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1. Introduction
It is undeniable that pollution from oil spills is a crucial issue. Oil spills damage multitudes of
marine ecosystems, with heavy casualties on marine animals. For example, in April 2010, the oil spill from
BP Deepwater Horizon in the Gulf of Mexico killed more than 900 bottlenose dolphins and 500 sea turtles
according to the NWF, National Wildlife Federation of the States [1]. Coral reefs have commonly appeared
during the last decade as a clear case of the butterfly effect from oil spill on the environment [2].
Even if extensive processes to reduce oil spill damage are in progress, marine ecosystems destroyed
by oil spills are not easily and quickly restored. Dispersants, substances that force oil to break down, are
commonly used in oil spill cases [3]. Although it seems that the dispersants are no matter how safe they
appear, the dispersants damages coral reefs whether it is by dispersants themselves or by dispersed oil [3].
Since the health of the coral reef determines the welfare of the ecosystem in the region, unhealthy coral
reefs may lead to other species being impacted [4].
Oil spills are highly unpredictable. While an oil sheen’s location may be seen and reported, an oil
spill’s cumulative effect on wildlife is almost impossible to calculate [5]. Through photo-oxidation, oil
broken down may spread in diverse forms - airborne substances may contaminate the air while remaining
liquid or solid substances may be mixed with marine snow [6]. Oil that has reached shores may sound easy
to discern, but as they spread across coastal marshes recovery efforts may be even more difficult.
Oil broken down by either dispersants or by biological processes acts as a huge issue to the health
of marine flora and fauna. Marine snow is a mixture of broken down food molecules, microplankton, etc.
carried up to the surface by ocean currents [7], and it is a crucial food for numerous sea fauna. However, a
JSTOR article revealed that current marine snow, especially in regions near the oil incidents, are mixed
heavily with oil to the point that they are called marine oil snow [8]. As they are carried up by ocean currents,
contaminated marine snow will constantly threaten marine species. Not only by contamination, oil spills
can threaten the health of marine snow but also by cohesiveness. After April 2010 (BP DeepWater incident),
sea waste and debris stuck together sinking down to the ocean floor was observed [9]. this foreign substance
was produced by phytoplankton [9]. Phytoplankton produce a sticky mucus when in contact with oil or
certain other chemicals. This mucus glues together sea debris and food molecules, hence producing sea
snow [9].
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Figure 1. Image of the Selendang Ayu sinking [10]
Oil spills are not necessarily limited to oil tankers or vehicles related to oil. Unlike most oil spill cases,
the ‘Selendang Ayu’ oil spill occurred not from any vehicle involved in collecting/transporting oil but from
a cargo ship [11]. The Selendang Ayu incident was a disaster that took 6 crew members’ lives and spread
more than 336,000 gallons of oil into nearby shores and ocean, harming the local habitat massively [12].
Even 10 years after the incident, the damage is still prevalent. A local captain (the Coast Guard of Selendang
Ayu) claims that they would be “lucky” if they were able to clean up at most 10 % of the spill [12]. Once
oil is leaked from their containers, they may be in contact with human beings in any way- they might end
up on our tables, inside the fish we eat, inside the water we drink. Worse, burnt oil may sometimes end up
in our respiratory systems, causing immense irrevocable damage [13]. It may also cause mutations in any
species [14]. This is worse, because these oil spills may cause havoc in a distant sea and we could know
nothing about it until it is too late. There are still numerous parts of the natural world that we know nothing
of that may cause immeasurable damage on the world we know. Therefore, Oil spills that take a lot of time
to detect or initiate recovery efforts may cause exponential damage to the ecosystem.
Remote sensing for managing disaster has proved itself effective in the past years. Many remoting
sensing detection devices available in market, but quite expensive, like Slick sleuth provided by
InterOceans [15]. Use of deep learning in disaster management has proved very efficient and accurate. For
example, Zooniverse, collaborating with RescueGlobal, compares before and after images of communities
impacted by earthquakes to track which locations are in dire need of help [16]. Volunteers can easily use it
as it alerts them to the location. In the aftermath of an earthquake in Ecuador in 2016, more than 2,000
Zooniverse volunteers helped to analyze about 25,000 km2 of satellite imagery in just 12 hours [17].
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Figure 2. Image of oil spill damage, Norilsk oil spill [17]

