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Abstract—Heavy metal contamination in coastal 

environments represents a growing environmental challenge 
that requires rapid and reliable assessment to support effective 
management and restoration strategies. Mangrove ecosystems 
are often exposed to such contamination, making sediment 
quality assessment an important component of 
phytoremediation planning. This study proposes a machine 
learning–based approach to classify heavy metal contamination 
levels in mangrove sediments using chemical parameters. The 
dataset, obtained from Kaggle, includes sediment 
concentrations of Pb, Zn, Cr, Cu, and Ni, along with 
corresponding contamination level categories. Data 
preprocessing involved feature normalization, label encoding, 
and class balancing using the Synthetic Minority Over-sampling 
Technique (SMOTE), followed by an 80:20 split into training 
and testing sets. 4 classification models Random Forest, Support 
Vector Machine (SVM), K-Nearest Neighbors (KNN), and 
Extreme Gradient Boosting (XGBoost) were evaluated using 
accuracy, precision, recall, and F1-score metrics. Results 
indicate that Random Forest and SVM achieved the highest 
performance, each reaching 92.5% accuracy with balanced 
precision, recall, and F1-score values (0.92–0.93). XGBoost 
showed competitive performance (91.5% accuracy; F1-score 
0.916), while KNN yielded the lowest accuracy (81.5%). Model 
performance was strongest for the Moderate contamination 
class, whereas classification of the High class was more 
challenging due to class imbalance. Feature importance analysis 
identified Cr, Pb, and Zn as the most influential variables in 
contamination level classification. These findings demonstrate 
that machine learning models, particularly Random Forest and 
SVM, provide efficient and reliable tools for sediment 
contamination assessment, offering valuable support for 
phytoremediation planning and decision-making in 
contaminated coastal mangrove environments. 
 
Keywords—mangrove, machine learning, phytoremediation, 

pollution, Extreme Gradient Boosting (XGBoost)  

I. INTRODUCTION 
Heavy metal pollution in coastal areas has emerged as a 

widely reported environmental issue over the past 2  
decades [1, 2]. Human activities such as industry, marine 
transportation, mining, and household waste disposal have 
increased the accumulation of heavy metals, including Pb, Cr, 
Cd, Hg, and Zn in coastal sediments [3]. This contamination 
not only disrupts ecosystem stability and coastal biodiversity, 
but also poses direct risks to human health through the food 
chain [4, 5]. Therefore, effective, sustainable, and 
environmentally friendly efforts are needed to reduce heavy 
metal concentrations in coastal environments. One natural 
method is phytoremediation, the ability of plants to absorb, 
accumulate, transform, or stabilize heavy metals [6]. In 

coastal ecosystems, mangroves are among the vegetation 
types with high potential for this process. Their 
pneumatophore root structure, high salinity tolerance, and 
physiological adaptations to extreme conditions allow 
mangroves to function as effective natural biofilters [7]. 

Several studies have shown that mangrove species such as 
Avicennia alba, Rhizophora apiculata, and Sonneratia alba 
can accumulate heavy metals in their roots, stems, and leaves 
at varying levels [8–11]. Differences in phytoremediation 
capacity are influenced by many factors, including species 
type, sediment characteristics, root morphology, and 
physiological responses of each plant [12–14]. However, 
many previous studies assessed phytoremediation potential 
only through manual analysis of sediments and plant tissues. 
These methods are often time-consuming, require complex 
laboratory procedures, and are difficult to scale [15–17]. With 
the advancement of data-driven analytical technologies, 
particularly machine learning, new opportunities have 
emerged to classify mangrove species based on 
phytoremediation characteristics more quickly and  
accurately [18]. Machine learning has proven effective in 
modeling nonlinear relationships between environmental 
factors and biological responses [19, 20]. By utilizing 
mangrove image data and heavy metal parameters in 
sediments, machine learning can build predictive models 
capable of identifying species with strong phytoremediation 
potential, even in previously untested locations. 

