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Abstract. Plastic waste pollution in the oceans remains a global problem. Kuta Beach is one of
Bali's tourist destinations that has been affected by plastic waste pollution. This is not in line
with the 14th SDGs, which is to prevent and reduce marine debris pollution. However, the
marine debris monitoring process carried out by the Ministry of Environment and Forestry
requires officers to conduct direct monitoring in the field, which incurs higher costs. Therefore,
satellite imagery can be an alternative option for more effective and efficient marine debris
detection. This study aims to detect marine debris on Kuta Beach using machine learning
algorithms, namely Random Forest (RF), XGBoost, and LightGBM. This study uses the Marine
Debris Archive (MARIDA) dataset, which has marine debris labels, and Sentinel-2 images of
Kuta Beach from 2019-2023. The LightGBM algorithm provided the best performance in
detecting marine debris with an F1-score of 95.16%. The area detected as marine debris on Kuta
Beach in 2019-2023 was 500 m?, 0 m?, 100 m?, 300 m?, and 400 m?, respectively. Based on
these results, marine debris is generally detected around the coastline, particularly in the
southern area of Kuta Beach, which is located near a shopping center.

Keyword: marine debris, satellite imagery, machine learning.

1. Introduction

One of the biggest causes of environmental degradation is plastic waste [1]. The use of single-use
plastics has increased 20-fold during the past 50 years [2]. However, appropriate waste management
has not kept pace with this situation [3]. Accordingly, between 19 and 23 million metric tons of plastic
waste wind up damaging the environment, especially aquatic areas [3], [4]. One item that is hard to
break down is plastic. It is estimated that plastic waste in the ocean will take 292 years to fully degrade

[5].

Indonesia is one of the countries that contributes significantly to plastic waste pollution in the world
[6], [7]. Due to urbanization, high population density, and a variety of coastal activities, urban coastal
areas are particularly susceptible to marine debris pollution [8]. One place that is susceptible to this
issue is Bali. Bali has become a destination that attracts many tourists. It is recorded that the number of
tourists visiting Bali in 2024 will reach 6.31 million foreign tourist visits [9] and 10.12 million domestic
tourist visits [10]. The possibility of environmental pollution is increased by the high level of tourism,
particularly along Bali's shore [11], [12]. This is reinforced by the results of marine debris monitoring
conducted by the Indonesian Ministry of Environment and Forestry in 2021, which showed that there
were 12.82 grams of plastic waste per square meter on the beaches of Badung Regency [13]. Based on
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this data, plastic waste is the most dominant type of marine debris. In addition, the results of marine
debris monitoring in 2023 show that Badung Regency, Bali, is the location with the highest abundance
of microplastics in seawater, reaching 91.22 particles/m? [14]. Based on the results of this monitoring,
marine debris on the beaches of Badung Regency, including Kuta Beach, remains a challenge.

Ocean contamination from marine debris can have detrimental effects on a number of factors. Ocean
pollution from plastic debris can harm marine ecosystems and disturb the lifestyles of organisms [15],
[16], [17]. The economy may be impacted as well. Plastic waste pollution can reduce fishermen's
catches and decrease the tourist appeal of polluted beaches [18]. As a result, the United Nations (UN)
has made this issue one of its global priorities under the Sustainable Development Goals (SDGs). One
of the targets in goal 14 of the SDGs is to prevent and reduce various types of marine pollution,
including marine debris.

Accurate detection and monitoring of marine debris in the ocean remains a challenge to this day
[19]. The use of remote sensing with geospatial data using a machine learning approach has been
developed to enable more efficient monitoring [19], [20]. The limited availability of actual datasets for
detecting marine debris using satellite imagery led previous researchers to develop an open-access
dataset called the Marine Debris Archive Dataset (MARIDA) [21]. MARIDA provides annotations on
Sentinel-2 imagery at the pixel level, which can be used as a benchmark for marine debris detection.
The spectral behavior captured by satellite images can be used to distinguish marine debris from other
objects [22]. Previous study used a combination of several spectral composite indices, including the
Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI),
Floating Algae Index (FAI), Floating Debris Index (FDI), Shadow Index (SI), Bare Soil Index (BSI),
and NRD [21]. In this case, the FDI index is used to detect plastic waste floating in the ocean. In
addition, there is a study that developed the Adjusted Plastic Index (API), which is capable of
distinguishing plastic waste mixed with other land cover [20].