2. Material & Method
2.1 Perceptrons
The perceptron is the most basic format of a deep learning model [18]. A single perceptron has a linear
form made up of weight, bias, and input [18]. A single layer of perceptrons often have different weight
values depending on their contribution to the answer, altered by the optimizer.
However, as our model approaches a complex problem that needs a complex solution (and cannot be
answered by a simple linear equation), there will be multiple layers of many perceptrons used in the model.
Equation= mx+b
m: weight; b: bias; x: input
Formula 1. Equation of a single Perceptron
2.2 Activation functions
Activation functions determine the output of a node based on its input. Hidden activation functions are
used in hidden layers, where only the input and output are known and anything else is unknown. Unlike
other layers, they cannot be ‘seen’ and are altered almost only by the model by learning. There are very
little hyperparameters as human intervention is to the minimum. While hidden activation functions are used
between layers of the neural network, output activation functions are used just before the output is given.
An activation function may not be used at all, when the model is guaranteed that it produces an output value
that is small enough. An activation function, by normalizing output of nodes, reduces the output, and hence
reduces potential output of future layers and computation. Even when the output of a layer is incremented
by a small portion, it could become colossal if there are numerous layers as the value increases exponentially.
Also, larger numbers take up more memory hence increasing time taken to calculate and extract features.
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Considering that there are more than 1,000 image data to handle and that each image (depending on the
resolution) has more than 10,000-pixel data to look at, only a small increase in memory or computation
speed could result in a massive error. For example, the MSE (mean square error) loss function by squaring
the error function. When data handled by MSE becomes too large, it will become more difficult for the
optimizer to adjust values and hence for the model to ‘learn’.

Figure 3. The derivative of both sigmoid and tanh function nears 0 very quickly, making it difficult
to discern two normalized values [19].
2.2.1 Vanishing gradient problem
The Vanishing Gradient problem occurs as the contribution of the weight becomes unknown as they are
normalized. For example, values 100 and 1,000 will have very little difference once they pass the activation
function, as their derivative nears 0 quickly. This makes the loss value very small, contrary to their actual
value (input value). The optimizer is unable to determine how much should be altered to formulate adequate
weight values. Hence, weight values may be altered wrongly.
Similarly, there is the Exploding Gradient problem, which is when (as its name suggests) the value of
gradients (the weight in perceptrons) increases exponentially to a very large number. The Exploding
Gradient problem, like the Vanishing Gradient problem, can make learning unstable.
To avoid vanishing and exploding gradient problems, caution must be applied in choosing the activation
function. In choosing activation functions fit for the model, avoiding vanishing gradient issues will be the
topmost priority.
There are linear and non-linear activation functions. Compared to linear activation functions, non-linear
ones are able to provide output values that are not from linear calculations. In other words, they are able to
provide an output value from non-linear calculations. For example, non-linear activation functions can solve
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the XOR problem, which cannot be solved/calculated by using only linear activation functions as there are
only linear calculation components. On the other hand, linear activation functions will be relatively simpler
than non-linear activation functions. It is the task of us, therefore, to determine which activation function
would be matching to the model.
2.2.2 Sigmoid activation function

Figure 4. Graph of the sigmoid function. x axis(z), input; y axis, normalized value (output) [20]
The Sigmoid activation function can be used both as hidden and output. It normalizes input to a value
between 0 and 1. In other words, the Sigmoid activation function outputs a value between 0 and 1 from any
given input. It has the following equation:

