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Abstract: The presence of oil films in the ocean poses a significant environmental challenge for
companies engaged in primary oil processing on offshore platforms. During crude oil treatment,
residual water containing oils and greases (TOG) is discharged back into the ocean, potentially
leading to the formation of oil films. The interaction between TOG levels and meteoceanographic
variables — including wind direction (WD), wind speed (WS), current direction (CD), current speed
(CS), wind wave direction (WWD), and peak period (PP) — influences the formation and satellite
detection of these films. This study investigates the impact of these factors on the occurrence,
detection, and extent of oil films using various statistical classifiers. Key findings reveal that Random
Forest outperformed other classifiers, achieving an area under the ROC curve of 0.93. The combined
use of classifiers, multivariate techniques, desirability analysis, and Design of Experiments (DOE)
proved highly effective. Higher values of WS, WD, and CS were associated with a lower likelihood
of oil film occurrence and detection, whereas higher TOG, PP, WWD, and CD values increased this
probability. CS and TOG positively contributed to the extent of oil films, while high WS values
reduced it. These results provide a robust decision-support framework for monitoring and mitigating
the environmental impacts of offshore 0il processing operations.

Keywords: oil slicks; total oil and greases (TOG); meteoceonographic variables; wind direction (WD);
wind speed (WS); current direction (CD); current speed (CS); wind wave direction (WWD) and peak
period (PP)

1. Introduction

Oil remains a crucial component of the global energy matrix and is one of the most vital energy
sources for national economies [1]. Its extraction involves primary, secondary, and tertiary recovery
processes. In the primary recovery stage, oil is obtained through the natural energy of the reservoir,
driven by internal pressure influenced by mechanisms such as gas inflow into the solution, gas cap
inflow, water inflow, fluid and rock expansion, and gravity drainage [2]. Secondary recovery requires
the injection of additional energy, typically through water or gas injection, to enhance oil production
[2, 3]. Tertiary recovery, also known as Enhanced Oil Recovery (EOR), involves the use of external
forces and substances to thermally, physically, biologically, and chemically interact with reservoirs,
enabling higher recovery rates [4-6].

Once extracted, crude oil undergoes primary processing to separate oil, water, and gas phases.
It is estimated that tens of millions of barrels of water are produced daily worldwide during this
process, posing a significant challenge for the oil industry in terms of water treatment [1]. Produced
water often contains oils and greases (TOG), and elevated levels of these compounds can harm the
marine environment. Therefore, monitoring TOG levels is essential to ensure environmental
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compliance. In Brazil, the National Council for the Environment (CONAMA) regulates the discharge
of produced water into the ocean through Resolution 393/2007 [7]. According to these guidelines,
water discharge must meet specific TOG limits and must not alter the sea's characteristics beyond the
mixing zone, defined as a 500-meter radius from the disposal point. Oil films exceeding this limit can
result in penalties for primary oil processing companies.

The National Oceanic and Atmospheric Administration (NOAA) classifies oil slicks into five
categories based on thickness [8]. The first category is the Sheen class, characterized by a thin layer
(~0.005 mm) that can appear as rainbow-colored when thicker or as silvery or nearly transparent in
thinner layers. The second category is Metallic, where the layer is thicker and tends to reflect the sky
with an oily hue ranging from light gray to dull brown. The third category, Transitional Dark, occurs
when the oil layer is thick enough to reflect its true color. The fourth category is the Dark (True) Color,
characterized by a continuously dark appearance and layers at least hundreds of microns thick. The
final category is Emulsified Oil (Mousse), which presents as a water-in-oil mixture in orange, brown,
or red shades.

Meteoceanographic variables, including ocean currents, wind, and waves, significantly
influence the trajectory and behavior of oil slicks. Wind and sea currents have the greatest impact on
forecasting oil movement [9]. High wind speeds and oil properties, such as density and surface
tension, play a crucial role in determining oil layer thickness [10]. Research shows that wind speeds
above 7 m/s can dissipate oil films, whereas stronger currents often generate more extensive slicks
[11].

