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Abstract

In hybrid energy systems, maintaining an optimal scheduling strategy for real-time dis-
tribution systems, particularly in triple hybrid power generation units, remains a critical
challenge. The lack of an efficient real-time observability platform for off-grid hybrid units
directly impacts scheduling priorities. In this work, a novel operational condition monitor
that has a data-driven predictive mechanism for determining the instant states of each
tidal stream turbine is proposed. Environmental variables are first preprocessed using a
multivariate fuzzy logic system to generate informative features, which in turn are used
by a machine learning classifier to identify the turbine availability states. The classifier is
evaluated using K-fold cross-validation and robustness under increasing environmental
noise levels. The main contributions of this work are the reduction in uncertainty and the
association with real-time operating conditions, which enable optimal scheduling decisions.
The baseline XGBoost classifier achieved an Fl-score that increased after adding fuzzy-
derived features. Comparative evaluation under noise-free and increasing noise levels
demonstrates that the proposed framework consistently outperformed the baseline model
while maintaining robust classification performance.

Keywords: tidal stream turbines; operational condition assessment; environmental
monitoring; machine learning; fuzzy feature engineering

1. Introduction

Data-driven condition monitoring has become an important research topic in complex
engineering systems. Machine learning and soft computing techniques have been widely
applied for classification and fault diagnosis tasks. However, many existing approaches
struggle to capture multivariate patterns under non-stationary disturbances. To address
this challenge, this study proposes a fuzzy feature engineering approach integrated with a
machine learning classification framework for operational condition assessment. Unlike
conventional fault detection methods, which mainly identify the occurrence of faults, the
proposed classifier determines predefined operational condition states, enabling continu-
ous evaluation of system behavior across varying operational conditions. The proposed
approach is validated using a sensor dataset from tidal stream turbine systems that operate
under varying environmental conditions [1,2].

Tidal stream turbines represent a promising renewable resource for off-grid and
hybrid power systems due to the high predictability of tidal currents. However, the process
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of harvesting tidal stream power is strongly influenced by severe weather conditions
and transient phenomena, such as unsteady waves, which include flow fluctuations and
degraded power quality in the generated tidal stream power [3]. The authors in [4]
highlighted the influence of the variable environmental conditions on the performance of
tidal turbines. Due to variable environmental conditions, maintaining reliable operation for
tidal power extraction remains challenging. Falcao, A.F. [5] explains challenges in real-time
operation and reliability under environmental variability. High maintenance and repair
costs, coupled with performance uncertainty associated with hydrodynamic events, limit
the penetration of tidal energy in the power sector by reducing its economic feasibility [4].
Fuzzy logic is implemented in this work to address the challenges of constantly chang-
ing environmental data impacting the performance of tidal turbines. By considering tidal
speeds along with other relevant measurements, the decision-making process related to
the unit commitment problem in a multi-source generation system can reliably determine
which turbines are ready to operate, without requiring detailed models or specialized
sensors. This real-time, data-driven approach not only improves turbine availability assess-
ment but also enables advanced scheduling strategies and enhances energy management
in hybrid or off-grid systems [6,7].
The main contributions of this paper are as follows:
e A multivariate classification framework is proposed for operational condition assess-
ment under non-stationary disturbances.
e A data-driven threshold-based labeling approach is developed to generate binary
operational condition labels from four environmental variables.
e  The framework’s performance is compared with and without fuzzy feature engineering.

Existing condition monitoring approaches rely mainly on turbine health aspects such
as temperature and vibration for predicting availability. In contrast, the proposed frame-
work utilizes ambient environmental variables such as tidal stream and wave characteristics
to assess operational conditions and varying system behavior. Environmental variables
are represented using fuzzy membership functions rather than crisp values, enabling the
model to capture uncertainty and gradual transition between operational states.

The novelty of the proposed approach lies in the fact that it does not require detailed
system models or hardware modifications while providing real-time information on the
readiness of individual units to participate in the islanded multi-source power system.
Furthermore, the method supports optimal power management in off-grid autonomous
systems and contributes to improved operational efficiency in smart grids.

