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Abstract - Potential Fishing Zones (PFZ) classification using satellite and environmental data remains challenging due to the
complexity of marine environments. Accurate PFZ classification is needed for ensuring sustainability, reducing search time, and
optimizing fishing resources. This study investigates the effectiveness of Machine Learning (ML) models in predicting PFZ using
a dataset of satellite-derived oceanographic and climate features. An initial set of seven features was refined to six key features
using Random Forest (RF) and Recursive Feature Elimination (RFE) to enhance model performance by focusing on the most
important features. Five classification models, including Random Forest (RF), K-Nearest Neighbors (KNN), eXtreme Gradient
Boosting (XGBoost), Light Gradient Boosting Machine (LightGBM), and Long Short-Term Memory (LSTM), were tested using
accuracy, precision, recall, and F1-score across the training, validation, and testing phases. RF showed strong generalization
by achieving a perfect F1-score of 100% in training and 93% in testing. The key contribution of this study is showing that RF
can outperform more complex models by achieving a better balance between interpretability when combined with feature
selection. These findings provide practical implications for fisheries management by offering RF-based frameworks as reliable

decision-support tools and guiding future PFZ research toward integrating feature selection to improve robustness.
Keywords - Feature Selection, Machine Learning (ML), Potential Fishing Zone (PFZ), Random Forest (RF), Remote Sensing.

generalization ability, or feature significance. Furthermore,
feature selection methods are often overlooked, leading to the

1. Introduction
Sustainable fisheries management depends on the ability

to identify Potential Fishing Zones (PFZ) accurately, which
areas are most likely to have productive and efficient fishing
[1]. However, traditional fishing methods often depend on
historical experience, manual observations, or localized
ecological indicators, leading to inconsistent and uncertain
PFZ identification [2]. The combination of satellite remote
sensing and data-driven modeling in the last few years has
enabled a more systematic understanding of the
oceanographic and atmospheric factors influencing fish
distribution. Features such as Sea Surface Temperature (SST),
Nighttime Sea Surface Temperature (NSST), Chlorophyll-a
(Chl-a), normalized Fluorescence Line Height (nFLH),
diffuse attenuation coefficient (KD490), wind speed, and
rainfall have been used to support more precise and
sustainable fishing management [3]. Despite these
advancements, several problems remain unresolved. Existing
PFZ prediction studies have often focused on a single Machine
Learning (ML) algorithm. They focused on prediction
accuracy without properly testing the model’s robustness,

0]e]S)

inclusion of redundant wvariables that can reduce
interpretability and increase computational cost. Another
limitation in previous studies was limited feature
combinations [1, 4, 5]. This study addresses this gap by using
an updated multi-year (2021-2023) dataset that combines both
oceanographic and atmospheric features to show more
variation in PFZ classifications. These improvements provide
a stronger base for evaluating model performance and ensure
it can be used for real-world fisheries management. To
address these gaps, this study performs a comprehensive
evaluation and comparison of five ML architectures of
Random Forest (RF), K-Nearest Neighbors (KNN), eXtreme
Gradient Boosting (XGBoost), Light Gradient Boosting
Machine (LightGBM), and Long Short-Term Memory
(LSTM) for PFZ classification using multi-source satellite-
derived environmental features. The feature selection
techniques based on RF and RFE were applied to refine input
features and enhance predictive efficiency. Model
performance is assessed across the training, validation, and
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testing phases using accuracy, precision, recall, and F1-score,
with a focus on generalization and overfitting control. The
novelty of this study lies in combining multi-model
benchmarking with feature selection to establish a
performance-generalization analysis framework for PFZ
classification. Unlike previous studies, such as Tan and
Mustapha [6], who applied RF for PFZ mapping, or Zhang et
al. [7], who used ensemble learning for tuna fishing ground
prediction, this work evaluates model robustness across
different ML architectures and clearly measures
generalization performance. This study introduces a more
comprehensive framework for PFZ prediction that reflects
marine environmental variability by integrating a multi-source
environmental dataset with optimized feature selection. The
results highlight the effectiveness of integrating feature
selection with ensemble and distance-based methods for
developing interpretable and robust PFZ frameworks. The
remainder of this paper is organized as follows: Section 2
presents the literature review; Section 3 describes the
methodology; Section 4 discusses the results and discussions,
and Section 5 concludes the study and outlines future research
directions.

