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Abstract: Precipitation is crucial for water resource renewal, but climate change alters their fre-
quency and amounts, challenging societies for correct and effective water management. However,
modifications of precipitation dynamics appear to be not uniformly distributed, both in space and
time. Even in relatively small areas, precipitation shows the coexistence of positive and negative
trends. Local topography seems to be a strong driver of precipitation changes. Understanding
precipitation changes and their relationship with local topography is crucial for society’s resilience.
Taking advantage of a dense and long-lasting (1920–2019) meteorological monitoring network, we
analyzed the precipitation changes over the last century in a sensitive and strategic area in the
Mediterranean hotspot. The study area corresponds to northern Tuscany (Italy), where its topography
comprises mountain ridges and coastal and river plains. Forty-eight rain gauges were selected with
continuous annual precipitation time series. These were analyzed for trends and differences in mean
annual precipitation between the stable period of 1921–1970 and the last 30-year 1990–2019. The
relationship between precipitation changes and local topography was also examined. The results
show the following highlights: (i) A general decrease in precipitation was found through the century,
even if variability is marked. (ii) The mountain ridges show the largest decrease in mean annual
precipitation. (iii) The precipitation change entity over the last century was not homogenous and was
dependent on topography and geographical setting. (iv) A decrease in annual precipitation of up to
400 mm was found for the mountainous sites.

Keywords: annual precipitation; precipitation trends; climate changes; spatial analysis; Mediterranean;
topography; northern Tuscany

1. Introduction

Precipitation is one of the most fundamental climate processes, closely linked to water
resource renewal, drought events, and floods, which deeply influence the resilience of
society [1–4]. The impact of climate change on precipitation regimes and distribution also
varies in space and time, enhancing the difficultiy of identifying and modelling changes
in precipitation [5–7]. This research is confirmed by multiple studies analyzing changes
in spatiotemporal precipitation patterns over recent decades around the globe [6,8–12].
When focusing on finer spatial resolution, precipitation changes show significant temporal
and spatial variability, with positive and negative trends coexisting in relatively small
areas [13–16]. These changes appear to be influenced by climate drivers like atmospheric
circulation, local topography, and anthropogenic forcing [16–19]. At local scales and partic-
ularly in mountainous regions, topography imposes its signature on broader precipitation
changes [19–22]. The description and analysis of the temporal and spatial patterns and
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variations in precipitation are thus fundamental for understanding the precipitation dy-
namics and drivers, the evaluation of climate models, and the quantification of the impacts
of changes in precipitation on water resources [1,8,14,18]. In this context, long-term and
spatially dense precipitation monitoring networks are fundamental.

In this work, we take advantage of a dense rain gauge network, which has been
active since the beginning of the 1920s in northern Tuscany (Italy). The area is topograph-
ically complex with mountain ridges and coastal and river flood plains. The proximity
to the Mediterranean basin strongly affects the precipitation dynamics, with the annual
precipitation values being among the highest in Italy and Europe.

Located in the Mediterranean basin and characterized by mountain ridges, northern
Tuscany can be considered a climate change hotspot [19,23–25]. Several studies have
already indicated a potential overall decline in precipitation in the region since the 1950s,
underscoring its vulnerability to climate change [18,26,27].

All these characteristics, make this area optimal for studying precipitation variability,
in time and space. Thus, the main objectives of the present work are the following:

o evaluation of the changes in annual precipitation and their spatial patterns in the
study area over the last century;

o analysis of how topography can influence precipitation changes at the local scale.

Additionally, northern Tuscany hosts some of the most relevant water resources of the
entire region, thus enhancing the social value of such an analysis [28,29].

2. Study Area

The study area corresponds to northern Tuscany and includes the Livorno–Pisa–
Lucca–Pistoia plain to the south and the Apuan Alps and northern Apennine to the north
(Figure 1).
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Figure 1. Topographic map of the study area. The selected rain gauges are indicated.