2. Literature Review
2.1. Environmental Effects on Tidal Turbine Operation

Many renewable energy systems, including tidal and wind turbines, continue to experi-
ence operational disruptions primarily driven by environmental forces [8,9]. Tidal turbines
are highly susceptible to unsteady ocean waves and fluctuating flow conditions. When
operating under irregular sea states, a tidal turbine’s ability to sustain power generation
while maintaining acceptable power quality becomes limited [8]. Consequently, accurate
observation and characterization of ambient environmental conditions are essential for
reliable turbine operation. In this context, the proposed fuzzy classifier is designed to
determine the instantaneous operational availability status of the tidal turbine. By incorpo-
rating environmental descriptors, the classifier enables reliable discrimination between the
environmentally induced performance degradation and genuine turbine faults.
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2.2. Condition Monitoring and Fault Diagnosis in Turbine Systems

Over the past few years, interest in tidal turbines has grown steadily as a source of
reliable renewable energy. However, these turbines operate in challenging marine environ-
ments, where unsteady waves, turbulence, and fluctuating flows can significantly affect
performance. These environmental factors make it difficult to tell whether a turbine’s
unusual behavior is due to normal operating variations or an actual fault. To address
this, researchers have explored a variety of approaches, from signal-based monitoring to
data-driven classifiers, and more recently, hybrid methods that combine operational data
with environmental information. In the following review, we focus on techniques that aim
to assess the operational condition of tidal turbines while distinguishing environmentally
induced variations from genuine faults [10,11]. One popular approach in turbine condition
monitoring has been the use of convolutional neural networks (CNNs). These networks
are particularly good at identifying patterns in large datasets, such as vibration signals or
SCADA measurements, and can automatically extract important features that might indi-
cate a fault. In the context of wind turbines, CNNs have been applied successfully to detect
bearing faults, gearbox issues, and other common failure modes. While direct applications
to tidal turbines are fewer, early studies suggest that CNNs could be adapted to analyze
the complex hydrodynamic signals present in marine environments, offering a promising
route for automated condition assessment [12,13]. Building on purely data-driven methods,
researchers have also explored hybrid approaches that combine CNNs or other machine
learning models with additional sources of information, such as environmental measure-
ments or physics-based models. These hybrid systems are particularly appealing for tidal
turbines, where environmental factors like wave height, current speed, and turbulence can
mask the presence of a fault. By incorporating environmental data, hybrid models can
better separate genuine mechanical or electrical issues from variations caused by changing
sea conditions. This not only improves classification accuracy but also reduces false alarms,
which are critical in costly offshore operations [14]. Despite the advances in CNNs and
hybrid models, one challenge remains: most machine learning classifiers operate with hard
decision boundaries, which may struggle with the inherent uncertainty and overlapping
conditions in tidal turbine operation. Fuzzy logic offers a complementary solution here.
By allowing partial membership in different operating states, fuzzy classifiers can express
uncertainty naturally and combine multiple environmental and operational inputs in an
interpretable way. This makes them particularly suitable for distinguishing between a
turbine that is genuinely faulty and one that is simply experiencing environmental stress,
while providing results that operators can understand and act upon [15].

Despite the progress made in turbine condition monitoring and fault classification,
several limitations remain when these methods are applied to tidal energy systems. Most
existing approaches rely heavily on data-driven classifiers trained under specific operating
conditions, which reduces their robustness when environmental variability increases. In
highly dynamic marine environments, changes in flow speed, turbulence, and wave activity
can produce operational signatures that resemble fault behavior, leading to false alarms
or misclassification. Moreover, many advanced machine learning models provide limited
interpretability, which restricts their practical use in offshore decision-making. These gaps
highlight the need for classification frameworks that can explicitly account for environmen-
tal uncertainty while maintaining transparent decision logic. Motivated by these challenges,
this study investigates a fuzzy logic-based classifier with environmental data-level fusion
to assess the operational availability of tidal turbines and to distinguish environmentally
induced performance variations from genuine fault conditions.
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2.3. Data-Driven Classification Approaches

The increasing availability of high-resolution sensor data and SCADA records has
driven the widespread adoption of data-driven classification techniques for turbine condi-
tion monitoring. Early studies focused on conventional machine learning methods, such
as artificial neural networks, support vector machines, and decision trees, which rely on
manually engineered features extracted from vibration, current, or power signals. These ap-
proaches demonstrated promising results for fault detection in wind turbines, particularly
for components such as gearboxes, bearings, and generators [16,17].

More recently, deep learning techniques have gained prominence due to their ability
to learn discriminative features directly from raw or minimally processed data. Convolu-
tional neural networks (CNNs), in particular, have been shown to outperform traditional
classifiers by capturing complex spatial and temporal patterns in vibration signals and
time—frequency representations. In wind energy applications, CNN-based models have
been successfully applied to fault diagnosis under varying operational loads, motivating
their extension to marine energy systems [18,19].

