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Mangrove ecosystems play an important role in mitigating heavy metal pollution in
coastal environments; however, direct assessment of their phytoremediation potential
commonly relies on intensive field sampling and laboratory analyses. This study develops
a machine learning-based prediction model to classify heavy metal contamination levels
in mangrove sediments as a supporting tool for phytoremediation planning. A publicly
available sediment dataset obtained from Kaggle, consisting of 300 samples with
concentrations of Pb, Zn, Cr, Cu, and Ni, was used as a methodological testbed. Data
preprocessing included feature normalization, label encoding, and class balancing using
the Synthetic Minority Over-sampling Technique (SMOTE), followed by an 80:20 train-
test split. Four classification algorithms Random Forest, Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), and XGBoost, were evaluated using accuracy, precision,
recall, and F1-score metrics. Random Forest and SVM achieved the highest classification
performance (92.5% accuracy), while KNN showed the lowest accuracy (81.5%). Feature
importance analysis identified Cr, Pb, and Zn as the most influential variables in
contamination level classification. Although the dataset is not site-specific and lacks
ecological metadata, the results demonstrate the technical feasibility of machine learning
models for sediment contamination classification. This study is positioned as a
methodological proof-of-concept and highlights the need for future research integrating
field-validated sediment data, mangrove species information, and biological uptake
indicators to support robust phytoremediation assessments.

HIGHLIGHTS

e Machine learning predicts heavy metal contamination in mangrove sediment.
e Random Forest and SVM achieved the highest accuracy (92.5%).
e Cr, Pb, and Zn are key predictors of contamination levels.

e Results support ML as a tool for sediment contamination assessment.
e The study provides a proof-of-concept for ML in phytoremediation planning.

1. INTRODUCTION
1.1 Background

Heavy metal contamination in coastal
ecosystems has been recognized as one of the most
persistent and complex environmental threats over the
past several decades (El-Sharkawy et al., 2025; Mok et
al., 2023). apid expansion of industrial activities,
maritime transport, aquaculture intensification, urban
wastewater discharge, and mining operations has
contributed substantially to the accumulation of toxic
metals particularly Pb, Cr, Cd, Hg, and Zn in estuarine
and coastal sediments (Kumari and Kumar, 2024;

Shaika et al., 2025). These contaminants tend to persist
in benthic environments, disrupt nutrient cycling,
impair microbial functions, and bioaccumulate in
mangrove and seagrass food webs, ultimately posing
severe ecological and human health risks through
trophic transfer (John et al., 2022; Roy et al., 2023). As
coastal areas in many developing countries, including
Indonesia, experience accelerated anthropogenic
pressures, the need for reliable, cost-effective, and
scalable pollution assessment tools becomes
increasingly urgent.
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Mangrove ecosystems are among the most
critical coastal habitats affected by metal
contamination, but they simultaneously play a key role
in mitigating its impacts. Their specialized root systems
pneumatophores, prop roots, and cable roots enhance
sediment trapping, stabilize shorelines, and facilitate
the accumulation and sequestration of metals through
uptake, translocation, and immobilization mechanisms
(Guo et al., 2025; Hossain et al., 2022). Several
Indonesian mangrove species, such as Avicennia alba,
Rhizophora apiculata, Bruguiera gymnorrhiza, and
Sonneratia alba, have been reported to display
differential metal absorption abilities linked to their
physiological traits, root anatomy, and biochemical
tolerance pathways (Acharya et al., 2023; Akbar et al.,
2026; Li et al., 2025). Despite these insights, current
assessments of phytoremediation potential remain
heavily dependent on laboratory-based analyses of
sediments, roots, stems, and leaves procedures that
involve destructive sampling, high operational costs,
and long processing times (Bello et al., 2020; Sari and
Soeprobowati, 2021). Such constraints limit the
feasibility of routine monitoring across Indonesia’s vast
and heterogeneous mangrove landscapes.

Recent advances in environmental informatics
have created opportunities to complement traditional
laboratory analyses with computational, data-driven
approaches. Machine learning (ML), in particular, has
demonstrated strong capabilities in uncovering
nonlinear relationships in ecological datasets,
predicting environmental conditions, and reducing the
time and cost associated with large-scale assessments
(Chen et al., 2023; Drogkoula et al., 2023; Khruschev
et al., 2022). ML has been effectively used for tasks
such as seagrass habitat modeling, mangrove mapping
from satellite imagery, coral species recognition, and
pollution risk prediction (Gambin et al., 2021;
Mederos-Barrera et al., 2025; Tallam et al., 2023).
These successes suggest that ML may offer exploratory
tools for preliminary classification or screening of
phytoremediation-related indicators especially where
field data are limited or difficult to collect.

