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Abstract 

 



Abstract : 

 

 

Fault diagnosis of oil-immersed power transformers plays a central role in 

ensuring system reliability and supporting predictive maintenance in power 

networks. This study proposes an intelligent diagnostic framework based 

on dissolved gas analysis (DGA) and machine learning for transformer 

fault classification. The methodology relies on the extraction of ratio-based 

and graphical features from DGA data, followed by Z-score normalization 

and dimensionality reduction using t-distributed stochastic neighbor 

embedding (t-SNE) to obtain a compact and informative feature 

representation. The reduced features are then evaluated using supervised 

classification algorithms. Model performance is assessed through multiple 

metrics, including accuracy, precision, recall, F1-score, and specificity. 

The findings indicate that integrating heterogeneous DGA-derived features 

within a unified framework improves the robustness and reliability of 

transformer fault diagnosis, highlighting the potential of intelligent data-

driven approaches for condition monitoring and maintenance decision 

support in modern power systems  . 

 

Keywords— Oil-immersed power transformer; Dissolved gas analysis 

(DGA); Fault diagnosis; Machine learning; Feature extraction; 

Dimensionality reduction; t-SNE; Condition monitoring; Predictive 

maintenance; Intelligent classification. 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 :الملخص )بالعربي(  

 

 

يعُد تشخيص أعطال محولات القدرة المغمورة بالزيت عنصرًا أساسياً لضمان موثوقية الأنظمة  

لتشخيص   ذكيًا  إطارًا  الدراسة  هذه  تقترح  الطاقة.  شبكات  في  التنبؤية  الصيانة  ودعم  الكهربائية 

( المذابة  الغازات  تحليل  على  يعتمد  أعطال DGAالأعطال  لتصنيف  الآلي  التعلم  وتقنيات   )

البيانية من   الن ِّسب والخصائص  قائمة على  المنهجية على استخراج خصائص  تعتمد  المحولات. 

تطبيع   تطبيق  ذلك  يلي  المذابة،  الغازات  تحليل  تقنية    Z-scoreبيانات  باستخدام  الأبعاد  وتقليل 

الموزع   العشوائي  للخصائص   t-SNEالتضمين  بالمعلومات  تمثيل مدمج وغني  للحصول على 

بعد  خاضعة    المستخرجة.  تصنيف  خوارزميات  باستخدام  المختزلة  الخصائص  تقييم  يتم  ذلك، 

(، والإحكام  Accuracyللإشراف. ويتم تقييم أداء النماذج اعتماداً على عدة مؤشرات، تشمل الدقة )

(Precision( والاسترجاع ،)Recall  ودرجة ،)F1( والنوعية ،Specificity  وتشير النتائج .)

ضمن إطار موحد يحُسن    DGAإلى أن دمج الخصائص غير المتجانسة المستخرجة من بيانات  

من متانة وموثوقية تشخيص أعطال المحولات، مما يبرز إمكانات الأساليب الذكية المعتمدة على  

 البيانات في مراقبة الحالة ودعم قرارات الصيانة في أنظمة الطاقة الحديثة. 

 

 

( المذابة  الغازات  تحليل  بالزيت؛  المغمور  القدرة  محول  المفتاحية:  تشخيص  DGAالكلمات  (؛ 

الأبعاد؛   تقليل  الخصائص؛  استخراج  الآلي؛  التعلم  الصيانة t-SNEالأعطال؛  الحالة؛  مراقبة  ؛ 

 التنبؤية؛ التصنيف الذكي.
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GENERAL INTRODUCTION 

 

Electric power transformers represent one of the most vital and irreplaceable 

components of modern electrical power systems. As static electromagnetic devices 

responsible for stepping voltage levels up and down across transmission and 

distribution networks, they ensure the efficient and reliable delivery of electrical energy 

from generation sources to industrial facilities and domestic consumers alike. Among 

the various transformer technologies in service today, oil-immersed power transformers 

occupy a dominant position, particularly in high-voltage (HV) and extra-high-voltage 

(EHV) networks. This technical preference stems from the unique physical and 

chemical properties of mineral oil, which simultaneously acts as a superior electrical 

insulator and an effective heat transfer medium, enabling the design of high-capacity 

transformers with compact dimensions and exceptional thermal efficiency. 

