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Abstract - Oil spills impact natural and built environments, people and communities, food chain, and wildlife, and the road to full
recovery is often long and costly to businesses, contractors, communities, and local governments. Existing oil spill detection methods
including in-situ measurements and remote sensing primarily depend on involving skilled personnel in data collection, processing, and
analysis, which could be expensive, slow, and subjective (influenced by prior experience, and judgment of problem parameters or solution
space). In addition, oil pipelines and platforms can be located in remote and harsh areas, making it difficult and even hazardous for
engineers to conduct timely inspections. Applying artificial intelligence (Al) can streamline this process and create more objective
measures of oil spill and leakage detection. In this research, deep learning models, namely VGG-16 and mask R-CNN (mask region-
based convolutional neural network) are employed to identify and locate oil spills. These models represent state-of-the-art object
recognition algorithms in computer vision. Red-green-blue (RGB) training images are collected using semi-supervised learning (i.e.,
keyword search) from the web. This initial visual dataset consists of a diverse set of photos taken by unmanned aerial vehicles (UAVS)
or first-person cameras from previous oil spill accidents. The methodology consists of model training and validation, image classification,
object detection, and semantic segmentation. The VGG16 model is used for image classification (to predict the existence of oil spill in
an image) and yields an accuracy of ~93%. The mask R-CNN model is used for instance segmentation (to detect oil spills and marking
their boundaries at pixel-level) and yields average precision and recall of 61% and 70%, respectively. Results can create opportunities
for advancing the current practice of integrating Al and data analytics into downstream and upstream operations in the oil and gas
industry, as well as enabling non-intrusive techniques for detection of environmental pollutants.
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1. Introduction

Recent advancements in data sensing and artificial intelligence (Al) have created new opportunities to tackle challenging
problems in environmental monitoring such as air, solid waste, and wastewater pollution [1]. In the area of air pollution, past
work has developed artificial neural networks (ANNS) to predict daily or hourly values of critical pollutants such as nitrogen
dioxide (NOy), carbon monoxide (CO), and Ozone (Os) in the atmosphere [2]. In solid waste management, researchers have
investigated waste generation and waste composition generation, and for instance, proposed Al algorithms based on support
vector machine (SVM), k-nearest neighbour (KNN), ANN, and adaptive neuro-fuzzy inference system (ANFIS) to forecast
waste generation in Queensland, Australia [3]. Other work includes the use of genetic algorithms to optimize the type of
vehicle and length of waste collection route, and a fuzzy logic to represent customer satisfaction [4]. ANNs and fuzzy logic
models have been also used to predict leachate penetration into groundwater and assess its environmental impacts [5]. In
wastewater and water pollution control, researchers have used Al models to estimate water treatment processes and control
pollutant flows. Multivariate adaptive regression splines (MARS), M5 model tree (M5Tree), and least square support vector
machine (LSSVM) were used to model river water pollution and predict monthly chemical oxygen demand (COD) [6]. In
another study, back propagation neural network models (BPNNs) and radial basis function neural network (RBFNN) were
used to forecast water quality index (WQI) based on variables such as pH, dissolved oxygen (DO), total suspended solids
(TSS), biological oxygen demand (BOD), and COD [7].

Despite previous work, there is still a dearth of research in using Al for monitoring oil spills, as a major source of
environmental pollution. Oil spills can negatively affect plant growth [8] and soil nutrient levels [9], and lead to soil infertility
[10] and contamination [11]. With increasing global oil consumption [12, 13] especially in the developing world, oil pollution
is also expected to be on the rise [14]. Traditional in-situ methods of detecting oil pollution such as pressure-point-analysis
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(PPA) [15], acoustic methods [16], vapor sampling [17], and negative pressure wave (NPW) [18] involve large-array
sensor installation and deployment of skilled personnel, making them costly, resource-intensive, and subjective. More
recent techniques that take advantage of satellite remote sensing focus mainly on major oil spills, and rely on data that
cannot be obtained frequently due to user restrictions. Smaller scale oil spills such as those resulting from local offshore
drilling operations or leaking tankers or oil rigs [19] are by far more frequent and underreported [20]. To monitor this
kind of spills, frequent observations of the target area from relatively lower altitudes are needed, which cannot be
achieved by satellite flyovers.

