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Abstract

The refinement of petroleum products of crude oil constitutes a
pivotal aspect of modern society, as these products are extensively utilized
across numerous industries and sectors. Efficient profiling of petroleum
products is of paramount importance, as it plays a crucial role in quality
control, environmental protection, and adherence to the ever-evolving
market demands.

This study has the potential to substantially influence the oil-based
industry through its nuanced profiling of five petroleum products,
including Diesel, Kerosene, Gasoline, Fuel, and Lube Base Oil.

For profiling petroleum products through Fourier Transform Infrared
(FTIR) data, this study implements a cutting-edge machine learning (ML)
methodology, specifically an ensemble of one-class classifiers (OCCs).
The OCCs can overcome the imbalanced issue, class overlap, in-sample
noise, and outlier identification. Six OCCs were compared, and each
consisted of a different base classifier, which are One-class Support Vector
Machines (OCSVM), Gaussian Mixture Models (GMM), Isolation Forest
(IF), Principal Component Analysis (PCA), Local Outlier Factor (LOF),
and K-Nearest Neighbor (KNN). The OCCs were validated against
Artificial Neural Networks (ANN).

The accuracy results indicate that the GMM-based ensemble achieved
the highest performance across all evaluation metrics, followed by
OCSVM-based and LOF-based ensembles with 0.936, IF-based ensemble
with 0.908, KNN-based ensemble with 0.899, and PCA-based ensemble
with 0.871. Each of the ensembles outperforms the ANN classifier, which
struggled with imbalanced data, achieving an accuracy of 0.441. Some of
the used methods are sensitive to high dimensional data, therefore the

experiments were also done with dimension reduced FTIR data using an
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optimized Autoencoder. The results showed a huge drop in the
performance of OCSVM-based, a slight drop for GMM-based, PCA-based,
and IF-based OCCs, and remained the same for LOF-based and KNN-
based.

This study empowers ML for important implications for the oil
industry, as it provides versatile, robust, and effective maneuvers for
employing it for profiling petroleum products. The results of this study
provide valuable insight into the strengths and weaknesses of the different
OCCs that may assist practitioners in selecting the most appropriate

classifier for their specific problem.




Acknowledgments

I am grateful to Dr. Riadh Ksantini and Dr. Sawsan Hilal for their
support and encouragement during this work. Their guidance and feedback
were instrumental in shaping my research and refining my writing.

Also, I would like to extend my appreciation to my colleagues who
assisted me from the outset of this study and I am immensely thankful to
my family for their unwavering endurance and tolerance during the

program.




Table of Contents

Defense Committee's APProval...........c.ooeveeveveeeeeereeeeeeeeeeeeeennn, A
ADSITACT ...ttt B
ACKNOWIEAZMENLS .....veeviiieiiriieieceeeee e, D
Table Of CONLENtS......coceveiiiiriieiicteceee e E
LiSt Of TabIES ...ttt G
LiSt Of FIGUIES ...uveuitiieieeietececeeeeec et H
List of AbBIreviations ..........ccceieveueuieeeereeeeiieece e ee e, I
Chapter One Introduction to the Study..........cceeuereervrverererennen. 2
1.1. Background and Research Problem...............coovoveeereeeenennne.. 2
1.2. Research ObJeCtiVeS......cuvuiviveeiieieeeeiceeeeeeeeee e, 5
1.3. Research SignifiCance.........cooivuiiiieiveieeeeeeeeeeeeeeeeeeeeeeees e 6
1.4. TheSIS SrUCLUTE .....c.ovveviirieireeeceeec e, 7
Chapter Two Literature RevieW.........ccccoveverererneereeresesneseseenens 9
2.1. Introduction to One-Class Classification................c.cceveuen..... 9
2.2. One-Class Classification Ensembles .............c.ccoeveveeveeenenn.... 12
2.3. ML with Spectroscopic Data ............c.ccoevveeeeeeeeeeeeeeeennn, 14
2.4, SUIMMATY ..vivtiieiietieteeee ettt et eer e e es e, 18
Chapter Three Methods and Procedures...........coueeuerververeerenes 20
3.1. OCC APPIOACHES ...veueveieierieeereeeeeeeeeeeeeeee et 20

3.1.1. Gaussian Mixture Model ............cooooveovevereneeeeeeeereann. 20

3.1.2. One-Class Support Vector Machines ...............ocoeue...... 21

3.1.3. Is0lation FOTest ......cccovivveuivieriiecececcecceeeceeeee e 23




3.1.4. Local Outlier FaCtOT.....cceeeeeeeeee oo 24

3.1.5. K Nearest Neighbors .........coovvviiieeeeeeeeeeeeeeeeeeeer e, 25
3.1.6. Principal Component AnalysiS...........cooveeeeereeeeeerveereennn, 25
3.2. Ensemble TeChnique...........cccovvveeieveieeeeeeeeeeeeeeeeeeeeeeean, 26
3.3. Multiclass Classifier and Dimension Reduction ................... 28
3.4. Evaluation MetriCS.........cvvuereueeveriieieeiceeeeeeeeeeeeeee e, 30
Chapter Four Data, Results and Discussion.............cceeveuee.. 33
4.1, Study Data .c..c.oeveeieiieiieiieeeeeeeeeee e 33
4.1.1. Data Collection and Prerecession............cceeuveeeeveeennn.. 33
4.2. Experiment ProtoCol..........c.ocovvviiuiiieeeeeeeeeeeeeeeee oo 38
4.3  RESUILS ..ottt 40
4.3.1. Training Phase OCCS .......c.coocvivveeierieeeeeeeeeeeeeeenns 40
4.3.2. Computation Time Assessment of OCCs..........ouo.......... 47
4.3.3. Testing Phase OCCS .........cooveeeeiveeeeieeeeeeeeeeeeeeeesenan 48
4.3.4. ANN FINAINGS.....cooviiiiiriiiciiciicicieeeee e eenanns 60
4.4, DISCUSSION ....euveuirerietietetietereeteeee ettt ee et et eeeseeenesens 61
Chapter Five Conclusion and Future WorK.........coccoeeverveunenene 65
5.1, CoNCIUSION .....uiiiiiiieieteeet e, 65
5.2. FUtUT€ WOTK . ..oouiiiiiieieiieeeee e, 67
RELEIENCES. ..ottt eee s 68
APDPENAICES. ...ttt ettt eeeeeeee e eeeeens
Oadldl Lot




List of Tables

Table (1) FTIR spectra composition r€gions. ..........cceveeeeveverseerenenn... 4
Table (2) Products data distribution ..............ccoeeeveeeeeveeeeeereanan, 34
Table (3) Multiclass classification products encoding..................... 40
Table (4) OCCs Training findings with full FTIR ...........cocoeveur...... 41
Table (5) Average OCC training results using full FTIR................ 42
Table (6) OCCs Training results using dimensionally reduced FTIR
................................................................................................................... 44
Table (7) Average OCC training results in dimensional reduced FTIR
................................................................................................................... 45
Table (8) methods’ computation time ..........cccoveveeeeveeeereeereeereinnn. 47
Table (9) Testing phase SamPlEs ...........coveveeevreveeeeereeereeeereererenn 48
Table (10) Full FTIR OCCs ensembles findings.............cocvvvn...... 49
Table (11) Full FTIR average OCCs ensembles findings ............... 50
Table (12) Original FTIR OCCs ensembles Mahalanobis distance
FINAINGS.....ooiiiiiicc ettt et et 51
Table (13) Dimensionally reduced FTIR OCCs ensembles findings
................................................................................................................... 55
Table (14) Dimensionally reduced FTIR OCCs ensembles average
AINAINES. ...ttt ettt 56
Table (15) Dimensionally reduced FTIR OCCs ensembles
Mahalanobis fINdINgS.......cc.ivviieiiiiiiiiiceee e 57
Table (16) ANN training findings .........c.occoveveveeveeeereeeeeeeeererennn, 60
Table (17) ANN testing findings ............c.oeveeeeeeeeeeeeeesereeeeenan, 60




List of Figures

Fig. 1 OCSVM target class separation (Maglaras & Jiang, 2015)..22

Fig. 2 Isolation process (Esra Kin, n.d.) .....c.ccooveveeeveeeeeeeerereenn, 24
Fig. 3 OCCs ensemble approach Stages..............coeveeeeveeeeevrereenennn. 26
Fig. 4 PCA first and second principal components representations
before and after S-G......ooeieieiiiiiiicceeeee e, 36
Fig. 5 Products spectra after preprocessing visualization ............... 37
Fig. 6 Testing and training phase data splitting...............c.coevev.n..... 39
Fig. 7 Average OCC training results using full FTIR ..................... 42
Fig. 8 Average OCC training results in dimensional reduced FTIR
................................................................................................................... 45
Fig. 9 Full FTIR OCCs ensembles average performance before
MaRalanobis.........c.cocoviriiniiiiiee et 52
Fig. 10 Full FTIR OCCs ensembles average performance after
Mahalanobis...........cccoviiirreiiceeeee e 52
Fig. 11 Reduced FTIR OCCs ensembles average performance before
MaRhalanobis.........c.cocoiiirieiieieeceee e 58
Fig. 12 Reduced FTIR OCCs ensembles average performance after
Mahalanobis..........c.cccoiiiiiniii e 58




List of Abbreviations

GC

LC

IR

FTIR
ML
OCCs
AUC-ROC
OCSVM
GMM
IF

PCA
LOF
KNN
ANN
0CC
SVM

SVDD
KW-KPCA
AANN
OovO

OVA
ECOC

DT

LIBS

LDA

Gas Chromatography

Liquid Chromatography

Infrared

Fourier Transform Infrared

Machine Learning

One-Class Classifiers

Area Under the Receiver Operating Characteristic Curve
One-class Support Vector Machines
Gaussian Mixture Models

Isolation Forest

Principal Component Analysis

Local Outlier Factor

One-class K-Nearest Neighbor
Artificial Neural Networks

One-Class Classification

Support Vector Machines

Radial Based Function

Support Vector Domain Description
Kernel Principal Component Analysis Kernel Whitening
Auto-Associative Neural Network

One Verses One

One Verse All

Error Correcting Outputs Code
Decision Templates

Laser-Induced breakdown spectroscopy

Linear Discriminate Analysis

I




SVC
OPLS-DA
BPNN
S-G
LSR
GILS
SVR
RSME
kNN
DS
SIMCA
EM
PDF
MLP
ReLLU
CSV
CV

Support Vector Classifier

Orthogonal Partial Least Square-Discriminant Analysis
Back Propagation Neural Networks
Savitzky—Golay

Least Squares Regression

Genetic Inverse Least Squares

Support Vector Regression

Root Mean Squared Error

k nearest neighbour

Direct Standardization

Soft Independent Modelling of Class Analogy
Expectation-Maximization

Probability Density Function

Multilayer Perceptron

Rectified Linear Unit

Comma Separated Values

10-fold Cross-Validation




Chapter One
Introduction to the Study

1.1. Background and Research Problem
1.2. Research Objectives
1.3. Research Significance

1.4. Thesis Structure




Chapter One
Introduction to the Study

1.1. Background and Research Problem

Fundamentally, crude oil is a blend of hydrocarbons and other
chemical substances that has been formulated over the years from the
remains of dead organisms (diatoms) that existed on the Earth's planet
millions of years ago. Crude oil is mined from the underground sediments,
and then it is passed through an intense refining process to increase the rate
of chemical reactions, and it is undergone different operating conditions to
extract a variety of petroleum products, including fuels, lubricants, and
petrochemicals, each with its unique applications (Peters et al., 2007).

Practically, profiling petroleum products is a crucial task for the oil-
based industry with a continuous operation and escalating demanding
international market. Indeed, identifying and labeling these products will
help ensure safety within the industrial processes of handling, retaining,
and storing. Moreover, profiling petroleum products complies with the
local regulations of quality control and the specifications of the demanding
markets. Undoubtedly environmental protection is another important
aspect where the source of leakages and spills is effortlessly determined
(Yang et al., 2017). However, Wauquier (1995) emphasizes that profiling
petroleum products is a challenging task due to the common chemical
nature of these products. The existing approaches usually require analytical
investigations such as looking at the physical properties of the products
besides their chemical properties or using spectroscopy, Gas
Chromatography (GC) or Liquid Chromatography (LC), rheology, etc..

Ultimately, the use of any existing approaches is dependent on the

product type and availability of equipment and expertise. This can be
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further complicated by the fact that measuring only one or two
physicochemical components may not provide accurate classification,
leading to additional analytical efforts. One of the commonly used
approaches for identifying petroleum products is spectroscopy, which is a
powerful tool for analyzing chemical composition. It is still widely used
due to its high sensitivity and specificity, such as the Infrared (IR)
spectroscopic. Basically, IR is a type of electromagnetic radiation that lies
within a certain wavelength range. It transmits the radiation at each
wavelength through a defined amount of sample. The energy is absorbed
by chemical bonds within the sample, then it prints out the sample's
chemical compositions at each wavelength, called spectra. Typically, the
wavelength range of IR is between about 0.78 micrometers (um) and 1000
micrometers (Jm), which corresponds to wavenumbers of about 12800 cm-
"and 10 cm™ (Skoog et al., 2017). In particular, Fourier Transform Infrared
(FTIR) spectroscopy typically operates in the mid-infrared range, which is
between 4000 cm™ and 400 cm™, and it can be applied to different sample
forms such as liquids, solids, and gases. It analyzes and detects a variety of
functional groups, including hydrocarbons. FTIR spectra can be broken
down into four regions, each of which exhibits specific chemical
representations. These regions, starting from 4000 cm™ to 400 cm™,
include single, triple, and double bonds stretch, as well as the fingerprint

region as demonstrated in Table 1 (Thomas et al., 2017).




Table (1) FTIR spectra composition regions

) O-H s,‘)tf‘etchiﬁ.gw (alcohdil(s‘;ﬁ acids)
Snﬁgée il?)gnd 4000-3000 N-H stretching (amines, amides)
y C-H stretching (alkanes)
Triple Bond 3000-2000 c=C stretchi.ng (al¥<y'nes)
Region N=N stretching (nitriles)
C=C stretching (aromatics)
Double.Bond 2000-1500 C=0 stretching (aldehydes, ketones)w
Region ;
P=0 stretching (phosphates)
C-H bending (all compounds)
) ) C-O stretching (alcohols, esters)
Flﬁi;gﬁm 1500-400 C-N stretching (amines, amides)
O-P-O stretching (phosphates)
Fingerprint region (unique patterns)

The complexity of the output data, the instrument sensitivity, and the
background environment hinder the accuracy of FTIR and end up with
invalid assistance to an analyst in differentiating between petroleum
products. The aforementioned factors trigger the need to improve the
current approach within the oil industry to enhance the time and labor
consumption, reduce personal bias, and simplify interpretation to achieve
the highest possible accuracy. This is the reason behind the recent interest
in the advances of artificial intelligence and particularly machine learning
(ML) as tools to solve oil industry problems. Specifically, there has been a
rising interest in coupling ML with IR spectroscopy for a variety of
applications such as adulteration detection, identifying oil origin,
chemicals concentrations, products, and chemicals classification (Brown et
al., 1975).

It is worth mentioning that the utilization of ML in spectroscopy
applications is still limited within the oil industry field, and many of the
well-documented issues of the relevant data, such as handling imbalanced

data, a small number of samples, and reducing noise in samples are missed
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or poorly handled. Moreover, the implemented ML models are restricted
to standard classifiers. Therefore, to account for all these deficiencies in
the related literature, the current study focuses on classifying five
petroleum products, these products are Gasoline, Diesel, Kerosene, Fuel
Oil and Base Oil where the products’ spectroscopic analysis data has been
done and collected by the researcher from a well-recognized oil company
and validated by the field experts. The analysis was based on FTIR spectra
of the products with the use of an ensemble of multiple One Class
Classifiers (OCCs) such that training each classifier on each class provides
an efficient technique for handling the imbalance issue of the data instead
of using the commonly used technique of implementing artificial data

augmentation.
1.2. Research Objectives

The following are the objectives of the current research,

1. To impose ML techniques to profile petroleum products based on
their FTIR spectral signatures.

2. To compare different base methods for the OCCs ensemble by
evaluating their classification performance across the imbalanced
dataset using a range of objective evaluation metrics, such as
accuracy, precision, recall, F1-score, and area under the receiver
operating characteristic curve (AUC-ROC).

3. To investigate the impact of the dimension reduction technique,
Autoencoder, on the performance of OCCs ensembles in profiling
FTIR spectra of petroleum products.

4. To assess the validity of the OCCs ensemble in overcoming
imbalanced FTIR data by comparing it against a multiclass

classifier.




