Taylor & Francis
JOURMAL OF Taylor & Francis Group

Ecohydraulics .
—— Journal of Ecohydraulics

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tjoe20

A framework for data analysis from long-term
monitoring in anthropized coastal areas

Francesca De Serio, Diana De Padova, Mouldi Ben Meftah & Michele Mossa

To cite this article: Francesca De Serio, Diana De Padova, Mouldi Ben Meftah & Michele Mossa
(19 Nov 2024): A framework for data analysis from long-term monitoring in anthropized
coastal areas, Journal of Ecohydraulics, DOI: 10.1080/24705357.2024.2428959

To link to this article: https://doi.org/10.1080/24705357.2024.2428959

ﬁ Published online: 19 Nov 2024.

N\
[:J/ Submit your article to this journal &'

A
& View related articles &'

@ View Crossmark data (%'

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journallnformation?journalCode=tjoe20


https://www.tandfonline.com/journals/tjoe20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/24705357.2024.2428959
https://doi.org/10.1080/24705357.2024.2428959
https://www.tandfonline.com/action/authorSubmission?journalCode=tjoe20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tjoe20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/24705357.2024.2428959?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/24705357.2024.2428959?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/24705357.2024.2428959&domain=pdf&date_stamp=19%20Nov%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/24705357.2024.2428959&domain=pdf&date_stamp=19%20Nov%202024
https://www.tandfonline.com/action/journalInformation?journalCode=tjoe20

JOURNAL OF ECOHYDRAULICS
https://doi.org/10.1080/24705357.2024.2428959

Taylor &Francis
Taylor & Francis Group

‘ W) Check for updates‘

A framework for data analysis from long-term monitoring in anthropized

coastal areas

Francesca De Serio®® (®, Diana De Padova®®

. Mouldi Ben Meftah®P

and Michele Mossa®?

4Department of Civil, Environmental, Land, Building Engineering and Chemistry, Polytechnic University of Bari, Bari, Italy;
PCoNISMa, Interuniversity Consortium for Marine Sciences, Rome, Italy

ABSTRACT

In heavily urbanised coastal areas, such as port basins, long-term monitoring of key parame-
ters can provide deep insights into local physical and ecological processes, supporting sus-
tainable coastal planning and enhancing effective environmental management strategies.
This study introduces a novel, user-friendly framework for analysing multi-year time series
data at monitored coastal sites, to assess variations arising from human or natural changes.
It explores how physical drivers can influence biological and ecological conditions across
various temporal and spatial scales. This approach makes monitoring a vital tool for planning
and control. While the proposed data processing techniques have been discussed in previ-
ous literature, their integration into a unified framework is what differentiates the present
work from prior studies. The framework’s applicability is demonstrated in the Bari Port area
in Southern Italy, where monitoring stations have been in place since 2019 due to dredging
operations. Despite its specific application, the framework is adaptable to any coastal area
with meteo-oceanographic stations providing high-quality data. Key findings indicate that
dredging primarily reduced turbulent mixing due to containment measures, affecting the
distribution and transport of turbidity and oxygen. Additionally, our analysis shows that eval-
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uating tracers’ diffusivity requires consideration of turbulence, waves, and tides.

1. Introduction

Monitoring coastal areas is essential for understanding
hydro-morphodynamic and ecological processes, such
as sediment transport, pollution spreading, nutrient
cycling, and the maintenance of ecosystem diversity.
This significance becomes even more evident in
coastal areas heavily influenced by human activity and
urbanization. These areas are vital yet vulnerable inter-
faces where intensive human activities intersect with
complex ecosystems. Understanding the main physical
and ecological processes governing these regions is
fundamental for enabling local management and
authorities to implement sustainable practices that bal-
ance human activities with ecological preservation.

Field stations are the most effective tools for
monitoring key physical and biological parameters
at target sites, providing high-quality data acquired
continuously over long periods and with high sam-
pling frequency (De Serio and Mossa 2015;
Armenio et al. 2017; Torres et al. 2022). However,
along with these advantages, this approach also has
some limitations, including the high cost of meas-
urement instruments and the technical challenges
associated with their installation, maintenance, and
calibration when necessary.

Recently, remote sensing technologies have been
increasingly employed to collect sea data (Hauser
et al. 2023; Laignel et al. 2023; Glover et al. 2024).
While they enable the monitoring of larger areas of
interest, they also encounter some technological lim-
itations and operational constraints. Satellite surveys
are inherently limited by specific orbits and revisit
times, resulting in a lack of continuous monitoring
and limited temporal resolution, leading to missed
transient events (Ardhuin et al. 2019). Unmanned
Aerial Vehicles (UAVs) are constrained by battery
life, operational range, and the need for periodic
retrieval and maintenance. Similarly, smart drifters
equipped with sensors, which are widely used for
hydrodynamic, biological, and chemical data collec-
tion, cannot provide continuous coverage over
extended periods and require frequent redeployment
or recharging. Lidar systems face similar limitations.
Additionally, these remote sensing techniques
mainly target the sea surface, providing only indirect
insights into processes occurring along the water
column. Their effectiveness is often hampered by
weather and lighting conditions, which can prevent
data collection during intense storms. Furthermore,
algorithms for retrieving parameters, such as
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turbidity, from remotely-sensed data in coastal
waters are often regional and require validation
based on field measurements (Dogliotti et al. 2015;
Li et al. 2022).

Numerical models can be considered an alterna-
tive solution for coastal monitoring and manage-
ment, as they can simulate various processes within
coastal environments over extended time periods.
Consequently, they are highly useful in identifying
recurring trends and planning potential interven-
tions, such as coastal defence, the construction of
new ports, or the modification of existing maritime
structures. Due to their significantly lower cost and
easier manageability compared to in-situ monitoring
instruments, numerical models may be considered
advantageous for monitoring. The list of available
3D numerical hydrodynamic models available for
application to coastal regions is extensive. To cite a
few, we can refer to DELFT 3D (Goossens et al.
1998), COAWST (Warner et al. 2008), SHYFEM
(Umgiesser et al. 2004), ROMS (Shchepetkin and
McWilliams 2005), and MITgcm (Marshall et al.
1997). Although all are based on the conservation
equations of momentum and mass, they differ in
many aspects, such as numerical solving schemes,
numerical grids, turbulence closure models, nested
approaches, and submodels able to simulate differ-
ent phenomena (e.g. biological processes and sedi-
ment transport). Consequently, numerical models
also have limitations, as their applicability depends
on the target area and the phenomena to be exam-
ined and reproduced. Moreover, to be trustworthy,
they require careful calibration and accurate valid-
ation of their outputs using real field data.

Consequently, there is a clear need to acquire
high-quality data for monitoring specific target loca-
tions in the area of interest. This is essential for
deducing typical trends and processes and verifying
numerical models reliably (De Pascalis et al. 2016;
Armenio et al. 2017; De Serio et al. 2020; Hauser
et al. 2023; Sala et al. 2023). Additionally, under-
standing past trends based on field data is crucial
for extrapolating future conditions (Ardhuin et al.
2019; Yauch et al. 2023), including applications in
machine learning techniques. It is also worth noting
that in many cases a synergistic combination of
remote sensing data with in-situ observations and
3D modelling outputs is the most promising solu-
tion (Ardhuin et al. 2019; Sanchez-Arcilla et al.
2021).

Having established that field measurements of
coastal processes remain indispensable, despite the
availability of advanced technologies and models, we
further observe that these processes generally oper-
ate on different time scales. Their relative impor-
tance changes over time due to varying constraints

of a physical, biological, and biochemical nature. It
is challenging to capture these temporal scales in
traditional instrument records without assimilating
many data streams (Glover et al. 2024) or using
classical statistical methods and data visualization
techniques, which are the most frequently employed
means of investigation (Cutroneo et al. 2012;
Fonseca et al. 2020). Furthermore, continuous auto-
matic measurements at high temporal resolution
often reveal patterns that are challenging to directly
attribute to single processes (Schmidt, Diallo, et al.
2019; Schmidt, Lischeid, et al. 2019; Wang et al.
2024). Given the complex interplay of these proc-
esses, effectively disentangling them may require
more advanced methods (Cheng et al. 2022; Liu
et al. 2024).

