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1. INTRODUCTION

The Riau Islands Province holds a strategic position as a center of trade and maritime activity due to its
location stretching from the Malacca Strait to the South China Sea and its proximity to countries such as
Singapore and Malaysia. Among its 2,408 islands, Bintan Island is the largest and serves as a key area for
economic and tourism development. However, its position along major shipping routes also makes it highly
vulnerable to marine pollution, particularly oil spills from tanker, commercial, and passenger ship activities [1].

Oil spills have a significant impact on national development. Based on Green Theory in international
relations, environmental pollution can influence a country's development through its economy. Such
environmental pollution can take the form of oil spills, which can cause losses in the economic sector, especially
in the tourism, fisheries, and trade sub-sectors [2]. To that end, the government formed the National Oil Spill
Emergency Response Team through Presidential Regulation No. 109 of 2006, with the Directorate of Pollution
and Environmental Damage Control of the Ministry of Environment and Forestry tasked with following up on
reports of oil spills [3], [4], [5]. However, in practice, this directorate still does not have complete daily oil spill
data [6], [7].

This data incompleteness can be addressed through advanced technology-based environmental monitoring
systems, one of which utilizes Sentinel-1 radar satellite imagery. Sentinel-1 is particularly effective because it can
capture images both day and night under all weather conditions, making it highly reliable for continuous
monitoring in maritime regions [8]. However, the detection process can face obstacles in the form of look-alike
objects such as natural surfactants, rainfall, or areas with low wind speeds, which may resemble ol spills. To
overcome these challenges, the integration of multi-source data and the application of machine learning models
offer promising solutions, as they can improve detection accuracy by distinguishing true oil spills from look-alike
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phenomena [9]. This study utilizes Sentinel-1 imagery for daily detection of oil spills in the waters north of Bintan
Island, then builds the best detection model from machine learning and deep learning, and identifies look-alikes
using ECMWEF wind data, UCSB/CHG rainfall, NOAA sea temperature, and Google Street View.

Research related to oil spill detection has been conducted previously, for example by Prastyani & Basith
(2019) in the Makassar Strait using radar and optical imagery with visual interpretation methods [9], and by
Najafizadegan & Danesh-Yazdi (2023) using CNN algorithms [10]. However, to date, no research has been found
that combines texture analysis, adaptive thresholding, and machine learning or deep learning models to detect
oil spills, particularly in northern Bintan Island, as well as look-alike identification based on multi-source data.
Thus, this study is expected to contribute to filling this research gap. Therefore, the objective of this study 1s to
develop a detection model that integrates Sentinel-1 imagery, texture analysis, adaptive thresholds, and machine
learning to accurately detect oil spills and verify similar phenomena in the waters of northern Bintan. These
findings are expected to not only contribute to methodological advances but also support faster response times,
strengthen environmental protection, and reduce economic losses due to oil spills, thereby providing additional
useful information for regional maritime policy-making and management.

2. RESEARCH METHOD
2.1 Study Area and Data Collection

This research was conducted in coastal villages in the northern part of Bintan Island, as this location
regularly experiences oil spills every year, specifically in the villages of Berakit, Pengudang, Sebong Lagoi, Sebong
Pereh, Tanjung Uban Utara, Tanjung Uban Kota, and Malang Rapat.

This study used four data sets, namely Sentinel-1 radar imagery data, ECMWF wind data, UCSB/CHG
rainfall data, and NOAA sea surface temperature data.

Sentinel-1 Data

Sentinel-1 satellite imagery data can be retrieved from the Google Earth Engine platform under the collection
name COPERNICUS/S1_GRD and instrument mode IW. For training and testing data, three images were
retrieved, namely on March 3, 2021, March 16, 2022, and March 23, 2024. Meanwhile, for inference data, images
from March 23, 2024, were used. In addition, images were also taken on March 29, 2024, March 12, 2025,
March 18, 2025, and March 30, 2025, for additional inference data to facilitate a more comprehensive analysis
process. With Sentinel-1 radar images, several features or variables can be obtained to detect oil spills, including
basic features such as VV (Vertical-Vertical) and VH (Vertical-Horizontal), texture analysis features such as
homogeneity / Inverse Different Moment (IDM), entropy, and Angular Second Moment (ASM), and
polarization operation features such as VV+VH (Add), VV-VH (Subtract), VVxVH (Multiply), VV/VH (Divide),
and (VV+VH)/2 (Average) [11], [12], [18], [14], [15].