Despite these advances, several challenges limit the direct application of data-driven
classifiers to tidal turbines. First, tidal turbine deployments typically generate smaller
datasets and labeled fault data are scarce due to the high cost and limited accessibility of
offshore installations. Second, most data-driven models implicitly assume that training
and operating conditions are statistically similar. In tidal environments, however, changes
in flow speed, turbulence intensity, and wave activity can significantly alter signal char-
acteristics, leading to reduced classification robustness. As a result, classifiers trained
without explicit environmental context may incorrectly interpret environmentally induced
variations as fault conditions, increasing risky false alarms [8,9].

2.4. Hybrid and Environment-Aware Classification Methods

To address the limitations of purely data-driven approaches, researchers have increas-
ingly explored hybrid classification frameworks that integrate machine learning techniques
with environmental measurements or physics-based insights. These methods aim to im-
prove robustness by incorporating contextual information such as flow velocity, turbulence
intensity, wave parameters, or operational regimes into the classification process. By
doing so, hybrid models can better distinguish between abnormal behavior caused by
environmental forcing and genuine component degradation [15,16].

Several studies in wind turbine monitoring have demonstrated that incorporating
environmental or operational variables into classification models improves fault detection
accuracy and reduces misclassification under changing conditions. Approaches include
multi-input classifiers that fuse SCADA data with vibration features, as well as hierarchi-
cal models that adapt decision thresholds based on operating regimes. Such strategies
are particularly relevant to tidal turbines, where environmental variability is inherently
stronger and less predictable [9]. Within this context, uncertainty-aware techniques such
as fuzzy logic have attracted attention due to their ability to represent gradual transitions
between operating states. Unlike hard classifiers with fixed decision boundaries, fuzzy
systems allow partial membership across multiple conditions, which better reflects the
continuous nature of environmental influence in marine systems. When combined with
environmental data-level fusion, fuzzy classifiers provide a transparent and flexible frame-
work for operational condition assessment, enabling more reliable discrimination between
environmentally constrained operation and fault-driven behavior. These characteristics
make hybrid fuzzy-based approaches well suited for tidal turbine monitoring under highly
variable sea states [15].
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2.5. Summary and Research Gap

The review of prior work highlights that while conventional and deep learning-based
classifiers have demonstrated strong performance in wind turbine fault detection, their
direct application to tidal turbines is limited by environmental variability, data scarcity,
and the difficulty of distinguishing between operational disturbances and genuine faults.
Hybrid approaches that integrate environmental or operational data improve robustness,
yet many existing models still rely on rigid decision boundaries and offer limited inter-
pretability. These observations underscore the need for a classification framework that can
explicitly account for uncertain and continuously varying environmental conditions while
providing transparent and actionable assessments of turbine operational status. Motivated
by these gaps, the following sections present a fuzzy logic-based classification approach
with environmental data-level fusion, designed to reliably monitor tidal turbines under
highly variable sea states.

Recent studies have investigated reliability, availability, and condition monitoring of
tidal turbines. Walker and Thies [4] reviewed the reliability challenges associated with the
deployment of tidal turbines and highlighted the effects of harsh weather on system avail-
ability. Likewise, Grosvenor et al. [20] and Elasha et al. [21] examined condition monitoring
approaches with more focus on turbine performance and fault diagnosis. While these
studies provide valuable contributions to the field, they mainly rely on turbine operational
data and focus on turbine health. Previous studies have also shown that environmental con-
ditions, including tidal stream characteristics and site condition variability, can significantly
influence turbine performance [22]. This highlights the need for operational assessment
methods that utilize ambient environmental conditions to evaluate turbine availability,
specifically when turbine data is unavailable.

e The similarities between wind turbines and tidal turbines

Both systems share similar operating principles, including the components of rotating
machinery, fault detection methodologies, and pitch angle control strategies. As a result,
condition monitoring and control techniques developed for wind turbines are frequently
adapted and tested for tidal turbine applications (Table 1).

Table 1. Some methods in literature [6-8,14].