As a consequence, the aim of this study is to pro-
vide an efficient yet easy-to-implement and replic-
able framework for analyzing multi-year time series
data acquired in a coastal basin. By providing this
tool, we intend to answer the following key
inquires.

i. Can simple statistical methods applied to multian-
nual time series of hydrodynamic, physico-bio-
logical, and ecological data provide immediate
and comprehensive insights into the recurring
features and trends of a coastal basin?
Additionally, to what extent can these methods
help identify the primary constraints or forcing
factors (e.g. topography, tides, wind fields, waves,
etc.) that influence the system?

ii. Does increasing the complexity of data process-
ing techniques yield additional benefits?
Specifically, can advanced methods like for
instance  wavelet  correlation  techniques
(Torrence and Compo 1998) effectively disen-
tangle the interconnected processes within the
coastal basin? Furthermore, can these methods
clarify how physical drivers may influence the
distribution and transport of tracers (e.g. tur-
bidity, dissolved oxygen) across different time
scales and time windows? Can this analysis also
help to identify characteristic time scales of the
dispersion processes and relate them to natural
or anthropogenic alterations?

Addressing all previous questions is crucial, espe-
cially in coastal areas facing natural or human-
induced changes, as it enables scientifically informed
interventions that are ecologically and economically
beneficial. This is more necessary when specific
operations are carried out, such as dredging to
reclaim land and facilitate access for larger ships to
inland port basins or waterways, as they represent a
significant source of disturbance. These activities



can lead to adverse effects in coastal systems,
including habitat degradation, increased turbidity
and suspended sediment levels, altered current
dynamics, released pollutants, and changes in water
quality (Kaizer and Neumann 2021; De Padova
et al. 2022). At the same time, periodic maintenance
dredging is necessary to maintain navigable depths
(Miro et al. 2022).

To demonstrate the applicability of our frame-
work, we examine a target case: the coastal area
encompassing the Bari Port, situated along the
Adriatic Sea in Southern lItaly (Figure 1), where
monitoring stations have been in place since
February 2019. This monitoring network was con-
ceived to control the evolution of the basin status
and identify its main hydrodynamics along with
sediment spreading and transport. The Port
Authority had planned a heavy dredging operation,

Monitoring
Stations

JOURNAL OF ECOHYDRAULICS . 3

which was carried out in Spring—Summer 2022
Specifically, an Acoustic Doppler Current Profiler
(ADCP), a wave array, a CTD-fluorimeter probe,
and a wind station were installed.

We emphasize that our research is not intended
to examine that specific dredging operation and its
effects. Instead, our goal is to provide a practical
framework combining both basic and advanced
methods to estimate the system’s response or its
adaptation time scale to modification processes,
whether human-induced or natural. The added
value of the present study, compared to prior
works, lies in demonstrating the effectiveness of the
joint methods for this estimation, based on long-
term hydrodynamic, physical, and biological
datasets.

Despite being applied to a specific coastal site,
the procedure shown is generic, replicable, and not

Bari Port
Scale: 1000m

Scale: 300m

Te— ="
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Figure 1. Target site, with zoom view on Bari Port and especially on the port mouth and location of the measuring stations:
(A) external wave array; (B) ADCP; (C) weather station; (D) CTD-fluorimeter probe; (E) tidal gauge. Longitudinal Y axis and
transverse X axis of the port mouth shown. Google earth source for pictures.
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site-specific. It can be feasibly applied to any coastal
area equipped with similar measuring stations that
yield high-quality data with a high acquisition fre-
quency over sufficiently long period. In this way, it
becomes a key tool for monitoring, control, and
surveillance.

The framework outlined is composed of the fol-
lowing stages: (i) preliminary preprocessing of all
time series data to filter out spurious signals; (ii)
analysis of annual trends for currents, waves, wind,
and sea level, based on statistical tools and time-
averaging procedures to detect spatial and temporal
information characterizing the basin, including sea-
sonality trends and flow exchange through the
mouth; (iii) application and study of the wavelet
coherence (Torrence and Compo 1998; Grinsted
et al. 2004; Cheng et al. 2022; Liu et al. 2024)
between selected pairs of signal time series, where
we expect to find plausible relationships, occurring
for all time scales or restricted to specific time
scales; and (iv) analysis of the autocorrelation func-
tions for some selected variables to detect how they
are diffused in terms of temporal and spatial scales.
It is worth noting that except for stages (iii) and
(iv) which require more advanced analytical tools,
the other stages are based on the application of
well-established and simple procedures with low
computational cost.

The paper is structured as follows. In Section 2,
the target site and the adopted procedures to meas-
ure and process data are described. Section 3 dis-
plays and discusses the principal findings about
recurring trends, data correlations, integral scales,
and diffusivity. Section 4 provides a final summary
of the main outcomes.

2. Methodology
2.1. Study area and measuring stations

The Port of Bari in Southern Italy (Figure 1) plays a
key role in the Mediterranean region, acting as a
crucial gateway between Italy and the Balkans/
Middle Eastern countries. Its geographical location
makes it an important centre for international mari-
time routes and trade. The port is equipped with
various infrastructure, including piers, docks, tech-
nical-assistance services, and fuel supply stations for
vessels, which are vital for maritime activities but
also represent potential environmental concerns (De
Padova Attolico et al. 2022). It is enclosed by two
long and large breakwaters delineating its bounda-
ries on the east and west and features five principal
basins within its internal expanse, with a maximum
water depth of 13.5 m.

In February 2019, in preparation for upcoming
dredging operations carried out in Spring—Summer

2022 (from mid-May to mid-August), a monitoring
network was installed (Figure 1) to collect informa-
tion about the hydrodynamic and water quality state
of the basin. This was necessary to identify reference
and threshold values to ensure both the smooth exe-
cution of dredging works and the preservation of
the port basin. The dredged area was about
216000 m? for an average depth of 2.5m. The moni-
toring network includes (Figure 1): a multidirec-
tional wave array (Station A, geographical
coordinates 41.142 N, 16.851 E), an ADCP (Station
B, geographical coordinates 41.143 N, 16.854 E), a
CTD-fluorimeter-nephelometer probe (Station D,
geographical coordinates 41.144 N, 16.855 E), and
a weather station (Station C, next to Station D).

In detail, the weather system combines an ultra-
sonic wind speed and direction sensor providing
averaged values every 15min. The multiparametric
probe is fixed at a depth of 2m from the mean sea
surface and provides hourly averaged values of
water salinity, temperature, dissolved oxygen,
chlorophyll-a, and turbidity. The ADCPs are bot-
tom-mounted, upward-facing, and have a pressure
sensor for measuring mean water depth. The trans-
ducer head is located 0.50 m above the seafloor, and
the blanking distance is 1.0m, so velocities are
sampled along the water column with a 0.50 m ver-
tical bin resolution, starting at 1.5m from the sea-
floor up to the most superficial bin not biased by
waves, namely up to 1.5m from the sea surface.
Mean current velocity profiles have been collected
continuously at 1-h intervals, using an average of 60
measurements acquired every 10s. In this way,
hourly averaged velocity components along the
water column are provided. Specifically, only the
current velocity components in the horizontal planes
(at different investigated depths) will be addressed
in the following paper. At station A, also hourly
averaged values of significant wave height Hs, wave
period, and incoming direction have been acquired.
Finally, tidal data are available through the ISPRA
(Regional Environmental Protection Institute) sta-
tion, which is located inside the basin (Station E,
geographical coordinates 41.140 N, 16.866 E) pro-
viding averaged values every 10 min (Figure 1).

2.2. Data preprocessing and classical methods of
analysis

The entire collected dataset has been pre-processed
using quality control procedures, adhering to
SeaDataNet protocols (refer to De Padova et al.
2022 for details). Specifically, the quality control
involved the following steps: maintenance and cali-
bration of instruments twice a year in specialized
laboratories; visual inspection of the time series
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Table 1. Parameters investigated and duration of their time series.

