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ABSTRACT

In recent years, ocean currents have been identified as a promising resource for renewable energy generation.
However, most conversion devices remain at an early stage of technical development, hindering progress
towards large-scale commercial deployment. In this scenario, the resource assessment, with particular attention
to hydrodynamic characterisation, re-emerges as an essential activity that demands comprehensive knowledge
to meet the requirements of any generation project and to support the reduction of the cost of energy. The
present research aims to evaluate the energetic potential of an ocean current located in the insular shelf of
Cozumel Island, emphasising on the definition of the fundamental parameters needed for the hydrodynamic
design of a medium-scale horizontal-axis hydrokinetic turbine with a radius of about 0.5 m. The evaluation
was divided into two main sections. In the first section, 192 current speed time series were obtained from
the HYbrid Ocean Coordinate Model (HYCOM), each associated with a geo-referenced node and a depth
of 50 m. Subsequently, the K-Means++ algorithm was applied to cluster nodes based on their statistical
features. Three specific approaches were considered for the feature extraction: statistical moments, principal
component analysis, and deep autoencoding. The clusters were compared using the Silhouette, Davies—Bouldin
and Calinski-Harabasz scores. While the first and second approaches produced quite similar and consistent
results, the performance of the third approach was unexpectedly inferior. In the second section, four potential
harnessing regions were chosen. For each region, the optimal power per node and cluster was computed using
25 generic power curves. It was assumed that nodes within the same cluster shared a single optimal curve.
For the most promising region, the best-performing power curve suggests a cut-in speed of 0.69 m/s, a rated
speed of 2.3 m/s and an effective speed for hydrodynamic design of 1.52 m/s. The maximum capacity factor
observed was 0.325, with a power production of 6.55 MWh/yr m”. Although reported results focus on the
maximum yield, alternative scenarios for power production are also discussed. Finally, a preliminary set of
parameters to describe the operative state of the hydrokinetic turbine is presented.

Introduction

solar and wind energy, ocean energy offers the advantage of being
more stable and predictable over time, simplifying its integration into

In response to concerns about climate change and sustainable de-
velopment, countries have gradually updated their renewable energy
policies. For instance, in early 2022, the European Commission raised
its 2030 targets for the share of renewable energy in final energy
consumption to 45% (REN 21, 2022). Nevertheless, the current reliance
on fossil fuels reveals an evident gap between aspiration and actual
progress. In this scenario, ocean energy emerges as a promising al-
ternative to diversify the energy sector. Compared to well-established
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traditional power grids. Preliminary studies indicate that the potential
for annual energy extraction could reach 331 exajoules (Lewis et al.,
2011), a noteworthy magnitude relative to the 650 exajoules of global
energy demand recorded in 2024 (IEA, 2025).

Hernandez-Fontes et al. (2019) provided an extensive evaluation of
the potential of ocean energy in Mexico. The research identified multi-
ple locations suitable for harnessing energy from sources such as waves,
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salinity and thermal gradients, and ocean currents. Regarding ocean
currents, the eastern coast of the state of Quintana Roo was identified
as the most promising site, with estimated power densities ranging from
32 W/m? to 512 W/m?. It should be noted that reported values represent
the theoretical hydrokinetic energy available and do not account for
energy conversion losses. Prior research conducted by Cetina et al.
(2006) examined the circulation patterns of the water currents in this
region, identifying a predominant northeastward flow direction. In
addition, some reversal periods were also observed in specific southern
areas. Athié et al. (2011) investigated the Yucatan Channel and its cor-
relation with the Cozumel Channel, a site where the current intensifies
and the surface velocities increase up to 1.0 m/s. Although the core area
of the Yucatan Current remained stable, the position of the maximum
velocity varied throughout the research period.

In recent years, Alcérreca-Huerta et al. (2019) evaluated the hy-
drokinetic potential of the current near the Cozumel Channel. The
study identifies the northern insular shelf-edge of Cozumel Island as the
most suitable region, with an average velocity of 0.93 m/s and peak
values in the range of 1.8-1.9 m/s. However, the reported velocities
are lower than those required by the hydrokinetic turbines closest to
commercial deployment, which are typically designed for operative
velocities around 2.0 m/s. Despite this limitation, the current can be
assumed to be viable for energy extraction as a result of a nearly
continuous and unidirectional flow. Arredondo-Godinez (2020) pro-
vided an extensive guide to evaluate potential sites for the extraction
of hydrokinetic energy, using the Cozumel Channel as a case study.
This guide presents a comprehensive oceanographic characterisation of
the current, providing valuable insights for subsequent turbine design
activities. Notable findings include the spectral analysis of the current
velocity and the detection of the principal oscillation modes, which are
particularly relevant for the hydroelastic and structural design of the
blades.

A techno-economic assessment was conducted by Barcenas Graniel
et al. (2021) at the same location, considering the operational pa-
rameters of four pre-commercial turbines. For the optimal device, the
levelised cost of energy (LCOE) was estimated to be around 1.1458
USD/KWh, with an associated capacity factor of 12.5%. This value is
not competitive compared to the energy generation costs of conven-
tional renewable sources, which are typically around 0.24 USD/kWh
(IRENA, 2022). To enhance competitiveness, a turbine specifically de-
signed to account for the hydrodynamic characteristics of the Cozumel
current is required. Achieving a capacity factor of at least 25% could
reduce the LCOE to 0.685 USD/KWh.

In a similar research, Ring et al. (2022) performed an extreme value
analysis for the velocity current data derived from the HYCOM nu-
merical model. The author concludes that, while the adjusted HYCOM
model fits well with empirical data, it exhibits an underestimation of
the extreme values of approximately 22%. This underestimation has
critical implications for engineering activities, particularly the design
of turbine support structures and mooring systems. In a subsequent
study, Maslo et al. (2023) investigated the potential impact on the
ocean current in the Cozumel Channel resulting from the installation of
multiple ideal turbines. The results suggest that, while the installation
of a few turbines has a minor impact compared to the scale of the
ocean current, if the number of turbines increases, severe flow dis-
turbances can be expected, which could potentially modify the seabed
morphology and ecosystems.