The landscape is particularly varied, presenting flat and hilly areas in the southern
portion and steep mountains in the northern one, where the altitude reaches 2000 m above
sea level. The climate is consequently variable, although predominantly of Mediterranean
type with hot, dry summers and mild, wet winters [30–32]. The mean annual precipitation
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varies from 900–1000 mm in the southern flat-hilly area to more than 2000 mm in the
mountainous northern one, with a maximum of rainfall in autumn and a minimum in
summer [33–37]. The precipitation regime is mainly conditioned by eastward-moving
atmospheric disturbances originating over the Atlantic Ocean, by perturbations coming
from the Scandinavian and Siberian regions, and by convective storm events originating
over the Mediterranean area and Genoa Gulph [31,38]. The Apuan Alps and northern
Apennine represent the main regional reliefs, acting as a barrier for the humid air masses
from the Mediterranean Sea and the Atlantic Ocean [31,38]. The bi-directional W-SW
and NE-E origin of the atmospheric disturbances are highlighted by the corresponding
dominant wind direction registered along the ridges of the northern Apennine [39,40]. Due
to the interaction between atmospheric perturbations and the Apuan Alps’ steep landscape,
the average annual rainfall of 3000 mm is reached and sometimes exceeded [18,35,36,41,42].
Both for the whole of Tuscany and its northern portion, a general decreasing trend in
precipitation has been recognized [26,27].

Moreover, the study area often experienced extreme meteorological events, also induc-
ing heavy damage and deaths [36,43,44].

3. Materials and Methods

Daily rainfall data of 49 rain gauges were acquired from the open database of the
Tuscany Region Hydrologic Service [39] (Figure 1). Precipitation records covered the period
from 1921 to 2019. The high number of rain gauges and the extent of the study area offer a
dense monitoring network, resulting in a particularly rich and long dataset.

3.1. Deriving and Checking Annual Precipitation Series

Annual precipitation series were obtained from the daily rainfall data for each rain
gauge. When necessary, the filling of missing yearly data was carried out via linear
regression with nearby rain gauges [45,46]. Given a rain gauge with missing annual
precipitation data, a rain gauge sharing a similar physiographical context, closer than
10 km, and with a coefficient of determination R2 ≥ 0.8 (with a linear regression model)
was identified. The missing data of the receiving rain gauge were then derived by linearly
interpolating the donor rain gauge annual precipitation data. The annual precipitation
series were tested for homogeneity with the double mass curve of cumulative annual
precipitation versus time in years [47]. Two rain gauges of the dataset presented an
anomalous change in their records and, therefore, were discarded. The 47 remaining rain
gauges did not present abrupt changes in the double mass curve, suggesting stability in
measuring conditions.

3.2. Precipitation Interpolation

Since an updated and validated map of the mean annual precipitation (MAP) is still
missing for the studied area, an interpolation is provided here. The MAP value for each
rain gauge was computed for the years 1990–2019 and interpolated by universal kriging,
with elevation as an external variable. The interpolation procedure, performed by the
“autoKrige” function of the “automap” package in R language [48,49], was chosen to obtain
the spatial distribution of the 1990–2019 MAP. The interpolation was performed on a
sampling grid of 100 × 100 m spaced points. All the geographical data are reported in the
EPSG:3003 coordinate system. The elevation value for each interpolated point was derived
from the regional DTM of Tuscany, provided by the Tuscany Region Cartography website
(https://www502.regione.toscana.it/geoscopio/cartoteca.html accessed on 3 March 2019).
To validate the interpolation, a leave-one-out cross-validation was performed for all the
considered rain gauges [50,51]. The map of MAP for the 1990–2019 period was then used
as a reference in the following evaluations.

https://www502.regione.toscana.it/geoscopio/cartoteca.html
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3.3. Analysis of Annual Precipitation Variation

Annual precipitation variations over an entire century were most likely not linear, and
thus their description with a single linear model may be incorrect, even in the case of a
trend detected with a p-value < 0.05. Two strategies were adopted to analyze changes and
fluctuations in annual precipitation. Firstly, an analysis of the annual precipitation changes
and a discrimination of stationary and changing periods were performed at a regional scale.
Then, the MAPs were compared and statistically tested between trend-free periods. Indeed,
if a significant trend affects a data series, using the mean value to represent that data would
at least lead to a loss of information and an incorrect representation of the process.