𝑺(𝒙) =

𝟏
𝟏+𝒆

𝒙

S(x), Sigmoid function; x:input

Formular 2. Equation of a Sigmoid activation function
As it is non-linear, it aids the model to do non-linear calculations and provide non-linear output. This is
a huge advantage as linear-only models are able to perform very limited functions, while non-linear can do
all linear and non-linear functions. The sigmoid activation function can be used both as a hidden and an
output activation function. When used as an output activation function, it is used to calculate the probability
of a certain output to be the answer.
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2.2.3 Tanh activation function
Tanh stands for hyperbolic tangent. The tanh activation function is also widely used. Its shape is quite
similar to that of the sigmoid activation function, as it is sigmoidal (similar to the shape of the sigmoid
function) While it has a larger range than that of the sigmoid activation function (-1 to 1), it can only perform
as a hidden activation function. It is differentiable and often used to classify an input into one of two outputs.

𝒆𝒙 − 𝒆
𝝈(𝒙) = 𝒙
𝒆 +𝒆

𝒙
𝒙

𝜎(𝑥), tanh(x); x, input

Formular 3. Equation of a tanh function
2.2.4 Softmax
The softmax activation function is different from previously mentioned activation functions. While most
activation functions have one input and one output, the Softmax activation function has multiple inputs and
multiple outputs.
To be precise, softmax takes K input values, all of them vectors, and then gives K output values that are
between 0 and 1. Output values are also vectors. The activation function is very similar to the sigmoid
activation function if not for multiple inputs and outputs, as it is a regression function. Softmax also may
have exploding or vanishing gradient issues due to the same reason with the sigmoid activation function.

𝒆𝒙𝒊
𝝈(𝒙)𝒊 = 𝑲 𝐱𝒋
∑𝒋 𝟏 𝒆
𝑥, vector x; K, number of groups

Formular 4. Equation of a softmax function [21]
2.2.5

ReLU

The ReLU activation function, also known as the ‘rectified unit’ activation function [22]. Compared to
other activation functions, it is able to normalize values but also able to avoid the vanishing gradient
function, as its shape is not sigmoidal. As it can be seen from the graph, it normalizes negative input values
into 0 and returns the exact value if the input is either 0 or positive. It also has a significantly smaller
computation size than other activation functions as it only has to check if the value is negative or positive.
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However, it also has the problem that the negative values are all eliminated into 0, which causes the model
to fit less accurately. To solve this issue, a leaky ReLU activation function can be used.

Figure 5. Graph of ReLU. x axis, input; y axis, output (normalized value)
2.3 Optimizers
Optimizers alter weights in perceptrons so that the model is able to ‘learn’, or adapt to the dataset. This is
crucial as they are the key in the learning process of deep neural network models. This process enables the
model to have a more accurate output as loss values are reduced. In other words, optimizers are algorithms
that change the components of a deep learning model, such as learning rate (in certain optimizers) or weight,
to reduce loss and hence increase accuracy. They are crucial- without optimizers, it would be impossible
for deep learning models to adapt to given data and provide a method to calculate accurate output.
2.3.1

Gradient descent

Figure 6. Graph of gradient descent, loss value to value of weight [23]
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The gradient descent optimizer is a batch process- it takes into account the loss value of all datum in the
dataset [24]. Obviously, this comprehensive process requires a lot of computation and hence significantly
increases time taken to calculate. As its name suggests, the optimizer calculates how the weight will be
altered to reach minima by the gradient (derivative) However, there is a clear downside to the optimizer it reaches local minima, not global minimum (which is what the model needs to reach) as it cannot discern
those two. If it does reach a local minima, there is no chance that the model will give a completely accurate
output. As it is simple, it is not only easy to understand but to implement in models.
2.3.2

Stochastic Gradient Descent (SGD)

SGD is an optimizer derived from the gradient descent optimizer [25]. Unlike the gradient descent
optimizer, it evaluates loss values of a randomly selected few. The number of loss function that are to be
evaluated by the optimizer can be selected by the operator. The number is a hyperparameter, a constant set
by the operator. As it is likely that the number of loss function that the optimizer will ‘look at’ (evaluate) is
much less than those evaluated by gradient descent, it is much faster and requires less computation. It also
has a probability (despite slight) to find the global minimum even in the existence of local minimas as the
loss functions (derived from weight values) are randomly selected.
2.3.3