Although the Cozumel Channel has been identified as a potential
site to harness energy, the current velocity tends to be lower compared
to other locations, particularly those driven by tidal currents. This
limitation represents a considerable challenge, as effective hydrokinetic
energy extraction requires the development and optimisation of turbine
models that have not been widely studied in the industry. As noted
by Bércenas Graniel et al. (2021), there are at least three other sites
worldwide with similar low-energetic conditions: the Agulhas current
on the southern coast of Africa (Griindlingh, 1983), the Kuroshio
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current along the Japanese coast (Sawada & Handa, 1998), and the Gulf
Stream near the Florida coast (Duerr & Dhanak, 2012).

Chen (2010) proposed a design of a power plant to harness energy
from the Kuroshio current, estimating that a pilot plant could generate
approximately 30 MW. Shirasawa et al. (2016) conducted an experi-
mental verification of a small-scale floating turbine for this current. The
turbine, with a rotor diameter of 1.46 m, achieved a power coefficient
of 0.43 for an operational speed of 1.27 m/s. Subsequently, a turbine
prototype, known as Kairyu, was redesigned to reach a pre-commercial
stage, but detailed information remains out of the literature. Similarly,
for the Gulf Stream, the Ocean-Based Perpetual company has developed
a prototype intended for deployment near the Florida coast. In a
technical approach, Encarnacion et al. (2019) developed a turbine pro-
totype specifically designed to address the limitations of less energetic
flows. Research suggests that a low-solidity turbine (TSR = 7.75) can
achieve a power coefficient of 0.405, with the added advantage of
producing power through low-torque operation. This design strategy
was employed to reduce the size and costs of the generator, potentially
improving the viability of the turbine. Boretti (2020) reviewed several
turbine projects at the MW-level generation scale, even though not all
were explicitly developed for slow-moving ocean current applications.

Research previously reviewed illustrates different stages of the tech-
nical development of hydrokinetic conversion devices. However, com-
pared to the wind energy industry, which benefits from well-established
technical standards and regulatory frameworks, the ocean energy in-
dustry faces persistent knowledge gaps that hinder its progress to-
wards commercial viability. Although this situation can be perceived
as challenging, it also provides an opportunity to explore innovative
methodologies to mitigate constraints.

The present study aims to estimate the hydrokinetic potential near
the Cozumel Channel using current speed time series data from a
set of 192 geo-referenced nodes. In contrast to previous assessments
that primarily focused on resource quantification, this study integrates
time-series clustering with power curve analysis to simultaneously
characterise both the hydrokinetic resource and preliminary opera-
tional design parameters for a medium-scale turbine. The assessment
was divided into two main sections. The first section addresses the
mapping of the hydrokinetic resource by applying time-series clustering
techniques to categorise nodes. Subsequently, the operational parame-
ters for the candidate device were defined by conducting a power curve
analysis in four regions of interest, which were pre-selected based on
the results from the previous section.

Time-series clustering is a widely used methodology for identifying
patterns in temporal data. In literature, notable examples related to
the energy industry include the identification of electricity consump-
tion patterns (Rédsdnen & Kolehmainen, 2009), the measurement of
the impact of climate change on wind speed (Clifton & Lundquist,
2012), the improvement of wind power forecasting (Liu et al., 2014;
Pravilovic et al., 2014), the evaluation of wind resources (Abreu et al.,
2025; Azhar & Hashim, 2023), and the diagnosis and predictive main-
tenance of wind farms (Adedeji et al., 2022; Martins et al., 2024).
While multiple techniques for time series clustering have been pro-
posed (Aghabozorgi et al., 2015; Javed et al., 2020; Wang et al.,
2006; Warren-Liao, 2005), for this research, a feature-based time series
clustering is adopted as a fast-implementation approach to identify
spatially coherent regions for power generation. Therefore, this con-
stitutes an alternative technique for energy resource mapping. The
primary assumption is that generated clusters should contain nodes
with similar hydrodynamic conditions, such that a single turbine model
should be able to operate efficiently in the surroundings. In the absence
of performance data of commercial turbines to test different array
configurations, the farm layout relies on the clusters computed from the
statistical properties of the nodes and their corresponding time series.

In a similar scenario, several studies have been conducted to es-
timate the hydrokinetic potential of ocean currents (Alcérreca-Huerta
et al.,, 2019; Duerr & Dhanak, 2012; Haas et al., 2017; Kabir et al.,
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2015; Ren et al., 2023; Yang et al., 2013). Moreover, advanced method-
ologies, many of them inherited from the wind energy industry, are
capable of integrating economic, operational, and environmental fac-
tors (Charhouni et al., 2019; Haces-Fernandez et al., 2022; Herbert-
Acero et al., 2014). Unfortunately, due to the relatively early stage of
research on this topic, conducting a comprehensive assessment intro-
duces significant challenges as data availability is limited. Given these
constraints, a more pragmatic approach to deal with this problem is
to assume an iterative process, where the assessment will be refined
and complemented in successive iterations. For the present iteration,
the assessment is primarily focused on the power output as the key
performance metric, which is determined by a power curve analysis.

Lewis et al. (2019, 2021) provide a comprehensive review of the
most relevant hydrokinetic turbine prototypes that are progressively
approaching commercial deployment. While available data is predomi-
nantly focused on energy extraction from tidal currents, the operational
principles are analogous to those employed for ocean current appli-
cations (International Renewable Energy Agency, 2014; Lewis et al.,
2011). From the previous research, a provisional approach was adopted
to formulate a generic power curve set, with operational parameters
derived from the averaged specifications of the reported devices. Each
power curve represents a candidate turbine, whose power output was
estimated for each cluster. The optimal power curve was selected based
on the maximum cumulated power production as a criterion, enabling
the derivation of fundamental operational parameters, including the
cut-in, cut-out, rated, and effective speeds. Subsequently, by including
complementary parameters, such as rotor diameter, tip speed ratio, and
density and viscosity of seawater, a robust preliminary framework can
be established to support the hydrodynamic design of the device.

Materials and methods

In the context of ocean energy, while single descriptive parameters,
such as the minimum, maximum, or mean current speed, are useful for
preliminary resource mapping, they are not enough when the objective
is the delimitation of operational regions. This restriction arises from
the fact that similar hydrodynamic conditions can be associated with
different flow patterns. For instance, two sites with nearly identical
mean speeds or power generation might be derived from different data
distributions, making the operation of a single turbine model impracti-
cal. Feature-based clustering deals with this problem by categorising
nodes based on the similarities of a computed vector of statistical
properties of the time series, hereafter referred to as feature-vector. The
specific algorithm selected for clustering is the K-Means++, a variant
of the K-Means algorithm that optimises the seeding technique for
centroid initialisation (Arthur & Vassilvitskii, 2007).