1.3. Research Significance

The study contributes to the oil industry by assembling multiple OCCs
for profiling petroleum products based on their FTIR spectra. More
specifically, a comparison between six OCCs ensembles with a variety of
function-based categories has been conducted. The ensembles were based
on One-class Support Vector Machines (OCSVM), Gaussian Mixture
Models (GMM), Isolation Forest (IF), Principal Component Analysis
(PCA), Local Outlier Factor (LOF), and K-Nearest Neighbour (KNN). The
study obtains the effectiveness of the used OCCs ensemble procedure to
mitigate the imbalanced data issue, and it adds more robustness to class
overlap. Furthermore, the study procedure incorporates distance
approaches to ensure generalization and prevent an equal probability of
sample class. Accuracy, F1-Score, AUC-ROC, precision, recall, and
model's consumed training time, are the performance evaluation metrics
that have been used in this study experiments. To further validate the utility
of the OCCs ensemble method, a comparison was conducted against
Artificial Neural Network (ANN) multiclass classifier. Overall, this work
provides a comprehensive approach to profiling petroleum products using
OCCs ensembles with FTIR spectroscopy, which can potentially improve
the accuracy and efficiency of the profiling process and contribute to the
oil industry. Unlike other studies that use multivariate techniques or
standard classifiers that rarely address the imbalance issue, this study takes
an innovative approach to profiling petroleum products by utilizing OCCs
ensembles with FTIR spectroscopy. This approach addresses common
challenges in the field, such as imbalanced data, noise, and sample overlap,

which can improve the accuracy and efficiency of the profiling process




1.4. Thesis Structure

The rest of this report is structured as follows. Chapter Two reviews
the related work. Chapter Three describes the implemented methods
along with the performance metrics. The main findings of the current study
are collected and discussed in Chapter Four, while Chapter Five

concludes the study and highlights some directions for improvement.
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Chapter Two

Literature Review

This chapter presents a comprehensive review of the related work.
Specifically, the first section introduces the concept of one-class
classification (OCC), followed by the second section, which explores
OCCs ensembles. The third section is an overview of the research carried
out using spectroscopic data. Finally, the chapter ends with a summary of

all the reviewed work.
2.1. Introduction to One-Class Classification

OCC is an unsupervised machine learning approach in most cases,
requiring only one class of data to be trained or modeled with. In OCC
research, terms such as positive class, target class, inlier, and normal class
are used interchangeably, referring to the class of interest, while on the
other hand, terms such as negative class, outlier, and anomaly are used to
refer to the encounter class, depends on the attacked problem. Wenzhu et
al. (2019) emphasize on OCCs are to be classified into three distinct
categories: density-based, boundary-based, and reconstruction-based
methods. However, the objective of an OCC is strictly to surround the
positive class data points together in the most proper form that enables it
to distinguish between positive and negative class examples. Therefore, as
it only requires one class to work, it becomes effective in cases where
noise, outliers, and imbalanced data issue or unknown distribution class
within the data is presented. In these cases, most of the typical multiclass
classifiers suffer and lack performance. Nevertheless, OCC still can face
difficulties as much as multiclass classification methods such as high
dimension, small datasets, and data complexity, and hence needs to be

handled using the most optimum techniques.
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OCC is extensively implemented in detecting irregularities across
various domains, including industrial, medical, military, security, food
services, and more. OCC has proven effective in detecting frauds, spam,
unusual traffic flows, abnormal process conditions, medical diseases,
impurities, image classification, unwanted objects, and more.

In 1999 that one of the earliest works on OCC was introduced by
Scholkopf et al., where they used the boundary concept of Support Vector
Machines (SVM) algorithm to describe the data within a hyperplane to be
as one similar class, and whatever is projected outside that hyperplane is
considered as an outlier, the approach's named as One-Class Support
Vector Machines, OCSVM. The model can handle linear or nonlinear high
dimensional data with different kinds of distribution because of the special
kernel function property. Although the choice kernel function can be a bit
intensive, both Li et al., (2021) and Zheng et al., (2021) in their overview
found that Radial Based Function (RBF) to be as the most common and
robust choice as a kernel function for OCSVM in complex cases.

The density-based approach, LOF, was proposed by Breunig et al.
(2000), where a prototype is considered an outlier if its local density is
substantially lower than its neighbors' local density. This functionality
based helps in detecting in-class outliers and makes it immune to the high-
dimensional curse.

Figueiredo and Jain (2002) presented the GMM as OCC or anomaly
detection method, which calculates the probability of the data that fits the
target class normal distribution; those with low probability are classified as
outliers.

On the other hand, PCA is a well-known unsupervised dimension
reduction method, Shyu et al. (2003) demonstrated the effectiveness of
PCA in anomaly detection with real high-dimensional datasets. The
method catches that maximum variance of the data using principal

10




components and projects it onto lower-dimensional subspace where a
multivariate Gaussian distribution is applied. Then, by using Mahalanobis
distance, points that are far from that subspace are considered outliers.

Breunig et al. (2002) presented the OCC approach using KNN.
Simply, the concept implies that the anomaly is any point with the highest
average distance to its neighbors. Applied by Gyunka and Barda (2020) in
Android malware detection, it showed 88.5% overall accuracy.

Binary trees were each constructed by splitting a feature value into
two portions, each representing positive and negative classes. This IF
method was presented by Liu et al. (2008) and had to be optimized by
selecting a fixed splitting point using specific separation criteria between
the two portions.

Moreover, Hayashi and Fujita (2022) have provided a comprehensive
overview of the performance of OCC models on the aspects of high
dimensionality and imbalanced data issues. Their findings indicate that
despite the superiority of OCC models over conventional binary classifiers
with and without data augmentation techniques, selecting the most suitable
OCC model remains a formidable task. Specifically, they compared the
performance of GMM, OCSVM, IF, and LOF, and discovered that
OCSVM's performance decreases with increasing data dimensions when
compared to GMM, IF, and LOF. The effectiveness of OCSVM for
petroleum product profiling can be affected by its complexity, as shown in
a study by Deng et al. (2018) that compered one-class and binary classifiers
in land type identification. The study found that OCSVM failed to produce

satisfactory results due to its sensitivity to parameter optimization.
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2.2. One-Class Classification Ensembles

Owing to the appearance of multiclass models' low performance and
computing complexity in some cases, the interest in implementing OCCs
ensemble to boost the multiclass classification performance by easing most
of the common issues such as overfitting, imbalanced data, in-class noise,
and overlap. OCC allows us to concentrate on each class and its unique
characteristics by revolving the model around it. More precisely, the
concept relies on training and tuning OCC on one target class and
considering other classes to be outliers. Assembling OCCs depends on
three factors: classifiers' base, decomposition method of the problem, and
final outputs aggregation approach.

In a few studies where the aggregation is dependent on the OCC base
model, such as in Ban and Abe (2006) work, the OCCs ensemble
implementation was evaluated by experimenting with two algorithms,
Support Vector Domain Description (SVDD) and Kernel Principal
Component Analysis based Kernel Whitening (KW-KPCA), in solving
multiclass problem against pairwise SVM. Pairwise SVM is an ensemble
of multiple binary classifiers that have been trained on each pair of classes.
Due to the boundary-based of the classifiers, they imposed simple
aggregation of the results by computing the distance of the projection to
cach classifier's hypersphere canter and assigning it to the class with the
minimum distance value. However, this approach is applicable when using
boundary-based algorithms.

Schaefer (2017) has proposed the use of boundary-based ensembles
of one-class classifiers. In this approach, the distances between samples
and decision boundaries are transformed into a support function, enabling
the fusion of base classifiers based on parameters such as the mean of

estimated probabilities.
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In their research, Krawczyk and Wozniak (2015) addressed the
challenge of imbalanced data in the medical domain by employing a
hierarchical ensemble of one-class classifiers. The ensemble was designed
to classify patients with essential or secondary hypertension, with a mere
5% of cases being attributed to the latter. These 5% were further sub-
categorized into five different types based on their underlying causes. To
overcome the issue of imbalanced data, Krawczyk and Wozniak compared
various multiclass classifiers with and without a data augmentation
process. Their experimental findings confirmed the effectiveness of the
proposed hierarchical one-class classifier ensemble, which could be a
valuable tool for real-world medical decision support systems.

In Hadjadji et al. (2014) study, the ensemble system included three
OCC classifiers from different groups, which are KNN, Auto-Associative
Neural Network Classifier (AANN) and OCSVM. Furthermore, due to the
classifiers’ different bases, the researchers approached the ensemble
aggregation by using the maximum prediction value of each classifier.
Despite the apparent extensive effort in the training phase, the performance
of their system varied when experimenting with different datasets, which
indicates a lack of model generalization.

Nevertheless, different OCCs decomposition methods such as One
Verses One (OVO), One Verse All (OVA), Error Correcting Outputs Code
(ECOC), and Decision templates (DT) were experimented with by
Krawczyk et al. in their work published in 2015 and 2018. Their work
indicated that the most common and robust one is OVA, of which OVA
decomposition includes classifiers as much as the number of classes in the
problem. Then assigning a class to any new projection depends on the
aggregation methods of the ensemble outputs, which is considered the

central challenge of the OCCs ensemble.
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2.3. ML with Spectroscopic Data

From the ML view, the spectroscopic is considered a low-data domain
with high-dimensional and continuous-value features. Previous works of
ML with spectroscopic data were found in many fields for a variety of
tasks, quantitative and qualitative, such as classifying, measuring
concentrations, clustering unknown items, and more.

A study by Gyftokostas et al., (2021) focused on differentiating olive
oil samples from different regions and mixtures of them. Laser-Induced
breakdown spectroscopy (LIBS) and absorption spectroscopy data both
were experimented with by the researchers using linear discriminate
analysis (LDA) and support vector classifier (SVC). Depending on the
discrepancy of the samples' geographical features, LDA and SVC
succeeded in classifying the samples into four groups, three were the
origins, and the fourth indicated the mixture. The study showed that the
dimension reduction of both spectroscopic data types would not affect the
performance of the classifiers.

In a different application, Calle et al. (2022) conducted a study
concerning fruit juice adulteration, which is a vast practice that can either
improve the quality and taste or reduce the cost for more profitable gain.
In this regard, the researchers experimented with LDA, Random Forest
(RF), and SVC on 76 of 3 juice types and 108 adulterated samples. The
results showed adequate classification of juices and adulteration detection
based on their FTIR data. Similarly, Sen et al. (2021) considered milk
adulteration practices by using orthogonal partial least square-discriminant
analysis (OPLS-DA) and succeed to discriminate in between FTIR of
buffalo, goat, and cow milk, in addition to differentiating pure and mixture

milk.
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On the other hand, Zhu and Xu (2020) were persistent to back
propagation neural networks (BPNN) in classifying FTIR walnut samples,
including ten different types from many origins. The study focused on
comparing five classifiers using different data subsets. BPNN showed to
have the best performance.

Houston et al. (2020) analyzed 230 Raman Spectra of solvent and
non-solvent chemical mixtures, including unexpected outliers’ data in the
test set to evaluate the performance of OCCs on the original data, which
are driven instances of a negative class from different distribution forms.
They observed that the presence of outliers and the effective detection of
these outliers by OCCs such as Autoencoder and denoising Autoencoder
led to the development of a two-step classification approach, where OCC
models allow inliers to pass through to be classified by binary classifiers
later. The researchers noted that binary classifiers can outperform OCCs
when trained with efficiently labelled data, regardless of imbalanced
issues, but their performance drops when outliers are present in the test set.
Although the researchers noted that OCC is more compelling than binary
or multiclass classification due to the supported decision-making from only
one side, still needed as limited labelled training instances and acquisition
challenges are found. Furthermore, the study did not address the issue of
imbalanced data.

In the medical sector Korb et al. (2020), prior to binary classifying of
FTIR serum data, applied efficient preprocessing for correcting and
smoothing the FTIR spectra curves such as Savitzky—Golay (S-G) filter,
multiplicative scatter correction, etc., the researchers were able to prove
the feasibility of FTIR paired with deep learning strategies to investigate
allergic mice or human from healthy ones.

In the microbiology field, FTIR was used to measure sucrose

concentrations and identify with or without bacteria samples. At
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classifying with/without bacteria, using ANN and SVC, a performance
drop was noticed when applying PCA for dimension reduction; other than
this, both classifiers performed very well.

A study was conducted by Sakalli (2021) comparing Least Squares
Regression (LSR), Genetic Inverse Least Squares (GILS), and a
combination of them for discovering pure and blended Gasoline parameters
depending on the FTIR spectra. The study results indicated that there was
no preprocessing performed, such as smoothing, noise eliminating, etc.,
except for the extraction of small spectral regions, and a general
unsatisfactory with the relevant results could be due to the narrowed
amount of data.

Another experiment of LSR and GILS was done by Sentiirk (2020)
for determining the hydrocarbon composition of a petroleum product,
Naphtha, by analyzing FTIR data samples. The researcher excluded certain
spectral regions from FTIR data where readings are nonsense, above the
limit, and noisy, which can cause a nonlinearity issue that conflicts with
Beer's law regarding the chemical absorbance and concentration linearity
relationship. PLS showed a more accurate prediction at most of the
composition parameters.

Yu et al. (2022) considered the nonlinearity within the spectroscopic
data and applies a novel model which has been compared against PLS and
support vector regression (SVR) for defining petroleum properties. The
model was an improved version of Genetic Programming combined with
PLS. It was experimented with three datasets, each representing a specific
petroleum product: Diesel, Gasoline, and Kerosene. Based on R2 and Root
Mean Squared Error (RSME) reading, the model outperformed PLS on all
datasets and two out of three when compared to SVR.

A pattern recognition study enabling crude oil quality evaluation
(Lovatti et al., 2019) presented 66.7% compatibility when using PCA and
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k nearest neighbour (kNN) when profiling crude oil samples into clusters
of similar qualities.

Silva et al. (2015) directed their attention toward differentiating
Brazilian Gasoline from foreign ones, specifically those from Venezuela
and Peru. They acquired a total of 126 Gasoline samples, which were
analyzed using three different FTIR instruments. To align the FTIR data
points and reduce misrepresentation, the researchers employed the direct
standardization method (DS). Furthermore, in order to identify the
Brazilian Gasoline samples, the researchers employed the PLSDA and Soft
Independent Modelling of Class Analogy (SIMCA) methods. Prior to the
modelling process, the spectra were smoothed using the Savitzky-Golay
filter, and PCA was used to optimize the filter’s parameter, ensuring that
any outliers were minimized during the smoothing process. They
approached the experiment in two ways. The first way involved training
models on data obtained from the same instrument as the majority of the
data, while the second involved training on data obtained from all three
instruments. It is noteworthy that SIMCA exhibits a unique ability to
identify samples that may belong to more than one type or none at all, thus
offering valuable assistance in the smuggling process. However, the
imbalanced data issue was overlooked in both ways.

Despite some pilot studies illustrating ML applications in the
petroleum field, the nﬁajority missed addressing important issues such as
handling imbalanced data, dealing with sample noise, and poor
spectroscopic data preprocessing. These deficiencies trigger the need for a

comprehensive study of ML applications in the petroleum field.
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2.4. Summary

Upon review of the literature, OCC serves for identifying normal data
points form others, as is trained solely on data points belonging to a single
category. OCCs offer several advantages, particularly in cases of
imbalanced data or when data points belong to a single class. It pays
substantial attention to that signal category, unlike conventional binary or
multi-class classiﬁers that are trained on different categories’ data points.
OCC is mostly used for novelty detection and identifying outliers, although
it can be sensitive to outliers within the dataset. An ensemble of OCCs can
effectively replace a conventional binary or multi-class classifier by
overcoming common issues such as imbalanced data, noise, and class
overlap. However, extra attention must be taken concerning the fusion
method and the aggregation of ensemble predictions. The review
conducted for the related work highlights the limitation in the applications
of OCC in the context of spectroscopic data, besides that imbalanced data

has acquired minimal attention in such applications.
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Chapter Three
Methods and Procedures

The study adopted OCC for profiling petroleum products and
compared a variety of OCC types that are different in their functionality
and approach. The first section of this chapter provides an overview of all
the OCC methods utilized in this study. The second section describes the
fusion of OCCs. The third section introduces using ANN as a multiclass
classifier and dimension reduction technique. Lastly, the fourth section is

an overview of the used evaluation metrics.

3.1. OCC Approaches

3.1.1. Gaussian Mixture Model

One-Class Gaussian Mixture Model (GMM) is a statistical model
used for outlier detection. It assumes that the target class data has a single
Gaussian distribution, and the outliers belong to different distributions. In
the model's training, the Expectation-Maximization (EM) algorithm is used
to estimate the parameters of the Gaussian distribution to asset the decision
that is based on the probability density function (PDF) of the Gaussian
distribution as in Equation (1) (Aggarwal, 2017).

1 (—%(x—u)Ta‘l(x-u))
e

= 1
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where d represents data dimension, x input instance, u mean vector,
and ¢ covariance matrix.
Starting from the expectation step, once the initial values of the

model's parameters, namely the mean () and covariance (o). are set, the
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model proceeds to calculate the data responsibilities (r7), which is a value

between 0 and 1, as shown in Equation (2).

_ f()
= @) +a (2)

where a is a regularization parameter, usually set to a small positive
value, that ensures that the denominator is always positive.
Then after, the maximization step includes updating y and o values

using the following formula for each parameter, as shown in Equation (3)

and Equation (4).
— lczl Ti X (3)
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The algorithm iterates until the convergence when the change in the
model parameters between the iterations is small enough, indicating that
the algorithm has found a stable and optimal solution. A perfect model is
one where all training data responsibilities are high as they belong to the
same Gaussian distribution of target class data (Patel & Kushwaha, 2020).
For further details, refer to Deisenroth et al. (2020).