This paper proposes the use of low-cost and easy-to-access unmanned aerial vehicle (UAV) (a.k.a., drone) imagery
and Al models to detect oil spills in smaller-scale offshore pollutions and prevent further damage to the environment.
Recently, drones have been increasingly used in the oil and gas (O&G) industry for various applications [21] such as
monitoring oil and gas air emission [22, 23], pipeline inspection [24, 25, 26], safety management [27], and logistics
[28]. Given the ubiquity of drones and the decreasing technology cost, if drones were to be deployed for oil spill
detection, the process could be conveniently crowdsourced by splitting the data collection and monitoring tasks among
various stakeholders and offshore contractors who operate in a large geographical area. The following sections describe
the scientific methodology to train convolutional neural network (CNN) models on what an oil spill looks like as
described by parameters such as color palette, pixel density, appearance, geometry, and progression pattern. These fully
trained models can then predict the presence and location of oil spills in new footage.

2. Convolutional Neural Networks (CNNs) for Visual Recognition

A CNN architecture contains layers each encapsulating a feature map [29]. The input layer feature map is a 3D
matrix of pixel intensities for various color channels such as RGB [30]. Several types of transformation can be applied
to feature maps, including pooling and filtering [31]. Pooling functions (e.g., average-pooling and max-pooling),
condense multiple cells (i.e., field) of a feature map into one, and gradually generate more vigorous feature descriptions
[32]. Filtering (i.e., convolution) function, on the other hand, convolutes a filter matrix (learned weights) with the values
of areceptive field of neurons and takes a nonlinear function to obtain final responses [33]. A feature hierarchy is created
by alternating between pooling and convolution operations. By adding various fully connected (FC) layers with specific
activation functions, this hierarchy is fine-tuned and adapted for various tasks [34].

Obiject recognition in an image can be done in the form of image classification (i.e., determining the mere presence
of an object) or object detection (i.e., determining the location and marking the boundaries of an object) [35]. In order
to train a CNN model for object recognition, large amount of training data and optimal model parameters (a.k.a.,
hyperparameters) are desired [36]. However, the scarcity of annotated data for oil spill and marine object detection poses
a challenge to training high-performing CNN models. A potential solution to this problem is to pre-train the model on
data from another domain, and then retrain the network on the primary domain data. In deep learning (DL), this process
is termed transfer learning [37]. As shown in Table 1, in this research, two pre-trained models are used, i.e., VGG16 and
mask R-CNN (mask region-based CNN), which are trained on ImageNet and COCO datasets, respectively. VGG16 is
used for image classification (i.e., predicting the existence of oil spill) while mask R-CNN is used for object detection
(i.e., detecting the location of oil spill) and semantic segmentation (i.e., marking the oil spills at pixel-level).

Table 1: Overview of deep learning models used in this study.

Model Network Structure Pre-trained Dataset | Application
VGG16 [30] 16 Convolutional Layers | ImageNet [38] Image classification
Mask R-CNN [39] | Resnet-50 [40] COCO [41] Instance segmentation

