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Abstract 

Up-to-date and reliable detection of oil spills is important to protect marine ecosystems and allow fast and 

accurate responses. In this approach, a full deep learning system for automatic oil spill detection and 

classification in aerial RGB images acquired from UAVs is presented. A dual- attention semantic segmentation 

network is selected by the system to improve the feature extraction for images taken in challenging marine 

ecosystems, and also a GAN-based data augmentation approach to reduce the issue of sparsely annotated 

data. With clear differences in appearance, using the proposed method the distinct visually identifiable oil 

types: rainbow, silver, brown, and black oils can all be identified and distinguished. The method also allows 

the generation of segmented spill maps for area and volume estimation. Experiments show that the system 

consistently achieves higher segmentation accuracy than traditional models. It also provides a solution to 

scalable real- time and practical monitoring of marine environments. 

Keywords: Environmental Monitoring, UAV, Dual-Attention Segmentation, GAN-Based Augmentation, Oil 

Spill Detection, Oil Type Classification 

 

1. Introduction 

Fast and precise oil spill detection is essential for 

preserving marine life and minimizing financial 

harm. Spills disturb communities, contaminate 

coastlines, and endanger ecosystems. Ship patrol and 

human visual inspection is slow, expensive and can 

not be trusted with oil spill detection; particularly in 

poor weather conditions or when sight is poor. The 

detection of oil spills through UAV aerial imagery 

with machine intelligence and deep learning is 

possible today. Automatically detecting oil spills 

allows for quick and large scale surveillance of 

remote areas and dangerous environments. As oil 

spills don't happen often, and because they don't 

always happen predictably, obtaining large well 

labeled datasets to develop reliable deep learning 

models may be a challenge. Generating synthetic 

images in the system is made possible by Generative 

Adversarial Networks (GANs). This avoids manual 

labelling in the data generation process and allows 

one to expand the training data and make it more 

diverse. In addition, the dual-attention neural 

networks allow the model to focus more on complex 

features. This helps in the identification and 

classification of oil types more accurately, even in 

difficult situations such as with the shining sun or 

uneven waters. This could be applied in rough, fast, 

and reliable detection and classification of oil spills 

through deep learning, GAN-based data 

augmentation, and UAV imagery, which allows 

better planning and quicker responses to 

environmental issues. [1] 

Motivation:  

 Coastal areas and marine life get destroyed 

due to oil spills. [2] 

 Manual detection is costly, risky and 

somewhat inaccurate.  

 AI systems have better judgment concerning 

oil types and spread detection.  

 Containment should respond in time and 
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real-time detection offers that possibility.  

 The lack of datasets is a key challenge to 

training deep models.  

 GANs can produce realistic synthetic data to 

enhance training. 

 

2. Literature Review 

 

 

Table 1 Literature Review 

Sr. 

No. 
Paper Title Journal Author & Year Methodology 

1 

Oil spill detection and 

classification through deep 

learning and tailored data 

augmentation 

IJAEOG Bui et al., 2024 

Dual-attention segmentation with 

Pix2Pix GAN for multi-class oil 

spill detection. 

2 

A Dual Attention Encoding 

Network Using Gradient 

Profile Loss for Oil Spill 

Detection 

Remote 

Sensing 
Lou et al., 2022 

Dual-attention U-Net 

architecture for binary oil spill 

detection in SAR images. 

3 

Oil Spill Identification based 

on Dual Attention UNet 

Model Using SAR Images 

Research

Gate 

Chen et al., 

2022 

Dual-attention enhanced U-Net 

for improved SAR image 

segmentation. 

4 

Oil Spill Detection and 

Visualization from UAV 

Images using CNNs 

SciTePre

ss 

Grizante et al., 

2022 

Patch-based CNN classification 

with heatmap visualization from 

UAV RGB images. 

5 

Oil Spill Segmentation 

Using Deep Encoder-

Decoder Models 

SciTePre

ss 

Krestenitis et 

al., 2023 

Evaluation of U-Net-based 

encoder-decoder models on SAR 

data. 