Although it has not been well investigated, the use of machine learning algorithms to identify marine
debris in the ocean holds a lot of promise [19]. Thus, the purpose of this project is to use machine
learning techniques using Sentinel-2 satellite image data and the publicly available MARIDA dataset
to identify marine debris in the Kuta Beach area of Bali. To find out if there was marine debris on Kuta
Beach, three classification algorithms were employed: Random Forest (RF), Extreme Gradient-
Boosting Machine (XGBoost), and Light Gradient-Boosting Machine (LightGBM). These algorithms
are used because they have been proven to perform well in detecting plastic waste using satellite
imagery [20], [23], [24]. This study also looked at characteristics that are crucial for differentiating
marine debris from other items. This study contributes by integrating various spectral indices derived
from Sentinel-2 imagery with an machine learning model to identify marine debris in tropical coastal
environments. Previous studies have mostly used the Floating Debris Index (FDI) with the Normalized
Difference Vegetation Index (NDVI) to detect the presence of marine debris [19], [21], [22]. Therefore,
this study attempts to add the Adjusted Plastic Index (API) feature, which is considered better at
separating marine debris from vegetation and land cover [20].

2. Methodology

2.1. Study area

2.1.1. Case study area

The case study area for this research is Kuta Beach, located in Badung Regency, Bali. This research
classifies marine debris detected in the Kuta Beach area from 2019 to 2023 at the pixel level. The image
of Kuta Beach for each year has 65,268 pixels covering the area from the water to the coastline. The
area covers the coastal region and waters of Kuta Beach, as shown in Figure 1.
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Figure 2. Map of Kuta Beach study area
2.1.2. Supporting study area

The training and testing sets were using publicly available data from the Marine Debris Archive
(MARIDA). As indicated in Table 1, MARIDA offers 837,377 annotated pixels categorized into 15
classes. Due to their comparable spectral behavior, the Wakes, Cloud Shadows, Waves, and Mixed
Water classes were combined into the Marine Water class in this study, aggregating the MARIDA
dataset classes into 11 classes [21]. MARIDA was collected from 2015 to 2021 in eleven countries,
namely Honduras, Guatemala, Haiti, Santo Domingo, Vietnam, South Africa, Scotland, Indonesia, the
Philippines, South Korea, and China. Bali is one of the locations covered in the MARIDA dataset, so
the characteristics of marine debris found on Kuta Beach can be represented. There is so much variance
in the supporting regional data, which is dispersed over numerous countries, that machine learning

models have more to learn during the data training process.

Table 1. MARIDA dataset thematic classes.

Class Description Nupr;; of
Marine Debris Floating polymers, such as plastics, and a mixture of 3,399
man-made waste
Dense Sargassum Dense floating Sargassum macroalgae 2,797
Sparse Sargassum Sparse floating Sargassum macroalgae 2,357
Natural Organic Material Vegetation and wood 864
Ship Sailing and anchored vessels 5,803
Clouds Clouds including thin clouds 117,400
Marine Water Clear water 129,159
Sediment-Laden Water Brown-colored discharges from high-sediment rivers 372,937
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Foam captured near riverbanks or areas where waves

Foam break the coast 1225
Turbid Water Turbid waters close to coastal areas 157,612
Shallow Water Coral reefs and submerged vegetation in coastal waters 17,369
Waves Waves 5,827
Cloud Shadows Cloud shadows 11,728
Wakes Wakes and waves from a sailing vessel 8,490
Mixed Water Water close to materials that float 410

Total 837,377

2.2. Data sources

2.2.1. Case study area data

The Google Earth Engine (GEE) platform provided the Sentinel-2 satellite imaging data for the Kuta
Beach region. Sentinel-2 was chosen because it is freely accessible and its spectral bands has been
proven capable of detecting marine debris [22], [25]. To provide maximum detail in marine debris
detection, the images used have the highest spatial resolution of Sentinel-2, which is 10 meters. After
being prepared in shapefile format, the Kuta Beach region of interest (ROI) was loaded into the GEE
code editor. To reduce the impact of clouds, a cloud masking function was applied to the imagery
acquired using GEE. To further address the potential for noise in the data, the median approach was
used to create annual aggregate statistics for the 2019-2023 timeframe.