2.1. Oil Spill Image Classification
For image classification, a well-established DL network, called VGG16 [30], is adopted and fine-tuned (by transfer
learning). This network takes an RGB image as input, generates intermediate features through convolution and max-
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pooling operations, passes the features to the FC layers, and outputs the probabilities of the image belonging to either of the
two classes of “spill” or “no spill.” As shown in Figure 1, the model is comprised of one input, 18 intermediate, two FC, and
one output layers. The intermediate layers consist of a series of convolutional and max-pooling operations with 14,714,688
pre-trained weights. The last of these layers is connected to a flattened layer including 8,192 nodes, which is fully connected
to the next layer of 256 nodes. In this layer, a dropout operation is performed with 50% probability, i.e., during each training
iteration, 50% of the nodes are randomly excluded from weight updating. Together, the two FC layers contain 2,097,408
(i.e., 8,192 multiplied by 256) weights. The training process consists of two steps. First, the model learns how to classify
new images using filters from the pre-trained dataset (i.e., ImageNet). Here, only the weights of the FC layers are updated,
and the weights of the intermediate layers remain unchanged (i.e., frozen). Next, fine-tuning is performed during which all
previously frozen layers adapt to the domain data [42]. In this step, the model is fed with training data, and the weights of
the last three convolutional layers and two FC layers are updated again. Hyperparameters (humber of epochs: 30, batch size:
20, and learning rate: 10#) are selected empirically, and the trained model is validated using the validation set.
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Fig. 1: VGG16 architecture for image classification.

2.2. Oil Spill Instance Segmentation
Instance segmentation comprises of detecting and segmenting objects in an image (i.e., semantic segmentation). The

mask R-CNN algorithm [39] is used in this research for pixel-level instance segmentation. As illustrated in Figure 3, mask
R-CNN uses a layer, called region of interest (Rol) align, that implements bilinear interpolation [43] to compute the precise
values of the input features at four sampling locations in each Rol bin. This layer preserves the pixel-level spatial

correspondence, thus enhancing mask accuracy [34].

Fig. 2: Mask R-CNN architecture for instance segmentation.

Eqg. (1) calculates the total loss of the mask R-CNN model as the sum of three individual losses, namely the classification
loss (L.), the bounding box regression loss (L), and the mask loss (L,;,) [34]. EQ. (2) denotes the classification loss, in
which, p; is the predicted probability of anchor i being an object, and p; is the ground truth anchor label. The bounding box
regression loss function is shown in Eq. (3), in which t; is the predicted parametrized coordinate, and A is a balancing value
used so that L. and L, are assigned approximately the same weight. The mask loss is defined as the average binary cross-
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entropy loss, as shown in Eq. (4), in which, y;; represents a cell (i, j) that belongs to the ground truth mask for the region
of size mxm, and 37{‘1 is the predicted value of the same cell in the mask learned for the ground truth class k.
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3. Data Preparation

To create an image dataset in this research, relevant images are retrieved from Google using web mining using
keywords such as “oil spill”, “ocean aerial imagery”, and “sea aerial view”. Next, a web-based labeling toolbox is used
for image labeling and annotation. The generated in-house dataset, named Nafta 2019, has 1,292 images that are used
to train, validate, and test the CNN models. One half of these images contains oil spills and the other half does not
contain oil spills. To test model robustness, different viewpoints are considered; 16% of the images are taken at high
altitude (i.e., satellite), 14% are from first-person view, and the remaining 70% are captured at low altitude (i.e., drone).
Each image is segmented by marking the boundaries of oil spills. In total, 1,431 instances of oil spills are marked.
Segmentation is done at pixel-level to extract information such as shape, size, and the local position.

4. Results and Discussion
4.1. VGG16 Model for Image Classification

The performance of the VGG16 model in classifying images based on the presence of oil spills is calculated using
precision, accuracy, and recall metrics [44]. Accuracy is defined as the ratio of number of images that are correctly
classified to the total number of images, and is calculated by Eq. (5), in which true positive (TP) and true negative (TN)
are to the number of correctly predicted values. TP indicates positive predictions that are correct, while TN indicates
negative predictions that are correct. false positive (FP) and false negative (FN), on the other hand, are to the number of
incorrectly predicted values. FP indicates positive predictions that are incorrect, while FN indicates negative predictions
that are incorrect. The denominator of Eq. (5), therefore, is the total number of all predictions made by the model.
Knowing TP, TN, FP, and FN, precision and recall values can be calculated by Egs. (6) and (7).

| ~ TP + TN )
CeUracy = TP ¥ TN+ FP + FN
Precision TP (6)
recision = TP+FP
pocal = TP 7
et = TP Y FN

Overall, the model achieves an accuracy of %92.77 and a test loss of %23.71. The outcome of classification in the
form of a confusion matrix is shown in Figure 3, which indicates that in 83 test images, oil spill is classified correctly,
while in only 1 test image it is classified incorrectly (i.e., the model predicts an oil spill when there is no oil spill).
Similarly, in 90 of the test images, the absence of oil spill is classified correctly, while in 10 test images this is classified
incorrectly (i.e. the model predicts that the image does not contain an oil spill when there is an oil spill).
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Fig. 3: Confusion matrix for oil spill classification.