Even so, the use of machine learning in mangrove 
phytoremediation studies remains limited. Most existing 
research focuses only on mangrove species identification 
through images, without linking them to heavy metal 
absorption ability [21, 22]. On the other hand, 
phytoremediation research rarely employs predictive 
approaches based on artificial intelligence. The combination 
of mangrove image data and sediment heavy metal 
concentrations is seldom explored within a single modeling 
framework. Previous studies have demonstrated that various 
mangrove species can accumulate heavy metals through their 
roots, stems, or leaves. For example, Moazzem [23], and 
Oliveira et al. [24] reported that Rhizophora and Avicennia 
have strong capacities to absorb Pb, Zn, and Cd particularly 
through their roots, allowing them to function as natural 
biofilters in coastal ecosystems. Similar results were found by 
Alharbi et al. [25] and Alhassan et al. [26], their research 
showed that Cr and Ni concentrations in the roots of 
Avicennia marina increased when sediment metal levels rose, 
indicating strong physiological tolerance mechanisms. These 
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findings support why Pb, Zn, and Cr emerged as the most 
important variables in the Extreme Gradient Boosting 
(XGBoost) model, as these metals are key indicators of 
pollution and are highly responsive to mangrove uptake. 

The use of machine learning for coastal ecological analysis 
has grown rapidly in recent years. For instance,  
Aydin et al. [27] used Random Forest to predict seagrass 
habitat quality based on oceanographic parameters and 
achieved high accuracy. Conversely, Maurya et al. [28] 
applied SVM to map mangrove distribution using satellite 
images and demonstrated that machine learning models can 
recognize spatial patterns more effectively than traditional 
methods. Reshma et al. [29] used CNNs to identify coral 
species from underwater images with accuracy exceeding 
90%. These studies highlight the effectiveness of modern 
computational approaches in modeling complex patterns in 
coastal ecosystems, consistent with the strong performance of 
XGBoost in this research. 

Data-driven approaches have also begun to be applied in 
evaluating phytoremediation potential in plants. Yaseen and 
Alhalimi [30] built a model to predict metal accumulation in 
hyperaccumulator plants using Gradient Boosting and found 
that soil chemical properties were the most influential 
variables similar to the findings of this study regarding Pb, 
Zn, and Cr. Mukube et al. [31] and Guo et al. [32] also used 
XGBoost to predict phytoremediation effectiveness in 
industrial areas and reported that boosting models provided 
more stable performance than regression or decision trees. 
These findings indicate that XGBoost is highly suitable for 
phytoremediation analysis, especially where variable 
relationships are nonlinear and datasets exhibit class 
imbalance, as seen in this study. 

Despite the increasing number of studies on mangrove-
based phytoremediation and the rapid growth of machine 
learning applications in coastal ecosystems, several critical 
research gaps remain. First, most phytoremediation studies 
still depend on conventional laboratory-based measurements 
of sediment and plant tissues, which are labor-intensive, time-
consuming, and difficult to scale for large or remote coastal 
areas [33–35]. Predictive models that integrate environmental 
contamination data with biological characteristics of 
mangroves to enable faster and more transferable assessments 
are still limited [36]. Second, although machine learning has 
been widely applied for mangrove species identification and 
habitat mapping using image data, its use for classifying 
mangrove species based on their phytoremediation potential 
remains scarce [37, 38]. In particular, the integration of visual 
features extracted from mangrove images with numerical 
heavy metal concentration data within a single modeling 
framework has rarely been explored [39]. 

Moreover, most existing studies focus on site-specific 
analyses and descriptive statistical approaches, which limits 
the generalizability of phytoremediation findings across 
different coastal environments [40]. The ability of machine 
learning models to generalize phytoremediation patterns 
under varying sediment characteristics, pollution intensities, 
and ecological conditions has not been sufficiently 
investigated [41]. In addition, limited attention has been 
given to identifying the relative importance of individual 
heavy metals as predictors in classification models, despite 
their critical role as indicators of contamination severity and 

plant uptake mechanisms [42]. 
Importantly, it should be noted that high heavy metal 

concentrations in sediments do not directly equate to high 
phytoremediation capacity of mangrove species. 
Phytoremediation performance is governed by plant-specific 
physiological and biochemical mechanisms, such as metal 
uptake efficiency, translocation, and tolerance, which cannot 
be inferred solely from sediment chemistry. Therefore, in this 
study, sediment contamination levels are treated as a 
contextual indicator relevant for phytoremediation planning 
rather than as direct evidence of species-specific 
phytoremediation performance. This distinction is essential 
to ensure appropriate interpretation of model outputs and to 
avoid overgeneralization of ecological implications. 

