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Abstract: The need for real-time and scalable oceanographic monitoring has become crucial
for coastal management, marine traffic control and environmental sustainability. This study
investigates the integration of sensor technology into marine cables to enable real-time
monitoring, focusing on tidal cycles and wave characteristics. A 2000 m cable demonstrator
was deployed off the coast of Portugal, featuring three active repeater nodes equipped with
pressure sensors at varying depths. The goal was to estimate hourly wave periods using
fast Fourier transform and calculate significant wave height via a custom peak detection
algorithm. The results showed strong coherence with tidal depth variations, with wave
period estimates closely aligning with forecasts. The wave height estimations exhibited a
clear relationship with tidal cycles, which demonstrates the system’s sensitivity to coastal
hydrodynamics, a factor that numerical models designed for open waters often fail to
capture. The study also highlights challenges in deep-water monitoring, such as signal
attenuation and the need for high sampling rates. Overall, this research emphasises the
scalability of sensor-integrated smart marine cables, offering a transformative opportunity
to expand oceanographic monitoring capabilities. The findings open the door for future real-
time ocean monitoring systems that can deliver valuable insights for coastal management,
environmental monitoring and scientific research.

Keywords: wave period; wave height; pressure sensor; marine fibre optic cable;
oceanographic monitoring

1. Introduction
Wave measurement is vital for understanding oceanic processes and managing the

marine environment [1–5]. It contributes to energy transfer in the ocean, affects current
formation and plays a key role in sediment transport and shoreline morphology. Accurate
wave data are essential for monitoring and predicting coastal erosion, sea-level rise and
the broader impacts of climate change. In addition to their environmental relevance, wave
conditions have practical implications for maritime safety, navigation, offshore operations
and recreational activities. From supporting storm surge forecasting to informing the
design of coastal defences, reliable wave monitoring is vital for protecting both human
infrastructure and natural ecosystems.

Waves are generated by wind transferring energy to the ocean surface, underwater
seismic activity and gravitational effects from celestial bodies [6]. Once formed, waves may
travel long distances as swells, which persist even after the wind subsides and can impact
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coastlines far from their origin [7]. As waves approach shorelines, decreasing depth causes
them to slow, grow in height and break, releasing energy.

To effectively analyse and communicate wave conditions, a clear understanding of the
standard terminology is essential [8–10]:

• Wave height refers to the vertical distance between a wave’s crest (highest point) and
the trough (lowest point).

• Wave period is the time interval between successive wave crests passing a fixed point.
• Wavelength is the horizontal distance between two successive wave crests.
• Significant wave height is a statistical measure representing the average height of the

highest one-third of waves in a given dataset.

The analysis of wave conditions depends on a combination of the previously mentioned
parameters. The most evaluated metrics for assessing wave conditions are wave height and
wave period, which are the primary indicators of wave energy and overall sea state.

Traditional wave monitoring technologies have been foundational in advancing our
understanding of wave dynamics and remain integral to both research and practical ap-
plications. These technologies are essential for measuring key wave characteristics, such
as height, period and direction, which are critical for various applications. Among the
most recognised tools for wave measurement are wave buoys, which can be equipped with
accelerometers, gyroscopes, wave gauges and global positioning systems (GPS) [11–13].
These floating devices measure the vertical acceleration of the water surface, converting it
into wave height data. The system also calculates wave direction and period by tracking
the buoy’s motion. Some buoy designs can also employ acoustic technology, offering
alternative methods for wave monitoring [14]. Despite their widespread use, wave buoys
come with certain limitations. They are expensive to deploy and maintain, and their fixed
positions provide data only from specific locations.

Pressure sensors are another traditional technology used for monitoring waves, usually
deployed on the seafloor or underwater platforms [15,16]. These sensors measure the
pressure exerted by the overlying water column, which varies with wave motion. One
can infer wave characteristics such as height and frequency by analysing these pressure
fluctuations. Like wave buoys, pressure sensors are stationary and provide data from
specific locations, limiting spatial coverage. Moreover, the absolute pressure due to the
water column is higher at greater depths than at shallower depths, causing the relative
pressure changes from waves to become smaller. As a result, detecting small wave-induced
pressure changes becomes more challenging. This means that pressure sensors need to
be calibrated for their deployment depth, and there is a correlation between the depth of
installation and the resolution of wave measurements.

Remote-sensing technologies offer a valuable alternative to direct contact sensors
for monitoring sea waves without physical interaction with the water surface and pro-
viding broader spatial coverage and timely insights. These methods include satellite-
based systems [17–19], cameras [20,21], light detection and ranging (LIDAR) [22], radar
technologies such as high-frequency (HF) radar and X-band marine radar [23,24], and
seismometers [25,26]. Satellite systems provide extensive global coverage and can track
large-scale phenomena, but they are limited by factors such as temporal resolution and
cloud cover. Cameras, including those used for optical imaging and photogrammetry,
can capture wave characteristics and patterns, though their effectiveness is influenced by
lighting and weather conditions. LIDAR offers high precision and rapid data collection
from airborne platforms, though its effectiveness may diminish in rough conditions. HF
and X-band radar systems excel at real-time monitoring of surface waves and currents over
coastal regions, but environmental factors and land interference can constrain their range.
Seismometers complement these technologies by detecting microseisms generated by ocean
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waves, but their effectiveness is limited by the indirect nature of the measurements and
potential interference from other sources of ground vibrations.