2. Literature Review

Machine learning methods have been increasingly
applied to predict potential fishing zones, offering significant
improvements in prediction accuracy compared to
conventional statistical or empirical-based methods [8]. These
data-driven frameworks provide dynamic analysis of complex
oceanographic and atmospheric features, allowing more
adaptive and sustainable fisheries management [9]. The
growing availability of satellite-based environmental data,
such as SST, NSST, Chl-a, nFLH, and KD490, along with
environmental data on wind speed and rainfall, has
significantly improved PFZ modeling capabilities, leading to
more spatially and temporally informed decision-making
processes. This study evaluates five machine learning
methods for potential fishing zone prediction, focusing on
their classification accuracy, generalization, and suitability.

Among various ML methods, RF has been extensively
used for modeling species distribution and PFZ prediction due
to its ensemble-based structure and robustness, and can handle
noisy, non-linear data [10]. RF effectively captures high-
dimensional relationships and variable interactions, making it
a good choice for fisheries and environmental prediction tasks.
Its versatility extends beyond fisheries, including predicting
fishing effort [11], tracking crop vyields under drought
conditions [12], identifying mangrove vegetation [3], and
modeling ecological distributions using climate variables [14].
RF has consistently shown its ability in predictive matters. For
example, Zhang et al. [7] integrated RF and XGBoost for
yellowfin tuna (Thunnus Albacres) fishing ground prediction,
achieving higher spatial accuracy than traditional regression-
based methods. Similarly, Tan and Mustapha [6] applied RF
for Rastrelliger Kanagurta PFZ identification along Peninsular
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Malaysia with 81% classification accuracy. These findings
confirm the adaptability and interpretability of RF in ocean-
based prediction frameworks.

In addition to RF, several other ML frameworks have
been applied for PFZ prediction. LightGBM, based on the
Gradient Boosting Decision Tree (GBDT) algorithm, has
gained attention for its computational efficiency and
scalability on large datasets [15, 16]. Its architecture allows it
to capture temporal and non-linear patterns in environmental
data more effectively [17]. Similarly, KNN has been used in
PFZ prediction tasks, especially for analyzing large datasets
[18]. KNN is valued for its simplicity and interpretability,
classifying new samples based on their similarity to stored
observations [19]. Another widely adopted algorithm is
XGBoost, which applies an iterative boosting strategy to
reduce errors and improve model robustness. XGBoost
demonstrated strong accuracy in fisheries and environmental
studies by combining multiple weak learners into a strong
predictive framework [11]. However, most of the existing PFZ
studies depend on limited combinations of datasets such as
SST and Chl-a without integrating other oceanographic
features like NSST, nFLH, and KD490, and environmental
data of wind speed and rainfall. As a result, previous models
may overlook multi-source feature interactions that better
reflect the complex dynamics of marine ecosystems. In
contrast, this study utilizes an updated multi-year dataset
(2021-2023) combining seven satellite-derived features of
SST, NSST, Chl-a, nFLH, and KD490 and environmental
features of wind speed and rainfall, which enabled a more
comprehensive representation of oceanic conditions affecting
fish location.

While these studies highlight the potential of ML
approaches in PFZ prediction, most prior works are limited to
individual models or specific case studies. They often
prioritize accuracy metrics without systematically evaluating
robustness, generalization, or overfitting risk, which are
critical for operational deployment. Moreover, feature
selection methods based on RFE and RF remain
underexplored in PFZ modeling despite their potential to
enhance model interpretability and computational efficiency.
To address these gaps, this study conducts a comprehensive
benchmarking of five ML models (RF, KNN, XGBoost,
LightGBM, and LSTM) and integrates feature selection using
RF and RFE, and highlights generalization analysis to provide
more reliable PFZ prediction frameworks. This combination
of feature selection and expanded environmental datasets
distinguishes the present study from earlier PFZ modeling by
providing both analytical depth and improved generalization
performance.

3. Methodology

This study evaluates and compares the effectiveness and
generalization capabilities of five machine learning model
architectures. They are Random Forest (RF), K-Nearest
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Neighbors (KNN), eXtreme Gradient Boosting (XGBoost),
Light Gradient Boosting Machine (LightGBM), and Long
Short-Term Memory (LSTM) for predicting potential fishing
zones.

The models used essential environmental features
obtained from remote sensing and environmental data to
improve sustainable fisheries management. The methodology
of this study referred to a structured approach, which is
illustrated in Figure 1. The methodology includes the data
collection, preprocessing the data, implementation of a
classifier model/testing, model training, and evaluation
analysis to determine the most effective architecture of
machine learning for potential fishing zone classification.

3.1. Data Collection

Oceanographic environmental data were collected from
2021 to 2023 using satellite remote sensing products from
NASA’s (National Aeronautics and Space Administration)

Input Data

Ocean Color website https://oceancolor.gsfc.nasa.gov/. The
seven features overall of the dataset were used in this study,
representing various input features in predicting potential
fishing zones, together with being categorized into a multi-
class classification into three output levels of high, low, and
medium classification. More than two class labels are included
in the classification task for multi-class classification [20].