Consequently, this study is positioned as a data-driven and 
methodological assessment aimed at classifying sediment 
heavy metal contamination levels using machine learning 
models. The results are intended to support environmental 
monitoring and preliminary phytoremediation planning by 
identifying contamination patterns that may warrant further 
biological investigation. Direct evaluation of mangrove 
species–specific phytoremediation performance is beyond 
the scope of the present study and represents an important 
direction for future research involving field-based 
physiological measurements. 

Looking toward future research development, the results of 
this study provide a basis for advancing data-driven and 
predictive approaches in coastal environmental management. 
The proposed framework can be further developed by 
incorporating larger and more diverse datasets, multi-
temporal and high-resolution imagery, and additional 
environmental variables such as sediment organic content, 
salinity, redox potential, and hydrodynamic factors [43, 44]. 
In the future, this approach may support early-warning 
systems for heavy metal pollution, guide mangrove species 
selection for rehabilitating contaminated coastal areas, and 
enhance decision-support tools for sustainable coastal 
planning and restoration [45, 46]. By integrating ecological 
knowledge with machine learning techniques, this study 
contributes to the development of scalable, predictive, and 
adaptive strategies for mitigating heavy metal pollution in 
coastal ecosystems. 

This study aims to develop and evaluate machine learning 
models for classifying heavy metal contamination levels in 
mangrove sediments using sediment chemical parameters. 
The results are expected to support phytoremediation 
planning and coastal restoration efforts by providing a rapid, 
data-driven assessment of contamination patterns.  

II. MATERIALS AND METHODS 

A .  Dataset Source and Provenance 
The dataset used in this study was obtained from the 

Kaggle public repository and is available at: 
https://www.kaggle.com/datasets/ziya07/soil-heavy-metal. 
The dataset, entitled “Soil Heavy Metal”, was accessed on 12 
November 2025. It contains sediment/soil samples with 
measured concentrations of 8 heavy metal parameters, 
namely Ni, Pb, Cr, Hg, Cd, As, Cu, and Zn. Each sample is 
labeled into one of three contamination level categories (Low, 
Moderate, and High) based on criteria defined in the original 
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dataset description. The dataset is publicly available on the 
Kaggle platform and is permitted for academic and research 
use. 

To ensure reproducibility and consistency, only samples 
with complete records for all 8 heavy metal parameters were 
included in this study. No relabeling or modification of the 
original contamination level classes was performed. The 
dataset was used exclusively for numerical machine learning 
experiments, and no external data sources were merged. 

B .  Data Preprocessing (Sediment Heavy Metal Data) 
Prior to model development, a comprehensive data 

preprocessing stage was conducted to ensure data quality, 
class balance, and compatibility with machine learning 
algorithms. The sediment dataset consists of 8 numerical 
heavy metal parameters (Ni, Pb, Cr, Hg, Cd, As, Cu, and Zn) 
and a categorical target variable representing sediment 
contamination levels (Low, Moderate, High). 

First, the target variable Contamination Level was 
transformed into numerical labels using Label Encoding, 
enabling its use in supervised classification models. An initial 
exploratory analysis indicated an imbalanced class 
distribution, with the Moderate class dominating the dataset. 
To preserve class proportions during evaluation, the dataset 
was split into training (80%) and testing (20%) subsets using 
stratified sampling. Class imbalance was addressed 
exclusively on the training set using the Synthetic Minority 
Oversampling Technique (SMOTE). This approach generates 
synthetic samples for minority classes while preventing 
information leakage from the test set. Table 1 presents the 
class distribution before and after the application of SMOTE 
on the training data. 