Despite their robustness, oil-immersed power transformers are subjected to 

continuous thermal, electrical, and mechanical stresses throughout their operational 

lifetime. These stresses gradually degrade the insulating oil and cellulose paper 

insulation, and can lead to the development of incipient internal faults such as partial 

discharges, low-temperature and high-temperature thermal faults, and electrical arcing. 

If left undetected, these faults can escalate into catastrophic failures, causing prolonged 

power outages, costly equipment replacement, and serious safety hazards. For this 

reason, the condition monitoring and early fault detection of power transformers have 

become priorities for power utilities worldwide, driving continuous research and 

development in the field of transformer diagnostics. 

Among the various diagnostic techniques available for monitoring transformer 

health, Dissolved Gas Analysis (DGA) has established itself as the most widely 

recognized and reliable method for the early detection of incipient faults in oil-filled 

equipment. The principle of DGA is based on the observation that thermal and electrical 

stresses decompose the insulating oil and cellulosic paper, generating characteristic 

combustible and non-combustible gases that dissolve into the oil. The primary gases 

monitored in DGA include hydrogen (H₂), methane (CH₄), ethylene (C₂H₄), ethane 

(C₂H₆), acetylene (C₂H₂), carbon monoxide (CO), and carbon dioxide (CO₂). The type, 
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concentration, and rate of generation of these gases serve as reliable chemical 

fingerprints that allow the identification of specific fault mechanisms operating inside 

the transformer. 

Over the decades, numerous conventional DGA interpretation methods have 

been developed and standardized by international organizations, including key gas 

methods, ratio-based techniques such as the Rogers method, the IEC 60599 method, 

the Dornenburg method, the CIGRE ratio method, and the ETRA method, as well as 

graphical approaches such as the Duval Triangle, the Duval Pentagon, the Mansour 

Pentagon, and the Gouda Heptagon. While these methods have demonstrated practical 

value in the field, they suffer from several inherent limitations. Most rely on fixed 

threshold rules and expert-defined boundaries that struggle to capture the overlapping 

and nonlinear nature of fault signatures in real-world DGA data. Furthermore, 

conventional ratio features, when used alone, often fail to provide sufficient 

discriminative power for accurate multi-class fault classification, particularly in the 

presence of mixed or complex fault conditions. 

To overcome these limitations, the growing field of Artificial Intelligence (AI) 

and Machine Learning (ML) has offered promising new perspectives for DGA-based 

transformer fault diagnosis. Data-driven classification algorithms, including Support 

Vector Machines (SVM), k-Nearest Neighbors (k-NN), Random Forest (RF), and 

ensemble methods such as AdaBoost , are capable of learning complex decision 

boundaries from historical DGA datasets without relying on manually crafted rules. 

These approaches have shown significant potential for improving the accuracy, 

robustness, and scalability of transformer fault classification systems. 

In this context, the present dissertation proposes an intelligent DGA-based 

diagnostic framework for the fault classification of oil-immersed power transformers. 

The proposed methodology combines two complementary feature extraction strategies  

ratio based features and graphical features  and integrates them through a feature fusion 

approach to produce a richer and more discriminative representation of DGA data. The 

extracted features are preprocessed using Z-score normalization and projected into a 

reduced two-dimensional space using t-distributed Stochastic Neighbor Embedding (t-

SNE), before being evaluated using four supervised classification algorithms. The work 

addresses six transformer fault classes and assesses model performance through a 
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comprehensive set of evaluation metrics, including accuracy, AUC, recall, F1-score, G-

Mean, and confusion matrix analysis. 

This dissertation is structured into four chapters. The first chapter provides a 

general overview of oil-immersed power transformers, covering their structure, 

operating principles, types of faults, and applications. The second chapter presents a 

thorough literature review of DGA interpretation methods, encompassing key gas, 

ratio-based, and graphical techniques. The third chapter introduces the theoretical 

foundations of machine learning, with particular attention to the classification 

algorithms and performance evaluation metrics selected for this study. Finally, the 

fourth chapter describes the experimental setup, the proposed methodology, and a 

detailed analysis of the obtained results, demonstrating the effectiveness of the feature 

fusion approach in improving transformer fault diagnosis accuracy
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Chapter I : Oil-Immersed Power Transformers                                                                                     

 

I.1• General Overview 

     Electrical transformers constitute the fundamental pillar and backbone of modern 

power systems; without them, the transmission of electrical energy over long distances 

would be practically impossible. Their core function lies in interconnecting different 

voltage levels within the electrical grid, enabling voltage to be stepped up at generation 

stations to reduce losses caused by electrical resistance, and then stepped down at 

consumption centers to ensure safe and efficient power transmission. 