3.3.1. Trend Analysis

The analysis and description of annual precipitation fluctuations over the last century
at a regional scale were conducted as follows. For each rain gauge dataset, the Mann–
Kendall non-parametric trend detection test was executed on a 30-year moving window.
The thirty-year length was adopted since it is globally recognized as the minimum length
for climate characterization [52]. The Mann–Kendall test was applied, being widely used in
hydrological and climatological time series analyses for the detection of trends [53–56]. The
test was performed using the rtk function of the R rkt package [48,57]. A brief description
of the test is provided here [54,55]. Let X1, X2, . . ., Xn be a sequence of n observations
ordered in time. The Mann–Kendall test statistic S is defined as

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(
Xj − Xi

)
(1)

with

sgn(x) =


+1 i f x > 0

0 i f x = 0
−1 i f x < 0

(2)

The S statistic sign indicates the direction of the data variation. The standardized test
statistic Z is computed by

Z =


S−1√
Var(S)

if x > 0

0 if S = 0
S+1√
Var(S)

if x < 0
(3)

The p-value of the Mann–Kendall statistic (S) can be estimated using the normal
cumulative distribution function ( Φ):

p = 0.5 − Φ(|Z|), with Φ(|Z|) =
(

1√
2π

∫ |Z|

0
e−t2/2dt

)
(4)

The average S value of all the rain gauges was calculated for each of the 30-year
time windows and plotted with the count of p-values < 0.05, identifying the presence of
significant trends. It was then possible to define sub-periods where changes in annual
precipitation occurred as compared to the stationary periods.

3.3.2. Differences in Mean Annual Precipitations

To evaluate changes in annual precipitation over the last century, the most recent
thirty-year period (1990–2019) MAP was compared with the previous stationary periods.
Differences in MAP were tested by the t-test for all the rain gauges. The t-test was computed
with the “t-test” function of the R stats package [48,58]. Before performing the t-test, the
two compared periods were tested for Gaussian population distribution and absence of a
trend. These are the assumptions for the validity of the t-test. The Gaussian distribution
test was performed with the Shapiro.test function of the R stats package. Trend testing was
accomplished by the Mann–Kendall test with the rtk function mentioned before [48]. In
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the case of non-Gaussian data, the MAP differences were recalculated with a bootstrap
procedure computed with the boot function of the boot package [48,59].

The differences in MAP and the associated t-test statistics were used to evaluate the
variation in precipitation between the considered periods. The confidence intervals of the
differences in MAP were obtained by computing their standard deviations [58]:

σDx−y =

√
VAR(Px)

NAPx
+

VAR
(

Py
)

NAPy
(5)

where

σDx−y—standard deviation of the difference in MAP between the periods x and y.

VAR
(

Px/y

)
—variance in the annual precipitation values in the period x or y.

NAPx/y—number of observations in the x or y period.

The differences in MAP and the associated t-test p-values were plotted over the study
area for geographical evaluation.

3.4. Morphological and Geographical Influence on the Annual Precipitation Changes

Within the study area, four different sub-areas were identified based on their mor-
phological features and geographic locations (Figure 2). Area 1 includes the western side
(seaside) of the Apuan Alps; Area 2 includes the entire Apuan Alps’ mountain belt, which
is exposed to the sea influence; Area 3 includes the northern Apennine, more exposed to
both western and eastern atmospheric perturbations; and Area 4 comprises the southern
plain areas extending from the seaside between Pisa and Livorno toward the E-NE. The dif-
ferences in MAP were grouped according to these four sub-areas. The dependency on local
morphology and particularly the correlation with elevation were evaluated. The lmfunction
of the R stats package was used to derive the linear best fit of differences in MAP compared
with the rain gauges elevation. The errors in the regression coefficient and intercept were
calculated as described by [58] for the general case of data with different uncertainties.
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four sub-areas.
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4. Results