6 

BO-DRNet: An Improved 

Deep Learning Model for 

Oil Spill Detection 

Remote 

Sensing 

Wang et al., 

2022 

DeepLabv3+ with polarimetric 

SAR features and Bayesian 

hyperparameter optimization. 

7 

Data Augmentation with 

GAN for Solar Panel 

Segmentation 

Energies 
Jakstas et al., 

2024 

Pix2Pix GAN-based data 

augmentation to improve 

semantic segmentation 

performance. 

8 

Oil Spill Detection Using 

Machine Learning and 

Infrared Images 

Remote 

Sensing 

De Smedt et al., 

2020 

CNN-based detection using 

UAV thermal infrared imagery. 

9 

LADOS: Aerial Imagery 

Dataset for Oil Spill 

Detection 

Remote 

Sensing 

Omoleye et al., 

2025 

Release of a multi-class aerial oil 

spill dataset with baseline 

segmentation results. 

10 

A Deep Learning 

Framework for Real-time 

Oil Spill Detection and 

Classification 

CEUR-

WS.org 

Bhatt et al., 

2024 

YOLOv8-based real-time oil 

spill detection using object 

bounding boxes. 

3. Proposed Methodology 

The proposed approach involves a structured 

workflow for automatic oil spill segmentation using 

deep learning techniques. This begins with acquiring 

of high-resolution images through UAVs or satellite 
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systems for monitoring aquatic regions. These 

images are then simplified by humans to obtain a 

segmentation map, which labels pixels as either an oil 

spill, water, background, or any other area. After that, 

the dataset is preprocessed using techniques that 

involves resizing all the images uniformly to a fixed 

resolution, changing the RGB segmentation maps 

into a single gray-scale class label, and then 

standardizing pixel intensities. The scenarios where 

there is little data, two data augmentation techniques 

are employed together. Conventional techniques 

require image flip and intensity changes, which 

improves the robustness of the system, and a GAN 

technique which involves realistic synthesis of new 

images of an oil spill which will increase dataset 

diversity.The main importance of this dataset is to 

train the Dual Attention Network (DANet)-based 

segmentation model, which focuses on the spatial and 

channel features in order to segment pixels. 

Therefore, the trained segmentation model can 

accurately detect the oil spill areas in the new images. 

3.1 System Overview 

The methodology consists of four major stages: 

 Data Preprocessing and Mask Encoding 

 GAN‑Based Synthetic Data Generation 

 Dual Attention U‑Net Segmentation Model 

 Prediction and Visualization [3] 

First of all, the satellite image data and their 

corresponding masks are preprocessed to have equal 

size and format. Given the fact that the masks have 

an RGB format, each color is then matched to an 

actual class label, such as background, oil spill, water, 

or other areas. The dataset is then upgraded using a 

GAN to add more data to it, all of which will be used 

to train a Dual Attention U-NET model in segmenting 

pixels at their accurate locations. 

3.2 Data Preprocessing 

All the satellite images are processed into a 

standardized size of 256 x 256 pixels resolution for 

consistency in the dataset. The color masks in RGB 

format are transformed into grayscale label maps 

through color coordinates with every color 

representing a different label class. The image 

normalization is carried out using mean values and 

standard deviations of ImageNet statistics to satisfy 

the need of the standard encoder networks in this 

approach. Other augmentation methods like 

horizontal flipping, vertical flipping, and contrast 

adjustment are also performed for enhancing 

generalization. [4] 

3.3 GAN‑Based Data Augmentation 

Due to less accessible high-quality labeled oil spill 

images, a Pix2Pix model using the Generative 

Adversarial Network (GAN) is used for generating 

synthetic satellite images based on their 

corresponding segmentation maps. This GAN model 

has a generator model which is designed for 

generating real oil spill images based on their input 

segmentation maps. The existing dataset will be  

augmented with the saved synthetic images and 

segmentation maps. This will enhance diversity as 

well as the capability for robust feature extraction of 

oil spills in the model. Figure 1 shows DAnet 

Architecture 

 

 
Figure 1 DAnet Architecture 

 

3.4 Dual Attention U‑Net Architecture 

A U-Net model with Dual Attention mechanism is 

used for semantic segmentation. The encoder part 

consists of a CNN that is pre-trained and used for the 

extraction of features from input imagery. At the 

bottleneck layer, there is the Dual Attention module, 

which consists of: 

 Position Attention Module (PAM): This 

module learns the relationships between 

various locations on image in order to 
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capture spatial dependencies over longer 

ranges. 