    Oil-immersed transformers emerge as the most widespread and commonly used type 

in high-voltage (HV) and extra-high-voltage (EHV) networks [  figure 01 ]  . This 

technical preference is attributed to the unique physical and chemical properties of 

mineral oil; it not only serves as an excellent electrical insulating medium that prevents 

electrical breakdowns between windings, but also acts as an efficient heat transfer 

medium (coolant), significantly outperforming dry-type transformers that rely on air. 

Oil has a higher capacity for heat absorption and dissipation, which allows the design 

of high-capacity transformers with relatively smaller sizes compared to dry-type 

transformers, which remain limited to medium- and low-voltage ranges [1]. 

     Moreover, insulating sensitive components (the core and windings) within a sealed 

tank filled with oil protects them from external environmental factors such as moisture, 

dust, and corrosion, thereby significantly extending the service life of the equipment. 

Accordingly, this study aims to provide a precise and comprehensive analysis of these 

devices, particularly oil-immersed transformers, from several complementary 

perspectives: 

1. The historical aspect: tracing the development of this technology from its initial 

invention to contemporary intelligent technologies. 

2. The structural aspect: detailing the components from the magnetic core to 

mechanical and electrical protection devices.                            

3. The operational aspect: examining transformer behavior under different loading 

conditions and its modes of operation. 

Special emphasis is placed on the role of oil, not only as an insulating medium, but also 

as a diagnostic tool and a critical factor in transformer durability and overall electrical 

grid stability, as oil is considered the “blood” that reflects the internal health condition 

of the transformer [2]. 
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Figure I.1 Structural Overview of a Power Transformer 

1.  High Voltage (HV) Bushings 

2.  Tap Changer 

3.  Low Voltage (LV) Bushings 

4.  Cooling Radiators 

5.  Magnetic Core 

6.  Main Tank 

7.  Windings 

8.  Internal Leads 

9.  Insulating Cylinders 

10. Winding Taps / Lead Supports 

I.2•   Introduction 

      Electrical transformers constitute one of the most essential components of modern 

electrical power systems, due to the pivotal role they play in the efficient and safe 

transmission and distribution of electrical energy. These devices have undergone 

significant development over time in terms of design, materials used, as well as 

operating and protection methods, which has made them indispensable elements in 

electrical networks across various voltage levels. Building on this vital role, this 

introduction aims to provide a general overview of electrical transformers, including 

their definition, historical development, basic structure, and the types of faults that may 

affect them, while also addressing operational aspects and various fields of application. 

Particular emphasis will be placed on oil-immersed transformers, as they are the most 
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widely used in high-voltage and extra-high-voltage networks, owing to their technical 

characteristics that make them more efficient and reliable compared to other types. 

  I.2.1 • Definition of Power Transformers  : 

     A power transformer is a static electromagnetic device specifically designed to 

transfer electrical energy from one alternating current (AC) system with given voltage 

and current values to another system with different voltage and current levels, while 

maintaining a constant frequency and power (except for minor losses). The transformer 

contains no moving mechanical parts, which makes it highly efficient and requires 

relatively low maintenance compared to rotating electrical machines [3]. 

   From a physical perspective, the operation of a transformer is based on Faraday’s law 

of electromagnetic induction and Lenz’s law. The process begins when the primary 

winding is supplied with an alternating current, generating a time-varying magnetic 

flux. This flux is guided through the magnetic core, which acts as a low-reluctance path, 

and links the turns of the secondary winding, thereby inducing an electromotive force 

(EMF) and producing a current in the load circuit. In oil-immersed transformers, this 

system is further enhanced by a liquid medium that serves as a primary electrical 

insulator and an effective cooling agent, enabling the transformer to handle very high 

power densities without insulation breakdown [4]. 