Time series clustering

To define the optimal set of statistical parameters to compose
the feature-vector, three different approaches were considered: sta-
tistical moments, principal component analysis (PCA) variables, and
autoencoder-derived variables. Before describing the procedures and
techniques for obtaining these parameters, the following section intro-
duces the case study.

Case study: dataset

The case of study is the Cozumel Channel, a narrow passage in the
Caribbean Sea bounded by the coast of Quintana Roo to the west and by
the Cozumel Island to the east. As noted by Arredondo-Godinez (2020),
this channel is connected to a large-scale system driven by the Yucatan
Current, which flows northward along the Quintana Roo coastline.
Near Cozumel Island, the flow accelerates due to the constriction of
the channel and bathymetry. As it enters the Gulf of Mexico, the
Yucatan Current transitions into the Loop Current, which subsequently
becomes the Florida Current. According to Chévez et al. (2003), despite
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its relatively small dimensions, measuring approximately 50 km in
length and 18 km in width, the Cozumel Channel can transport 5 Sv,’
which represents around 20% of the mean transport of the Yucatan
Current. Barcenas Graniel et al. (2021) provide further information
about the electricity consumption, generation, and current power grids
on the island, while Muckelbauer (1990) describes the morphology and
organisms.

The dataset used in the cluster analysis was obtained from a reanal-
ysis of the HYbrid Ocean Coordinate Model (Chassignet et al., 2007).
This product was selected as it offered relatively high spatial resolution
and a suitable temporal range (Duerr & Dhanak, 2012; Kabir et al.,
2015; Neary et al., 2012). Current velocities were calibrated using in
situ measurements and the HYCOM + NCODA Gulf of Mexico 1/25°
GOMI0.04 experiment. The in situ measurements were retrieved from
a stationary long-range ADCP deployed near the central section of
the channel, at a depth of 49 m and reporting at half-hour intervals
during the period from April 2009 to May 2011. The overestimation
of the zonal component was reduced from 19.3% to 10.2% in terms
of the NMSE.? Numerical data for the selected region (see Fig. 1)
were computed for a set of 192 nodes at a depth layer of 50 m,
each providing hourly current velocity time series from 2 April 2009
to 31 March 2014. This activity partially adopted the methodology
presented by Duerr and Dhanak (2012), and was carried out as part
of the initiatives of the Mexican Centre for Innovation in Ocean Energy
(CEMIE-Oceano) and the CANEK project.

The time series were examined for stationarity using the augmented
Dickey-Fuller test, with a number of lags that were selected according
to the AIC information criterion (Fuller, 1995). Moreover, a Hampel fil-
ter, applied considering a minimum window size of 6 h and a detection
threshold of three standard deviations (¢ = 3), demonstrates that the
number of data entries that can be classified as outliers is not significant
compared to the length of the time series. As the data were derived from
a numerical model, no additional pre-processing steps were required.
Nevertheless, a visual inspection of the frequency histograms revealed
certain nodes where the distribution of the data suggests bimodality.

To validate the observations, a Hartigan-Dip test for unimodality
was performed using R software (Hartigan & Hartigan, 1985; Maechler,
2003). From this analysis, it was possible to identify nine nodes with
an evident bimodal distribution. However, certain nodes exhibited an
excess mass in their data distributions, suggesting potential deviations
from rigorous unimodality, even if they did not meet the criteria for be-
ing classified as bimodal. This situation implies that fitting continuous
functions for each node and comparing their parameters (i.e., shape,
scale, and location) is not a feasible method for feature extraction, and
different alternatives must be explored.

Statistical moments

As a preliminary data exploration stage, ten descriptive statisti-
cal variables were estimated for each node in the dataset, including
mean, standard deviation, quantiles (25%, 50% and 75%), coefficient
of variation, skewness, kurtosis, and metrics to measure stationarity
(Augmented Dickey-Fuller test) and homoskedasticity (Breusch-Pagan
test). A correlation matrix was calculated, and it was possible to appre-
ciate a relatively high correlation between variables. Breiman (2001)
and Keogh and Mueen (2017) suggest that high dimensionality is usu-
ally a problem for clustering activities, including the K-Means algorithm
that relies on the Euclidean distance (L2-distance) to define centroids.
Despite not being an absolute rule and depending primarily on the
nature of the data, dimensionality reduction was prioritised.

To ensure a more rigorous mathematical representation of the data
distribution, the parameter set was reformulated using the first seven
standardised raw moments as the initial guess. Raw moments were

1 Sverdrup, unit of volumetric flow equivalent to 1x 10° m?/s.
2 NMSE: Normalised Mean Squared Error.
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Fig. 1. Location of Cozumel Channel and HYCOM node distribution.

deliberately selected instead of central moments to reduce the de-
pendency on the mean value. To detect and address multicollinearity
issues, a variance inflation factor (VIF) analysis (Akinwande et al.,
2015) was conducted. The results indicated that three raw moments
could be excluded and confirmed that four raw moments were enough
for clustering activities. For this first approach, the standardised (Z-
score) raw moments selected to compose the feature-vector were the
second, third, fourth, and fifth. Regarding the detection of bimodality
in certain nodes, Pfister et al. (2013) and Kang and Noh (2019) discuss
the coefficient of bimodality as a parameter that indirectly measures bi-
modality through the relationship between the third and fourth central
moments. Although these specific moments were not included in the
analysis, it is assumed that their effects are partially captured due to
the inherent relationship between raw and central moments.

Principal component analysis

For the second approach, principal component analysis (PCA) was
considered a suitable alternative to reduce dimensionality (Ayesha
et al., 2020; Rastogi et al., 2023; Salem & Hussein, 2019). The initial
set of parameters contained the same standardised seven raw moments
computed previously. The analysis was performed using the open-
source Python library scikit-learn. Given a relatively high correlation,
the unsupervised Kernel-PCA analysis was used to transform a base-
line feature space into a set of uncorrelated parameters, known as
orthogonal principal components. The number of principal components
was determined based on the explained variance criterion, leading
to the conclusion that four principal components were enough to
capture more than 90% of the variance from the original data. The
high-dimensionality problems were expected to be mitigated, and the
robustness of the clustering improved.