As the demand for comprehensive and real-time ocean monitoring grows, the limita-
tions of traditional wave measurement technologies become increasingly evident. Address-
ing the complexities of marine environments calls for more resilient and efficient monitoring
solutions. In this context, marine fibre optic cables have emerged as a promising technology,
offering a novel approach to wave monitoring that can significantly enhance data collection
capabilities. In fact, sensing along the marine cable length has been explored previously in
the context of wave monitoring [27,28].

Marine fibre optic cables are extensive networks that traverse vast oceanic regions,
installed initially for telecommunications purposes. One of the most compelling advantages
of using marine fibre optics is the ability to leverage an extensive, pre-existing network
of submarine cables. These cables traverse large portions of the ocean, including remote
and deep-sea areas that are often difficult to monitor with conventional equipment, such
as buoys and radar systems. Combined with advanced monitoring technologies, marine
fibre optic cables offer the potential for real-time data transmission and high-precision
wave measurements across different regions [29–31]. These cables can support various
sensors—from pressure sensors to other acoustic and environmental sensors—that can
capture detailed information about wave height, period, direction and energy. The ability
to transmit data in real time is a critical advantage, especially for applications requiring
immediate responses, such as tsunami warning systems and maritime safety operations.
This real-time capability allows for the prompt dissemination of information, which is
crucial for decision making in dynamic and potentially hazardous environments.

As new submarine cables are laid to support growing global communications needs,
there is an opportunity to design these networks with integrated monitoring technologies
from the outset. This forward-looking approach allows for the scalability of monitoring
efforts, enabling the expansion of monitoring capabilities in parallel with the growth of
global telecommunications infrastructure. Additionally, the ability to retrofit existing cables
with advanced sensors provides flexibility and adaptability, ensuring that current networks
can be upgraded to support emerging monitoring needs.

This study investigates the integration of pressure sensors into a 2000 m marine cable
demonstrator, deployed off the Portuguese coast as part of the Knowledge and Data from
the Deep to Space (K2D) Project, to enable real-time monitoring of tidal cycles and sea
wave characteristics. By developing and validating a methodology to estimate sea wave
height and period at multiple depths using pressure-based measurements on the seafloor,
this work advances environmental measuring technology and explores the feasibility
of repurposing existing undersea infrastructure for oceanographic sensing. The results
provide a valuable proof of concept for low-cost, scalable and real-time monitoring systems
that can be extended to broader sensor networks for marine and climate research.

2. Materials and Methods
The K2D Project is a collaborative initiative between several Portuguese institutions

and the Massachusetts Institute of Technology (MIT) in the USA. The project aimed to
enhance the functionality of smart cables by expanding their measurement capabilities,
integrating active devices and leveraging moving platforms like deep-sea autonomous
underwater vehicles (AUVs) to increase the spatial coverage of measurements along the
cables. In this innovative approach, each repeater serves as a hub for additional equipment,
such as active devices, sensors to monitor physical, chemical and biological variables,
docking stations for AUV battery charging and data exchange and acoustic beacons for
AUV navigation. The K2D Project aimed to take the initial steps towards demonstrating
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this new vision of smart repeaters as hubs for local observatories and AUV interactions.
To test and validate this concept, a wet demonstrator was designed and deployed in the
summer of 2023 off the coast of Sesimbra, Portugal (38◦25′59.6′′ N 9◦06′56.0′′ W), with the
support of the Portuguese Navy vessel NRP Andrómeda [32,33]. Considering the resources
available in the K2D Project and its demonstration objectives, the final design involved the
deployment of a 2000 m cable, which included three repeater nodes, each one comprising a
sensor station to monitor sea waves.

2.1. Repeater Nodes and Sensor Station Design

Three repeater nodes were prepared for this demonstration, all similar in composition,
with the only difference in the last node, which did not have an exit gland. The housings
were designed to withstand pressures up to 120 bar (1200 m) and mechanical traction of up
to 104 Newtons. To reduce the energy loss, the cable was powered with 300 volts direct
current (VDC). Each of the three repeater nodes featured a sensor station, which served as
a terminal for aggregating sensor data and transmitting them via the Ethernet backbone.
These stations could accommodate a variety of underwater sensors, boasting advanced
capabilities in signal acquisition, data processing, memory and communication.

For this study, the three sensor stations were equipped with MS5837-30BA sensors
to measure water temperature (from −20 to 85 ◦C with 0.1 ◦C resolution) and pressure
(0–30 bar with 0.2 mbar resolution). This low-cost and low-power sensor has been tested
in previous coastal monitoring studies [34]. The sensor stations of repeater nodes 1 and 2
were configured to provide water temperature and pressure data with a sampling period
of 300 ms, and the sensor station of repeater node 3 was configured to provide these data
with a sampling period of 1 s.