I.2.2 • Historical Evolution of Transformers 

    The development of electrical transformers went through key milestones that 

transformed electricity from laboratory experiments into an industrial energy source 

powering the modern world. These stages can be summarized as follows: 

I.2.2.1 Discovery Stage (1831): 

The British scientist Michael Faraday laid the foundation when he discovered the 

principle of electromagnetic induction using his famous device known as Faraday’s 

Ring. Although this discovery demonstrated the possibility of transferring energy 

between two coils through magnetic flux, the device remained primitive and 

unsuitable for practical long-distance power transmission due to low efficiency and 

the absence of a technically designed magnetic core [5]. 

 I.2.2.2  The Hungarian Revolution and Practical Transformers (1885): 

This year marked the birth of the modern transformer through the work of the 

Hungarian trio Zipernowsky, Bláthy, and Déri (ZBD) at the Ganz company. 

Their major innovation was the closed-core transformer. This design made 

commercial alternating current (AC) power transmission possible by enabling 

highly efficient voltage step-up and step-down. This structural model is still 

regarded in engineering literature as the foundation of all contemporary 

transformers [6]. 

I.2.2.3 The Era of Oil-Immersed Transformers (1891): 
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  With the expansion of power networks, engineers faced a major challenge, as 

conventional insulation materials (air and dry paper) failed and burned when voltage 

levels were increased. At this point, the technical ingenuity of Charles Brown [figure 

02 ] emerged with the introduction of the first oil-immersed transformer. Oil proved to 

be an effective solution, offering insulation far superior to air and providing efficient 

heat dissipation. This allowed voltage levels to rise to unprecedented values at the time 

(exceeding 25 kV). This innovation was a key factor in reducing electrical losses and 

enabling power transmission over continental distances [2]. 

 

Figure I.2 Charles Brown – Pioneer of Oil-Immersed Transformers 

 

I.3 • Structure and Components of Power Transformers 
Regardless of the type of cooling or insulation system, all power transformers share 

the presence of two active parts that constitute the core of the transformer, namely the 

magnetic core and the windings. However, in the case of oil-immersed transformers, 

an additional complex set of mechanical components is incorporated to contain and 

protect the oil [1], [3]. 

Figure I.3  illustrating the components of an oil-immersed electrical transformer 



 Chapter I                                                                 Oil-Immersed Power Transformers                                                                                                                                                                                                                     

  

 28 

I.3.1 •  General Active Components (General Active Parts): These 

components are common to both dry-type and oil-immersed transformers: 

I.3.1.1 Magnetic Core:  It represents the path through which the magnetic flux flows. 

The core is not manufactured as a solid iron piece; instead, it is constructed by stacking 

thousands of very thin laminations of cold-rolled grain-oriented silicon steel (CRGO). 

Each lamination is insulated from the others by a thin varnish layer. [figure 03] 

This precise design aims to minimize eddy current losses as much as possible, thereby 

improving transformer efficiency [4]. 

Figure I.4  Magnetic Core and Flux Path in the Electrical Transformer 

 

I.3.1.2 Windings:     These are the electrical conductors that carry current. They are 

usually made of pure copper (or aluminum) and insulated with layers of pressboard 

paper or enamel. The windings (primary and secondary) are arranged around the core 
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using specific geometrical configurations (such as cylindrical or disc windings) to 

ensure optimal magnetic coupling and to withstand mechanical stresses [3]. [figure04] 

Figure I.5 Simple transformer showing primary winding, secondary winding 

and magnetic core 

I.3.2 • Components Specific to Oil-Immersed Transformers (Oil-

Immersed Specific Components): 

Oil-immersed transformers are distinguished by additional components that ensure the 

efficient operation of the cooling medium (oil) [1], [7]: 

• I.3.2.1  Main Tank: 

A robust, tightly sealed steel vessel that houses the core and windings completely 

immersed in oil [figure 05]. The tank serves as a heat dissipation surface and provides 

mechanical protection for the internal components. 

 

 
I.3.2.2  Bushings:    These are porcelain or composite insulating terminals mounted on 

the top of the tank [figure 06]. Their function is to conduct high current from outside 

the transformer to the internal windings (or vice versa) while ensuring complete 

insulation between the live conductor and the grounded metallic tank. 