Momentum

Figure 7. Illustration of the momentum optimizer. x axis, value of weight (gradient); y axis, loss

value
Even when it comes across a local minima, the momentum optimizer has a chance of escaping the

local minima. This is a significant advantage as falling into local minima is a massive problem
that many other optimizers are unable to do.
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Vt=γVt−1+η∇θJ(θ), θ=θ−Vt
γ: hyperparameter(fraction); Vt: current update vector; η: learning rate; J(θ): loss function; θ: current stage

Formular 5. Equation of the Momentum optimizer [26]
The momentum optimizer, also known as SGD with momentum, contains characteristics of its namesake,
momentum (as used in physics). The optimizer takes into account previous versions of a perceptrons’
weight value. In other words, the optimizer works just like a ball rolling on a hill: when the ball tries to go
uphill after going downhill, it will move more than a ball simply trying to go uphill without going downhill
first [27]. Contrary to this, a ball that goes down a very steep hill then moves up a very low hill will not
remain on the feet of the hill. Like this example, the momentum optimizer is able to skip very shallow local
minimas. However, it also has to oscillate until it reaches a final point unlike other optimizers, which
increases the number of computation and time to reach a destination.

Figure 8. Comparison of SGD and the Momentum optimizer [28]
Red point in image: global minimum
As it can be seen in the Fig. 8, momentum approximates to the goal (global minimum) faster than SGD
as it is accelerated in the direction of the global minimum and dampened in oscillations.
2.3.4

Adagrad

The adagrad optimizer, short for adaptive gradient [29], is an unprecedented optimizer. The equation for
the Adagrad optimizer is the following:
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𝒘𝒕

𝟏

= 𝒘𝒕 −

𝜶

𝜹𝑳
𝒗𝒕 + 𝝐 𝜹𝒘𝒕
⋅

w(t+1), adjusted weight; wt, previous weight; α, learning rate; Vt, sum of gradient square until current weight; ϵ,
small positive number to avoid dividing by 0; δ, derivative of (L in respect to wt); L, loss value

Formular 6. Equation of the Adagrad optimizer [30]
As it is obvious from the equation, there is one special quality of the Adagrad optimizer that makes it
unique among preceding optimizer functions. Indeed, it is the learning rate. Unlike other (previously
mentioned) optimizers which have a fixed hyperparameter learning rate, the Adagrad optimizer has a
variable learning rate [31]. The learning rate is determined by the sum of the square of previous gradient
(weight) values. Obviously, as the sum will increase as the model continues to learn, the learning rate,
which is inversely proportional, will decrease. This acts like a knife on both sides as decreasing learning
rates may cause the model to stop learning at some point as the learning rate reaches 0.
2.3.5

RMSprop

RMSprop (RMSprop) was devised in 2015 to accelerate the optimization process. It is quite similar to the
Adagrad optimizer, except that it uses a decaying average of partial derivatives instead of the sum of squared
gradient values. To obtain this, a new hyperparameter- rho- is used in the optimizer, which acts as a
momentum value for the optimizer. In other words, the optimizer changes the learning rate based on the
magnitude of the gradient of weight (how much it is changing). This prevents the learning rate from being
reduced too much too quickly and eventually stopping the learning process.
2.3.6

Adam

The Adam optimizer, the one used in our model combines the RMS prop optimizer and Adagrad optimizer
and takes benefit from both sides [32]. (Ada + m) As the RMS prop optimizer is a variation from the
Adagrad optimizer, it can be said that the Adam optimizer is the next generation of the line of optimizers
derived from the Adagrad optimizer. The learning rate is separately changed for each weight value. Unlike
the RMS prop optimizer, which performs a centered variance based on the average first moment, the Adam
optimizer takes into account others, such as the second moments of the gradient. This leads the Adam
optimizer to have an uncentered variance. As it can be seen on the graph, the adam optimizer functions very
well- it has the least cost for any epoch on the graph. Hence, we have chosen to use the Adam optimizer in
our model for effective reduction of cost proportional to epoch.
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Figure 9. Training cost of each optimizer in a classification task (MNIST)
Adagrad: 2-D; variation of SGD
RMS prop: 2-E; Root mean square propagation
SGDNesterov: A variation of SGD developed by Nesterov
AdaDelta: variation of SGD; variation of Adagrad- unlike Adagrad, which alters learning
rate, AdaDelta alters
Adam: Combination of Adagrad and Momentum

