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Abstract: An oil spill at sea represents a catastrophic environmental event resulting from the release 

of oil into marine ecosystems. These incidents pose substantial risks to marine biodiversity, wildlife 

habitats, and coastal populations, often engendering enduring and widespread repercussions. 

Cleaning up oil spills is costly due to logistical challenges. Accurate measurement of spill character-

istics like volume, thickness, and area of spill is crucial before deploying clean-up crews to optimize 

resource allocation and reduce expenses. The main objective of this research is to use computer vi-

sion to detect oil spills and estimate its thickness, helping in decision-making processes to clean up 

the spill area. The system architecture proposed in this study integrates a drone equipped with a 

camera module to inspect sea areas and capture images. These images are processed using a de-

ployed computer vision segmentation model to detect oil spills and estimate oil thickness. Predicted 

results help in decision-making via a dedicated application by applying predefined criteria to de-

termine the thickness of the spill which further help in taking actions for removal of oil spills. The 

computer vision model developed in this research could detect and estimate oil thickness with mAP 

of 91%. The proposed system in this study uses instance segmentation to detect and segment oil 

spills in drone footage. This computer vision-based approach accurately identifies and outlines oil 

spill areas, aiding in the selection of efficient cleanup strategies. Real-time monitoring and assess-

ment capabilities enable quick decision-making and effective response measures. 
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1. Introduction 

An oil spill in the sea occurs when liquid petroleum (crude oil, refined oil products, 

or by-products) is accidentally released into the marine environment. This can happen 

due to various reasons, including tanker accidents, pipeline leaks, offshore drilling inci-

dents, or operational discharges from ships. 

Following are the causes [1] of oil spill in a sea: 

• Structural failures, groundings, or collisions of oil tankers can lead to massive oil 

spills. 

• Corrosion, maintenance failures, or natural disasters can cause underwater or on-

shore pipelines to rupture, releasing oil into the sea. 

• Ships discharging oily waste or ballast water improperly can cause localized spills. 

• Blowouts or equipment failures during oil extraction can result in large-scale spills. 
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Oil spills have severe environmental impacts, starting with marine life, as oil coats 

the fur and feathers of animals like birds and otters, reducing their insulation and buoy-

ancy, often leading to hypothermia or drowning. Ingested oil is toxic, affecting the diges-

tive and reproductive systems of marine organisms. Entire ecosystems, including coral 

reefs, mangroves, and coastal wetlands, can be devastated by oil spills, disrupting food 

chains and leading to species decline. The spread of oil on water surfaces creates a spill 

that blocks sunlight, disrupting photosynthesis in aquatic plants and phytoplankton, 

which harms fish and other marine life by reducing oxygen levels. Economically, oil spills 

impact industries such as fishing, tourism, and shipping, causing significant financial 

losses and necessitating expensive cleanup efforts. Human health is also at risk, with ex-

posure to oil and its fumes causing respiratory issues, skin irritation, and other health 

problems. The long-term effects of oil spills include persistent environmental contamina-

tion, genetic damage to marine species, and prolonged economic recovery for affected 

communities [2][3]. 

Continuous environmental monitoring of vulnerable marine areas is crucial for the 

early detection of oil spill, enabling rapid response to prevent widespread contamination 

and protect marine ecosystems. This is where the proposed system helps in preventing 

harms in marine ecosystems due to oil spills. The system architecture for oil spill detection 

is illustrated in the Figure 1 below. The system involves a drone equipped with a camera 

module to capture images of sea areas. These images are processed by a deployed model 

to detect oil spill, and the predictions are used by a decision-making app to assess the 

spill’s severity and guide appropriate response actions. 

 

Figure 1. System Architecture. 