Figure I.7 Electrical Insulators of Different Sizes According to Voltage Level 

Figure I.6 High Frequency Power Electric Oil Immersed Transformer Storage Tank 
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  I.3.2.3 Conservator Tank:   A cylindrical metal tank installed above the 

transformer and connected to the main tank. Its function is to accommodate the 

expansion of oil when heated and its contraction when cooled, ensuring that the 

main tank remains fully filled and preventing the formation of air bubbles 

inside. [figure 07] 

 

Figure I.8 Transformer Oil Protection and Monitoring SystemTr 

Pro           I.3.2.4 Breather:  Considered the “lungs” of the transformer, it is a glass 

container filled with silica gel [figure 08] . This material absorbs moisture from the air 

drawn into the transformer during oil contraction, as moisture is the primary enemy of 

insulating oil. 

 th.er            Figure I.9 Breathing system of an oil-immersed transformer. 
          

               I.3.2.5  Radiators/Fins:   

Hollow metallic tubes mounted on the sides of the tank. Hot oil flows through them, 

cools by contact with the surrounding air, and then returns to the transformer, creating 

a continuous cooling cycle. [figure 09] 
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Figure I.10 Working Principle of Cooling Fins in an Oil-Immersed Electrical 

Transformer 

I.4 • Types of Faults 

Power transformers are subjected to various stresses during operation. The resulting 

faults can be classified into two levels: general faults that affect the active parts 

(windings and core) in all types of transformers, and special faults that are related to 

the type of insulation and cooling used (oil) [8]. 

    I.4.1 • General Faults (Common in All Transformers): 

These faults occur in the core and windings regardless of whether the transformer is 

oil-immersed or dry-type (air-cooled): 

    I.4.1.1 Winding Electrical Faults: 

These are considered the most common and most dangerous faults, arising from 

the breakdown of insulation between conductors. They include [figure 10] 

• Inter-turn Fault: Breakdown of insulation between two adjacent turns within the 

same winding. 

• Earth Fault: Breakdown of insulation between the winding and the grounded 

core or tank. 

Such faults are often caused by lightning surges or by the natural aging of solid 

insulation [1]. 
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Figure I.11 Schematic representation of an inter-turn short-circuit fault in a three-

phase power transformer 

I.4.1.2 Mechanical Faults:These occur when the transformer is subjected to a severe 

external short circuit. The resulting current generates enormous electromagnetic forces 

that attempt to tear apart or compress the windings, leading to winding deformation or 

displacement. This phenomenon can physically occur in any transformer carrying high 

current [8]. 

I.4.2 • Oil-Specific Faults in Oil-Immersed Transformers: 

Here lies the uniqueness of oil-filled transformers, where the liquid medium plays a 

central role in the occurrence and detection of faults. These faults do not exist in dry-

type transformers [9], [10]: 

    I.4.2.1 Oil Degradation and Contamination: 

• Moisture: Water ingress into the oil sharply reduces its dielectric strength. 

• Oxidation: The reaction of oil with oxygen and heat produces acids that attack 

paper insulation, and forms sludge deposits that accumulate in cooling ducts 

and hinder heat dissipation. 

    I.4.2.2  Gas Generation (Dissolved Gas Analysis – DGA): 

In oil-immersed transformers, any internal fault (such as overheating or 

electrical arcing) immediately causes chemical decomposition of the oil 

molecules, producing specific gases that dissolve in the oil. 

• For example, electrical arcing produces acetylene (C₂H₂). 

• Overheating produces methane (CH₄). 

         This phenomenon makes the oil act as a “black box” that records the history of 

faults [10]. 

    I.4.2.3 Oil Leakage:                                                                                                                       
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  Cracks in the tank or damage to gaskets lead to a reduction in oil level, which may 

expose the windings to air and cause immediate insulation failure, or result in the 

malfunction of the Buchholz relay, which is responsible for gas-based protection [7]. 

