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Abstract

The analysis of long-term trends in time series of wave parameters is useful, as
these may affect the high return period estimates that are used for the design
of several off-shore and onshore engineering projects. This work analyses the
use of linear regressions for detecting and quantifying long-term trends in
time series of data. In particular, it is evaluated the reliability of a linear
trend slope estimate, modified in order to minimize the weight of possible
outliers. To this end, this slope is compared against the outcomes of two
methods that do not imply the hypothesis of linear trend: the Mann-Kendall
test and the Innovative Trend Analysis. An application to significant wave
height time series over the Mediterranean Sea is presented. Time series
of 40 years of numerical hindcast of sea states over the whole basin were
analysed, and the methodology presented was applied to the annual maxima,
the annual 98" percentile and the annual mean significant wave height. The

results proved that the use of the investigated linear slope is meaningful and

'Department of Civil, Chemical and Environmental Engineering, University of Genoa,
Genoa, 16145, Italy

2Faculty of Engineering, University of Nottingham, Nottingham, NG7 2RD, United
Kingdom

Preprint submitted to Ocean Engineering October 28, 2019



10

11

12

13

14

15

16

17

18

19

sound, therefore this was used to assess the spatial distribution of trends
in the Mediterranean Sea. Results are presented and discussed for all the

statistics investigated.

Keywords: long-term trends, time series analysis, Mediterranean Sea

1. Introduction

Climate change is expected to significantly affects the main met-ocean
parameters, at both large scale and the local scale [50]. Relevant changes are
taking place in the upper-sea physics, and in particular in water temperature
and salinity [13], large-scale circulation [5, 4], mean sea level [30], and wave
heights and periods [46, 27]. In view of these considerations, the evalua-
tion and prediction of the upper-sea physics trends plays a crucial role in a
plethora of geophysical studies and engineering applications, such as the ero-
sion of the coasts [43], changing design from hard to soft engineering options
[17], flooding hazard and coastal vulnerability assessment and management
(1, 35, 11, 49], marine ecosystems [18, 33, 12]. The present study focuses
on the variations in wave climate, in particular in trends of significant wave
height (henceforth Hy); this is an issue of primary concern, because these may
affect the fluxes of energy between the ocean and the atmosphere and even
storm surges [51]. These variations would be also important for the coastal
areas, as they may in turn modify the equilibrium conditions of coastal beach
profiles [26] and affect ports’ activity to a substantial extent [20]. It is there-
fore crucial to identify and quantify the trends in wave climate, to embed
these information in engineering design.

The simplest approach to quantify a trend in sea state datasets is to
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perform a linear regression over the values of the time series. As an instance,
[16] applied a linear least square regression to annual mean H observed from
ship routes over the last century on a global scale. The same approach was
used by [39] to analyse both the annual mean and 90" percentile of H, in
the Central Bay of Bengal, and by [29] in the Eastern Mediterranean, while
2] performed linear interpolations of monthly wave height statistics in the
Gulf of Mexico. Linear slopes estimates were also employed to characterize
extremes H, selected with the Peak Over Threshold (POT) analysis in the
Italian seas [31], along the Catalan coast [6] and along the Chinese coast [40].

Previous researches made also use of linear regression modified accord-
ing to the model of Theil-Sen [36, 44|, resulting in a sounder slope estimate
(hereinafter T'S slope), because it is insensitive to possible outliers. The TS
slope was used, among others, by [32], evaluating monthly quantiles trends
in the northern Adriatic Sea, in [51], assessing H; global trends for annual
mean, mode and 90" percentile, and in [47], who compared the TS slopes
with four different models for detecting long-term trends of Hy in the North
Atlantic. In particular, [47] employed the seasonal ARIMA (AutoRegres-
sive Integrated Moving Average) modelling, multiple regression modelling,
and GAM (Generalized Additive Model) modelling, and showed that the dif-
ferent approaches result in reasonable agreement. Beside [47], other works
performed trend analysis characterized by major complexity than the linear
regression over time series of Hy; among others, [8] used a wavelet analysis for
assessing the variation in time of the dominant temporal modes of variability
in the Atlantic coast of Europe; [28] modelled historical trends of extreme