Each station was built with a printed circuit board that housed an STM32L056C6T6
processor, a universal asynchronous receiver/transmitter (UART) to the Ethernet converter
and power circuits. The processor managed the sensing devices and utilised the UART
channel to transmit the monitoring data to the converter, which then fed them into the
Ethernet bus via a power over Ethernet (PoE) connector. The electronics were encapsulated
in polyurethane resin to ensure the system met watertight requirements. Figure 1 illustrates
the installation of the fibre optic cable, an underwater photograph of one of the repeater
nodes, the electric design of the repeater nodes and the design and printed circuit board
(PCB) layout of the sensor stations.

2.2. Conversion of Data Pressure to Depth

The three sensor stations were equipped with MS5837-30BA sensors that measure
absolute pressure in millibars (mbar). Absolute pressure includes both the atmospheric
pressure at the surface and the pressure exerted by the water column above the sensor. To
determine the depth of the water (or height of the water column) based on this reading, the
following formula is applied:

d =
(P − P0)× 105

ρ ∗ g
(1)

where

• d = depth [m];
• P = pressure measured by the sensor [bar];
• P0 = atmospheric pressure (1 bar);
• ρ = seawater density (1025 kg/m3);
• g = gravitational acceleration (9.81 m/s2).

This formula calculates the height of the water column above the sensor by subtracting
the atmospheric pressure (assumed to be constant at 1 bar) from the absolute pressure mea-
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sured by the sensor and accounting for the seawater density (assumed to be 1025 kg/m3)
and gravitational acceleration (9.81 m/s2). The result represents the water depth in meters.
By measuring pressure variations with high precision, the sensor can track changes in water
depth caused by wave activity, enabling real-time monitoring of wave characteristics.
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layout of the sensor station.

2.3. Calculation of Wave Period Using FFT

Fast Fourier transform (FFT) was utilised to calculate the wave period from the
depth data. The FFT is a powerful tool for converting time-domain signals into their
corresponding frequency-domain components, as expressed in the following equation:

D[ f ] =
N−1

∑
n=0

d[n]× e
−i2π f n

N (2)

where

• D[f ] = FFT of the signal (frequency-domain representation);
• f = frequency (Hz);
• d[n] = discrete signal of depth data (time domain);
• n = index of the time-series data points;
• N = total number of samples (length of d[n]).

The pressure sensor provides depth data as a time-series signal d[n], which is non-
static due to continuous wave activity. The FFT is applied to this signal to decompose it
into its frequency components. The resulting frequency spectrum shows the distribution of
energy across different wave frequencies, allowing us to identify the dominant frequency.

The next step is to identify the dominant frequency ( fpeak), corresponding to the highest
energy component in the spectrum D[f ]. This frequency represents the most significant wave
period (Twave). To calculate the wave period, the inverse of the dominant frequency is used:
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Twave =
1

fpeak
(3)

This approach ensures that the calculated period corresponds to the waves that carry
the most energy in the signal.

In addition to the wave period, the signal amplitude can also be analysed. The
following equation calculates the positive half of the amplitude spectrum, where L is the
total length of the signal in terms of its discrete samples:

AFFT [ f ] = 2 ×
∣∣∣∣D[ f ]

L

∣∣∣∣ (4)

However, due to the non-static nature of the depth signal in the time domain, the
amplitude obtained from the FFT tends to underestimate the actual value of the wave
height. This underestimation occurs because the FFT assumes the signal is stationary over
the time window, while the actual sea state continuously changes. Furthermore, analysing
the amplitude at the dominant frequency ( fpeak) provides the energy associated with that
frequency, neglecting the contributions from signals with different wave periods. Therefore,
while the FFT can be used to calculate the significant wave period, the wave amplitude
interpretation must be taken cautiously.

2.4. Wave Amplitude Estimation Algorithm

Due to the limitations of the FFT in accurately estimating wave amplitude, a custom
algorithm was developed to analyse the depth variation directly from the time-domain
data. This method focuses on detecting the most significant wave peaks and calculating
their amplitude, thereby providing a more precise wave height estimation. The raw depth
data, denoted previously as d[n], are pre-processed to remove local trends and fluctuations
caused by tidal movements or slow changes. This is performed by computing a local
average over a sliding window of 5 min and subtracting it from each data point, effectively
detrending the signal. For each data point, the local average is calculated as follows:

avglocal =
1

W

i

∑
j=i−W+1

d∆[j] (5)

The detrended signal is
d∆[i] = d[i]− avglocal (6)

where

• avglocal = local average calculated over the sliding window;
• W = data size of a 5 min sliding window (1000 points for 0.3 s sampling and 300 for 1 s);
• d∆ = detrended signal with the depth variation caused solely by sea waves.

Whenever the sensor station is restarted after stopping data collection, for the initial W
points, the average of the first W value is subtracted to correct the starting part of the signal.