3.1.2. One-Class Support Vector Machines

One-Class Support Vector Machines (OCSVM) is an extended logic
of the binary classifier SVM in finding the most informative data points
(support vectors) that lie closest to the decision boundary. These support
vectors represent parallel hyperplanes that each enclose the class data. In
OCSVM, the model assumes all input data points to belong to a signal class
and returns +1 for that class (target class) and -1 to elsewhere (outlier), as

illustrated in Figure 1.
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Fig. 1 OCSVM target class separation (Maglaras & Jiang, 2015)

According to Scholkopf et al. (2001), the OCSVM model considers

the absence of the second class and assigns the space origin to be its
hyperplane. Moreover, the model maps the target data points into a higher
dimensional feature space using a kernel function and maximizes the
margin between the hyperplane and the origin. The optimization problem
described by Equation (5) involves finding optimal values of the model's

parameters that tend to yield minimal inclusion of outliers.

HETWI
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where w is the hyperplane vector, ¢ is the number of target class
samples, nu is the upper bound of outlier fraction as a tradeoff between
maximizing the margin and allowing for outliers, £ is the slack variable, p
represents the threshold, xi represents the feature vector, and ¢ is the

feature map.
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Proposing to solve the problem through the Lagrange multiplier and
using the kernel function, the decision function will be determined
according to Equation (6).

£(x) = sign (Z k() —p) )

i=1

As it was found, the RBF kernel is the most commonly used. Where
the RBF kernel in OCSVM is used to measure the Euclidean distance
between a test point and the target data points in the training set, and if the
distance is larger than a predefined threshold, the test point is classified as

an outlier (Maglaras & Jiang, 2015).

3.1.3. Isolation Forest

Isolation Forest (IF) is a nonparametric, fast, and simple algorithm
that sets a random value at each feature which uniformly portions the data
into two subsets, and the portioning continues until the instances are
isolated in a tree. The number of trees is a hyperparameter that is tuned
during the training process, and each tree includes random subsets of
features to prevent overfitting to any specific feature making the algorithm
excels in a case of high dimensional data. The anomaly score is estimated
as the average path length of an instance, which is the number of edges an
instance traverse to reach a particular tree's terminal node. Instances with
a shorter average path length are considered more likely to be outliers, as
they require fewer splits to be isolated. Conversely, instances with a longer
average path length are considered more likely to be normal, as they require

more splits to be isolated as shown in Figure 2.
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Fig. 2 Isolation process (Esra Kin, n.d.)

The threshold for the isolation score depends on the desired level of
contamination (proportion of outliers) in the dataset. The adopted approach
for this study was to use a fixed threshold based on the contamination
value. For example, suppose the desired level of contamination is 1%. In
that case, one can set the threshold as the score corresponding to the 99th
percentile of the distribution of anomaly scores for the normal instances.
This approach assumes that the distribution of anomaly scores for the
normal instances is unknown or cannot be assumed to follow a specific

distribution (Liu et al., 2008).
3.1.4. Local Outlier Factor

The Local Outlier Factor (LOF) is a density-based OCC algorithm
(Breunig et al., n.d.) that indicates a given instance is an outlier based on a
dynamic distance approach involving its k nearest neighbors, where the
decision of an object (0) of being an outlier is based on its LOF score,

which is imposed by Equation (7).
LOF = Z Irdy (o) X Z rdi(o - 0) 7)

O,ENk(O) o'ENk(o)

Here Ird is local reachability density, rd is reachability distance,
Ny (o) is o neighbors, k is the number of neighbors and o’ is an instance

that is among Ny, (0).
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The method is strict to the following stages that are involved in
calculating the LOF score of 0:
1. Finding rds of the instance, o, to its k nearest neighbors (ko'),
which is the maximum value between:
a. o to the o’ distance
b. distance of 0’to its k™ neighbor.
2. Ird is the reciprocal of the average rd between o and Ny, (0") as it

is shown in Equation (8).

wy —1
, rd,(o—o0
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The number of neighbors, k, and the LOF score threshold are

determined during the model's training process.

3.1.5. K Nearest Neighbors

One-class K Nearest Neighbors (KNN) was initially introduced as an
approach to use the traditional KNN as an unsupervised method designed
for identifying the positive class instance regarding its distance from the
neighbors. It is simple, as it uses global distance instead of local distance,

which sets it apart from the LOF method (Ramaswamy et al., 2000).

3.1.6. Principal Component Analysis

Principal Component Analysis (PCA) is an unsupervised learning
method that is mostly used as a technique to mitigate the curse of high
dimension. PCA as OCC seizes the maximum amount of variance of the
target class data points and projects them into a lower-dimensional
subspace. The subspace is defined by the eigendecomposition that is
involved in computing eigenvalues and eigenvectors of the data's

covariance matrix, which are the directions of maximum variance in the
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data (Shyu et al., 2003). It defines points as outliers if they lay out the

subspace by a significant distance.
3.2. Ensemble Technique

In this study, the adapted approach for profiling petroleum products
was through the implementation of an OCCs ensemble as depicted in
Figure 3. By creating a separate OCC for each product, the approach
ensures that each product FTIR data receives equal attention during the
OCC construction process, and the final profiling decision is based on the
collective response by all the OCCs. The approach is computationally
efficient as a multiclass model, where the data are partitioned for each
OCC. This aims to improve the performance by mitigating the imbalanced
data issue and leveraging the strengths of individual OCC. It contributes to

the data representation of each product and its characteristics.

Separated OCC Models Profiling
Products Data
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Fig. 3 OCCs ensemble approach stages

In the context of the OCCs ensemble, the final output is typically a
combination of the individual OCC predictions. It enables an OCC in
identifying an instance to be its target by assisting other OCCs' predictions

to it, which adds more confidence to the final output. However, it is not
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always straightforward to combine these predictions directly, as certain
situations may arise. For instance, there may be cases where two or more
OCCs have the same level of certainty of a given instance to be as their
target class, ultimately it can be that all OCCs are certain of it being outlier.
In such cases, which in this study are called unknowns, it becomes
challenging to arrive at a definitive classification for the given instance,
and a more nuanced approach may be required to reconcile the differing
predictions of the individual OCCs. To address this issue, the Mahalanobis
distance has been proposed in the literature as an effective solution in the
spectroscopic classification field (Bacci et al., 2001), where spectroscopic
data 1s often highly correlated along various dimensions.

In Mahalanobis (1936) the distance approach was proposed to include
the data's covariance structure to calculate the distance between two data

points, as presented in Equation (8).

MD =./(x — y)TVI-i(x — y) (8)

where MD is the Mahalanobis distance, x and y are the two data points
being compared, VI is the covariance matrix of the data, and T denotes the
transpose operation.

The covariance matrix VI defined by Equation (9) captures the
correlations between the different dimensions of the data and allows the
Mahalanobis distance to take into account the shape and orientation of the
data distribution, which enables a more comprehensive analysis of the

underlying relationships between the wavenumbers.

X = mw)T(X — mu)
B n

VI )]
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where X is the data matrix with n rows (corresponding to the number
of data points), mu is the mean vector of the data, and T denotes the
transpose operation.

The unknown instances by the ensemble are profiled to the product
with the lowest Mahalanobis distance estimation to the center of its training

data points.
3.3. Multiclass Classifier and Dimension Reduction

Artificial Neural Network (ANN) is a mathematical algorithm widely
used in the ML field. It is designed to carry out various tasks and works
very well when the input variables have complex nonlinear relationships
with the event or the class. ANN originated from layers of interconnected
processing cells called neurons. The primary layers in an ANN are the
input, hidden, and output layers, which imitate the biological structure of
the human brain. The neurons are associated with weights that represent
the significance of the input information and bias that works as an anchor
that moves the model output function horizontally along with the input axis
while keeping the shape unaltered to increase the model's flexibility (He et
al., 2016). The model repeatedly gains experience during the learning
process by comparing the actual. The generated outputs involve adjusting
the weights and biases to minimize a loss function between the true and
predicted classes. All these weighted information are combined, summed
with the bias, and then passed into a transfer function that gives the desired

output. The neuron output is obtained by Equation (10).

y=f(b+2xiwi) (10)

=1
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where J is the predicted output, f is the transfer function, b is the bias,
n is the number of input variables, x; is input variable and w; is the weight.

ANN model types correspond to their architecture, i.e., the network's
structure, transfer function, learning algorithm, and its specific task. This
study uses the multiclass classifier, multilayer perceptron model (MLP)
with a backpropagation learning approach to validate against the OCCs
ensemble. Additionally, it utilizes the unsupervised ANN model,
Autoencoder, for the dimension reduction process.

In MLP, the rectified linear unit (ReLU) transfer function is used at
the input and hidden layers, passing the positive inputs, and turning the
negatives into zeros. SoftMax is at the output layer that produces a
probability distribution over the possible classes or categories. Each layer
may consist of one or more neurons.

The gradient descent method minimizes the cross-entropy loss
difference between the actual and generated output in backpropagation.
This approach substantially depends on two significant extensions,
learning rate and momentum (m), to update the model's weights after every
epoch. The learning rate represents the proportion in the weight changes to
know how far we will step in the weight change. The momentum represents
a model's memory from the previous formulation of it to prevent it from
the local minimum trap. The epoch is where the model goes through all the
data instances. However, the approach in developing the model will be by
adding hidden nodes, increasing the momentum, and changing the initial
connections' weights to prevent the gradient descent of giving a local
minimum instead of a global minimum. Moreover, this approach aims to
motivate the model to achieve a viable solution for unseen input data in the
future, emphasizing the importance of its generalization capabilities.

Autoencoder is a neural network architecture consisting of encoding
and decoding layers. It aims to learn a compressed input data representation
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into a lower-dimensional space, the encoder part. In order to maintain the
minimal loss of information, the decoder originates the encoder output to
the original dimension and compares it with the input. According to
Goodfellow et al. (2016), further details about Autoencoders can be found
in Chapter 14 of their book, "Deep Learning".

3.4. Evaluation Metrics

In this study, various metrics have been used to evaluate each
individual OCC within the ensemble to show a comprehensive assessment
of the ability to tackle the imbalanced data issue and profiling FTIR
petroleum products. These metrics are accuracy, precision, recall, and F1-
score. Accuracy is the ratio of the correct classifications among test
examples, which shows a classifier's general performance. Nevertheless,
each OCC focuses on classifying the positive class individually or the
target class. In this regard, recall, precision, and F1-score measurements
are able to provide valid assistance. The recall is the ratio of correct
positives to all true positives. Precision, on the other hand, is the ratio of
the correct to the classified positives. Fl-score is an average rate of both
(Swersky et al., 2016).

The following equations, which have been extracted from the

confusion matrix, describe the calculation of the evaluation metrics.

Accuracy = P+ TN (11)
TP + TN + FP + FN
TP
Precision = TP TP (12)
TP
Recall = TPTEN (13)
. 2x(Precision x Recall) (14)

Precision + Recall
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where TP (true positive) is the number of correctly predicted positive
samples, FN (false negative) is the number of incorrectly predicted
negative samples, FP (false positive) is the number of incorrectly predicted
positive samples and TN (true negative) is the number of correctly
predicted negative samples.

However, to extend the evaluation into the ensemble abilities on the
imbalanced issue, generalization and the comparison on the optimum
classifiers' base, AUC-ROC has been utilized, where it is a measure of
positive correct and incorrect classification ratios at different classification
thresholds. Along with this, time was also employed to assess the
computational effort of each OCC type. The evaluation figures for both
training and testing are normalized between 0 and 1. A value of 1 indicates
perfect performance, while a value of O indicates no performance.
Intermediate values reflect the degree of performance achieved by the OCC

or OCCs ensemble for a given metric and class.
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Chapter Four

Data, Results and Discussion

In this chapter, the results of the current study on profiling FTIR
petroleum products are organized into four sections. The first section is
about data collection and preprocessing methods used to obtain the data for
the study. This section details the data source, data cleaning and
transformation techniques, and other preprocessing steps. The second
section describes the experimental protocol used to train and evaluate the
performance of different OCC methods in achieving the research
objectives and provides information on the experimental design. In the
third section, the study's results, which are equipped with graphs and tables,
help explain the results and draw conclusions. Finally, in the discussion
section, a comprehensive interpretation of the results is provided,

accompanied by a discussion of their implications.
4.1. Study Data

4.1.1. Data Collection and Prerecession

In adherence to the ASTM D7575 method for spectroscopy analysis
and sample preparation, 545 samples of five diverse petroleum products,
Gasoline, Base Oil, Kerosene, Diesel, and Fuel Oil, including their various
fractions, were gathered from a well-recognized local organization. The
samples were analyzed at an ambient temperature range of 21 to 24 degrees
and a resolution of 4cm-1 using Shimadzu Scientific Instrument
IRAffinity-1S (ASTM, 2015). A field expert validated the spectroscopy's
process and output spectra, expressing the transmittance (%) of
electromagnetic radiation over the wavenumber (cm™') of the FTIR region,

which is the rate of infrared light that has been passed through the sample.
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The FITR outputs are stored individually in txt form, converted to Comma
Separated Values (CSV), and combined into a single CSV file using
Python with Pandas (McKinney, 2010).

During the data exploratory, there have been some indications that
require extra effort prior to ML modeling, which are discussed in the

following subsections.

4.1.1.1. Imbalanced data

Due to the petroleum industry's availability and strict retention
process, the data found an unequal distribution of classes, as it is shown in
Table (2). This kind of distribution is an eminent issue in any multiclass
problem where the model would be more biased toward majorities over
others, and its consequences are reflected in the general performance of the
model. It motivated the study to propose the OCCs ensemble framework
that is built to tackle the imbalanced class issue while preserving the

originality of the data.

Table (2) Products data distribution

_Product | Sample Count

Gasoline 32
Kerosene 150
Diesel 233
Base Oil 97
Fuel Oil 33
Total 545

4.1.1.2. Missing Values and Noise
It was found that 11 instances were null at 104 (5.56%) wavenumbers.
These nulls were filled by the calculated average of each wavenumber at
that corresponding instance class.
The FTIR data, though informative, could be inherently noisy. A
smoothing approach has been applied to the FTIR spectra to alleviate the

fake peaks and noise bumps. S-G filter is known for its effectiveness in
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smoothing spectroscopic data (Press & Teukolsky, 1990). Optimizing the
weighting factors of S-G, such as window length and polynomial degree,
will result in sharper spectra. The window length defines the number of
neighboring data points (N), which is used in the discrete calculating of the
center of N data points to adopt the polynomial fit. Typically, the window
length 1s an odd number, and the polynomial order is second or third
(Gallagher, 2020). Upon conducting the analysis, it was ascertained that
the ideal window length to achieve minimal deviation and maximum
separability of the products' data points is within the range of 5 to 13. As
demonstrated in Figure 4, which comprises four distinct representations of
the first and second principal components of the data points, both before
and after the application of an S-G filter. Each representation shows a
different window length used in the S-G filter, (a) shows the data points
without the implementation of an S-G filter and the remaining
representations feature an S-G filter with varying window lengths, 5 (b), 7
(c), and 9 (d). In addition to this analysis, further investigation was
undertaken to identify the window length that minimized the occurrence of
transmittance values exceeding 100. A window length of 7 emerged as the
most suitable choice, ensuring methodological consistency, and
minimizing values exceeding 100. Thus, it was considered the most ideal

for subsequent analyses.
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Fig. 4 PCA first and second principal components representations before and after S-G

Furthermore, the transmittance values obtained from the FTIR
spectra have been constrained to a maximum of 100, ensuring that the data
is consistent and within the expected range. Figure 5 shows spectra

examples of each product after the preprocessing stage.
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Fig. 5 Products spectra after preprocessing visualization

4.1.1.3. Scaling and High Dimension

Before the modeling part, the data have been normalized to conform
with the algorithms' subsequent stages of the process. Normalization is
scaling into a range between 0 and 1, where ensuring the consistent
distribution of values across all wavenumbers is necessary.

The spectra express a pattern that forms while the wavenumber of the
electromagnetic radiation changes. As can be observed, the spectra data are
high dimensional, and they have 1868 wavenumbers between 4000 and 400
cm!, which each wavenumber could be considered as a feature. However,
In the context of profiling petroleum products, their spectra pattern places
significant emphasis on the inclusion of all data points, where reducing the
data may alter the performance of specific models. Nevertheless, a
comparative experiment with and without dimension reduction has been
included. A standard method for such a task is passing the data through the

latent space of the Autoencoder that compresses them and exits them with
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a lower dimension. It is worth mentioning that the dimension reduction has
not been made to ANN as it is imposed to have experimented to validate
the adequate of OCCs ensemble with FTIR original data. Moreover, it is

powerful by its nature against the dimensional data problem.
4.2. Experiment Protocol

The study meticulously followed a systematic protocol in the OCCs
ensemble's training and testing phases. Wherein each product is trained
with an OCC optimized for its unique characteristics and ability to
recognize its assigned product. In this study, 5 products are at focus,
resulting in the use of 5 OCCs. During the training phase, the accuracy and
other metrics are evaluated for each OCC. This allows the study to gain
insight into which OCCs are performing well and which ones require
further optimization. In the testing phase, where the objective is to measure
the performance of the OCCs ensemble in identifying new, unknown
instances. As the OCCs ensemble is to aggregate the output of all OCCs
and selects the maximum certainty of an OCC in recognizing an instance
as its target class.