H, in two Portuguese locations through regression quantile models.
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In most of the applications that aim to evaluate changes in geophysical
time series, the identification of trends is usually carried out using the non-
parametric Mann-Kendall statistical test [23, 19, hereinafter called MK],
based on the samples rank correlation within a dataset. The MK, as well
as many other statistical tests, allows to accept or reject the hypothesis it
verifies (the so called null hypothesis, in this case the absence of a climate
trend) on the basis of the variable p,que, defined as the observed significance
level for the test hypothesis. The p,que is compared with a significance level
a, used as a threshold, to reject (if pyawe < @) or accept (if pyare > @) the null
hypothesis. In its common use, the MK does not provides any information on
the trend magnitude. In the context of trends of Hy, the MK was employed,
for example, in the aforementioned studies by [6] and [32], who selected
a threshold of a=0.1 to identify and subsequently characterized locations
showing trends off the Catalan coast and in the Adriatic sea, respectively.
Similarly, [2] and [40] performed linear interpolations on Hy time series for
locations showing trends at a level of « (i.e., threshold level) equal to 0.05.

Nevertheless, it should be mentioned that there is no theoretical basis for
the definition of the threshold value «, for that the binary use of pyae has
been increasingly questioned over the last few years. According to [48] and
[15], the pyarwe should be considered as a continuous measure spanning the
0-1 range; 1 indicates that data behave consistently with the null hypothesis,
while values tending to zero indicate that data behave progressively less
consistently with the null hypothesis. In view of the above, the p,aue of
MK (referred to as pyi) can be used as a measure of compatibility between

the data and the hypothesis that they are not characterized by a long-term
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trend. A similar use of p,que is found in [42], where the pyaue of the Anderson-
Darling statistic was used as a goodness-of-fit measure, to check whether their
data were best represented by a Generalized Pareto Distribution. In case of
trend analysis, one further limitation of the traditional use of the MK is that
a value of « is required to evaluate the sign of a trend. On the contrary, the
slope of the best fitting line immediately reveals whether the data of a series
are most likely to increase (positive slopes) or decrease (negative slopes) in
time. Indeed, the main advantage related to the use of linear slope estimates,
is that they provide easy-to-read and prompt information of long-term trends
over time series of data, with respect to more complex models which may be
difficult to read for many analysts. However, the hypothesis of linear rate of
change may represent a too limiting assumption.

In this paper, we evaluate whether the TS slope can be efficiently em-
ployed to quantify the sign and the magnitude of a trend, even if the un-
derlying trend is not linear. To this end, we take advantage of hindcast
data defined over the Mediterranean Sea (MS), computing the annual max-
ima, the annual mean and the annual 98" percentile of H, over the whole
basin. First, we investigate how the TS slopes of the reference time series
relate to their respective pyk; indeed, MK does not postulate the linearity
of the underlying trend. Subsequently, we compare the TS estimates with
the outcomes of another method that is not bounded by the hypothesis of
linear trend [the so called Innovative Trend Analysis, hereinafter referred to
as ITA, 37, 38]. Finally, once the suitability of the TS slope for detecting
long-term trends is proved, we evaluate the spatial distribution of long-term

trends of the extremes and the mean H, over the MS.
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The paper is structured as follows: in Section 2 we present the hindcast
data used for the study, along with the methodologies adopted to detect cli-
mate trends throughout the MS and the correlations analysis employed for
linking the TS slopes with the methodologies against which they are evalu-
ated. Section 3 shows and discusses the results of the correlation analysis and
a regional overview of the trends distributions over the MS. Finally, results

are further summarized in Section 4.