 Channel Attention Module (CAM): This 

module captures channel-level 

dependencies to highlight semantic 

channels. [5] 

The result of both modules is combined to produce an 

improved feature representation, which is then fed 

into the decoder. The decoder then decodes high-

resolution feature maps, while the segmentation head 

is in charge of the final pixel-wise classification. 

3.5 3.5 Prediction and Visualization 

During the inference process, based on the trained 

model, the segmentation mask is predicted for the 

input satellite image. The predicted segmentation 

mask is then represented in visual form by showing 

oil spill regions overlaying upon the input satellite 

image. The task facilitates easy analysis of output 

values. The approach calculates the number of pixels 

represented by oil spill regions, which may be 

expanded to estimate oil spill area based on pixels in 

the future. [6] 

4. Dataset Description 

The dataset used in this project contains satellite 

images  for oil spill segmentation. It consists of 

optical remote sensing images, along with 

corresponding ground-truth masks providing pixel-

level annotations of different surface types. Each 

image is accompanied by a manually annotated mask 

that provides pixel-level labels required for 

supervised semantic segmentation. [7] 

4.1 Dataset Composition 

The dataset includes satellite images belonging to 

four surface classes: background, oil spill, water, and 

other objects. These classes capture the primary 

visual patterns observed in oil spill scenarios and 

surrounding regions. The ground-truth masks are 

originally provided in RGB format, where each class 

is represented by a distinct color code. During 

preprocessing, these RGB masks are converted into 

grayscale label masks to ensure compatibility with  

deep learning-based segmentation models. 

4.2 Mask Annotation and Color Encoding 

Each pixel in the annotation masks is assigned a 

numerical class label based on predefined RGB color 

values. Below is the color to label mapping used: 

 

Table 2 Class and Label 
Class RGB Color Label 

Background (0, 0, 0) 0 

Oil Spill (255, 0, 124) 1 

Other Regions (255, 204, 51) 2 

Water (51, 221, 255) 3 

 

4.3 Dataset Augmentation Using GAN 

The availability of real oil spill satellite images is 

limited, which poses challenges for training data-

intensive deep learning models. To address this, a 

GAN-based data augmentation strategy is employed. 

A Pix2Pix-style GAN is trained to generate synthetic 

satellite images which uses segmentation masks as 

conditioning inputs. The generated images aim to 

preserve realistic oil spill structures and surrounding 

surface textures. The synthetic image–mask pairs are 

merged with the original data to create an augmented 

training set. This helps reduce class imbalance and 

improves generalization to unseen oil spill cases. 

4.4 Data Split and Preparation 

The segmentation model is trained using the 

augmented dataset. To ensure consistent input 

dimensions, all images and their corresponding 

masks are resized to 256 × 256 pixels . During 

training, simple augmentations such as flipping and 

brightness adjustments are applied to improve 

robustness. Image normalization is performed using 

ImageNet mean and standard deviation values to 

meet the input requirements of the pre-trained 

encoder network. Figure 2 shows Oil Spill Detection 

System Architecture 

 

 
Figure 2 Oil Spill Detection System Architecture 
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5. Model Architecture 

This outlines the deep learning architecture 

implemented for oil spill detection and segmentation. 

The proposed work combines GAN-based data 

augmentation with a U-Net-based segmentation 

model improved by using dual attention mechanisms. 

It enables accurate pixel-level classification of oil 

spill regions. [8] 

6. Implementation Details 

This section explains how the model was built, 

trained, and deployed, along with the tools and 

settings used. 