mt= β1mt-1+(1-β1)gt
vt= β2vt-1+(1- β 2)gt2
mt, mean; β1, exponential decay rate for first moment estimates; β2, exponential decay rate for second moment
estimates; gt, gradient on current mini-batch (hyperparameter); vt, uncentered variance

Formular 7. Equation of the Adam optimizer
2.3.7

Backpropagation

Backpropagation is the method of training neural networks by altering their weight and bias values. It
aims to reduce loss functions – which are highly connected to accuracy. A gradient in function C in point x
is the vector of partial derivatives of C in x. The partial derivative, which is also the gradient, dc/dw to cost
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function C in respect to any weight or bias shows that how much the cost function changes when the weight
or bias value is altered. In the model, backpropagation is utilized to perform optimal learning.

2.4 Convolutional Neural Network (CNN)

Figure 10. Convolution in a single layer filter
CNN is a neural network used in image recognition and processing. In other words, it extracts significant
values from images for the deep neural network, DNN, to use.
A CNN often follows the following format. The image is converted to 3 channels, each representing red,
green and blue. Each channel contain data about how intense a certain color is in a certain pixel. For example,
if the (0,1) of the red channel is 255, the intensity of red in pixel (0,1) is 255. This enables the model to
perceive an image by numerical values. Filters initially contain random values. In a convolutional neural
network, the filters’ values are convolutionally multiplied with the channels’ values. Filters are also known
as kernels or convolutional layers. They are the key element to having an accurate and efficient CNN.
Matrix multiplication is calculated like this. First, the filter is multiplied by counterpart values in the original
matrix. For example, the value of (0,1) in the original matrix will be multiplied by the value of (0,1) in the
filter. The result of each multiplication is added to calculate the final result. The value of the final calculation
is placed on the output matrix. Once a block of space is occupied in the output matrix, the index of the
value(s) in the filter that is used is incremented. After the matrix multiplication is done, the size of the image
is much smaller than the original image. For example, if a 3x3 filter is applied to a 5x5 image, the output
matrix’s size will be 3x3, as it is (5-3+1)*(5-3+1). Likewise, when a 2x2 filter is applied to a 6x6 image,
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the output matrix’s size will be 5x5. Once the output matrix (also called the feature map) is calculated, the
DNN uses the matrix to estimate the probability of a category (of being the answer). With the loss function,
loss values are calculated, and the optimizer alters the values of the filter matrix. In other words, the values
in the filter matrices are handled as weight values. This was a significant advance in the study of Deep
learning. Previously, before the development of CNN, images had to be processed manually or through
time-consuming methods. The more filters there are, the better CNN functions. As the values of filters are
weight values, they aid the model to adapt and learn in different cases and enable the model to express
different kinds of functions. However, the use of multiple filters carries a problem- the output matrix’s size
reduces each time a filter is applied, hence making the model lose data so fast before it reaches an adequate
accuracy. This can be solved by padding- covering the feature map with 0 s.
2.4.1

LeNet

Figure 11. Example of a CNN model (LeNet) [33]

LeNet is the basis of CNN, was proposed in 1989 by Yann LeCun and his colleagues [33], and was further
developed in 2098 [33]. The model contains layers such as the Convolutional layer, pooling layers,
nonlinear activation functions, (densely) fully connected layers that are commonly used in modern day
models [33].
The model, with hidden nonlinear activation function between layers, have pairs of convolution and
pooling layers (with or without padding) [33]. This section of the model acts as a convolutional encoder
that extract “low dimensional vectors” or “short string of symbols” that can be easily compared yet are
relatively unchanged from the process [33].
The following 3 dense layers of fully connected neurons serve as the “trainable classifier module” (the
DNN), which has a general purpose and is trainable compared to the convolutional encoder, which performs
a very specific task [33]. As it can be seen, the input layer is merely 32x32 pixels, 1/10th of the image
sequence (35KB).
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2.4.2