The dataset includes features related to remote sensing
and environmental data, which are Sea Surface Temperature
(SST), Nighttime SST (NSST), chlorophyll-a (Chl-a),
normalized Fluorescence Line Height (nFLH), diffuse
attenuation coefficient (KD490), wind speed, and rainfall. The
target variable represents a potential fishing zone that is
predicted based on these selected features. The study
examines the Terengganu Sea in the South China Sea, situated
between latitudes 5.844°N and 4.295°N and longitudes
104.594°E and 102.614°E. Table 1 provides a detailed
overview of the 7 features used in this study.

Preprocessing

|

Feature Extraction

Random Forest (RF)
Recursive Feature
Elimination (RFE)

=

Implementation of Classifier
1. Random Forest

2. K-Nearest Neighbors (KNN)
3. eXtreme Gradient Boosting
(XGBoost)

4.Light Gradient
Machine (LightGBM)
5.Long Short-Term Memory
(LSTM)

Boosting

Fig. 1 Workflow of implementation of machine learning models

In this study, Random Forest (RF) and Recursive Feature
Elimination (RFE) select six most significant features out of
seven features overall. They are chlorophyll-a (Chl-a), Sea
Surface Temperature (SST), Nighttime SST (NSST), diffuse
attenuation coefficient (KD490), normalized Fluorescence
Line Height (nFLH), and rainfall. By using feature selection
methods of Random Forest (RF) and Recursive Feature
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Elimination (RFE), the model focuses only on the most
significant features, which simplifies the input features. The
reduction of features enhanced training efficiency, thus
improving generalization by removing unwanted noise and
redundancy from the dataset. The selected features kept the
most important predictive signals, which are needed for a
strong classification of the potential fishing zone model.
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Table 1. Input features to the classifiers

Feature Number Feature Description
Feature 1 Sea Surface Temperature (SST)
Feature 2 Nighttime Sea Surface (NSST)
Feature 3 Chlorophyll-a (Chl-a)
Feature 4 Normalizeq Fluorescence Line

Height (nFLH)
Feature 5 Diffuse Attenuation Coefficient
(KD490)
Feature 6 Wind Speed
Feature 7 Rainfall

3.2. Data Pre-Processing

A systematic data pre-processing workflow was carried
out to ensure data quality and enhance its suitability for
modeling. Initially, outliers were identified and handled using
the Interquartile Range (IQR) method to reduce their impact
on model performance. IQR was used to detect outliers in the
data using the Winsorizing technique to handle them
effectively [21]. Then, the duplicate data were identified and
removed to eliminate redundancy and ensure data uniqueness.
Furthermore, class imbalance was handled through the
application of the Adaptive Synthetic Sampling (ADASYN)
algorithm, where this method synthetically generated a
minority class to introduce a more balanced class distribution
across the dataset [22]. ADASYN was chosen over other
imbalance-handling methods, such as random oversampling
and the Synthetic Minority Over-sampling Technique
(SMOTE), because it focuses on generating synthetic samples
in regions that are harder to classify. This makes it suitable for
PFZ data where minority patterns are often complex, thus
improving the model’s ability to generalize without bias
towards majority classes.

3.3. Implementation of Classifier Model/Tested

The results and discussion may be presented separately,
or in one combined section, and may optionally be divided
into headed subsections. Selected features were used to predict
the potential fishing zone. The dataset was split into training
(70%), validation (15%), and testing (15%) sets. The dataset
was going into stratified sampling to ensure that the proportion
of each class remains the same in each split as the original data
to avoid imbalance problems. The numerical values of the
dataset were standardized to a common scale using
StandardScaler before modelling so that the learning process
would be more stable and accurate. The RF model was trained
with 200 trees, a maximum depth of 60, and other tuned
hyperparameters. The XGBoost trained the data after the data
had been scaled first to help the model learn patterns more
effectively without being biased by different scales of the
input features. The multi-class log loss (mlogloss) is used as
its evaluation metric during the training session to measure
how well the predicted possibilities align with the actual class
labels in a multi-class setting. The model was evaluated on the
validation set data after training to check performance and
ensure it generalizes well. Finally, the separate test set was
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used to test the model to simulate the real-world unseen data
to evaluate the model’s final accuracy and robustness. The
accuracy scores, classification reports, and confusion matrices
were assessed to evaluate model performance.