The MAP of the 1990–2019 period was obtained (Figure 2). Excluding five outliers,
the interpolated vs. observed linear regression shows a slope of 0.9 and R2 of 0.9, proving
the goodness of the interpolation. The map (available from [60]) shows that the MAP of
the study area in the 1990–2019 period ranges from a minimum of 887 mm to a maximum
of 3210 mm, with a mean of 1498 mm. As expected, the larger values of MAP are mainly
found in the Apuan Alps, and secondarily in the northern Apennine. The southern plain
area is characterized by lower MAP values.

4.1. Annual Precipitation Fluctuations

The results of the Mann–Kendall test on the 30-year time windows in the study period
(1921–2019) are shown in Figure 3. In the first half of the analyzed period (ca., 1921–1970),
the average S of all rain gauges fluctuate between positive and negative values, with very
few rain gauges possessing a p-value lower than 0.05. This period is therefore considered
not affected by significant trends in precipitation. Between the beginning of the 1970s and
1994, the average S parameter remained at negative values, joined with an increase in the
number of rain gauges possessing a p-value lower than 0.05. This major decrease is shown
throughout the study area as displayed by the heatmap of Figure 4, more marked in the
sub-periods of 1970–1980 and 1989–1993. After 1994, a general increase in the average S
statistic is again detected along almost all the considered rain gauges, even though few rain
gauges have a p-value lower than 0.05.
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Figure 3. The graph displays the average of the Mann–Kendall S statistic for all the rain gauges and
the number of rain gauges with a p-value lower than 0.05 for each of the 30-year time windows. Also,
the horizontal green–red bars in the background map display the Mann–Kendall S statistic for each
rain gauge for each 30-year time window.

4.2. Annual Precipitation Differences

It appeared that 1921–1970 can be considered a stationary period for the annual
precipitation. The datasets were split into two sub-periods each, 1921–1970 and 1990–2019,
for a total of 94 sub-datasets. Differences in MAP between the 1990–2019 and the 1921–1970
periods were then computed and tested for significance, as described in the Section 3.
Before computing the t-test for the significance of differences in the MAP, the normality
and absence of trends in the comparison periods for each rain gauge were checked. Of the
94 tested sub-datasets, 7 (4 in the 1921–1970 period and 3 in the 1921–1990 period) were
affected by significant trends (Mann–Kendall p-value < 0.05) and 10 (3 in the 1921–1970
period and 7 in the 1921–1990 period) were significantly non-Gaussian. Given the small
number of datasets affected by trends, all of these were kept in the analysis of the differences
to prevent loss of information.
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gauge are reported along with the associated t-test p-value.

For trend-affected datasets, the mean is, therefore, an average of a changing process
over the observed period rather than the mean value of a stationary process. The standard
deviations were computed after detrending the considered dataset. For the non-Gaussian
datasets, from the Central Limit Theorem [61], we can assume that their distribution of
means is normally distributed and, consequently, the t-test is still applicable using the
sample standard deviation. However, the bootstrap testing was additionally performed
to verify the goodness of the estimated differences in the means and relative standard
deviations. The bootstrap MAP differences were almost equal to their first estimation. Also,
standard deviations calculated by Equation [5] and the bootstrap procedure produced
differences lower than 10–20%. Given the agreement with the bootstrap differences in MAP,
the non-Gaussian datasets were also kept in the following evaluations.

Most rain gauges with significant MAP differences (p-value ≤ 0.05, 36% of the dataset)
are located in the northeastern mountainous portion of the area, and the differences are
mainly negative (Figure 4). The rain gauges with negative differences are larger in number
(87% of all the rain gauges), with the following p-value divisions: p-value ≤ 0.05 is 32% of
the total; 0.1 ≤ p-value < 0.05 is 19% of the total; and p-value > 0.1 is 36% of the total. These
areas appear to have experienced a higher negative variation in MAP, up to −420 mm,
between the 1990–2019 period and the stationary 1921–1970 period.