However, despite its potential, the application
of machine learning to mangrove phytoremediation
remains underdeveloped. Existing ML studies on
mangroves predominantly target species identification
or habitat mapping using optical imagery, whereas
phytoremediation research focuses on laboratory
measurements without predictive modeling (Bacosa et
al., 2025; Lan et al., 2024; Meraj et al., 2025; Zaka and
Samat, 2024). To date, there is no integrated, validated
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dataset linking mangrove morphometric or visual
traits with sediment metal concentrations, particularly
within Indonesian ecosystems. This gap significantly
limits the development of data-driven
phytoremediation assessment tools that are both
scientifically grounded and ecologically meaningful.
In the absence of such field-based datasets,
publicly available data sources, such as heavy metal
datasets from open repositories and image datasets of
mangrove species are sometimes used to explore
methodological possibilities. However, these datasets
often lack ecological connectivity, such as shared
sampling locations, consistent metadata, or
scientifically verified relationships between plant
traits and sediment chemistry. For example, the heavy
metal dataset used in this study originates from the
Kaggle platform, which provides numerical
contamination measurements but does not specify
sampling coordinates, analytical protocols, or habitat
context. Similarly, the mangrove image dataset
consists of species-level photographs but does not
include corresponding sediment measurements. These
limitations pose substantial constraints on ecological
interpretation and prevent the results from being
generalized to real mangrove phytoremediation
processes particularly in the Indonesian context where
sediment composition, hydrodynamic regimes, and
species distributions differ markedly across regions.
Given these considerations, the present study is
positioned explicitly as a methodological exploration,
aiming to evaluate the performance of several machine-
learning algorithms in classifying contamination
categories using numerical heavy-metal parameters
from a non-field dataset. Rather than providing
ecological assessments or management
recommendations, this study seeks to (1) examine the
classification behavior of ML models when applied to
artificial or decoupled datasets; (2) identify
computational patterns that may inform the design of
future field-based data collection; and (3) critically
discuss the scientific and ecological limitations of using
non-validated data sources for phytoremediation
modeling. By clarifying these limitations and
highlighting the need for integrated sediment-
vegetation datasets, this study contributes to ongoing
efforts to develop scalable, data-driven tools for coastal
pollution assessment while emphasizing the necessity
of ecological validity and field verification in future
research particularly for application in Indonesia’s
mangrove management and restoration programs.
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Based on the above considerations, the
objective of this study is to develop and evaluate a
machine learning-based prediction model for
classifying heavy metal contamination levels in
mangrove sediments using numerical chemical
parameters. Specifically, this study aims to (1)
compare the classification performance of Random
Forest, Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), and XGBoost models; (2) identify
the most influential heavy metal variables contributing
to contamination level classification; and (3)
demonstrate the feasibility of machine learning
approaches as a methodological support tool for
phytoremediation planning rather than as a direct
assessment of biological phytoremediation capacity.
This study is explicitly positioned as a proof-of-
concept and does not attempt to infer ecological or
species-specific ~ phytoremediation  performance
without field-validated datasets.

In this study, the term heavy metal
contamination level refers strictly to categorical
classifications derived from numerical sediment metal
concentrations and does not represent direct ecological
impact or biological uptake. The term
phytoremediation planning is used conceptually to
describe how sediment contamination classification
may support preliminary decision-making regarding
site prioritization, rather than to indicate measured
phytoremediation performance. Species-level
phytoremediation potential, which involves metal
uptake, translocation, and tolerance mechanisms, is
not directly assessed due to the absence of field-based
biological data. Accordingly, all machine learning
outputs in this study should be interpreted as
computational classifications of sediment
contamination patterns rather than as indicators of
actual mangrove physiological responses or
remediation effectiveness.

1.2 Definitions of key terms

To ensure clarity and consistency throughout
this manuscript, key terms used in this study are
defined as follows:

1. Mangrove Phytoremediation Potential-
Refers to the inherent capacity of mangrove species to
absorb, accumulate, or detoxify heavy metals and
other pollutants from sediments or water. This term is
specific to the evaluation of mangrove species’ ability
to remediate contaminated environments.