Data Source  Turbine Type Best Precision Approach Methodology Results Research Gab
using high-
frequency Well features Unknown
Scada data Wind turbine 92.1% CNN SCADA (?lata extracted and faults study
(WT) to classify accurate fault
multiple wind  classificati Le]
ple win classification
turbine faults
. . Exploring
Marine SVM, DT and Comparing Classification non-
Scada data . 96.86% the three accuracy .
turbine KNN method improved stationary
cthods prove faults [14]

. . . . Multiple fault ~ Multi-fault
Experience-  Wind turbine 97.39% CNN-LSTM Mul.t1.-fa1.11t detection with  classification
based data (WT) classification hi

igh accuracy [7]
Multi-scale iAmCCF;e:ZZ Adapting
Experimental =~ Wind turbine 99,5 Variant— CNN witﬁ sinele model to
data (WT) e CNN MSFF and g working
and mixed .
FOM Joads condition [8]
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3. Methodology
3.1. Data Description and Preprocessing

In this study, the datasets used were collected at the Eastern Passage, NS, Canada. The
data collected consists of four different observation sets: tidal speeds, current directions,
wave heights and wave directions. Tidal speed is the primary input variable, while current
direction is considered a hydrodynamic factor. The wave-height and wave-direction
observation sets are included as exogenous parameters in this work. These variables jointly
capture both the intensity and directional characteristics of the marine environment and are
therefore well suited for tidal condition classification. Input variables were synchronized
in time, and missing values were removed to be in line with one-hour intervals prior to
analysis. The target variable is a binary label representing two distinct tidal statuses. No
temporal aggregation or filtering was applied, as the objective of this work is to evaluate
classification robustness at the individual-observation level.

3.2. Fuzzy-Based Approach

Fuzzy logic is used in this study to handle the uncertainty and fluctuating environ-
mental conditions that impact tidal Stream Energy systems. Unlike traditional methods
that rely on fixed thresholds, fuzzy membership functions allow the main variables such as
tidal speed, wave height, and flow/stream direction to alternate steadily between different
operating states [23]. This approach matches well with ocean environments, where tidal
and wave conditions usually evolve gradually rather than suddenly across all shifts [24].
Allowing measurements to partially belong to more than one category at the same time is a
vital technique that enables the fuzzy framework to represent borderline and disturbed
conditions more realistically and to reduce misclassification caused by instant disturbances
or noisy measurements [23]. As a result, the proposed fuzzy feature engineering approach,
integrated with machine learning classification, offers a physically meaningful representa-
tion and robust basis for assessing turbine availability and supporting decision-making
strategies in tidal energy systems.

3.3. Noise Modeling and Motivation

In practical marine monitoring systems, sensor measurements are affected by envi-
ronmental disturbances, calibration errors, and communication noise. To account for these
effects, artificial Gaussian noise was added to the raw input features. For each feature X,
zero-mean Gaussian noise was injected according to:

;i =X;t+ €j,€ ~ N(O, 0'%()
where the noise standard deviation is defined as: ox = a.std(x) where o controls the noise
intensity. Rather than being used as a data augmentation strategy, this noise injection
serves a diagnostic purpose: it allows the evaluation of model stability under progressively
degraded measurement conditions. By explicitly controlling the noise level, the sensitivity
of different feature representations can be examined in a systematic manner.

3.4. Fuzzy Feature Representation

To model uncertainty more explicitly, a fuzzy logic-based feature transformation was
introduced. Instead of relying solely on crisp numerical values, each continuous feature
was mapped to three linguistic concepts: Low, Medium, and High. These concepts were
represented using triangular membership functions.
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For a given feature value X, the triangular membership function is defined as:

. [(x—a c—x
u(x,a,b,c) = max(mm(b — c—b)'o)

where a, b, and c denote the lower bound, center, and upper bound of the triangle, respectively.
For each feature, the parameters were selected as:

Low : (a = Xmin, P = Xmin, € = Xmean)
Medium : (a = Xmin, b = Xmean, € = Xmax)
ngh : (a = Xmean, P = Xmax, € = Xmax)

As a result, each raw feature produces three fuzzy membership values:

fi = [HLOW (Xi)/ HMedium (Xi)r HHigh(Xi)]

This representation allows a single observation to partially belong to multiple cate-
gories at the same time, which is particularly important for borderline cases where hard
thresholds may be misleading. The fuzzy features were concatenated with the original
noisy features to form a combined input representation:

~

Z; = [X;, fi]

Environmental data, including tidal speed, current direction, wave height, and wave
direction, are first collected and may include noise to reflect real-world conditions. These
inputs are transformed into fuzzy membership features representing Low, Medium, and
High states, which are then combined with the original measurements. The resulting input
vector is fed into the XG-Boost classifier to predict the turbine’s operational state (Available
or Not Available).

