015-1180-8
https://doi.org/10.1029/2001WR000861
https://doi.org/10.1029/2001WR000861
https://doi.org/10.1002/joc.7161

	Detecting precipitation trend using a multiscale approach based on quantile regression over a Mediterranean area
	1  INTRODUCTION
	2  METHODOLOGY AND DATA SET
	2.1  Quantile regression procedure
	2.2  Mann-Kendall procedure
	2.3  Spatial autocorrelation analysis
	2.4  Study area and rainfall data set

	3  RESULTS AND DISCUSSION
	3.1  Precipitation trends through the QR method at the gauge level
	3.2  Variability of precipitation trends
	3.2.1  Effects of duration and quantile on precipitation trends
	3.2.2  Spatial analysis of precipitation trends

	3.3  Mann-Kendall test for rainfall annual maxima trends

	4  CONCLUSIONS
	REFERENCES