Predicting the occurrence of oil films can be approached using various machine learning
classification methods, such as Random Forest Classifier (RFC), k-Nearest Neighbors (KNN),
Artificial Neural Networks (ANN), Logistic Regression Classifier (LRC), and Support Vector
Classifier (SVC). These techniques have been successfully applied in petroleum science and
engineering. RFC achieved high accuracy in classifying oil and gas well failures, while KNN
combined with Principal Component Analysis (PCA) successfully identified diesel adulterants [15,
16]. ANN, particularly Multi-Layer Perceptron (MLP), demonstrated strong performance in reservoir
modeling and parameter estimation [17, 18]. LRC proved useful for assessing oil spill impacts [19],
and SVC outperformed ANN in forecasting oil reservoir properties [13].

Given these considerations, this study aims to evaluate the relationship between TOG levels and
meteoceanographic variables concerning oil film formation. The study incorporates
spectrophotometric TOG measurements and considers variables such as wind direction (WD, °),
wind speed (WS, m/s), current direction (CD, °), current speed (CS, m/s), wind wave direction (WWD,
°), and peak period (PP, s). Multivariate techniques were employed to mitigate the effects of variable
correlation, along with central composite and factorial designs and advanced classification
algorithms.

The remainder of this paper is structured as follows. Section 2 provides a theoretical overview
of the machine learning techniques used. Section 3 details the materials and methods. Section 4
presents and discusses the results, and Section 5 concludes with key findings and recommendations.

2. Background and literature review

In this study, five commonly applied machine learning methods were selected: Random Forest
(RF), k-Nearest Neighbors (KNN), Artificial Neural Network Multi-Layer Perceptron (MLP), Logistic
Regression (LR), and Support Vector Machine (SVM).

2.1. Random forest

Random Forest, initially proposed by Breiman [20], is a versatile machine learning technique
applicable to both classification and regression tasks. It combines multiple decision trees to form a
"forest," where the final prediction depends not on a single tree but on an ensemble of trees defined
by the researcher [20].

The algorithm for classification problems can be summarized in the following steps: (i) random
samples are selected from the database; (ii) a decision tree is built for each sample; (iii) each tree
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predicts the class of a new observation; and (iv) the final prediction is established through
aggregation, such as majority voting [21].

Increasing the number of estimators (trees) enhances the model's ability to fit the data. As the
number of trees grows, the generalization error approaches a limiting value without overfitting, a
phenomenon explained by the law of large numbers [20]. Conversely, a small number of estimators
may hinder the model's ability to capture the relationships between input variables and the target
response. The parameter specifying the maximum number of features per tree determines how many
input variables each tree will consider. Higher values can lead to trees that are more similar to each
other, potentially reducing the generalizability of the model.

One of the key outcomes of using Random Forest is the generation of feature importance scores
for input variables. A high importance value indicates that the variable significantly contributes to
decision-making, whereas a value close to zero suggests minimal influence on the model's final
prediction [22]. This capability makes Random Forest particularly valuable for understanding the
relationships among variables and for identifying key factors in complex systems.

2.2. K-nearest neighbors

k-Nearest Neighbors (k-NN) is one of the simplest machine learning methods and is classified
as a non-parametric instance-based algorithm [23-25]. Unlike algorithms that generate explicit
mathematical models, such as logistic regression, k-NN stores the training dataset and uses it directly
for making predictions. For a new observation, the algorithm identifies the k closest neighbors based
on a chosen distance metric, determines their classes, and assigns the most common class to the new
data point [26].

To measure the distance between points, common metrics include Euclidean, Minkowski, and
Manhattan distances. The Euclidean distance is defined in Equation (1) [27], while the Minkowski
distance is given by Equation (2) [28]. Manhattan distance is a special case of Minkowski when g=1.
In these equations, X and Y represent vectors composed of p components:

p
A ¥) = ) X = Vel M
k=

P ! 1/q
d(X,Y) =< lx, — v, |q> ()
; k k

The selection of the appropriate distance metric and the value of k significantly impact the
algorithm's performance. When carefully tuned, k-NN can provide effective results for both
classification and regression tasks despite its simplicity.

