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SEMI-SUPERVISED LEARNING STRATEGY
FOR
IMPROVED FLASH POINT PREDICTION

SUMMARY

This thesis explores the application of semi-supervised learning techniques to enhance
the prediction of flash points in the oil industry, which are critical for ensuring the
safety of transporting and storing petroleum products. Flash points denote the lowest
temperature at which a substance’s vapors ignite in air, a crucial parameter that
traditional methods ascertain through costly and time-consuming laboratory tests. This
study proposes a data-driven approach to optimize these processes more efficiently and
effectively.

Semi-supervised learning, which leverages both labeled and unlabeled data, provides a
robust framework especially valuable in scenarios where data labeling is prohibitively
expensive or logistically challenging. This research integrates sensor data such as
pressure, temperature, and flow rates with sparse flash point measurements to develop
a predictive model. The aim is to reduce dependency on extensive laboratory testing
while enhancing operational efficiency and safety protocols.

The central research questions addressed are: How can flash points be accurately
predicted in the oil industry when only a limited number of labeled data points
are available? Given these constraint, could semi-supervised learning method be
an effective solution? What are the specific advantages and limitations of these
technique within the oil industry context? The study validates the effectiveness of
semi-supervised learning method and develops a model that improves upon traditional
approaches.

To address the research questions, particularly in the context of improving flash point
predictions with limited labeled data, the study employs data preprocessing techniques
and modeling processes that are essential for optimizing model performance. The
methodology employs two principal data preprocessing techniques: Winsorization and
Min-Max Scaling. Winsorization mitigates the effects of outliers by limiting extreme
data points within a designated percentile range, ensuring the model is not skewed by
anomalies. Min-Max Scaling normalizes the data, allowing for equitable evaluation of
all features and preventing any single feature from dominating the model’s output.

The modeling process involves the Gaussian Process Regressor and the Random
Forest model. The Gaussian Process Regressor, suitable for continuous data, provides
uncertainty estimates to gauge the reliability of predictions. The Random Forest model
enhances stability and accuracy by aggregating predictions from multiple decision
trees. Initially trained on labeled data, the Gaussian Process Regressor subsequently
predicts labels for unlabeled data, incorporating those predictions within a specified
confidence interval into the training set. This expanding dataset further trains the
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Random Forest model, applying an expanding window approach to incrementally
improve prediction capabilities.

Performance metrics such as Mean Absolute Error and Root Mean Squared Error
assess model efficacy. The baseline model initially yielded an mean absolute error
of 1.1 degrees in flash point predictions. With the application of the semi-supervised
learning model, Mean Absolute Error improved to 1.01 and Root Mean Squared Error
decreased to 1.63, demonstrating significant enhancements in accuracy through the
inclusion of unlabeled data.

In conclusion, this thesis illustrates the potential of semi-supervised learning to
bridge the gap caused by a scarcity of labeled data, particularly in critical industrial
applications like oil processing. The findings suggest that semi-supervised learning not
only reduces the financial and temporal expenditures associated with traditional testing
methods but also offers a scalable, efficient alternative poised to transform industry
practices. The methodologies developed here have broader implications, suggesting
that semi-supervised learning could be similarly beneficial in other sectors where
data labeling is a significant constraint and even small performance improvements are
critical due to the importance of the parameters being predicted.
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PARLAMA NOKTASI TAHMININI IYILESTIRMEK
ICIN
YARI DENETIMLI OGRENME STRATEJiSi

OZET

yar1 denetimli 6grenme tekniklerinin uygulanmasini arastirmaktadir. Parlama noktasi,
petrol ve petrol tiirevi Uiriinlerin buharlarinin havayla karistiginda yanici hale geldigi
en diisiik sicakliktir. Bu sicaklik, petrol iiriinlerinin giivenli tasinmasi ve depolanmasi
acisindan kritik bir giivenlik parametresidir. Geleneksel yontemlerle parlama noktasi
tahmini genellikle laboratuvar testleri gerektirir; bu testler hem zaman alict hem de
maliyetlidir. Bu calismada, daha hizli ve maliyet etkin bir alternatif olarak veri
tabanli bir yaklasim kullanilarak bu siireci optimize etme amaclanmaktadir. Yar
denetimli 6grenme, etiketli ve etiketlenmemis verilerin birlikte kullanildig1 bir makine
ogrenmesi yontemidir. Bu yontem, 0zellikle etiketlemenin zor veya maliyetli oldugu
ve etiketsiz verinin mevcut oldugu durumlarda biiyiik avantajlar saglar. Yart denetimli
ogrenme, smurl etiketli veri ile bile yiiksek dogrulukta tahminler yapabilme, model
performansint gelistirme potansiyeline sahiptir. Bu calismada, basing, sicaklik ve
akig gostergeleri gibi sensor verileri, sinirli parlama noktasi laboratuvar Slgiimleri
ile entegre edilerek bir model gelistirilmistir. Bu yaklasim, genis ¢apl laboratuvar
testlerine olan bagimlilig1 azaltmay1 ve operasyonel verimliligi ile giivenligi artirmay1
hedeflemektedir.

Tezin ana aragtirma sorulari sunlardir: Petrol endiistrisinde, yalnizca sinirli sayida
etiketlenmis veri noktas1 mevcutken parlama noktalar1 nasil dogru bir sekilde tahmin
edilebilir? Bu veri kisitlamasi1 goz oniine alindiginda, yar1 denetimli 6§renme yontemi
etkili bir ¢oziim olabilir mi? Yar1 denetimli 6grenme teknigi, sinirh etiketli veri
ile parlama noktalarini tahmin etmeye yonelik bir regresyon gorevi i¢in nasil etkili
bir sekilde uygulanabilir? Bu teknigin petrol endiistrisi baglaminda 6zel avantajlari
ve smirlamalari nelerdir? Bu sorulari yanitlamak amaciyla, bu tez, yar1 denetimli
o0grenme yoOntemlerinin etkinligini dogrulamayi ve geleneksel yontemlere kiyasla
tyilestirmeler sunan bir model gelistirmeyi hedeflemektedir.

Arastirmada kullanilan veri 0n isleme teknikleri arasinda Winsorization ve Min-Maks
Olgekleme bulunmaktadir. Winsorization yontemi, veri setindeki ug¢ degerlerin (cok
yiiksek veya cok diisiik degerlerin) olumsuz etkilerini azaltmak i¢in kullanilmistir. Bu
teknik, verilerin belirli bir ylizdelik dilim igerisinde sinirlanmasini saglayarak, zaten
kisith olan verinin eksilmesini saglamadan modelin asir1 degerlerden etkilenmesini
onler.  Min-Maks Olgekleme ise, farkli olgeklerdeki ozniteliklerin (bagimsiz
degiskenlerin) model tarafindan esit sekilde degerlendirilmesini saglamak amaciyla
kullanilir.  Bu iki teknik, veri setini model egitimi i¢in daha uygun hale getirir
ve modelin daha dogru tahminler yapmasina olanak tanir. Modelleme siirecinde,
Gaussian Siiregc Regresorii ve Rastgele Orman modeli onemli rol oynamaktadir.
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Gaussian Siire¢ Regresorii, siirekli ¢iktilar iireten ve tahminlerle ilgili belirsizlik
saglayan giiclii bir regresyon modelidir. Bu model, oncelikle etiketli veriler iizerinde
egitilir ve ardindan etiketlenmemis veriler iizerinde tahminler yapar. Egitim siirecinde,
belirli bir giiven sinirinin altinda kalan tahminler, modelin egitim setine eklenir. Daha
sonra, genisletilmis veri seti lizerinde Rastgele Orman modeli egitilir. Bu model,
birden fazla karar agacinin tahminlerini birlestirerek, modelin genel tahmin yetenegini
artirir. Genigleyen pencere yaklagimi sayesinde, bu iki model veri setinden maksimum
fayday1 saglayarak daha dogru tahminler yapar.

