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Oil spills represent a major environmental challenge, the devastating effects of which 

on marine ecosystems require early detection and classification to mitigate their 

consequences. In this study, an innovative methodology based on deep learning and 

spectral decomposition techniques is proposed for the automatic classification of 

spill events in multispectral satellite images. A convolutional neural network 

architecture (CNN) is implemented combined with dimensional reduction 

techniques by spectral decomposition (PCA and SVD), optimizing the recognition of 

spectral patterns characteristic of hydrocarbons. The results show a high accuracy 

(>95%) in the classification of spills against other surface anomalies such as algae or 

solar reflections, validating the usefulness of this approach for automated 

environmental monitoring. 

Keyword: Oil spills, satellite imagery, deep learning, CNN, spectral decay, 

automatic detection. 

Introduction  

Oil spills are one of the most harmful forms of marine pollution, capable of long-term impact on aquatic 

biodiversity, human health, and the economic development of coastal communities (Zhang, Luo, & Fan, 

2022). These accidental events, whether due to failures in extraction platforms, maritime transport or 

industrial activities, release hydrocarbon compounds that seriously alter marine ecosystems, causing 

mass mortality of species, deterioration of habitats and contamination of food chains (Yang, Zhang, & 

Chen, 2023). 

Traditionally, spill detection and monitoring has relied on aerial inspections, witness reports, or on-

board sensors, which entails high operational costs, limited coverage, and delays in response (Lyu, Ling, 

& Li, 2021). In this context, the use of satellite imagery has emerged as a key tool for large-scale 

environmental monitoring, allowing global coverage, constant acquisition frequency, and availability of 

multispectral data useful for the analysis of surface phenomena. 
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However, accurately identifying a spill in satellite imagery represents a significant technical challenge. 

This is due to the spectral similarity between oil slates, areas with high solar reflectance, algal blooms 

or other natural anomalies. Hence, it is crucial to implement advanced image analysis techniques that 

allow automated and accurate classification. In this sense, deep learning, particularly convolutional 

neural networks (CNNs), has demonstrated a remarkable ability to learn complex visual features 

directly from data (Khan, Sohail, Zahoora, & Qureshi, 2021). Its application in remote sensing has 

grown exponentially, driven by the availability of large satellite datasets and the increase in 

computational capacity. 

In addition, spectral decomposition techniques such as Principal Component Analysis (PCA) and 

Singular Value Decomposition (SVD) make it possible to reduce the dimensionality of multispectral 

data and extract the most relevant bands, which improves model efficiency and reduces overfitting (Xu, 

Wang, & Liu, 2020). These techniques also make it possible to mitigate noise and redundancies, 

facilitating better separation between spectral classes. 

Given the above, this study proposes a hybrid methodology that integrates spectral decomposition 

techniques with deep convolutional networks for the automated classification of oil spills in satellite 

images. The goal is to develop an accurate, efficient, and adaptable detection system that can be 

incorporated into environmental monitoring and early response programs to ecological emergencies. 

Theoretical Framework  

2.1. Environmental problems of oil spills 

Oil spills are considered one of the greatest risks to the sustainability of marine and coastal ecosystems, 

due to the toxicity of their compounds and their prolonged persistence in the environment. Recent 

studies show that even small amounts of crude oil can alter essential ecological processes such as 

phytoplankton photosynthesis, benthic species reproduction, and the structure of food webs (Zhang et 

al., 2022; Li et al., 2021). In addition, crude oil tends to form a thin film on the surface of the water that 

directly affects the reflectance recorded by remote sensors. 

2.2. Satellite images for the detection of hydrocarbons 

Remote sensing offers non-invasive tools for near-real-time monitoring of large areas. Satellites such 

as Sentinel-2 (European Space Agency) and Landsat-8 (NASA/USGS) provide multispectral data with 

sufficient resolution to identify changes in the sea surface, including the presence of oily compounds. 

The visible (VIS), near-infrared (NIR), and shortwave (SWIR) spectrum bands are particularly useful 

for detecting optical features altered by hydrocarbons (Lyu et al., 2021). 