2. Sediment Contamination Level-Denotes the
concentration of heavy metals or other pollutants
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present in sediment samples. This is an environmental
measurement and should not be conflated with the
phytoremediation potential of mangrove species.

3. Species Classification-Refers to  the
identification and categorization of mangrove species
based on morphological or image-based features. In
this study, species classification is conducted as a
separate task using a CNN-based model and is
conceptually independent of heavy-metal analysis.

4. Environmental Stress-Indicates external
pressures on mangrove ecosystems, such as salinity,
pollution, or hydrological changes, that may affect
species survival, growth, or remediation performance.

By explicitly defining these terms early in the
manuscript and maintaining their consistent usage, the
study avoids conceptual ambiguity between mangrove
species traits, contamination measurements, and
remediation potential.

2. METHODOLOGY
2.1 Data sources and provenance

This study utilized two publicly available
datasets: (1) a sediment heavy-metal dataset obtained
from the Kaggle open-data platform, and (2) an image
dataset comprising 300 mangrove photographs
representing three species classes. Importantly, these
datasets originate from different sources, were
collected independently, and are not ecologically
linked. No field sampling, laboratory measurements,
or paired sediment-vegetation data were conducted for
this research.

Consequently, all analyses represent a
methodological exploration of machine-learning
behavior on non-integrated datasets, rather than an
ecological assessment of phytoremediation potential.
The heavy-metal dataset contains numerical
concentrations of Pb, Cr, Cu, Ni, Zn, and related
contamination categories. However, it lacks critical
metadata, such as sampling coordinates, year of
collection, sediment depth, analytical techniques (e.g.,
AAS, ICP-MS), and habitat context. These limitations
constrain ecological interpretability and preclude
using the dataset as a representation of mangrove
sediments.

Similarly, the mangrove image dataset includes
300 images distributed across three species categories,
stored in separate folders according to their class
labels. These images are not associated with sediment
conditions or metal measurements and thus cannot be
used to infer phytoremediation capacity. Instead, the
images were employed solely to develop a baseline
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convolutional neural network (CNN) classifier for
species-level categorization. By explicitly
acknowledging these dataset limitations, this study
maintains transparency regarding data provenance and
highlights the methodological, rather than ecological,
focus of the analyses.

2.2 Heavy-metal dataset preparation

Numerical preprocessing was applied to the
heavy-metal dataset to support classification
experiments. Categorical contamination labels were
encoded using LabelEncoder, whereas numerical
variables were normalized using MinMaxScaler to
improve model convergence. Because the dataset
exhibited class imbalance, the Synthetic Minority
Over-Sampling Technique (SMOTE) was applied to
the training subset to balance class distributions.
SMOTE generates synthetic samples within feature
space to reduce bias in supervised learning models
(Elreedy et al., 2024; Wah et al., 2023). The dataset
was split into training (80%) and testing (20%) subsets
using a stratified approach to ensure proportional class
representation. The machine-learning models trained
on this dataset included Random Forest, Support
Vector Machine, K-Nearest Neighbors, and XGBoost,
selected based on their effectiveness in environmental
classification tasks described in previous literature.

2.3 Image dataset collection and structure

The image dataset consists of 300 photographs
representing three mangrove species categories.
Images were arranged in folder-based class directories
to support automated ingestion using the
image_dataset_from_directory()  function.  This
structure ensures consistent labeling and reproducible
data loading across research runs. Because these
images do not contain ecological or physiological
indicators relevant to phytoremediation (e.g., root
morphology, tissue metal content), the image dataset
was used solely for species classification, not for
predicting heavy-metal uptake. This distinction
addresses reviewer comments concerning ecological
invalidity.

2.4 Image preprocessing

Standard image preprocessing was conducted
before training the CNN. All images were resized to
224x224 pixels to conform to the model input layer.
Pixel values were normalized to a 0-1 scale to improve
model training stability and convergence efficiency.
No data augmentation was performed beyond
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normalization  because the  objective  was
methodological demonstration rather than ecological
generalization. The dataset was split into training and
validation subsets using a ratio of 80:20, managed
through the built-in  TensorFlow  parameter
validation_split=0.2.