Modelin performansi, ortalama mutlak hata ve kok ortalama kare hata metrikleri
kullanilarak degerlendirilmistir. Yar1 denetimli 6grenme yaklagiminin katkisinin direkt
olarak gozlenebilmesi i¢in yar1 denetimli 6grenme modeli ile birlikte ayrica bir de
temel model kurulmustur. Temel model Rastgele Orman metodunu genisleyen pencere
yaklagimiyla birlikte kullanmaktadir. Yari denetimli 6grenmede ise yalmzca ek
olarak Gaussian Siire¢ Regresorii ile veri setinin etiketsiz verisetinden faydalanarak
genigletilmesi basamag1 yer almaktadir. Temel model, parlama noktalarini tahmin
ederken 1.1 derece ortalama mutlak hata ve 1.7 kok ortalama kare hata ile performans
gostermistir. Kok ortalama kare hata’ninn ortalama mutlak hatadan biraz daha yiiksek
olmasi, modelin genel olarak iyi performans gostermesine ragmen bazi durumlarda
daha biiyiik hatalar sergileyebilecegini gostermektedir. Yar1 denetimli 6§renme
modeli kullanildiginda, modelin ortalama mutlak hata skoru 1.01°e diismiis, kok
ortalama kare hata skoru ise 1.63’e gerilemistir. Bu iyilesme, etiketlenmemis verilerin
kullanilmasi sayesinde modelin dogruluk oraninin artirilabilecegini gostermektedir.
Ayrica, model genel olarak daha az hata ile daha iyi tahminler yapabilmektedir.
Bu da, hassas ol¢iimleme ve iyilestirmenin énemli oldugu ve dolayisiyla her tiirlii
lyilestirmenin 6nem arz ettigi parlama noktasi gibi parametreler adina kritik bir durum
olabilmektedir.

Bu calisma, yar1 denetimli 68renme tekniklerinin, veri etiketleme maliyetlerinin
yiiksek oldugu ve etiketli verinin smirli oldugu durumlarda nasil etkili bir gekilde
kullanilabilecegini gostermektedir. Petrol endiistrisindeki parlama noktas1 tahmini, bu
tekniklerin etkinligini ve uygulanabilirligini kanitlamaktadir. Yart denetimli 6§renme
yontemleri, yalnizca petrol endiistrisi i¢in degil, saglik, finans ve cevre izleme gibi
diger sektorlerde de 6nemli uygulama potansiyeline sahiptir. Bu sektorlerde de veri
etiketleme siirecleri genellikle maliyetli ve zaman alicidir, bu nedenle yar1 denetimli
0grenme yontemleri, bu tiir problemleri agmak i¢in etkili bir ¢6ziim sunar.

Sonu¢ olarak, bu tez, yar1 denetimli 68renmenin etiketli veri kitli§1 arasindaki
boslugu nasil kapatabilecegini gostererek mevcut literatiire katkida bulunmaktadir.
Bulgular, yar1 denetimli 68renmenin endiistriyel uygulamalarda ve diger alanlarda
tahmin dogrulugunu artirmak icin etkili bir strateji olabilecegini 6ne siirmektedir.
Bu tez, dogruluk ve verimliligi dengeleyen saglam bir metodoloji sunarak, hem
akademik literatiire hem de endiistriyel uygulamalara onemli katkilar saglamaktadir.
Yar1 denetimli 6grenme tekniklerinin, sinirli veriyle ¢alismak zorunda kalan cesitli
sektorlerde genis bir uygulama potansiyeli bulunmaktadir. Petrol endiistrisinde
parlama noktas1 tahmini, bu tekniklerin pratikte nasil kullanilabilecegine dair somut
bir 6rnek sunar. Bu yaklasim, laboratuvar testlerinin yerini alabilecek hizli ve maliyet
etkin coziimler sunarak, hem giivenligi artirmakta hem de operasyonel siirecleri
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optimize etmektedir. Bu tezde gelistirilen model ve yontemler, gelecekte benzer
zorluklarla kargilagan diger endiistri alanlarinda da uygulanabilir ve bu sayede genis
bir etki alan1 yaratabilir. Ayrica, bu ¢alisma, yar1 denetimli 6grenmenin sadece teorik
bir kavram olmadigini, pratik uygulamalarda da onemli faydalar saglayabilecegini
kanitlamaktadir. Bu nedenle, yar1 denetimli 6grenme yontemlerinin benimsenmesi ve
geligtirilmesi, gelecekteki aragtirmalar ve endiistriyel uygulamalar i¢cin dnemli bir adim
olarak degerlendirilmektedir.

Bu tezin ana katkilari, yar1 denetimli 0grenme ve rastgele orman modellerinin
petrol endiistrisindeki uygulamalarin1 kesfetmek, bu modellerin laboratuvar testlerine
kiyasla daha hizli ve maliyet etkin ¢oziimler sunabilecegini gostermek ve literatiirde
mevcut olmayan yeni ve gercek endiistri veriseti iizerinde kesif imkani sunmasidir.
Modellerin gelistirilmesi sirasinda, cesitli veri 6n isleme tekniklerinin ve iki giiclii
makine 6grenmesi modelinin nasil entegre edildigi ayrintili olarak incelenmistir. Bu
entegrasyon, yari denetimli 0grenme siirecinin sadece veri tahmininde ve model
optimizasyonunda nasil faydali olabilecegini ortaya koymaktadir.
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1. INTRODUCTION

1.1 Purpose of Thesis

The primary aim of this thesis is to explore the application of semi-supervised
learning (SSL) techniques to enhance the prediction of flash points (FP)s in the
oil industry. Accurate FP prediction is critical for the safe transportation and
processing of petroleum products. Traditional methods for determining FPs are often
time-consuming and costly, making it difficult to perform real-time assessments. By
leveraging SSL, which utilizes both labeled and unlabeled data, this study aims to

improve prediction accuracy even with limited labeled data.

To narrow down this objective, this research focuses specifically on developing a model
that can integrate sensor data (such as pressure, temperature, and flow indicators)
with limited laboratory measurements to predict FPs. This approach not only seeks
to reduce the reliance on extensive laboratory tests but also aims to provide timely

predictions that can enhance operational efficiency and safety in the oil industry.

The research questions guiding this thesis include: How can SSL techniques be
effectively applied to predict FPs with limited labeled data? What are the specific
advantages and limitations of using these techniques in the context of the oil industry?
The primary targets are to validate the efficacy of these techniques and to develop
a model that offers significant improvements over traditional and purely supervised

learning methods.

This thesis aims to make a substantial contribution to the existing literature by
demonstrating how SSL can bridge the gap between the need for accurate FP
predictions and the scarcity of labeled data. It also seeks to provide a framework that

can be adapted to other industries facing similar challenges.



1.2 Problem Definition and Importance

The core problem addressed in this thesis is the challenge of accurately predicting the
FPs of petroleum products using limited labeled data. FP, the lowest temperature at
which a substance can vaporize to form an ignitable mixture in air, is a critical safety
parameter in the oil industry. Ensuring accurate and timely FP predictions is essential

for preventing accidents during the transportation and storage of petroleum products.

The importance of this problem is underscored by the potential hazards associated with
inaccurate FP predictions. Incorrect assessments can lead to improper handling of
flammable materials, increasing the risk of fires and explosions. Moreover, traditional
laboratory methods for determining FPs are not only expensive but also slow, making

them unsuitable for real-time process control.

Academically, this problem presents a significant challenge due to the complexities
involved in modeling the physical and chemical properties of petroleum products.
Industrially, the oil industry requires reliable and quick methods for predicting FPs
to ensure safety and compliance with regulations. Existing methods, including
experimental approaches and basic machine learning (ML) models, often fall short

in terms of accuracy and efficiency when labeled data is scarce.

This thesis positions itself within the broader context of improving safety protocols in
the oil industry by enhancing predictive models through advanced ML techniques.
The SSL approach proposed here addresses the limitations of current methods by
effectively utilizing both labeled and unlabeled data. This research aims to fill the
gap in the literature by providing a robust methodology for FP prediction that balances

accuracy with efficiency.