A KNN classifier also implemented scikit-learn’s
KNeighborsClassifier to predict the model performance based
on six features. This model also used StandardScaler to
standardize the features. The KNN classifier (k=5) was trained
based on a scaled training set, and hence it was evaluated on
the validation and test set after training. Same as XGBoost, the
model performance was assessed using accuracy Scores,
classification reports, and confusion matrices. K-fold cross-
validation (5-fold) as a model validation technique is used in
this model to ensure that the model performs consistently and
robustly.

An LSTM model was developed using the TensorFlow
machine learning framework and the Keras deep learning API
to classify potential fishing zones based on six selected
features. It used stratified sampling to maintain balanced class
sizes and was followed by a process of feature standardization
using StandardScaler to improve model convergence. The
data was then reshaped into a 3D structure so that it could be
processed as a sequence by LSTM. The class labels were
converted into one-hot vectors to match the output format for
multiclass classification. The architecture of the model
consists of an LSTM layer with 64 units (tanh activation),
followed by dropout (rate 0.3), a Dense layer (32 Neurons,
ReLU), another Dropout (rate 0.2), and a softmax output layer
with three classes. It was then compiled by Adam, a
categorical cross-entropy loss. It was trained for 50 epochs
(batch size 32). This model’s performance was also evaluated
by accuracy scores, classification reports, and confusion
matrices.

A LightGBM classifier was used LightGBM to classify
potential fishing zones based on six selected features. It used
stratified sampling to maintain balanced class sizes and was
followed by a process of feature standardization using
StandardScaler. A LightGBM classifier with a multiclass
objective and 300 estimators was trained on the scaled training
set and validated using multi-class log loss (mlogloss) with
early stopping after 20 rounds. The model performance was
also assessed using accuracy scores, classification reports, and
confusion matrices.

3.4. Model Testing and Validation

The model validation tests give a comprehensive
assessment of the classification performance of the model and
serve as a basis for analyzing the Random Forest (RF) model’s
effectiveness in experiments. The confusion matrix metrics,
such as True Positive (TP), False Positive (FP), True Negative
(TN), and False Negative (FN), are important to analyse the
key performance metrics of accuracy, precision, recall, and
Fl-score. It is a very important tool to evaluate the
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performance of a classifier [23]. By analysing these metrics,
they offer a clear view of each model’s ability to correctly
differentiate between production classes, thus highlighting the
strengths and weaknesses of the models applied.

The accuracy of a classifier is the proportion of correct
predictions for both true positives and true negatives over the
total number of predictions, as shown in Equation (1).

TP+TN
TP+TN+FP+FN

Accuracy = X 100

@

Precision indicates the proportion of correctly predicted
positive samples among all samples predicted as positive. It
tells the reliability of the classifier, which can identify true
positives, minimizing false alarms. The equation of precision
is shown in Equation (2).

TP
TP+FP

X 100

Precision = 2

Recall measures the model’s ability to correctly detect
actual positive instances. It represents the proportion of true
positive samples that are successfully identified out of all
actual positive samples, as shown in Equation (3).

Recall = —2— x 100
FN

TP+ (3)

The F1-score becomes a comprehensive metric that gives
balances between precision and recall. It provides a single
measure of the model’s effectiveness in capturing both correct
positive predictions and minimizing the missed detections.
The equation of the F1-score is shown in Equation (4).

2TP
2TP+FP+FN

F1 — score = x 100

(4)

These evaluations effectively evaluate and assess the
performance of all classifiers to predict the potential fishing
zone. It also ensures the model learns more efficiently, avoids
overfitting, and achieves better accuracy and generalization
through Random Forest (RF) and Recursive Feature
Elimination (RFE) feature selection methods by choosing only
the most important features. The results indicate that these
methods improve the model efficiency by simplifying the
feature set while maintaining the important predictive
information. Thus, it leads to improved classification accuracy
and stronger generalization performance.

4. Results and Discussions

This section presents the results and discussion on the
comparative evaluation of five machine learning models for
predicting the potential fishing zone. The analysis is organized
into five main aspects: classification accuracy and
generalization, the balance between precision and recall,
learning stability and convergence behavior, the impact of
feature selection using Random Forest (RF) and Recursive
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Feature Elimination (RFE) methods, and model robustness
related to overfitting. Each subsection examines performance
patterns during training, validation, and testing phases. It
investigates the strengths and potential limitations of each
model based on the dataset characteristics and their predictive
reliability.

4.1. Classification Accuracy and Generalization

Table 2 shows the accuracy results for all tested models
for both training and testing datasets. The classification
accuracy examines models’ predictive accuracy and their
ability to maintain performance across different data splits,
thus reflecting their generalization strength from training to
unseen data. These values result from three evaluation phases:
training, validation, and testing the data.