Given the nature of the k-Nearest Neighbors (k-NN) algorithm, it is crucial to standardize the
input variables to prevent differences in magnitude from disproportionately influencing the
determination of the nearest neighbors. Without standardization, variables with larger scales could
dominate the distance calculations and lead to biased predictions. Therefore, many studies in the
literature normalize or standardize data when using this algorithm, as demonstrated in [21].

Another essential parameter is the selection of the number of neighbors (k) to consider. The
choice of this parameter typically varies according to the dataset and is often made empirically. An
excessively small value for k can lead to a model that is sensitive to noise, while a large value may
cause the algorithm to overlook important local patterns, as discussed in [26, 29]. Fine-tuning this
parameter based on the dataset's characteristics is essential to achieving optimal model performance.

2.3. Artificial Neural Networks

Artificial Neural Networks (ANN) are widely used for modeling complex relationships between
input and output variables across various fields. They have been successfully applied to classification
[30, 31], cluster analysis [32, 33], regression [34, 35], and time series problems [36, 37].

According to [38], ANNs exhibit several essential features, including the ability to learn from
experience, generalize to unseen data, store knowledge within the numerous synapses, and adapt
well to hardware or software implementations due to their reliance on mathematical operations.
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Among feed-forward architectures, the Multi-Layer Perceptron (MLP) is one of the most
extensively used and studied due to its practical applications in various fields [31, 39-42]. An MLP
typically consists of an input layer, one or more hidden layers, and an output layer [30]. The
complexity of the neural network is proportional to the number of neurons in its layers. While
increasing the number of neurons enhances the network's capacity to learn complex patterns, it also
raises the risk of overfitting. Careful consideration of other parameters is also essential when
configuring an ANN, as extensively discussed in [36].

The training of MLPs commonly employs backpropagation, a supervised learning algorithm
consisting of two main stages. The first stage, forward propagation, involves passing signals from the
input data through the network layers to produce an output. In the second stage, the produced
response is compared to the true responses from the training set. The computed errors are then used
to adjust the network's weights [38]. This iterative process allows the network to learn patterns in the
data and generalize knowledge for predicting new inputs effectively.

2.4. Binary logistic regression

Binary logistic regression is a statistical technique used to predict the probability that a set of
predictor variables belongs to one of two distinct classes, typically denoted as 0 or 1 [43]. Unlike linear
regression, which predicts continuous values, logistic regression models the probability of a binary
outcome using the logistic function, ensuring that the predicted values remain between 0 and 1.

Similar to linear regression, logistic regression can handle multiple predictor variables, even
when they are on different scales, without requiring extensive preprocessing [44]. This flexibility
makes it a versatile tool for classification tasks across various domains. The model estimates the
relationship between the predictors and the outcome by fitting a logistic curve through the data,
transforming linear combinations of the predictors into probabilities through the use of a logit
function.

Considering that the probability of a given response variable Y belongs to class 1, given an input
variable vector composed of p elements, can be represented by P[Y = 1|x] = m(x). Also assuming the
logit function for this problem, as shown in Eq. (3), it is possible to obtain the probability n(x) by
using Eq. (4) [44].

g(x)=1In (1f(—:rczx)> = Bo + Bixy + Boxy + 0+ Bpxp ®)
ed )
n(x) = 1T e0® (4)

The sigmoid function, which is the inverse of the logit function, is also commonly cited and can
be seen in Eq. (5). Then, the probability can be found through Eq. (6) [43].
1
= 5
CO=Thg ©)
Plc|X.] = G(Bo + X"B) (©)

2.5. Support vector machine

Support Vector Machine (SVM) is a widely used machine learning technique for classification
tasks [45, 46]. The algorithm aims to construct an optimal hyperplane that separates different classes
in the feature space by maximizing the distance between the hyperplane and the closest data points,
known as support vectors [46]. This maximization enhances the model's ability to generalize to
unseen data.

SVM is also effective for non-linearly separable data through the use of kernel functions. By
transforming the original feature space into a higher-dimensional space, these functions enable the
algorithm to achieve linear separation in complex datasets [46]. Common kernel functions include
linear, polynomial, sigmoidal, and radial basis functions (RBF) [45].