The map of Figure 4 shows that, in the study area, negative MAP differences are
dominant. The positive MAP differences account for 13% of all the rain gauges, with the
following p-value divisions: p-value ≤ 0.05 is 4% of the total and p-value > 0.1 is 9% of
the total.
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The coastal plain and the southeastern plain area show minor MAP positive differences
and, in a few cases, negative. Consequently, these latter sub-zones seem less subject to a
change in mean annual precipitation in the analyzed periods.

4.3. The Effect of Elevation

The correlation between the difference in MAP and elevation was evaluated for both
periods 1921–1970 and 1990–2019. The rain gauges were divided into groups according to
the four investigated sub-areas. Each rain gauge falling on the border of two sub-areas was
included in both respective groups.

The four areas show a different distribution of differences in MAP when plotted
against the altitude of the measuring location (Figure 5). Data from Areas 3 and 4 are
scattered and show no significant linear correlation between MAP differences and elevation
(Table 1). Data from Areas 1 and 2 appear to present a significant negative linear corre-
lation between the mean annual precipitation difference and elevation, with a higher R2,
coefficient p-values <0.05, and good χ2 (Figure 5 and Table 1). The regression coefficients
are of similar amplitude between Area 1 and Area 2 (between −0.29 and −0.39 mm/m).
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(c) Area 3, and (d) Area 4. Black lines correspond to the standard deviation in MAP differences. The
blue lines correspond to the linear regression models.

Table 1. Regression parameters and statistics for each MAP difference vs. elevation regression in the
four areas. (‘*’: statistically significant values).

n. of Rain
gauges

Intercept
[mm]

Intercept
p-Value

Coeff.
[mm/m]

Coeff.
p-Value R2 χ2 95% C.I.

for χ2

Area 1 9 −24 0.44 −0.37 0.009 * 0.65 6.0 * [2.2, 14.1]
Area 2 18 −62 0.03 −0.35 0.002 * 0.46 17.1 * [8, 26.3]
Area 3 16 −103 0.18 −0.09 0.4 0.06 34.9 [6.6, 23.7]
Area 4 19 −70 0.002 −0.03 0.8 0.00 23.4 [8.7, 27.6]
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4.4. Interpolation of Differences in Precipitation

Given the paramount importance of the study area also for the regional water re-
sources, an interpolation of the MAP reduction that occurred between the last 30-year period
(1990–2019) and the more stationary 1921–1970 period was performed. The 1921–1970 MAP
was interpolated by kriging with external drift, as described in the Section 3. Then, the
two rasters of the interpolated MAP for the periods 1990–2019 and 1921–1970 were sub-
tracted to obtain the spatial distribution of the differences in MAP (Figure 6). The southern
plain and the coastal plain show the smallest changes in MAP, while the mountainous
areas experienced a higher reduction in precipitation, with values exceeding 400 mm. The
Apuan Alps (Area 2) show the highest differences in MAP, while on the northern Apennine
ridge (Area 3) the differences in MAP are less pronounced, despite comparable elevations.
This observation agrees with the identified relationship between differences in MAP and
elevation for the Apuan Alps (Area 2).
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5. Discussion

Both the Apuan Alps and the northern Apennine are characterized by higher MAP
values in the study area for the most recent 1990–2019 period. This is undoubtedly related
to the well-known orographic precipitation enhancement process [62–65]. Despite the
similar and often higher altitude of the northern Apennine compared to the Apuan Alps,
the latter are characterized by higher MAP values (maximum around 3200 mm), probably
in relation to their proximity to the sea, which apports humid western air masses. Moreover,
the northern Apennine is in the drier leeward [62] side of the Apuan Alps with respect to
the humid western air masses.