Fine tuning GoogLeNet

While GoogLeNet is only used as a CNN to extract features from data, it has to be altered to fit our model
and its purposes. A dangerous misconception that one can have is that we are directly copying GoogLeNet
into our model. However, the model of googlenet differs significantly from our model, as its core is different.
GoogLeNet contains a completely different DNN from that of our model. By fine tuning GoogLeNet into
our model, we were merely incorporating the filter part of GoogLeNet so that our model can easily discern
crucial and irrelevant info without manual elimination. Obviously, with different DNN and data format (as
DNN is formed by data provided to the model), it is inevitable that the model differs in function and shape.
To Fine tune GoogLeNet’s image recognizing feature to fit to our model, we had to set the input size (resize)
so that the output of fine tuned GoogLeNet can be used as an input to our DNN. In this case, it was resized
images to (64,64) and altered the input size of fine tuned GoogLeNet to (150,150,3). As it is probably
suspected, there are some empty spaces between the actual input and the fine tuned GoogLeNet’s
expectation of an input. Empty spaces can aid the fine tuned GoogLeNet significantly, as it allows the
model to focus on smaller parts of the image given. For example, if a (64,64) input is given to a CNN that
expects (64,64) -hence no empty (0) spaces as they fit perfectly - and if a 1x1 space has 3 main components
to see, then the filter has to have all three components at once. However, with empty spaces, the filter is
able to see one component, or even less at a time. But with too many empty spaces, the model may require
a lot of computation and take a lot of time to compute. Hence there has to be a balance in the number of
empty spaces allocated (as too much would require too much time and sometimes time wasted evaluating
useless data and too less would cause significant features to go unnoticed)
3. Results
3.1 Data
3.1.1 Data source
Kaggle is one of world’s largest data science communities. Currently a subsidiary of Google LLC
(acquired by Google in 2017) [34], Kaggle initially started as a platform to host machine learning
competitions. Holding competitions for corporations such as Microsoft (Microsoft Kinect) to physics
researchers seeking ways to improve search for Higgs Boson, Kaggle rose to become a prominent platform
in the field of data science and machine learning [35]. Kaggle’s public dataset platform holds a wide variety
of data from Amazon reviews to heart attack analysis and prediction [36]. The platform enables users to
share, utilize, and discuss datasets. Datasets are available in multiple different forms: csv, Json, SQVLite,
and more.
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3.1.2

Kaggle dataset

The dataset from Kaggle contains 300 images from oil spills in the Nigerian Delta, labeled Oil Spill, and
112 environment images that are irrelevant to Oil Spills (eg. plants, rivers, etc.) labeled No Spill. The images
are all in .jpg format. hence resulting in various other researchers utilizing the dataset. The dataset was
viewed more than 2,000 times and downloaded more than 250 times.The simply labeled format of the data,
along with easy-to-see images, made it suitable for use in our research. While there were some issues (the
folder structure had to be altered because some folders were duplicate folders of other folders- eg. there
were two Train folders that were identical to each other, causing confusion initially.), the dataset proved
effective and fit.
3.1.3

Crawling

Figure 12. Images collected by Crawling
As there were very few datasets shared online that fit our research, I had obtained more data via Imager
geek, a free crawler software that allows users to collect and download various images at once. To eliminate
useless data, ambiguous images and images with irrelevant elements (words, people, etc.) were removed
manually. About 500~700 images were collected via Imager geek. The images obtained by the crawler
were first divided into their search terms to avoid collecting identical images. Sometimes there were
redundant images. These images were manually removed. Their search terms or main key words are added
as prefixes (using the rename tool in Imager geek). For example, images from the Mingbulak oil spill case
had a prefix of MingBulakOilSpill, whereas images obtained from the search results of Exxon Valdez Oil
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Spill would have a prefix of ExxonValdez. Once the ambiguous/irrelevant images, such as images that are
not aerial images or focused on things other than the scenery, were removed, they were put into either the
Oil Spill or No Spill folder to label them. Non-aerial images or images that are focused not on the sea can
cause issues as they are not relevant to searching and detecting oil spills. Aerial images were collected as
the model is based on application on drones or other aerial detecting devices.
3.1.4