‘Wind Data

The wind data used comes from the ECMWTF (European Center for Medium-Range Weather Forecasts)
via the Google Farth Engine platform using the ECMWEF/ERAS_LAND/HOURLY collection with the same
data collection time range as the 5 inference images, so that the u and v values used in calculating wind speed
(m/s) using equation 1 can be obtained [16].

Wind speed = vu? + v? (1)
‘Where u is the east-west wind vector component and v is the north-south wind vector component.

Rainfall data

The rainfall data used was obtained from UCSB/CHG via the Google Farth platform using the UCSB-
CHG/CHRIPS/DAILY collection with the same data collection time range as the five inference images, thereby
obtaining daily rainfall values (mm/day).

Sea surface temperature data

The sea surface temperature data used was obtained from NOAA via the Google Farth Engine platform
using the NOAA/CDR/OISST/V2_1 collection with the same data collection time range as the 5 inference
mmages. After that, the raw data was calibrated to convert the integer scale to degrees Celsius, resulting in the final
sea surface temperature value (°C).

2.2 Data Labeling

The labeling process was carried out on Sentinel-1 satellite image data using the adaptive thresholding
method i a 100-pixel window and an offset value of 3.5 dB via the Google Farth Engine. Both parameters were
selected as they correspond to the characteristics of ol spills, which generally exhibit lower backscatter values and
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smoother surface textures compared to surrounding seawater. That parameter value were also used by Maryanto
& Nurohman (2024) [17]. Oil spill detection with SAR data is based on the nature of oil, which dampens the
roughness of the sea surface, resulting in a dark spot due to low backscatter values. Dark spots can be detected
using the adaptive thresholding method through Google Earth Engine. The results of o1l spill area detection using
this method will then be compared with VV polarization images. If the patterns and spots of the oil spill are
similar, they can be used for the labeling process [17], [18].

2.3 Data Preparation

At this stage, data preparation is carried out for all datasets that have passed the data understanding stage.
This stage includes SAR data pre-processing, which covers data subsetting, unit conversion, speckle filtering, and
normalization via the Google Earth Engine. Unlike many conventional datasets, missing values are not a major
issue in satellite imagery, as all pixels will be available during the image recording process on the desired date.
Therefore, handling missing data is not necessary. Instead, the main challenge lies in data quality issues, such as
speckle noise or environmental conditions that can affect the accuracy of oil spill detection. This is explained in
detail as follows:

Subsetting Data

At this stage, radar images are cropped according to the Area of Interest (AOI) via the Google Farth Engine,
so that the data analyzed only covers the research area. This allows for faster data processing, as it avoids
processing data outside the study area that 1s not relevant to the research [19]. This process 1s carried out using
Google Earth Engine by manually forming polygons according to the area to be studied or the research locus.

Unit Conversion

Unit conversion is performed from the decibel (dB) scale to the linear scale via the Google Earth Engine,
so that the analysis process can be carried out more comprehensively. This needs to be done because a difference
of 1 unit on the decibel scale does not represent a consistent absolute change, but rather a logarithmic relative
change, which can minimize variation and hide important patterns. The equation for performing unit conversion
can be seen in equation 2 [20].

decibel backscatter

Linear backscatter = 10 10 )

Speckle Filtering

This stage aims to reduce or even eliminate the influence of atmospheric disturbances such as dust particles
so that the images are clearer and more distinct for further study. This stage 1s carried out through Google Earth
Engine using the Lee Filter and a window size of 50 meters in the form of a circle [21], [22].
Speckle Filtering

Normalization

Normalization 1s performed so that all variables have a range of values that are not too different from each
other, allowing for more accurate interpretation and analysis. In this study, the normalization method used is
min-max normalization using Google Colab, as it is the most common method in image data processing. This
normalization is applied by reducing the value of each feature/variable by the minimum value of each
feature/variable and then dividing it by the range of values of that feature/variable [23].