The RF achieved the most consistent performance with
100% accuracy in training and 93% accuracy for both
validation and testing, as depicted in Figure 2. This minimal
drop shows a strong generalization and efficient learning
without overfitting, showing that RF successfully captured the
relationships among all features. In contrast, KNN and
XGBoost showed good and balanced performance with
training accuracies of 91% and 89% respectively. Both only
drops in validation and testing around 86%. This suggests that
both models also generalized effectively. LightGBM achieved
moderate performance with training accuracy at 83% and
maintained about 81-82% in validation and testing. It reflected
that the model had steady learning, but possibly underfitting.

The LSTM model recorded the lowest accuracy among all
since it was maintaining scores around 77% for all three
phases. While the model performance is stable, it can be said
that it may not capture the data patterns as efficiently as the
other models. This limitation is due to the non-sequential
nature of the PFZ dataset. LSTM architecture could not handle
the PFZ dataset, which led to weaker performance compared
to ensemble methods such as RF. Nonetheless, including
LSTM served as a useful benchmark to show that simpler
ensemble methods can generalize better than deep sequential
models when applied to environmental datasets.

From a practical perspective, these findings show the
importance of choosing a model architecture that suits well
with the characteristics of the dataset to achieve reliable
generalization. In this study, RF, a model that is able to handle
feature interactions among the data, performed strongly and
showed superior performance through all phases, thus making
it a robust choice for potential fishing zone prediction.

Meanwhile, other simple models like KNN and XGBoost
maintained a good balance between accuracy and
generalization. It shows that they can be effective alternatives
for efficient solutions. These findings show that the
interpretability and stability of ensemble-based models are
advantageous in fisheries and environmental data analysis,
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where transparency is critical for decision support. The
findings of this study aligned with previous work that reported
the effectiveness of ML methods for PFZ prediction modeling.
The study in [6] of applied RF to identify PFZ for Rastrelliger
Kanagurta with an accuracy of 81.1%. While the study in [7]
also used an ensemble learning model based on RF, Support
Vector Machine (SVM), KNN, XGBoost, and Gaussian
Process (GP) to forecast potential fishing grounds for albacore
tuna (Thunnus alalunga) in the South Pacific Ocean with an
accuracy of 86.92%. The study, which used the Empirical
Cumulative Distribution Function (ECDF) algorithm to
identify PFZ in the Bali Strait, only achieved 69.33% [1].

In comparison, the present study’s RF model achieved a
93% F1-score on testing data, outperforming the mentioned
studies by 6-24 percentage points. This improvement is
mainly attributed to the integration of an expanded multi-
source dataset (2021-2023), which combines oceanographic
and atmospheric features, the application of RF-based feature
selection and Recursive Feature Elimination (RFE), which
reduced redundant inputs and improved model
interpretability, and the implementation of a systematic
benchmarking framework across multiple ML models
emphasizing both performance and generalization. Unlike
earlier studies that focused solely on accuracy, this study
highlights that achieving a balance between accuracy,
robustness, and interpretability is crucial for the deployment
of PFZ prediction models in real-world fisheries management.

Table 2. VValidation metrics results of accuracy for tested classifiers

Accuracy (%)
Model Training Validation Testing
RF 100 93 93
KNN 91 87 87
XGBoost 89 86 86
LightGBM 83 81 82
LSTM 77 76 76

4.2. Precision Versus Recall

Table 3 shows the results of precision and recall for all
tested models for both training and testing datasets. The results
highlight important differences for each model’s prediction
behavior and generalization capabilities. The RF model had
the highest performance with perfect precision and recall of
100% during training and 93% during testing, as depicted in

Figure 3. However, the perfect training scores suggest it might
be a bit overfitting. The KNN model showed good and steady
performance. This model scored 91% for both precision and
recall during training. A small drop happened on testing,
scoring 87% for both precision and recall. This means that it
can generalize well to new data. Moderate results were
produced by LightGBM with training precision and recall
scores 84% and 83% respectively. This model scored 82% on
the testing set for both precision and recall. The results showed
the model to be stable, but not as strong as RF and KNN.
XGBoost is another model that performed well with a
precision and recall of 89% for training and 86% for the
testing set. These results indicate that it learns well and
generalizes constantly to new data. The LSTM model only
scores 78% precision and 77% recall during training, and
decreases a bit to about 76% - 78% during testing. This shows
that this model can still make a good prediction on unseen data
without major drops in performance.