3.5. Class Imbalance Treatment

The dataset exhibits a moderate imbalance between the two tidal classes. To prevent
the classifier from favoring the majority class, class weighting was incorporated directly
into the learning algorithm. The imbalance ratio was computed as: w = %?, where Ny and
N; denote the number of samples in classes 0 and 1, respectively. This weight was applied
to scale the loss associated with the minority class, preserving the original data distribution
while encouraging balanced decision boundaries.

3.6. Classification Model

Extreme Gradient Boosting (XGBoost) was selected as the classification model due to
its strong performance on structured data and its ability to capture nonlinear interactions
between features. The model minimizes a regularized logistic loss function of the form:

v= Y1y, 90+ Y, 9(fi)

where y denotes the binary logistic loss and ¢ represents the regularization term controlling
model complexity. Two feature configurations were evaluated:

A Baseline Model Using Noisy Raw Features Only

A fuzzy-enhanced model combining raw features with fuzzy membership features.
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3.7. Cross-Validation

Model performance was evaluated using five-fold stratified cross-validation. This
strategy ensures that class proportions remain consistent across training and testing splits,
reducing variance in the estimated performance metrics. For each fold, the model was
trained on four subsets and evaluated on the remaining subsets. Performance was quanti-
fied using macro-averaged precision, recall, and F1-score, defined as:

2.Precision..Recall
Precision. + Recall,

1 cC
Flimacro = EZCzl

where C = 2 represents the number of classes. Macro averaging was chosen to give equal
importance to both classes, independently of their frequency in the dataset.

3.8. Error Analysis Using Confusion Matrices

In addition to scalar performance metrics, confusion matrices were generated for
each cross-validation fold. For a binary classification problem, the confusion matrix is
defined as:

CM =

TN FP
FENTP

These matrices provide insight into the types of classification errors made by the
model and allow for a more detailed interpretation of performance differences between the
baseline and fuzzy-enhanced representations.

3.9. Robustness Analysis Under Increasing Noise

To further assess robustness, the evaluation was repeated across multiple noise levels
o € {0,0.1,0.3,0.5,0.7}. For each level, the average macro F1 score was recorded:

1 —k
Fl(a) = KZk:l Fli (x), K=5.

This analysis directly evaluates how classification performance degrades as uncertainty
increases, demonstrating the added resilience of fuzzy-enhanced features for reliable
turbine operational assessment under realistic marine conditions.

e  C(larification of terminology and data leakage prevention:

> Terminology of the proposed method. We agree with the reviewer that the
proposed framework is more accurately described as a fuzzy feature engineering
approach combined with supervised machine learning classification rather than a
conventional fuzzy inference system. The objective of the fuzzy component in
this work is to transform the original environmental variables into fuzzy feature
representations using triangular membership functions. This transformation
provides a more informative representation of uncertainty in the input data prior
to the classification process. Unlike classical Mamdani or other fuzzy inference
systems, the proposed method does not include components such as a fuzzy
rule base, an inference engine, rule aggregation, or a defuzzification process,
which are fundamental elements of a conventional fuzzy inference system [25,26].
Instead, the generated fuzzy membership values are directly used as additional
input features for conventional machine learning classifiers, including XG-Boost,
Random Forest, Support Vector Machine, Gradient Boosting, and Light-GBM.
This design is consistent with fuzzy feature engineering approaches, where fuzzy
logic is employed as a feature transformation technique rather than as a complete
decision-making framework. Accordingly, the manuscript has been revised
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throughout to consistently describe the proposed methodology as a fuzzy feature
engineering approach integrated with machine learning classification, thereby
eliminating any ambiguity regarding its methodological framework and aligning
the terminology with established fuzzy systems literature [25,26].

> Prevention of data leakage during cross-validation. We agree that preventing
data leakage is essential for obtaining unbiased and reproducible performance
estimates. Since the triangular membership functions are defined using data-
dependent statistics (minimum, mean, and maximum values), computing these
parameters from the entire dataset prior to cross-validation would uninten-
tionally introduce information from the test data into the feature construction
process. As a result, this would lead to information leakage and potentially
optimistic performance estimates [27,28]. To prevent this, the implementation
follows a strict fold-aware feature engineering procedure. For each cross-
validation fold, the fuzzy membership parameters are estimated exclusively
from the training subset and are then applied, without modification, to gen-
erate the fuzzy feature representations for both the corresponding training
and test subsets. Consequently, no information from the test fold contributes
to estimating the membership functions or constructing the fuzzy features,
ensuring complete separation between training and testing data throughout
the evaluation process. This procedure is consistent with best practice for data-
dependent preprocessing within cross-validation, whereby all preprocessing
parameters are learned exclusively from the training data and subsequently
applied to unseen test samples [27-30].