2. Data and Methods

2.1. Wave hindcast and selection of data

Wave data used here were computed by the hindcast service of the De-
partment of Civil, Chemical and Environmental Engineering of the Univer-
sity of Genoa [24, 25]. The service provides the main wave features on a
hourly basis over a 40 years long period (from January 1979 to December
2018), with a 0.1273°x0.09° lon/lat spatial resolution (side of the cells of
the computational grid is of the order of 10 km at the latitude of 45°N)
over the whole MS. Generation and propagation of sea waves are mod-
elled using WavewatchIII® version 3.14 [45], forced by means of the non-
hydrostatic model Weather Research and Forecasting—Advanced Research
3.3.1 [WRF—ARW, 41], based on the Climate Forecast System Reanalysis
database [CFSR, 34]. This dataset has been already used for a number of
studies on storms and wave climate over the Mediterranean Sea [3, 9, among
others].

In order to detect trends in extreme sea state time series, the events con-

sidered to be extremes were extracted from the whole time series of H, under
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study. In the extreme value analysis framework, the POT has become a well-
settled methodology, often preferred to the Annual Maxima (AM) approach,
above all for relatively short time series. However, the POT requires to select
a H, threshold that may significantly affect the subsequent trend analysis,
either in terms of magnitude and number of resultant peaks [21, 22]. The
value of the threshold may also be affected by climatic trends, e.g. if the
H, corresponding to the 98" percentile is taken as threshold for the POT,
this value will vary in time in presence of a trend. Additionally, the number
of events above a given threshold varies every year and different nodes in
the grid considered might have different number of events per year, posing
additional problems of homogeneity of the reference population, with respect
to AM values. On the basis of these considerations, the AM H,, annual 98"
percentile of Hg and annual mean H, were chosen for the analysis, assuring

that one sample per year is used across the grid in all cases.

2.2. Trend detection and quantification

2.2.1. TS method

The simplest trend is a linear one, hence, in order to quantify it, it is
possible to use the slope of the linear fit of a series of data. The value of
this slope can be computed following the TS method that is insensitive to
outliers, and it is therefore preferred to other common tools, such as the
least squares regression, for the problem under study. Considering a series
of values z; (i = 1..n, n being the number of samples) the estimate of the

TS slope (b) is computed as:
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143 where z; and z; are the j and " data of the series, respectively.

ws 2.2.2. The Mann-Kendall test

145 The MK is aimed at evaluating whether an either upward or downward
1us monotonic trend is present within a dataset. The null hypothesis of the test
17 is that there is no monotonic trend in the time series. The test statistic Zy, g,

us considering a time series of n elements x;, i = 1...n, is computed as:

num
Iy = —— 2
MK —r (2)
149 where num is equal to:
)
S—1,ifS>0
num = ¢ 0, if $=0 : (3)
S+1,ifS5<0
150 and S and o?(S) are computed as:
n—1 n
S = Oj—k (4)
k—1 j—k+1
1 g
o*(S) = 5 (=1 2n+5) - S tylty—1)(2t,+5)|. ()
p—1
151 with ¢;_j being an indicator function that takes 1, 0 or -1 value according

152 to the sign of z; —x, (positive, null or negative, respectively); g is the number

153 of tied groups in the time series, with ¢, being the number of elements in each
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p" group (p = 1,2,..g). The value of Zyx is then evaluated as a percentile
of the standard normal distribution, leading to the corresponding p;x of the
statistic. In most of the applications that take advantage of the MK, the
pamk is successively compared to «. In such a case, the use of a also allows
to detect the sign of the trend (whether it is upward or downward oriented)

using the following relationships:

(

Zyk > ¢ (1 — a/2) — positive trend

Zur < —¢ (1 — a/2) — negative trend (6)

\ZMK <l¢p7' (1 — a/2)| — no trend

where ¢ stands for the transform in the normal space.