2.4 Modeling

The entire modeling process was conducted using the Google Colab, which provides a cloud-based
environment with GPU acceleration to facilitate efficient computation and training. Some of the machine learning
algorithms used in searching for the best model include Support Vector Machine (SVM), K-Nearest Neighbor
(KNN), Gaussian Naive Bayes (GNB), Gaussian Mixture Model (GMM), Linear Discriminant Analysis (LDA),
Random Forest (RF), and Extreme Gradient Boosting (XGBoost). Meanwhile, deep learning algorithms such as
Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) are also used in the search for
the best model or algorithm. Then, the grid search method is used to find the best parameters for each algorithm
so that the results obtained can be more optimal. In addition, computation time is also taken mnto account when
selecting the best model.

Fach model was evaluated using cross-validation — 10-fold for machine learning algorithms, 5-fold for CNN,
and 3-fold for LSTM — with performance metrics derived from the confusion matrix, including precision, recall,
accuracy, and Fl-score. After determining the best model, model optimization is carried out so that the evaluation
results and detection results can work optimally. Model optimization can be done in various ways, such as
parameter tuning, feature engineering, threshold optimization, class balancing with SMOTE, and so on. Once
the model performance has improved, the best model for detecting ol spills has been obtained.
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2.5 Look-alike Identification

If the detection results are accurate, the research can proceed with the process of identifying look-alike oil
spills. Look-alike o1l spills on radar images can be natural surfactants produced by phytoplankton or fish, rain,
and areas with low wind speeds. Look-alike oil spills can be found in water areas with sea surface temperatures
reaching 22°C - 26°C, rainfall of >0 mm/day, and wind speeds below 2 m/s or above 14 m/s. Meanwhile, on
land, the process of identifying look-alike oil spills can be done through Google Street View [19], [24], [25].

2.6 Area Calculation

The next step is to calculate the area of the oil spill and look-alikes using Google Colab by multiplying the
number of pixels that meet the criteria by the square of the pixel resolution used in the study, which 1s 7 meters.
This is because each pixel in the projected image represents a certain area, which can be referred to as spatial
resolution [18].

3. RESULT AND ANALYSIS
3.1 Oil Spill Detection

Ol spill detection can be done in various ways, such as fixed thresholding, adaptive thresholding, GLCM
(Gray Level Co-Occurrence Matrix) texture analysis, machine learning model creation, and so on. However, this
study will use an adaptive thresholding approach, as well as the creation of the best models from machine learning
and deep learning using grid search and several features, including GLCM texture features.

Adaptive Thresholding

Adaptive thresholding was applied by calculating the average backscatter within a 100-pixel window. This
was followed by calculating the adaptive threshold based on the average backscatter and an offset value of 3.5 dB.
Finally, dark spots with backscatter lower than the adjusted threshold were identified as oil spills in the red area
and can be seen 1n Figure 1b. The results are similar to the VV polarization image in Figure la, so they can be
used in the labeling process.

)

i)
(@

(b)
Figure 1. Image visualization. (a) VV polarization. (b) Results of the adaptive thresholding method.

Modeling
Modeling was performed by dividing the training and testing data in a ratio of 709% and 30%, respectively.
The results of the performance evaluation of each algorithm are shown in Table 1.