Key parameters that influence the performance of SVM models are the regularization parameter
(C) and the gamma value. The parameter C penalizes incorrect classifications, balancing model
complexity and generalization. Small values of C promote better generalization, while large values
may lead to overfitting [47].
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Gamma, on the other hand, determines the influence of each data point on the decision
boundary. In the case of the RBF kernel, it defines the radius of influence for each support vector.
Higher gamma values focus only on nearby points, creating more intricate boundaries. Conversely,
lower gamma values take even distant points into account, resulting in smoother decision boundaries
[48]. Careful tuning of these parameters is essential for optimizing the model's performance.

2.6. Factor analysis

Factor analysis (FA) can be understood as a multivariate technique similar to principal
component analysis (PCA). However, in addition to being more complex, as [49] comment, in FA the
original variables are written as linear combinations of the original factors, whereas in PCA the
principal components are written as a function of the common factors. Another difference in relation
to these analyzes is that PCA seeks to explain a large portion of the total variance of the variables and
FA seeks to account for the correlation, and consequently the covariance, between the problem
variables [50].

One of the advantages of applying FA is the reduction of the problem dimensionality, in cases
where there is a correlation, even if moderate, it is possible to remove the existing redundancy in the
dataset through the use of a smaller number of factors [50]. Factor analysis groups variables with
high correlation among themselves and low correlation among the other variables in the data set into
clusters. Thus, if other variables from the dataset can also be grouped, a reduced number of factors
will be sufficient to represent the data.

According to [49], the orthogonal model for factor analysis can be described, in matrix form, as
in Eq. (7). X is a p X 1 vector whose mean is given by the vector u, which is also p X 1. L is the
p X m matrix consisted of the factor loadings, F denotes the m X 1 vector and represent the
common factors. Finally, € is the p X 1 vector of errors or specific factors.

X—-pu=LF+e¢ )

The orthogonal model implies that £ = LL" + ¥, where ¥ = cov(g). Thus, Eq. (8) and Eq. (9)
represent the structure for the orthogonal factor model according to [49].

Var(X) =l + -+ 15 + ®)
Cov (Xy, X)) = lipley + -+ + Limlim
Cov(X;, Fy) = 1 )

In addition, the portion of the variance of the ith variable related to the m common factors, is
called communality (h?), whereas the portion associated to the specific factors is called specific
variance (1), as shown in Eq. (10), where i = 1,2, ...,p [49].

op =+ 1+ -+ 1+
RE=14+15++1%, (10)
0y = hi +;

3. Materials and methods

The dataset used in this study was collected between April 2018 and August 2020 from an
offshore platform involved in primary oil processing. It consists of 300 observations, evenly divided
between two classes: 150 observations without oil films exceeding 500 meters in length (classified as
class 0) and 150 observations with such oil films (classified as class 1).

The predictor variables analyzed include wind direction (WD), wind speed (WS), current
direction (CD), current speed (CS), wind wave direction (WWD), peak period (PP), and total oil and
greases (TOG), as introduced earlier in this paper. Figure 1 presents the classification of data
according to the presence or absence of oil films.
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Figure 1. Graph of observations separated by class versus input variables.

Another response variable assessed in this study was the extent of oil films, measured in nautical
miles for the 150 cases where such features were detected. It is worth noting that the detection of oil
films is conducted via satellite, while meteoceanographic variables are measured by the Center for
Weather Forecasting and Climate Studies (Centro de Previsdo de Tempo e Estudos Climdticos - CPTEC).
Additionally, TOG measurements are obtained through a colorimetric method, allowing multiple
readings throughout the day to enable proactive decision-making by platform managers.

The methodology adopted in this study encompasses three main stages. The first stage involves
evaluating the performance of five classification algorithms: RF, KNN, MLP, BLR, and SVM. In the
second stage, the influence of meteoceanographic variables and TOG levels on the probability of oil
film occurrence and detection (Pos) is analyzed. Finally, the third stage examines the extent of the
detected oil films to identify contributing factors. Figure 2 illustrates the methodological flowchart,
detailing the steps undertaken in this research.
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Figure 2. Flowchart of the methodology proposed in this paper.