Nevertheless, in this research the p,,x of each annual statistic was evalu-
ated in the whole 0-1 range. In this way, pysx was used to assess the intensity

of trends over the wave height series, as previously explained in Sect. 1.

2.2.3. Innovative Trend Analysis

The approach known as ITA is here briefly introduced. This method
requires to split a series in two halves, each with elements sorted in ascending
order, and plotted versus each other in a square plot. This allows to evaluate
how the scatters diverge from the bisecting line, which represents the no-
trend condition. Therefore, the ITA allows to quickly check for increasing
or decreasing trends (whether the scatter lies above or below the bisector
respectively). An example can be seen in Figure 1, in which three realizations
of generic time series (r; and xs) are first ordered according to the ITA

procedure and then plotted against each other.
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Figure 1: ITA plot for datasets characterized by positive (black crosses), negative (black

x) and no trend (black circles)

d; is the distance between the i (1...n/2) element of the series and the
no-trend line (see Figure 1). Consequently, for each wave height dataset
treated using the ITA, a series of n/2 ¢; can be built (where n, in the present
analysis, is the number of years over which the hindcast data are defined).
Note that the sign of §; indicates that the i'* value lays below (§; < 0) or
above (6; > 0) the no-trend line. If §; > 0 the trend is positive, and it is
negative for §; < 0, while change in sign of §; indicates that not all data

behave consistently with the presence of a trend.

2.3. Analysis of the correlation between the variables employed
The proposed methodology makes it possible to combine b and pj; g with-
out restriction for the rejection of the null hypothesis. Subsequently, b is

shown to be correlated with the parameters of the population of 9; in the

ITA method.
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2.3.1. Analysis of the correlation between b and pyrx

The correlation between p,/x and b was analysed for all the hindcast
locations following [14]. Correlations were graphically evaluated in the unit-
square space, spanning the 0-1 range and populated by the scaled ranks (S R;)

of the investigated variables,

my;
= 7
n+1 (7)

where m; is the position of the i data within the sorted series it belongs

SR;

to, whereas n in our case equals the number of years covered by the hindcast.
The scatter plot of ranks of py;x versus ranks of b is a visual tool that
indicates the presence of correlation, anti-correlation, or no correlation at
all. In the case of correlation, high (low) ranks of pyx occurr frequently
together with high (low) ranks of b. In the case of anti-correlation, high (low)
ranks of either variables tend to occur with low (high) ranks of the other. No
correlation is characterized by the absence of either of the previous patterns
[14].

Correlation levels were then quantified through the Spearman grade cor-
relation coefficient (ps). Said R,; and Ry ; the it" ranks of pyx and b respec-

tively, the following expression generally applies:

12 - n+1
P n(n—i—l)(n—l)z P n—1 ®)

=1
ps was selected because it has the advantage of being always defined,
unlike other commonly employed correlation coefficients, such as the classical
Pearson coefficient, which directly depends on the second-order moments of

the variables of interest, that is not always guaranteed [10]. The values of

11
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ps span from -1 (for series perfectly anti-correlated) to 1 (series perfectly
correlated); ps equal to 0 indicates that no correlation exists between the
investigated series. Correlations were iteratively evaluated by varying the
significance level o within the 0-1 range with a 0.01 incremental step. For
every iteration, only the series with py/x < a were retained for the analysis,
i.e. just the series allowing to reject the MK null hypothesis according to
the binary use of py;x. When a equals 1, no data are excluded and all the
hindcast locations are taken into account; indeed, the maximum value that
Py can attain is exactly 1, therefore in the latter case no filtering on the

series due to the value of « is applied.

2.3.2. Analysis of the correlation between b and the distribution of 0;

The second step of the developed methodology, requires to check whether
the values of b are consistent with the §; obtained by the ITA, referred to the
respective series (i.e. the Hy annual statistics of the hindcast locations).