4.2. Mask R-CNN Model for Instance Segmentation

In the mask R-CNN model, features are extracted from four feature maps of the Resnet-50 architecture. Each layer
reduces the size of the feature map by half and doubles the number of feature maps. To generate final feature maps (P2, P3,
P4, and P5), the top-bottom pathway approach is used, which starts from the smallest feature map and performs upscaling to
get to the largest one. Then, by performing max-pooling on P5, the last feature map (P6) is generated. As shown in Figure 4,
these feature maps are then passed through a 3x3 convolution layer and the output is passed through two branches, for
bounding box and object class prediction. To evaluate the performance of this model, each test image is assessed at pixel-
level using precision and recall, as well as intersection over union (loU), F-1 score, and dice coefficient (DC) [45]. Results
show that the average precision, recall, loU, F-1 score, and DC for all the images are 61%, 70%, 48%, 60%, and 60%,
respectively. Table 2 summarizes measures of central tendency and variability of all evaluation metrics calculated for the
test images at pixel-level.
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Fig. 4: Process of bounding box and object class prediction by mask R-CNN model.

Table 2: Measures of central tendency and variability for the testing set images at pixel level.

Metric Max Min 15t Quartile Median 3" Quartile Mean SD
Precision 0.99 0.00 0.35 0.68 0.86 0.61 0.30
Recall 0.97 0.00 0.54 0.79 0.89 0.70 0.26
loU 0.92 0.00 0.22 0.48 0.73 0.48 0.28
F1 0.96 0.00 0.37 0.65 0.84 0.60 0.27
DC 0.96 0.00 0.37 0.65 0.84 0.60 0.27
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Figure 5 illustrates examples of ground truth and predictions made by the mask R-CNN model. Since the model
predicts each mask independent from predictions in the neighbouring areas, for a given test image, generated masks may
be fragmented (i.e., separated from each other). As such, post-processing is performed to connect individual masks prior
to measuring model performance. Figure 6 shows examples of how detected masks are merged to create a single mask.

Fig. 6: Examples of merging separate masks (left) into one single mask (right).

5. Summary and Conclusion

Timely and accurate detection of oil spills can help authorities take proper actions immediately and effectively, thus
minimizing cascading damages. Most existing oil spill detection techniques have elements of in-situ measurements or
remote sensing, which require the involvement of skilled personnel in data collection and analysis, rendering them
expensive, slow, and subjective. In some cases, the location of oil spill is an impediment due to being remote or
hazardous, thus preventing physical access for proper inspection. In this paper, two DL models (VGG16 and mask R-
CNN) were used to identify and localize oil spills in aerial imagery. The VGG16 model was used for classification and
yielded an accuracy of ~93%. The mask R-CCN model was used for instance segmentation and yielded average precision
and recall of 61% and 70%, respectively. An in-house image dataset was created through web mining of publicly
available photos of previous oil spill incidents, and used to train, validate, and test the developed models. This dataset
contained 1,292 images taken from high altitude (i.e., satellite), first-person view, and low-altitude (i.e., drone), and
comprised an equal number of images with and without instances of oil spill. Model development was performed on
Texas A&M University High Performance Research Computing (HPRC) clusters. To minimize the implementation cost
and increase the likelihood of technology adoption by the O&G industry, this research used red-green-blue (RGB)
imagery as input since consumer-grade drones are already equipped with RGB camera. With some modifications, the
same method can be applied to other input types (e.g., infrared or thermal imagery).
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