The data splitting process in this study followed a stringent 80/20 data
split ratio, with 80% of the data allocated for training and 20% for testing.
The split ratio considered the imbalanced class distribution and aimed to
include sufficient one-class data points for each OCC within an ensemble.
Additionally, the choice of the 80/20 split ratio upheld reproducibility and
consistency in line with industry standards and prior studies. The OCCs
data splitting approach of this study into both phases, training, and testing,
is shown in Figure 6. During the classifiers’ optimization stage, a 10-fold
cross-validation (CV) technique was employed during the training phase

to prevent overfitting and maintain the generalization ability. The 80% of
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training data was further split into 75% for training and 25% for validation.
Each classifier was trained exclusively on its target class data within the
75% split, while the remaining samples from the other classes were
combined with the 25% validation set. In the testing phase, each OCC was
meticulously modelled with its target class data from the 80% split,
incorporating the tuned hyperparameter values based on the highest median
AUC-ROC of the CV process. Finally, the ensembles were tested by
utilizing the reserved 20% of the data.

Training Phase

Validation

Validation
Validation

OCC#1 occH2

Testing Phase

Testing (20%)

Testing (20%)
TR SR ocCrn

Fig. 6 Testing and training phase data splitting

The PyOD, Python library, provided a comprehensive set of tools for
developing and fine-tuning OCCs (Zhao et al.,, 2019). It is worth
mentioning that the data used in this study were encoded as 1 for the target
class and O for the outlier class, as per the PyOD library's requirements.
Additionally, both the evaluation metrics and the Mahalanobis distance
incorporated into the OCCs ensemble were computed by the Python scikit-
learning library (Pedregosa et al., 2011). Conversely, in the realm of

multiclass classification for profiling petroleum products, the Keras library
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was employed to implement an ANN classifier with an 80/20 splitting
process for optimization and testing (Gulli & Pal, 2017). To this end, each
product was encoded with an integer number between 0 and 4, which was
specified based on each's physical density. Table (3) showcases the

encoding scheme for each of the products.

Table (3) Multiclass classification products encoding

. Product |
Gasoline 0
KEROSENE 1
DIESEL 2
BASE OIL 3
FUEL OIL 4

4.3. Results

This section presents the OCCs ensembles' findings, including
Mahalanobis' distance performance on assigning the unknowns to their
product class. During the training phase, each OCC is trained on its target
class, and the findings represent the best CV performance of each OCC in
recognizing the target class from the others. In the testing phase, the OCCs
ensemble findings are presented for each OCC in profiling each product,
along with the estimated metrics average and overall accuracy before and
after profiling the unknowns using the Mahalanobis distance. Additionally,

this section presents the findings from training and testing the ANN.

4.3.1. Training Phase OCCs

Table (4) presents the best CV training results obtained by each OCC
for each product across the implemented methods with full FTIR data.
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Table (4) OCCs Training findings with full FTIR

Recall | AUC-ROC
0.868
0.864
0.921
0.905
0.971

1_Socre | Precision |
0.997
0.986
0.978
0.991
1
e
0.999
0.979
0.780
0.989

Kerosene
o

1 1 1
0.991 0.981 1
0.973 0.964 0.982
0.984 0.987 0.981
0.999 0.999 0.999

Table (5) and Figure 9 demonstrate the average training results of the

methods across all OCCs. The results demonstrate a highly successful

41




optimization of each product OCC across all evaluation metrics, with

average results exceeding 0.85.

Table (5) Average OCC training results using full FTIR

occC L
Mathod Accuracy | F1_Socre | Precision Recall | AUC-ROC
GMM 0.983 0.990 0.983 0.998 0.906
oCcsvm 0.931 0.949 0.985 0.927 0.906
IF 0.955 0.974 0.973 0.976 0.852
PCA 0.973 0.984 0.975 0.994 0.875
LOF 0.972 0.985 0.992 0.977 0.951
KNN 0.981 0.989 0.986 0.992 0.941
Accuracy o
'#'erf&ks\ - T
f,g-' . ‘L‘ o
7N
7 N
Precision ,/ \} Recall

AUC_ROC

F1_Score

Fig. 7 Average OCC training results using full FTIR

The GMM method was introduced to be the best-performing method
among all others, exhibiting impressive average scores of 0.983, 0.990, and
0.998 in accuracy, Fl-score, and recall, respectively. It also showed a
strong performance in precision and recall, achieving 0.983 and 0.906,
respectively, thereby establishing itself as the method of choice for the
study task before OCCs ensemble testing.
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The OCSVM method exhibited average results 0f0.931, 0.949, 0.985,
0.927, and 0.906 in accuracy, F1-score, precision, recall, and AUC-ROC,
respectively. However, upon referring to Table (4), it is evident that the
Diesel OCC of OCSVM hindered its overall performance, with a recall
result of 0.669, indicating weak recognition of actual Diesel instances.

The IF algorithm exhibits superior performance in terms of accuracy,
Fl-score, precision, and recall compared to other methods, with average
values of 0.955, 0.974, 0.973, and 0.976, respectively. However, it falls
short regarding AUC-ROC, with an average value of 0.852, indicating that
the model produces false positives and fails to isolate outliers accurately.

PCA emerges as a promising method, surpassing IF in both scenarios.
When trained with full-dimension FTIR data, PCA achieved impressive
average results in accuracy, F1-score, precision, recall, and AUC-ROC,
scoring 0.973, 0.984, 0.975, 0.994, and 0.875, respectively.

LOF demonstrated exceptional performance in precision and AUC-
ROC, achieving an average of 0.992 and 0.951, respectively, highlighting
its ability to identify outliers within each product OCC accurately.
However, regarding the accuracy, F1-score, and recall, LOF outperformed
KNN, which achieved an average of 0.981, 0.989, and 0.977, respectively.
KNN also displayed substantial precision and AUC-ROC results,
averaging 0.986 and 0.941, respectively.

Table (6) presents the best CV results obtained by each OCC for each
product across the implemented methods using dimensionally reduced
FTIR data, whereas the Autoencoder did it with a minimum loss value of

0.109.
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Table (6) OCCs Training results using dimensionally reduced FTIR

0.997

0.998

0.997

1

0.915

0.939

0.966

0.979

0.953

0.878

0.614

0.690

0.941

0.545

0.709

0.938

0.966

0.989

0.945

0.898

0.999

1

1

| F1_Socre | Precisi

0.979

0.980

0.842

0.976
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Table (7) and Figure 8 exhibit the average results of training OCCs
with dimensionally reduced FTIR data, which show a similarly successful
optimization of each product OCC across all evaluation metrics, with
average results above 0.81. Notably, overlooking the OCSVM
performance on the dimensional reduced FTIR data, it could be above 0.87,

and the optimization of OCCs remained impressive.

Table (7) Average OCC training results in dimensional reduced FTIR

MS:::) d Accuracy | F1_Socre | Precision Recall | AUC-ROC
GMM 0.897 0.924 0.981 0.888 0.876
0oCSVM 0.744 0.761 0.985 0.740 0.818
IF 0.976 0.986 0.980 0.993 0.891
PCA 0.978 0.987 0.980 0.994 0.882
LOF 0.955 0.974 0.989 0.963 0.927
KNN 0.983 0.990 0.986 0.994 0.938

Accuracy

F1_Score AUC_ROC

Fig. 8 Average OCC training results in dimensional reduced FTIR
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When trained with dimensionally reduced FTIR data, GMM's
performance was not as remarkable as it used to be with the full FTIR, as
evidenced by its average accuracy of 0.897, Fl-score of 0.924, precision
of 0.981, recall of 0.888, and AUC-ROC of 0.876. Its performance, which
was the second-lowest among all methods, suggests information loss due
to missing transmittance at some wavenumbers that affected the model's
estimations of covariance, thereby eluding its assumptions of data
distribution.

On the other hand, OCSVM products' OCCs yielded an average
accuracy of 0.744, F1-score 0f 0.761, precision of 0.985, recall of 0.74, and
AUC-ROC of 0.818, which were the lowest results among all methods.
Despite the Diesel OCC performance, it is apparent from Table (6) that the
model became useless in profiling Fuel Oil, returning an accuracy of 0.021,
F1-score of 0.009, precision of 1, recall of 0.005, and AUC-ROC of 0.502.
It is worth mentioning that lack of optimization of OCC is not considered
as each product OCC is individually optimized through the CV technique.

Despite not suffering from the curse of dimensionality due to its
isolation trees baseline, IF's performance is enhanced when trained with
dimensionally reduced FTIR data, resulting in an average accuracy of
0.976, Fl-score of 0.986, precision of 0.980, recall of 0.993, and AUC-
ROC of 0.891.

PCA is averaging at 0.978, 0.987, 0.980, 0.994, and 0.882 for
accuracy, F1-score, precision, recall, and AUC-ROC, respectively.

Interestingly, when the dimensionality of FTIR data was reduced,
both LOF and KNN demonstrated slightly lower performance across all
evaluation metrics, with LOF yielding average results of 0.955, 0.974,
0.989,0.963, and 0.927 and KNN vyielding average results of 0.983, 0.990,
0.986,0.994, and 0.938 for accuracy, F1-score, precision, recall, and AUC-
ROC, respectively.
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4.3.2. Computation Time Assessment of OCCs

In comparing one classification method which differs in functionality,
the ensemble time consumed was measured for each method as shown in

Table (8) in both scenarios, full and dimensionally reduced FTIR data.

Table (8) methods’ computation time

_ Methods Computation Time
Rl | Dimension Reduced
7.54 s +/- 190 ms 0.40s+/-0.01s
189 ms +/- 5.67 ms 10.10 ms +/- 0.30 ms
2.98 s +/- 84.5 ms 0.16 s +/- 0.005 s
206 ms +/-9.44 ms 10.99 ms +/- 0.50 ms
187 ms +/- 6.47 ms 9.99 ms +/- 0.34 ms
213 ms +/-5.31 ms 11.39 ms +/- 0.28 ms

For full FTIR data, the GMM-based method had the longest
computation time, averaging 7.54 s +/- 190 ms, followed by the IF-based
method with an average of 2.98 s +/- 84.5 ms, the KNN-based method
with an average of 213 ms +/- 5.31 ms, PCA-based method with an average
0f 206 ms +/- 9.44 ms, OCSVM-based method with an average of 189 ms
+/- 5.67 ms, and finally, the LOF-based method with an average of 187 ms
+/- 6.47 ms.

For dimensionally reduced FTIR data, the computation time was
significantly lower for all methods. The GMM-based method had an
average computation time of 0.40 s +/- 0.01 s, followed by the IF-based
method with an average of 0.16 s +/- 0.005 s, KNN-based method with an
average of 11.39 ms +/- 0.28 ms, PCA-based method with an average of
10.99 ms +/- 0.50 ms, OCSVM-based method with an average of 10.10 ms
+/- 0.30 ms, and finally, the LOF-based method with an average of 9.99

ms +/- 0.34 ms.
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4.3.3. Testing Phase OCCs

The ensembles' feasibility and effectiveness in profiling new
unlabelled petroleum instances is presented in this section. The unknown
presence in the testing is where an instance had failed to be recognized by
any of the OCCs with an ensemble, or is being admitted by more than one
OCC. This instance is later treated by using the Mahalanbios distance.

Table (9) presents the count of modelling samples for each OCC.
Collectively, 80% of the FTIR data was used to construct the OCC models
prior to the testing phase using the best hyperparameter combinations of
the CV for each OCC. The rest, 20%, test samples were all passed to all
OCCs to get their predictions.

Table (9) Testing phase samples

The testing results of each OCCs ensemble are presented in Table (9).
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Table (10) Full FTIR OCCs ensembles findings

C | F1-Score | Precision

'AUC-ROC | Unknowns |

1

0.991

0.986

0.979

0.992

0.917

0.995

1

0.990

0.982

1 1

Unknowns |

0.923 0.947

0.953 0.854

0.846 0.917

0.957 0.938

0.952

0.857 1

0.990

0.727 1

0.985

0.936
| Precision | Re

0.995

1 0.895

0.940

1 0.854

0.919

0.500 0.917

0.943

0.995

0.890

Unknowns
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The corresponding average of the testing results in Table (10) are

presented in Table (11).

Table (11) Full FTIR average OCCs ensembles findings

Precisic

ro

Aocuracy Fi-se

0.982 0.989 2
0.908 0.943 0.945 0.944 | 0.961 3
0.908 0.884 0.86 0.929 | 0.954 0
3
0
1

0.844 0.907 0.918 0.905 | 0.93
0.936 0.931 0.908 0.966 | 0.975
0.89 0.903 0.9 0.933 | 0.959

Table (12) shows the testing results including their average update
after computing the Mahalanobis distance for the unknowns to the

estimated center of each product data points.
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Table (12) Original FTIR OCCs ensembles Mahalanobis distance findings

C | Fa-Score | Precision | Recall | AUC-ROC

Figure 9 and Figure 10 show full FTIR OCCs ensembles' average

performance before and after implementing Mahalanobis distance.
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~ 10F
KNN

Precision Recall

F1_Score AUC_ROC

Fig. 9 Full FTIR OCCs ensembles average performance before Mahalanobis

Accuracy e

Precision Recall

F1_Score

Fig. 10 Full FTIR OCCs ensembles average performance after Mahalanobis

Compared to other methods, the GMM-based ensemble performed the
best with an average accuracy of 0.982, F1-score of 0.989, precision of 1,

recall of 0.979, and AUC-ROC of 0.991 at full FTIR data dimensions.
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However, two instances were not confidently recognized by the GMM-
based ensemble. The Mahalanobis distance cleared these two unknowns,
resulting in a perfect performance with average accuracy, Fl-score,
precision, recall, and AUC-ROC of 1.

OCSVM-based ensemble with full FTIR data dimensions showed
impressive performance, with average results of 0.908, 0.943, 0.945, 0.944,
and 0.961 for accuracy, Fl-score, precision, recall, and AUC-ROC,
respectively. During the experiment, three unknowns appeared, and the
application of Mahalanobis distance improved the performance to average
results of 0.936, 0.957, 0.947, 0.969, and 0.975 for accuracy, F1-score,
precision, recall, and AUC-ROC, respectively. These results indicate a true
advantage of the OCCs ensemble, where OCSVM-based recognized Diesel
instances effectively, even though the Diesel OCC was hesitant during the
training phase.

On the other hand, the IF-based ensemble demonstrated impressive
performance, with an average accuracy of 0.908, Fl-score of 0.884,
precision of 0.86, recall of 0.929, and AUC-ROC of 0.954. Although not
the best-performing method, the IF-based ensemble did not return any
unknown FTIR instances, indicating its precise and selective baseline.
However, the model struggled with Base Oil and Fuel Oil OCCs, which
showed low precision and hindered its performance by misclassifying
instances.

PCA-based with the full FTIR dimension data returned average
results of 0.844, 0.907, 0.918, 0.905, and 0.930 for accuracy, F1-score,
precision, recall, and AUC-ROC, respectively. Nevertheless, three
unknowns appeared and were successfully profiled by Mahalanobis
distance which improved the performance to average results of 0.872,
0.921, 0.921, 0.930, and 0.944 for accuracy, F1-score, precision, recall, and
AUC-ROC, respectively.
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The LOF-based approach demonstrated remarkable success in
profiling all instances, achieving average scores of 0.936, 0.931, 0.908,
0.966, and 0.975 for accuracy, F1-score, precision, recall, and AUC-ROC,
respectively.

The KNN-based achieved an average accuracy of 0.89, F1-score of
0.903, precision of 0.9, recall of 0.933, and AUC-ROC of 0.959. Upon
unknown appearance, Mahalanobis distance is applied, and the approach
correctly profiled one unknown instance and improved the results to an
- accuracy of 0.899, Fl-score of 0.910, precision of 0.904, recall of 0.950,
and AUC-ROC of 0.964.

Table (13) presents the testing results of the ensemble of each OCC
with the dimensionally reduced FTIR data.
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Table (13) Dimensionally reduced FTIR OCCs ensembles findings

Fi-Score | Precision |

1 1

0.981

0.937 0.902

0.974

0.931

0.886 0.975

0.813

0.902

0.800 0.769

0.833

0.974

1 1

0.980

Fi-Score | Precision | Recall | AUC-RO

0.890

cision | Recall | A

1

1 0.895

1 0.833

0.478 0.917

‘Unknowns




The corresponding average of the testing results in Table (13) are

presented in Table (14). —

Table (14) Dimensionally reduced FTIR OCCs ensembles average findings

 Precision | R

0.929 0.924
0.22 | 0.408 | 0.536 0.517
0.862 | 0.829 0.833 0.862 | 0.914
0.807 | 0.806 0.769 0.879 | 0.914
0.936 | 0.93 0.905 0.969 | 0.977
0.881 | 0.896 0.896 0.929 | 0.955

Table (15) shows the updated testing results obtained by computing
the Mahalanobis distance of the unknowns to the center of each product

data points, using the dimensionally reduced FTIR data.
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Table (15) Dimensionally reduced FTIR OCCs ensembles Mahalanobis findings

c | F1-score | Precision | Recall | AUC-ROC |
[ 2 1 1 | 1
0.925 0.881 0.974 0.952
0.886 0.975 0.813 0.898
0.786 0.688 0.917 0.933
1 1 1 1
0.919 0.909 0.941 0.956
0.899
F1-Score | Precision Recall AUC-ROC
1 1 1 1
0.348 1 0.211 0.605
0 0 0 0.500
0.609 0.636 0.583 0.771
0.147 0.080 0.875 0.541
0.421 0.543 0.534 0.684
0.229
F1-Score | Precision Recall AUC-ROC
1 1 1 0.995
0.857 0.938 0.789 0.874
0.822 0.881 0.771 0.836
0.606 0.476 0.833 0.902
0.889 0.800 1 0.985
0.835 0.819 0.879 0.918
0.807
F1-Score | Precision Recall AUC-ROC
1 1 1 1
0.944 1 0.895 0.947
0.909 1 0.833 0.917
0.667 0.500 1 0.938
1 1 1 1
0.904 0.900 0.946 0.960
0.890

Figure 11 and Figure 12 show reduced FTIR OCCs ensembles

average performance before and after implementing Mahalanobis distance.
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F1_Score AUC_ROC

Fig. 11 Reduced FTIR OCCs ensembles average performance before Mahalanobis

Accuracy

GMM

Recall

F1_Score AUC_ROC

Fig. 12 Reduced FTIR OCCs ensembles average performance after Mahalanobis

In the dimensional reduced FTIR data scenario, the GMM-based
ensemble experienced a precision drop in classifying Base Oil from 0.957
to 0.8 but still achieved the highest average precision compared to other

methods. The GMM-based ensemble had an average accuracy of 0.89, F1-
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score 0f 0.925, precision 0f 0.929, recall 0o 0.924, and AUC-ROC 0f0.954,
with two unknowns requiring the application of Mahalanobis distance.
Hence, after profiling the two unknowns, the average performance results
became 0.899, 0.919, 0.909, 0.941, and 0.956 for accuracy, F1-score,
precision, recall, and AUC-ROC, respectively.