2. Related Work 

Research in [4] provides comprehensive analysis of oil spill distribution and its im-

pact on shoreline ecosystems, identifying key hotspots and contamination risks. The study 

demonstrates the value of remote sensing data in monitoring and assessing environmental 

threats in sensitive areas. In [5] authors effectively demonstrate the capability of Sentinel-

1 and 2 sensors, along with advanced image processing methods, to detect, monitor, and 

assess the impact of the Wakashio oil spill on the coastal environment. The research in [6] 

successfully identifies and analyzes oil spills around the Oil Rocks using multi-temporal 

ENVISAT radar images. The study in [7] introduces a deep-learning-based method using 

attention gates in a U-Net architecture to enhance oil spill detection from Sentinel-1 Pol-

SAR satellite images. Authors in [8] introduces an innovative framework for detecting oil 

spills in port environments using UAVs and thermal infrared cameras. By combining au-

tomatic annotation of RGB and IR images with convolutional neural network training, the 
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study achieves an impressive 89% accuracy in real-time oil spill detection. Other past stud-

ies [9][10] provides method for oil spill detection using SAR images. 

In [11] authors developed a framework for detecting oil spills in port environments 

using images from UAVs and thermal infrared cameras, with a focus on nighttime detec-

tion. The framework includes a training phase to create a dataset by matching RGB and 

IR images, followed by testing various CNN architectures. The operational phase involves 

real-time detection with an accuracy of 89%, demonstrated in a controlled experiment in 

Antwerp. Another study in [12] explores the use of near infrared and shortwave infrared 

wavelengths to monitoring oil spills. A physical model was developed for accurate oil 

thickness and volume estimation, and an artificial neural network was used for spill de-

tection. The method was validated in both laboratory and outdoor environments, includ-

ing drone-mounted RGB camera monitoring of oil spills. 

The previous studies demonstrate advancements in oil spill detection using various 

remote sensing technologies, including SAR, Sentinel-1/2, and UAV-mounted thermal 

cameras, with significant improvements in accuracy through deep learning and optical 

reflectance models. These studies highlight the effectiveness of these methods in different 

environments, from offshore areas to port settings, for monitoring and assessing oil spills. 

Our study, focused on instance-based segmentation for detecting oil spills, provides more 

precise identification and segmentation of individual oil spill instances and its class, par-

ticularly in complex environments. This approach can enhance the accuracy and reliability 

of spill detection, enabling better monitoring, targeted cleanup efforts, and reducing false 

positives compared to traditional methods. 

3. Materials & Methods 

Cleaning up an oil spill is a costly and challenging process, largely due to the logisti-

cal difficulties of accessing affected areas. To optimize resources and reduce expenses, it 

is crucial to accurately assess the spill’s characteristics, such as its volume, thickness, and 

extent, before deploying a cleanup crew. This precise measurement allows for better plan-

ning and more efficient use of resources during the cleanup operation. 

Obtaining high resolution aerial images or videos of an oil spill can be analyzed with 

computer vision models to ensure precise measurement of the spill’s dimensions as well 

as its thickness. This data is crucial for experts in selecting the most effective cleanup 

method tailored to the spill’s characteristics. 

For instance, if the oil spill is thin and widely spread, mechanical methods like de-

ploying booms and skimmers may be adequate. However, if the oil spill is thicker or co-

vers a larger area, techniques such as burning or applying chemical dispersants might be 

more suitable. The coloration of an oil spill on water is influenced by multiple factors, 

including reflections at the oil-air and oil-water interfaces, as well as internal processes 

within the oil film itself [13,14]. These phenomena are depicted in Figure 2 [15]. 
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Figure 2. Physics of Oil Spill. 

This study focuses on detecting the thickness of an oil spill using computer vision 

techniques. The estimation of thickness will be derived from the visual characteristics of 

the oil [16] on the water’s surface, particularly the color variations [17–19]. The Figure 3 

[20] below presents an aerial view of the oil spill, highlighting the different color codes 

associated with varying thickness levels. 

 

Figure 3. Sample aerial view of Bonn agreement oil spill thickness codes. 

This project utilizes image segmentation, specifically instance segmentation, to detect 

the thickness of oil. The dataset is labeled using three distinct classes (i.e., “rainbow”, 

“sheen”, “truecolor”) to identify oil spill thickness on water surface. The Figure 4 shows 

how these classes of oil spill can be seen on water surface. The composition of an oil spill 

dataset is summarized in Table 1 representing the different subsets used for training, val-

idating, and testing a machine learning model. 

 
(a) 

 
(b) 

 
(c) 

Figure 4. Dataset (a) Rainbow, (b) Sheen, (c) True Color. 

Table 1. Oil Spill Dataset. 