I. Classifiers” performance

The initial objective of this study is to compare various classifiers to predict the probability of
occurrence and detection of oil films. The first step involves defining the classifiers to be employed
and configuring the parameters associated with each algorithm. For a robust comparison, the training
and testing datasets are partitioned into 50 distinct configurations, ensuring that the class proportions
remain consistent across both sets.

Once the classifiers are selected, models are trained and tested using all defined configurations.
Performance metrics, including accuracy (Ac), specificity (Sp), and sensitivity (Sn), are computed
according to Eq. (11), Eq. (12), and Eq. (13), respectively. True positives (TP) and true negatives (TN)
represent the correct classifications, while false positives (FP) and false negatives (FN) represent
classification errors. The average values of these metrics are extracted for comparative purposes.

Based on the comparative analysis, the classifier that achieves the best performance according
to the averaged metrics is selected for further use in the next stage of the study. This systematic
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approach ensures the selection of the most effective method for predicting oil film occurrence and

detection. TN
+
A =Tp5 TN + FP + FP (b
S» = TN T FP (12)
Sn= e (13)

II. Occurrence and detection of oil films

The selected method is applied to model the training data and generate predictions for the test
set. The probabilities of oil film occurrence and detection are stored for further analysis. A crucial
step is evaluating the suitability of the training data for factor analysis. If the data follow a
multivariate normal distribution, the Bartlett test of sphericity can be used to test the hypothesis that
the variables are uncorrelated. However, given that the data in this study do not exhibit a multivariate
normal distribution, the Kaiser-Meyer-Olkin (KMO) sampling adequacy measure is employed.
Values ranging from 0.5 to 1.0 for this index indicate that factor analysis is appropriate. Factor
analysis is recommended if at least one of these tests yields a favorable result.

If factor analysis is deemed appropriate, the rotated factor scores are stored and subsequently
treated as predictor variables. The training set is divided into two clusters: one containing
observations where oil film occurrence and detection were recorded, and another with observations
without such occurrences. The input data are then transformed into a response surface array based
on the Central Composite Design (CCD) to assess the main effects, interactions, and quadratic effects
of the factors that represent the original variables.

Modeling the probabilities involves selecting the significant terms from the model. Given the
potential significance of interaction and quadratic terms, relying solely on main effects analysis could
lead to inaccurate conclusions. Therefore, an optimization algorithm is used to capture the complete
spectrum of variable effects, ensuring a comprehensive understanding of the relationships and
dependencies within the data.

1. Oil film extension

For the data subset where the oil film was detected and its extension measured, the suitability
of conducting a factor analysis is reassessed. However, the Kaiser-Meyer-Olkin (KMO) test did not
yield values greater than 0.5 for most variables, indicating that factor analysis was not appropriate.
Consequently, the predictors are converted into a full factorial design for analysis.

The choice to adopt a full factorial design was driven by the observation that including quadratic
effects and interactions did not enhance the model's quality. On the contrary, these additions led to a
decrease in the adjusted coefficient of determination (Rj,;) indicating a reduction in model fit
efficiency. Therefore, a simpler model structure was maintained to ensure more accurate and robust
predictions.

4. Results

4.1. Classifiers’ performance

For this article, 5 commonly applied methods were selected, namely, RF, KNN, MLP, LR and
SVM. We ran 50 different training and test sets using the kfold.split function available in Python, with
535 observations for training and 60 for testing. Consequently, 50 different models were created for
each of these methods, so that the accuracy of each one was computed at each step and the average
was stored. Table 1 shows the methods used, their parameterization and the metrics obtained (in
average) for the test set.

Table 1. Parametrization and precision metrics for the methods.
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Machine
learning Parameterization Acc Sp Sn
algorithm
RF Estimators = 150 0.77 073 0.82
Max features =3
KNN k=5 074 0.65 0.84
Number of hidden layers = 2
Number of units =4
Activation function = Relu
MLP Solver = LBFCS 0.71 0.68 0.76
a=0.05
Learning rate = invscaling
BLR Link function = logit 0.74 0.70 0.80
Kernel = RBF
SVM v=0.1 0.75 0.65 0.85
C=1

The Random Forest (RF) algorithm demonstrated the best performance among the evaluated
methods. As a result, it was selected for use in subsection 4.2. To gain a deeper understanding of the
influence of predictor variables on the occurrence and detection of oil films, the feature importance
graph generated by the RF model was analyzed and stored, as depicted in Fig. 3. This graph provides
valuable insights into the contribution of each variable to the prediction process, supporting a more
informed interpretation of the model's outcomes.