Parameter

Measuring station Available temporal period

Wind intensity [m/s] and incoming direction [°]

Current intensity [m/s] and direction [°]

Temperature T [°C]

Salinity S [psu]

Chlorophyll-a CI [pg/l]

Dissolved oxygen DO [mg/l]

Turbidity Tu [ntu]

Significant wave height Hs [m], period Ts [s] and
incoming direction [°]

Sea level [m]

Weather station — station C 2019: Feb 18 — Dec 12

2020: Jan 1 — Dec 31
2021: Jan 1 — Nov 30
2022: Jan 1 — Nov 15

ADCP - station B 2019: Feb 18 — Dec 12

2020: Jan 1 — Dec 31
2021: Jan 1 — Nov 30
2022: Jan 1 — Nov 15

Multiparametric probe - station D 2019: Feb 18 — Dec 12

2020: Jan 1 — Dec 31
2021: Jan 1 — Nov 30
2022: Jan 1 — Nov 15

Wave array - station A 2019: Feb 18 — Jul 17

2020: Jan 1 — Dec 31
2021: April 16 — Jul 7
2022: Sept 1- Nov 15

ISPRA data - station E 2019: March 26 — Dec 31

2020: Jan 1 — Dec 28
2021: Jan 27 — Dec 28
2022: Jan 1 — Dec 28

signals, flagging spikes and identifying suspicious
data, which were consequently filtered out or cor-
rected after consultation with the data supplier;
cross-referencing with data from nearby moorings
or collected during ad hoc monitoring surveys.
After these preliminary operations, annual subsets
of selected data have been identified, which are
nearly free of data gaps, as shown in Table 1.
Different types of acquired data require different
treatments, as we need to handle large time series of
both vector and point data. Moreover, only in the
case of current data, such measurements are avail-
able along the vertical profile in station B.

As a first step, the annual subsets of vector data,
i.e. wind, wave, and current, have all been analyzed
using polar diagrams to get a preliminary inform-
ative overview. Referring to currents, three represen-
tative depths have been analyzed: close to the
surface, mid-depth, and close to the bottom. This
simple statistical tool enables us to immediately
detect the prevailing directions along which wind,
waves, and currents propagate, as well as how their
intensities are distributed along these directions.
The comparison among the four years further ena-
bles the detection of cyclic or recurrent trends.

Next, the vector data of the hourly current values,
measured along the 23 ADCP vertical bins at station
B, have been averaged first on a daily basis and then
on a monthly basis. These useful 2D maps, integrat-
ing previous polar diagrams with more fundamental
information, show how the horizontal current
changes its magnitude and direction in planes at dif-
ferent water depths. To better evaluate fluxes enter-
ing and exiting the port basin, the hourly velocity
values have also been projected along the longitu-
dinal Y axis of the port mouth (rotated 35 from
North clockwise). The axis is taken as positive

pointing outward (Figure 1). Similarly, to assess the
transverse flow, their projections along the trans-
verse X axis of the mouth have been considered,
taken as positive if directed towards the northeast
(Figure 1). Consequently, the water mass exchange
(meant as flow per unit of the mouth’s width) can
be inferred. To assess the fluxes entering and exiting
the port basin, the hourly velocity values have also
been projected along the Y-axis of the port mouth,
to obtain the u_. component, and along the X-axis,
to obtain the ur component. Both are considered
positive according to the axes shown in Figure 1.

Regarding sea level data, a harmonic analysis has
been applied to detect the main constituents, adapt-
ing the Matlab code by Pawlowicz et al. (2002).
They have been identified starting from a large data-
base of possible constituents using a bootstrap pro-
cedure, selecting only those having a high
significance level, which occurs for values of SNR
(squared ratio of amplitude to error in amplitude)
greater than unity. With this procedure, for each i
constituent, both the amplitude A; and the phase h;
(i.e. the phase referenced to the phase of the equilib-
rium response at 0 longitude) have been computed
(Pawlowicz et al. 2002).

This information is relevant to assess the nature
of the tidal regime, further identified by evaluating
a form number F defined as the ratio
F (Ao]_ AKl)/(AMZ AKZ); where O1 is the pl’in—
cipal lunar diurnal component, K1 the lunisolar
diurnal, M2 the principal lunar semidiurnal and S2
the principal solar semidiurnal. The condition
0.25 F<15 represents a mixed primarily semi-
diurnal tide, characterized by two high and two low
waters each tidal day. Moreover, the phases differ-
ence (2hmo-hma) has been computed, which serves
as another useful indicator. When in the range (0—
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180 ), it indicates a flood-dominated current; con-
trarily, when in the range (180 -360 ), it indicates
an ebb-dominated current (Aubrey and Speer 1985).

2.3. Wavelet coherence and correlations

To detect synchronous fluctuations between the
time series of two different signals, we have used an
advanced mathematical tool based on wavelet ana-
lysis, which has proven efficient in previous analyses
with an environmental focus (Vargas et al. 2010;
Schmidt, Diallo, et al. 2019; Schmidt, Lischeid, et al.
2019; Wang et al. 2024). Specifically, wavelet coher-
ence is a powerful analytical method capable of
revealing robust coherence patterns between two
variables over specific time scales and within desig-
nated time periods. Unlike conventional correlation
analyses, wavelet coherence offers the advantage of
examining the variability (direction and strength) of
coherence across different frequencies f (or analo-
gously time scales kt 1/f), capturing patterns that
may span from twice the measurement resolution
up to the entire duration of the investigated time
period. Wavelet coherence can identify periods of
synchronicity; while it does not establish direct
causation, the persistent coherence observed
between variables suggests synchronous influences
impacting them concurrently (Schmidt, Diallo, et al.
2019).

To achieve this, we have proceeded as follows.
First, the selected time series x(t) has been decom-
posed into time-frequency space, using wavelet ana-
lysis (Torrence and Compo 1998). The basic idea in
wavelet analysis is to start with a function of time
w(t), known as the mother wavelet, and generate a
family of scaled and translated versions of this func-
tion:

1 t—b
Wop U PW —— 1)

The parameters a and b are responsible for scal-
ing and translating the function w, respectively. This
mother wavelet serves as a basis function, having
zero mean and localized in both time and frequency
space. Several functions can serve as mother wavelet
and we have adopted the Morlet wavelet, which is
widely used due to its balanced compromise
between time and frequency resolution (Schmidt,
Diallo, et al. 2019). It is represented as a Gaussian-
modulated sinusoid:

w t p—1=4eiXote—t2=2 (2)

with X, dimensionless frequency (here assumed
equal to 6, following Grinsted et al. 2004).

The wavelet undergoes translations in time and
stretching or compression by varying its scale, acting

as a bandpass filter for the time series x(t). The con-
tinuous wavelet transform of the signal x(t) is thus
defined as the convolution of the signal with a
scaled and translated version of y:

1
ab Xt w,,t dt

1 _
P @

1
Xt W
v

-1
where () indicate the complex conjugate form
(Torrence and Compo 1998). This process reveals
the temporal distribution of the frequency compo-
nents of the signal, yielding the wavelet power spec-
trum (or scalogram), where the highest values
correspond to the most energetic frequencies of the
signal. In the subsequent step, the wavelet coherence
between the two time series x(t) and y(t) has been
assessed. It is determined by the square of the prod-
uct of the wavelet transform of the first time series
W}, with the complex conjugation of the second
W’ | normalized by the individual power spectra of

a, b’
each time series:

S altwx, W,
Rb W = @)
S at Wy, S at W,

where S is a smoothing operator in both scale and
time (Torrence and Compo 1998; Grinsted et al.
2004; Maraun and Kurths 2004). Wavelet coherence
values range between zero and one, identifying
phases of local cross-correlation between two time
series as a function of frequency. High values of
wavelet coherence indicate a strong similarity
between time series at specific frequencies and dur-
ing particular time windows. Additionally, the phase
difference between the time series has been
obtained, providing information about potential
time lags in the relationship between the two varia-
bles (Vargas et al. 2010; Schmidt, Diallo, et al.
2019). The statistical significance level of the wavelet
coherence has been calculated as the significant
deviation from red noise, estimated using Monte
Carlo methods, following Grinsted et al. (2004). The
significance level has been set to 0.95, indicating a
reliable indication of causality between the leading
and following variables only in this context. In the
following, we will refer to time scale (kt) always
considering it as the inverse of frequency, while we
will denote time period or time window as the avail-
able time of signal acquisition or shorter periods.
Considering the numerous time-varying variables
examined in this study, a selection has been neces-
sary, focusing on those expected to relate to specific
processes. Five examples have been chosen from a
variety of possible combinations of variables, with a



particular emphasis on turbidity. This choice has
been motivated by the dredging operations carried
out in the port, which were anticipated to poten-
tially alter typical trends and water quality status in
the basin. Thus, the possible coherence of the fol-
lowing pairs has been analyzed: sea level and turbid-
ity fluxes; significant wave height and turbidity;
oxygen and turbidity; temperature and turbidity;
chlorophyll and turbidity. The first two pairs could
serve as indicators of mixing and particle resuspen-
sion, while the latter three are associated with eco-
logical processes, such as photosynthesis or the
growth of phytoplankton biomass.