Deep autoencoder

Given the problem of bimodality, for this third approach, a different
technique was considered for the feature-extraction process. Unlike the
previous approaches, which relied on statistical parameters computed
from time series, this approach was intended to extract features di-
rectly from the shape of the corresponding histograms by using a deep
autoencoder model. In deep learning, a deep autoencoder is a neural
network in which the input and output layers contain the same number
of neurones. In an encoding section, the data is compressed as the
number of neurones in layers is progressively reduced until a bottleneck
layer is reached, after which the decoding section reconstructs the data
by increasing the number of neurones in the subsequent layers (Chen &
Guo, 2023; Li et al., 2023). By taking advantage of a compressed repre-
sentation enhanced through deep learning, the features extracted from

Table 1

Summary of deep autoencoder network structure.
Layer Type Units Activation
Input Layer InputLayer 31 ReLU
Encoder Dense 512 ReLU
Encoder Dense 256 ReLU
Latent Space Dense 4 Sigmoid
Decoder Dense 256 ReLU
Decoder Dense 512 ReLU
Output Layer Dense 31 Sigmoid

the bottleneck layer are expected to capture essential characteristics of
the data distributions, including bimodality (Algahtani et al., 2021).

For each node in the dataset, a training vector for the model was
defined to store relative frequency values. Assuming a bin size of
0.1 m/s, each training vector contained 31 entries, corresponding to
a flow speed in the range of 0 to 3.1 m/s. This range was chosen based
on the minimum and maximum values observed in the time series. The
deep autoencoder model was implemented using the high-level Python
library Keras. Table 1 presents the general layout configuration of the
model, assuming a symmetric structure. In the input and output layers,
each neuron is associated with a bin of relative frequency. Therefore,
the model included an Input Layer, seven encoding layers, one Latent
Space layer, seven decoding layers, and an Output Layer, giving a total
of 17 layers. As all layers were fully connected Dense layers, the number
of trainable parameters reached 382,290.

It is important to note that neither regularisation nor dropout layers
were included, as the primary objective is, even if some degree of over-
fitting might happen, the accurate encoding—decoding process rather
than generalisation. The Rectified Linear Unit (ReLU) was selected as
the pre-defined activation function, except for the Latent Space and
output layer, where a Sigmoid function was applied to constrain the
neurone weights in the range of 0-1, corresponding to the expected
values of the feature-vector and the relative frequencies.

The model was compiled using the Nesterov-accelerated adaptive
momentum (NAdam) optimiser and the mean squared error (MSE) as
the loss function. Training was conducted for 2000 epochs, using a
batch size of 32. Fig. 2a presents the training history based on the
accuracy as a metric. For the last epoch, an accuracy of 0.875 was
achieved, with a corresponding MSE loss of 4.2172 x 10~5. Whilst the
accuracy metric is illustrative in indicating how well the autoencoder
was trained to classify bins in the latent space based on the sigmoid
activation threshold (0.5), the low MSE values are the metrics that
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suggest the global amplitude of the histogram is reasonably preserved
and that bin values are reconstructed with small absolute deviations.

Fig. 2b provides a comparison between an actual histogram from the
original dataset, which displays a remarkable bimodal distribution and
its predicted counterpart generated by the deep autoencoder model.
The feature-vector was computed for each node using the encoding
sub-structure of the model. Given the properties of the activation func-
tion assigned to the Latent Space layer, no additional pre-processing
activities were required before the clustering of the nodes based on the
extracted feature-vectors.

In order to evaluate the quality of the clusters generated by the three
proposed approaches, three different metrics were computed: Silhou-
ette, Davies—Bouldin, and Calinski-Harabasz scores. These metrics were
chosen based on the research presented by Shahapure and Nicholas
(2020) and Javed et al. (2020).

Fig. 3 illustrates the general workflow for the clustering activities
described previously and their relationship with the subsequent power
curve analysis. Each approach generates different feature vectors that
are subsequently processed using the K-Means++ algorithm. Once spa-
tially coherent regions with similar hydrodynamic characteristics have
been identified, the clustering results inform a power curve analysis
in which the optimal operational regions are determined and from
which the preliminary design specifications of the turbine candidate
can potentially be derived.

Power curve modelling

As mentioned previously, the power assessment for each georef-
erenced node in the dataset will be performed using a simple set of
generic power curves, which are introduced to simulate the operational
behaviour of different turbine models. The hydrokinetic power output

P of a single turbine model can be estimated from the following
equation.

@

where: p is the density of seawater, A the swept area of the rotor, U
the velocity of the ocean current, and Cp the power coefficient. Based
on the research conducted by Lewis et al. (2021), a cubic power curve
modelling technique was adopted to define generic power curves. This
technique was chosen due to the relatively good agreement with the
14 power curves of near-commercial hydrokinetic turbines evaluated
in the study and its capacity to be fully defined by three essential
conditions, which are detailed below.

p= %pAU3CP

U<03-U.:P=0 (2)

U >U>03-U,:P= %pAU3CP 3
1

U>U :P=P = EpAUpr 4

where: U, is the rated speed and P, is the rated power. The first
condition, expressed in Eq. (2), applies to the operational state be-
low the cut-in speed, where the kinetic energy in the fluid flow is
not enough to initiate power generation. The second condition, given
by Eq. (3), describes a transition region where the turbine is expected
to operate as close as possible to maximum efficiency, with power
increasing cubically with flow speed. It is important to note that,
even if the power coefficient is assumed to be constant, in practice, it
depends on the rotor speed, pitch control, and geometrical features of
the blades (Burton et al., 2011; Hachmann, 2019; Wang et al., 2012).
The third condition represents the rated operational state for power
generation. Despite increasing fluid flow speed, the power generation
remains constant, limited not by the turbine but by the generator.
Finally, a fourth condition, not particularly relevant for this analysis,
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describes the cut-off speed scenario when the turbine interrupts power
generation to protect against structural damage.

In this research, 25 power curves were generated by varying the
rated speed from 0.6 to 3.0 m/s. Based on the findings reported
by Lewis et al. (2021), a mean power coefficient of C» = 0.37 and a ra-
tio between cut-in speed and rated speed U,,,_;, = 0.3-U, were defined,
as these values represent the mean performance of the near commercial
tidal turbines reviewed. Furthermore, the capacity factor was computed
using Eq. (5), defined as the ratio between the cumulated output power
and the hypothetical output power assuming continuous operation at
the rated speed. Power curves were evaluated for the hourly data.