After the signal is detrended, the next step is detecting the positive peaks correspond-
ing to wave crests. For the given depth variation signal d∆[n], a peak must satisfy the
condition of being greater than its neighbouring values, implying that it is a local maxi-
mum. Hereafter, any reference to a computed peak implies that its composition includes
the depth value and its index in the time domain.

peakslocal [i] =⇒ d∆[i − 1] < d∆[i] > d∆[i + 1] (7)
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Another sliding window is applied to avoid detecting noise or minor fluctuations in
the signal. This step ensures that only the highest peak within a window of 4 s points is
retained (in normal conditions, wave periods of 4 s or less are not expected). The window
moves across the signal, filtering out smaller peaks within each segment. This condition
ensures that only local maxima (wave crests) are kept for further analysis. The process can
be described as

peakscrest[i] = max(peakslocal [j]), f or j = i − W + 1, . . . , i (8)

where

• peakslocal = positive peaks found in the signal;
• peakscrest = higher peaks within the sliding window;
• W = data size of a 4 s sliding window (13 points for 0.3 s sampling and 3 for 1 s).

After identifying all positive peaks, the algorithm selects the top third (1/3) of the
highest peaks (peakstop), following the concept of significant wave height. This is achieved
by sorting the peaks in descending order:

peakstop = sort(peakscrest, descending)
[

1 :
length(peakscrest)

3

]
(9)

The average value of the top third of the highest peaks is used as an estimate of the
significant wave amplitude, in alignment with the statistical meaning of significant wave
height (the average height of the highest one-third of waves). In addition, the highest wave
amplitude in a temporal window can also be determined from the highest detected peak.
These metrics are calculated as follows:

signi f icant wave amplitude = avg
(

peakstop

)
(10)

highest wave amplitude = max
(

peakstop

)
(11)

By analysing the depth variations directly in the time domain and selecting the most
significant peaks, this algorithm provides a more accurate representation of wave amplitude
than the FFT-based method. The results include both the significant wave amplitude, which
reflects the average of the top third of wave heights, and the maximum wave amplitude,
representing the largest recorded wave during the observation window.

2.5. Converting Wave Amplitude at Depth to Wave Height at the Surface

The wave amplitude measured by a pressure sensor located on the seafloor does
not directly correspond to the wave amplitude at the surface, since pressure decreases
exponentially with depth. This phenomenon is a well-known principle in oceanography,
where the pressure field generated by surface waves decays exponentially as a function of
depth. A depth-dependent correction factor must be applied to estimate the surface wave
amplitude and wave height from the sensor’s data. The relationship between the wave
amplitude at the sensor’s depth and the surface is given by the exponential decay equation:

Asensor(z) = Asur f ace × e −kz (12)

where

• Asensor(z) = wave amplitude measured by the sensor at depth z;
• Asur f ace = wave amplitude at the surface;
• e −kz = attenuation factor due to depth, where k is the wave number;
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• z = depth of the sensor from the surface (positive in the downward direction).

This ideal equation assumes a perfect, unobstructed wave propagation environment,
derived from the linear wave theory and applicable under controlled, homogeneous condi-
tions. However, in real-world scenarios, factors such as seafloor morphology, the presence
of underwater obstacles (e.g., rocks, reefs) and local oceanographic conditions may alter
the attenuation of wave pressure with depth. These influences can lead to deviations
from the theoretical model, necessitating the introduction of an experimental correction
coefficient (Cexp) to account for environmental factors. Thus, a practical version of the
equation becomes

Asensor(z) = Asur f ace × e −kz × Cexp (13)

The coefficient Cexp is an empirically derived constant that adjusts for the influence of
site-specific factors like seafloor roughness, sensor location and other hydrodynamic effects
that the theoretical model does not capture. It is typically determined by calibrating the
sensor data against direct surface wave measurements from buoy systems or other reliable
wave monitoring equipment.

The wave number (k) is related to the wavelength (λ), which can be derived from the
wave dispersion relation:

k =
2π

λ
(14)

The dispersion relation is fundamental in the wave theory and links the wave period,
wavelength and water depth. The wavelength can be approximated using the wave period
and the depth through the following relation:

λ =
gT2

2π
tanh

(
2πz

λ

)
(15)

where

• g = gravitational acceleration (9.81 m/s2);
• T = wave period;
• z = depth of the sensor from the surface.

This equation is based on the Airy wave theory (linear wave theory), which describes
how surface waves propagate over water of finite depth. However, it requires iterative
methods for solving, as the equation is implicit in its own definition. This can pose
challenges in terms of computational processing due to the increased complexity and
processing time associated with iterations. Therefore, a practical approach is to initiate the
calculation using the wavelength from the deep-water approximation (Equation (16)) and
iterate from that starting point.