The reliability of the linear trend hypothesis was first evaluated by analysing
the empirical cumulative distribution function (ecdf) of ¢; series for four hind-
cast locations characterized by different values of . This allows to check
rapidly if the ¢§; series increase or decrease according to the values of b the
ecdf is linked to, meaning that the larger is b, the larger are the ;.

However, a graphical comparison for all the hindcast locations would not
be feasible due to the high number of available datasets. Therefore, the sum
of the 9; for each H, time series was computed, therefore using this sum
as a single parameter for the analysis instead of n/2 data. This allowed
to perform a direct comparison between datasets of equal length (e.g. the

number of hindcast locations): one containing the values of b and the other

12
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with the sum of ¢; (for each of the annual statistics taken into account).

3. Results

3.1. Trend identification and quantification

First, the correlations between b and py;x for the AM H, are shown in
Figure 2. For the sake of clarity, only results related to four levels of a are
here reported (0.01, 0.05, 0.90, and 0.95). The panels show as well the values

of ps computed for the AM H; series showing pyx < a.
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Figure 2: Correlations between b and pysx due to different values of a. Panel a): av=0.05;

panel b): @=0.1; panel c¢): a=0.9; panel d): «=0.95

The series with pyx < a,a = 0.05/0.1 (Figure 2, panels a) and b), show

no appreciable correlation between py;x and b can be detected. In fact, the
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scatters of R and R, are almost randomly distributed over the square-unit
space, and the values of the respective ps are far from -1, which indicates
a perfect anti-correlation. On the other hand, analyzing the correlation for
pumk retained considering higher values of a (0.9]0.95, Figure 2 panels ¢) and
d)), show a striking anti-correlation between the two investigated parameters.
As shown by the distributions of R, and R, in panels ¢) and d) of Figure 2,
low values of py/x are most likely to occur when b attains high values and
vice-versa: the scatters of the scaled ranks are homogeneously distributed
along the -1 bisector, and p, reaches values close to -1. As explained in Sect.
2.3.1, the full range of a was explored; Figure 3 shows the results of ps as a
function of a. For the sake of clarity, hereinafter values of b related to the
AM, annual 98" percentile and annual mean H, are referred to as baas, bos
and by pay, respectively. In panel a) of Figure 3 it can be noticed how the
anti-correlation between pys and by, becomes stronger (i.e. ps tends to -1)
proportionally to the level of o taken into account. Similar outcomes were
found for bgg and by;pan; in these cases, only the results of the p, series are
shown (Figure 3 panel b) and panel c).

As explained in Sect. 2.3.2, the series of b were further compared with the
ITA results. To this end, four AM H, series were analyzed; they are charac-
terized by either very intense trends (Point_001337 and Point_005995, upward
and downward trend respectively), and by almost flat trends (Point_013330
and Point_021272), according to the values of the respective bays. Then, the

ecdf of the respective d; were computed.
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Figure 3: ps for the correlation between b and ppri for different values of «. Panel a):
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The locations of the hindcast points taken into account are shown in
Figure 4, while the AM H; series of the selected locations are shown in Figure
5. As Figure 6 shows, the series with almost flat trends (e.g. b close to zero,
panels c)-d) of Figure 5) show 9; with an approximately vertical profile in the
ecdf space; on the other hand, series related to steeper trends (panels a)-b) of
Figure 5) are characterized by ¢; further shifted from the 0 line. This analysis
reveals how the higher (lower) values of ¢; are in turn linked to the higher
(lower) values of b. This applies both to upward (positive slopes, right half
of Figure 6) and downward (negative slopes, left half of Figure 6) trends.