The MAP fluctuations (Figure 3) are in agreement with the changes in precipitation
identified by [18] from the 1950s onward. However, we extended the analyses backward by
more than 30 years, showing the relative stability of the 1921–1970 period in the analyzed
area. The analysis also points out that the period from 1960 to 1990, usually adopted as a
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climatic reference [52], does not have stable annual precipitation for the studied area and
should be used with caution.

The analysis of the last century’s fluctuation in annual precipitation identified that
significant and decreasing trends are mainly distributed in the mountainous parts of the
study area. This result is in contrast with the work of [19], which found a decrease in
precipitation in the low-land area of the Po plain and no significant changes in the Alpine
region. However, these results are derived from a shorter period (1960–1990) in a different
geographical setting.

As expressed by [62] and references therein, the orographic enhancement is influenced
by multiple factors like cloud processes, interaction of the atmospheric flow with orography,
and general atmospheric circulation. Therefore, given the analyzed dataset, it is not easy to
argue the root causes of the larger decrease in precipitation at higher altitudes, which can
be related to multiple reasons from changes in large-scale circulation patterns to changes
in local factors (temperature gradients, condensation levels, hydrometeor formation, pre-
perturbation conditions, etc.) [66–68].

The reduction in MAP showed a negative and significant correlation with elevation in
the Apuan Alps (Areas 1 and 2, Figures 2 and 3), in contrast with the other mountainous
ridge (northern Apennine, Area 3, Figures 2 and 3), where there is no such significant
correlation. This diversity may be related to the different morphological and meteorological
settings. Indeed, as underlined previously, the Apuan Alps are more influenced by the
proximity to the sea and the consequent orographic perturbations, protecting the northern
Apennine from these meteorological events. The reduction in wind speed and storminess
in the Mediterranean area [2,69] and the consequent lower orographic enhancement may
be the cause of such a negative correlation between precipitation and elevation in the
Apuan Alps. On the other hand, larger and less orographically sensitive perturbations may
cause similar amounts of precipitation in both the Apuan Alps (Area 2) and the northern
Apennine (Area 3), not showing any relation with elevation. However, as well summarized
by [31], the Mediterranean climate and its changes are markedly variable in space due to
the morphological complexity of the area and to the dependency of different atmospheric
circulations, and any analysis of changes in dominant perturbation dynamics has yet to
be performed.

Aside from the actual causes, which need further investigation, the different correlation
between MAP differences and elevations for the four investigated areas also points out the
variability in precipitation changes at a local scale, similar to what was observed by other
authors [14,16,70].

The derived interpolation of differences in MAP confirmed that the mountainous
areas are more vulnerable to annual precipitation variations, inducing potentially serious
consequences on strategic water resources management [28], which require an increased
level of attention. Therefore, further investigation and particularly the continuation of
the monitoring of precipitation are necessary for the efficient assessment, forecast, and
management of water resources.

6. Conclusions

In this work, the mean annual precipitation in the last century (from 1921 to 2019) in
northern Tuscany was analyzed thanks to a dense network of rain gauges. This study aimed
to perform a spatially refined analysis of the possible changes in the annual precipitation
over the study area and their correlation with local topography.

A map of the mean annual precipitation over the last thirty-years period (1990–2019)
was constructed, filling the gap of an updated and validated precipitation interpolation in
northern Tuscany.

The main results of this study are as follows:

− Annual precipitation was approximately stable during the 1921–1970 period.
− Changes in precipitation were mostly negative from the 1970s to the beginning of the

1990s and positive but less marked from the 1990s onwards.
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− The mountainous areas showed a greater reduction in annual precipitation up to
−400 mm over the observation period.

− Over the Apuan Alps—the mountain ridge closer to the sea—the decrease in pre-
cipitation is negatively correlated with altitude. This correlation is absent over the
innermost mountain ridge (northern Apennines).

Further investigations are needed to properly assess the causes of such local differences
in annual precipitation variation. Dense and long-lasting meteorological networks are
of paramount importance for the accurate analysis of climatic variability and should be
promoted and maintained in all countries to study, foresee, and model climatic changes
with consequences on communities and ecosystems.
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