Table 1. Class distribution before and after SMOTE 
Class Before SMOTE After SMOTE 
Low 120 180 

Moderate 180 180 
High 80 180 

 
After class balancing, all numerical features were 

standardized using StandardScaler, transforming each 
variable to have zero mean and unit variance. Feature scaling 
is essential for distance-based and margin-based classifiers 
such as K-Nearest Neighbors (KNN) and Support Vector 
Machine (SVM), ensures that all heavy metal parameters 
contribute equally during model training. 

Finally, Principal Component Analysis (PCA) was applied 
as an exploratory visualization tool to assess class 
separability after preprocessing. PCA was not used for model 
training, but solely to verify that the preprocessing steps 
improved the overall structure and distribution of the data 
prior to classification. 

C .  Dataset Splitting (Training and Validation) 
The image dataset was divided into 2 subsets to support 

Convolutional Neural Network (CNN) training and 
evaluation. 

(a) 240 images (80%) were allocated for the training set. 
(b) 60 images (20%) were allocated for the validation set. 
This splitting process was implemented automatically 

using the image dataset from directory function with the 
parameter validation_split = 0.2, specifying subset = 

“training” or subset = “validation”. This approach ensures a 
structured and reproducible data partitioning strategy [47, 48]. 

D .  CNN Architecture 
The CNN architecture employed in this study consists of 

three Convolutional–MaxPooling blocks with 32, 64, and 128 
filters, respectively in Fig. 1. These layers progressively 
extract spatial features of increasing complexity. The 
convolutional layers are followed by a Flatten layer and a 
fully connected Dense layer with 128 units, which serves as 
the final image feature representation. The network ends with 
a Dense output layer containing 3 neurons with a softmax 
activation function for multi-class classification. In total, the 
CNN model contains approximately 11 million trainable 
parameters. It should be emphasized that this CNN was used 
solely for exploratory image-based classification and was not 
integrated with the numerical machine learning models 
applied to sediment contamination data. 

 

 
Fig. 1. Exploratory CNN architecture used for supplementary image-based 
classification analysis. The CNN model was not integrated with numerical 
machine learning models and serves only as a complementary experiment.  
 

E .  CNN Training Procedure 
The CNN model was trained using the Adam optimizer and 

categorical cross-entropy loss function, with a batch size  
of 32. The number of training epochs was adjusted 
empirically until stable validation performance was achieved 
without significant overfitting. During training, the model 
performance was monitored on the validation dataset. 
Regularization strategies such as early stopping or learning 
rate adjustment may be applied to enhance generalization; 
however, the CNN results are presented as supplementary 
findings rather than as the primary analytical output. 

F .  CNN Evaluation 
CNN performance was evaluated using validation data that 

was not included in the training process. Evaluation metrics 
included accuracy, weighted precision, weighted recall, and 
weighted F1-score. A confusion matrix was also generated to 
examine class-wise prediction distributions and identify 
potential misclassification patterns [49]. The CNN evaluation 
provides complementary insight into visual separability 
among predefined categories but does not directly inform the 
sediment contamination classification models. 

G .  Numerical Machine Learning Models for Sediment 
Contamination Classification 

The core analysis of this study focuses on classifying 
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sediment heavy metal contamination levels using numerical 
machine learning models, including Random Forest, Support 
Vector Machine (SVM), K-Nearest Neighbors (KNN), and 
XGBoost. These models were trained exclusively on 
sediment heavy metal concentration data and evaluated using 
accuracy, precision, recall, and F1-score metrics. This 
modeling framework aims to provide a rapid, data-driven 
approach for assessing sediment contamination patterns 
relevant to phytoremediation planning, rather than directly 
predicting species-specific phytoremediation performance. 

III. RESULT AND DISCUSSION 

A .  Result 

1) Data description 
The dataset used in this study was obtained from Kaggle 

and consists of sediment contamination records characterized 
by 8 heavy metal parameters, namely Ni, Pb, Cr, Hg, Cd, As, 
Cu, and Zn. These parameters represent key indicators 
commonly used to assess heavy metal pollution in coastal and 
mangrove sediments. The target variable is the contamination 
level category (Contamination Level), which is classified  
into 3 distinct classes representing different degrees of 
contamination. 