Table 1. Evaluation results of each algorithm

Algorithm Measure Evaluation Computational
Accuracy Precision Recall Fl-Score Time (s)

SVM 0.8661 0.8745 0.8661  0.8692 896.30

KNN 0.8692 0.8676 0.8692 0.8681 35.50

GMM 0.8203 0.8270 0.8203 0.8233 13.53

GNB 0.8406 0.8432 0.8406  0.8385 1.03

LDA 0.4289 0.2179 0.4289  0.2890 1.32

RF 0.8683 0.8697 0.8683  0.8688 1692.25

XGBoost  0.8700 0.8698 0.8700 0.8696 34591

CNN 0.8667 0.8642 0.8667 0.8639 3602.39

LSTM 0.8598 0.8586 0.8598  0.8590 7360.04

It can be seen that the XGBoost algorithm has the best evaluation results when compared to other
algorithms. This model also shows no significant signs of overfitting, as indicated by the training data accuracy of
0.8890 with only a 0.0190 difference from the testing data accuracy. Although its computational time is not the
shortest, 345.91 seconds 1s considered relatively efficient given the model’s strong performance. The next step 1s
to apply this model to the inference image (March 23, 2024), which can be seen in Figure 2.
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Figure 2. Mapping oil spills with the XGBoost model.

It can be clearly seen that the classification results are overestimated when compared to the visualization of
oil spills using the adaptive thresholding method in Figure 1b. This is because the frequency distribution of each
label in the data used for training and testing is almost the same. Meanwhile, in the inference image, the frequency
of class 1 (oil) is much less than the other two classes. Therefore, it is necessary to re-model with new data, so
that the evaluation results of each algorithm model with new data can be obtained in Table 2.

Table 2. Evaluation results of each algorithm with new data

Algorithm Measure Evaluation Computational
Accuracy Precision Recall F1-Score Time (s)

SVM 0.9289 0.9730 0.9289  0.9473 4042.38

KNN 0.9765 0.9723 0.9765 0.9732 112.65

GMM 0.9678 0.9526 0.9678  0.9602 29.94

GNB 0.9668 0.9711 0.9668  0.9688 1.16

LDA 0.5437 0.3634 0.5437  0.4015 1.87

RF 0.9764 0.9720 0.9764  0.9732 5905.24

XGBoost  0.9772 0.9733 0.9772 0.9739 737.12

CNN 0.9762 0.9720 0.9762  0.9709 8738.16

LSTM 0.9771 0.9731 0.9771 0.9737 21563.83

It can be seen that the XGBoost algorithm has the best evaluation results when compared to other
algorithms. This model also shows no signs of significant overfitting. This can be seen from the accuracy value in
the training data of 0.9798 with a difference of 0.0026 from the accuracy value in the testing data. The evaluation

results for each data set can also be seen in the confusion matrix in Figure 3.
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Figure 3. Confusion matrix with new data. (a) Training data. (b) Testing data. (c) Inference data.

Ol Spill Detection and Verification in Nothern Bintan (Brigitta Aurelia Putri Suhendi)



560 O E-ISSN : 2580-5754; P-ISSN : 2580-569X

Based on the confusion matrix above, it can be seen that the model is still not good enough 1n classifying
class 1 (oil). This may be because the model cannot learn class 1 as much as other classes due to significant
frequency differences. Therefore, model optimization needs to be carried out by reducing the VH variable, based
on its lack of ability to detect oil. In addition, data imbalance was handled using SMOTE, which was 4 times
greater in class 1 (o1l). This was followed by hyperparameter tuning and searching for the optimal threshold value.
The best threshold obtained was 0.4108, and the model evaluation results can be seen in Table 3.

Table 3. The results of evaluating each algorithm with new data in each dataset
Data Measure Evaluation
Accuracy Precision Accuracy F1-Score
Training  0.9701 0.9681 0.9701 0.9689
Testing 0.9690 0.9666 0.9690 0.9676
Inference  0.9796 0.9798 0.9796 0.9796

In general, it can be seen from the evaluation results in each data set that the model 1s quite good at
classifying pixels into each class. In addition, there is no indication of overfitting, as seen from the training data
accuracy value of 0.9701 with a difference of 0.0011 from the test data accuracy value. Furthermore, the results
of the model evaluation after optimization on each data and class can be seen in Figure 4 and Table 4. In addition,
Table 4 also includes the standard deviation values obtained from cross-validation to strengthen the analysis of
the model’s performance stability. In creating this model, the author gave more consideration to the evaluation
results on the inference data while still paying attention to the evaluation results of the training and testing data.