This trend indicates that some models, such as LSTM and
KNN, maintained high recall but slightly lower precision, thus
making them more likely to classify uncertain areas as
potential fishing zones. At the same time, they might also
suggest areas that are not good for fishing. On the other hand,
RF achieved very high precision and recall, making it very
accurate, but it might be slightly overfitting on the training
data. XGBoost and LightGBM gave more balanced
performance, showing stable precision and recall in both
training and testing. These models can make more reliable
predictions and function better in real fishing conditions.

These results focused on the importance of looking at
precision and recall together, not separately. In potential
fishing zone prediction, it is very important to avoid missing
real productive fishing zones (low recall) and avoid wrongly
predicting poor zones as good (low precision) because both
faults can waste time, resources, and reduce fishing success.
A model that balances for both metrics is crucial to make sure
that the model is reliable for fishers. In this study, the RF
model has strong and stable performance across all phases,
which shows that it is suitable for real-world deployment.
Overall, the findings highlight that successful classification
models should not focus only on good accuracy but also
maintain a good balance between correctly identifying true
positive cases and minimizing false alarms.

Table 3. Validation metrics results of precision and recall for tested classifiers

Model _ Precision (%0) _ _ Recall (%0) .
Training Testing Training Testing

RF 100 93 100 93

KNN 91 87 91 87

LightGBM 84 82 83 82

XGBoost 89 86 89 86

LSTM 78 78 77 76
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Fig. 3 Accuracy of precision and recall of the tested classifier

4.3. Learning Stability and Convergence

Table 4 and Figure 4 show the results of the F1-score for
training, validation, and testing events. According to Table 4,
RF achieved the highest training F1-score at 100% indicating
that the model scores perfectly on the training data. However,
the validation and testing F1-scores dropped to 93%. Although
the model had a slight drop, it still shows a strong
generalization to new data, which suggests that the model is
not overfitting badly. This shows the model is robust and
reliable in practice. KNN and XGBoost both showed slightly
similar results when they achieved about 89% - 91% on
training and then slightly decreased to 86% on validation and
85% - 86% on testing. These models learned well and
maintained stable performance across all metrices. LightGBM
scored a training F1-score of 83% but decreased to 81% in
both validation and testing phases. This model shows
moderate stability but less robust convergence than RF and
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KNN. In contrast, LSTM recorded the lowest F1-scores, at
75%, in all three phases of training, validation, and testing.
The consistent phases indicated that LSTM did not overfit, but
the model struggled to capture the key patterns in the dataset.
Thus, its learning capabilities and convergence are weaker,
making LSTM less suitable for the prediction task compared
to other models. The small Fl-score gaps for KNN and
LightGBM around 2 — 5% indicated that these models
produced good generalization, and the models can handle new
data without significant performance loss. On the other hand,
RF’s perfect training performance, combined with a moderate
drop, causes slight overfitting, but it still maintains high
accuracy. This means RF can generalize well and make
accurate predictions in practical scenarios. Therefore, even
though it overfitted a bit, it still has strong accuracy and
stability, making it a good choice for deployment in real-world
applications in predicting potential fishing zones.
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Table 4. Validation metrics results of F1-score for tested classifiers

F1 — Score (%)
Model Training Validation Testing
RF 100 93 93
KNN 91 86 86
LightGBM 83 81 81
XGBoost 89 86 85
LSTM 75 75 75

From a practical aspect, these results highlight the
importance of choosing models that demonstrate stable
convergence across all evaluation phases, especially in

potential fishing zone prediction, where data can be complex.
RF and KNN showed minimal performance drop between
training and testing, which showed that they not only learn
patterns effectively but also maintain reliable accuracy when
applied to new data. In contrast, the lower and less consistent
performance of LSTM sets the limitations of using deep
sequential models for this type of environmental prediction
when the data does not fully support their complexity. Models
like RF and KNN, which offer strong generalization and stable
behavior, are suitable for potential fishing zone prediction
where consistent, repeatable, and interpretable outputs are
critical in guiding fishing activities.
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4.4. Effect of Feature Selection - Random Forest (RF) and
Recursive Feature Elimination (RFE)

This study used a total of seven environmental features
derived from satellite remote sensing and climate data,
including Sea Surface Temperature (SST), Nighttime SST
(NSST), chlorophyll-a (Chl-a), normalized Fluorescence Line
Height (nFLH), diffuse attenuation coefficient (KD490), wind
speed, and rainfall. Feature selection methods based on
Random Forest (RF) and Recursive Feature Elimination
(RFE) were applied to identify the most influential features to
enhance the accuracy of the predictive model and reduce the
complexity of potential fishing zone classification
frameworks. These methods were selected due to their strong
compatibility with non-linear and high-dimensional datasets,
which is very crucial in complex environmental systems [24].