4. Results and Discussion

This section presents and discusses the experimental results obtained from the pro-
posed tidal-condition classification framework. The analysis focuses on three main aspects:
(i) the effect of fuzzy feature representation, (ii) the role of hyperparameter tuning, and (iii)
model robustness under increasing noise measurement.

Figures 14 illustrate fuzzy membership functions constructed for tidal speed, wave
height, mean current direction, and mean wave direction after noise injection. Each variable
is smoothly mapped into Low, Medium, and High membership degrees using triangular
functions. These visualizations confirm that the fuzzy representation preserves gradual
transitions between physical regimes rather than imposing sharp decision boundaries.
This behavior is consistent with the continuous nature of oceanographic processes, where
changes in tidal conditions rarely occur abruptly.

Fuzzy Memberships for Tidal speed
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Figure 1. Fuzzy Memberships: Tidal speed.
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Fuzzy Memberships for Wave height
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Figure 2. Fuzzy Memberships: Wave height.
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Figure 3. Fuzzy Memberships: Mean current direction.

Fuzzy Memberships for Mean wave direction
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Figure 4. Fuzzy Memberships: Mean wave direction.

Importantly, individual observations can simultaneously belong to multiple fuzzy
categories with different strengths, allowing ambiguous or borderline cases to be repre-
sented more faithfully than with crisp numerical values alone. Next are diverse scenarios
for classifier performance evaluation:

4.1. Classification Scenarios
4.1.1. Raw Feature Baseline

In this classification scenario, model performance was evaluated using the macro F1
score as the primary summary metric, alongside precision and recall. Macro F1 was selected

https://doi.org/10.3390 /jmse14161471
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due to its ability to equally weight all classes, providing a balanced assessment of perfor-
mance under potential class imbalance. The baseline classifier trained on noisy raw features
achieved stable performance across the five cross-validation folds (Figures 5-9 and Table 2).
Macro F1 scores ranged between 0.8425 and 0.8721, with an average value of 0.8579. Preci-
sion and recall remained well balanced, indicating that the model did not systematically
favor one class over the other. While this baseline performance is strong, noticeable vari-
ation across folds suggests sensitivity to data partitioning and noise, which is expected
when relying solely on crisp sensor measurements.

Raw Features - Fold 1

True label

Predicted label

Figure 5. Cross-validation folds for baseline classifier with noisy raw features—Fold 1.

Raw Features - Fold 2

True label

Predicted label

Figure 6. Cross-validation folds for baseline classifier with noisy raw features—Fold 2.

Table 2. The evaluation metrics for the five folds.

Macro F1 Precision Recall
Fold 1 0.8667 0.8652 0.8688
Fold 2 0.8449 0.8435 0.8470
Fold 3 0.8721 0.8706 0.8743
Fold 4 0.8634 0.8620 0.8653
Fold 5 0.8425 0.8460 0.8402
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Raw Features - Fold 3

True label

20

Predicted label

Figure 7. Cross-validation folds for baseline classifier with noisy raw features—Fold 3.

Raw Features - Fold 4

True label

Predicted label

Figure 8. Cross-validation folds for baseline classifier with noisy raw features—Fold 4.

Raw Features - Fold 5

180

True label

Predicted label

Figure 9. Cross-validation folds for baseline classifier with noisy raw features—Fold 5.

4.1.2. Effect of Adding Fuzzy Features

When fuzzy membership features were added as in Figures 10-14, the overall per-
formance improved slightly, with an average macro F1 score of 0.8592. Although the
absolute gain over the baseline is modest, two important qualitative improvements are
observed. First, the fold-to-fold variability is reduced, indicating improved stability and
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generalization. Second, recall values become more consistent across folds, suggesting that

the fuzzy-enhanced model is better at handling borderline tidal conditions where class
boundaries are less distinct.

Raw + Fuzzy Features - Fold 1
0

180
160
136 23 140
120
100
- 80
1 31 184 6o
L 40
0 1

Predicted label

True label

1

Figure 10. The performance after adding Fuzzy features—Fold 1.

Raw + Fuzzy Features - Fold 2
0

180
160
22 140
120
100
80
. 34 60
40
0 1

Predicted label

True label

1

Figure 11. The performance after adding Fuzzy features—Fold 2.