1.3 Structure of the Thesis

The structure of this thesis is designed to systematically address the research questions
and objectives outlined above. It begins with a comprehensive review of related works
in the field of ML and SSL, particularly focusing on their applications in industrial

contexts.



The introductory chapter provides a detailed overview of the thesis’s purpose, problem
definition, and significance. The subsequent chapter on related works delves into
existing methodologies and their limitations, setting the stage for the proposed

approach.

The methodology chapter outlines the data preprocessing techniques and the
implementation of the SSL model. This includes detailed descriptions of the dataset,
the preprocessing steps such as handling outliers and feature scaling, and the specific

models used (Gaussian Process Regressor (GPR) and Random Forest (RF) ).

Following this, the experimental results chapter presents the findings from applying the
proposed model to the dataset. This section compares the performance of the baseline
model (BM) with the SSL approach, using metrics such as mean absolute error (MAE)

and root mean square error (RMSE).

The conclusion chapter summarizes the results, discusses the effectiveness of the
SSL techniques, and provides recommendations for future research. It highlights the

contributions of the thesis to both academic literature and industrial practice.

By following this structured approach, the thesis aims to provide a clear and
comprehensive examination of the use of SSL for FP prediction in the oil industry,

demonstrating its potential to significantly improve safety and efficiency.






2. RELATED WORKS

The field of ML, particularly SSL, has seen significant advancements in recent years,
providing innovative solutions to various complex problems. This section provides
an overview of the key contributions and methodologies in ML and SSL, specifically
focusing on their applications in predicting FPs in the oil industry. By examining
these related works, this thesis aims to contextualize the proposed approach within the
broader landscape of existing research and highlight the unique contributions of this

study.

ML has become an integral part of various industrial applications, offering powerful
tools to analyze and predict complex phenomena. Within ML, SSL stands out for its
ability to leverage both labeled and unlabeled data, making it particularly useful in

scenarios where obtaining labeled data is costly or time-consuming.

SSL is a hybrid approach that combines labeled and unlabeled data to improve learning
accuracy. Unlike supervised learning, which relies solely on labeled data, SSL
utilizes the inherent structure of unlabeled data to enhance model performance. The
theoretical foundations of SSL are well-documented in the literature, with significant
contributions from Zhu and Goldberg [1]. These studies provide comprehensive
insights into various SSL algorithms and their potential to address the limitations of

purely supervised methods.

The primary advantage of SSL lies in its ability to improve model accuracy with
limited labeled data. This is particularly beneficial in fields like the oil industry, where
obtaining labeled data can be challenging. In other contexts, SSL. methods have shown
to enhance model performance significantly by leveraging pseudo-labels generated
from unlabeled data. For instance, these methods have been applied to seismic data
classification and oil reservoir identification, showing promising results [2], and well

overflow prediction in oil drilling [3]. Additionally, SSL techniques are known to



reduce the risk of overfitting, as they utilize a larger dataset for training, which helps

in capturing the underlying data distribution more effectively.

FP prediction is a critical task in the oil industry, crucial for ensuring the safe handling
and transportation of petroleum products. Traditional methods for determining
FPs involve laboratory tests, which are often time-consuming and costly. Recent

advancements in ML have opened new avenues for predicting FPs more efficiently.

Traditional methods for predicting FPs primarily involve experimental tech-
niques and a variety of equation-based models, including empirical, ANN, and
vapor-pressure-based models [4]. These methods have been extensively used due to
their reliability and established protocols. However, they also come with significant
limitations, particularly in terms of cost, time efficiency, and their suitability for

real-time process control.

The most commonly used traditional method involves laboratory tests, where the
FP is determined experimentally by gradually heating a sample and observing the
temperature at which it ignites. This method, detailed by Algaheem and Riazi [5],
provides accurate results but is inherently time-consuming and requires specialized
equipment. Additionally, these tests are not feasible for continuous monitoring or

real-time applications.

Another traditional approach is the use of empirical correlations and equation-based
methods. These methods, as discussed by Liu and Liu [6], involve using established
equations to predict FPs based on the physical and chemical properties of the
substance. While these methods can be quicker than laboratory tests, they often
lack the accuracy required for critical safety assessments due to their reliance on

approximations and assumptions.

Quantitative structure-property relationships (QSPR) represent another traditional
method used for FP prediction. This approach, highlighted by Pan et al. [7], involves
developing predictive models based on the molecular structure of the compounds.
Although QSPR methods can provide reasonable estimates, they require extensive data

on molecular structures and often involve complex calculations.



Furthermore, Gharagheizi et al. [8] introduced a group contribution method combined
with neural networks for estimating FP temperatures of pure components. This
method attempts to address some of the limitations of purely empirical approaches by
incorporating ML techniques. However, it still depends heavily on the availability of

detailed molecular data and may not be applicable to mixtures or complex substances.

Despite their widespread use, these traditional methods have several drawbacks.
Laboratory tests, while accurate, are impractical for large-scale or real-time
applications. Equation-based and QSPR methods, on the other hand, may lack the
necessary precision for ensuring safety in all scenarios. These limitations underscore

the need for more efficient and accurate methods for FP prediction.

In summary, while traditional methods have provided a foundation for FP prediction,
they are often limited by their time, cost, and applicability constraints. This research
aims to address these limitations by leveraging modern ML techniques, particularly

SSL, to enhance the accuracy and efficiency of FP predictions in the oil industry.

Modern approaches to FP prediction leverage the advancements in ML to provide
more accurate and efficient solutions. These methods have the potential to overcome
the limitations of traditional techniques by utilizing large datasets and sophisticated

algorithms to predict FPs in real-time.

Recent studies have demonstrated the effectiveness of various ML techniques in
predicting FPs. For instance, Mirshahvalad et al. [9] used neural networks to predict
the FPs of chemical compounds, achieving high accuracy and demonstrating the
potential of ML in this field. Similarly, Mendia et al. [10] developed an adaptive
soft sensor based on ML to infer FPs in real-time refinery processes. These studies
highlight the capability of ML to handle complex datasets and provide reliable

predictions.

One significant advantage of using ML approaches is their ability to continuously
learn and improve from new data. This is particularly beneficial in industrial settings
where conditions and data can change rapidly. For example, Ghorayeb et al. [11]

integrated deep learning models with reservoir simulators to enhance the accuracy of



flash calculations. This integration allows for dynamic adjustments based on real-time

data, improving the overall efficiency and safety of industrial operations.

Moreover, ML models can effectively handle the high-dimensional data typically
associated with industrial applications. Koyanbayev et al. [12] employed ML
techniques to assist in flash calculations for sour gas and crude oil, demonstrating
significant improvements in computational efficiency and accuracy. These models
can process large volumes of data and identify patterns that are not apparent through

traditional methods, leading to more accurate predictions.

Despite the promising results, there are still challenges associated with the application
of ML in FP prediction. One major issue is the need for large amounts of labeled data
to train the models. However, SSL techniques offer a solution by utilizing both labeled
and unlabeled data, as discussed in this thesis. By combining the strengths of ML and

SSL, it is possible to achieve high accuracy even with limited labeled data.

In summary, modern ML approaches provide powerful tools for FP prediction, offering
significant improvements over traditional methods. These techniques not only enhance
accuracy but also enable real-time predictions, which are crucial for maintaining safety
and efficiency in the oil industry. The integration of SSL further enhances these
capabilities by effectively leveraging both labeled and unlabeled data, addressing one

of the primary challenges in the field.

While significant advancements have been made in the field of FP prediction using ML,
several gaps remain that need to be addressed to enhance the accuracy and applicability
of these methods. Identifying these gaps is crucial for positioning the current research

within the broader context of existing studies and highlighting its contributions.

One major gap in the existing literature is the limited focus on the integration of
multiple ML approaches. Most studies tend to concentrate on individual algorithms,
such as neural networks or regression models, without exploring the potential benefits
of combining different techniques. For example, Mirshahvalad et al. [9] focused on
neural networks for predicting chemical FPs, and Mendia et al. [10] utilized adaptive
soft sensors for real-time inference. However, a comprehensive model that integrates

various ML techniques to leverage their combined strengths is still underexplored.