λ =
gT2

2π
(16)

Finally, the wave height at the surface (vertical distance from the trough to the crest)
can be calculated as twice the surface wave amplitude:

wave height = 2 × Asur f ace (17)

These equations are derived from the well-established principles of wave mechanics
and the linearised wave theory, which are commonly applied in oceanographic studies for
interpreting pressure sensor data in wave analysis. By applying these corrections, the wave
amplitude and wave height can be accurately estimated from pressure data, taking into
account both the sensor’s depth and the wave characteristics.
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2.6. Calibration and Validation Using IPMA Forecasts

The Instituto Português do Mar e da Atmosfera (IPMA) is the primary national author-
ity responsible for providing reliable forecasts of various oceanographic and meteorological
parameters [35], including wave characteristics such as wave height, period and direction.
IPMA offers hourly predictions of these parameters for different locations along the Por-
tuguese coast, including Sesimbra, which is essential for marine operations, research and
safety. The data provided are publicly accessible and widely used in oceanographic studies
and maritime industries.

IPMA’s wave forecasts are based on advanced numerical models, specifically the High
RESolution WAve Model (HRES-WAM) developed by the European Centre for Medium-
Range Weather Forecasts (ECMWF) [36–38]. This model simulates the dynamics of sea
surface waves using wind data, solving complex equations that account for wave genera-
tion, propagation and dissipation across various sea states. To enhance the resolution and
accuracy in coastal regions, IPMA also integrates results from the AROME model [39,40],
which provides more localised atmospheric forecasts. This combination allows for highly
accurate predictions of sea wave characteristics in specific coastal regions like Sesimbra,
considering local wind effects and other influencing factors.

In the initial stages of sensor deployment, the wave height and wave period data from
IPMA served as ground-truth information for the calibration of our sensors. By comparing
the wave characteristics recorded by our system with those predicted by IPMA, adjustments
were made to align our measurements with the forecast values. Once the sensor calibration
was completed, we continued using IPMA’s forecast data to validate and compare against
our monitoring results. This step ensured that the in situ measurements captured by our
system were consistent with established and validated models, providing confidence in the
accuracy and reliability of the observed wave parameters over the monitoring period.

3. Results
The marine cable and repeater nodes were successfully deployed on 6 September 2023.

Following two days of system validation and testing, the sensor stations were activated
during a two-hour window to collect data. Figure 2 presents the water temperature (red
circles) and depth measurements (blue circles) gathered from all three sensor stations
between 21:00 and 23:00 on 8 September 2023. The temperature was directly measured by
the MS5837-30BA sensor, while the depth was derived from its pressure measurements
using Equation (1).

The collected data reveal that the repeater nodes 1, 2 and 3 were deployed at seafloor
depths of approximately 19, 34 and 85 m, respectively. The depth signals from all three
stations exhibit a slow variation in the average depth due to tidal effects. The observation
window coincides with a high tide period, peaking around 22:15, which is reflected in
Figure 2a–c. Additionally, these graphs display high-frequency variations in the depth
signals, corresponding to pressure fluctuations caused by wave activity. Figure 2d–f provide
a detailed insight into these variations over a 2 min interval, illustrating the propagation
of sea waves. It is important to note that the wave characteristics observed are quite
similar, as the repeater nodes are in the same coastal area. However, the recorded depth
variations (wave amplitudes) differ: node 1 shows the largest wave amplitude (Figure 2d),
while node 3 shows the smallest (Figure 2f). This is consistent with the expected pressure
attenuation with depth, as Equation (13) describes. Another key observation is that while
nodes 1 and 2 recorded data with a sampling period of 0.3 s, node 3 recorded data with
1 s. Although wave propagation is still detectable in Figure 2f, the data are less detailed
compared to Figure 2d,e.
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Figure 2. Water temperature (red circles) and depth (blue circles) data collected from sensor stations
on 8 September 2023. Graphs (a–c) show data from node 1, node 2 and node 3, respectively, collected
between 21:00 and 23:00. Graphs (d–f) provide inset views of the same data, zoomed in on a 2 min
interval between 22:00 and 22:02, highlighting finer details in the sensor measurements.

Figure 3 illustrates the step-by-step processing methods used to estimate the wave
period and significant wave height from the measured depth data. The analysis spans a
5 min window, from 22:50 to 22:55, of the collected measurements from the sensor station
of node 1 depicted in Figure 2a.

In Figure 3b, the signal is processed using an FFT to convert the time-domain signal
into its frequency components, applying Equations (2) and (4). From the frequency analysis,
the FFT amplitude at 0 Hz is retrieved, corresponding to the water column height (depth),
along with the next most substantial frequency component (0.094 Hz or 10.64 s if using
Equation (3)). However, while this is the most significant frequency, the spectrum between
0.07 and 0.18 Hz (5.5–14.3 s) also shows relevant energy. This, combined with the non-
stationary nature of the depth variation signal, causes the calculated amplitude of the
targeted frequency (0.094 Hz, 0.02 m) to be lower than the observed wave amplitude
magnitudes seen in the depth signal of Figure 3a.