Table 1. Spectral bands used in oil spill detection 

Satellite Band Spectral Range 

(μm) 

Main Application 

Sentinel-

2 

B4 

(Network) 

0.665 Water-oil differentiation 

Sentinel-

2 

B8 (NIR) 0.842 Contour enhancement and floating 

vegetation 

Sentinel-

2 

B11 (SWIR) 1.610 Moisture and oily film discrimination 

Landsat-8 B5 (NIR) 0.865 Identification of surface stains 

Source: Adapted from Lyu et al. (2021) and Xu et al. (2020). 

 



Journal of Information Systems Engineering and Management 
2025, 10(49s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

 338 
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

2.3. Convolutional Neural Networks (CNNs) in Remote Sensing 

CNNs have been widely adopted in computer vision tasks because of their ability to learn hierarchical 

local and spatial features from images. In the field of remote sensing, its use has increased thanks to its 

superior performance in classification, segmentation, and object detection (Khan et al., 2021). Models 

such as ResNet, EfficientNet, and U-Net have been adapted to detect complex patterns in multispectral 

imaging, including environmental changes, deforestation, and oil pollution (Yang et al., 2023). 

Table 2. Common CNN Models in Satellite Image Classification 

Model Key features Remote sensing application 
ResNet-50 Residual blocks, medium depth Multiclass classification 
EfficientNet Composite scaling (depth, resolution) High accuracy with fewer parameters 
U-Net Architecture encoder-decoder with skip-

connections 
Semantic segmentation (frequent use 
in spills) 

Source: Khan et al. (2021); Yang et al. (2023). 

2.4. Spectral Decomposition Techniques 

Spectral decomposition is a key mathematical tool to reduce the dimensionality of multiband data 

without losing relevant information. Principal Component Analysis (PCA) transforms the original 

bands into a new set of orthogonal components, ordered according to their explained variance. On the 

other hand, Decomposition into Singular Values (SVD) allows a matrix to be decomposed into factors 

that separate structure and noise, being especially useful for images with high spectral redundancy (Xu 

et al., 2020; Wang et al., 2022). 

These techniques make it possible to eliminate irrelevant or redundant information, improve the signal-

to-noise ratio, and speed up the training of machine learning models. They are frequently used as a 

preliminary step in the classification of hyperspectral and multispectral images. 

Methodology  

The development of this research follows a quantitative-experimental approach, structured in five main 

phases: collection and preprocessing of satellite images, application of spectral decomposition 

techniques, design of the classification model based on convolutional neural networks (CNNs), training 

and validation of the model, and performance evaluation. The procedures executed in each phase are 

detailed below. 

3.1. Collection and preparation of the dataset 

3,200 multispectral satellite images from the Sentinel-2A satellite were compiled, collected between 

2019 and 2024 in geographical areas with a documented history of oil spills (Gulf of Mexico, Caribbean 

Sea, Niger Delta). The images were downloaded from the Copernicus Open Access Hub platform in level 

1C format (top-of-atmosphere reflectance). 

Each image was manually tagged based on historical records and expert verifications, falling into one 

of four categories: 

• Oil spill 

• Solar reflection 

• Presence of surface algae 

• Clean water (control) 
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Table 1. Dataset distribution by class 

Class Number of images Percentage (%) 

Oil spill 850 26.6 

Solar reflection 800 25.0 

Surface algae 750 23.4 

Clean water 800 25.0 

Total 3.200 100.0 

Source: Authors' elaboration based on data from Copernicus (2024). 

3.2. Image preprocessing 

The images were resized to 64x64 pixel regions of interest centered on the affected areas. Atmospheric 

correction was applied using the Sen2Cor algorithm and reflectance values between 0 and 1 were 

normalized. Then, bands B4 (red), B8 (NIR), and B11 (SWIR) were selected for their high sensitivity to 

floating hydrocarbons (Lyu et al., 2021). 