It's important to note that the coherence
observed between variables in time-frequency space
does not provide robust evidence of causality, which
would require more thorough investigations of each
individual case, exceeding the scope of this study.
Instead, coherence between variables can help iden-
tify processes occurring during distinct time win-
dows and at certain frequencies.

2.4. Integral time scales and eddy diffusivity

As it is well known, in the momentum equation of
circulation models for the analysis and forecast of
marine dynamics, the eddy diffusivity K for the
transport of momentum must be attributed and cali-
brated (De Dominicis et al. 2012; Klocker and
Abernathey 2014; De Serio and Mossa 2016).
Typically, it is provided by semi-empirical expres-
sions. For instance, in first-order turbulence closure
schemes, turbulent fluxes are related to the local
gradients of the mean variables (Tennekes and
Lumley 1972). Thus, in the plane ij (with i and j
being directions mutually perpendicular), the eddy
diffusivity is given by Kj; —uluj'= dui=dy; , where
ui denotes the i-th velocity component, y indicates
distance, the overbar denotes time-average and
primes are departures from this average (Klocker
et al. 2012).

Alternatively, when velocity time series are avail-
able, based on Taylor’s theory of particle dispersion
for homogeneous and stationary turbulence, the eddy
diffusivity can be estimated by computing the vari-
ance of the measured velocity values and the integral
time scale. This procedure, initially conceived for
Lagrangian measurements, has already been success-
fully used in estimating eddy diffusivity also in terms
of Eulerian statistics, particularly effective when the
Eulerian field evolves rapidly on the advective time
scale (De Dominicis et al. 2012) and the time series
are long enough for significant results (Klockeret al.
2012).

The longitudinal u_. and transverse ut velocity
components measured along the vertical profile at
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station B have all been examined for this purpose.
For each annual time series of both u, and ug, the
following steps have been taken. First, the autocor-
relation function R has been computed. Successively,
the integral of the autocorrelation function up to
the first zero-crossing has been assessed, consisting
of the integral time scale (Klocker et al. 2012; Di
Bernardino et al. 2020):
1 Wt Wt s
T Rjs ds 21— ——
0

2 ds (5)
0

where s is the time lag. It gives a rough measure of
the time taken by a fluid particle to become decor-
related with its initial state, thus being the temporal
scale of the greatest turbulent eddies. In our case,
we have two integral time scales, T_ and Tt res-
pectively for u_ and uy, computed for the two
directions, longitudinal and transverse (shown in
Figure 1), which have been separately investigated.
Instead, the time scale of the smallest turbulent
eddies, named turbulent micro scale, is given by the
time value corresponding to the intercept of the
osculating parabola of the velocity autocorrelation
function.

We define the Eulerian eddy diffusivity as the
product of the integral time scale and the time-aver-
aged velocity variance (De Dominicis et al. 2012; Di
Bernardino et al. 2020). Assessing it along the two
different examined directions (see Figure 1), we get

Koo ul2 T
KT UQI—Z TT

(6)

so that K. and Ky are respectively the eddy diffusiv-
ities in the longitudinal and transverse directions
mentioned above. This differentiation into two
directions could enable us to assess whether turbu-
lence is isotropic. Selecting the appropriate time
period for averaging the velocity variance is impor-
tant. It must be sufficiently long to account for
potential long term autocorrelation effects, yet short
enough to align with the representative mean vel-
ocity. After testing various durations, we have found
that results remain consistent when selecting times
between 60 and 90days. Consequently, we have
opted for a 90-day period for averaging in
Equation (5).

Finally, recalling that the turbulent Prandtl num-
ber is for definition the ratio between momentum
eddy diffusivity and thermal eddy diffusivity
(Tennekes and Lumley 1972), it is generally
assumed Pr equal to unity. Thus, by extending the
concept, eddy diffusivities for passive scalar tracers
can be obtained as the product of Pr and momen-
tum eddy diffusivity (Legleiter et al. 2019). This pro-
cedure is often followed, albeit the previous
assumption needs to be taken with a certain degree
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of caution, as it may not always be valid, as it will
be shown in the following results section.

3. Results and discussion

3.1. Main features and global overview of the
meteomarine conditions

As stated in Section 2.2, the annual subsets of cur-
rent (at station B), wave (at station A), and wind (at
station C) data have been analyzed using polar dia-
grams to provide a preliminary informative over-
view. Figure 2 illustrates these analyses for each

Moreover, these recurring patterns are notably influ-
enced by the site’s topography, which constrains the
hydrodynamics.

Beginning with the analysis of currents, illus-
trated at three representative depths (i.e. close to the
bottom, at intermediate depth, and close to the sur-
face), the following observations arise. For all the
examined years, bottom currents predominantly
flow towards NW and SSE, with values typically
ranging between 0.05 and 0.1m/s, occasionally
reaching up to 0.2m/s. At intermediate depth, the
prevailing current directions remain consistent with

those observed at the bottom, albeit with a wider
dispersion. However, the predominant velocities
decrease to values lower than 0.05m/s. Surface

examined year, plotting hourly averaged values.
What is immediately evident is that yearly current,
wave, and wind patterns exhibit recurrent features.

m/s] [m] m/s]
C<=0.2 <=2
Year 2019 [J>025-05 0>2-5
m>051-1 >5-10
->1 =>10

bottom currents intermediate currents surface currents incoming wave incoming wind

0 0 0 0

Year 2020

bottom currents surface currents

incoming wave

270 90

0% 5% 10% 15%

180

Year 2021

Graph 2

bottom currents intermediate currents surface currents incoming wave

Year 2022

bottom currents surface currents incoming wave

Figure 2. Annual polar diagrams of hourly averaged horizontal currents measured by station B, close to the bottom (first col-
umn), at intermediate depth (second column), close to the surface with propagating direction shown (third column); signifi-
cant wave height measured in A with incoming direction shown (fourth column); wind measured in C with incoming direction
shown (fifth column). Years from 2019 to 2022 respectively in each row of the panel.



currents mainly follow similar propagation direc-
tions, albeit rotated slightly anticlockwise, favouring
ESE over SSE and NNW over NW. Their magni-
tudes increase compared to middepth and are com-
parable to bottom currents. Additionally, surface
currents entering the port are observed to be more
frequent than outflowing currents and are character-
ised by higher values (up to 0.2m/s) across all years,
particularly in 2019 and 2020. Clearly, the orienta-
tion of the port mouth (Figure 1) channels all
described current distributions at Station B, influ-
enced by the two piers.

Diffraction effects dominate the wave distribu-
tions, as evidenced by the similarity of polar dia-
grams across each year, indicating waves
consistently originating from the NW, with crests
aligning closely with the bathymetric lines as they
approach the port mouth and enter the basin.
Significant wave heights, Hs, are plotted in the polar
diagrams, showing similar values predominantly in
the ranges of [0.25-0.5m] and [0.5-1m]. Higher
waves are recorded, especially in 2020, with Hs val-
ues ranging from [1 to 1.5m].