Given that the FFT is not a precise method for estimating wave amplitude, this task is
accomplished by employing the developed peaks algorithm. Figure 3c shows the depth
variation after removing the average depth of the original signal using Equations (5) and (6),
and it also displays the computed positive peaks using Equation (7). For demonstration
purposes, the dashed orange line illustrates the average amplitude of the detected positive
peaks (0.05 m), which already offers a better estimation than the calculated FFT amplitude.
In this time set, the signal appears clean; however, others may contain noise. Therefore, the
4 s sliding window is applied to remove erroneous peaks, using Equation (8), in order to
only retain those corresponding to wave crests (Figure 3d). By applying Equation (9), the
highest one-third of the peaks are identified, and the significant wave amplitude (dashed
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dark-green line) is calculated using Equation (10). Figure 3d highlights the difference
between the values of the average wave peaks (dashed orange line, 0.062 m) and the
average of the top one-third of the peaks (dashed dark-green line, 1.102 m). Additionally,
using Equation (11), the algorithm can also compute the highest peaks within the time set
(dashed light-green line, 0.166 m).
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Figure 3. Processing methods for estimating the wave period and significant wave amplitude using
data from the sensor station at node 1. Graph (a) shows the measured water depth signal from
22:50 to 22:55 used for processing. Graph (b) presents the FFT amplitude result, which depicts the
DC component (0 Hz), corresponding to the total water column height, along with the dominant
wave period (0.094 Hz or 10.64 s) and its respective amplitude (0.02 m). Graph (c) displays the
processed depth variation signal after removing the average depth, highlighting the positive wave
peaks (dashed red line showing the average of the peaks). Graph (d) shows the computation of wave
crests using a 4 s sliding window (dashed red line showing the average of the peaks), detection of the
highest one-third of waves (dashed dark-green line indicating the significant wave amplitude) and
the identification of the highest wave within the time window under analysis (dashed light-green
line indicating the maximum wave amplitude).

After validating the wave period using the FFT and determining the significant wave
amplitude through the peaks algorithm, the next step involved calculating the experimental
coefficient to convert the depth variations measured by the sensors into surface wave
amplitude using Equation (13). The two-hour dataset presented in Figure 2a–c was used
for this calibration. The IPMA forecast for the wave period during this time window was
11 s, closely aligning with the values calculated using the FFT. Table 1 summarises the
calculated wave period, sensor depth and wave amplitude, alongside the wave period
and wave height obtained from the IPMA forecast (note that wave amplitude is half of the
wave height). The experimental coefficient was derived from these values. This process
calibrated the sensors to accurately monitor significant wave heights, which was used in
the subsequent data analysis.
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Table 1. Calculation of the experimental coefficient for the three sensor stations based on the
measured wave period, sensor depth, wave amplitude detected by the sensor and the IPMA forecast
wave height.

Node Wave Period (T)
(Calculated from FFT)

Depth (z)
(Calculated from
FFT, Freq = 0 Hz)

Asensor
(Wave Amplitude

Computation)

Asurface
(Wave Height

IPMA Forecast)

C
(Experimental

Coefficient)

1 11.76 s 19.13 m 0.097 m 0.8/2 m 1.8165

2 11.84 s 34.88 m 0.058 m 0.8/2 m 2.0878

3 11.76 s 85.32 m 0.015 m 0.8/2 m 2.1525

After calibration, the sensor stations were activated for 58 h of continuous monitoring,
from 22:00 on 12 September to 08:00 on 15 September 2023. During this period, the stations
collected pressure data, which were analysed using both the FFT and peaks algorithm
methods to provide hourly wave period and significant wave height estimations. Data
collection was interrupted three times: from 06:00 to 07:00 on 12 September due to a
power outage on land and from 08:00 to 09:00 and 10:00 to 11:00 on 13 September for
maintenance. Additionally, a watertightness malfunction in the sensor of node 1 was
detected, causing the respective sensor station to stop transmitting data. Figure 4 presents
the depth measurements and estimations for the average wave period and significant wave
height for nodes 2 and 3 during the 58 h monitoring period.
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Figure 4. Monitoring results from 22:00 on 12 September to 08:00 on 15 September 2023. Graphs
(a) and (b) display water temperature (red circles) and depth (blue circles) data from nodes 2 and
3, respectively. Graph (c) presents the average wave period estimations from the sensor stations
alongside the IPMA forecast. Graph (d) shows the significant wave height estimations and the IPMA
forecast. Vertical dashed black-green lines in all graphs mark high tide peaks, while vertical dashed
light-blue lines indicate low tide peaks.
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Given the extended monitoring window, Figure 4a,b now reveal the complete tidal
cycle, showing a depth variation of approximately 2 m from low to high tides, as detected
by both nodes. The depth data were processed as previously described, enabling the
estimation of the dominant wave period using the FFT method and the significant wave
height via the peaks algorithm. To assist in result interpretation, high tide peaks are marked
with dashed black-green lines and low tide peaks with dashed light-blue lines.