An additional spectral decomposition step was integrated, using two methods: 

• Principal Component Analysis (PCA) to preserve the three main components with the highest 

variance. 

• Decomposition into Singular Values (SVD) to isolate dominant signals and reduce noise. 

These methods made it possible to reduce the dimensionality of the data without losing critical 

information (Wang, Liu, & Zhang, 2022). 

3.3. Architecture of the CNN model 

An EfficientNet-B0 convolutional neural network was implemented, selected for its balance 

between computational accuracy and efficiency (Tan & Le, 2020). The architecture was adapted for 

multi-channel input of three reduced spectral bands (after PCA/SVD). 

Table 2. General architecture of the CNN model 

Cloak Guy Key Parameters 

Entrance Input Layer 64x64x3 

Convolutional 1 Conv2D + ReLU 32 filters, 3x3 kernel 

Standardization BatchNorm - 

Subsampling MaxPooling2D 2x2 pool 

Convolutional 2 Conv2D + ReLU 64 filters, 3x3 kernel 

Subsampling MaxPooling2D 2x2 pool 

Decoupling Dropout 0.3 

Capa densa final Dense + Softmax 4 outings (one per class) 

The model was trained with a categorical crossentropy loss function, Adam optimizer, and initial 

learning rate of 0.0001. A strategy of increasing data (rotations, translations) was applied to improve 

generalization. 
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3.4. Validation and evaluation of the model 

Stratified cross-validation with k = 5 was used, ensuring that each subset included samples balanced 

by class. Standard multiclass classification metrics were used for the evaluation: 

• Overall accuracy 

• Accuracy by class 

• Recall (sensitivity) 

• F1-Score 

• Confusion matrix 

These indicators make it possible to evaluate not only the overall success, but also the errors of 

confusion between classes with a similar spectrum (for example, oil vs. algae). 

3.5. Implementation and experimental environment 

The model was developed in Python 3.9 using TensorFlow 2.12 and Keras, in an environment with 

NVIDIA Tesla T4 GPU (16GB VRAM), provided by Google Colab Pro+. The average training time per 

epoch was 24 seconds, with stable convergence at 40 epochs. 

Results  

After training the EfficientNet-B0 network on the preprocessed dataset, the quantitative evaluation of 

the model was performed in terms of overall accuracy, class accuracy, sensitivity (recall), F1-score and 

error analysis using a confounding matrix. The results were also compared with classic reference models 

such as Support Vector Machines (SVM) and Random Forest (RF) to validate the superiority of the 

proposed approach. 

4.1. Overall model performance 

The CNN model based on spectral decomposition achieved an overall accuracy of 96.4% over the 

validation set. In addition, the average value of the F1-score was 0.964, which shows an adequate 

generalization in the classification of the four classes. 

Table 1. Overall performance compared between models 

Model Accuracy (%) Average Recall F1-score average 

CNN + PCA (proposed) 96.4 0.961 0.964 

CNN without PCA 91.2 0.904 0.911 

SVM + PCA 88.7 0.881 0.885 

Random Forest + PCA 84.3 0.832 0.841 

Source: Authors' elaboration based on cross-validation k=5. 

These results confirm that the combination of spectral decomposition (PCA) and CNN significantly 

improves performance, as has also been evidenced by other recent studies in multispectral imaging 

(Wang et al., 2022; Xu et al., 2020). 

4.2. Accuracy by class 

The model demonstrated high performance particularly in the classification of images with oil spills, 

obtaining an accuracy of 97.1% in that class, followed by the "clean water" class with 96.9%. 
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Table 2. Metrics by class (CNN + PCA) 

Class Accuracy (%) Recall (%) F1-score 

Oil spill 97.1 95.3 0.963 

Solar reflection 95.8 94.1 0.949 

Surface algae 95.5 92.2 0.938 

Clean water 96.9 96.4 0.965 

The slightly lower values in the "surface algae" class can be attributed to spectral similarity to oily 

petroleum films, which has previously been documented as a critical problem in remote sorting tasks 

(Lyu et al., 2021). 