The OCSVM-based ensemble's performance showed a significant
drop compared to its performance with full FTIR data, with an average
accuracy of 0.22, Fl-score of 0.408, precision of 0.536, recall 0of 0.517, and
AUC-ROC 0f 0.679, along with one unknown instance.

The IF-based ensemble still returned 0 unknowns, indicating its high
dedication to identifying the new instances. However, the missing
information affected the Fuel Oil OCC's performance, which scored only
0.4 for precision, even though it performed well during the training phase.
This led to a slight drop in the average performance compared to the full
FTIR scenario, with an accuracy of 0.862, F1-score of 0.829, precision of
0.833, recall 0f 0.862, and AUC-ROC of 0.914.

A slight drop in the performance of PCA-based in the dimensional
reduced FTIR data scenario with an average accuracy of 0.807, F1-score
01 0.806, precision of 0.769, recall of 0.879, and AUC-ROC 0of 0.914. One
unknown instance was profiled by Mahalnbios distance to improve the
results to an average accuracy of 0.807, Fl—scoré of 0.835, precision of
0.819, recall of 0.879, and AUC-ROC 0f 0.918.

Notably, even in the case of dimensional reduced FTIR data, the LOF-
based method delivered consistent and impressive results with an average
accuracy score of 0.936, an F1-score of 0.930, a precision score of 0.905,
a recall score 0of 0.969, and an AUC-ROC score of 0.977.

Additionally, the KNN-based approach maintained its performance
even with reduced dimensions of FTIR data, achieving an average accuracy
0f 0.881, F1-score of 0.896, precision of 0.896, recall of 0.929, and AUC-

59




ROC 0f0.955. It is worth noting that the approach returned one unknown
instance, and applying the Mahalanobis distance technique improved the
performance slightly, resulting in an average accuracy of 0.89, an F1-score

0f0.904, a precision of 0.900, a recall of 0.946, and an AUC-ROC 0f0.960.
4.3.4. ANN Findings

The results of optimizing ANN's parameters, such as neurons, layers,
transfer functions, and optimizer types, did not significantly improve the
model's performance. The highest average CV results for accuracy, F1-
score, precision, recall, and AUC-ROC were 0.675, 0.446, 0.418, 0.504,
and 0.692, respectively, as shown in Table (16).

Table (16) ANN training findings

The test phase results for ANN, in Table (16), were almost negligible,

except for Diesel, due to the higher sample count, as noted in Table (8).

Table (17) ANN testing findings

" Testing |, .
___phase =
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4.4. Discussion

Exploring the study findings in both scenarios, with and without
dimension reduction of comparing OCCs ensembles in profiling petroleum
products, is paramount.

In a contest, the readings of training OCCs with full FTIR in Table
(4) bring up Diesel OCSVM to light as it is the only lagging among all
OCCs across all methods. One potential limitation of OCSVM is its
sensitivity to high-dimensional data and its challenges for tuning
complexity. Which sets it apart from other methods and may require more
careful consideration in practical applications. Additionally, referring to
the performance with the dimensionally reduced FTIR data, as it is
demonstrated in Table (6), only OCSVM seems to have missed the specific
characteristics of Fuel Oil. Nevertheless, the method's high capability in
other OCCs covered these hindrances at the OCCs ensemble level.
Moreover, given its original property in lower dimension space projection,
PCA's performance slightly improved when trained with dimensionally
reduced FTIR data.

However, it might not be clear in the training stage, but in the
ensembles testing with fully FTIR data, KNN-based and IF-based showed
a lack of precision at profiling Base Oil as presented in Table (10), with
Fl-score of 0.647 and 0.769, respectively. The ensembles tend to falsy
accept instances such as Base Oil, which hinders other products OCC from
profiling their own. Additionally, IF-based had an F1-score 0o 0.762 at Fuel
Oil profiling. However, IF has a limitation in that the threshold of trees in
isolating the outliers is not flexible; all trees in an IF-OCC model have the
same threshold value. On the other hand, when looking at the other
methods’ high performance, it shows that the problem is neither the

preprocessing of it nor Basel oil FTIR data, and it is not the sample size as
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Fuel Oil nearly equals to Gasoline samples size. Therefore, it emphasizes
that the nature of the problem demands consideration of the OCC methods'
interpretability, performance, and computational efficiency. GMM-based
shows perfect performance, indicating a possible correct assumption of
Gaussian distributions among the data instances.

Moreover, the readings in Table (13) present the testing performance
of the ensembles when FTIR data have been reduced; the OCSVM-based
has failed as a system, clearly mixing between Diesel, Base Oil, and Fuel
Oil. Despite the successful application of Mahalanobis distance, the results
only showed a slight improvement, with an average accuracy of 0.229, F1-
score of 0.421, precision of 0.543, recall of 0.534, and AUC-ROC of
0.684. Unfortunately, the model's weak performance remained unchanged
even after eliminating the unknown instance. The results show the
inconvenience of reducing FTIR data dimension for OCSVM, which is
inconsistence with previous works. GMM-based had a performance drop
compared to other methods. Base Oil became a problem for PCA and KNN
based. Interestingly, IF-based overcame the Base Oil profiling problem and
had more decrease in Fuel Oil precision, where its F1-score is 0.545. The
performance across all evaluation metrics suggests that dimensionality
reduction negatively impacted the model's ability to profile petroleum
products more accurately.

It is worth mentioning that uncertainty and returning unprofiled
unknowns have been reduced to one instance only after lowering the
dimension to indicate a possible confusion occurred by some features or
wavenumbers, but that does not justify the performance drop for these
methods. Table (12) and Table (15) show how well-performing
Mahalabios distance is in assigning these unknown instances. However,
comparing after and before applying the distance approach and
investigating the precision and recall trade-offs across the OCCs, the
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instance showed to be Base Oil. It can be considered an in-data outlier.
Moreover, IF-based and LOF-based show superiority in overcoming such
outliers in both scenarios, full and reduced FTIR data, compared to other
methods.

Overall, the study findings suggest that LOF can achieve a high level
of performance, not as perfect as GMM-based in the first scenario, but it
demonstrates high performance in both cases. Furthermore, it suggests that
the LOF-based method can be a suitable choice for applications where
computation time is a critical factor. Underscoring its effectiveness in
profiling data regardless of dimensionality reduction, where its ability to
detect low-density regions helped to overcome the products overlap.

In contrast, OCCs ensembles demonstrated impressive overall
performance in addressing the imbalanced data issue with the FTIR data
and inconsistency with the literature regarding dimension reduction
effectiveness in raising up the performance. Moreover, compared to ANN,

the ensembles showed much better performance.
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Chapter Five

Conclusion and Future Work

5.1. Conclusion

5.2. Future work
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Chapter Five

Conclusion and Future Work

5.1. Conclusion

The problem of profiling petroleum products using FTIR was handled
in the current work taking into account the issue of imbalanced data using
the advances in the ML field. It showed how carefully selecting the proper
OCC algorithm in the ensemble implementation for profiling petroleum
products using FTIR data is crucial, considering specific performance
metrics. Based on the study findings, all the explored models demonstrated
some levels of effectiveness, and particular algorithms showed superior
performance. The GMM-based ensemble was found to be the most
effective, despite requiring significant computational effort. In contrast, the
LOF-based ensemble was the fastest but encountered challenges with Fuel
Oil profiling, and its reachability distance process made its interpretation
challenging.

Nevertheless, it was able to identify all test instances, unlike the
second-fastest, OCSVM-based ensemble, which returned unknown
instances, showing its selectivity and uncertainty in a few cases. Overall,
LOF-based and OCSVM-based methods demonstrated very similar
performance with full FTIR data, but LOF held on when the FTIR
dimension was reduced. On the other hand, while PCA-based and KNN-
based methods were uncertain in some instances, they demonstrated
adequate performance but still lagged behind the other methods.

When the FTIR data was dimensionally reduced, several methods,
particularly the OCSVM-based method, were significantly impacted due
to specific information loss that affected Fuel Oil OCC profiling. However,

other methods performed well despite the change. GMM-based, PCA-
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based, and IF-based methods showed only a slight drop in performance.
The access to the neighbors within the data points of KNN-based and LOF-
based allowed them to maintain almost the same level of performance
across all evaluation metrics. However, the dimension reduction of the
Autoencoder with spectroscopic data made it difficult to interpret why
some methods and not others missed specific characteristics.

Further analysis revealed that specific fractions in the Diesel data
confused the OCSVM-based method but not other methods, despite its
majority 1n sample count. The dimensional reduction affected the
performance of Base Oil and Fuel Oil OCCs, which was not observed
during training but became evident during testing, indicating specific
information loss for some methods. An ensemble that consists of different
OCC-based methods, with each method being superior in profiling a
particular product, may be a potential improvement.

In contrast, 1t can be concluded that the performance of the ensembles
is highly dependent on the quality of data available, and the impact of
dimensional reduction on some methods cannot be ignored. A possible
improvement could be performing dimensional reduction separately for
each product, leading to a more focused and accurate analysis.
Furthermore, it was observed that the Mahalanobis distance approach
showed superior performance in assisting the ensembles' decisions in
profiling unknowns. However, the distance approach is not optimized for
the data and cannot be generalized. Nevertheless, when validating against
the multiclass ANN, the OCC ensembles demonstrated superior
performance in profiling FTIR petroleum products and addressing the
imbalanced data issue. Overall, the findings suggest that using OCC
ensembles can lead to more accurate and effective profiling of petroleum
products. This study not oﬁly efficiently addresses the challenges of
profiling petroleum products based on their FTIR spectra outputs but also
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introduces a unique profiling approach in the FTIR and petroleum field. By
employing an ensemble of OCCs, the issue of imbalanced class distribution
is effectively tackled, surpassing a conventional multiclass classifier. The
significant improvement in classification accuracy achieved by this
innovative approach enables precise identification and profiling of
petroleum products. The proposed methodology not only demonstrates its
efficiency in handling the unique data problems in this field but also marks
a distinctive advancement in the profiling of petroleum products using

FTIR spectroscopy.
5.2. Future Work

The focus of the current work was on the use of OCC-based
ensembles for profiling petroleum products using FTIR data, and the
results showed the effectiveness of these techniques for the application
under consideration, but this work could be enhanced in several directions.
First, the current work used a relatively small dataset, limiting the findings'
generalizability. Therefore, it is worth expanding the dataset to include a
broader range of petroleum products and a larger sample size to improve
the representativeness of the results. Additionally, it is worth investigating
different spectroscopic data types to explore the impact on the performance
of OCC-based ensembles. Second, it is worth considering other
applications and trying other approaches, such as deep learning
architectures or hybrid models that combine OCC with other techniques or
varieties of the OCC methods baseline within the ensemble, in the way

each OCC is imposed to a product.
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Appendices




Appendix A: OCSVM OCCs Main Codes

1 FUll FTIR

from pyod.models.ocsvm import OCSVM

import pandas as pd, numpy as np

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler, RobustScaler, MinMaxScaler, Norma
lizer

from sklearn.metrics import classification_report

import seaborn as sns

from sklearn import metrics

import warnings

warnings.filterwarnings(”ignore”)

df = pd.read_csv('A1LCLASSES.csv')

df = df.rename(columns={ CLASS': 'Class'})
df[df.isna().any(axis=1)]["Class"].value_counts()
sns. countplot(df[‘Class'])

df[df.isnull().any(axis=1)]
1.1 Filling null values with avarage value of the coulmn

class based

cc = df.columns[&:1868]
for column in cc:
df[column] = df[column].fillna(df.groupby('Class')[column].transform( ' mean'))

dffdf.isna().any(axis=1)]["Class"].value_counts()
from scipy.signal import savgol filter

df2 = df.iloc[:, ©:1868]

df2

a = df2[df2 > 188 ].count()

sum(a)

#c = []

#for i in range(5,560,2):

# df flitered = df2.apply(savgol_filter, window length= 1, polyorder=3)
# b = g - (df filtered[df filtered > 188 ].count(})
# c.oppend({"window _length”:1, "diffrence”:sum(b}})
#oC = pd. DotaFrame{c)

#oo = oo sort_volues(by=[ ‘diffrence’], ascending=True)
#ool Tdiffrence ' j>8

#ccloel "diffrence jo8]
df_filtered = df2.apply(savgol_filter, window_length= 7, polyorder=32)

df_filtered[df_filtered > 122] = 108




df_filtered[df_filtered > 188 ].count()
df_filtered[‘Class’] = df['Class’].values
df_filtered[df_filtered["Class”] == 'BASE OIL']

cols = df.columns[9:18&8]
df[cols][df[cols] > 188] = 188

1.2 Converting df to array

array_ = df_filtered.to_numpy()
np.random.seed(42)

np.random.shuffle(array_)
array_

1.3 Scalling usjng Normalizer, proven to give better

results

array_[:,9:1868] = Normalizer().fit_transform(array_[:,8:1868)]) #changed the scaler
array_

training, testing® = train_test_split(array_, test_size=8.42¢, random_state=32)
testing, validation = traln_test_split(testing®, test_size=8.52, random_state=42)

print(training.shape, testing.shape, validation.shape)
1.4 Functions for OCSVM hyperparamerts tunning with
K folds CV.

def FindPortions(k, y):
Length = len(y)

A=1]
L = Length//k
c = Length - ((Length//k)*k)

For 1 in range (8, k):
A.append(L)
B = A.copy()

while(c = 2):
while (c > k):
loop = int(c/k)
for 1 in range(loop):
for 1 in range(2, k):
B[i] += 1
C -=1
for 1 in range(2, c):
#in = k-i-1
B[i] += 1
C ~= 1
Com = []
for 1 in range(g,k):




Com.append(sum(B[2:1]))
return B, Com

def Average(lst):
return sum(lst) / len(lst)

def 0CSVclasifier(X_train,X_test, y_test, kk, nn, gg):

predicted_y = []

expected_y = []

classifier = OCSVM(kernel=kk, nu=nn,gamma=gg, degree=3, coef@=0.92) ## kern
elikk, nu:inn, gamma: gg, uncertion about other parameters.

classifier.fit(X_train)

predicted_y.extend(classifier.predict(X_test))

expected_y.extend(y_test)

accuracy = metrics.accuracy_score(expected_y, predicted_y)
F_Score = metrics.fl_score(expected_y, predicted_y)

Pre = metrics.precision_score(expected_y, predicted_y)
recl = metrics.recall_score(expected_y, predicted_y)

roc = metrics.roc_auc_score(expected_y, predicted_y)

return accuracy, F_Score, Pre, recl, roc

def Main(k,y,test, B, Com, kk, nn, gg):

j=8

FFF = []
ACC = []
ppre = []
recl = []
a_roc = []

while(j < k):
starting = Com[j]
ending = starting + B[j]
if ( == k-1):
ending = starting + B[j]
#print{"starting = 7, starting, ".ending = 7, ending, "diffrence = , endin
g-starting}

listtt = np.arange(starting, ending, 1).tolist()
X_train = np.delete(y,listtt, 8)

X_train = X_train[:,8:1888]

NN = y[starting:ending]

Testing = np.concatenate((test, NN), axis = 8)
y_test = Testing[:,1888].astype(int)

X_test = Testing[:,8:1868]

accuracy, F_Score, pp, rrr, aroc = OCSVclasifier(X_train,X_test, y_test, kk
, nn, gg)

FFF.append(F_Score)
ACC.append(accuracy)

ppre.append(pp)
recl.append(rrr)

a_roc.append(aroc)
#Thread _accuracy. append{accuracy )}

jo+=1




return (ACC,FFF, ppre, recl, a_roc)
#my _queue.put{accurocy)

1.5 SETUP

nonGasoline = training[training[:,1868] != “GASCLINE"]
Gasoline = training[training[:,1868] == “GASOLINE™ ]
nonGasoline[:,1858] = 1

Gasoline[:,1868] = 8 # Target Class. 83/11/2822

G_testing= testing.copy()

G_testing = np.concatenate((G_testing, nonGasoline),axis=8)
np.random.seed(42)

np.random. shuffle(G_testing)
G_testing[:,1868][G_testing[:,1868] i= "GASOLINE"] =
G_testing[:,1868][G_testing[:,1868] == "GASOLINE"] = ©

i

i
o

#Gasoline Lables = Gasoline[:,1868]. astype(int) # all 8s 1t is just here, not to be
used unless we want to combine 1t with testing.