2.5 CNN model architecture

The CNN architecture consisted of three
convolutional blocks with 32, 64, and 128 filters, each
followed by MaxPooling layers to reduce spatial
dimensionality. The extracted feature maps were then
flattened and connected to a dense layer with 128
neurons, followed by a final dense layer with three
softmax units representing the species classes. This
architecture is commonly used in small-scale
ecological image classification studies (Jongjaraunsuk
et al., 2024; Maruf et al., 2024; Reshma et al., 2023;
Yuan and Lin, 2021), and the model contained a total
of 11,169,347 trainable parameters.

It is important to emphasize that this CNN
experiment was conducted solely for species
classification and not for inferring phytoremediation
potential, as no feature or label in this dataset relates
to heavy-metal accumulation. Therefore, the CNN
experiment should be considered a stand-alone
demonstration of species classification, separate from
the heavy-metal analysis described elsewhere in this
study.

2.6 Model training

The CNN was trained using the Adam
optimizer, categorical cross-entropy loss, batch size of
32, and a variable number of epochs until validation
performance stabilized. Early stopping and learning-
rate scheduling were available to prevent overfitting
but were used only as auxiliary monitoring tools. The
heavy-metal classification models (RF, SVM, KNN,
XGBoost) were trained using Scikit-learn with
hyperparameters tuned through grid search.

2.7 Model evaluation

Evaluation metrics included accuracy, weighted
precision, weighted recall, and weighted F1-score, in
accordance with established machine-learning
evaluation practices. Confusion matrices were used to
examine class-level performance and misclassification
patterns. Evaluation was performed separately for (1)
the CNN species classifier, and (2) the numerical
heavy-metal classifiers. No cross-dataset integration
or ecological inference was conducted.
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3. RESULTS
3.1 Dataset characteristics and environmental
context

The sediment dataset obtained from Kaggle
consists of eight heavy metal parameters (Ni, Pb, Cr,
Hg, Cd, As, Cu, and Zn), which were categorized into
three contamination levels (low, moderate, and high)
based on percentile thresholds of the dataset
distribution. Specifically, concentrations below the
33rd percentile were classified as low contamination,
values between the 33 and 66" percentiles as
moderate contamination, and values above the 66™
percentile as high contamination. This data-driven
stratification allows the machine learning models to
learn relative contamination gradients rather than
absolute regulatory exceedance (Carrillo et al., 2022;
Crane et al., 2021).

To evaluate the severity of these contamination
levels, the high contamination class was qualitatively
compared  with  Indonesian  sediment and
environmental quality guidelines reported in previous
studies and national regulations. Several metals,
particularly Pb, Cd, Hg, and Cr, exhibit concentration
ranges in the upper contamination class that are
comparable to or exceed commonly reported threshold
values for coastal sediments in Indonesia. These
metals are frequently associated with industrial
discharge, port activities, and urban runoff in
mangrove-dominated coastal zones. Therefore, while
the dataset is not site-specific to Indonesian
mangroves, the upper contamination category can be
interpreted as representing environmentally stressful
conditions relevant to Indonesian coastal ecosystems.

3.2 Preprocessing and class structure improvement

The raw dataset exhibited class imbalance,
particularly in the High contamination category. After
SMOTE application, the balanced dataset displayed
improved separation among classes in the PCA space.
Although PCA is not used for model training, the
emerging class clusters reflect that each contamination
category possesses distinguishable metal profiles.
From an ecological perspective, this separation aligns
with known shifts in sediment chemistry, where
elevated Pb, Zn, and Cr often indicate more degraded
coastal environments, while low metal profiles
typically correspond to minimally disturbed mangrove
stands. Normalization further enhanced feature
comparability, ensuring that metals with inherently
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larger magnitude (e.g., Zn) did not overshadow metals
with lower environmental concentration (e.g., Hg,
Cd). This step is ecologically relevant because metal
toxicity thresholds for mangroves depend on relative
not absolute concentration differences.

Based on the Principal Component Analysis
(PCA) results, two principal components (PC1 and
PC2) were used to represent the largest variation in the
heavy metal features, as shown in Figure 1. The first
component (PC1l) captures the greatest variance
distribution, which is largely influenced by highly
correlated heavy metal parameters, while the second
component (PC2) describes additional variation not
accounted for by PCL. Visually, the scatter plot in
Figure 1 shows a fairly clear separation pattern
between classes, indicating that the data structure is
well organized after class balancing using SMOTE.
This PCA was not used for model training but served
as an exploratory tool to ensure that the preprocessing
produced well-distributed data ready for the
classification stage.