Wind measurements reveal that the most fre-
quent winds are predominantly from the SSW, with
low intensities ranging from 2 to 5m/s. However,
the most intense and frequent winds, falling within
the range of 5-10m/s and higher, have incoming
directions spanning from W to NNW. Few data
points also indicate low winds originating from the
E. Notably, winds from the second quadrant appear
to contribute to surface currents spreading towards
ESE and SE, as well as to wind waves entering the
basin. Conversely, landward winds do not signifi-
cantly affect the hydrodynamics. The relationship
between wind, waves, and currents, as well as the
recurring trends highlighted by this simple analysis,
underscores the importance of local topography in
shaping the basin hydrodynamics.

3.2. Velocity vertical profiles, flux exchange,
and tide

As a subsequent step, the information gained from
such statistical tools has been integrated by analyz-
ing the vertical profiles of the current measured at
station B along the water column. Their monthly
trends are depicted in Figure 3 for each investigated
year, with the vertical coordinate z starting from the
bottom, normalized by the local mean depth,
h 13.30m. A notable observation is the non-uni-
formity of flow along depth, often resulting in an
inversion of its direction of propagation, establishing
a double circulation. Specifically, the flow predomin-
antly outflows from the port in the layers closer to
the bottom and inflows in the superficial layers.
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Across almost all the plots in Figure 3, the current
velocities initially decrease from the surface with
increasing depth and subsequently increase again
with further depth. The depth from the seabed at
which velocities reach their minimum, and the flow
changes its direction, predominantly falls within the
range z/h [0.4-0.6]. This trend is particularly evi-
dent throughout 2022, where a distinctly regular
pattern characterizes the distributions of the velocity
vectors (Figure 3(d)). This double circulation, mani-
festing through inflow at the surface and outflow at
the bottom and respecting the mass flux balance,
resembles findings from previous studies, referring
to a completely different location, but characterized
by similar ratios Hs/h on average (Armenio et al.
2017; De Serio et al. 2020). In such convergent and
channelized flows, it is the bathymetry that plays the
most fundamental role, while the Ekman effect,
induced by wind or bottom drag, is not detected.
Flow inversion is only absent during the months of
November and December 2019 (Figure 3(a)), where
inflow towards the port is noted even at greater
depths. In terms of magnitude, 2019 exhibits the
most intense currents, both near the bottom and the
surface, and these are quite comparable. A similar
trend is observed in 2022 (Figure 3(d)), although
velocity values are slightly lower. In 2020 (Figure
3(b)) and particularly 2021 (Figure 3(c)), a reduc-
tion in current intensity is notable, especially at
greater depths, i.e. z/h 0-0.5, particularly during
winter months. Analyzing the directions of the vel-
ocity vectors in Figure 3, which mainly point
towards the E and NE at the surface and W and
SW at the bottom, in conjunction with the location
of Station B and the orientation of the port mouth,
it becomes evident that superficial velocities tend to
feed an anticyclonic large structure internal to the
port, while greater variability is observed closer to
the bottom. These trends further corroborate obser-
vations made in previous studies on the surface and
bottom hydrodynamics of the area (Ben Meftah
et al. 2011; De Serio et al. 2014), and also numeric-
ally modelled by Mali et al. (2017). The representa-
tions provided in Figure 3 are thus invaluable for
providing prompt insights into the flow structure
and its temporal variability in magnitude.

To estimate the fluxes entering and exiting the
port basin, the hourly velocity components u_ and ut
(positive according to the axes shown in Figure 1)
have been monthly-averaged, revealing that in all
observed periods, u_ magnitudes are higher than ut
ones, though the order of magnitude is comparable.
Therefore, while the flux directed along the trans-
verse axes is particularly relevant for assessing the
flux exchange through the port mouth, the transverse
flux cannot be disregarded.
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Figure 3. Monthly averaged vertical profiles of the horizontal currents measured at station B. The direction shown is the direc-
tion of the velocity vector in the horizontal plane at z/h depth. Velocity scale is shown in the first panel.
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Figure 4. Year 2022: monthly averaged profiles in station B of (a) longitudinal velocities u; (b) transverse velocities ur; (c) u,
velocities normalized by maxima values. Positive values according to axis versus as shown in Figure 1. Same legend in (a—c).

As an example, Figures 4(a,b) illustrate the verti-
cal profiles of monthly-averaged u, and ut in the
year 2022, respectively. In this case, the inversion
height in the u_ curves approaches z/h 0.6 in
autumn—winter months and z/h 0.4 in the spring—
summer season, consistent with the thickness of the
thermocline, which is deeper in spring—summer (De
Serio and Mossa 2014). Moreover, u, intensities are
lower at the surface during summer—autumn
months and at the bottom during autumn-winter
months. The spring season appears to govern a

more intense hydrodynamics through the port
mouth. The trend of uy profiles shows prevailing
positive values, especially at the surface and around
z/h 0.3, confirming contributions to the transverse
circulation towards the E and NE at the surface and
towards the W and NW at greater depths.

It is worth noting that when all the monthly
averaged vertical profiles of u_ are normalized by
their respective maxima values (max u,), they tend
to collapse into a single logarithmic curve for
z2/h>0.4, with a regression coefficient R?> 0.92,
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Figure 5. Coherence between sea level (first variable) and turbidity flux (second variable) for the investigated years. Each
panel shows the time series of the first variable, of the second variable, and the spectrogram of their coherence.
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Figure 7. Coherences oxygen-turbidity, temperature-turbidity, chlorophyll-turbidity for the years 2019 (left) and 2020 (right).
The respective time series are shown in the first four rows. Brighter colours indicate higher coherence.

as displayed in Figure 4(c). This result has also been  (Tennekes and Lumley 1972; De Serio and Mossa
observed in the other investigated years and is not-  2014) the logarithmic law remains valid outside the
able because indicates that unlike channel flows  so-called inner region and toward the surface.
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Moreover, the bottom layer where the flow inver-
sion occurs assumes a role similar to that of a
boundary layer.

As specified in Section 2.2, the harmonic analysis
by Pawlowicz et al. (2002) has been applied to the
hourly time series of tidal data to obtain the tidal
constituents necessary for computing the form num-
ber F. The computed F values are 0.49, 1.41, 0.57,
and 0.8 for the years 2019, 2020, 2021, and 2022,
respectively, indicating a primarily mixed semidiur-
nal tide characterizing the basin in all cases. In this
context, following Aubrey and Speer (1985), we
have computed the phase shift between the semi-
diurnal lunar M2 constituent and the shallow water
M4 constituent (2hymo-hpms) for the same years,
obtaining values of 295, 97, 328, and 269 . This
result implies that, except for the year 2020, the
inlet is ebb-dominant, characterized by shorter and
higher velocity ebbs, while the rising tide is longer
and weaker. This tidal time asymmetry is significant
because ebb-dominant systems tend to flush near-
bed sediment seawards more effectively, potentially
representing more stable geometries, while flood-
dominant systems tend to infill their channels with
coarse sediment. Furthermore, as observed by
Palmer et al. (2019) for estuarine conditions, this
tidal distortion is primarily due to local frictional
interaction and intertidal storage, occurring, for
instance, in tidal flats or marshes. In shallow chan-
nels, friction slows the propagation of low water
through the inner basin, shortening the duration of
the flood, whereas extensive intertidal storage slows
the propagation of high water, shortening the dur-
ation of the ebb. Strongly flood-dominant systems
are typically shallow, with a ratio of tidal amplitude
to mean depth >0.3, and have only small-to-moder-
ate storage capacity. Conversely, strongly ebb-dom-
inant systems are relatively deeper, with the
previous ratio lower than 0.25, and exhibit greater
intertidal water storage, as in the present case
(Aubrey and Speer 1985). While flood-dominant
systems tend to shoal, ebb-dominant ones tend to
scour. This inclination toward scouring, inherent in
ebb-dominant systems, could potentially aid dredg-
ing efforts.