3 lpac, v

CF= ——m
z %PACP -Up
The power production is reported for each node as the mean annual
power output, which takes into account the five-year data, and it
is representative of a hypothetical turbine with a swept area of 1
square metre. While each individual node can be associated with an
optimal power curve, the development of a turbine model for each
location is not feasible. Therefore, four regions of interest were defined,
and performance was evaluated by grouping internal nodes based on
the results of the previous cluster analysis, reducing the number of
potential turbine models to the number of clusters. In this specific ap-
proach, the optimal power curve is computed in terms of the cumulated
power output of the nodes within each cluster. Then, it is important to
emphasise that the optimal power curve of the cluster may be different
compared to the optimal curve computed for individual nodes.

(5)

Results
Nodes clustering

The optimal number of clusters was defined using the Elbow method
and the within-cluster sum of squares (WCSS) metric. This graphical
method indicates that five clusters were sufficient to meet the slope-
change criterion for the three feature-based approaches mentioned
above. Fig. 4a illustrates the node distribution by cluster for each
approach. It is important to note that, due to the random nature of
centroid initialisation, the assignment of cluster colours does not follow
any specific order.

While at first sight the visual inspection of clustering processes
might seem challenging, a comprehensive analysis reveals certain re-
current patterns. In all three approaches, the clusters located in the
southwestern regions are consistently associated with regions where
suboptimal power production is expected due to relatively low cur-
rent velocities. Moreover, nodes belonging to these clusters are also
observed in coastal regions and in the lee of the island. In contrast, in
the narrow passage between the island and the mainland, there is an
evident fragmentation of clusters that is extended to the northeastward,
and aligns with more favourable operational conditions as the velocity
of the current intensifies. Nevertheless, the coexistence of multiple
clusters in this region indicates complex hydrodynamic conditions that
complicate energy harvesting. Consequently, if this region is selected
for exploitation, the design and development of a single turbine model
is deemed neither practical nor technically feasible.

Fig. 4b shows the Silhouette scores computed as a quantitative
metric to evaluate the goodness of clusters. For both the Standard
and Kernel PCA approaches, the highest scores are mainly found in
regions where power production is low. In contrast, the number of
nodes with the lowest scores, which suggests their placement on the
decision boundary between clusters, is similar for both approaches, but
their spatial distributions differ. In the case of the Deep Autoencoder
approach, with the exception of the south-east region, there are no
evident patterns in the score distribution.
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Table 2
Clustering scores for the different approaches.
Approach Silhouette Davies-Bouldin Calinski-Harabasz
Standard 0.5719 0.5149 724.8438
Kernel PCA 0.5537 0.6198 296.9134
Deep Autoencoder 0.5606 0.5383 219.4198

Table 2 presents the mean Silhouette score for each clustering ap-
proach, and the Davies-Bouldin and Calinski-Harabasz scores to com-
plement the quantitative analysis. Based on the previous scores, the ap-
proach with the highest clustering quality was the Standard approach.
The Kernel PCA approach ranked third according to Silhouette and
Davies-Bouldin scores, and second according to the Calinski-Harabasz
score. This quantitative analysis provides two relevant insights. First,
despite the first and second approaches producing relatively similar
clusters, their quality scores are different. Second, in contrast to initial
expectations, the Deep Autoencoder approach did not outperform the
other approaches, even if it was theoretically able to more effectively
capture the complex features of the time series data, including the
bimodality.

The observed disparity in scores may be attributed to the generation
of clusters that are neither strictly convex nor well-separated in the
feature spaces. As is noted by Javed et al. (2020), this condition sug-
gests that some approaches create clusters with a reasonable internal
cohesion, but they fail to maximise the between-cluster separation or
attain an optimal separation-to-dispersion ratio. On the other hand,
the reasons behind the underperformance of the Deep Autoencoder
approach remain unclear. However, a possible explanation is that the
encoded nature of the extracted features could be incompatible with
the Euclidean assumptions of the K-Means algorithm. The latent space
might exhibit anisotropic scaling or, even, individual latent features
may encode multiple relevant features of the time series, resulting in
an entangled representation.

Power assessment

Given the inherent challenges associated with clustering activities,
the selection of a single optimal clustering approach is not entirely
feasible. Therefore, the power assessment of the four pre-selected re-
gions was performed based on the clusters generated by each of the
previous approaches. As a supplementary illustration, Fig. 5 shows
how the rated speed and power output are distributed, assuming that
power curve analysis and optimal conditions were computed per each
individual node. Notably, the two nodes with the maximum power
output do not share the same optimal rated speed; indeed, certain nodes
with lower rated speeds yield higher power outputs. This observation
reinforces the notion that defining operating regions depends not only
on a scalar magnitude, such as the mean speed, but on the entire
velocity distribution. A node with consistently moderate velocities may
outperform, in cumulative energy terms, a node whose higher speeds
are episodic rather than sustained. Moreover, as is anticipated, the
cubic dependence of velocity in Eq. (1) magnifies the difference in
power output among nodes, placing the highest-potential region along
the central section of the Cozumel Channel.

The selected regions are introduced in Fig. 6. The dashed line
delineates a feasible region wherein nodes satisfy the minimum cut-
in speed threshold for power production, as established in turbine
specifications documented by Lewis et al. (2021). This threshold is
approximately 0.5 m/s, which, when expressed in terms of the rated
speed, is equivalent to around 1.6 m/s. Cut-in speeds lower than
this value are not considered technically feasible for two primary
reasons: first, there are no prototypes reported in the literature able to
operate below this limit, and second, power production in this range is
negligible.
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Fig. 4. Comparative analysis. (a) Cluster distributions. (b) Silhouette scores per node.

The selection of the three following regions was conducted based
on an alternative criterion partially addressed by Encarnacion et al.
(2019), which defines certain natural protected areas as external re-
strictions for power generation projects. After excluding these areas,
the available regions for power production consist of two coastal re-
gions, one adjacent to the mainland and the other to the island, and
a third region located in the central section of the channel. Two
potential mooring configurations can be associated with these regions:
fixed seabed mooring for the onshore and floating mooring for the
offshore. Bafiuelos Garcia et al. (2021) and Ouro et al. (2022) indicate
that a depth in the range 30-50 m is recommended for the fixed

mooring to ease the deployment and maintenance of turbines. On the
opposite side, as floating mooring systems are complex, with greater
installation and maintenance costs, achieving competitive generation
costs requires a higher power output. Given this scenario, intermediate
nodes located between coastal regions and the central channel were
excluded as potential regions of interest because they benefit neither
from favourable energy potential nor from feasible mooring conditions.