2.2.2. Supporting study area data

The MARIDA dataset was obtained from the Zenodo online repository. MARIDA was collected over
a period of seven years, from 2015 to 2021. MARIDA has developed a marine debris label obtained by
acquiring Sentinel-2 imagery with ground-truth observations and literature studies. Experts in image
interpretation used information from waste reports, Sentinel-2 satellite photos, very high-resolution
Planet satellite images, and the spectral behavior of ocean objects to annotate the MARIDA dataset.

2.3.  Modelling

2.3.1. Model development

This study uses three algorithms with the ensemble method, namely RF [26], XGBoost [27], and
LightGBM [28]. These algorithms are capable of improving model performance by combining the
prediction results from several estimators [29]. The three algorithms were chosen because they have
been proven to perform well in marine debris detection cases.

In combining data, RF uses the bagging algorithm and then uses decision trees to train each
combined group [30]. Each tree is trained on a smaller, randomly selected subset of data so that random
forests are able to handle large, high-dimensional data. Based on previous research, RF has been proven
to perform well in various cases, including in the case of marine debris detection [19], [20], [21], [31],
[32], [33].

XGBoost performs gradient boosting incrementally by improving the error generated in the
previously built model. Thus, XGBoost has good scalability in all scenarios [27]. XGBoost was also
used on synthetic plastic debris data with Generative Adversarial Networks (GANS), yielding results
that showed the model was able to distinguish plastic waste from other features [23].
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LightGBM uses gradient-based one-sided sampling and exclusive feature bundling, which speeds
up the data training process [28]. This makes LightGBM more efficient in terms of memory, cost, and
data training time [34]. In the case of plastic waste detection, LightGBM has proven to be efficient and
provides high accuracy [24].

Model development using RF and LightGBM was built using class weighting and without class
weighting. Class weighting was used to handle imbalanced data, which gives weights that are inversely
proportional to class frequency. This weighting ensures that prediction errors in minority classes are
calculated as greater in the loss calculation, thereby helping the model to not ignore classes that rarely
appear. Meanwhile, the XGBoost model has been proven to perform well in cases of imbalanced data
[35]. The XGBoost model does not have a class_weight parameter, so the sample_weight parameter is
used to weight each sample based on the confidence level in the labeling.

In maximizing the performance of each model, this study conducted parameter optimization using
Bayesian optimization (BO). In BO, evaluation points are selected using an acquisition function to
maximize the model [36]. In this way, BO ensures that optimization does not only concentrate on areas
with good results but also explores areas that have not been studied much in order to find optimal
solutions. Selection of the best model based on the evaluation metrics of each model. Model
performance was evaluated using accuracy, precision, recall, and F1l-score metrics using macro-
averaging. Macro-averaging is used in this study so that model performance could be assessed fairly
without being influenced by classes with a larger number of samples [37]. The best model obtained was
then applied for implementation in the Kuta Beach study area. For clarity, the research workflow is
shown in Figure 2.