180
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80

Raw + Fuzzy Features - Fold 3

0 141 18
14 31 184
0 1

Predicted label

True label

I 60

40

L+20

Figure 12. The performance after adding Fuzzy features—Fold 3.
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Raw + Fuzzy Features - Fold 4
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Figure 13. The performance after adding Fuzzy features—Fold 4.
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Figure 14. The performance after adding Fuzzy features—Fold 5.

The overall performance summary confirms that the fuzzy-enhanced model outper-
forms the raw-feature baseline across all reported metrics (macro F1, precision, and recall),
although by a small margin. This indicates that fuzzy features contribute complementary
information rather than replacing the predictive power of the original physical variables.

Table 3 demonstrates the evaluation after adding fuzzy effect:

Table 3. The evaluation metrics for the five folds (2nd scenario).

Macro F1 Precision Recall
Fold 1 0.8532 0.8516 0.8556
Fold 2 0.8482 0.8464 0.8517
Fold 3 0.8672 0.8653 0.8713
Fold 4 0.8656 0.8653 0.8659
Fold 5 0.8618 0.8659 0.8589

Figure 15 shows the effect of progressively increasing Gaussian noise on classification
performance. As expected, both models experience performance degradation as noise
levels increase. However, the fuzzy-enhanced model consistently maintains a higher
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macro F1 score across all noise levels. This behavior suggests that fuzzy membership
encoding acts as a form of uncertainty-aware smoothing, reducing the sensitivity of the
classifier to perturbations in individual measurements. The benefit becomes more visible
at moderate noise levels, reinforcing the motivation for fuzzy modeling in real-world
sensor-driven applications.

Robustness of Classifier to Increasing Noise

1.00 —e— Raw Features
—#— Raw + Fuzzy Features

o
©
@

o
©
S

Macro F1-score

0.85

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Gaussian Noise Std

Figure 15. Robustness of classifier for increasing noise.

4.1.3. Tuned Raw Feature Model

After hyperparameter tuning, the raw feature model exhibits a clear decline in per-
formance Figures 16-20 and Table 4, with the average macro F1 score dropping to 0.8331.
This degradation indicates that tuning amplifies the model’s sensitivity to noise and data
variability when only crisp features are used. In this case, optimization appears to push the
model toward configurations that overfit noisy patterns, reducing its ability to generalize.

Raw Features - Fold 1

True label

Predicted label

Figure 16. Fold 1.

Table 4. Cross-validation results for tuned raw feature model.

Macro F1 Precision Recall
Fold 1 0.8440 0.8443 0.8437
Fold 2 0.8327 0.8316 0.8386
Fold 3 0.8260 0.8246 0.8282
Fold 4 0.8415 0.8402 0.8433
Fold 5 0.8214 0.8223 0.8207
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Figure 17. Fold 2.
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Figure 18. Fold 3.
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Figure 19. Fold 4.
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Raw Features - Fold 5

True label

Predicted label

Figure 20. Fold 5.

4.1.4. Tuned Fuzzy Model

180

160

140

120

100

80

60

40

In contrast, the tuned fuzzy-enhanced model (Figures 21-25 and Table 5) achieves
a substantially higher average macro F1 score of 0.8518. While this does not exceed the
untuned fuzzy model’s peak fold performance, it significantly outperforms the tuned
raw model by nearly 2% of points. More importantly, the tuned fuzzy model maintains
balanced precision and recall and shows less variation across folds. This indicates that fuzzy
features provide a smoother and more structured feature space, making hyperparameter
optimization more effective and less prone to instability.

Raw + Fuzzy Features (Tuned) - Fold 1

True label

Predicted label

Figure 21. Fold 1.

180

160

140

120

Table 5. Results for tuned raw-fuzzy hybrid model.

Macro F1 Precision Recall
Fold 1 0.8440 0.8443 0.8437
Fold 2 0.8566 0.8548 0.8612
Fold 3 0.8584 0.8571 0.8602
Fold 4 0.8525 0.8511 0.8543
Fold 5 0.8476 0.8460 0.8506
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Figure 22. Fold 2.
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Figure 23. Fold 3.
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Figure 24. Fold 4.

Robustness to Increasing Noise after Tuning.