For the feasible region, it was found that the clusters produced
by the Standard and Kernel PCA approaches exhibit identical node
distributions. Fig. 7 shows the results of the power assessment. Four
different clusters were identified in the region. The Cluster 4 exhibited
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Fig. 6. Regions selected for the simulation energy extraction.

the most favourable scenario with a cluster-wise average of the mean
annual power production of 5.18 MWh/yr m?, followed by Cluster 5
with 3.09 MWh/yr m?, Cluster 1 with 2.04 MWh/yr m?, and Cluster 3
with 1.085 MWh/yr m?. A similar pattern was observed for the cluster-
wise average of the capacity factor with values of 0.25, 0.20, 0.17, and
0.15 for Cluster 4, 5, 1, and 3, respectively.

From the previous results, supporting the power production of Clus-
ter 3 proves to be challenging, as nodes do not demonstrate favourable
conditions either for power output or for the capacity factor. The
low capacity factor observed suggests the manifestation of positively
skewed data distributions. Therefore, it is quite possible that the power
curve assigned to these nodes as optimal may not be entirely appropri-
ate, and lower cut-in and rated speeds might be preferred. However,
among the 25 power curves considered for this research, the power
curve assigned already represents the minimal operational conditions.
Consequently, further assessment assuming power curves with even
lower speeds is not deemed meaningful for practical applications.

For the Deep Autoencoder approach, the node distribution changed
as, aside from an isolated node, only three different clusters were
identified, as is shown in Fig. 8. The highest cluster-wise averages of
mean annual power production were observed in Cluster 5 and Cluster
2 with 4.91 MWh/yr m? and 3.01 MWh/yr m? respectively. Cluster
1, whose nodes are predominantly located in the onshore regions,
presented the lowest average with 1.25 MWh/yr m?. In the same
order, the cluster-wise averages of capacity factor were 0.24, 0.19, and

0.18. It is worth noting that capacity factors in nodes within the same
cluster are not entirely homogeneous. This suggests that, in terms of
the capacity factor, the Standard and Kernel PCA approaches achieve
a more effective node clustering. However, even if no fully uniform
patterns were identified within individual clusters, a general trend
towards higher capacity factors is evident for this approach based on
the Deep Autoencoder.

When the cumulated powers of nodes from each approach were
computed and compared, it was observed that the difference is min-
imal. Both the Standard and Kernel PCA approaches yielded approx-
imately 110.04 MWh/yr m?, while the Deep Autoencoder produced
109.91 MWh/yr m?. The main differences arise when a pairwise com-
parison of nodes is performed. In Fig. 7, for example, certain nodes
from Cluster 4 located in the central channel assumed an optimal rated
speed of 2.3 m/s. In Fig. 8, these same nodes were associated with
Cluster 2 and an optimal rated speed of 2.1 m/s. While the mean
annual power of nodes in the first case tends to be slightly superior,
the capacity factors in the second case are higher. As a consequence,
the definition of a single farm layout or turbine array configuration
proves intricate, as external conditions must be considered in the
decision-making framework of the generation project.

For a base scenario, the objective is to maximise the power out-
put without emphasising the storage capacities, end-user needs, or
power grid conditions. Therefore, a predictable supply—demand balance
is an essential requirement for effective energy distribution. Power
assessments for Standard and Kernel PCA approaches appear to be
more consistent with this scenario. In contrast, an alternative scenario,
more closely aligned with the Deep Autoencoder approach, prioritises
the capacity factor. The objective is firm power production, aiming
to minimise fluctuations. This strategy is beneficial for sites where
integration to power grids is limited or where energy demand and
storage capacities are restricted.

Table 3 presents the estimated mean annual power production
per node for the remaining pre-selected regions. These regions were
initially chosen based on practical criteria, as potential sites for turbine
deployment. In the short term, coastal regions were considered more
viable due to their proximity to the shore, which facilitates the moor-
ing and activities related to operation, maintenance, and monitoring.
However, the results suggest, at least from the point of view of this
assessment, that these regions are not an option for long-term power
generation projects. Compared to the nodes located in the central
channel of Region 2, the mean annual power production is minimal.

Table 4, which presents the cumulative mean annual power produc-
tion, corroborates the trends identified earlier. Consistent with previous
findings, power output estimations for the Deep Autoencoder were
slightly lower compared to the remaining two approaches. It should be
noted that this power estimation assumes a hypothetical configuration
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Table 3
Theoretical mean annual power production per node in the pre-selected regions in MWh/yr m2.
Approach 1 2 3 4 5 6 7 8 9 10 11 12 13 14
K-Means Standard/Kernel PCA 0.088 0.032 0.010 4.868 3.002 4.820 6.557 5.462 4.971 6.490 4.575 0.989 0.101 0.262
K-Means Deep Autoencoder 0.088 0.032 0.010 4.868 2.992 4.820 6.557 5.462 4.971 6.490 4.575 0.989 0.101 0.262
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Table 4
Theoretical mean cumulated annual power production per region in
MWh/yr m?.
Approach Region 1 Region 2 Region 3
K-Means Standard /Kernel PCA 0.1305 40.7491 1.3533
K-Means Deep Autoencoder 0.1305 40.7387 1.3533
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1.0
Lo.8
5
to6 S
Loa G
Lo.2
05 10 15 2.0 25 30

Rated Speed [m/s]

Fig. 9. Trade off comparison between capacity factor and annual cumulated
power for Region 2.

in which a single turbine with a swept area of 1 m? is installed at each
node. Therefore, while the values presented do not correspond to a
fully realistic deployment, they serve as an effective metric to compare
the relative potential of each cluster in terms of power production
capability.

To complement these results, the optimal rated speed values per
node are also presented. For the three nodes in Region 1, the optimal
rated speed was computed to be around 0.7 m/s. In Region 2, based on
the results obtained from both K-Means Standard and K-Means Kernel
PCA clustering approaches, the optimal rated speed of the isolated node
was 1.9 m/s, while the remaining nodes exhibited an optimal rated
speed of 2.3 m/s. In contrast, when Region 2 was evaluated using the
Deep Autoencoder Approach, all nodes converged to a uniform optimal
rated speed of 2.3 m/s. Finally, in Region 3, an optimal rated speed of
1.6 m/s was associated with nodes 12 and 13, and a rated speed of
1.0 m/s to node 14.