48°N| LR S~
- , 4 B
44°N
*
001337
+ 40°N )
s 005995 - I
0,
36°N 0’1(3330
32°NT 051272 |
28°N ‘ ‘ ! : ‘ .
0° 9°E 18°E 27°E 36°E
Lon

Figure 4: Locations of the hindcast points employed for the graphical comparison between

b and §;

At a second time, ps was computed using the sum of 9; and b for all the
populations considered (the subscripts AM, 98 and M EAN are used for ¢;
and for b). Results are shown in Table 1, from which it appears that b,
and by pany have similar pg, while the correlation is slightly lower between

bgs and the respective o;.
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Figure 5: Panels a) and ¢): AM Hj series with respective TS slopes for upward trends.
Panels b) and d): downward trends. Red markers: AM H, characterized by positive

trends; blue markers: AM Hs characterized by negative trends; gray markers: original

time series
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Figure 6: §; ecdf for the locations characterized by different trend intensities for AM Hy

series shown in Figure 5
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Z 5iAM - bAM Z 6i98 - b98 Z 5iA{fEAN - bMEAN
Ps 0.79 0.67 0.85

Table 1: Values of ps for the correlation between the series of sums of §; and b for the

annual H, statistics analyzed

3.2. Wave climate trends in the Mediterranean Sea

First, it is interesting to analyse the spatial distribution of Hy trends when
the most common usage of the MK, relying on the threshold a=0.05, is ap-
plied. Figure 7 shows only the locations characterized by trends according
to the aforementioned method for the AM data, annual 98" percentile, and
annual mean H; (panels a), b) and c¢) of Figure 7). The sign of the trends is
computed using Eq. (6). The AM H; results show large areas characterized
by negative trends in the south Tyrrhenian Sea and in the Ionian Sea, while
smaller areas and isolated spots showing positive trends are present, for in-
stance, in south-east of the Aegean Sea and in the northernmost areas of the
MS. The results for the annual 98" percentile of H, show positive trends
in the south of the MS between Sicily and Libya, while negative trends are
limited to very few locations. Results for the annual mean H show negative
trends limited to the south-east basin of the MS and positive trends limited
to small spots in front of the Libyan coast and along the coastlines of Italy

and Greece.
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Figure 7: Locations characterized by MK trends for a equal 0.05. Panel a): AM H,; panel

b): annual 98" percentile of H,; panel c): annual mean H,. Red dots indicate positive

trends, blue dots indicate negative trends
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On the other hand, Figure 8 shows the values of b computed for the
annual statistics of Hg over the MS, for both downward and upward trends.
It can be can seen that the most significant b for the AM H, are between
-5cm /year and 3cm/year. The areas subjected to the most intense negative
trends are the south of the Tyrrhenian Sea (in front of the northern coasts of
Calabria and Sicily) and the Ionian Sea, opposite the Greek coasts. On the
other hand, the Aegean Sea and the Tyrrhenian Sea (on east Corsica and
Sardinia), together with areas spread within the Balearic Sea, show wide
areas subject to positive trends of the AM H,. Results for the mean and the
98" percentile of H, change dramatically with respect to those of AM H,.
The trends show magnitude of mm/year, with different spatial distribution:
for both byypan and bgg, areas with negative values can be appreciated in
the south-east of the MS and in the north Tyrrhenian Sea, while positive
trends are found in the west of Sardinia and in the area between Libya and

the Ionian Sea.
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Figure 8: Spatial distribution of b in the MS. From top to bottom: Panel a): baas; panel
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To the best of our knowledge, it is the first time that an analysis of wave
climate trends is performed on the whole MS with such a resolution. There-
fore, comparison with previous results can be carried out only considering
local analysis in the literature. [6] and [7] evaluated trends for different direc-
tional sectors along the Catalan coast; [31] carried out a study on the Italian
seas. However, in the aforementioned works trends were computed consid-
ering sea storms extracted by de-clustering threshold exceedance within the
POT approach, thus a direct comparison with the present analysis would be
not significant. [32] evaluated trends on several monthly percentiles of Hy in
the northern Adriatic Sea, showing a reduction in extremes and an increase
in storminess that is not fully consistent with the results of Figure 8, where
bgg is positive but no trend in AM H, is found. Statistics based on annual
intervals in eastern Mediterranean were carried out by [29], further employ-
ing a simple linear regression for computing trends; their analysis of annual
mean H returned negative trends of order of magnitude consistent with the
present work, however, in their research, no positive trend is identified. As
far their AM H analysis, local analysis within the Aegean Sea agrees quli-
tatively well with the outcomes of the present work. On the other hand, [29]
showed a slightly negative trend in front of the coast of Lebanon, while the
present analysis suggests an area subject to homogeneous positive trends.
On the contrary, the trend for 90" percentile in the same area is positive
and apparently more consistent with the outcomes of the present work for