Data augmentation

Figure 13. Images altered by data augmentation (population based augmentation) [37]
Percentage on the left refers to degree of alteration.
Data augmentation is a method used to increase the number of data in a dataset. Duplicates of a single
datum could cause multiple problems- one of them overfitting- that reduces the accuracy of the model
significantly. Overfitting is caused when the weight values of the model are altered to fit the data too closely.
This causes the model unable to customize with other general data. Of course, there would be high accuracy
rates and very little loss functions, but only because training data and test data are very similar. To avoid
overfitting, the image(s) may be color contrasted, rotated, resized, and more. An example is indicated in
Fig. 13. While data augmentation does not mean that overfitting is avoided completely, it provides a better
method than simple duplicates of images. Also, in cases of resized or rotated images, it could enhance the
model greatly as the model is able to handle data even when input images are pictured in the same angle.
For example, if all the oil spill markings in the images are in the same shape, data augmentation could
prevent overfitting by providing images with different shapes of oil spill markings. Data augmentation can
also prevent unintended bias reaching the model. As the aerial images are either filmed or selected by
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human beings, there may be some bias unintentionally done in the data. Whether it is a certain angle that
photographers prefer to film in or a certain zoom, with data augmentation they can be successfully removed.
Overfitting is a huge issue as this renders the model useless. The model simply becomes a pre-coded
program that only works under a certain condition. Hence, it is not able to perform the function that it is
supposed to. In our dataset, by resizing, rescaling and flipping the images horizontally, it could be increased
the number of data from 700 to 1,400 images.
3.1.5

Image sequences from drone videos

To make the model as accurate as possible, some images were obtained by sequencing oil spill images
from drones. Due to multiple complications and Covid-19 that restricted movement, a replacement (drone
video) had to be used. The video was determined fitting for the model as it had minimal editing yet showed
the full extent of the oil spill, with movement similar to an actual drone. Image sequences are taken from
the video and then used as image data to test the model.
3.1.6

Final dataset

Hence, through the crawling software (imager geek), Kaggle, and image sequences of oil spill drone video
footage, we were able to obtain 1,351 images as training data and 141 images as testing data. More image
data were used to train than to test. Initially, this caused a lot of issues as there were too little images set for
the number of epochs that was determined in this research. The more the number of epochs, the more
accurate the DNN (Deep Neural Network) of the model becomes.

Epoch = number of times the process was repeated
Formular 8. Explanation of Epoch
When the data was used in the model via data generator, the data were all resized into 200,200 pixels
(before data augmentation) to ensure that they are all the same size. Resizing image data not only ensures
uniformity but also prevents any error or colossal computation from huge images, which could slow down
the process or damage the model.

Resize = (200, 200) pixel
Formular 9. Scale of resizing
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3.1.7

DNN

After receiving feature values extracted from the test data images from fine tuned GoogleNet, our DNN
flattens the output to fit convolution. Flattening forces a multiple layer data into a single layer so that it can
be used as an output. In other words, it converts a nth dimensional array to a 1 dimensional array. For
example, a 3x3x3 convolutional layer can be flattened to a single vector. This enables the model to have a
fully connected layer at the end.