TOG

PP

WWD

Ccs

Feature

CcD

WS

WD

I T T T T

000 0.05 0.10 015 020 025 030 035 040
Feature importance

Figure 3. Feature importance plot for 50 random forest models.

4.2. Occurrence and detection of oil films

Maintaining the same proportion for the training and test sets as previously mentioned, the
Random Forest (RF) model yielded the confusion matrix presented in Table 2. This matrix provides
valuable information regarding the classification performance, including the number of true
positives, true negatives, false positives, and false negatives, allowing a comprehensive evaluation of
the model's predictive accuracy.

Table 2. Confusion matrix for the Random Forest model.

Prediction
Class Class
0 1
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The feature importance graph for the RF model, which highlights the contribution of each
predictor variable to the classification task, is depicted in Fig. 4. Additionally, Fig. 5 shows the
Receiver Operating Characteristic (ROC) curve, which illustrates the model's ability to distinguish
between classes by plotting the true positive rate against the false positive rate at various threshold
settings. The area under the curve (AUC) serves as a key metric for evaluating the model's
classification performance.
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Figure 4. Feature importance plot for random forest model.
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Figure 5. ROC curve for random forest model.
Considering the training set, the predictor variables exhibit moderate yet statistically significant
correlations with each other, as illustrated in Table 3 shown in Fig. 6. These correlations provide

insights into the relationships among variables, which can impact the model's ability to generalize
and identify patterns in the data.

Table 3. Correlation matrix.

WS CD CS WWD PP TOG
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WD 0325 0.003 0247 0.267 0.098 0.097
0.000 0957 0.000 0.000 0.109 0.110

WS 0.063 0281 -0.430 0.298 0.128
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Figure 6. a) Correlation plot; (b) Correlation plot with p-value < 0.05 boxed.

To assess whether the data were suitable for factor analysis, the Kaiser-Meyer-Olkin (KMO) test
was conducted using R, yielding an overall value of 0.70. Additionally, all individual values exceeded
0.6, indicating that the data were appropriate for factor analysis. Although five factors were sufficient
to explain over 84.0% of the variance, six factors were chosen, accounting for 93.3% of the variability.
This selection avoided the issue of having loadings with opposite signs predominantly explained by
the same factor, which would complicate the interpretation of the variables' influence on the
probability of occurrence and detection of oil films. Table 4 presents the loadings and communalities
resulting from the factor analysis. As a result, factor analysis was employed to derive latent variables
(rotated factor scores) that were uncorrelated, thereby enabling the use of classical methods such as
Analysis of Variance and Ordinary Least Squares.

Table 4. Factor loadings and communalities obtained through factor analysis.

Variable  F1 F2 F3 F4 F5 F6  Communality
PP 0924 -0.036  0.04 0 -0.073  0.09 0.87
WWD 0719 -0.359 -0228 0.147 0.026 0.061 0.724
WS -0.204 0941 014 -0.004 0.068 -0.133 0.969
WD 0.079 -0.14 -0971 -0.02 -0.049 0.116 0.985
CD -0.078 0.013 -0.018 -0.985 0.075 -0.093 0.992
TOG 0.044 -0.057 -0.046 0.073 -0.991 0.021 0.996

CS -0.113 0127  0.117 -0.098 0.022 -0.972 0.998



https://doi.org/10.20944/preprints202502.0954.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 February 2025 d0i:10.20944/preprints202502.0954.v1

12 of 18

Var. 14393 1.0542 1.0322 1.0081 1.0019 0.9973 6.5329
% Var. 0206 0.151 0.147 0144 0.143 0.142 0.933

The training set was divided into two clusters based on the occurrence of an oil film: one set
comprising all cases where oily features were detected and another containing cases where no
detection of oily features occurred. For the dataset that included only cases with detected oil films,
the rotated factor scores were transformed into a response surface array. The P, values previously
obtained using the Random Forest method were stored as the responses for this array. Subsequently,
the model was analyzed using the weighted least squares algorithm, an approach that has been
successfully applied in prior studies [51, 52].