Confusion Matrix [Training] - Improved XGBoost Model Confusion Matrix [Testing] - Improved XGBoost Model
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Figure 4. Confusion matrix after optimization. (a) Training data. (b) Testing data. (c) Inference data.

Table 4. Evaluation results of each algorithm after optimization
Class Data Measure Evaluation |
(Label) Accuracy Precision Recall Fl-Score

Training  0.9718 0.9702 0.9778  0.9740

1 Testing 0.9707 0.9682 0.9775  0.9729

Inference  0.9821 0.9765 0.9883 0.9823

Training  0.9791 0.4739 0.3508  0.4032

2 Testing 0.9833 0.4297 0.3039  0.3560

Inference  (.9822 0.5000 0.5017  0.5008

Training  0.9773 0.9824 0.9817  0.9821

3 Testing 0.9842 0.9831 0.9812  0.9822

Inference  0.9810 0.9954 0.9823  0.9888
Based on Figure 4 and Table 4, it can be seen that the model is quite good at classifying pixels into class 1
(o1l), although not as good as the other two classes, especially in the training and testing data. This can be seen in
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the inference data, where the model performs reasonably well in classifying pixels into class 1 (oil), as shown in
Figure 4c, where the majority of actual oil data has been classified into the correct class. This is in line with the
author's objective, which 1s to focus more on the evaluation results in the inference data. The cross-validation
results show a mean precision of 0.8532 + 0.0415, indicating that the model achieves a fairly consistent
performance across folds. The relatively low standard deviation (std = 0.0415) suggests that the model has good
stability and generalizes well to data with similar characteristics. However, this model 1s more suitable for use in
the same or similar geographical locations, as variations in environmental and oceanographic conditions can affect
the distribution and characteristics of pixel values in Sentinel-1 images. Factors such as sea surface roughness,
wind speed, water turbidity, and seasonal conditions can vary from region to region and can alter the backscatter
response, meaning that patterns observed in one area may not necessarily apply in another. Furthermore, the
analysis continued with mapping of oil spills on the inference image, as shown in Figure 5, which shows similar
results to the adaptive thresholding method in Figure 1b.

Figure 5. Mapping of oil spills with XGBoost after optimization

Next, to determine coastal areas vulnerable to oil spills, the model was applied to additional inference images,
as shown in Figure 6. The image shows several areas affected by oil spills, which can help identify potentially risky
areas.

(© (d
Figure 6. Mapping of oil spills on additional inference images. (a) March 29, 2024. (b) March 12, 2025. (c)
March 18, 2025. (d) March 30, 2025.

3.2 lLook-alike Identification

The next step is to reconfirm the areas that have been detected as oil spills through the process of identifying
look-alike oil spills. Before identifying look-alike oil spills, it is necessary to divide the oil spill areas in the waters,
coastal areas, and land areas into several polygons so that the analysis can be carried out more accurately. On
March 23, 2024, there were five oil spill polygons in coastal, marine, and land areas. Then, on March 29, 2024,
there were three oil spill polygons in coastal and marine areas. Finally, on March 12, 2025, there was only one
oil spill polygon in coastal and marine areas. On March 18, 2025, there were 2 oil spill polygons, both in coastal
and marine areas and on land. Then on March 30, 2025, there were 6 oil spill polygons in coastal and marine
areas, and 5 polygons on land. After that, the process of identifying look-alikes in water and coastal areas can be
continued using sea surface temperature (NOAA), wind (ECMWTF), and rainfall (UCSB/CHG) data. The results
show that almost all areas detected as o1l spills in the five inference images are actual oil spills, except for the oil
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spill in the coastal and water areas on March 18, 2025, which is a look-alike oil spill object. This is because 1t
rained on the date and location of the oil spill.