3.3. Correlations and coherence among physico-
biological parameters

As previously mentioned, in an effort to estimate
the response time scales of the port basin to dredg-
ing activities, particular attention has been given to
turbidity. Turbidity stands as an indicator of water
quality essential for compliance with the European
Union’s Marine Strategy Framework Directive
(Dogliotti et al. 2015). Thus, the coherence between
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the following pairs of variables has been investigated
in their annual time series: sea level and turbidity
flux; significant wave height (Hs) and turbidity; oxy-
gen (Ox) and turbidity; temperature (T) and turbid-
ity; chlorophyll (Ch) and turbidity. The first two
pairs are expected to better indicate mixing and par-
ticle resuspension, while the latter three could be
related to physical and ecological processes (e.g.
photosynthesis or phytoplankton biomass).

For each pair, the procedure described in section
2.3 has been applied, resulting in Figures 5-8. Each
panel a), b), ¢), and d) in Figures 5 and 6 follows
the same structure: the top row displays the time
series plot of the first variable, while the middle row
shows the time series plot of the second variable.
The bottom row presents the spectrogram, depicting
the wavelet coherence between the two variables in
time-frequency space. In Figure 7 (for years 2019
and 2020) and Figure 8 (for years 2021 and 2022),
each vertical panel sequentially displays the time
series of oxygen, temperature, chlorophyll, and tur-
bidity, followed by spectrograms showing the coher-
ence of oxygen, temperature, and chlorophyll with
turbidity, respectively. The abscissa axis represents
the time domain, consistent across all panels. In the
spectrograms, the ordinate axis represents the time
scale (or inverse of frequency), while the degree of
coherence is indicated by colours. Brighter colours
within regions bordered by a red line signify highly
coherent fluctuations between the two variables that
significantly differ from noise. Black arrows denote
the phase relationship between two variables at the
indicated time scale and time window. Arrows
pointing right indicate that the two variables are in
phase, meaning they oscillate synchronously at those
frequencies. Arrows pointing left indicate that syn-
chronicity is in antiphase, implying that an increase
in one variable is accompanied by a decrease in the
other variable, and vice versa. When the variables
are out of phase, arrows point up when the first
variable leads and down when the second variable
leads. The area external to the cone of influence,
marked in black, should be disregarded because of
edge effects.

Starting with the analysis of the correlation
between sea level and turbidity flux, we observe that
for all the years investigated, spots of high correl-
ation alternate throughout the year with frequencies
of 12 and 24 h (Figures 5(a—d)). Specifically, turbid-
ity flux per unit cross-area is considered the product
of turbidity and u,_ velocity measured at the same
depth where turbidity is measured, thus referring to
the superficial layer. Comparing different years, it is
noteworthy that for longer time scales, ranging from
one week to one month, high correlations are also
found during the summer periods of 2019 (i.e. July—
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September in Figure 5(a)) and 2021 (i.e. June—July
in Figure 5(c)), and in the autumn period of 2020
(i.e. November in Figure 5(b)), with a generally syn-
chronous behaviour of sea level and turbidity flux,
indicating that higher turbidity flux corresponds to
flooding events. Therefore, it is evident that on
shorter time scales, turbidity flux is driven by the
semidiurnal tidal regime. Conversely, on longer time
scales where coherence is also observed, turbidity
flux depends more on seiches, given that for this
port basin, typical seiche frequencies range from
weeks to months.

Notably, in the year 2022 (Figure 5(d)), coher-
ence spots are present during the winter-spring
months with frequencies of 1 week and one
month respectively. Small spots alternate over time
during June and July with frequencies ranging from
48h to one week. Additionally, a large spot is evi-
dent from August to October with frequencies rang-
ing from one week to one month. In all these cases,
the variables are in antiphase, meaning that high
turbidity flux corresponds to ebb. This information
is significant when coupled with the previous obser-
vations made in Section 3.2, revealing that the year
2022 is ebb dominated. Consequently, we deduce
that in this case, high turbidity fluxes occur during
ebb and tend to flush turbidity seaward. Such
behaviour is particularly beneficial for dredging
operations, as any suspended material accidentally
released during operations tends to be flushed out
of the basin. Furthermore, this response is not only
limited to the dredging period but extends into late
summer and autumn months, characterized by large
scales.

The coherence between significant wave height
and turbidity is depicted in Figure 6 for all the years
analyzed. In this case, only some time windows of
the significant wave height time series are available
(Table 1) due to technical issues. For all years, what
emerges from the spectrograms is the presence of
spots of high coherence, especially corresponding to
significant wave height values >1 m. These spots
occur along different time windows and also exhibit
various time scales ranging from hours to weeks,
consistent with the duration of storms. A response
of turbidity to significant wave height on a longer
time scale (monthly) is not observed. Generally, syn-
chronicity is evident for such peaks (Figure 6), indi-
cating an increase in turbidity with increasing wave
height, which is a reliable outcome due to increased
turbulence and mixing.

Figures 7 and 8 illustrate the coherence of phys-
ico-biological variables with turbidity. Except for the
year 2020 (Figures 7(b,d,f,h,l,n,p)), in which the
examined period extends from late June to
December due to the available time series, all other

years show the entire annual trends. The compari-
son of the time series for oxygen (Figures 7(a,b) and
8(a,b)) reveals a reduction in dissolved oxygen in
late spring and summer compared with winter and
autumn months, which is typical, as the oxygen
content of water decreases with rising temperature.
Nonetheless, oxygen values remain higher than
6 mg/l, except during the summer months of 2022,
i.e. during the dredging period, when lower values
are observed. This effect is undoubtedly influenced
by temperature peaks observed at specific times
(Figure 8(d)), as increasing temperatures are likely
to diminish the solubility of oxygen, enhance the
stratification of the water column, and promote the
expansion of dead zones, thereby reducing oxygen
mixing and transport (Gruber 2011; Pitcher and
Probyn 2016; Schmidt et al. 2018). However, it
could also be due to the exposure of anoxic sedi-
ments by the dredging process or dumping of
material increasing nutrient concentrations. It is
worth noting, however, that when the dissolved oxy-
gen value reached a minimum tolerance threshold
(s.I. No0.272/2009—European Communities
Environmental  Objectives  (Surface ~ Waters)
Regulations 2009), dredging operations were man-
aged to allow for its subsequent recovery in terms
of remediation strategies for hypoxia. This explains
the fluctuating trend of dissolved oxygen in the time
window from June to September 2022 and high-
lights the fundamental role played by real-time sur-
veys of oxygen levels, providing an indication of the
stress level in the area.

Temperature time series exhibit quite similar
behaviour for all examined years (Figures 7(c,d) and
8(c,d)), with values in the range of 10-30 C, peak-
ing in the summer season. What is noteworthy is
the temperature trend in the autumn months of
2022 (Figure 8(d)), where the highest temperatures
are recorded, beyond the average for the period
compared to the previous three years, which could
be attributed to ongoing climate change.

The chlorophyll time series are displayed in
Figures 7(e,f) and 8(e,f). In all cases, we generally
observe values in the range 0-10mg/l, with occa-
sional temporary peaks and a certain variability.
Considering that chlorophyll is a commonly used
indicator for algal biomass, low values can indicate
low nutrient concentrations and thus reduced terres-
trial discharged loads. In 2022 the lowest values are
recorded in the period June-September, that is the
dredging period. Recalling the reduced oxygen con-
centration in the same period (Figure 8(b)), we can
argue that this decrease is more likely due to the
release of anoxic sediments, given the relatively low
nutrient concentrations.
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Figure 9. (a) Vertical variations of dimensionless diffusivity computed along the longitudinal (K.) and transverse (Kr) directions.
(b) Autocorrelation functions for tracers and surface velocity at 2m depth, measured in 2022.