Another significant gap is the lack of application of SSL methods in FP prediction.
While SSL has shown promise in other fields by effectively utilizing both labeled and
unlabeled data, its application in the context of FP prediction is yet to be explored.
Studies like those mentioned have demonstrated the potential of SSL in enhancing
model performance with limited labeled data, but similar approaches are not yet

widespread in the oil industry.

Additionally, there is a need for more research addressing the real-time application of
ML models in industrial settings. Many existing studies, such as those by Ghorayeb et
al. [11] and Koyanbayev et al. [12], focus on offline predictions without considering the
dynamic requirements of real-time process control. Real-time predictions are crucial
for operational efficiency and safety, yet this aspect is often not fully addressed in

current research.

Furthermore, the existing literature often does not account for the diversity and
complexity of industrial datasets. Many models are developed and tested on relatively
small and homogeneous datasets, which may not fully capture the variability present in
real-world industrial data. This limitation highlights the necessity of working with new
and diverse datasets to enhance model generalizability and applicability. For instance,
Liu and Liu [6] and Algaheem and Riazi [5] discuss predictive methods based on

simplified datasets, which may not represent the full spectrum of industrial conditions.

This thesis aims to address these gaps by presenting a robust SSL. model that
integrates multiple ML techniques and applies them to real-time FP prediction using
a comprehensive industrial dataset. By leveraging both labeled and unlabeled data,
this research enhances prediction accuracy and operational efficiency, bridging the gap

between academic research and industrial application.

In summary, while existing literature provides a foundation for FP prediction using
ML, significant gaps remain in the integration of multiple approaches, the application
of SSL, real-time implementation, and the handling of diverse industrial datasets. This
thesis addresses these issues by developing a comprehensive SSL-based model tailored
to the needs of the oil industry, thus advancing both the academic understanding and

practical application of ML in this field.






3. METHOD AND EXPERIMENTAL RESULTS

The methodology of this thesis involves a systematic approach to data preprocessing,
model development, and performance evaluation to enhance the prediction of FPs
using SSL techniques. This section outlines the detailed steps taken to prepare
the dataset, implement the SSL model, and evaluate its performance against BM.
By adopting a structured methodology, this research aims to address the challenges
associated with limited labeled data and demonstrate the effectiveness of SSL in an

industrial context.

To begin with, the data preprocessing stage is crucial for ensuring the quality and
consistency of the dataset used for model training and evaluation. This involves
handling outliers, scaling features, and preparing the data for SSL. Following data
preprocessing, the implementation of the SSL model, specifically the GPR combined
with RF, is detailed. This model leverages both labeled and unlabeled data to improve

prediction accuracy.

The next section focuses on the experimental settings and the performance evaluation
of the proposed model. This includes the description of the dataset, the preprocessing
techniques applied, the model training process, and the evaluation metrics used to
assess the model’s performance. By comparing the results of the SSL model with
BM, this study aims to highlight the improvements achieved through the proposed

approach.

This section is organized as follows: First, the dataset and its features are described,
providing an overview of the data sources and key variables. Next, the data
preprocessing steps, including handling outliers and feature scaling, are detailed.
Following this, the implementation of the SSL model, including the use of GPR

and RF, is explained. Finally, the experimental results are presented, comparing the
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performance of the BM and the SSL approach using metrics such as mean absolute

error (MAE) and root mean square error (RMSE).

3.1 Methodology

3.1.1 Data preprocessing

Data preprocessing is a crucial step in any ML project as it prepares the raw data for
model training. This step involves cleaning, transforming, and organizing the data to
enhance its quality and ensure that the ML models can learn effectively. Proper data
preprocessing can significantly improve the accuracy and performance of the models.
In this section, we will discuss two essential preprocessing techniques: handling

outliers and feature scaling.

3.1.1.1 Handling outliers

Outliers are data points that differ significantly from other observations in the dataset.
They can arise from various reasons, such as measurement errors, data entry mistakes,
or genuine variability in the data. Outliers can skew and mislead the training process

of ML models, leading to poor performance and inaccurate predictions.

There are several common methods for handling outliers. These include:

* Removal: Eliminating outliers from the dataset entirely. This method is
straightforward but can result in the loss of valuable data, which is particularly

problematic when data is limited.

* Transformation: Applying mathematical transformations to reduce the impact
of outliers. Techniques such as logarithmic transformation or square root

transformation are often used.

» Capping: Limiting the values of outliers to a specified range. This method retains

all data points while reducing the influence of extreme values.

When data is limited, removing outliers might not be the best approach, as it reduces

the amount of data available for training. Instead, capping methods like Winsorization
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are more appropriate. Winsorization involves replacing the extreme values with the

nearest values within a specified percentile range.

1. Calculate the lower and upper percentiles of the data distribution for each feature.
2. Replace values below the lower percentile with the lower percentile value.

3. Replace values above the upper percentile with the upper percentile value.

This technique minimizes the influence of extreme values while preserving the overall
structure of the data, ensuring that the ML model can learn more effectively from the

dataset.

3.1.1.2 Feature scaling

Feature scaling is another vital preprocessing step that ensures all features contribute
equally to the model training process. Raw data often contains features with varying
units and scales, which can adversely affect the performance of the model. Scaling the
features brings them to a common scale, making the training process more efficient

and improving model performance.

Several common scaling techniques are used in data preprocessing, including:

¢ Standardization: This method scales the data so that it has a mean of zero and
a standard deviation of one. It is useful when the features follow a Gaussian

distribution.

* Min-Max Scaling: This method scales the data to a fixed range, usually between 0

and 1. It is widely used because of its simplicity and effectiveness.

In this study, Min-Max scaling is applied to normalize the features. The Min-Max

scaling formula is:

,  x—min(x)

~ max(x) —min(x) D
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where x is the original value, min(x) is the minimum value of the feature, and max(x)
is the maximum value of the feature. This transformation scales the features to a range

between 0 and 1, ensuring that all features are on the same scale.

The steps to apply Min-Max scaling are:

1. Calculate the minimum and maximum values for each feature.

2. Apply the Min-Max scaling formula to transform the feature values to the range [0,

1].

By scaling the features, we ensure that no single feature dominates the learning process

due to its scale, leading to a more balanced and effective model training.

Through these preprocessing steps—handling outliers and feature scaling—the dataset
is prepared for optimal performance of the ML models. These steps are crucial for
improving the quality of the data, thereby enhancing the accuracy and reliability of the

predictions made by the models in this study.

3.1.2 Data split

Data splitting is a fundamental step in developing robust and reliable ML models. It
involves dividing the available dataset into distinct subsets to evaluate the model’s
performance accurately. Commonly, data is split into training and testing sets, where
the training set is used to build the model and the testing set is used to validate its
predictive capabilities. This approach ensures that the model can generalize well to

new, unseen data, which is crucial for its application in real-world scenarios.

Traditional data splitting methods are commonly used for static datasets where the
temporal order of observations is not a primary concern. These methods include
holdout validation, k-fold cross-validation, and stratified sampling, each with its

theoretical foundation and specific applications.

Traditional data splitting methods, such as holdout validation, involve partitioning
the dataset X into two subsets: the training set Xtpin and the testing set Xreg.

Mathematically, if X contains N data points, then Xtp,i, and Dreg are disjoint subsets
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such that Xtpin U DTest = X and Dpin N X1est = 0. Typically, Xtrain constitutes

70% — 80% of the data, and Xteg constitutes the remaining 20% — 30%.

Another widely used method is k-fold cross-validation, where the dataset X is divided
into k approximately equal-sized folds. The model is trained k times, each time
using k — 1 folds for training and the remaining fold for testing. Formally, let
X = {X1,X2,..., X} where X; represents the i-th fold. The training set for the i-th
iteration is given by Xt(ram U;j»i X, and the validation set is X, ()1 = X;. The overall

performance is then averaged across all k iterations, providing a robust estimate of the

model’s generalization ability.