Stage |

Modeling Evaluation
* Features Extraction Machine Learni .
@ MARIDA » DataSplitting schine tearning LIS Best Model
A~ =4 » Data Standardization = + Random Farest * Accuration
~ + XGBoost = Precision
—. * LightaBM « Recall
s Fl-Score
Bayesian Optimization
Stage Il
@ sentinel-2 * Cl'oudMa_sking Marine Debris Prediction
* Aggregation Best Model Results at Kuta Beach for
Sentinel-2 Imagery of = Features Extraction 2019-2023

Kuta Beach 2019-2023 * Data Standardization

Figure 3. Research workflow diagram

2.3.2. Features

In detecting marine debris, this study uses the Floating Debris Index (FDI) [22] and the Adjusted Plastic
Index (API) [20]. In addition, other indices are used to distinguish between marine debris and other
objects in the ocean. The Normalized Difference Vegetation Index (NDVI), Floating Algae Index (FAI),
and Near Infrared-Red Difference (NRD) are used to detect vegetation and macroalgae. The Normalized
Difference Water Index (NDWI) and Normalized Difference Moisture Index (NDMI) are used to
identify water features. The Shadow Index (SI) and Bare Soil Index (BSI) are used to separate bright
objects on the earth's surface. In addition, the values of the Sentinel-2 spectral bands are also used to
maximize the model in separating existing classes, including bands 1 to 10 [21].
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3. Result

3.1. Model development results

After finding the optimal parameter values, each model was trained and then compared based on
accuracy, precision, recall, and F1-score values. Table 2 shows the model performance on the training
set and testing set without additional handling on RF and LightGBM for imbalance cases. In both the
training data and testing data, the RF algorithm provided the best evaluation values compared to other

algorithms.
Table 2. Model performance on training and testing data without additional handling for data
imbalance.
Evaluation Metrics (%)
Data Model
Accuracy Precision Recall F1-score

Random Forest 99.81 99.34 98.24 98.78

Training XGBoost 98.76 95.28 92.10 93.58

LightGBM 90.95 78.69 71.83 73.80

Random Forest 99.01 95.07 92.46 93.68

Testing XGBoost 98.47 93.21 89.98 91.49

LightGBM 90.86 76.45 70.74 72.40

Table 3 shows the model performance after additional handling of imbalanced data using class
weighting on RF and LightGBM. The results show that LightGBM provides the best performance. This
is because LightGBM has better scalability, making it suitable for large datasets.

Table 3. Model performance on training and testing data without additional handling for data

imbalance.
Evaluation Metrics (%)
Data Model
Accuracy Precision Recall F1-score

Random Forest 99.74 97.65 99.68 98.61

Training XGBoost 98.76 95.28 92.10 93.58
LightGBM 99.77 99.58 99.87 99.72

Random Forest 98.92 92.67 93.89 93.19

Testing XGBoost 98.47 93.21 89.98 91.49
LightGBM 99.18 94.82 95.53 95.16

In both training and testing data, LightGBM, the model with the greatest performance, displayed
high values. To detect possible overfitting in the model, a check was performed using a learning curve.
To provide more reliable model generalization, stratified 5-fold cross-validation was used to generate
the learning curve. The accuracy learning curve against training size from LightGBM is displayed in
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Figure 3. According to the chart, the training score's accuracy is extremely high and keeps rising as the
volume of training data increases. Meanwhile, the accuracy of the cross-validation score is above 0.95.
This accuracy value is slightly lower than the training score. However, the gap in accuracy between the
training score and the cross-validation score is not significant. This indicates that the LightGBM model
is still capable of making good predictions on new data. Therefore, the LightGBM learning curve plot
does not show any severe overfitting and demonstrates the model's ability to generalize on new data.
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Figure 4. Learning curve of LightGBM

The model was also assessed using each current class in order to ascertain how well it predicted each
class. The LightGBM model's performance for each class in the training and testing data is displayed
in Tables 4 and 5, respectively. These two tables demonstrate how effectively the LightGBM model
predicts each current class in both training and testing data. With an F1-score of 92.62%, the LightGBM
model successfully predicted the marine debris class in the testing set.

Table 4. LightGBM performance by class on training data.
Evaluation Metrics (%)
Class
Precision Recall F1-score
Clouds 99,22 99,23 99,23
Dense Sargassum 100 100 100
Foam 99,49 100 99,75
Marine Debris 99,02 100 99,51
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Marine Water 99,43 99,31 99,37
Natural Organic Material 100 100 100
Sediment-Laden Water 100 100 100
Shallow Water 99,91 100 99,95
Ship 98,49 100 99,24
Sparse Sargassum 99,84 100 99,92
Turbid Water 100 100 100

Table 5. LightGBM performance by class on testing data.