#X_test = np.concatenate((tetsing[:,0:1868], Gasoline[:,6:1868}), axis=8}

#y test = np.concatenate({tetsingf:,1868], Gasoline[:,1868]), axis=0)

#y test = y test.astype{int)

NnOnBASE_OIL = training[training[:,1868] != "BASE OIL"]
BASE_OIL = training[training[:,1868] == “"BASE_OIL" ]
#nonBASE_OIL]:,58] = 1

BASE_OIL[:,1868] = ©

B_testing = testing.copy()

B_testing = np.concatenate((B_testing, nonBASE_OIL),axis=9)

np.random.seed(42)
np.random.shuffle(B_testing)

B_testing[:,1868][B_testing[:,1868] i= “BASE_OIL"] = 1
B_testing[:,1868][B_testing[:,1868] == "BASE_QIL"] = ¢
NnonKEROSENE = training[training[:,1868] i= "KEROSENE"]
KEROSENE = training[training[:,1868] == "KEROSENE" ]

AnonKERCSENET : 58] = 1

KEROSENE[ :,1868] = 8

K_testing = testing.copy()

K_testing = np.concatenate((K_testing, nonKEROSENE), axis=8)

np.random.seed(42)
np.random.shuffle(K_testing)

K_testing[:,1868][K_testing[:,1888] {= "KEROSENE"] = 1
K_testing[:,1868][K_testing[:,1868] == "KERQSENE®] = ¢
nonDIESEL = training[training[:,1868] != “DIESEL"]
DIESEL = training[training[:,1868] == "DIESEL" ]

HnonDIESEL] 58] = 1

DIESEL[:,1868] = @

D_testing = testing.copy()

D_testing = np.concatenate((D_testing, nonDIESEL), axis=8)

np.random.seed(42)
np.random.shuffle(D_testing)

¥
[

D_testing[:,1868][D_testing[:,1868] i= "DIESEL”] =
D_testing[:,1868][D_testing[:,1868] == "DIESEL"] = ©




nonFUEL_OIL = training[training[:,1888] i= "FUEL_OIL"]
FUEL_OIL = training[training[:,1868] == "FUEL_OIL" ]
#nonFUEL_OIL]:,56] = 1

FUEL_OIL[:,1858] = @

F_testing = testing.copy()

F_testing = np.concatenate((F_testing, nonFUEL_OIL), axis=8)

np.random.seed(42)
np.random.shuffle(F_testing)

F_testing[:,1868][F_testing[:,18688] i= "FUEL_OIL"] = 1
F_testing[:,1868][F_testing[:,1868] == “FUEL_OIL"] = &

print('Gasoline: ', Gasoline.shape[8], "Gasoline_testing: ", G_testing.shape[B], '\
" "BASE_OIL: ", BASE_OIL.shape[8], "BASE_OIL.testing: ", B_testing.shape[8], '\
o “KEROSENE: “, KEROSENE.shape[8], “KEROSENE.testing: ", K_testing.shape[8], '\
n’,

“DIESEL: ", DIESEL.shape[@], "DIESEL.testing: ", D_testing.shape[8], '\n’,
“FUEL_OIL: ", FUEL_OIL.shape[8], "FUEL_OIL.testing: ", F_testing.shape[&])

1.5.1 Parameters GridSearch

# Define porometer possibilities as lists

OSVM_kernel = [‘rbf']

OSVM_gamma = np.arange(l, 188¢, 18).tolist() #/ ’'scaole’, ‘outo’,8.5, 68, 906]
OSVM_nu = np.arange(6.95, 8.3, 9.85).tolist()

training. shape

array_.shape
1.5.2 Classifier 1 (Gasoline)

%%time

# to find starting ond ending of each fold.

B, Com = FindPortions(k=12, y= Gasoline) #didn’t moke it to go for more than data s
omples folds, not necessgary.

# The scores will go here+387\}[poirwy]
results = []

# Nested loops - we need to test for oll combingtions
for kk in OSVM_kernel:
for gg in OSVM_gamma:
for nn in OSVM_nu:

Accuracy , F1_Socre, ppre, recl, a_roc = Main(1@,Gasoline,G_testing, B,
Com, kk, nn, gg) ## the k should be same os it in portionfunction
# Append current resuits
results.append({
‘Accuracy’t round(Average(Accuracy), &),
'F1_Socre’: round(Average(Fl_Socre), 5),
‘Precession’: round(Average(ppre), 5),
‘Recall’: round(Average(recl), 3),
‘roc’: round(Average(a_roc), %),

‘Kernel': kk,
‘Gamma': gg,
‘nu': nn

1}




# Convert to Pondus DataFrome and sort descendingly by accuracy

G_results = pd.DataFrame(results)

G_results = G_results.sort_values(by=['Accuracy', 'F1_Socre','Precession’, ‘Recall’'],
ascending=False)

G_results

1.5.3 Classifier 2 (BASE_OIL)

%%time

# to find starting ond ending of soch fFold.

B, Com = FindPortions(k=18, y= BASE_OIL) #didn't moke to go for more thon dota samp
tes folds, not necessary.

# The scores will go here+S987\]{poirwy]
results = []

# Nested loops - we need to test for ail combinations
for kk in OSVM_kernel:
for gg in OSVM_gamma:
for nn in OSVM_nu:

Accuracy , F1_Socre, ppre, recl, a_roc = Main(i£,BASE_OIL,B_testing, B,
Com, kk, nn, gg) ## the k should be same gs it in portionfunction
& Append current results
results.append({
"Accuracy’: round(Average(Accuracy), 5),
'F1_Socre': round(Average(Fl_Socre), 5),
‘Precession’: round(Average(ppre), 5),
"Recall’: round(Average(recl), 5),
‘roc’: round(Average(a_roc), 5),
‘Kernel': kk,
‘Gamma': gg,
! nn

nu e

i)

# Convert to Pandas DotoFrame ond sort descendingly by occuracy

B_results = pd.DataFrame(results)

B_results = B_results.sort_values(by=['Accuracy’, 'Fl_Socre',’'Precession’, Recall'],
ascending=False)

B_results

1.5.4 Classifier 3 (KEROSENE)

%%time

# to find starting and ending of each fold.

B, Com = FindPortions(k=12, y= KEROSENE) #didn't make to go for more Tthan duta somp
tes folds, not necessary.

# The scores will go here
results = []

# Nested loops - we need to test for all combingtions
for kk in OSVM_kernel:
for gg in OSVM_gamma:
for nn in OSVM_nu:

Accuracy , F1_Socre, ppre, recl, a_roc = Main(%&,KEROSENE,K_testing, B,
Com, kk, nn, gg) ## the k should be sawe as it in portionfunction
# Append current results
results.append({
"Accuracy': round(Average(Accuracy), 5),
'Fl1_Socre’: round(Average(Fl_Socre), 3),




"Precession’: round(Average(ppre), 5),
'Recall’: round(Average(recl), 5),
‘roc': round(Average(a_roc), 5),

‘Kernel': kk,
‘Gamma': gg,
nu': nn

i)

# Convert to Pandas DataFrome oand sort descendingly by accuracy

K_results = pd.DataFrame(results)

K_results = K_results.sort_values(by=['Accuracy',’'Fl_Socre', 'Precession', 'Recall'],
ascending=False)

K_results

1.5.5 Classifier 4 (DIESEL)

%xtime

# to find storting and ending of each fold.

B, Com = FindPortions(k=18, y= DIESEL) #didn’'t muke to go for more than dotg somple
s folds, not necessary.

# The scores will go here
results = []

# Nested lovps - we need to test for oll combinations
for kk in OSVM_kernel:
for nn in OSVM nu:
for gg in OSVM_gamma:

Accuracy , F1_Socre, ppre, recl, a_roc = Main(1%,DIESEL,D_testing, B, C
om, kk, nn, gg) ## the & should be some ags it in portionfunction
# Append current results
results.append({
'Accuracy’: round(Average(Accuracy), 5),
'F1_Socre’: round(Average(F1l_Socre), 35),
"Precession’: round(Average(ppre), 5),
"Recall’: round(Average(recl), 5),
‘roc’: round(Average(a_roc), 3),

Kernel': kk,
‘Gamma’' . gg,
nu': nn

9]

# Convert to Panduas DatoFrame uand sort descendingly by occuracy
D_results = pd.DataFrame(results)

D_results = D_results.sort_values(by=['roc’], ascending=False)
D_results

1.5.6 Classifier 5 (FUEL_OIL)

%%time

# to find starting and ending of each fold.

B, Com = FindPortions(k=18, y= FUEL_OIL) #didn't make to go for more thon data somp
les folds, not necessary.

# The scores will go here
results = []

# Nested Loops - we need to test for all combinations
for kk in OSVM_kernel:
for nn in OSVM_nu:
for gg in OSVM_gamma:




Accuracy , F1_Socre, ppre, recl, a_roc = Main(i8,FUEL_OIL,F_testing, B,
Com, kk, nn, gg) ## the k should he some as it in portionfunction
# Append current results
results.append({
‘Accuracy': round(Average(Accuracy), 5),
'F1_Socre': round(Average(Fl_Socre), 5),
"Precession’: round(Average(ppre), 3),
'Recall’: round(Average(recl), 3),
‘roc’: round(Average(a_roc), 5),

‘Kernel': kk,
‘Gamma©: gg,
‘nu'sonn

9

# Convert to Pandos DotaFrame and sort descendingly by accuracy
F_results = pd.DataFrame(results)

F_results = F_results.sort_values(by=['roc’'], ascending=False)
F_results

1.6 SAVE and TEST

#8 results.to_csv(B_results_PYOD OCSVM.csv”™)
#K_results.to csv{"K_results_PYOD_OUSVM.csv™)
D_results.to_csv("D_results_PYOD_OCSVM.csv®)
F_results.to_csv("F_results_PYOD_OCSVM.csv")

all_testing = validation.copy()

training = np.concatenate((training, testing), axis = @)

%%time

#Training:

#Gosoline:

nonGasoline = training[training[:,1868] != “GASOLINE™]
Gasoline = training[training[:,1868] == “GASOLINE" ]

G_train = Gasoline[:,8:1868]
G_classifier = OCSVM(kernel='rbf', nu=8.1,gamma=11, degree=3, coef0=3.82)
G_classifier.fit(G_train)

BEASEQTL
NOnBASE_OIL = training[training[:,1868] i= "BASE_OIL"]
BASE_OIL = training[training[:,1868] == "BASE_OQIL" ]

B_train = BASE_OIL[:,%:1868]
B_classifier = OCSVM(kernel='rbf', nu=8.1,gamma=671, degree=3, coef@=8.,82)
B_classifier.fit(B_train)

BKEROSENE :
NnOnKEROSENE = training[training[:,1868] I= “"KEROSENE"]
KEROSENE = training[training[:,1888] == “KERQOSENE" ]

K_train = KEROSENE[:,8:1858]
K_classifier = OCSVM(kernel='rbf', nu=@.1,gamma=9%1, degree=3, coef0=0.42)
K_classifier.fit(K_train)

#eisel:
nonDIESEL = training{training[:,1868] != "DIESEL"]
DIESEL = training[training[:,1868] == "DIESEL" ]

D_train = DIESEL[:,2:1868]
D_classifier = OCSVM(kernel='rbf', nu=8.1,gamma=981, degree=3, coef@=4.82)
D_classifier.fit(D_train)

#FUEL_OTL
nonfFUEL_OIL = training[training[:,1888] t= “FUEL_OIL"]
FUEL_OIL = training[training[:,1868] == "FUEL_OIL" ]




F_train = FUEL_OIL[:,8:1858]
F_classifier = OCSVM(kernel='rbf', nu=8.15,gamma=771, degree=3, coef@=5.82)
F_classifier.fit(F_train)

bb = []
it=8
m = all_testing.shape[&]
for 1 in range(m):
G_decision_function = G_classifier.decision_function(all_testing[i:(i+1),8:1868

D
B_decision_function = B_classifier.decision_function(all_testing[i:(i+1),8:1858
D
K_decision_function = K_classifier.decision_function(all_testing[i:(i+1),8:1868
D
D_decision_function = D_classifier.decision_function(all_testing[i:(i+1),8:1868
D
F_decision_function = F_classifier.decision_function(all_testing[i:(i+1),8:1868
D
if G_decision_function == B_decision_function == K_decision_function == D_decis
ion_function == F_decision_function:
bb.append(“outlier")
it += 1
print(i, "outlier")
elif G_decision_function == min(G_decision_function, B_decision_function, K_dec

ision_function, D_decision_function, F_decision_function):
bb.append("GASCLINE")
elif B_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append(“BASE_0OIL")
elif K_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append(“KEROSENE")
elif D_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append(“DIESEL")
elif F_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append("FUEL_OIL™)

y_act = all_testing[:,1868]

report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

from sklearn.metrics import roc_auc_score
def roc_auc_score_multiclass(actual_class, pred_class, average = "macro"):

#oreating a set of oll the unique classes using the uctugl class List
unique_class = set(actual_class)
roc_auc_dict = {}
for per_class in unique_class:
#oregting a Uist of oll the classes except the current class
other_class = [x for x in unique_class if x {= per_class]

#marking the current class os 1 ond oLl other cigsses gs 8
new_actual_class = [8 if x in other_class else 1 for x in actual_class]
new_pred_class = [8 if x in other_class else 1 for x in pred_class]

#using the skleorn metrics method to calculate the roc_auc_score
roc_auc = roc_auc_score(new_actual_class, new_pred_class, average = average

roc_auc_dict[per_class] = roc_auc




return roc_auc_dict

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(1lr_roc_auc_multiclass.items(), columns=[‘Class®, 'AUC'])

G_Cen = np.mean(G_train, axis=%)
B_Cen = np.mean(B_train, axis=%)
K_Cen = np.mean(K_train, axis=g)
D_Cen = np.mean(D_train, axis=g)
F_Cen = np.mean(F_train, axis=8)

bb = []
it=28

m = all_testing.shape[2]
for i in range(m):

G_prob = G_classifier.predict_proba(all_testing{i:(i+1),2:1868])[8][2]

B_prob = B_classifier.predict_proba(all_testing[i
K_prob = K_classifier.predict_proba(all_testing[i
D_prob = D_classifier.predict_proba(all_testing[i
F_prob = F_classifier.predict_proba(all_testing[i

:(i+1),0:1868])[8]1[2]
:(i+1),2:1868]1)[8][2]
1(i+1),8:1868]1)[e][2]
1(i+1),2:1888])[8][2]

if G_prob == B_prob == K_prob == D_prob == F_prob:

bb.append("ocutlier")
it += 1
print(i, "outlier®)

elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_praob):

bb.append("GASOLINE™)

elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):

bb.append("BASE_OIL")

elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):

bb.append("KERCSENE")

elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):

bb.append(“DIESEL")

elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):

bb.append("FUEL_OIL")

report = classification_report(y_act, bb, output_dict=True)

preport = pd.DataFrame(report).transpose()
y = list(y_act)

predictionnnn_a = pd.DataFrame(data={"prediction”: bb, "actual”™: y})

predictionnnn_a.to_csv("pred vs act.csv®)
preport

Ir_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns={’Class', ‘AUC'])

from scipy.spatial.distance import hamming, mahalanobis, chebyshev, cdist

bb = []

it = 2

m = all_testing.shape[8]
for 1 in range(m):

G_prob = G_classifier.predict_proba(all_testing[i

B_prob = B_classifier.predict_proba(all_testing[i
K_prob = K_classifier.predict_proba(all_testing[i
D_prob = D_classifier.predict_proba(all_testing[i
F_prob = F_classifier.predict_proba(all_testing[i

:(i+1),8:1868])[2][8]
1(i+1),0:1888])([81[8]
1(i+1),8:18881)[2][¢]
1(i+1),0:1888]1)[81[8]
:(i+1),0:1868])[e][e]

if G_prob == B_prob == K_prob == D_prob == F_prob:

G_dis = chebyshev(all_testing[i,8:1%68], G_Cen)
B_dis = chebyshev(all_testing[i,5:1868], B_Cen)
K_dis = chebyshev(all_testing[i,2:1888], K_Cen)
D_dis = chebyshev(all_testing[i,&:1868], D_Cen)
F_dis = chebyshev(all_testing[i,&:1868], F_Cen)




if G_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(”GASOLINE")
elif B_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("BASE_0IL")
elif K_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("KEROSENE")
elif D_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("DIESEL")
elif F_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("FUEL_OIL")
it += 1
print(i, "outlier")
elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("GASCLINE™)
elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(”"BASE_OIL™)
elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("KERCSENE")
elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("DIESEL")
elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(*FUEL_OIL")

report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=['Class’, ‘AUC'])

predictionnnn_a = pd.DataFrame(data={"prediction™: bb, “actual”: y})
predictionnnn_a.to_csv("pred vs act.csv")