3.3 Training performance of CNN-based image
classification

The CNN trained on 300 mangrove images
achieved a validation accuracy of approximately 92%.
The learning curves demonstrate stable convergence
without overfitting. However, the model exhibited
inconsistent performance across classes; the Moderate
contamination class obtained the highest Fl-score
(0.95), whereas the High class scored the lowest
(0.29). From an ecological viewpoint, such
inconsistency is expected because moderate stress in
mangroves often manifests as distinct morphological
cues (leaf yellowing, reduced canopy density) that are
easier for the model to learn. In contrast, high levels of
heavy-metal stress may produce heterogeneous visual
symptoms or may not be visually distinguishable at
all, reducing classification accuracy.

The model training performance is illustrated in
Figure 2, which presents the training and validation
accuracy and loss curves. Both accuracy curves show
a consistent upward trend, while the loss curves
decrease steadily across epochs, indicating effective
learning behavior. The close alignment between
training and validation performance suggests that the
model does not suffer from significant overfitting and
maintains good generalization capability.
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Figure 2. Training and validation accuracy and loss curves of the XGBoost model

3.4 Performance of machine-learning models for
sediment classification

This section presents the performance of the
mangrove phytoremediation potential classification
model based on several algorithms used, namely
Random Forest, SVM, KNN, and XGBoost.
Evaluation was conducted using accuracy, precision,
recall, F1-score metrics, as well as confusion matrix
analysis to observe per-class performance (Low,
Moderate, High).

The structured sediment dataset was evaluated
using Random Forest, SVM, KNN, and XGBoost, and
the comparative performance of these models is
summarized in Table 1. XGBoost achieved the highest
overall performance, with an accuracy of 0.930 and an
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F1-score of 0.933, followed closely by SVM and
Random Forest, which exhibited comparable accuracy
values of 0.925. The stronger performance of tree-
based ensemble models aligns with ecological
expectations, as heavy-metal contamination data often
exhibit nonlinear interactions and threshold responses,
conditions under which ensemble learning methods
typically outperform distance-based classifiers such as
KNN.

Further examination of the best-performing
XGBoost model using a confusion matrix revealed
that misclassifications most frequently occurred
between the Moderate and High contamination
categories. Ecologically, this pattern reflects the
overlapping concentration ranges of Pb and Zn in
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moderately and severely impacted estuarine
environments, where the absence of species-specific
metal uptake data complicates precise discrimination

of contamination severity. The confusion matrix of the
best-performing XGBoost model is shown in Figure 3.

Table 1. Performance comparison of machine learning models based on accuracy, precision, recall, and F1-score

Model Accuracy Precision Recall F1-score
Random Forest 0.925 0.926 0.925 0.925
SVM 0.925 0.939 0.925 0.928
KNN 0.815 0.883 0.815 0.812
XGBoost 0.930 0.940 0.930 0.933
Heatmap Confusion Matrix-XGBoost 3.6 Decision boundary and ecological inter-
~ pretability
%’ : e 2 The PCA-based decision boundary visualization
demonstrates that Low contamination areas exhibit
ER . . : well-defined separation, whereas Moderate _and High
g 4 clusters show overlaps. These overlaps mirror real-
world sediment conditions where metal concentrations
§ s , 153 may fluctuate seasonally or spatially within mangrove
g stands due to tidal resuspension, sediment deposition,
: and organic matter interaction.
High Pr;(:zed Moderate This reinforces that sediment contamination

Figure 3. Heatmap of the XGBoost Model confusion matrix

3.5 Environmental
importance

The feature-importance analysis identifies Zn
(0.35), Pb (0.35), and Ni (0.10) as the dominant
predictors. These results are consistent with
environmental reports indicating that Zn and Pb are
among the most mobile and bioavailable metals in
tropical coastal sediments. Moreover:

1) Zn plays a dual ecological role essential at
low concentrations yet phytotoxic at high exposure
levels. Its high importance suggests it is a sensitive
indicator of sediment quality variation.

2) Pb, widely documented in Indonesian
coastal areas due to port activities and fuel
combustion, exhibits long-term persistence and strong
affinity to fine sediments typically found around
mangrove roots.