Evaluation Metrics (%)

Class
Precision Recall F1-score

Clouds 98,08 98,05 98,06
Dense Sargassum 96,63 97,32 96,97
Foam 85,34 92,65 88,85
Marine Debris 91,17 94,12 92,62
Marine Water 98,31 98,12 98,21
Natural Organic Material 92,07 87,28 89,61
Sediment-Laden Water 100 99,99 100

Shallow Water 98,14 98,85 98,49
Ship 90,41 90,18 90,30
Sparse Sargassum 93,10 94,48 93,78
Turbid Water 99,82 99,83 99,82

LightGBM model classification errors can be seen based on the confusion matrix. Figure 4 shows
that the LightGBM model is best at distinguishing the Sediment-Laden Water class from other classes.
This is in line with the high evaluation score for the Sediment-Laden Water class. For the Marine Debris
class, the model was able to correctly predict 640 pixels. The model still made classification errors in
several classes. For the Marine Debris class, there were 62 false positives, most of which originated
from the Ship and Natural Organic Material classes. In addition, there were 40 false negatives, some of
which originated from the Ship class. A total of 15 pixels with the Ship class were predicted as Marine
Debris, and 13 pixels with the Marine Debris class were predicted as Ship. This is because there is a
similarity in spectral behavior between the Marine Debris class and the Ship class.
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Figure 5. Confusion matrix of LightGBM

In machine learning modeling, there are variables that play a more dominant role in the model that
is formed. The feature importance value shows how much a variable contributes to distinguishing the
11 classes predicted by the model. Based on Figure 5, NDWI is the most influential variable in
distinguishing the existing classes with a gain importance value of 2489121.7. The gain importance
value shows how much NDWI contributes to reducing uncertainty (impurity) in each split of the
decision tree built by the LightGBM model. The higher the gain value, the more frequently and
effectively the variable is used by the LightGBM model to separate data into different classes. This
means that NDWI is the feature that provides very significant information for the model in
distinguishing marine debris classes from other objects such as seawater and surrounding coastal
objects.
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Figure 6. Feature importance value of each feature in LightGBM

Implementation of machine learning model in the Kuta Beach area
Based on the best model, LightGBM, predictions were made for plastic waste in the Kuta Beach area

for 2019-2023. A visualization of the prediction results for Kuta Beach is shown in Figure 6.
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Figure 7. Visualization of predicted results for Kuta Beach in 2019 (a), 2020 (b), 2021 (c), 2022 (d),
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Based on Figure 6, it can be seen that the prediction results for each year are dominated by natural
objects. In 20192023, the classes most frequently detected by the model were water classes, namely
Shallow Water, Marine Water, and Turbid Water. Although the prediction results were dominated by
natural features, the model was able to detect the presence of plastic waste in the Kuta Beach area. The
number of pixels predicted for Kuta Beach in each class is shown in Table 6.

Table 6. Number of pixels predicted based on class and year.

Year
Class

2019 2020 2021 2022 2023
Clouds 6704 8865 15717 3480 10594
Dense Sargassum 658 1060 692 1292 641
Foam 1155 1345 381 560 776
Marine Debris 5 0 1 3 4
Marine Water 3084 7094 9256 4519 8171
Natural Organic Material 328 866 1134 1890 341
Sediment-Laden Water 49 92 9 34 56
Shallow Water 43952 39982 28134 46626 31401
Ship 5529 4734 3637 4156 5432
Sparse Sargassum 1 0 1 11 0
Turbid Water 4599 2026 7102 3493 8648

Figure 7 shows a bar chart of the number of pixels detected as marine debris on Kuta Beach in 2019—
2023. There were 5 pixels detected as marine debris on Kuta Beach in 2019. This means that in 2019,
there were approximately 500 m? of Kuta Beach area polluted by plastic waste. In 2020, the model did
not detect the presence of pixels predicted to be marine debris on Kuta Beach. This is in line with the
policy related to the implementation of Large-Scale Social Restrictions (PSBB) during the COVID-19
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pandemic. The PSBB policy reduced tourism activity on Kuta Beach, which may have led to a decrease
in the amount of waste originating from tourism activities. In 2021, the number of marine debris pixels
detected on Kuta Beach increased again to 1 pixel or 100 m2. The increase in the number of marine
debris pixels detected from 2020 to 2021 may be due to the recovery of community activities in the
Kuta Beach area. In 2022 and 2023, there was a consecutive increase in the number of marine debris
pixels detected, namely 3 pixels (300 m?) and 4 pixels (400 m?), respectively.