G_predict = G_classifier.predict(all_testing[:,6:1868]).reshape(-1,1)
B_predict = B_classifier.predict(all_testing[:,8:1868]).reshape(-1,1)
K_predict = K_classifier.predict(all_testing[:,6:1868]).reshape(-1,1)
D_predict = D_classifier.predict(all_testing[:,8:1868]).reshape(~1,1)
F_predict = F_classifier.predict(all_testing[:,8:1868]).reshape(-1,1)

prediction = np.concatenate([G_predict, B_predict, K_predict, D_predict, F_predict]
yaxis=1)
bb

(]
it =¢
m = prediction.shape[2]
for 1 in range(m):
a = prediction[i,:]
if a[2] == 8 and a[l] == 1 and a[2] == 1 and a[3] == 1 and a[4] == 1:
bb.append(“GASOLINE")
elif a[@] == 1 and a[l] == © and a[2] == 1 and a[3] == 1 and a[4] == 1:
bb.append(“BASE_OIL™)
elif a[@] == 1 and a[1] == 1 and a[2] == & and a[3] == 1 and a[4] == 1:
bb.append( “KERGSENE™)
elif a(@] == 1 and a[l1] == 1 and a[2] == 1 and a{3] == @ and a[4] ==
bb.append(“DIESEL")
elif a[8] == 1 and a[1] == 1 and a[2] == 1 and a[3] == 1 and a[4] == @:
bb.append("FUEL_OIL")

o

[

else:
G_prob = G_classifier.predict_proba(all_testing[i:(i+1),8:1868])[&][e]
B_prob = B_classifier.predict_proba(all_testing[i:(i+1),2:1868])[2][2]
K_prob = K_classifier.predict_proba(all_testing[i:(i+1),2:1868])[8][e]
D_prob = D_classifier.predict_proba(all_testing[i:(i+1),8:1888])[2][2]
F_prob = F_classifier.predict_proba(all_testing[i:(i+1),@:1868])([e][2]
it += 1

if G_prob == B_prob == K_prob == D_prob == F_prob:
bb.append(“outlier")
print(i, "outlier")




elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append (" GASOLINE™)
print(i)

elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("BASE_QIL")
print(i)

elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("KEROSENE")
print(i)

elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“DIESEL")
print(i)

elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("FUEL_CIL")
orint(i)

y_act = all_testing[:,18868]

report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=[‘Class‘, 'AUC'])

from scipy.spatial.distance import hamming, mahalanobis, chebyshev, cdist

bb = []
it =28
m = prediction.shape[2]
for 1 in range(m):
a = prediction[i,:]
if a[@] == 2 and a[1] == 1 and a[2] == 1 and a[3] == 1 and a[4] == 1:
bb.append(“GASOLINE")
elif a[@] == 1 and a[1] == 8 and a[2] == 1 and a[3] == 1 and a[4] == 1:

bb.append("BASE_OIL")

elif a[8] == 1 and a[1] == 1 and a[2] == © and a[3] == 1 and a[4] == 1:
bb.append("KEROSENE™)

elif a[@] == 1 and a[1] == 1 and a[2] == 1 and a[3] == @ and a[4] == 2:

bb.append(“DIESEL")
elif a[8] == 1 and a[1] == 1 and a[2] == 1 and a[3] =
bb.append(“FUEL_OIL")

i

1 and a[4] == 9

else:
G_prob = G_classifier.predict_proba(all_testing[i:(i+1),8:1858])[2][8]
B_prob = B_classifier.predict_proba(all_testing[i:(i+1),©:18638])[2][8]
K_prob = K_classifier.predict_proba(all_testing[i:(i+1),8:1868])[2][@]
D_prob = D_classifier.predict_proba(all_testing[i:(i+1),8:1868])[2][6]
F_prob = F_classifier.predict_proba(all_testing[i:(i+1),8:1868]){2][8]
it += 1

if G_prob == B_prob == K_prob == D_prob == F_prob:
G_dis = mahalanobis(all_testing[i,&:1868], G_Cen)

B_dis = mahalanobis(all_testing[i,&:1868], B_Cen)
K_dis = mahalanobis(all_testing[i,%:1868], K_Cen)
D_dis = mahalanobis(all_testing[i,&:1868], D_Cen)

F_dis = mahalanobis(all_testing[i,&:1868], F_Cen)

if G_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(“GASCLINE")

elif B_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("BASE_OIL")

elif K_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(“KEROSENE™)

elif D_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("DIESEL")

elif F_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("FUEL_QOIL")

print(i, “outlier")




elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("GASOLINE™)
print(i)

elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("BASE_CIL")
print(i)

elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“KEROSENE")
print(i)

elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“DIESEL")
print(i)

elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“FUEL_OIL")
orint(i)

report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=['Class’, ‘AUC'])

2 Reduced FTIR

from pyod.models.ocsvm import OCSVM

import pandas as pd, numpy as np

from sklearn.model_selection impert train_test_split

from sklearn.preprocessing import StandardScaler, RobustScaler, MinMaxScaler, Norma
lizer

from sklearn.metrics import classification_report

import seaborn as sns

from sklearn import metrics

import warnings

warnings.filterwarnings("ignore”)

df = pd.read_csv( AL1CLASSES.csv')
df = df.rename(columns={ CLASS': ‘Class'})
df[df.isna().any(axis=1)]["Class"].value_counts()

sns.countplot(df[‘Class'])

df [df.isnull().any(axis=1)]
2.1 Filling null values with avarage value of the coulmn

class based

cc = df.columns[8:18568]
for column in cc:
df[column] = df[column].fillna(df.groupby('Class')[column].transform( 'mean®))

df [df.isna().any(axis=1)]["Class"].value_counts()
from scipy.signal import savgol_filter
df2 = df.iloc{:, 9:1868]

df2




a = df2[df2 > 188 ].count()
sum(a)

#e =[]

#for 1 in range(5,566,2):

# df filtered = df2.opply(savgol_filter, window length= 1, polyorder=3)
# b= oo - (df _filtered[df_filtered > 108 ].count{))

#  c.oappend({Twindow_length”: i, “diffrence :sum{b}})

#or = pd.DotoFrome{c)

#oc = oo sort_volues{by=["diffrence'], ascending=True)
#oof "diffrence’ ]>8

sccfool 'diffrence’ [>8]

df_filtered = df2.apply(savgol_filter, window_length= 7, polyorder=3)
df_filtered[df_filtered > 188] = 12¢

df_filtered[df_filtered > 188 ].count()

df_filtered['Class’] = df['Class’].values
df_filtered[df_filtered[“Class"] == 'BASE QIL']

cols = df.columns{9:1868]
df[cols][df[cols] > 188] = 120

from keras.layers import Input, Dense

from keras.models import Model

# Extract the fegtures and labels

features = df_filtered.iloc[:,:-1].values

labels = df_filtered.iloc[:,-1].values

# Normalized the features

normalizer = Normalizer()

scaled_features = normalizer.fit_transform(features)

# Define the autoencoder model

inputs = Input(shape=(18683,))

encoded = Dense(188, activation='relu’)(inputs)

decoded = Dense(1868, activation='sigmoid’)(encoded)

autoencoder = Model(inputs, decoded)

# Complile the model

autoencoder.compile(optimizer='Adam', loss='binary_crossentropy®)
# Fit the model on the scaled feqtures
autoencoder.fit(scaled_features, scaled_features, epochs=182, batch_size=32, shuffl
e=True)

# Gelt the encoding lLayer

encoder = Model(inputs, encoded)

# Get the reduced feotures

reduced_features = encoder.predict(scaled_features)
# Convert the reduced features to g dotafrome
reduced_features = pd.DataFrame(reduced_features)

# Add the labels to the reduced features dotafrome
reduced_features['label’'] = labels

2.2 Converting df to array

array_ = reduced_features.to_numpy()




np.random.seed(42)
np.random.shuffle(array_)
array_

training, testing® = train_test_split(array_, test_size=8.42, random_state=32)
testing, validation = train_test_split(testing@, test_size=8.58, random_state=42)

print(training.shape, testing.shape, validation.shape)
2.3 Functions for OCSVM hyperparamerts tunning with
K folds CV.

def FindPortions(k, y):
Length = len(y)

A= 1]
L = Length//k
¢ = Length - ((Length//k)*k)

for 1 in range (8, k):
A.append(L)
B = A.copy()

while(c I= 8):
while (c > k):
loop = int(c/k)
for 1 in range(loop):
for i in range(2, k):
B[i] += 1
C ~=1
for 1 in range(8, c):
Hm o= kei-1
B{i] += 1
c -= 1
Com = []
for 1 in range(8,k):
Com.append(sum(B[&:1]))
return B, Com

def Average(lst):
return sum(lst) / len(lst)

def OCSVclasifier(X_train,X_test, y_test, kk, nn; gg):

predicted_y = []

expected_y = []

classifier = OCSVM(kernel=kk, nu=nn,gamma=gg, degree=3, coef@=0.82) ## kern
el kk, nuinn, gomma: gg, uncertion about other parameters.

classifier.fit(X_train)

predicted_y.extend(classifier.predict(X_test))

expected_y.extend(y_test)

accuracy = metrics.accuracy_score(expected_y, predicted_y)
F_Score = metrics.fl_score(expected_y, predicted_y)

Pre = metrics.precision_score(expected_y, predicted_y)
recl = metrics.recall_score(expected_y, predicted_y)

roc = metrics.roc_auc_score(expected_y, predicted_y)

return accuracy, F_Score, Pre, recl, roc




def Main(k,y,test, B, Com, kk, nn, gg):

j=8

FFF = []
ACC = []
ppre = []
recl = []
a_roc = []

while(j < k):
starting = Com[j]
ending = starting + B[j]
if (3 == k-1):
ending = starting + B[]]

#print(“starting = ", storting, ”,ending =

g-starting)

I3

. ending, “diffrence

listtt = np.arange(starting, ending, 1).tolist()

X_train = np.delete(y,listtt, )

X_train = X_train[:,6:188]

NN = y[starting:ending]

Testing = np.concatenate((test, NN), axis
y_test = Testing[:,188].astype(int)
X_test = Testing[:,9:188]

i

2)

E3

s endin

accuracy, F_Score, pp, rrr, aroc = 0CSVclasifier(X_train,X_test, y_test, kk

, hn, gg)
FFF.append(F_Score)

ACC.append(accuracy)

ppre.append(pp)
recl.append(rrr)

a_roc.append(aroc)
#Thread accuracy. append(accuracy)
j o+= 1

return (ACC,FFF, ppre, recl, a_roc)
#my _queue. put{accuracy}

2.4 SETUP

nonGasoline = training({training[:,168] != "GASOLINE"]

Gasoline = training[training[:,188] == "GASOLINE" ]

nonGasoline[:,188] = 1
Gasoline[:,188] = © # Target Class. 83/311/2622
G_testing= testing.copy()

G_testing = np.concatenate((G_testing, nonGasoline),axis=2)

np.random.seed(42)
np.random.shuffle(G_testing)
G_testing[:,108][G_testing[:,188] != “GASOLINE"]

G_testing[:,188][G_testing[:,188] == “GASOLINE"] =

#Gasoline lobles = Gasoline[:,180].astype(int) # oll s it 15 just here, not to be

used uniess we wont to combine it with festing.

#X _test = np.concatengte((tetsing]:,6:188], Gasoline[:,8:168]), axis=8)

#y test
#y_test

#

#

y_test.gstypelint)

np.concatenate({tetsing]:,188], Gasolinel:,188]), axis=8)




NonBASE_OIL = training[training[:,188] != "BASE_OIL"]
BASE_OIL = training[training[:,188] == "BASE_OIL" ]
EnonBASE OIL]: 58] = 1

BASE_OIL[:,108] = ©

B_testing = testing.copy()

B_testing = np.concatenate((B_testing, nonBASE_O0IL),axis=2)

np.random.seed(42)
np.random.shuffle(B_testing)

B_testing[:,18¢][B_testing[:,188] != “BASE QIL"] = 1
B_testing[:,188][B_testing[:,188] == "BASE_OIL"] = 8
NnOonKEROSENE = training[training[:,18@] != “KEROSENE"]
KEROSENE = training[training[:,188] == “KEROSENE" ]

#nonKEROSENET : 58} = 1
KEROSENE[:,128] = @
K_testing = testing.copy()

K_testing = np.concatenate((K_testing, nonKEROSENE), axis=&)

np.random.seed(42)
np.random.shuffle(K_testing)

K_testing[:,1@8][K_testing[:,188] != "KEROSENE"] = 1
K_testing[:,128][K_testing[:,188] == "KERQCSENE"] = @
NonDIESEL = training[training[:,188] (= "DIESEL”]
DIESEL = training[training[:,180] == “DIESEL" ]

#NONDIESEL]: 58] = 1
DIESEL[:,188] = &
D_testing = testing.copy()

D_testing = np.concatenate((D_testing, nonDIESEL), axis=%)

np.random.seed(42)
np.random.shuffle(D_testing)

D_testing[:,108][D_testing[:,188] != "DIESEL"] = 1
D_testing[:,128][D_testing[:,188] == "DIESEL"] = ©
nonFUEL_OIL = training[training[:,188] i= “FUEL_OIL"]
FUEL_OIL = training[training[:,188] == “FUEL_OIL® ]

#nOnFUEL_QIL[:,58] = I
FUEL_OIL[:,188] = @
F_testing = testing.copy()
F_testing

oM

np.random.seed(42)
np.random.shuffle(F_testing)

F_testing[:,188][F_testing[:,188] I= “FUEL_CIL"] = 1
F_testing[:,l88][F_testing[:,188] == "FUEL_QIL"] = @
print(‘Gasoline: ', Gasoline.shape[@], "Gasoline testing:
" "BASE_OIL: ", BASE_OIL.shape[@], "BASE_OIL.testing:
" “KEROSENE: °, KEROSENE.shape[@], "KEROSENE.testing:
n',

np.concatenate((F_testing, nonFUEL_OIL), axis=&)

3

, G_testing.shape[2],

88

, B_testing.shape[#],

, K_testing.shape[2],

“DIESEL: ", DIESEL.shape[@], "DIESEL.testing: *, D_testing.shape[8], ‘\n’,

“FUEL_OIL: ", FUEL_OIL.shape[8], "FUEL_OIL.testing:

", F_testing.shape[2])




2.4.1 Parameters GridSearch

# Define paremeter possibilities as {ists E—
OSVM_kernel = [‘prbf']

OSVM_gamma = np.arange(l, 1888, 1@).tolist() #/ 'scaie’, ‘guts’,8.5, &8, 868}

OSVM_nu = np.arange(2.65, 2.9, 2.85).tolist()

training.shape

array_.shape
2.4.2 Classifier 1 (Gasoline)

%%time

# to find storting and ending of eoch fold,

B, Com = FindPortions(k=12, y= Gasoline) #didn’t make it to go for more than dota s
amples folds, not necessary.

# The scores will go here+987\jfpoirwy]
results = []

# Nested loops - we need to test for gll combingticns
for kk in OSVM_kernel:
for gg in OSVM_gamma:
for nn in OSVM_nu:

Accuracy , F1_Socre, ppre, recl, a_roc = Main(1¢,Gasoline,G_testing, B,
Com, kk, nn, gg) ## the k should be same us it in portionfunction
# Append current resuylts
results.append({
"Accuracy': round(Average(Accuracy), 5),
'Fi_Socre’: round(Average(Fl_Socre), 5),
"Precession’: round(Average(ppre), 5),
‘Recall’: round(Average(recl), 5),
‘roc’: round(Average(a_roc), §),

"Kernel': kk,
‘Gamma': gg,
nu': nn

}

# Convert to Pandos DatoFrame and sort descendingly by accurecy

G_results = pd.DataFrame(results)

G_results = G_results.sort_values(by=['Accuracy’,'Fi_Socre', 'Precession’, 'Recall'],
ascending=False)

G_results

2.4.3 Classifier 2 (BASE_OIL)

%#%time

# to find starting and ending of each fold.

B, Com = FindPortions(k=18, y= BASE_OIL) #didn’t make to go for more than data somp
les folds, not necessary.

# The scores will go here+387\ J{poirwy]
results = []

# Nested Loops - we need to test for oll combingtions
for kk in OSVM_kernel:
for gg in OSVM_gamma:
for nn in OSVM_nu:

Accuracy , F1l_Socre, ppre, recl, a_roc = Main(i¢,BASE_OIL,B_testing, B,




Com, kk, nn, gg) ## the & should be same as 1t in portionfunction

# Append current results

results.append({
'Accuracy': round(Average(Accuracy), 5),
'Fi_Socre': round(Average(Fl_Socre), 5),
‘Precession’: round(Average(ppre), 5),
'Recall’: round(Average(recl), 5),
‘roc’: round(Average(a_roc), 5),

‘Kernel': kk,
‘Gamma“: gg,
‘nu': nn

b

# Convert to Pandas DotoFrame ond sort descendingly by occuracy

B_results = pd.DataFrame(results)

B_results = B_results.sort_values(by=['Accuracy’, Fi_Socre', Precession’, ‘Recall’],
ascending=False)

B_results

2.4.4 Classifier 3 (KEROSENE)

*%time

# to find starting and ending of eoch folid.

B, Com = FindPortions(k=18, y= KEROSENE) #didn 't make to go for more thoan doto samp
Les folds, not necessary.