Assuming Region 2 as the most feasible for power extraction, Fig. 9
shows the trade-off between annual cumulated power and capacity fac-
tor. As can be observed, the power curve that produces the maximum
power output corresponds to a capacity factor that is not particularly
high. However, increasing the capacity factor by adopting a lower rated
speed is a worse option than reducing it by adopting a higher rated
speed. In this particular region, due to the skewness and kurtosis of the
current speed distributions, it is more suitable to harness energy from
high velocities even though the optimal operative time is reduced.

Operational parameters

While the selection of the optimal power curve for a given node,
or clustering region, is essential, this activity represents just the first
hurdle of an extensive process required for the integral design of a
hydrokinetic turbine. In terms of the rated speed, for example, lower
values are commonly associated with turbine blades of high solidity
(i.e. low aspect ratio). Due to restrictions in the rotational speed, the
rotor generates power primarily through a high torque, which is essen-
tial to initiate movement when the devices operate at low cut-in speeds.
On the opposite side, if the rated speed is high, a low solidity (i.e. high
aspect ratio) for turbine blades is preferred. The torque applied to
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the rotor decreases, but is compensated by an increase in rotational
speed (Burton et al., 2011; Hansen, 2023; Manwell et al., 2009). This
criterion partially defines the operational behaviour and, along with
the criteria discussed below, serves as a guideline rather than a general
rule in a design process that depends not only on theoretical methods
but also on empirical experience. For the present research, Region 2
was selected as the most promising region for power generation. The
parameters needed for the hydrodynamic characterisation were defined
based on the available site-specific data and the operation of a small
turbine with a swept area of 1 m?.

Assuming a rated speed of 2.3 m/s and a cut-in speed of 0.69 m/s,
it is clear that these values cannot be attributed to an unusually slow
current speed. Consequently, the Tip Speed Ratio, an dimensionless
parameter that relates the rotational speed of the rotor to the free-
stream speed, was set to a discrete value of TSR = 5. Previous
research has shown that TSR < 4 may produce tip and root losses
for similar hydrodynamic conditions (Cano-Perea et al., 2023). On
the other hand, Encarnacion et al. (2019) suggests that values of
TSR ~ 7.75 allow the development of thin turbine blades, reducing
manufacturing costs. Nevertheless, although this proposal is feasible,
high TSR configurations usually lead to side effects, such as an increase
in turbulence and cavitation (European Commission and Directorate
General for Research and Innovation and ECORYS and Fraunhofer,
2017; Fraenkel, 2002). Hence, for the turbine configuration of this
research, a TSR = 5 was selected as an appropriate trade-off, avoiding
the drawbacks associated with both extreme conditions.

The second essential parameter defined was the effective speed.
Although power curves are theoretically formulated to maintain a
constant power coefficient across the entire range between the cut-in
speed and rated speed, this assumption does not always reflect real
operational conditions. Even when control strategies, such as variable
pitch or variable rotation speed, are implemented, fluctuations in the
free-stream current velocity may cause deviations in the power coeffi-
cient. As a consequence, the blade geometry must be optimised for a
specific speed associated with the optimal hydrodynamic performance,
usually known as effective speed. As is indicated by Hachmann (2019)
and Wang et al. (2006), this speed is representative of the most frequent
or prevailing flow conditions. Based on this criterion, the most frequent
velocities for each node in Region 2 were selected from the histograms
and subsequently averaged, yielding an approximate effective speed
of 1.52 m/s. This value represents approximately 62.5% of the rated
speed.

The subsequent set of parameters was focused on the basic prop-
erties of the sea water at the site. The approximated values for den-
sity, salinity, and temperature were taken from the research presented
by Alcérreca-Huerta et al. (2019), and they are consistent with mean
values reported in the literature (Aleman et al., 2006; Millero et al.,
2008; Qasem et al.,, 2021). Though no direct measurements were
available, the kinematic viscosity was computed using the previous
parameters and correlations described in the work of Sharqawy et al.
(2010).

Table 5 presents a summary of the parameters discussed above.

The last parameter estimated was the well-known Reynolds number,
a dimensionless parameter that expresses the ratio of inertial to viscous
forces within a fluid flow. This parameter is particularly relevant, as
it reflects the influence of hydrodynamic conditions, operational pa-
rameters, and geometrical features. According to Allmark et al. (2020)
and Lloyd et al. (2021), the representative Reynolds number of a
horizontal axis turbine can be associated with the flow conditions at
approximately 70% of the blade radius; then a specific cross-sectional
geometry is required. For this instance, the NACA 63815 was selected.
The characteristic length is the blade chord at the corresponding radial
position.

It is important to note that, in the absence of a fully defined blade
geometry, the blade chord, as well as the Reynolds number, must
be computed iteratively. An initial chord value is assumed, followed
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Table 5

Design parameters proposed for a turbine operating in Region 2.
Parameter Value Units
Tip Speed Ratio 5 [-]
Angular Speed 15 [rad/s]
Rated Speed 2.3 [ m/s]
Free-stream Speed 1.5 [ m/s]
Cut-in Speed 0.69 [ m/s]
Water Density 1025 [kg/m?]
Kinematic Viscosity 1.005 x107° [m?/s]
Angular Speed 143.239 [rpm]
Initial Blade Chord 0.1533 [c/R]
Final Blade Chord 0.0981 [e/R]
Coefficient of Power 0.37 [-]
Operative No. Reynolds 416 429 [-]

by the estimation of lift and drag coefficients, here determined us-
ing computational fluid dynamics (CFD). With the assistance of the
Blade Element Momentum (BEM) method, a new chord is computed
by optimising the length to achieve the optimal blade solidity. Given
the updated chord, hydrodynamic coefficients are recalculated, and
the process is repeated until convergence is reached. As Reynolds
number relies on the blade chord, its value changes every iteration.
The convergence criteria adopted for this research was a 5%, and 6
iterations were required to meet this criterion. Resources related to
empirical equations to initialise the blade chord and BEM method
specifications are available in Burton et al. (2011), Hansen (2023),
Manwell et al. (2009), Masters et al. (2011), while resources focused
on the use and application of CFD simulation for tidal energy topics are
available in Ferrer and Montlaur (2015).

From the previously defined set of parameters, it is now possible
to proceed with a preliminary design of a horizontal-axis tidal tur-
bine as a device for power generation. From this stage, the design
may be supported by multiple analytical, numerical, or experimen-
tal resources. Even though the incorporation of Al tools offers the
potential to enhance traditional methods and explore novel solutions
and design configurations adapted to the oceanic environment. The
primary challenge is the validation of the adopted assumptions, such
as a power coefficient of Cp = 0.37 or the application of cubic power
curves, both obtained from the literature. These assumptions should be
refined or adjusted as necessary. Furthermore, external factors, includ-
ing operational and economical constraints, should be incorporated in
subsequent stages.