RF has many strengths, such as it works well even if the
data is scaled or transformed, can handle extra or irrelevant
features, and is good at finding complex patterns between
features [25]. Moreover, RF also improves on regular decision
trees by reducing the risk of overfitting and shows which
features are most important to make predictions [25]. While
RFE is a feature elimination method, it has become popular
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because it can find the best set of features based on model
performance accuracy of classification prediction [26, 27].

This feature selection process established a refined set of
important features that gave the essential predictive signal to
predict potential fishing zones. After feature selection, the
evaluation confirmed that model performance remained
strong for RF and KNN with high F1-scores in both training
and testing phases of 100% and 93% for RF, 91% and 86% for
KNN, respectively, as shown in Figure 5. Although the total
number of features was reduced, it does not affect the model
accuracy, but it still enhances its generalization, thus
supporting the applicability of these models for real-world
predictions of potential fishing zones.

The integration of RF and RFE improved the performance
compared to previous PFZ studies that did not apply feature
selection because redundant or weakly correlated
environmental features can obscure meaningful relationships
in the data. By systematically removing less informative
inputs, the model avoided noise accumulation, reduced
computational overhead, and enhanced interpretability. In
earlier PFZ research, where all variables were treated equally,
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redundant information often led to model overfitting and
decreased generalization. In contrast, the present study
demonstrates that applying RF-based feature ranking with
RFE not only streamlined the model but also strengthened its
predictive reliability across unseen datasets.

—_ Accuracy of Tested Classifiers
P
e
& 105
=100
8 95
O 90
—
o© 85
:
§ Training Testing
< F1 — Score (%)

mRF 100 93

KNN 91 86
Classifiers
ERF = KNN

Fig. 5 Accuracy of tested classifiers for RF and KNN

4.5. Overfitting and Model Robustness

The differences in model performance during training,
validation, and testing phases provide an important perception
towards overfitting tendencies and model robustness. Table 5
presents the gap between training and testing F1-scores to
evaluate these characteristics. RF achieved the highest
training score (100%) with only 7% drop in testing, which
shows strong learning ability and minimal overfitting risk. Its
testing F1-score of 93% confirms that RF remains the most
accurate and effective model overall. KNN and XGBoost
showed smaller gaps of 5% and 4% respectively, with lower
testing scores, suggesting that KNN and XGBoost are more
stable but less powerful than RF. LightGBM showed a small
gap of 2% but lower performance led to weaker convergence.
LSTM showed perfect consistency with 0% gap, but a very
low overall performance of 75% makes the model lack
predictive strength. Overall, the gap analysis shows that a
small drop from training to testing is acceptable if the model
maintains high testing accuracy, as for RF. A small gap does
not mean the model is weak, but it reflects the balance between
learning from training data and generalizing well [28]. In
contrast, models with minimal gaps but low predictive power,
like LSTM, are less useful for real-world PFZ classification.
Accuracy on real-world data matters the most in PFZ
classification prediction, and RF clearly provides the most
reliable and effective results among all. The robustness
observed in this study, compared with earlier PFZ modeling
efforts, can be attributed to the combination of an expanded
multi-source dataset and the application of a feature selection
method that minimized noise and redundancy. Previous PFZ
studies, which depend on single-model frameworks or smaller
feature sets, often demonstrated higher sensitivity to data
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variation and inconsistent validation accuracy across regions
and time periods. In contrast, the present multi-model
benchmarking approach and cross-phase evaluation ensured
stable performance and controlled overfitting, with RF and
KNN remaining consistent across validation folds. These
results confirm that integrating environmental features with
systematic feature selection enhances model robustness and
generalization.

Table 5. Overfitting gap for tested classifiers

F1 — Score (%) Overfitting Gap
Model Training | Testing (Tral?o/; )Test)
RF 100 93 7
KNN 91 86 5
LightGBM 83 81 2
XGBoost 89 85 4
LSTM 75 75 0