  Training Validation Testing 

Total 1475 886 295 294 

Rainbow 478 287 96 95 

Sheen 501 301 100 100 

True Color 496 298 99 99 
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The dataset is labeled to classify each of these classes for the instance segmentation 

model. The dataset is labeled using the polygon bounding boxes covering the oil spill area 

in the image as shown in the Figure 5 below. 

 
(a) 

 
(b) 

 
(c) 

Figure 5. Class Labels (a) Rainbow, (b) Sheen, (c) True Color. 

4. Results and Discussion 

The instance segmentation model has been trained using the YOLOv8 pretrained 

Segment models which are trained on COCO dataset [21]. 

Following (in Table 2) are the latest releases of pre-trained YOLOv8 segmentation 

models by Ultralytics [22]. These different models are experimented in this research and 

finally the model trained with YOLOv8m-seg has been selected. This model does not only 

offer accuracy but also latency. 

Table 2. Pretrained YOLOv8 segmentation models. 

Model Size (Pixels) mAP (Box) 50–95 mAP (Mask) 50-95 

YOLOv8n-seg 640 36.7 30.5 

YOLOv8s-seg 640 44.6 36.8 

YOLOv8m-seg 640 49.9 40.8 

YOLOv8l-seg 640 52.3 42.6 

YOLOv8x-seg 640 53.4 43.4 

Training the YOLOv8m-seg model on the custom oil spill dataset, the mAP of 91% 

has been achieved. The following Table 3 illustrates that the trained model performs well 

for both bounding box and mask detection for overall category as well as class wise cate-

gories. 

Table 3. Performance metrics of segmentation model. 

 Box Mask 
 P R mAP50 P R mAP50 

All 0.909 0.952 0.913 0.915 0.935 0.912 

Rainbow 0.986 1 0.995 0.986 1 0.995 

Sheen 0.831 0.874 0.818 0.85 0.821 0.813 

True Color 0.91 0.984 0.927 0.91 0.984 0.929 

The images in Figure 6 below demonstrate that the model performs well on test im-

ages. The model segment each oil spill with good accuracy and can even segment multiple 

classes in the same images. This helps to identify the thickness of oil spill. 
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Figure 6. Oil Spill segmentation on test data (detecting oil thickness level by classifying between 

‘rainbow’, ‘sheen’ and ‘truecolor’ classes). 

The segmentation appears to be reasonably accurate in most areas, capturing the ma-

jority of the oil spills. The images on Figure 6 showcase the results of instance segmenta-

tion applied to detecting oil spills and classifying their thickness levels using the Bonn 

Agreement Oil Appearance Code (BAOAC) [23,24]. The different classes indicate the oil 

spill thickness, which is categorized into types such as “rainbow”, “sheen”, and 

“truecolor”, each representing a specific thickness level based on visual appearance. The 

purple areas with labels such as “rainbow 76%” or “rainbow 60%” depict thin oil films on 

water. The rainbow effect occurs due to light interference on the thin oil layer. The red-

colored regions marked as “sheen 96%” or “sheen 74%” refer to very thin layers of oil that 

appear transparent or with minimal color. The high percentage indicates the model’s con-

fidence in identifying this class. The predicted green areas, such as “truecolor 99%” or 

“truecolor 94%”, represent thicker oil layers where the oil color dominates, typically seen 

in spills where the oil forms a more opaque film. 

The predicted results provide an estimation of the oil spill’s thickness. These segmen-

tations assist in analyzing the distribution of different thickness levels of oil spill across 

the water surface. 

5. Conclusions 

This study contributes significantly to environmental monitoring by leveraging in-

stance-based segmentation for the accurate detection and segmentation of oil spills using 

drone footage. The proposed system integrates advanced computer vision models to esti-

mate oil spill characteristics, such as thickness, which is crucial for effective decision-mak-

ing in cleanup operations. With a mAP of 91%, the model demonstrates its effectiveness 

in real-time monitoring, enabling quick and efficient responses to environmental hazards. 
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Future research could focus on refining the model’s accuracy across varying environmen-

tal conditions and expanding its applicability to detect a broader range of spill types and 

area, thereby enhancing the overall impact of oil spill response efforts. 
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