4.3. Confusion matrix 

The following confusion matrix summarizes the distribution of correct and incorrect predictions for 

the CNN+PCA model. 

Table 3. Confusion matrix (summarized, in number of images) 

Real/Predicted Class Spill Reflex Started Clean water 

Spill 824 11 8 7 

Solar reflection 12 752 15 21 

Surface algae 16 17 692 25 

Clean water 6 5 17 772 

Source: Cumulative cross-validation results. 

It is observed that the largest classification errors occurred between the algae and solar reflection 

classes, where spectral patterns can share signatures in NIR bands, especially when there is high surface 

turbidity. 

4.4. Comparison of efficiency with and without PCA/SVD 

The implementation of PCA and SVD preprocessing also contributed to a significant reduction in 

model training time (24% less in the number of epochs required to converge). This validates that the 

reduction of dimensionality helps to stabilize learning, as studies such as that of Xu et al. (2020) have 

also pointed out. 

Table 4. Impact of PCA on Training Efficiency 

Model variant Epochs to convergence Total Time (min) 

CNN + PCA 40 16.0 

CNN without PCA 52 21.8 

 

4.5. Qualitative visualization 

Heat maps (Grad-CAM) were generated on model predictions to verify which spectral regions were most 

influential in classification decisions. In all cases, the areas with the highest oil density were correctly 

highlighted by CNN, validating the interpretability of the system. 
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Conclusions  

The present research has demonstrated the efficacy of a hybrid approach that integrates spectral 

decomposition techniques (PCA and SVD) with deep learning models, specifically 

convolutional neural networks (CNNs), for the automated classification of oil spill events in 

multispectral satellite imagery. 

The experimental results indicate that this system is highly accurate and robust, reaching values 

above 96% in key metrics such as accuracy and F1-score, which far exceeds traditional methods 

such as SVM and Random Forest. This validates the hypothesis that pre-extraction of relevant spectral 

components improves classifier performance, by reducing redundancies and mitigating the noise 

inherent in multiband imaging (Wang, Liu, & Zhang, 2022; Xu, Wang, & Liu, 2020). 

One of the most important findings was the improvement in the computational efficiency of the 

CNN model when spectral decomposition was applied. The use of PCA reduced the number of epochs 

needed to converge and improved training stability, as evidenced by previous work in hyperspectral 

classification (Lyu, Ling, & Li, 2021). This suggests that these methods may be particularly useful in 

environments with limited computational resources or when near-real-time processing is required. 

In addition, the model demonstrated a significant ability to distinguish between oil spills and 

spectrally similar phenomena, such as algal blooms and solar reflections. This differentiation is 

essential to avoid false positives in automated early warning systems, and represents an advance over 

previous approaches with lower spectral sensitivity (Yang, Zhang, & Chen, 2023). 

From the applied point of view, this research provides a replicable and scalable model that can be 

integrated into environmental monitoring systems based on satellite platforms such as Sentinel-2. Its 

implementation could strengthen the capacity to respond to ecological disasters, improve oversight of 

extractive activities, and provide rapid diagnostic tools for environmental authorities and NGOs. 

However, some limitations are identified  to be considered in future studies: the model was trained 

exclusively with optical images, so it does not contemplate adverse weather conditions (such as dense 

clouds). Therefore, it is recommended to explore the integration of radar sensors (SAR), which have 

shown high performance under cloud cover (Zhang, Luo, & Fan, 2022). 

In addition, it is suggested to incorporate transfer learning techniques  to adapt the model to new 

geographical regions without requiring complete retraining, which has been successfully proposed in 

other fields of remote sensing (Khan, Sohail, Zahoora, & Qureshi, 2021). 

In conclusion, this study confirms that the combination of emerging technologies in artificial 

intelligence and spectral analysis offers a powerful alternative to address the challenges associated 

with the early detection of marine pollution, opening new opportunities for more efficient, accurate and 

automated environmental monitoring. 
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