4.6. K-Fold Cross Validation

The graph in Figure 6 illustrates the 5-fold cross-
validation performance, showing the mean and standard
deviation for each performance metric. Cross-validation is
applied to validate the models’ performance and provide a
more reliable generalization ability as it reduces the risk of
bias from a single train-test split and ensures that the results
remain consistent across different subsets of data. Among all
models, RF achieved the highest and most consistent
performance with accuracy = 0.9290 + 0.0015, precision =
0.9309 + 0.0016, recall = 0.9288 + 0.0015, and F1-score =
0.9282 + 0.0016 as depicted in Table 6. This consistency
shows that RF not only delivers strong results but also
maintains its stability across folds. KNN was the second-best
model with accuracy = 0.8793 + 0.0020, precision = 0.8910 £
0.0023, close to 0.88-0.89, showing only a minor drop, as it
might be an alternative to RF. LightGBM and XGBoost
produced mid-range results with accuracy 0.8165 + 0.0041
and 0.7946 + 0.0028, respectively, and F1-scores of 0.8102 +
0.0044 and 0.7871 + 0.0029, which showed less competitive
performance. On the other hand, LSTM got the lowest scores
through all metrics, with accuracy at 0.7526 + 0.0049 and F1-
score at 0.7440 % 0.0060, which the model struggles to match
the other models. The cross-validation results confirm that RF
is the most accurate and stable model among those tested. Its
small standard deviation across folds confirms low variance
and strong generalization capability. KNN showed similar
reliability with only minor drops across folds, while
LightGBM and XGBoost showed moderate generalization
ability. LTSM’s weaker and inconsistent performance
suggests that deep sequential models are not well-suited for
static environmental data without temporal dependencies.
Compared to earlier PFZ modeling works that validate
performance on a single test split, this study’s 5-fold cross-
validation framework provides stronger evidence of
generalization and robustness. The RF model maintained an
average F1-score of 0.93 + 0.0016 across all folds,
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outperforming earlier RF-based PFZ studies such as Tan and
Mustapha [6] — 81% and Zhang et al. [7] — 86.9%. The
improved performance can be credited to the combination of
multi-source environmental features, optimized feature
selection using RF and RFE, and a systematic benchmarking
framework. These components minimized model variance,
enhanced predictive stability, and ensured that the proposed
framework remains reliable under varying environmental and
data conditions. Figure 7 (a)-(d) presents the trend of model
performance across all five folds for accuracy, precision,
recall, and F1-score. From the results, RF clearly outperforms
other models in every metric, which remains steady at around

0.93 across all folds, indicating its strong consistency and
robustness. KNN is the second-best model, scoring at 0.88-
0.89 with only small variations across folds. LightGBM and
XGBoost performed at a moderate level with scores between
0.79 and 0.82. The performance is acceptable but less
consistent and weaker compared to the top two models.
Finally, LSTM records the lowest performance in all metrics
with scores at 0.74-0.75, confirming its weaker generalization
capability. Overall, the fold-wise trends validate the
generalization consistency of RF and KNN, showing that
these models are reliable to reproduce high performance
across various data.

Table 6. 5-fold cross-validation performance (Mean + Std)

Model Accuracy Precision Recall F1-Score
RF 0.9290 + 0.0015 0.9309 + 0.0016 0.9288 + 0.0015 0.9282 + 0.0016
KNN 0.8793 + 0.0020 0.8910 + 0.0023 0.8787 + 0.0020 0.8751 + 0.0021
LightGBM 0.8165 + 0.0041 0.8238 + 0.0033 0.8161 + 0.0041 0.8102 + 0.0044
XGBoost 0.7946 + 0.0028 0.8019 + 0.0027 0.7941 + 0.0028 0.7871 + 0.0029
LSTM 0.7526 + 0.0049 0.7529 + 0.0033 0.7522 + 0.0050 0.7440 + 0.0060

5-Fold Cross-Validation Performance (Mean =+ Std)
0.95 +0:929 0.9309 0:9288 0:9282
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m Random Forest = KNN
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Fig. 6 5-fold cross-validation performance (Mean + Std)
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Model Performance Across 5 Folds (Precision)
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5. Conclusion

The Random Forest (RF) and K-nearest Neighbors
(KNN) models consistently demonstrated excellent predictive
accuracy, generalization, and robustness in PFZ classification.
Their stable F1-scores across all phases indicate that both
models effectively captured nonlinear relationships between
environmental features while minimizing overfitting. In
comparison, LightGBM and XGBoost achieved moderate but
reliable results, whereas LSTM showed limited effectiveness
due to the non-sequential nature of the PFZ dataset. The
implementation of the RF and RFE feature selection method
further enhanced computational efficiency and interpretability
by removing redundant features without reducing accuracy.
This study uses a new dataset that differs from previous
studies by combining oceanographic and environmental
features, offering a more comprehensive PFZ modeling. These
findings also highlight that simpler ensemble architectures,

when properly aligned with data characteristics, can
outperform deeper models in environmental prediction tasks.
Compared with earlier PFZ modeling studies, the present
framework achieved higher accuracy and stronger
generalization by using a multi-source dataset and an
optimized feature selection strategy. This established a more
adaptive and reliable ML framework for fisheries
applications. Future work should focus on incorporating near-
real-time satellite observations, spatiotemporal deep learning
models, and hybrid ensemble techniques to forecast PFZ and
support sustainable fisheries management.
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