Between 12 September and the night of 14 September, IPMA’s forecast wave periods
ranged from 9 to 11 s, with a sudden increase to 15 s in the early hours of 15 September.
Both node 2 and node 3 successfully detected this shift. Figure 4c shows a comparison
between the sensor stations’ estimations and the IPMA forecast. Although the estimated
wave periods are slightly higher than the forecast, the results of node 2 show an average
difference of only 1.5 s, a reasonable margin given the 1 s resolution of the IPMA forecast.
On the other hand, the estimation of node 3 exhibits higher variability and error, likely
attributable to the longer 1 s sampling interval used.

Regarding significant wave height, the IPMA forecast indicated a stable range between
0.8 and 0.9 m, with a slight increase to 1.1 m on the evening of 13 September. The estimations
from the sensor stations do not closely align with this trend and exhibit considerable
differences. It is important to note that IPMA forecasts are based on numerical models
applied to extensive maritime regions. While wave periods are generally expected to
remain consistent within a localised area, the same cannot be said for wave heights. This
discrepancy arises because forecasts are primarily made for open sea conditions, where
wave heights are typically smaller. Nevertheless, they tend to increase as waves approach
the coast—where the marine cable was installed. Therefore, both results and forecasts
regarding wave height should be interpreted cautiously.

Figure 4d illustrates that the average values of the estimations from both nodes align
with the forecast. However, their raw values exhibit variations not observed in the forecast.
A detailed analysis of the estimations reveals a consistent pattern between both nodes,
where wave height significantly increases during flood tide and decreases just before
reaching high tide. This phenomenon is commonly observed in coastal regions, where
wave heights tend to be higher during flood and/or high tides and lower during ebb
and/or low tides. Accordingly, the results suggest that during the monitored period, both
nodes recorded an increase in wave height attributed to tidal waves, in contrast to wind
waves. Regarding the estimations for the wave period, node 3 shows a more significant
variance than node 2, which can be attributed to the differing sampling periods and the
increased depth, making it more challenging to capture wave propagation effectively.

4. Discussion
The results presented in this study highlight several key insights regarding the capa-

bilities and performance of the deployed sensor stations for wave monitoring in coastal
areas using marine cable infrastructure. We validated the monitoring system’s effectiveness
through the combination of pressure data analysis, the FFT for wave period estimation and
the peaks algorithm for significant wave height estimation.

The data collected in this study relied on the MS5837-30BA sensor. Despite being
deployed at different depths (19 m, 34 m and 85 m for nodes 1, 2 and 3, respectively), the
sensor stations consistently recorded tidal fluctuations with an amplitude of approximately
2 m, aligning well with expected tidal cycles. Despite the varying depths, the coherence
of the pressure data across all three nodes demonstrates the accuracy and reliability of
the MS5837-30BA sensor in capturing both short-term wave fluctuations and longer tidal
cycles. Additionally, the fact that this is a low-cost sensor further underscores its advantage
for extended monitoring applications in marine environments. Its affordability combined
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with its precision makes it a viable solution for large-scale deployments, particularly in
projects with limited budgets or those requiring multiple sensing locations.

Beyond tidal monitoring, the pressure data also enabled the estimation of sea wave
characteristics, particularly the wave period and wave height. While the wave period
estimates closely aligned with the IPMA forecasts—showing an average difference of 1.5 s
for node 2—the wave height estimations displayed more significant variation. However,
the coherence in the variations detected by nodes 2 and 3, as well as the patterns observed
concerning tidal cycles, provides confidence in the measurements. The link between tidal
cycles and wave height was obvious, with both nodes consistently recording higher wave
heights during flood tides. This phenomenon is well documented in coastal hydrodynamics,
where tidal currents can amplify or dampen wave energy, but it is not reflected in the IPMA
forecasts. This discrepancy is likely due to the difference between the numerical models
used for open-water forecasts and the localised conditions at the sensor station sites,
which are closer to the shore. These findings highlight the importance of considering
spatial variability in wave height caused by factors such as wave shoaling, reflection and
diffraction as waves approach shallow waters—conditions that numerical models may
not fully capture. As a result, the experimental coefficients derived during the calibration
process using IPMA’s wave height forecasts may also not be entirely accurate. Future
calibration and validation efforts should take this into account and explore alternative
ground-truth sources, such as local surface buoys or ADCPs, to provide more precise wave
height estimations.

Another important outcome of this work is the relationship between depth, sampling
period and the performance of the wave estimation process. As anticipated, the sensor at
node 3, positioned at a depth of 85 m, encountered greater difficulty in detecting wave
propagation compared to the shallower nodes 1 and 2. This highlights the attenuation of
pressure signals with depth, which makes accurate wave height estimations increasingly
challenging at deeper locations. Moreover, the difference in sampling periods—0.3 s for
node 2 and 1 s for node 3—also contributed to the discrepancies observed in wave period
and amplitude estimations. The lower sampling frequency at node 3 likely resulted in
higher variance in the recorded data, particularly in wave period estimations. These
findings emphasise the importance of higher sampling frequencies at deeper installations
to better capture wave propagation dynamics and improve estimation accuracy.