Conclusions

From three clustering approaches, the Standard approach, based on
the implementation of statistical moments as features, demonstrated
the most coherent segmentation of regions with potential for power
generation. The Kernel PCA approach produced quite similar clus-
ters. However, the Deep Autoencoder approach, which was initially
expected to outperform the other approaches, did not exhibit satis-
factory results either in terms of clustering coherence or performance
metrics. As previously mentioned, it is probable that the encoded
nature of features, extracted from the autoencoder’s bottleneck, is not
compatible with assumptions adopted in the K-Means algorithm. Deep
autoencoders are usually trained to minimise reconstruction error, not
to enforce geometric regularity in the latent space. Therefore, latent
representations may be in a certain way anisotropic. Further research
is required to explore alternative autoencoder configurations and to
determine if additional pre-processing stages are needed prior to their
use in clustering processes.

Regarding the K-Means algorithm, another fast-implementation al-
gorithms were explored, including OPTICS (Ankerst et al., 1999) and
DBSCAN (Schubert et al., 2017), to deal with the limitations of the hard
clustering approach. In contrast to K-Means, these algorithms choose
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the optimal number of clusters based on the data properties. Even if
some clustering regions align with those derived from K-Means, OPTICS
and DBSCAN algorithms failed to cluster a significant number of nodes,
which were labelled as noisy data points. Then nodes situated near the
boundaries of clusters are representative of hydrodynamically complex
regions for power production. As a proposal, soft-assignment clustering
methods, such as fuzzy clustering (Yang, 1993), are recommended.
Compared to traditional clustering, fuzzy clustering has the potential
to assign a single node to different clusters by implementing scores
of membership. From this perspective, it is expected to obtain a more
accurate representation of ambiguous data distributions.

In terms of the power assessment, within the feasible region, mul-
tiple nodes were identified with relatively high power production,
reaching values close to 6 MWh/yr m?. However, many of these nodes
are located near natural protected regions, which impose important
restrictions that exclude potential regions. Notwithstanding these lim-
itations, Region 2 remains a promising candidate, exhibiting a cluster-
wise average of mean annual power production of approximately 5.09
MWh/yr m2. These estimations are consistent with those reported
by Bafiuelos Garcia et al. (2021), although some differences were
observed in the central core region of the Cozumel channel. The main
problem arises with the specific analysis of capacity factors.

According to the previous research, a capacity factor of approxi-
mately CF ~ 0.4 is required to achieve economically viable power
generation. In contrast, the maximum capacity factor estimated in the
present work was CF = 0.325. Although the disparity could be per-
ceived as minimal, achieving a 25% increase in capacity represents an
important technical challenge, particularly if it is considered that power
curves were already selected for specific conditions of the channel.
The design of a turbine able to operate at a lower rated speed could
improve the capacity factor by increasing the operational time, but
this also reduces the power output. In literature, alternative solutions
to overcome this problem include the design of low solidity turbines
to reduce the torque requirements (Encarnacion et al., 2019; Wang
et al., 2023), hybrid floating systems that exploit the waves as a
complementary energy source (Chen et al., 2016), and ducted turbines
that induce an acceleration of the flow incident to the rotor (Belloni
et al., 2017; Cano-Perea et al., 2023; Chang et al., 2016; Maduka & Li,
2021; Mei et al., 2025). Consequently, the objective to be pursued is
the optimisation of the trade-off between maximising the power output
and extending operation in terms of capacity factor, or alternatively, in
reducing the cost of the energy generation.

Among turbine configurations reviewed by Lewis et al. (2011)
and Boretti (2020), the three-bladed Nova Turbine (Encarnacion et al.,
2019) and the two-bladed Atlantis SeaGen-S turbine were identified
as the most compatible turbines with the hydrodynamic conditions of
Region 2. The Nova turbine was designed to operate at even lower
speed conditions, but to date, no empirical data have been published
to confirm its performance under real-world conditions. In contrast,
the information related to the SeaGen-S turbine is not extensive, but
this device has been experimentally validated. Compared to the power
curve selected for Region 2, the rated speed and cut-in speed increase
by 8% and 44%, respectively. These values suggest that the SeaGen-S,
like many other turbines, does not meet the general criteria established
by Lewis et al. (2021),° and requires a minimum cut-in speed of
approximately 1 m/s to initiate operation. While low cut-in speeds
are technically viable, the deficit of momentum in fluid flow may
prevent stable operation. Therefore, beyond the optimisation of the
power curve, the design of novel turbine geometries is essential to
address potential mechanical and hydrodynamic challenges associated
with real-world deployment.

In addition, the data sources (i.e. HYCOM model) must be verified
in order to effectively confirm or exclude potential regions for power
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production. Even with this preliminary assessment, certain regions,
such as Region 1, were identified as unsuitable. From a power pro-
duction perspective, onshore nodes are less competitive compared to
nodes located in the central channel. Nevertheless, onshore locations
may offer important advantages in terms of the mooring structures and
operational and maintenance costs, which contribute to a reduction in
the cost of energy. A further comprehensive assessment should there-
fore include these techno-economical restraints, along with additional
operational restrictions that may be omitted.

Finally, the set of parameters estimated in this work represents the
minimum required to facilitate the preliminary design of a hydrokinetic
turbine. However, it is worth mentioning that effective speed, as one
of the most fundamental operational parameters, still relies on a basic
assumption inherited from the wind industry. Whilst not a rule of
thumb, the effective speed of most wind sites aligns with the peak of
the wind speed distribution, and notably, most of these distributions
fit relatively well with Rayleigh or Weibull models. However, in ocean
currents, the current speed distribution does not fit these models. In
practice, even bimodal distributions have been identified; thus, the
selection of the effective speed presents an opportunity for further
investigation and methodological refinement.

For future works, the implementation of the BEM methods sup-
ported on CFD simulations remains a common and effective approach.
However, it is essential to explore alternatives and empower the inte-
gration of novel techniques and tools, such as Al, to produce turbines
capable of addressing the specific challenges discussed along this paper.
The Cozumel Channel is a potential site for power generation, the chal-
lenge lies in adapting and enhancing the available technical resources
and technologies to harness this energy effectively.
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