# The scores will go here
results = []

# Nested loops - we need to Test for all combinations
for kk in OSVM_kernel:
for gg in OSVM_gamma:
for nn in OSVM_nu:

Accuracy , F1_Socre, ppre, recl, a_roc = Main(i%,KEROSENE,K_testing, B,
Com, kk, nn, gg) ## the k should be same as it in portionfunction
# Append current results
results.append({
‘Accuracy’: round(Average(Accuracy), %),
'F1_Socre': round(Average(Fl_Socre), 5),
‘Precession’: round(Average(ppre), %),
‘Recall’: round(Average(recl), 3),
‘roc’: round(Average(a_roc), 5),

‘Kernel': kk,
‘Gamma': gg,
‘nu’: nn

b))

# Convert to Pandas DataFrame ond sort descendingly by accuracy

K_results = pd.DataFrame(results)

K_results = K_results.sort_values(by=['Accuracy', 'Fi_Socre’, 'Precession’,'Recall’'],
ascending=False)

K_results

2.4.5 Classifier 4 (DIESEL)

%%time

# to find starting ond ending of euch fold.

B, Com = FindPortions(k=12, y= DIESEL) #didn’t make to go for more than dato sample
5 folds, not necessary.

# The scores will go here




results = []

# Nested loops - we need to test for all combinotions
for kk in OSVM_kernel:
for nn in OSVM_nu:
for gg in OSVM_gamma:

Accuracy , Fl_Socre, ppre, recl, a_roc = Main(1é,DIESEL,D_testing, B, C
om, kk, nn, gg) ## the & should be same as it in portionfunction
# Append current results
results.append({
'Accuracy’: round(Average(Accuracy), 5),
'Fi_Socre’: round(Average(F1_Socre), 5),
‘Precession’: round(Average(ppre), %),
‘Recall': round(Average(recl), 35),
‘roc’: round(Average(a_roc), 5),

‘Kernel': kk,
‘Gamma': gg,
‘nu': nn

j9)

# Convert to Pandus DatoFrame and sort descendingly by occuracy
D_results = pd.DataFrame(results)

D_results = D_results.sort_values(by=['roc'], ascending=False)
D_results

2.4.6 Classifier 5 (FUEL_OIL)

%%time

# to find starting and ending of ewch Fold,

B, Com = FindPortions(k=18, y= FUEL_OIL) #didn’t make to go for more than data samp
les folds, not necessary.

# The scores will go here
results = []

# Nested Loops - we need to test for gll combinotions
for kk in OSVM_kernel:
for nn in OSVM_nu:
for gg in OSVM_gamma:

Accuracy , Fl_Socre, ppre, recl, a_roc = Main(1&,FUEL_OIL,F_testing, B,
Com, kk, nn, gg) ## the k should be some as it in portionfunction
# Append current results
results.append({
‘Accuracy’: round(Average(Accuracy), %),
'Fi_Socre': round(Average(Fl_Socre), 3),
"Precession’: round(Average(ppre), %),
"Recall’: round(Average(recl), 5),
"roc’: round(Average(a_roc), 5),

‘Kernal': kk,
‘Gamma': gg,
nu': nn

1)

# lonvert to Poandas DotaFrame and sort descendingly by accuracy
F_results = pd.DataFrame(results)

F_results = F_results.sort_values(by=['roc'], ascending=False)
F_results

ft




2.5 SAVE and TEST

#G _results.to_csv{"G_results_PYOD OCSVM.csv™)
#8 results.to_csv("B_results PYOD OCSYM,cs5v™)
#K results.to _csv("K_results_PYOD OCSVM, csv™)
D_results.to_csv("B_results_PYOD_OCSVM.csv")
F_results.to_csv("F_results_PYOD_OCSVM.csv")

all_testing = validation.copy()

training = np.concatenate((training, testing), axis = 8)

%%time

#Training:

#aosoline:

nonGasoline = training[training[:,188] i= “GASOLINE"]
Gasoline = training[training[:,188] == "GASOLINE" ]

G_train = Gasoline[:,8:19¢]
G_classifier = OCSVM(kernel='rbf‘, nu=6.85,gamma=1, degree=3, coef@=5,82)
G_classifier.fit(G_train)

#BASECIL :
nonBASE_OIL = training[training[:,168] i= “BASE_0IL"]
BASE_OIL = training[training[:,188] == "BASE_OIL" ]

B_train = BASE_OIL[:,9:168]
B_classifier = O0OCSVM(kernel='rbf', nu=8.1,gamma=1, degree=3, coef0=2.82)
B_classifier.fit(B_train)

WKEROSENE
NOnKEROSENE = training[training[:,168] = "KEROSENE®]
KEROSENE = training[training[:,18@] == “KFROSENE" ]

K_train = KEROSENE[:,e¢:18@]
K_classifier = OCSVM(kernel='rbf', nu=8.1,gamma=91, degree=3, coef0=5.82)
K_classifier.fit(K_train)

#oeisel:
nonDIESEL = training[training[:,188] != “DIESEL"]
DIESEL = training[training[:,182] == "DIESEL" ]

D_train = DIESEL[:,8:188]
D_classifier = OCSVM(kernel='rbf', nu=@.1,gamma=31, degree=3, coef@=0.02)
D_classifier.fit(D_train)

#FUEL_OTL
nonFUEL_OIL = training[training[:,10@] != “FUEL_OIL"“]
FUEL_OIL = training[training[:,168] == "FUEL_OIL" ]

F_train = FUEL_OIL[:,:186]
F_classifier = OCSWM(kernel='rbf', nu=&.2,gamma=1, degree=3, coef@=%,82)
F_classifier.fit(F_train)

bb = []

it =8

m = all_testing.shape[2]

for 1 in range(m):
G_decision_function

)

B_decision_function
)

K_decision_function
)

D_decision_function
)

F_decision_function

i

G_classifier.decision_function(all_testing[i:(i+1),8:168]
B_classifier.decision_function(all_testing[i:(i+1),%:188]
K_classifier.decision_function(all_testing[i:(i+1),8:188]
D_classifier.decision_function(all_testing[i: (i+1),8:109]

F_classifier.decision_function(all_testing[i:(i+1),2:1988]




if G_decision_function == B_decision_function == K_decision_function == D_decis
ion_function == F_decision_function:
bb.append(“cutlier")
it += 1
print(i, "outlier")
elif G_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append(“GASOLINE")
elif B_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append("BASE_OIL™)
elif K_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append ("KEROSENE")
elif D_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append(“DIESEL")
elif F_decision_function == min(G_decision_function, B_decision_function, K_dec
ision_function, D_decision_function, F_decision_function):
bb.append("FUEL_QIL")

y_act = all_testing[:,168]

report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

from sklearn.metrics import roc_auc_score
def roc_auc_score_multiclass(actual_class, pred_class, average = "macro™):

#creating a set of all the unigue classes using the gctugl class List
unique_class = set(actual_class)
roc_auc_dict = {}
for per_class in unique_class:
#ereating a List of oll the classes except the current class
other_class = [x for x in unique_class if x != per_class]

#marking the current class as 1 ond oll other closses gs 8
new_actual_class = [8 if x in other_class else 1 for x in actual_class]
new_pred_class = [¢ if x in other_class else 1 for x in pred_class]

#using the sklearn metrics method to colculote the rOC_auc_soore
roc_auc = roc_auc_score(new_actual_class, new_pred_class, average = average

roc_auc_dict[per_class] = roc_auc

return roc_auc_dict

Ir_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=['Class’, ‘AUC'])

G_Cen = np.mean(G_train, axis=8)
B_Cen = np.mean(B_train, axis=g)
K_Cen = np.mean(K_train, axis=2)
D_Cen = np.mean(D_train, axis=@)
F_Cen = np.mean(F_train, axis=g)

bb = []

it = 8

m = all_testing.shape[4]

for 1 in range(m):
G_prob = G_classifier.predict_proba(all_testing[i:(i+1),2:182])[8][2]
B_prob = B_classifier.predict_proba(all_testing[i:(i+1),2:188])[8][@]
K_prob = K_classifier.predict_proba(all_testing[i:(i+1),6:182])[8][2]

it




D_classifier.predict_proba(all_testing[i:(i+1),8:128])[2][8]
F_classifier.predict_proba(all_testing[i:(i+1),8:188]1)[8][&]

D_prob
F_prob

o

if G_prob == B_prob == K_prob == D_prob == F_prob:
bb.append(“outlier™)
it += 1
print(i, “"outlier")

elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append( “GASOLINE™)

elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“BASE_OIL")

elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append ("KERQSENE™)

elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“DIESEL")

elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“FUEL_OIL")

report = classification_report(y_act, bb, output_dict=True)

preport = pd.DataFrame(report).transpose()

y = list(y_act)

predictionnnn_a = pd.DataFrame(data={"prediction®: bb, "actual": y})
predictionnnn_a.to_csv("pred vs act.csv")

preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=[ ‘Class‘, *AUC'])

from scipy.spatial.distance import hamming, mahalanobis, chebyshev, cdist
bb = []
it &

m = all_testing.shape[2]
for 1 in range(m):

G_prob = G_classifier.predict_proba(all_testing[i:(i+1),2:188])[8][2]
B_prob = B_classifier.predict_proba(all_testing[i:(i+1),8:182]1)[28][2]
K_prob = K_classifier.predict_proba(all_testing[i:(i+1),9:188]1)[8][2]
D_prob = D_classifier.predict_proba(all_testing[i:(i+1),8:188]1)[8][2]
F_prob = F_classifier.predict_proba(all_testing[i:(i+1),%:188])[8]1[2]
if G_prob == B_prob == K_prob == D_prob == F_prob:

G_dis = chebyshev(all_testing[i,8:188], G_Cen)
B_dis = chebyshev(all_testing[i,&:188], B_Cen)
K_dis = chebyshev(all_testing[i,¢:122], K_Cen)
D_dis = chebyshev(all_testing[i,¢:18@], D_Cen)
F_dis = chebyshev(all_testing[i,é:188], F_Cen)
if G_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(“GASOLINE™)
elif B_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(*BASE_OIL")
elif K_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(“KEROSENE")
elif D_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(“DIESEL")
elif F_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("FUEL_OIL™)
it += 1
print(i, "outlier®)
elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("GASCLINE™")
elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“BASE_OIL")
elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append( “KEROSENE™)
elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):




bb.append("DIESEL")
elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(“FUEL_QIL™)

report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=[‘Class‘, *AUC'])

predictionnnn_a = pd.DataFrame(data={"prediction”: bb, “actual“: y})
predictionnnn_a.to_csv("pred vs act.csv”)

G_predict = G_classifier.predict(all_testing[:,2:188]).reshape(~1,1)
B_predict = B_classifier.predict(all_testing[:,2:180]).reshape(~1,1)
K_predict = K_classifier.predict(all_testing[:,2:160]).reshape(-1,1)
D_predict = D_classifier.predict(all_testing[:,¢:188]).reshape(-1,1)
F_predict = F_classifier.predict(all_testing[:,%:168]).reshape(-1,1)

prediction = np.concatenate([G_predict, B_predict, K_predict, D_predict, F_predict]
saxis=1)

bb = []
it =8
m = prediction.shape[&]
for 1 in range(m):
a = prediction[i,:]
if a[2] == ¢ and a[1] == 1 and a[2] == 1 and a[3] == 1 and a[4] == 1:
bb.append("GASOLINE")
elif a[8] == 1 and a[i] == 8 and a[2] == 1 and a[2] == 1 and a[4] == 1:
bb.append(“8ASE_OIL")
elif a[8] == 1 and a[1] == 1 and a[2] == & and a[3]
bb.append(“KERQSENE™)
elif a[8] == 1 and a[1] == 1 and a[2] == 1 and a[3]
bb.append(“DIESEL")
elif a[8] == 1 and a[l] == 1 and a[2] == 1 and a[3]
bb.append(“FUEL_OIL")

1]
]
[

and a[4] == 1:

i
i

2 and a[4] == 1:

i
i

1 and a[4&] == &:

else:
G_prob = G_classifier.predict_proba(all_testing[i:(i+1),8:19828])[2][8]
B_prob = B_classifier.predict_proba(all_testing[i:(i+1),8:288]1)[2]1[8]
K_prob = K_classifier.predict_proba(all_testing[i:(i+1),8:182])[2][%]
D_prob = D_classifier.predict_proba(all_testing[i:(i+1),8:128])[2]1[8]
F_prob = F_classifier.predict_proba(all_testing[i:(i+1),8:188])[2][®]
it += 1

if G_prob == B_prob == K_prob == D_prob == F_prob:
bb.append("cutlier”)
print(i, "outlier®)

elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("GASOLINE")

print(i)

elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("BASE_OIL")
print(i)

elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append ("KEROSENE")
print(i)

elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("DIESEL")
print(i)

elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("FUEL_OIL")
print(i)

y_act = all_testing[:,1868]




report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=['Class’, 'AUC'])

from scipy.spatial.distance import hamming, mahalanobis, chebyshev, cdist

bb = []
it=20
m = prediction.shape[#]
for 1 in range(m):
a = prediction[i,:]
if a[8] == @ and a[l] == 1 and a[2] == 1 and a[3] == 1 and a[4] == 1:
bb. append ("GASCLINE™)
elif a[#] == 1 and a[l] == @ and a[2] == 1 and a[2]
bb.append("BASE_0OIL")
elif a[2] == 1 and a[l] == 1 and a[2] == @ and a[3] == 1 and a[4] == 1:
)

[y

= 1 and a[4] ==

bb.append("KEROSENE"
elif a[g] == 1 and a[1]

bb.append("DIESEL")
elif a[8] == 1 and a[i] =

bb.append("FUEL_OIL")
else:

G_prob = G_classifier.predict_proba(all_testing[i:(i+1),8:188])[8][®2]

B_prob = B_classifier.predict_proba(all_testing[i:(i+1),8:188]1)[8][2]

K_prob = K_classifier.predict_proba(all_testing[i:(i+1),8:188])[e][2]

#
i
#

1 and a[z] 1 and a[3] == @ and a[4] == 1:

= 1 and a[2] == 1 and a[3] == 1 and a[4] == 8:

D_prob = D_classifier.predict_proba(all_testing[i:(i+1),2:188])[8][2]
F_prob = F_classifier.predict_proba(all_testing[i:(i+1),8:188])[@][®]
it += 1
if G_prob == B_prob == K_prob == D_prob == F_prob:

G_dis = mahalanobis(all_testing[i,2:188], G_Cen)

B_dis = mahalanobis(all_testing[i,&:188], B_Cen)

K_dis = mahalanobis(all_testing[i,2:188], K_Cen)

D_dis = mahalanobis(all_testing[i,s:i88], D_Cen)

F_dis = mahalanobis(all_testing[i,@:188], F_Cen)

if G_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("GASOLINE™)
elif B_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("BASE_0OIL")
elif K_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("KERCSENE")
elif D_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append("DIESEL")
elif F_dis == min(G_dis, B_dis, K_dis, D_dis, F_dis):
bb.append(*FUEL_OIL")
print(i, "outlier")
elif G_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("GASOLINE")
print(i)
elif B_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append(”BASE_OIL"™)
print(i)
elif K_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("KERCSENE")

print(i)

elif D_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("DIESEL")
print(i)

elif F_prob == max(G_prob, B_prob, K_prob, D_prob, F_prob):
bb.append("FUEL_OIL")
print(i)




report = classification_report(y_act, bb, output_dict=True)
preport = pd.DataFrame(report).transpose()
preport

lr_roc_auc_multiclass = roc_auc_score_multiclass(y_act, bb)
pd.DataFrame(lr_roc_auc_multiclass.items(), columns=['Class’, ‘AUC'])




Appendix B: Radar Charts R code

library(fmsb)
library(ggplot2)

data <- data.frame(Accuracy = c(1, 0, 0.899, 0.229, 0.862, 0.807, 0.936,
0.89),

Precision = ¢(1, 0, 0.909, 0.543, 0.833, 0.819, 0.905, 0.9),

F1_Score = c(1, 0,0.919, 0.421, 0.829, 0.835, 0.93,
0.904),

AUC_ROC = ¢(1, 0,0.956, 0.684, 0.914, 0.918, 0.977,
0.96),

Recall = ¢(1, 0, 0.941, 0.534, 0.862, 0.879, 0.969, 0.946),

row.names = ¢("max", "min", "GMM", "OCSVM", "[F",
"PCA", "LOF", "KNN"))

colors_line <- c(scales::alpha("darkgray", 0.9),
scales::alpha("gold", 0.9),
scales::alpha("tomato", 0.9),
scales::alpha("royalblue", 0.9),
scales::alpha("salmon", 0.9),

scales::alpha("seagreen", 0.9))
p <- radarchart(data, seg = 5, pcol = colors_line, Ity = 1, plwd = 3,
cex.axis = 0.7)

# Add a legend

legend_data <- rownames(data[-c(1,2),])




legend_colors <- colors line
legend(x =0.75, y = 1.25, legend = legend_data, col = legend_colors,
Ity=1,lwd=2,cex=0.5)

# Save the plot with the legend
ggsave("radarchart.png", plot = p, device = "png", dpi = 300, width
= 8, height = 6)
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