Figure 14. After the convolutional layer is flattened into a single vector, a ReLU activation function
normalizes each of its values into a range of 0 to 1.
A dropout layer is then applied. A dropout layer prevents overfitting by randomly setting input units to 0
with a frequency of a certain rate. The rate is a hyperparameter- in other words, set by the operator.
Preventing overfitting is crucial as training data may be unintentionally repetitive, especially more as some
images are collected from image sequences from the same video footage. This also removes unconscious
bias within data collected. The sigmoid activation function is applied as an output activation function as the
choice is binary (the answer is either yes or no- if the choice is not binary, like ImageNet or MNIST, the
output activation function has to be softmax). The optimizer (Adam) adjusts gradient/weight values from
the loss value provided by the loss function.
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3.2 Model training result
3.2.1 Accuracy and Loss
Table 1. Comparison of model with and without data augmentation
Model without Data Augmentation

Model with Data Augmentation

epoch

Loss

Accuracy

Loss

Accuracy

1

0.299

0.8856

0.2437

0.9237

10

0.0897

0.9747

0.1549

0.9417

30

0.1375

0.9540

0.1226

0.9555

50

0.0126

0.9955

0.1028

0.9629

Contrary to our expectations, the model with data augmentation showed to be less accurate than the model
without data augmentation.

Figure 15. Graph of accuracy of both model with and without data augmentation.

Figure 16. Graph of loss, accuracy and both in test and train data.
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3.2.2 Application
Since simulating oil spills in a lab and experimenting on ocean water are difficult and do not completely
identical to actual oil spill emergencies, actual simulations may eliminate some variables from concern.
Therefore, it was decided to use an unedited oil leak drone video footage filmed recently instead of
simulating and filming it instead.

Figure 17. Images from the image sequence of the selected video
Left, Video at 0:11; Right, Video at 1:07
The chosen video was “Santa Barbara, drone’s eye view”, uploaded in 2015 [37]. The video, despite its
low resolution, contains both coastal and ocean portions of oil spills. It is not only unedited but also recent
and taken on the day of the oil spill, making the video closer to the one that will be taken for practical use.
Another brief section of a video, from a news broadcast,
As the video [37] was long (2:15), it had to be used a portion of the video, from the beginning to 1:20, to
sequence it into images. Once the video was cropped and sequenced into images, they were all used as the
only test data. As they are only used as testing data, it has not been worried about overfitting, as overfitting
is caused by putting similar images as input. The data is enough as the images are captured at least 5 frames
per second, hence resulting in at least 150 images. With the addition of another video clip, obtained from
news, the test data had about 165 images.
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4. Conclusion
4.1 Conclusion
By the results presented, it is clear that the model is capable of detecting oil spills with a consistent
accuracy higher than 96 %. The model was created with a basis of MLP with sigmoid and Relu activation
functions, Adam optimizer, and pooling layers. GoogLeNet, as a CNN base model, was incorporated to
improve filtering and modifying data. Data was collected from both Kaggle and by Crawling and was
augmented in order to create a more diverse dataset.
4.2 Discussion
It has been reported multiple times [38 & 39] that underdeveloped regions with little infrastructure are less
capable of containing and preventing damage from oil spills. Monitoring the sea takes time and money,
which developing countries often lack. Not only from their weak infrastructure, developing countries are
often exploited as corporations decide to ignore or give minimal compensation. In 2008 and 2009, two
consecutive massive oil spills occurred in the Nigeria Delta that resulted in thousands of dead fish and
uncountable damage to locals [40]. However, a paltry compensation of $4,000 was given [40]. The
government also declined to operate further research and investigations into the case. Even today, the
damage on the Nigeria Delta is continuous, and corporations are declining to compensate fully without
pressure from NGO groups such as Amnesty [40].
Despite a frail infrastructure, having one is better than nothing. There are no companies or countries
drilling oil in International Seas, which reduces the likelihood of oil spills, but it is always possible that a
ship collision can occur, causing an oil spill like that of Selendang Ayu. However, as there are no coast
guards or monitoring that are in effect, it is very difficult to detect and handle the extent of oil spill.
Continuous, repetitive labor can dehumanize human beings in labor. Hours and hours of staring at the open
sea, asking yourself the question- Is that an oil spill or am I seeing things?- every minute is by all means
tedious and depreciates the value of human labor. If it can be replaced by machines, it should be.
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