the annual 98" percentile of H;.
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4. Discussion and Conclusions

In most of the studies that use the MK, pyx is evaluated against a
threshold value of o to check for the presence of a trend. In the present
work, by using the Spearman index as measure of correlation it was found
that for the typical values of « used, the values of b do not appear to be
significantly related to the pp/x they refer to. Therefore, in this case no
useful considerations can be inferred for b, regardless the assumptions made
about the use of py;x. On the contrary, when p,/x is considered in its whole
range, a clear anti-correlation with b can be appreciated. In this case, it
follows that the magnitude of b can be retained to evaluate how strong is the
increasing/decreasing trend of the dataset under study. Indeed, the MK null
hypothesis is the absence of a trend in a dataset. Close-to-0 values of pyx
mean that the data behave consistently with the presence of a marked trend
(i.e. the null hypothesis is rejected), and this is more likely to occur for high
values of b, as shown in Figure 2 for the AM H (similar considerations hold
for annual 98" percentile of H, and annual mean H,). Furthermore, b was
proved to be correlated with the ITA outcomes. In fact, both the graphical
analysis of the 9; ecdf for the selected locations, and the correlation analysis
of the sum of ¢; for all the hindcast locations, reveal a strong correlation
of ¢; itself and b, in particular for the annual mean and maxima H, (as
shown in Table 1). It follows that the d; identified by the ITA graphical
method is in turn correlated to the py;x. Therefore, this paper allows to use
the information provided by b to quantify trends, because of the correlation
with pyk, and it provides theoretical support to the ITA. The application

here considered shows that the general use of py/k, as recommended in [15],
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expands, with respect to the more usual usage of the MK, the knowledge of
possible trends by attaching to each value of b a measure of the consistency
with the null hypothesis, without any a prior:i selection based on a threshold.

In view of the above, the values of b were used to gain an insight into
the spatial distribution of wave climate trends over the MS. In particular,
the statistics employed in this work were selected as they can be of great
importance in maritime and ocean engineering. The AM H, are indicative
of the most severe sea states, which are retained to compute the high return
period distribution of Hy, to be further used in marine and coastal structural
design. In the framework of Extreme Value Analysis, the 98" percentile of
the initial H, distribution of a sample is often used as a threshold to select
the exceeding peaks in the POT approach. Finally, mean sea states can be
relevant for fatigue analysis of maritime structures. The analysis revealed
similar patterns among the spatial distributions of trends for the annual 98
percentile of H, and annual mean H,, while trends of AM H, are differently
spread over the MS, moreover they are characterized by more intense values
of b (order of cm/year). These outcomes were then compared with previous
researches aimed at detecting and computing trends over isolated spots in
the MS. The order of magnitude of the annual rate of changes show good
consistency with the values of b computed in this work, while there are slight
deviations in the sign of trends for some locations, as discussed in section 3.2.
However, it has to be reminded that the exhaustively characterization of the
wave climate trends in the MS is beyond the scope of this research, though
interesting analogies with previous works can be pointed out and leave room

for further investigation.
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383 Finally, it is worth mentioning that, although the paper focuses on sea
s states, the analysis here introduced can be extended to other parameters
;s without loss of generality, and the application of this methodology to different

s geophysical time series is therefore straightforward.
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