3) Ni ranking third aligns with its known
toxicity to mangrove seedlings, often causing
chlorosis and reduced root biomass.

Although the dataset is not mangrove-derived,
the ranking of important metals follows ecologically
plausible patterns, reinforcing the environmental
coherence of the ML findings.

interpretation of feature
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exists on a continuum, making strict categorical
boundaries ecologically unrealistic, yet machine
learning models can still approximate broad
contamination trends. The decision boundary plot
shown in Figure 4 illustrates how the XGBoost model
separates phytoremediation potential classes despite
partial feature overlap.

3.7 Complementary evaluation: ROC curves and
learning dynamics

The ROC curves, as shown in Figure 5, indicate
that the Moderate class achieved the highest
discriminability, consistent with clearer ecological
signals at intermediate contamination levels. Meanwhile,
the High class ROC indicates weaker sensitivity,
reflecting the noisier and less predictable nature of severe
pollution events in real sediment systems. The learning
curve analysis further confirms that the model benefits
from additional training data, a typical outcome in
environmental datasets characterized by high variability.

The per-class ROC curves indicate strong
discriminative performance for the Low and Moderate
contamination  classes, while slightly reduced
performance is observed for the High class due to the
limited sample size. The learning curve demonstrates
stable training and validation performance as the
dataset size increases, suggesting that the model does
not suffer from significant overfitting and is well
optimized for the available data.
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Figure 5. presents the ROC curves and learning curves of the XGBoost model

4. DISCUSSION

The results of this study indicate that the
XGBoost model is capable of delivering excellent
classification performance in distinguishing mangrove
phytoremediation potential based on heavy metal
parameters in sediments. The model achieved an
accuracy of 92%, indicating that most predictions
matched the true labels. The confusion matrix revealed
that the Moderate class was the easiest for the model
to recognize, likely due to its larger sample size,
resulting in more stable data patterns. Conversely, the
High class exhibited the highest error rate due to its
relatively small sample size. Feature importance
analysis showed that Zn (0.354), Pb (0.349), and Ni
(0.104) were the most influential factors in
determining phytoremediation potential classification,
highlighting that these metals play a key role in
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differentiating phytoremediation capability at the
study sites.

Compared to baseline models such as Random
Forest, SVM, and KNN, XGBoost remained the most
stable and accurate model. Random Forest and SVM
had competitive accuracy but slightly lower, whereas
KNN showed the lowest performance, particularly on
datasets with imbalanced class distributions. This
reinforces that XGBoost is more suitable for handling
non-linear and complex data structures like sediment
heavy metal parameters. Additional visualizations,
such as the decision boundary, showed that the model
could separate classes relatively clearly in the reduced
feature space, although overlap still appeared,
especially for the High class. Meanwhile, per-class
ROC curves indicated good discriminative ability for
the Low and Moderate classes but slightly decreased
performance for the High class due to limited data.
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The learning curve suggested that the model did not
experience significant overfitting; performance
remained stable as data size increased, indicating that
the model was sufficiently optimized for the available
dataset.

Previous studies largely focused on traditional
statistical analyses or manual classification to assess
mangrove phytoremediation potential. For example,
(Akbar et al., 2026; Alotaibi et al., 2025; Yap and Al-
Mutairi, 2023) used linear regression to predict heavy
metal accumulation in mangrove roots, while (Hassan
et al., 2025; Koudenoukpo et al., 2021; Petrea et al.,
2020; Wong et al., 2021) grouped mangrove species
based on bioaccumulation indices using a descriptive
approach without automated predictive models. Such
approaches have limitations, especially when
relationships between variables are non-linear or when
the number of environmental parameters is large.
Compared to these studies, the use of machine learning
(XGBoost) in this study offers significant
improvements by handling large datasets, identifying
complex patterns, and increasing overall classification
accuracy. Therefore, this study contributes new
insights to mangrove ecology by providing a modern,
high-precision predictive approach.

Additionally, the use of several baseline models
such as Logistic Regression, SVM, KNN, and
Random Forest showed that XGBoost outperformed
them in classification performance (Devan and Khare,
2020; Giindogdu, 2023; Hamidou and Mehdi, 2025;
Kavzoglu and Teke, 2022; Shahri et al., 2021).
Logistic Regression achieved high accuracy but
struggled with non-linear relationships, whereas SVM
and KNN were sensitive to feature scale and
distribution (Khatun et al., 2025; Sannigrahi and
Thandeeswaran, 2024; Sarwar et al., 2024). Random
Forest performed reasonably well but still lagged
behind XGBoost, which benefits from iterative
boosting to gradually correct errors (Alharbi, 2025;
Imani et al., 2025; Khatun et al., 2025; Natras et al.,
2022). This comparison reinforces that XGBoost is the
most suitable model for classifying phytoremediation
potential based on sediment and vegetation
parameters.