6.1 Development Environment 

We implemented the approach in Python using the 

PyTorch deep learning framework. The model was 

trained and tested on Google Colab, mainly to take 

advantage of its GPU support and ease of use. 

For deployment, we built a web interface using 

Streamlit. This interface allows users to easily 

interact with the model and perform inference 

through a simple web application. [9] 

6.2 6.2 Training Configuration 

All satellite images and their corresponding masks 

were resized to 256 × 256 pixels to maintain 

consistent input dimensions. The images were 

normalized using ImageNet mean and standard 

deviation values to match the requirements of the pre-

trained encoder. To reduce overfitting, simple data 

augmentation techniques such as horizontal and 

vertical flipping, along with random brightness and 

contrast adjustments, were applied during training. 

The segmentation model was trained using the Cross-

Entropy loss function, which is suitable for multi-

class segmentation tasks. We used the Adam 

optimizer with a learning rate of 1 × 10⁻⁴. Training 

was carried out for 10 epochs, and the model with the 

lowest training loss was saved for inference. 

6.3 Model Inference and Visualization 

During inference, the trained Dual Attention U-Net 

model predicts a segmentation mask for a given 

satellite image. Each pixel in the output mask is 

assigned a class label corresponding to background, 

oil spill, water, or other regions. For better 

visualization, the predicted oil spill regions were 

overlaid on the original image using a red color. In 

addition, the number of pixels classified as oil spill 

was counted to obtain a rough estimate of the affected 

area. 

6.4 Streamlit-Based Deployment 

The trained model was deployed using a Streamlit 

web application for interactive testing and 

demonstration. The interface provides a simple way 

for users to interact with the model and run inference 

through a web application. The application loads the 

trained model weights, preprocesses the input image, 

performs segmentation, and displays the original 

image, predicted mask, and overlay visualization. 

This setup simulates near real-time oil spill detection 

and provides an accessible tool for environmental 

monitoring. [10] 

7. Results and Discussions 

The performance of the proposed oil spill detection 

system was mainly evaluated through qualitative 

analysis of the segmentation results. The Dual 

Attention U-Net model successfully identified oil 

spill regions in satellite images and produced 

meaningful pixel-level segmentation masks. From 

visual inspection, the model was able to distinguish 

oil spill regions from surrounding water and 

background areas. The dual attention mechanism 

helped the model focus on important regions, 

resulting in clearer boundaries, especially in areas 

with similar visual patterns. Compared to a standard 

U-Net, the attention-enhanced model showed fewer 

false detections and better separation of oil spill 

regions. GAN-based data augmentation also 

contributed to improved generalization. The 

synthetic images generated by the GAN preserved 

realistic oil spill structures, which helped the 

segmentation model learn more robust features. From 

the overlay visualizations, the predicted oil spill 

regions closely matched the corresponding ground-

truth masks. Although metrics such as IoU and the 

Dice coefficient are commonly used for segmentation 

evaluation, this work mainly focused on qualitative 

analysis due to dataset limitations. Based on the 

observed outputs, the approach performed well and 

showed potential for practical oil spill monitoring. 

Conclusion 

This project successfully developed a novel, end-to-

end deep learning system for the multi-class 

classification and detection of oil spills using UAV 

aerial imagery. We addressed the critical issues of 

data scarcity and visual ambiguity in marine 
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environments by synergistically deploying a 

Generative Adversarial Network (GAN) for robust 

data augmentation and a Dual-Attention Semantic 

Segmentation Network (DaNet). This approach 

achieved consistently high segmentation accuracy, 

enabling precise pixel-level identification of four 

distinct oil types: rainbow, silver, brown, and black. 

Furthermore, the system provides reliable 

quantitative data through the generation of 

segmented spill maps, which are crucial for 

immediate surface area and volume estimation. The 

resultant solution is a scalable, efficient, and robust 

tool that significantly contributes to autonomous 

monitoring and fast, accurate response in 

environmental disaster management. 
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