Initial exploratory data analysis was conducted using 
histograms, correlation heatmaps, and boxplots to examine 
the distribution characteristics and interrelationships among 
the heavy metal variables. The visualization results revealed 
substantial variability across several parameters, particularly 
Pb, Cr, and Zn, suggesting their potential significance in 
distinguishing contamination levels. Moreover, correlation 
analysis indicated the presence of interdependencies among 
certain metals, which further supports their relevance as 
predictive features in the classification of sediment 
contamination levels. 
2) Preprocessing stage 

The preprocessing stage was performed to ensure that the 
sediment dataset was suitable for machine learning model 
development. The categorical target variable (Contamination 
Level) was first transformed into numerical labels using a 
LabelEncoder to meet the input requirements of classification 
algorithms. Subsequently, the dataset was divided into 
training and testing subsets using an 80:20 stratified split, 
preserving the original class distribution in both subsets. 

Preliminary analysis identified an imbalance in class 
representation, which could potentially bias the learning 
process. To address this issue, the Synthetic Minority Over-
sampling Technique (SMOTE) was applied exclusively to the 
training data, resulting in a more balanced class distribution. 
All numerical features were then standardized using 
StandardScaler to ensure that each parameter contributed 
equally to the learning process. 

To visually assess the effectiveness of the preprocessing 
steps, Principal Component Analysis (PCA) was applied as 
an exploratory technique. The PCA scatter plot projects the 
high-dimensional feature space onto 2 principal components 
(PC1 and PC2), enabling visual inspection of class 
separability.  

The PCA results indicate that the first 2 principal 
components capture a substantial proportion of the variance 

in the heavy metal features. PC1 reflects the dominant 
variance structure influenced by strongly correlated heavy 
metal parameters, while PC2 represents additional variability 
not captured by the first component. As shown in Fig. 2, the 
scatter plot demonstrates a clearer separation trend among 
contamination classes after class balancing and normalization, 
suggesting that the preprocessing stage successfully 
enhanced the data structure prior to model training. It should 
be noted that PCA was used solely for exploratory 
visualization and was not incorporated into the model training 
process. 

 

 
Fig. 2. PCA scatter plot class separation after preprocessing and SMOTE 

balancing. 
 

3) Model training (Numerical machine learning models) 
The model training stage focused on numerical machine 

learning algorithms applied to the preprocessed sediment 
dataset. 4 classification models Random Forest (RF), Support 
Vector Machine (SVM), K-Nearest Neighbors (KNN), and 
XGBoost, were trained using the balanced training data. Each 
model learned patterns associated with heavy metal 
concentration profiles to predict sediment contamination 
level categories. 

Hyperparameters were selected based on commonly 
recommended configurations and empirical testing to achieve 
stable learning performance. Model training emphasized 
generalization capability, ensuring that the learned patterns 
could be effectively applied to unseen test data. The trained 
models were subsequently evaluated using accuracy, 
precision, recall, and F1-score to provide a comprehensive 
assessment of classification performance. 
4) Model evaluation 

This section presents the performance evaluation of 
machine learning models used to classify mangrove 
phytoremediation potential based on sediment heavy metal 
characteristics. 4 classification algorithms were evaluated, 
namely Random Forest, Support Vector Machine (SVM),  
K-Nearest Neighbors (KNN), and XGBoost. Model 
performance was assessed using accuracy, precision, recall, 
and F1-score, while confusion matrix analysis was employed 
to examine class-level prediction behavior across the 3 
phytoremediation potential categories (Low, Moderate, and 
High). 

Based on the results presented in Table 2, XGBoost 
achieved the best overall performance, yielding the highest 
accuracy (93.0%) as well as consistently strong precision, 
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recall, and F1-score values. This indicates that XGBoost is 
particularly effective in capturing complex and nonlinear 
relationships between sediment heavy metal concentrations 
and phytoremediation potential categories. The strong 
performance of XGBoost can be attributed to its boosting 
mechanism, which iteratively corrects misclassifications and 
enhances model robustness, especially in datasets with class 
imbalance. 