Even though the primary focus of this work was not water temperature, the sensor
stations, equipped with the MS5837-30BA sensor, successfully captured temperature data
throughout the monitoring period. Figure 2 highlights a temperature gradient from node
1 to node 3, demonstrating a decrease in temperature with increasing depth, which is
characteristic of thermal stratification in marine environments—warmer temperatures
near the surface and cooler conditions at the seafloor. Additionally, Figure 4 reveals local
fluctuations in water temperature during the ebb and flood tides, with node 2 showing an
increase in temperature during both cycles, while node 3 experienced a rise in temperature
predominantly during flood tides. These patterns suggest the potential influence of ocean
currents during tidal cycles in the region, which could be mapped in greater detail by
increasing the spatial resolution with additional sensor nodes. Although water temperature
data were not directly relevant to the wave characteristic estimations, they demonstrate the
versatility and potential of smart marine cables for comprehensive ocean monitoring.

The integration of sensors into marine cable infrastructure opens new opportunities
for tracking a variety of oceanographic parameters. Advanced computational processing,
including artificial intelligence and machine learning, can enhance data interpretation
by identifying patterns, detecting anomalies and improving predictive modelling. These
technologies enable the real-time processing of vast datasets, allowing for the extraction of
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valuable insights into ocean dynamics. By leveraging AI-driven analytics, marine cables
can evolve into intelligent monitoring networks, autonomously adapting to environmental
changes and expanding their role in global ocean observation systems. With the vast net-
work of submarine cables already in place, providing reliable power supply and broadband
capacity for real-time data transmission via optical fibre, smart marine cables represent a
promising frontier for next-generation ocean monitoring systems. This infrastructure can
be leveraged to develop a more extensive and detailed understanding of ocean dynamics,
including parameters such as temperature, pressure, salinity and wave activity, transform-
ing marine cables into multi-purpose monitoring platforms that can contribute significantly
to both scientific research and environmental management.

5. Conclusions
This study investigates the potential of integrating sensor technology into marine

cable infrastructure for real-time oceanographic monitoring, demonstrating successful
measurements of tidal cycles and wave characteristics using the MS5837-30BA pressure
sensor. A 2000 m marine cable demonstrator, deployed off the coast of Sesimbra, Portugal,
was equipped with three active repeater nodes. These nodes supported various subsystems,
including AUV operations, soundscape processing and oceanographic monitoring. Each
repeater node, installed at different depths, was outfitted with sensor stations that effec-
tively captured the expected tidal depth variations. Data collected from these stations were
consistent and coherent across the nodes, validating the utility of these low-cost sensors in
marine monitoring applications, where scalability and affordability are essential.

The primary focus of this work was on monitoring sea wave characteristics. The hourly
wave period was estimated through FFT analysis of the collected pressure data. A custom
algorithm was developed to detect wave crests and estimate both significant and maximum
wave height. The results were promising, with wave period estimates closely aligning with
forecasts. The observed correlation between tidal cycles and wave height—particularly
the increase in wave heights during flood tides—demonstrated the system’s sensitivity
to coastal hydrodynamics. While wave height estimates showed greater deviations from
forecasts, this was likely due to the spatial variability of wave heights as waves approach
the coast, a factor that numerical models designed for open waters often fail to capture. This
underscores the importance of localised monitoring to complement and refine large-scale
models, especially in coastal regions. Additionally, the study underscored the challenges
associated with deep-water sensor installations, where both pressure signal attenuation
and lower sampling rates introduced higher variances in the data. Complementary use
of an experimental coefficient was introduced using forecast data to calibrate the sensor
stations. This highlights the need for optimised sensor configurations, including higher
sampling frequencies, to ensure accurate wave characteristic estimations in deeper waters.

Tidal and sea condition monitoring is critical for both coastal and open-sea applica-
tions. Along the coast, accurate tidal data can inform beach management, coastal erosion
prevention and marine traffic control, ensuring safer navigation and port operations. In
open waters, real-time tidal monitoring can potentially improve tsunami detection and
early warning systems. This dual utility underscores the value of sensor-integrated marine
cables for a broad range of maritime operations, from safety to environmental protection.
Overall, this study demonstrates the wider potential of integrating monitoring stations
into submarine cable infrastructure. With their extensive reach, power availability and
data transmission capacity, smart marine cables offer a transformative opportunity for
future oceanographic monitoring. These systems could extend beyond wave and tide
measurements to monitor a wide range of environmental parameters, providing a more
comprehensive and high-resolution understanding of ocean dynamics. The successful
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application of sensors in marine cables in this study paves the way for scalable, real-time
ocean monitoring solutions that can support both scientific research and environmental
management, contributing to more informed decision making for the sustainable use of
marine resources.
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AUV Autonomous Underwater Vehicle
ECMWF European Centre for Medium-Range Weather Forecasts
FFT Fast Fourier Transform
GPS Global Positioning System
HF High Frequency
HRES-WAM High RESolution WAve Model
IPMA Instituto Português do Mar e da Atmosfera
K2D Knowledge and Data from the Deep to Space
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NRP Navio da Republica Portuguesa
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