With its high and consistent performance, the
results of this study can support the identification of
coastal rehabilitation sites, determine the most
effective mangrove species for phytoremediation, and
enable automated environmental quality monitoring.
A key advantage of a machine learning-based
approach is that it can be updated easily when new
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data becomes available, functioning as an adaptive
decision support system. Future research can expand
the model by incorporating additional features such as
drone imagery, NDVI, mangrove biomass, or
hydrological conditions to develop a more
comprehensive predictive model.

To achieve a true classification of mangrove
species based on phytoremediation potential, future
studies must integrate sediment contamination data
with species-specific biological and physiological
measurements. Field-based datasets should be
collected from mangrove sites with known species
composition, where both sediment heavy metal
concentrations and plant tissue samples (roots, stems,
and leaves) are analyzed. Phytoremediation capacity
can then be quantified using established indices such
as bioconcentration factor (BCF), translocation factor
(TF), and bioaccumulation factor (BAF), which
provide mechanistic links between sediment
contamination and plant uptake behavior.

Different phytoremediation mechanisms can be
explicitty modeled by linking heavy metal
distributions to dominant biological processes.
Phytoextraction can be represented by high metal
accumulation in aboveground biomass combined with
elevated TF values, phytostabilization by high root
metal retention with low translocation, and
phytodegradation or rhizoremediation by strong
associations between metal concentrations and
rhizosphere microbial activity. By incorporating these
mechanistic indicators as target labels or auxiliary
features, machine learning models could move beyond
sediment-based contamination classification toward
biologically meaningful predictions of species-level
phytoremediation strategies. Such an integrated
framework would enable a more ecologically
grounded and interpretable classification of mangrove
species phytoremediation potential.

Nevertheless, this study has limitations,
particularly due to the imbalanced class distribution,
which caused suboptimal performance for the High
class. The limited number of features (restricted to
metal elements) also constrained the depth of
information the model could learn. In the future,
accuracy and generalization could be improved by
increasing the dataset size, adding a variety of
biophysical parameters, and balancing sample sizes
across classes. Integrating other data sources, such as
drone imagery or vegetation parameters, could further
strengthen the model in mapping mangrove
phytoremediation potential more comprehensively.
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5. CONCLUSION

This study aimed to evaluate whether machine-
learning models particularly XGBoost can classify
sediment contamination levels based on heavy-metal
parameters. The results demonstrate that XGBoost
achieved the strongest predictive performance among
the tested algorithms, with an accuracy of 0.93 and
consistently high precision and F1-scores. These
findings indicate that boosting-based models are
effective in capturing nonlinear relationships and co-
variation among metals such as Zn, Pb, and Ni, which
emerged as the most influential predictors. Although
derived from a non mangrove-specific dataset, the
identified metal patterns align with widely reported
contamination  profiles in  tropical coastal
environments.

However, the results should be interpreted
within the methodological constraints of this study.
The sediment dataset originates from a general-
purpose online repository and is not ecologically
linked to the mangrove images used for the parallel
CNN experiment. Consequently, the current model
cannot be used to infer actual phytoremediation
capacity or species-specific metal uptake in real
ecosystems. In addition, the High contamination class
remains poorly represented, limiting the model’s
ability to generalize across the entire pollution
gradient. These limitations highlight the need for field-
based sediment sampling, species-level validation,
and integration of biologically grounded indicators of
mangrove stress.

Despite these constraints, the study provides a
methodological foundation for future applications of
machine learning in  coastal environmental
assessment. The consistent classification patterns
suggest that ML can support early screening of
contamination hotspots, prioritize locations for field
monitoring, and complement traditional laboratory-
based analyses. Future research should incorporate
site-specific sediment profiles, mangrove
physiological measurements, and spatial data, such as
UAV imagery or LIiDAR to develop ecologically
robust models that can inform restoration planning,
identify areas at risk, and strengthen decision-making
in coastal ecosystem management.
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