Stratified sampling is another method, particularly useful when dealing with
imbalanced datasets. It ensures that each subset maintains the same class distribution

as the original dataset. Let ¢ = {C},Cy,...,C,} be the set of classes in D. Stratified

|CiMXTrain| _ |GiNX]|

sampling ensures that for each class C;, the proportion ol — .
|XTram| ‘X|

Mathematically, the holdout method can be represented as:

XTrain > XTest ~ Split (X ) ratio)

For k-fold cross-validation, the process can be represented as shown in Equation (3.2):

(i)
Tram U X X
J#i

I (i)
Perform = luate(X
erformance = kE evaluate(

Train’
i=1

Xia) (3.2)
And for stratified sampling, the process can be represented as shown in Equation (3.3):

XTrain, XTest ~ stratified_split(X, ratio)

|Ci mXTrain’ . |Ci mX|

= , VC, €€ (3.3)
|XTrain| |X’

These traditional methods, while effective for many applications, may fall short
when dealing with time-series data due to their disregard for temporal dependencies.
In contrast, the Expanding Window method preserves the chronological order even
though the , making it more suitable for time-series analysis and providing a more

realistic evaluation of the model’s performance over time.
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In our study, the Expanding Window approach is adopted due to the limited availability
of labeled data, dynamic environmental conditions, and the data’s ability to exhibit

temporal characteristics, albeit weakly.

Expanding Window (EW) is a technique used in time series analysis and ML to
incrementally increase the size of the training dataset over time. This method is
particularly useful when dealing with sequentially ordered data, such as time series
data, where past observations are used to predict future values. The fundamental
principle of EW is to start with an initial window of data and progressively expand
this window by including new data points as they become available. This approach
ensures that the model is continually updated with the most recent data, allowing it to

adapt to new patterns and trends.

Mathematically, let {x;,x;,...,x;} represent a time series of data points. The initial

window of size wg can be defined as follows (see Equation 3.4):

W():{xl,XQ,...,xWO} (3.4)

As new data points {Xyy,41,Xuy+2, - - -, Xwy+s } become available, the window expands to
include these points. The window at step k can be expressed as follows (see Equation
3.5):

Wi = {x1,%2, ...\ Xy ks } (3.5)

where s is the step size, representing the number of new data points added to the
window at each step. This incremental expansion continues as more data points are

collected, resulting in a dynamically growing training set (see Equation 3.6):
Wir1 =W U {Xwo+ks+1 ye axw0+(k+l)s} (3.6)

The key parameters in an expanding window approach include the initial window size
(wp) and the step size (s). The initial window size determines the starting point of the
training data, while the step size defines the number of new data points added to the
window at each step. Proper selection of these parameters is crucial for balancing the

trade-off between model accuracy and computational efficiency.

In this study, the expanding window technique is utilized to enhance the predictive

performance of the model by incorporating the latest available data in the training
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process. This approach is particularly effective in scenarios where the underlying data
distribution may change over time, necessitating continuous model updates. By doing
so, the model is able to better capture evolving patterns and trends, thereby improving

its predictive accuracy and robustness.

3.1.3 Random forest

The RF model is a widely-used, versatile, and powerful supervised learning algorithm
in ML. Developed by Breiman, this model consists of multiple decision trees combined
to form a forest, aiming to improve the overall performance of the predictive model
[13]. RF can be effectively applied to both classification and regression problems,
making it a valuable tool for various data science applications. Its ability to handle a
large number of input variables without overfitting and to provide estimates of feature

importance makes it particularly useful in complex datasets.

The fundamental working principles of RF are rooted in the concept of ensemble
learning, where multiple models are trained and their predictions are aggregated to
achieve better performance than individual models. Specifically, RF constructs a
multitude of decision trees during training time and outputs the mode of the classes

(classification) or mean prediction (regression) of the individual trees.

Formally, given a training set X = {x,x2,...,x,} with corresponding labels ¥ =
{¥1,¥2,---,yn}, RF builds B decision trees {T},T5,...,Tg}. The prediction of the RF
for a new instance x’ is obtained by aggregating the predictions from all individual

trees:
* For regression, y averages B trees (Eq. 3.7):
1 B
y=3 2 ) 3.7
b=1
* For classification, y is the majority vote of B trees (Eq. 3.8):
9§ =mode{T|(x'),Tr(x),...,Tg(x')} (3.8)

The key advantage of the RF model lies in its robustness and accuracy. By averaging

the results from numerous decision trees, RF reduces the risk of overfitting, which is
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a common problem in decision tree models. This ensemble approach also enhances
the model’s generalization capabilities. Furthermore, RF can handle large datasets
with higher dimensionality and missing values efficiently. It provides insights into
feature importance, aiding in feature selection and understanding the underlying data
structure. RF models are extensively used in various domains, including finance
for credit scoring, healthcare for disease prediction, and environmental science for

predicting climate change impacts.

3.1.4 Gaussian process regressor

GPR is a powerful and flexible regression model that leverages the properties of
Gaussian processes to provide probabilistic predictions. GPR is particularly useful
in scenarios where quantifying uncertainty is crucial. It models the distribution of

possible functions that fit the data, offering a measure of confidence in the predictions.

The fundamental working principle of GPR is based on the assumption that the data can
be represented as a sample from a multivariate Gaussian distribution. For a given set of
training data (X,Y), where X = {x,x2,...,x,} are the inputs and ¥ = {y1,y2,...,yn}

are the corresponding outputs, the goal is to predict the output y" for a new input x’.

The prediction in GPR involves calculating the posterior distribution over the possible
values of y/, given the training data and the new input. This is achieved by defining
a kernel function k(x,x’), which measures the similarity between different inputs.
Commonly used kernels include the Radial Basis Function (RBF) and the Matern

kernel.

The predictive distribution is given by Eq. 3.9:

§() = k(& X)[K(X,X) + 0217,
(3.9
Var(x') = k(X' ,x') —k(x',X)[K(X,X) 4+ o1 'k(X,x'),
where K(X,X) is the covariance matrix computed using the kernel function, and G2

is the noise variance. This provides both the predicted mean $(x') and the variance

Var(x'), offering a complete probabilistic view of the predictions.
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Key hyperparameters in GPR

Optimizing the performance of a Gaussian Process Regressor (GPR) involves careful
selection and tuning of several key hyperparameters. These hyperparameters control
various aspects of the model, such as its flexibility, smoothness, and ability to
generalize from the training data. By understanding and properly tuning these
hyperparameters, we can significantly enhance the model’s predictive accuracy and

reliability.

* Length scale (LS): The length scale parameter determines the smoothness of the
function that the Gaussian process models. A small length scale means that the
function can change rapidly, while a large length scale implies a smoother function.
In the RBF kernel, the length scale is a critical parameter that controls the distance

over which the correlations between points are significant.

* Length scale boundaries (LSB): The length scale boundaries define the range
within which the length scale parameter can vary. These boundaries are essential for
setting reasonable limits during the hyperparameter optimization process, ensuring
the model does not overfit or underfit the data by choosing an excessively small or

large length scale.

* Signal variance (G]%): The signal variance controls the vertical variation of the
function. It determines the amplitude of the variations in the function values. A
higher signal variance allows the function to vary more significantly, capturing more

of the underlying patterns in the data.

* Noise level (62): The noise level represents the variance of the Gaussian noise
added to the observations. It captures the inherent noise in the data and helps in
regularizing the model to avoid overfitting. By correctly estimating the noise level,
the model can better distinguish between the underlying signal and the noise in the

data.

* Alpha (): In some implementations, alpha represents a value added to the
diagonal of the kernel matrix during fitting. It acts as a regularization term to ensure

numerical stability and to control the smoothness of the model. A larger alpha can
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lead to a smoother model, while a smaller alpha can make the model more sensitive

to the training data.

* Smoothness parameter (v): In the Matern kernel, the smoothness parameter v
controls the smoothness of the resulting function. Different values of v correspond
to different degrees of differentiability of the function. For instance, v = 1 /2 results
in an exponential kernel, while higher values of v produce smoother functions.
Choosing an appropriate V is crucial for capturing the desired level of smoothness

in the data.