Regarding the turbidity time series, an increase in
turbidity as the season progresses towards winter is
noted for all four years and can be considered part
of the normal seasonal variation, most likely due to
increased rainfall, run-off, and storms. This behav-
iour was also observed in other coastal sites previ-
ously investigated (De Serio and Mossa 2016).
However, apart from some local and limited peaks
attributable to different local phenomena, turbidity
values generally remain below the threshold of 5 ntu
(nephelometric turbidity units) (Figures 7(g,h) and
8(g)). The exception, in this case, is represented
again by the year 2022, where we observe a notable
oscillation of turbidity values in the range of 5-10
ntu from January to May and also in September—
October (Figure 8(h)), while values are lower and
around 3 ntu in the period from June to August, i.e.
the dredging period. It is important to specify that
the dredging method employed in the port involved
the use of a cutter suction dredger, equipped with a
disintegrating cutter and a suction-discharge system
capable of pumping crushed material directly to des-
ignated filling areas through floating steel pipes with
a diameter of 1 m. This method ensured that over-
flow was not permitted, resulting in a minimal tur-
bidity footprint within the natural variability of
turbidity levels. Additionally, the dredging area was
entirely confined and protected by barriers as pre-
cautionary measures. This resulted in a significant
reduction in turbidity recorded at station B during
the dredging phase.

The analysis of the correlation between oxygen
and turbidity highlights a high out-of-phase coher-
ence, especially on large time scales (from one week
to one month), during the spring—summer months
of 2019 (Figure 7(i)) and the autumn months of
2020 (Figure 7(1)), indicating that higher turbidity is
driven by diminishing oxygen levels. Similar coher-
ence patterns occur in brief time windows particu-
larly in 2021, with a 24-h frequency, linked to the
diurnal cycles of oxygen, while no coherence is
observed on larger scales (Figure 8(i)).

The most relevant observation is that, conversely,
during the dredging period of 2022 (Figure 8(1)),
oxygen and turbidity are coherently in phase during
successive brief time windows from June to
September, with frequencies ranging from hours up
to a week. This synchronicity is significant because
it indicates that decreasing oxygen concentrations
correlate with decreasing turbidity and vice versa.
This observation might seem contradictory to previ-
ous findings, but it can be explained by considering
that the measures taken to limit the effects of dredg-
ing also limited the turbulent mixing, favouring the
typical summer stratification. Consequently, this
limited water reoxygenation and concentration of
suspended material. When such protections were
removed at the end of dredging operations, turbu-
lent mixing became more likely, leading to increased
oxygen levels and higher levels of suspended
material.

The fact that stratification is connected to low
turbidity values is also proven by examining Figures
7(m,n) and 8(m,n), where the coherence between
temperature and turbidity is plotted. In fact, their
anti-synchronicity on scales from hours to weeks is
evident, and this pattern is more pronounced during
the summer period for all the years, so that increas-
ing temperature, which means increasing stratifica-
tion, is thus correlated with decreasing turbidity.
Once dredging operations were ended, in September
and October 2022, temperature and turbidity exhib-
ited a strong synchronous coherence, with frequen-
cies ranging from 48h to 2 weeks (Figure 8(n)).
This is also consistent with the previously observed
trend for the oxygen-turbidity pair.

Referring to the correlation between chlorophyll
and turbidity (Figures 7(o,p) and 8(o,p)), we note
that the coherence is rather low, with predominant
out-of-phase trends characterized by time scales of
hours to one week, particularly for small temporal
ranges of spring and autumn months. This suggests
that direct chlorophyll effects did not play a major
role in turbidity levels for all the examined years.
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On the contrary, an evident peak is noted in June
2022 exhibiting in-phase coherence (Figure 8(p)) at
large time scales (a week to one month). This can
be explained again by reduced nutrient release dur-
ing the dredging period, less mixing, and higher
confinement of suspended sediments.

3.4. Estimates of Eulerian time scales and
diffusivity

Following the description in section 2.4 and refer-
ring to velocity data collected at station B, we com-
puted the integral time scales (also referred to as
macro time scales) T, and T+ along the longitudinal
and transverse directions of the port mouth, aiming
to estimate the temporal scales of the largest turbu-
lent eddies. The u® and u{® time series, assessed
along the entire water column, have been utilized
for this purpose, according to Equation (5), with
each available annual time series at each depth being
considered, following the approach outlined by
Klocker et al. (2012) and Klocker and Abernathey
(2014). Variability in the integral time scales with
depth is observed, as well as a difference in magni-
tude when transitioning from the longitudinal to the
transverse case. However, a general consistency is
observed across all four years. T, values range from
4 to 13h in 2022, from 2 to 17h in 2021, from 2 to
18h in 2020, and from 5 to 19h in 2019.

The minima values are typically located around
middepth in all cases, corresponding to a reduction
in velocity and its inversion, indicative of reduced
turbulent behaviour and the presence of smaller,
shorter-lived eddies. There is an increasing trend in
T_ from middepth towards both the surface and the
bottom, particularly linear in the upper part. A
similar trend is evident for T, with values ranging
from 3 to 9h for 2022, from 3 to 13h for 2021,
from 3 to 15h for 2020, and from 2 to 14h for
2019. The maxima Ty values are lower than the
maxima T, values, while the minima values are
quite comparable. This suggests that turbulent veloc-
ities in the longitudinal direction (u_’) are correlated
for longer periods compared to the transverse ones
(ut’), especially near the surface and the bed, where
large turbulent eddies elongated in the longitudinal
direction are identified. In contrast, smaller, more
circular eddies characterize middepth, indicating a
more isotropic turbulence at this location. The com-
putation of the integral length scales as the products
of the macro time scale and the squared velocity
variance provides an estimate of the dimensions of
these turbulent structures, typically varying between
4 and 50% of the mouth’s width. Values in the lon-
gitudinal direction are comparable to those in the
transverse direction only at middepth, with greater

values observed at other vertical locations, suggest-
ing that turbulent structures are more constrained
by the mouth’s width in the transverse direction.

Using Equation (6), we have computed the diffu-
sivity values K_ and Ky, resulting in values with
magnitudes on the order of O(10*-10°%) cm?/s,
which are comparable to other field results reported
by De Dominicis et al. (2012) and De Serio and
Mossa (2016). Figure 9(a) illustrates, for each year,
the vertical distribution of dimensionless diffusiv-
ities, rated by the minimum of all computed values
(Kimin). The occurrence of small turbulent eddies at
middepth is highlighted by the lowest diffusivity val-
ues observed in all years and regardless of the
assessed direction. Consistent with the trends of the
macro time scales, K_ values are generally higher
than Ky values, with steeper vertical gradients indi-
cating a more rapid variability for K_ compared to
Kt from middepth towards both the surface and
bottom. However, we note a different behaviour for
Kt in the lower part of the water column in years
2019 and 2020, trending towards similar profiles as
K., suggesting a tendency towards larger isotropic
structures. Examining the K_ diffusivity profile, the
lowest values are observed in 2022, particularly in
the lower water column, where the trend from mid-
depth towards the bed is less pronounced compared
to other years. This is consistent with our earlier
deduction of reduced turbulent mixing and spread-
ing in 2022 due to remediation measures, including
containment measures, implemented during the
dredging operations.

For each year, we have also calculated the integral
time scales of the available tracers, i.e. turbidity,
oxygen, temperature, and chlorophyll, by assessing
their respective autocorrelation functions. See Figure
9(b) for an example from the year 2022, where the
velocity measured at the same depth as the CDT
probe is added for reference. These time scales are

10 times longer for turbidity and chlorophyll and
up to 50 times longer for temperature and oxygen
compared to the macro time scales obtained for the
turbulent velocity components at the same depth.
This is noteworthy because it suggests that turbulent
coherent structures may not be the sole drivers of
the transport and diffusion of these tracers, indicat-
ing the need to consider other forcing factors.
Moreover, it also shows that the turbulent Prandtl
number is less than unity in our present case.
Consequently, the assumption that the Eulerian dif-
fusivities computed with Equation (5) are valid for
both momentum and tracers is not inherently true
(Jia et al. 2022). In this context, we deduce that,
besides turbulence, other forcing factors could play
a fundamental role in tracers’ spreading. These fac-
tors might include waves, tides, atmospheric effects,



and stratification, which can generate larger circula-
tion structures and cannot be disregarded (Monti
et al. 2014).