The robust analysis repeated after tuning, as shown in Figure 26, further highlights
the advantage of fuzzy features. As noise increases, the tuned raw feature model degrades
rapidly, whereas the tuned fuzzy-enhanced model retains higher performance across all
noise levels. This confirms that the benefits of fuzzy representation persist even after

optimization and are not limited to a specific parameter configuration. Figure 21 illustrates
the overall Performance Summary.
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Figure 25. Fold 5.
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Figure 26. Robustness to increasing noise.

4.2. Overall Discussion and Model Ranking

Taken together, the results demonstrate that fuzzy feature augmentation does not pri-
marily aim to maximize nominal accuracy, but rather to improve stability, robustness, and
optimization reliability. Based on macro F1 score, consistency across folds, and robustness
to noise, the models can be ranked as follows:

> Tuned Raw-Fuzzy Features. Best Overall Balance of Accuracy and Robustness
> Untuned Raw-Fuzzy Features. Strong and Stable Baseline
> Untuned Raw Features. Competitive but Noise-Sensitive

Tuned Raw Features. Lowest Performance and Least Robust

These findings highlight that fuzzy membership features are particularly valuable in
noisy environments and play a crucial role in enabling effective hyperparameter tuning. For
real-world tidal monitoring systems, where uncertainty is unavoidable, the fuzzy-enhanced
approach offers a more reliable and interpretable solution than models relying solely on
raw physical measurements.

To further evaluate the proposed fuzzy feature representation, additional experiments
were conducted using multiple machine learning classifiers under identical experimental
settings. Each classifier was trained and evaluated using both the original raw features and
the proposed fuzzy-enhanced features through five-fold stratified cross-validation. The
statistical significance of the observed differences was assessed using paired f-tests and
Wilcoxon signed-rank tests based on the fold-wise macro F1 scores.

Confusion matrix and the results from the additional models are:

1. Random Forest Model [RF]:
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2. Support Vector Machine:
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3. Light Gradient Boosting Machine [LGBM]
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Table 6 illustrates F1 for the three machine learning classifiers:

e  Statistical comparison of the four models:
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paired ¢-test

wilcoxon test

XG-Boost

p-value: 0.5694

p-value: 0.6250

RF

p-value: 0.1858

p-value: 0.1875

SVM

p-value: 0.3068

p-value: 0.4375

LGBM

p-value: 0.1832

p-value: 0.3125

Notice: No significant difference detected.

For the XGBoost classifier, the average macro F1 score increased slightly from 0.8579
to 0.8592. However, the paired t-test (t = 0.6190, p = 0.5694) and the Wilcoxon signed-rank
test (W = 5.0000, p = 0.6250) indicated that the improvement was not statistically signifi-
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References

cant. Similar results were obtained for the additional classifiers. Random Forest achieved
macro F1 scores of 0.8597 and 0.8558, Support Vector Machine obtained 0.4893 and 0.4918,
and LightGBM achieved 0.8362 and 0.8410 using the raw and fuzzy-enhanced features,
respectively. For all three classifiers, both statistical tests produced p-values greater than
0.05, indicating that the observed performance differences were not statistically significant.

Table 6. The three machine learning classifiers.

F1 Raw Mean F1 Fuzzy Mean
RF 0.8597 0.8558
SVM 0.4893 0.4918
LGBM 0.8362 0.8410

Overall, the results show that the proposed fuzzy feature representation can be effec-
tively integrated with different machine learning classifiers while maintaining comparable
predictive performance. Although the improvements in macro F1 score are modest and
not statistically significant, the fuzzy-enhanced models demonstrated greater robustness
under increasing Gaussian noise. Therefore, the primary contribution of this work is not a
statistically significant improvement in classification accuracy, but the development of a ro-
bust and interpretable environmental feature representation that improves model stability
under uncertain and noisy operating conditions.

5. Conclusions

This paper has addressed the problem of classifying tidal turbine operational availabil-
ity status as a function of varying ocean-state and underwater environmental conditions,
rather than internal mechanical failures. A fuzzy-based classifier was employed in this
study to evaluate the improvement in overall classification reliability compared to raw
data-based models. Finally, the robustness of the classifier is further examined under
increasing noise levels, and a comparative study with XG-Boost highlights the advantages
of the fuzzy feature engineering approach integrated with machine learning classification
over the raw-feature baseline. Overall, the findings show that the proposed classifier per-
forms consistently well and remains robust in both normal and noise-injected conditions.
Future work could focus on integrating the proposed classifier into hybrid autonomous
and off-grid power systems to further explore its practical applicability. In addition, it
would be valuable to compare the performance of the fuzzy-based classifier with other
classification techniques to better understand its strengths and limitations.
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