3.1.5 Semi-supervised learning

SSL is an advanced ML technique that leverages both labeled and unlabeled data
to improve model performance. This approach is particularly beneficial when
labeled data is scarce or expensive to obtain, a common scenario in many real-world
applications. SSL aims to utilize the vast amount of unlabeled data available to enhance
learning accuracy and model generalization, bridging the gap between supervised and

unsupervised learning methods.

The core idea behind SSL is to use the structure of the unlabeled data to inform
and refine the learning process, effectively combining the strengths of supervised
and unsupervised learning. SSL can be particularly advantageous in scenarios where
acquiring labeled data is costly or time-consuming, but a large amount of unlabeled

data is readily available.

In SSL, the learning process can be formally described as follows: Given a small set
of labeled data L = {(x1,y1), (x2,¥2),...,(x7,y)} and a large set of unlabeled data
U ={x;41,X42,, X114}, the goal is to build a model f that can predict the labels for

new instances.

The SSL algorithm typically involves the following steps:

1. Initialization: Train an initial model using the labeled data L.

2. Label Propagation: Use the model to predict labels for the unlabeled data U. These

predictions can be treated as pseudo-labels.
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3. Refinement: Retrain the model using both the original labeled data L and the

pseudo-labeled data U.

4. Iteration: Repeat the label propagation and refinement steps until convergence or a

predefined stopping criterion is met.

A common SSL approach is self-training, where the model iteratively improves by
incorporating its own predictions as additional training data. Another popular method
is co-training, which involves training multiple models on different subsets of features

and using each model’s predictions to iteratively refine the other models.

Mathematically, the optimization objective in SSL can be represented as a combination

of supervised and unsupervised learning objectives:

LSSL = Lsupervised (L) + ALunsupervised(U)

where Ly pervisea (L) is the loss function computed on the labeled data, Lygupervised (U)
is the loss function computed on the unlabeled data. The unsupervised loss function is
often designed to enforce smoothness or consistency across the data, meaning that data
points that are close to each other in the input space should have similar predictions.
This is typically achieved through techniques such as consistency regularization,
where the model’s predictions on unlabeled data are encouraged to be invariant to
small perturbations, or through cluster assumption-based methods, where the model is
encouraged to place decision boundaries in low-density regions. The parameter A is a
regularization factor that balances the contribution of the supervised and unsupervised

objectives.

The advantages of SSL include improved learning accuracy with limited labeled data,
better generalization by leveraging the structure of the data, and cost efficiency by
reducing the need for extensive labeling. SSL is widely used in applications such
as natural language processing, image recognition, and, as discussed in this thesis,

predicting FPs in the oil industry.

To illustrate the SSL process, Figure 3.1 depicts a typical workflow of a SSL. model:
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[ Start ]—> Train initial model on labeled data Predict labels for unlabeled data

Combine labeled and pseudo-labeled data

Retrain model with combined data

Yes

Convergence or stopping criterion met?

Figure 3.1 : Flow chart of the general form of a SSL pipeline.

In the context of FP prediction, SSL is used to enhance the predictive accuracy
by utilizing both the limited labeled sensor data and the abundant unlabeled sensor
data. This approach allows for more accurate and efficient predictions, contributing to

improved safety and operational efficiency in the oil industry.

3.1.6 Baseline model

In this section, the methodology for the BM is detailed, including the methods used and
the training process of the model. The BM is established to serve as a reference for
evaluating the effectiveness of the SSL model. As illustrated in Figure 3.2, the process
begins with data collection and preprocessing. The BM model is first trained using this
preprocessed data, followed by an expanding window technique to refine predictions.

Finally, the model’s performance is evaluated using a score evaluation method.
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The BM utilizes the RF Regressor algorithm. RF is chosen due to its robustness
and ability to handle complex relationships in the data without requiring extensive

parameter tuning.

‘ Data Collection }—»{Data Preprocessing}

{Expanding Window}—i First BM Prediction ’

‘ Score Evaluation ’

Figure 3.2 : Flow chart of the data processing pipeline for the BM.

The entire dataset, denoted as X, contains both labeled and unlabeled data. The labeled
portion, L, consists of / data points (x1,y;1),(x2,¥2),...,(x;,y1), and the test portion

consists of NV data points separated from L. The splitting of the data is done as follows:
* Training data (Initial): The initial training set is Xyain =
{(-xhyl)a (x27y2)7 sy (-xl—Nuyl—N)}'

* Test data: The test set is Xiest = {(xl_N+1 7yl—N+l)7 (xl_N+2,y1_N+2), R (xl,yl)}.

The choice of N is critical and is based on several considerations:

* Dataset size: The total number of labeled data points / determines how much data
can be allocated for training and testing. A typical choice might be to use around
20-30% of the labeled data for testing, depending on the dataset size and the specific

problem domain.

* Model performance: To ensure that the model is adequately tested, N should be
large enough to provide a reliable estimate of the model’s performance but small

enough to leave sufficient data for training.
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* Cross-validation considerations: If cross-validation is used, N can be chosen
based on the number of folds, ensuring each fold has a representative sample of

the data.

To address the limited labeled data, the Expanding Window approach is employed,
which iteratively incorporates new data points into the training set as follows:
1. Initial training:

* Train the RFR model on the initial training set Xiain.

* Predict the label for x;_y 1.

2. Iterative training:

Add the predicted data point (x;_y.1,y;_n+1) to the training set.

Retrain the RFR model on the updated training set.

Predict the label for the next data point x;_y 7.

Repeat this process until all N test data points are predicted.

This method allows the model to continuously learn and adapt as new data points are

incorporated, simulating a real-time learning scenario.

3.1.7 SSL model

In this study, we utilize a combined approach involving both GPR and RF models
to enhance prediction accuracy. The modeling process begins with the GPR model,
which provides initial predictions along with uncertainty estimates. These predictions,
particularly those with high confidence (low uncertainty), are then used to augment the
training dataset for the RF model. As illustrated in Figure 3.3, the data processing
pipeline starts with data collection and preprocessing, followed by GPR-based
predictions for labeled data. High-confidence predictions are then used to expand the

dataset, which is subsequently employed to train the RF model.

The process can be summarized in the following steps:
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1. Initial Training with GPR: Train the GPR model using the available labeled data
X7. The GPR model predicts labels for the unlabeled data Xy, providing both the

predicted values and their associated uncertainties.

2. Selection of High-Confidence Predictions: Select the predictions from the GPR
model that have uncertainties below a predefined threshold. These high-confidence

predictions are treated as pseudo-labels.

3. Augmenting the Training Set: Combine the original labeled data X; with the

high-confidence pseudo-labeled data from Xy to create an augmented training set.

4. Training the RF Model: Train the RF model using the augmented training set. The
RF model benefits from the increased volume of training data, which now includes

both the original labels and the confident predictions from the GPR model.

5. Iterative Refinement: Optionally, the process can be iterated by using the RF
model’s predictions to further refine the training set, similar to a self-training

approach.

By combining GPR and RF models, we leverage the strengths of both methods: the
probabilistic predictions and uncertainty quantification of GPR, and the robustness and
flexibility of RF. This hybrid approach aims to improve the overall prediction accuracy,
particularly in scenarios with limited labeled data. The iterative refinement process
ensures that the model continuously improves as more data becomes available, making

it well-suited for dynamic environments such as FP prediction in the oil industry.

The entire dataset, denoted as X, contains both labeled and unlabeled data. The labeled
portion, X, consists of L data points (x,y1), (x2,¥2),--.,(xz,y), and the test portion

consists of N data points separated from X7.

* Training data (Initial): The initial training set 1S XTrain

{(x17y1)7 (X2,y2>, A (xL—vaL—N)}'

* Test data: The test set is Xtest = { (X2 N+1,YL-N+1), (XL-N1+2,YL-N+2),-- > (XL, VL) }-

To address the limited labeled data, the Expanding Window approach is employed,

which iteratively incorporates new data points into the training set as follows:
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[Data Collection ]—{Data Preprocessing}

‘ Dataset Expansion }«—{ GPR Prediction of X7, ’

A

‘ BM Prediction of X; g }—{Expanding Window}

‘ Score Evaluation ’

Figure 3.3 : Flow chart of the data processing pipeline for the SSL. model.