500 4

400 4

300 4

200 4

Area of marine debris (m?)

100

T T T T
2019 2020 2021 2022 2023
Year

Figure 8. Area of marine debris detected on Kuta Beach from 2019 to 2023

4. Discussion

Based on the detection results in the case study area, the area of marine debris on Kuta Beach in 2019-
2023 ranged from 100 m? to 500 m?. These findings are consistent with the results of previous study
which showed that plastic waste accounted for 26.6% of the total composition of waste polluting Kuta
Beach [38]. This finding is also in line with previous research with a broader context, in which Indonesia
was identified as one of the main contributors of plastic waste to the oceans globally [39]. This provides
evidence that the problem of plastic waste on Kuta Beach is a consistent problem and a long-term issue
that has not been fully resolved. However, because Sentinel-2 has a spatial resolution of 10 m, debris
spots smaller than a full pixel can still be detected through subpixel response, where the debris partially
covers a pixel but can still be distinguished spectrally from the surrounding water. Similar to previous
studies, marine debris pixels often contain a mixture of water and debris material, indicating that
detection can occur at the subpixel level. In other words, debris occupying approximately 30-55% of
the pixel area can still be identified through its characteristic spectral response [22].

This study shows that in 2020, no marine debris was detected on Kuta Beach. These results are
thought to be a direct impact of the COVID-19 pandemic and the accompanying global restrictions on
activities. The phenomenon of clean coastal areas due to lockdowns did not only occur on Kuta Beach.
Research by Okuku et al. (2021) found a similar effect, showing that limited community movement
during the COVID-19 pandemic led to a significant decrease in the amount of marine debris on beaches
in Kenya [40]. This is also in line with research by Sari et al. (2022), which shows that the amount of
waste at tourist sites is directly proportional to the number of tourist visits [41].

This study demonstrates the potential of Sentinel-2 imagery and the use of the open-access MARIDA
dataset in identifying marine debris along coastal areas such as Kuta Beach. This approach offers a cost-
effective and easily accessible alternative to very high-resolution data, while maintaining reasonable
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accuracy in classifying various coastal features. This study attempted to use the API [20] spectral index.
However, the API did not show a particularly high feature importance value.

In this study, Sentinel-2 satellite imagery with a spatial resolution of 10 m was used. Therefore, the
detection results were less capable of detecting plastic waste that was very small in size. Further research
related to marine debris detection is recommended to add satellite image data sources in model training
using data that has more knowledge in detecting marine debris. In addition, to ensure that marine debris
detection is carried out more optimally, further research can use images with much higher spatial
resolution (e.g., WorldView-3 or PlanetScope) or UAV data.

5. Conclusion

Based on the results of the research conducted, the area detected as marine debris on Kuta Beach in
2019-2023 was 500 m2, 0 m?, 100 m2, 300 m?, and 400 m?, respectively. Based on these results, marine
debris is generally detected around the coastline, particularly in the southern area of Kuta Beach, which
is located near a shopping center. The use of the open-access MARIDA dataset based on Sentinel-2
shows good performance that can be applied in various locations, including the Kuta Beach area. The
results of marine debris detection at Kuta Beach from 2019 to 2023 can be a more efficient alternative
for identifying locations on the beach that are more likely to be polluted by marine debris. Thus, this
study can support relevant parties such as the Ministry of Environment and Forestry, environmental
agencies, tourism area managers, and environmental communities in designing more targeted and
efficient marine debris mitigation strategies in coastal areas.
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