Table 2. Model evaluation results (Accuracy, precision, recall, F1) 
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 
 
The SVM model also demonstrated competitive and well-

balanced performance, with accuracy comparable to 
XGBoost and slightly higher precision. This suggests that 
SVM is capable of defining clear decision boundaries in the 
feature space, making it suitable for multiclass classification 
problems involving environmental contamination data. 
Random Forest performed reliably, showing stable results 
across all evaluation metrics, although its performance was 
marginally lower than that of XGBoost and SVM. In contrast, 
KNN exhibited the lowest performance, which may be 
attributed to its sensitivity to feature scaling, data distribution, 
and neighborhood structure, despite prior normalization. 

To further analyze model behavior at the class level, 
confusion matrix analysis was conducted, focusing on the 
best-performing model, XGBoost. The confusion matrix 
provides detailed insight into the number of correct and 
incorrect predictions for each phytoremediation potential 
class (Low, Moderate, and High). This analysis helps identify 
which classes are predicted accurately and which are more 
prone to misclassification. 

Overall, the confusion matrix revealed that the Moderate 
class was predicted with the highest accuracy, while some 
misclassification occurred between the Low and High classes. 
This pattern indicates that intermediate contamination levels 
are easier to distinguish based on sediment heavy metal 
profiles, whereas extreme categories may share overlapping 
feature characteristics. To enhance interpretability, the 
confusion matrix was also visualized as a heatmap, where 
darker color intensities represent higher prediction 
frequencies. This visualization facilitates intuitive assessment 
of class-wise performance and highlights areas where model 
refinement may be required. 

As shown in Fig. 3, illustrates the classification 
performance across contamination classes. Feature 
importance for the XGBoost model was computed using the 
gain-based importance metric, which reflects the average 
contribution of each feature to reducing the training loss. 
Based on this measure, Zn, Pb, and Cr emerged as the most 
influential variables. Although gain-based importance 
provides useful insights, future studies should validate these 
findings using permutation importance or SHAP analysis for 
more robust interpretability. 

As the best-performing model, XGBoost was further 
analyzed to identify the relative importance of sediment 
heavy metal parameters in the classification of contamination 
level categories relevant to phytoremediation planning. 

Feature importance analysis provides insight into how 
different heavy metal variables contribute to the model’s 
decision-making process and enhances the interpretability of 
the classification results. 

 

 
Fig. 3. Heatmap of the XGBoost model confusion matrix. 

 
The results indicate that Zn and Pb are the most influential 

features, contributing the highest importance scores to the 
model predictions, followed by Ni and Cr with moderate 
influence. In contrast, Cu, As, Hg, and Cd exhibit lower 
importance values, suggesting a comparatively minor role in 
distinguishing contamination level classes. The complete 
feature importance values are presented in Table 3.  

Table 3. XGBoost model feature importance 
No Feature Importance 
1 Zn 0.354691 
2 Pb 0.349565 
3 Ni 0.104568 
4 Cr 0.075519 
5 Cu 0.040002 
6 As 0.034172 
7 Hg 0.024502 
8 Cd 0.016983 

 

 
Fig. 4. XGBoost feature importance graph. 

 
Fig. 4 illustrates the feature importance ranking graphically. 

The dominance of Zn and Pb suggests that these metals 
provide the clearest discriminatory information for separating 
contamination level classes in the dataset. This finding is 
consistent with previous studies reporting Zn and Pb as key 
indicators of coastal sediment contamination severity. 
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However, it is important to emphasize that feature importance 
reflects model sensitivity to input variables rather than direct 
biological phytoremediation capacity, and therefore should 
be interpreted as a proxy for contamination characterization 
rather than plant uptake performance. 

In addition to weighted metrics, macro-averaged precision, 
recall, and F1-score were also reported to provide a more 
balanced evaluation of model performance across all classes, 
particularly for the minority High contamination category. 
Furthermore, per-class precision, recall, and F1-scores were 
examined to avoid performance inflation caused by class 
imbalance and to ensure transparent assessment of 
classification behavior.  