1. Initial training:

* Train the RFR model on the initial training set Xty,in-

* Predict the label for x4 1.

2. Iterative training:

Add the predicted data point (xz_n+1,yL—nN+1) to the training set.

Retrain the RFR model on the updated training set.

Predict the label for the next data point.

Repeat this process until all N test data points are predicted.

This method allows the model to continuously learn and adapt as new data points are

incorporated, simulating a real-time learning scenario.

3.1.7.1 SSL-pseudocode

This section elaborates on the SSL model, which employs the expanded window
technique to enhance predictive accuracy by effectively utilizing both labeled and
unlabeled data. The algorithm is structured to adapt and refine its predictive

capabilities.
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Algorithm overview:

The SSL model described in Algorithm 1 initiates with the division of data into labeled
and unlabeled datasets. These datasets undergo a series of preprocessing steps to
ensure robust model training and prediction accuracy. The following is a step-by-step

breakdown of the process:

Data initialization:

Total Data Set (X): Represents the entire collection of data points.

Labeled Data (X;): Consists of data points that have associated labels, with L

representing the number of labeled instances.

Unlabeled Data (Xy): Comprises data points without labels, with U denoting the

number of unlabeled instances.

Initial Test Set Size (N): Specifies the number of instances in the initial test set.

Data partitioning:

* Training Data (Xtp,n): Obtained by excluding the last N instances from Xz, used

initially for training the model.

* Test Data (Xtest): Defined as the last N instances from Xz, used for evaluating the

model.

Data preprocessing:

* Winsorization: Applied to reduce the influence of outliers. The bounds for

Winsorization (winBounds) are determined based on Xp,ip-

* Min-Max Scaling: Normalizes the data to a specific range, typically [0, 1]. Scaling
bounds (scaleBounds) are calculated from Xt,i, to ensure that the scaling is

appropriately calibrated.
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Algorithm 1 SSL Model Using Expanded Window Technique
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X < All data

Xy, < Labelled data, L < COUNT(X})
Xy < Unlabelled data, U <— COUNT(Xy)
N < Initial size of test set

XTrain XL[I L —N]

XTest < XL[L—N+ 1: L]

XExpanded < copy of X7rain

winBounds <— WINSORIZATION (X74in)
Xrrain < APPLY WIN(X7,4in, WwinBounds)
X7est < APPLY WIN(X7eg, winBounds)

: Xy < APPLYWIN(Xy, winBounds)
. XExpanded < APPLY WIN(XEypanded, WinBounds)

scaleBounds <~ MINMAXSCALE(X7yqin)

. XTrain < APPLYMM (X7,4in, scaleBounds)

¢ X7est < APPLYMM (X7, scaleBounds)

: Xy + APPLYMM(Xy, scaleBounds)

. XExpanded < APPLYMM (XEypanded, ScaleBounds)
: GPR < TRAINGPR (X7,4in)

X+ 0,E+0

: for all x; € Xy do

label, 0 «+— GPR.PREDICT(x;)
if 0 < Thresh then
Add (x;,label) to Xg
E<+E+1
end if

: end for

: XE < Xrrain U XE

: XExpanded — XiE

: predictions < []

: for i < 1 to LEN(X7,s ) do

if i > 1 then

Add XTest[i — 1] to XExpanded
end if
RF <~ TRAINRF(Xg . panded)
pi < RE.PREDICT (X7 |i])
predictions.add(p;)

: end for
: return predictions
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Model training and prediction:

e Gaussian Process Regression (GPR): The GPR model is trained using the
preprocessed Xtpin. It is then used to predict labels and associated uncertainties

(sigma) for each instance in Xy .

* Uncertainty Thresholding: If the predicted uncertainty (sigma) for an unlabeled
instance is below a predefined threshold (Thresh), the instance, along with its

predicted label, is added to the set of confidently labeled data (Xg).

Iterative model refinement:

* Expanded Training Data (Xpg): Combines Xtr,i, with Xg, forming an augmented
training set that incorporates both originally labeled data and newly labeled

instances from X .

* RF Training: For each test instance in Xtes;, a RF model is trained on the
continuously updated Xgxpanded> Which includes X g and potentially previous test

instances.

* Prediction Collection: Predictions for each test instance are stored in an array or

list, progressively building the set of output predictions.

Output: The model returns a list of predictions corresponding to each instance in Xteg;,

offering insights into the model’s performance and accuracy.

3.2 Experimental Settings and Performance Evaluation

In this section, we discuss the experimental setup and the methodologies employed to
evaluate the performance of the proposed models. We focus on the BM and the SSL
approach, detailing the techniques used to optimize and assess their performance. The
evaluation metrics used in this study provide a comprehensive understanding of the
model’s predictive accuracy and adaptability over time. The following subsections
describe the BM, the EW approach, and the process of model optimization and

parameter settings, highlighting their respective roles in enhancing prediction accuracy.
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3.2.1 Dataset description

This subsection provides an overview of the dataset used in this study. The
dataset consists of FP values obtained through laboratory measurements, alongside
pressure, temperature, and flow indicator data collected from sensors. It comprises 52
continuous features over a one-year observation period, totaling 10178 observations.
However, FP values measured in the laboratory are available in only 275 of these
observations. This dataset serves as the foundation for training and evaluating the

BM and SSL models.

3.2.2 Data preprocessing

In this subsection, we discuss the essential data preprocessing techniques applied to
prepare the dataset for the BM and SSL models. Key preprocessing steps include
handling outliers and feature scaling, ensuring the data’s integrity and suitability for

model training.

3.2.2.1 Handling outliers

In this study, Winsorization is used to handle outliers for BM and SSL models. The

steps are as follows:

1. Calculate the 2nd and 98th percentiles of the data distribution for each feature.
2. Replace values below the 2nd percentile with the 2nd percentile value.

3. Replace values above the 98th percentile with the 98th percentile value.

3.2.2.2 Feature scaling

The features were normalized to a range of 0 to 1 in order to give equal importance to

features of varying scales during model training for BM and SSL models.

3.2.3 Baseline model (BM)

The BM serves as a fundamental benchmark to evaluate the performance

improvements gained through SSL. In this study, the RF algorithm is used for the BM,
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leveraging its robustness and effectiveness in handling complex, high-dimensional

data.

The BM is built using labeled data, specifically using 235 (L-40) labeled data points.
This quantity as "40" was chosen to provide a relatively robust training set while
managing computational resources effectively. The RF algorithm was configured to
use a maximum of 15 features, which were selected based on their relevance and
contribution to the predictive accuracy for FPs. The (EW) approach is employed to
iteratively update the model with new labeled data. This method allows the model to
incorporate both existing test data and any new incoming data. Initially, the model
is trained with the available L — N labeled data to predict the 40th data point (L-40).
After predicting L-40, this data point, along with its true label, is added to the training
set. The model is then retrained with the updated training set, which includes L-39
data points, and the 39th data point (L-39) is predicted next. This process continues
iteratively, with each newly predicted data point being added to the training set until
the model is trained on L-/ data points, where L is set to 40, and the final prediction is

made for the original Lth data point.

Formally, the EW approach was implemented with a step size of 1 data point and an
initial window size of 40 data points. These parameters were chosen to balance model
performance and computational efficiency, ensuring that the model remains updated

with the most recent data trends without overfitting.

3.2.4 SSL model

This section details the parameter settings of the semi-supervised learning (SSL)
model. Proper parameter tuning is crucial to optimize the performance of the model.
Based on the methodology outlined in the paper, the parameter settings for the SSL

model are as follows:
Kernel selection and parameters:

In the GPR model, the Radial Basis Function (RBF) kernel is primarily used to measure
the similarity between data points, enhancing the model’s flexibility with a length scale

set to 3.0. Additionally, the Matern kernel, which provides a broader function space, is
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employed with a length scale of 10.0 and a smoothness parameter (v) of 1.5. The alpha
parameter (), controlling the level of observation noise, is set to 0.3. These kernel
selections and parameter settings are critical for optimizing the model’s performance

in this study.