Next, the analysis can be continued by identifying the suitability of conditions on land through visual
observation using Google Street View. This process is carried out by reviewing locations that were previously
detected as ol spill areas in the classification results, particularly in land areas that are accessible and have street
view imagery available, so that the actual surface conditions can be verified visually. The results show that all areas
detected as oil spills in the middle of the land are look-alike o1l spill objects, with details of the objects being Lagoi
Bay Lake, Bintan Resort Cakrawala Reservoir, granite mines, water reservoirs, and Kawal Bintan Reservoir.
These objects were also detected as oil spills because the calm water areas in the middle of the mainland also
have low backscatter, similar to oil spills.

3.3 Area Calculation
The research stages can be continued by calculating the area of the oil spill and look-alike areas, as detailed
in Table 5.
Table 5. Results of calculating the area of oil spills and look-alikes

Date Object ‘?::2 ) Size Nearest Location
23 March Oil suill 5400941 Trikora Beach, Bakau Terang Beach, Club Med Bintan Island,
2024 1spr 0y Treasure Bay Bintan, TRC Bintan Resort, Sakerah Beach.
Ol spill 1.333.045 Lagoi Bay Lake, Bintan Resort Cakrawala Reservoir, Granite Mine,
look-alikes OOV \Water Reservorr, Kawal Bintan Dam.
;zzl\farch Oil spill 414,982 Bintan Brzee Beach, Roka Resort, Club Med Island.
;ézl\;larch Oil spill 6.174 Bakau Terang Beach.
18 March Ol spill 116.396 Kawal Bintan Reservoir, Tanjung Berakit Beach, Bintan Resort
2025 look-alikes o Cakrawala Reservoir, Sakerah Beach.
30 March Trikora Beach, Bintan Exotica Resort by Waringin Hospitality,
2025 Oil spill 889,497  Bintan Brzee Beach, Roka Resort, Treasure Bay Bintan, TRC Bintan

Resort, Hamid Beach.

It can be seen that there are several coastal areas where oil spills are frequently found, such as Bakau Terang
Beach, Club Med Bintan Island, Trikora Beach, Roka Resort, Bintan Brzee Beach, Treasure Bay Bintan, and
TRC Bintan Resort. Therefore, these coastal areas should be noted by the government and local communities
as coastal areas that are prone to oil spills, in order to increase preparedness in dealing with oil spill problems
that are routinely found every year. These findings also highlight the potential environmental risks to local
ecosystems such as mangroves and coral reefs, which serve as important habitats for marine life. The spatial
identification of these vulnerable areas can assist local authorities in prioritizing response actions, strengthening
monitoring systems, and formulating preventive policies to mitigate recurring oil spill incidents.

4. CONCLUSION

Based on the research results, it can be concluded that the best model for oil spill detection in the northern
waters of Bintan Island is the XGBoost algorithm after optimization with the highest evaluation results in terms
of accuracy and recall. In addition, further analysis is needed so that the detection results can be more accurate
using additional data to 1dentify look-alike o1l spills. As a result, seven locations were 1dentified as areas prone to
oil spills and five locations were identified as areas prone to look-alike oil spills. This model can also be applied
to detect daily oil spills using radar images in the northern part of Bintan Island at times other than those used in
this study.

Furthermore, the Ministry of Environment and Forestry (KLLHK), particularly through the Directorate
General of Pollution and Environmental Damage Control (PPKPL), can utilize the daily oil spill detection model
developed in this study as an effort to monitor and control coastal and marine pollution. In addition, the
mformation on coastal areas identified as vulnerable to oil spills can serve as a basis for decision-making in
managing and mitigating environmental damage in marine areas.

In addition, this study has limitations in identifying relevant variables in creating an oil spill detection model,
particularly when using radar imagery. This is because the majority of previous studies have used optical imagery.
For future research, it is hoped that other more relevant variables can be found in line with scientific
developments and that comparisons can be made between detection results using radar and optical imagery.
Overall, this study provides a methodological contribution by integrating texture analysis, adaptive thresholding,
and the XGBoost algorithm for Sentinel-1-based o1l spill detection, while also offering new regional insights into
oil spill vulnerability in the northern waters of Bintan Island.
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