Table 4. Per-class and macro-averaged performance of the best model 
Class Precision Recall F1-score 

Low 0.93 0.92 0.92 

Moderate 0.94 0.95 0.95 

High 0.87 0.85 0.86 

Macro Avg 0.91 0.91 0.91 
 
Table 4 indicates that the model achieved high 

classification performance across all contamination levels, 
with a macro-averaged precision, recall, and F1-score of 0.91. 
The Moderate class showed the highest predictive accuracy, 
whereas the High contamination class exhibited slightly 
lower recall, likely due to its limited sample size. 
5) Additional evaluation 

To further complement the overall performance 
assessment, additional evaluation analyses were conducted, 
including per-class Receiver Operating Characteristic (ROC) 
curves and a learning curve analysis. These evaluations aim 
to assess the model’s discriminative capability across 
contamination level classes, its stability during training, and 
its ability to generalize to unseen data. 
a) Per-class ROC curve (One-vs-rest) 

To evaluate how effectively the model distinguishes each 
sediment contamination level class (Low, Moderate, and 
High), Receiver Operating Characteristic (ROC) curves were 
generated using a one-vs-rest strategy. This approach enables 
class-wise evaluation of the trade-off between true positive 
rate and false positive rate, providing insight into the model’s 
sensitivity and specificity for each class independently. 

 

 
Fig. 5. ROC curve graph. 

 
Fig. 5 presents Receiver Operating Characteristic (ROC) 

curves were generated using a one-vs-rest strategy for the  
3-class sediment contamination level classification problem 
(Low, Moderate, and High). The Area Under the Curve (AUC) 
values were computed for each class to quantify the model’s 
discriminative capability. Given the exploratory nature of this 
analysis, confidence intervals were not estimated, and the 
ROC curves are presented as supplementary indicators rather 
than primary performance evidence. The obtained AUC 
values ranged from approximately 0.98 to 0.99, indicating 
generally good class separability. 
b) Learning curve 

A learning curve analysis was performed to assess model 
stability and to identify potential overfitting or underfitting 
behavior. The learning curve illustrates the relationship 
between the number of training samples and the model’s 
performance on both the training and validation datasets. 

 

 
Fig. 6. Learning curve. 

 
Fig. 6 shows that as the training data size increases, the 

performance gap between training and validation scores 
gradually decreases and converges at a stable level. This 
pattern indicates that the model has learned the underlying 
data structure effectively and demonstrates good 
generalization capability. The absence of a large divergence 
between training and validation performance suggests that the 
model is neither severely overfitted nor underfitted. 

B .  Discussion 
The results of this study demonstrate that machine learning 

models can effectively classify sediment contamination 
levels relevant to phytoremediation planning based on heavy 
metal parameters. Among the evaluated models, Random 
Forest and Support Vector Machine (SVM) achieved the 
highest performance, each attaining an accuracy of 92.5%, 
with precision, recall, and F1-score values consistently 
ranging between 0.92 and 0.93. Comparable performance has 
been reported in previous environmental classification 
studies, where ensemble-based and margin-based classifiers 
showed strong robustness in handling complex and 
multivariate ecological datasets [50]. 

The confusion matrix analysis indicated that the Moderate 
contamination class was classified with the highest accuracy. 
This outcome can be attributed to its larger sample size and 
more stable statistical distribution, which allowed the models 
to learn representative decision patterns more effectively [51]. 
In contrast, the High contamination class exhibited higher 
misclassification rates, primarily due to class imbalance and 
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limited sample representation, a challenge frequently 
encountered in environmental datasets [52]. 

Feature importance analysis revealed that Cr, Pb, and Zn 
were the most influential variables in determining sediment 
contamination level classification. These results are 
consistent with previous studies identifying these metals as 
key indicators of contamination severity in coastal  
sediments [53, 54]. The dominance of these features suggests 
that variations in specific heavy metal concentrations play a 
critical role in distinguishing contamination levels, rather 
than uniform increases across all measured elements. 
Importantly, in this study, feature importance reflects 
statistical relevance for contamination classification rather 
than direct evidence of biological uptake or phytoremediation 
efficiency. 

When compared with earlier research, the findings of this 
study show both methodological consistency and 
advancement. Previous studies assessing heavy metal 
contamination in mangrove environments have largely relied 
on linear regression, correlation analysis, or descriptive 
indices [55]. While these approaches provide valuable 
insights into dominant pollutants, their predictive capability 
is often limited when relationships among variables are non-
linear or highly interactive. In contrast, the strong 
performance of Random Forest and SVM observed in this 
study highlights the advantages of machine learning 
approaches in capturing complex interactions among multiple 
heavy metal parameters [56]. 