3.5. Discussion of results and additional remarks

Several studies have explored approaches to long-
term monitoring data, particularly for vulnerable
sites undergoing natural or manmade changes.
Various data processing techniques have been
employed to address specific ecological aspects.
Statistical analysis, as the most immediate method,
is often used to process data from sampling sites,
such as evaluating minima, maxima, standard devi-
ation, temporal trends, as well as testing to examine
relationships between environmental variables, e.g.
using Pearson’s correlation or more sophisticated
principal component analysis (Cutroneo et al. 2012;
Fonseca et al. 2020; Yang et al. 2021). Additionally,
the autocorrelation function is a valuable statistical
tool used to investigate how data points in a time
series are related to preceding values. In the context
of environmental monitoring, it can be particularly
informative, for example, helping to identify coher-
ent structures, such as eddies, in a flowing current.

Wavelet coherence analysis, a more robust math-
ematical technique requiring higher computational
resources, has been applied in various contexts,
from climatological to oceanographical and eco-
logical studies (Juez et al. 2022). As well it has also
been utilized in fluid mechanics contexts while
studying turbulent flow and structure interactions
(Kanani and da Silva 2015). It has proven valuable
in analyzing correlations between suspended solids
and hydrodynamics in sediment transport processes
in riverine and estuarine circulation. Furthermore,
wavelet analysis has been used to evaluate changes
in compound bedforms over consecutive years in
tidal inlets (Fraccascia et al. 2011) and to support
the prediction of groundwater level or salt intrusion
(Payo-Payo et al. 2022).

All the aforementioned techniques are generally
used individually, with each applied to a specific
case in data analysis. Instead, in the present study,
we propose a novel and straightforward framework
that couples classic statistical tools, time-averaging
procedures, and more complex wavelet techniques
to address the following questions: (i) Can basic
statistical tools detect the main recurring physical
and hydrodynamic processes in the target area,
along with their drivers and constraints? (ii) Is the
use of more complex tools, such as the wavelet tech-
nique, justified to determine whether and how these
processes are correlated, and what their time
scales are?
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The key findings described in the previous para-
graphs enable us to answer these questions posi-
tively. The proposed framework, applied to study
Bari port, relies on a monitoring network that pro-
vides long-term, high-quality data on wind, wave,
current, tide, temperature, oxygen, turbidity, and
chlorophyll collected since 2019. Although the port
underwent dredging activities, our analysis extends
well beyond this period to capture both the typical
behaviour of the undisturbed basin, subject to cli-
matological variations, and its response to human
intervention.

The analysis of wave, wind, and current data
based on simple statistical tools reveals that the site’s
topography induces typical recurring features.
Specifically, the most intense and frequent winds
range from W to NNW, driving the surface current
circulation, while waves consistently originating
from the NW are primarily affected by diffraction.
Therefore, both wind and topography appear to be
the main forces and constraints driving the basin’s
hydrodynamics. The analysis of monthly-averaged
vertical current trends shows a non-uniform flow
along the depth across all years, resulting in an
inversion of its direction of propagation. A double
circulation also observed in similar basins connected
to the open sea, establishes a predominantly outflow
from the port in the deeper layers and an inflow in
the surface layers. This result is particularly signifi-
cant when considered alongside the harmonic ana-
lysis of tides, which indicates that a primarily mixed
semidiurnal tide characterises the port basin in all
cases. Consequently, the inlet is ebb-dominant, caus-
ing the system to naturally tend toward scouring.
These assessments indicate that both currents and
tides could assist dredging efforts by facilitating the
outward transport of suspended particles near the
sea bottom from the basin. Overall, these findings
allow us to positively answer the first question of
our study, demonstrating the ability to adequately
describe the state and evolutionary trends of interac-
tions among wind, waves, tides, and currents in
basins where cyclic behaviours are expected to
recur.

The second question of our study has also been
positively answered through the investigation of cor-
relations between pairs of selected physico-biological
and ecological parameters. By using the wavelet
technique, we have observed first that wave height
significantly affects turbidity, with increments in
turbidity closely linked to rising wave height due to
increased turbulence and mixing. This is especially
evident for wave height values >1 m and with time
scales ranging from hours to weeks, consistent with
the duration of storms. Turbidity flux is driven by
the semidiurnal tidal regime on shorter time scales
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(i.e. 12 and 24 h). Conversely, on longer time scales,
it depends more on seiches, with frequencies rang-
ing from weeks to months. During the dredging
period, high turbidity fluxes occur during ebb tides,
tending to flush turbidity seaward, which is benefi-
cial for dredging operations by preventing the stag-
nation of released sediments in the port area. These
results are valuable because they reveal the occur-
rence of correlations between turbidity, waves, and
tides, and estimate the frequency of such occur-
rences, making it possible to understand when the
basin is more prone to turbidity effects during both
undisturbed periods and dredging.

Regarding other tracers correlated with turbidity,
the coherence between oxygen and turbidity seems
to be the most relevant. It indicates that higher tur-
bidity is driven by diminishing oxygen levels, par-
ticularly over large time scales (from one week to
one month) during the spring—summer months of
2019, the autumn months of 2020, and also in brief
time windows in 2021. Conversely, during the
dredging period of 2022, they are coherently in
phase during successive brief time windows from
June to September, with frequencies ranging from
hours to a week. This synchronicity proves that
decreasing oxygen concentrations correlate with
decreasing turbidity and vice versa. This result,
which may seem unexpected at first glance, can be
explained by the measures and precautions taken to
mitigate the effects of dredging, which helped
reduce turbidity levels. They also diminished turbu-
lent mixing, favouring typical summer stratification
and inducing limited water reoxygenation along
with concentrations of suspended material. Analyses
of both time series and spectrograms highlight that
the time required for the recovery of pre-dredging
oxygen concentration values at the investigated site
is 1 month. The reduction in turbulent mixing
and spreading is also supported by the computed
diffusivities, which show the lowest values during
dredging operations, especially at mid-depth, where
smaller and shorter-lived eddies occur.

Finally, we have observed that the calculated inte-
gral time scales of the available tracers (turbidity,
oxygen, temperature, and chlorophyll) are one order
of magnitude higher than the macro time scales of
the turbulent velocity components measured at the
same depth. This means that while currents are cor-
related over tens of hours, the aforementioned trac-
ers remain correlated for hundreds of hours, which
also affects their respective diffusivity values. This
finding indicates that turbulent coherent structures
may not be the only factors driving the transport
and diffusion of these tracers. Other potential forc-
ing factors, such as tides, waves, and atmospheric

forces, are also responsible for their spreading and
should be taken into account.

4. Conclusion

The paper proposes a framework that combines
simple statistical tools with more complex methods
to monitor and understand the temporal and spatial
dynamics within a selected coastal environment.
Specifically, the key recurrent physical processes in
Bari port have been identified, providing insights
into how both natural and human-induced changes
can affect the main interacting factors.

The classical statistical tools have indicated that
both wind and topography are the primary forces
and constraints driving the basin’s hydrodynamics.
Monthly-averaged vertical current profiles reveal a
double circulation at the port mouth, with a pre-
dominantly outflowing current near the bottom and
an inflow in the surface layers. The harmonic ana-
lysis of tides has illustrated that the basin is charac-
terized by a predominantly mixed semidiurnal tide
and that the inlet is ebb dominant. These assess-
ments suggest that both currents and tides could
assist dredging efforts by facilitating the transport of
suspended particles outward near the sea bottom.

The wavelet correlation technique has yielded
several key outcomes, particularly concerning the
effects of turbidity and dredging. Turbidity is sig-
nificantly affected by wave height due to increased
turbulence and mixing, and is generally higher
when oxygen levels are diminishing, especially over
long time scales. Conversely, during dredging,
decreasing oxygen concentrations correlate with
lower turbidity. This can be explained by the pre-
cautions taken to mitigate the effects of dredging,
which helped reduce turbidity levels and diminished
turbulent mixing, favouring typical summer stratifi-
cation and resulting in limited water reoxygenation
and concentrations of suspended material, as also
supported by the computed diffusivities.

In summary, our approach is valuable for facili-
tating informed decision-making and improving
management strategies for interventions. Moreover,
it is not site-specific and can be scaled to other
coastal environments, provided there is good-quality
data from measuring stations. Future work could
undoubtedly benefit from the combined use of our
framework with other data assimilation techniques,
such as remote sensing.
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