The obtained model for P,; can viewed in Eq. (14).

Prrc = 0.91835 + 0.05445F, — 0.10487F, — 0.05100F,
—0.04612F, — 0.07502F5 + 0.01667F
—0.1126F; — 0.10042F5 — 0.10987F% (14)
+0.0296F,F, — 0.13547F,F5
+0.19621F;F,

To gain a deeper understanding of the effects associated with each variable, the response
optimizer available in Minitab was employed. A target value of 0.4 was set for P,s, with all factors
held constant except for one, which was allowed to vary at a time. This approach aimed to isolate
and assess the impact of each variable on P, as illustrated in each row of Fig. 7.

Factor Desirability
F1 F2 F3 F4 F5 F6
2,6518 2,1229 1,5215 29837 1,7971 1,7034
[-1,9260] [-0,5086] [0,2056] [-1,9637] [0,7189] [1,5534]
-1,9260 -2,2327 -2,8253 -2,0937 -3,6510 -3,0998
F1 F2 F3 F4 F5 F6
2,6518 21229 1,5215 29837 1,7971 1,7034
[-0,1762] [2,1229] [0,2056] [-1,9637] [0,7189] [1,5534]
-1,9260 -2,2327 -2,8253 -2,0937 -3,6510 -3,0998
| I | ‘ |
F1 F2 F3 F4 F5 F6
2,6518 21229 1,5215 29837 1,797 1,7034
[-0,1762] [-0,5086) [-2,8253] [-1,9637] [0,7189) [1,5534]
-1,9260 -2,2327 -2.8253 -2,0837 -3,6510 -3,0998
F1 F2 F3 F4 F5 F6
2,6518 21229 1,5215 29837 1,797 1,7034
[-0,1762] [-0,5086] [0,2056] [2,9837] [0,7189] [1,5534]
-1,9260 -2,2327 -2,8253 -2,0937 -3,6510 -3,0998
F1 F2 F3 F4 F5 Fé
26518 21229 1,5215 29837 1,7971 1,7034
[-0,1762] [-0,5086] [0,2056] [-1,9637] [1,7971] [1,5534]

-1,9260 -2,2327 -2,8253 -2,0937 -3,6510 -3,0998
| | | -~

F5
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-1,9260 -2,2327 -2,8253 -2,0937 -3,6510 -3,0998

Fé6

Figure 7. Desirability results varying one factor at a time.

The contour and surface plots presented in Fig. 8 illustrate the behavior of P_os based on the
factors WS and CS, with all other variables held constant. Three distinct scenarios were analyzed: (a)
TOG level set to the first quartile value (Q; = 9,33333), (b) TOG level set to the median (Q, =
11,8045), and (c) TOG level set to the third quartile value (Q; = 15,45835). Additionally, (d) the
response surface for the P_os model is depicted, providing a comprehensive visualization of the
variable interactions and their influence on P,;.
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Figure 8. Contour and surface plots for the occurrence and detection probability model.

The relationship between the original variables and the factors can be viewed in the models

presented from Eq. (15) to Eq. (21).
WD =114,49 + 7,02F, — 986 F, — 91,35 F;

— 1,656 F, — 4,589 F; (15)
+10,83 F,
WS =5,3021 — 0,5024 F, + 2,2457 F, + 0,4079 F;
— 0,0182F, (16)

+0,1734 F; — 0,3361 F,
CD = 186,878 — 4,447 F, — 0,679 F, — 0,386 F;
— 58,341F, 17)
+ 4,453 F; — 5,550 F,
CS = 0,49233 — 0,03385 F, + 0,04149 F,
+ 0,03319 F; — 0,02878 F, (18)
+0,00650 F; — 0,28887 F,
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WWD = 118,75 + 4553 F, — 31,25F, — 10,17 F,