Differences between the results of this study and those 
reported in prior work can be explained by several factors. 
First, methodological differences play a central role, as 
machine learning models are better suited to modeling non-
linear relationships that conventional statistical techniques 
may fail to represent adequately [57]. Second, variations in 
dataset characteristics, including class imbalance, sample size, 
and contamination heterogeneity, can influence model 
outcomes across studies conducted in different coastal 
contexts [58]. Third, this study focused exclusively on 
sediment chemical parameters; therefore, results may differ 
from studies incorporating additional ecological, 
physiological, or hydrodynamic variables [59]. 

A comparative analysis among the evaluated models 
further supports these observations. Although XGBoost 
achieved competitive performance (91.5% accuracy,  
F1-score 0.916), its results were slightly lower than those of 
Random Forest and SVM. Similar trends have been reported 
in studies indicating that boosting-based models may be more 
sensitive to noise and class imbalance when applied to 
relatively small or heterogeneous datasets [60, 61]. KNN 
showed the lowest performance, consistent with its known 
sensitivity to feature scaling and uneven data  
distributions [62]. Logistic Regression, while offering high 
interpretability, demonstrated limited capability in capturing 
non-linear relationships among heavy metal variables [63]. 

Despite the strong performance of Random Forest and 
SVM, several limitations should be acknowledged. The 
imbalanced class distribution constrained the model’s ability 
to accurately classify the High contamination category, a 
limitation commonly reported in environmental classification 
studies [64]. Furthermore, the analysis was restricted to 
sediment chemical parameters and did not incorporate 

biological or environmental variables such as mangrove 
biomass, root structure, sediment organic matter, or 
hydrodynamic conditions, which may influence 
phytoremediation processes in real-world applications [65]. 

Overall, this study demonstrates that machine learning 
approaches particularly Random Forest and SVM provide a 
fast, reliable, and scalable framework for classifying 
sediment contamination levels relevant to phytoremediation 
planning in mangrove ecosystems. While observed 
differences with previous studies primarily stem from 
methodological choices and data characteristics, the 
consistent identification of Cr, Pb, and Zn as key predictors 
supports the robustness of the classification framework [66]. 
Future research should prioritize integrating biological 
measurements, expanding dataset coverage, and 
incorporating additional environmental variables to 
strengthen the linkage between contamination classification 
and actual phytoremediation performance across diverse 
coastal ecosystems. 

IV. CONCLUSION 
This study demonstrates that machine learning models can 

effectively classify sediment contamination levels relevant to 
phytoremediation planning based on 8 heavy metal 
parameters (Ni, Pb, Cr, Hg, Cd, As, Cu, and Zn). Among the 
evaluated algorithms, Random Forest and Support Vector 
Machine (SVM) achieved the best overall performance, each 
attaining an accuracy of 92.5% with consistently high 
precision, recall, and F1-score values across most 
contamination categories. XGBoost also showed competitive 
results, although its performance was slightly lower under the 
given data conditions. 

The confusion matrix analysis indicated that the Moderate 
contamination class was the most accurately predicted, 
primarily due to its larger sample size and more stable 
distribution. In contrast, the High contamination class 
remained challenging to classify accurately because of 
limited sample representation and class imbalance. 
Additional evaluation using ROC curves and learning curves 
suggested that the models demonstrated good generalization 
capability and did not exhibit significant overfitting. 

Overall, the findings confirm that machine learning 
approaches particularly Random Forest and SVM offer 
reliable and scalable tools for classifying sediment 
contamination levels based on chemical parameters. These 
models have potential applications in environmental quality 
monitoring, identification of polluted coastal areas, and 
supporting decision-making for phytoremediation planning 
and coastal ecosystem management. Future research should 
focus on expanding dataset size, improving class balance, and 
incorporating additional environmental and biological 
variables to strengthen the linkage between contamination 
classification and actual phytoremediation performance. 
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