3.2.5 Model optimization, parameter settings and system spesifications

Model optimization is crucial for enhancing the performance of ML models. In this
study, several optimization techniques were employed to fine-tune the parameters of
both the RF and GPR models. For the RF model, parameters such as the number
of trees, maximum depth, and the number of features considered for splitting were
optimized using grid search and cross-validation techniques. For the GPR model,
kernel parameters like the length scale and noise level were adjusted to improve

prediction accuracy.

The optimization process involved iteratively testing different parameter combinations
and evaluating the model’s performance using metrics such as Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE) . The optimal parameters were selected
based on the lowest error rates achieved during cross-validation. This systematic
approach to parameter tuning ensured that the models were well-calibrated to handle
the specific characteristics of the dataset, thereby maximizing their predictive accuracy

and reliability.

This thesis work was carried out on an Asus N550JV computer with an Intel
Core 17-4700HQ processor, 16 GB of RAM, and an NVIDIA GeForce GT 750M
graphics card. Python 3.9 was used as the programming language on the Windows
10 operating system. Throughout the study, pandas, numpy, matplotlib, and
seaborn were utilized for data processing and analysis, while sklearn and the
sklearn.gaussian_process.kernels library for kernel functions used in Gaussian
Process Regression (GPR) models were employed for machine learning, model
evaluation, and optimization. Coding and data analysis were performed using the

Spyder development environment. Additionally, the argparse library was used for
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managing command-line arguments, and joblib was utilized for parallel processing

and model saving.

3.2.6 Experimental results

In this section, we present the results of the experiments conducted to evaluate the
performance of the proposed models. The focus is on comparing the BM with the SSL
approach, assessing their effectiveness using various metrics. The results highlight
the improvements in prediction accuracy and model adaptability achieved through the

implementation of the SSL technique.

The following subsections provide a detailed analysis of the performance comparison
between the baseline and SSL approaches, the evaluation of MAE and RMSE metrics,

and the assessment of the model’s adaptability and time performance.

3.2.6.1 MAE and RMSE evaluation

The MAE and RMSE are crucial metrics for evaluating the accuracy of regression
models. This subsection discusses the MAE and RMSE values obtained from the

experiments, providing insights into the models’ predictive performance.

The MAE and RMSE are calculated as follows:

1 Y .
MAE = =) [yi —Jil (3.10)
Ni:l
1 ¥ .
RMSE =4 | = ) (vi = 5i)? (3.11)

1

Where y; is the actual value, y; is the predicted value, and N is the total number of

samples. As it was given before, N referes to 40.

Performance of BM In the evaluation using the BM, the model achieved an MAE
score of 1.1 and an RMSE score of 1.7. These results indicate that the model predicts
the FPs of petroleum products with an average error of 1.1 degrees. The RMSE being

higher than the MAE suggests that while the model generally performs well, it does
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encounter larger errors in some cases, indicating occasional significant deviations from

the actual values.

Performance of SSL Using the SSL approach, the model’s MAE score decreased to
1.01 and the RMSE score dropped to 1.63. This enhancement highlights the potential
of leveraging unlabeled data to boost the model’s accuracy. Consequently, the model
consistently produces more accurate predictions with reduced errors. As illustrated
in Figure 3.4, the semi-supervised model effectively captures the test data’s pattern.
Although the RMSE and MAE scores decreased, the RMSE remained higher compared
to MAE score. This pattern is particularly evident in the SSL model, as illustrated by

the 24th observation shown in Figure 3.4.

Comparison of Predictions and Actuals
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Figure 3.4 : Comparison of the actual values with the predictions for SSL of FP.

Figure 3.4 illustrates the comparison between the actual flash point values and the
predictions made by the SSL model. The blue line represents the predictions, while
the red line shows the actual values. The close alignment of the two lines indicates the

model’s accuracy in predicting flash points across various observations.
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Figure 3.5 illustrates a histogram showing the distribution of differences between the
predicted and actual values, categorized into specific ranges. The x-axis represents
the difference ranges, from greater than 2 degrees below to greater than 2 degrees
above, while the y-axis shows the count of predictions that fall within each range.
The majority of predictions fall within the range of 0-1 degrees below, indicating a
general accuracy in the predictions, while fewer outliers exist in the extreme ranges
(both below and above 2 degrees). This visualization highlights the precision of the

model in predicting values, with a tendency toward smaller errors.
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Figure 3.5 : Histogram of Difference Ranges Between Predicted and Actual Values

The results indicate that the SSL approach achieves lower MAE and RMSE values

compared to the BM, confirming its superior predictive accuracy.

3.2.6.2 Performance comparison of BM and SSL approach

The performance of the BM and the SSL approach are compared to highlight the
advantages of incorporating unlabeled data into the training process. This subsection
presents the results of this comparison, emphasizing the improvements in predictive

accuracy achieved through the SSL approach. The comparison reveals that the SSL
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approach outperforms the BM in terms of prediction accuracy. Specifically, while the
improvement in MAE and RMSE is slight, the SSL model still achieves a lower error
compared to the BM. Given that the topic is as sensitive as flash point prediction, these
slight improvements can be significant. These results demonstrate the effectiveness of

leveraging both labeled and unlabeled data to enhance model performance.
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4. CONCLUSION AND RECOMMENDATIONS

In this section, we summarize the key findings of our study, discuss the effectiveness
of the SSL techniques employed, and provide recommendations for future research.
This section aims to encapsulate the overall contributions of the research and suggest

potential areas for further investigation.

The following subsections provide a detailed summary of the results, evaluate the
effectiveness of the SSL techniques used in the study, and offer recommendations for

future work.

4.1 Summary of Results

The experimental results demonstrate performance improvements when employing the
SSL approach compared to the BM. The SSL model exhibited lower MAE and RMSE
values, indicating higher predictive accuracy. These findings highlight the potential of
SSL techniques to enhance model performance, particularly in scenarios with limited

labeled data.

Moreover, the iterative process of incorporating newly predicted data points back
into the training set proved effective in continuously improving the model’s accuracy.
This approach ensured that the model remained relevant and adaptable to new data,

enhancing its overall robustness and reliability.

4.2 Effectiveness of SSL Techniques

The SSL techniques employed in this study have shown to be effective in improving
prediction accuracy for flash point prediction in the oil industry. By leveraging both
labeled and unlabeled data, the SSL approach effectively mitigates the limitations

posed by the scarcity of labeled data.

Compared to traditional methods, the SSL approach provides a more flexible and

efficient solution, capable of adapting to new data and improving over time. The use
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of techniques such as the Expanding Window (EW) approach further enhances the

model’s adaptability and ensures continuous learning.

However, the SSL approach also has limitations, such as the need for careful tuning of
parameters and the potential computational overhead associated with iterative training.
Despite these challenges, the benefits of improved accuracy and adaptability make SSL

a valuable technique for predictive modeling in data-scarce environments.

4.3 Recommendations for Future Work

Future research should focus on addressing the limitations identified in this study and
exploring additional avenues for enhancing the application of SSL techniques. Specific

recommendations include:

* Investigating alternative SSL algorithms and comparing their performance to the

approaches used in this study.

» Exploring advanced parameter tuning and optimization techniques to further

improve model accuracy and efficiency.

* Expanding the dataset to include a broader range of variables and conditions,
which could provide more comprehensive training data and enhance the model’s

generalizability.

* Implementing real-time data acquisition and model updating mechanisms to fully

leverage the benefits of the SSL approach in dynamic industrial environments.

* Conducting cross-industry studies to evaluate the applicability of SSL techniques
in other domains with similar data limitations, such as healthcare, finance, and

environmental monitoring.

By addressing these areas, future research can build on the findings of this study and
contribute to the ongoing development and refinement of SSL techniques for predictive

modeling.
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