+ 853F, + 1,77 Fs (19)
+ 3,62 F,
PP =10,576 + 2,2512F, + 0,155F, — 0,0102 F,
+ 0,0162 F, (20)

—0,1826 Fs + 0,2263 F,
TOG = 11,4212 + 0,2052 F, — 0,3319F, — 0,1676 F,
+ 0,3209 F, (1)
— 4,4034 F5 + 0,0913 F,

4.3. Extension of the oil film

At this stage, factor analysis was not performed as previously mentioned. It is important to
emphasize that the dataset used here differs from the one employed in section 4.2 since data without
the occurrence of an oily feature were excluded. The linear model demonstrated good performance,
prompting the conversion of the data into a customized full factorial array. Table 5 presents the coded
coefficients associated with each term of the linear model, along with the p-values obtained through
the WLS algorithm. The model achieved R? and RZ;; values of 86.78% and 86.7%, respectively,
indicating a good fit to the data.

Table 5. Coefficients for the oil film size model.

Term Effect Coeff SE Coeff T-Value P-Value VIF

Constant 3,818 0,103 37,24 0,000
WD -1,655 -0,827 0,107 -7,72 0,000 1,57
WS -5,234 -2,617 0,186 -14,04 0,000 1,79
CS 4,066 2,033 0,156 13,06 0,000 1,61
PP -2,522  -1,261 0,139 -9,05 0,000 1,89
TOG 1,823 0,912 0,13 7,03 0,000 3,16

Since the model does not include interactions or quadratic effects, it was possible to evaluate the
main effects plot presented in Fig. 9. The plot reveals that higher values of WD, WS, and PP are
associated with a decrease in the mean extension of the oil film. On the other hand, increases in CS
and TOG lead to a greater extension of the oil film. These observations highlight the distinct impact
of each variable on the phenomenon under study.

WD Ws [ PP TOG

Mean of Oil Slick Size
A
/
//
o

03 3557 173 133 0,05 14 6,06 1655 4,1667 28,3077

Figure 9. Main effects plot for the oil film extension.

The regression equation in uncoded units can be viewed in Eq. (X).

Oil slick extension
=7,516 — 0,004655 WD — 0,5452 WS + 2,990 CS — 0,2404 PP (21)
+ 0,0755TOG

5. Discussion and Conclusions
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The primary objective of this study was to investigate the influence of meteoceanographic
variables and total oil and grease (TOG) levels on the occurrence, detection, and extension of oil films
in an offshore oil processing platform. Key predictor variables included wind direction (WD), wind
speed (WS), current direction (CD), current speed (CS), wind wave direction (WWD), peak period
(PP), and TOG values.

The initial phase focused on evaluating the performance of five classification methods: random
forest (RF), k-nearest neighbors (KNN), multi-layer perceptron (MLP), binary logistic regression
(BLR), and support vector machine (SVM). The objective was to predict the binary outcome of oil film
occurrence. To ensure robustness, the dataset was split into 50 different training and testing sets, with
metrics such as accuracy, specificity, and sensitivity computed for each iteration and averaged for
comparison. Among the evaluated methods, RF consistently demonstrated superior performance,
achieving the highest scores across the evaluation metrics.

The RF model produced a highly satisfactory confusion matrix and a strong area under the ROC
curve, indicating reliable classification performance. Variable importance analysis revealed that WS
was the most influential factor for class separation. To further investigate the effects of input
variables, factor analysis was performed, and rotated factor scores were converted into a central
composite design (CCD) array. The probabilities of oil film occurrence and detection served as
response variables for this design. Optimization through the desirability technique highlighted key
findings: higher values of WS, WD, and CS were associated with a lower probability of oil film
occurrence and detection, whereas higher TOG, PP, WWD, and CD values increased this probability.

The study also explored the relationship between predictor variables and the extent of oil films.
Observations with detected oil films were transformed into a full factorial design to assess main
effects. The analysis revealed a clear pattern: higher values of CS and TOG led to an increased
extension of the oil film, while higher values of WS, PP, and WD were associated with reduced oil
film extension. These findings provide valuable insights into how environmental and operational
factors influence oil spill dynamics and can support more informed decision-making in offshore oil
platform management.
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