I.5 • Study of Insulating Oil: Its Properties and Importance 

Oil in transformers is not merely a filling liquid; rather, it is an active structural material 

that performs a dual role (insulation and cooling). The vast majority of transformers use 

mineral oils, derived from crude oil distillation, which must achieve a precise balance 

among the following properties in accordance with international standards [9]: 

I.5.1  Physical Properties 

These properties relate to the behavior of oil as a heat-transfer fluid: 

    I.5.1.1 Viscosity: 

It is the most important factor in cooling efficiency. The viscosity of the oil 

should be as low as possible, because light oil flows quickly and smoothly 

through the narrow channels between windings and through the cooling 

radiators by natural convection currents, ensuring rapid heat dissipation. 

I.5.1.2 Flash Point: 

It is the lowest temperature at which the oil releases flammable vapors. For 

safety and fire protection reasons, the flash point must be very high (usually  

above 140 °C) to avoid ignition risks during emergency overload conditions [1]. 

I.5.1.3 Pour Point: 

It is the lowest temperature at which the oil remains fluid. It must be very low 

to ensure that the transformer can operate in cold and freezing environments 

without the oil solidifying and stopping circulation. 

I.5.2 •Electrical Properties 

These properties relate to the oil’s ability to prevent electrical arcing: 

I.5.2.1 Dielectric Strength: 

Also known as breakdown voltage, it measures the voltage that the oil can 

withstand before electrical breakdown and sparking occur. Clean and dry oil has 

a very high dielectric strength; however, the presence of microscopic water 

droplets or solid contaminants causes this value to drop sharply [8]. 

I.5.2.2 Dissipation Factor (Tan Delta): 
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It is a measure of the electrical energy losses within the oil itself, which are 

converted into heat. A low value indicates excellent insulating properties, 

whereas a high value indicates the presence of dissolved contaminants [9]. 

I.5.3 • Chemical Properties 

These properties determine the transformer’s service life: 

I.5.3.1 -Oxidation Stability: 

The oil is exposed to high temperatures in the presence of oxygen and metallic 

catalysts (such as copper and iron). The oil must resist chemical reactions to 

prevent the formation of sludge, which adheres to windings and blocks cooling, 

or acids, which corrode paper insulation [1]. 

I.5.3.2 Water Content: 

The oil must be completely dry (with moisture measured in parts per million, 

ppm), because water is attracted to cellulose fibers (paper insulation) and 

severely degrades their mechanical and electrical strength. 

 I.6 Applications of Transformers 

     Electrical transformers are widespread in every part of the power system  However, 

the selection of the transformer type (dry-type or oil-immersed) mainly depends on   the 

installation location, the required power rating, and the surrounding environmental 

conditions [1]. 

I.6.1 • General Applications of Electrical Transformers 

  Transformers are used in any system that requires a change in voltage levels. 

Examples include: 

I.6.1.1 Electronic and household devices: 

Very small transformers (mostly dry-type) are used to operate chargers and 

computers at low voltages (e.g., 12 V or 19 V). 

 I.6.1.2 Industrial control panels: 

Transformers are used to provide a safe voltage level (24 V) for machine control 

circuits. 

I.6.1.3 Residential buildings and hospitals: 

Dry-type transformers are used inside enclosed rooms because they are safer 

against fire hazards in densely populated areas [3 [ 
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I.6.2 • Applications of Oil-Immersed Transformers 

Due to the high efficiency of oil in cooling and insulation, this type of transformer is 

mainly used in applications that require high power ratings and harsh outdoor 

conditions [1], [2]: 

I.6.2.1 Power generating stations: 

Oil-immersed transformers are used as step-up transformers. They increase the 

voltage generated by generators (e.g., from 15 kV) to extra-high voltage levels 

(such as 400 kV or 765 kV) to transmit power over long distances with minimal 

losses. Oil is essential for insulating such high voltages and cooling the heat 

produced by large currents [2]. 

I.6.2.2 Transmission and main substations: 

These substations act as interconnection nodes between cities and major power 

networks. They contain large oil-immersed transformers that step down  

voltage from extra-high levels to medium transmission levels (such as 132 kV 

or 66 kV). 

I.6.2.3 Urban and rural distribution networks: 

These are the transformers mounted on poles or installed in distribution rooms 

within residential areas. Oil-immersed transformers are preferred here due to 

their high ability to withstand environmental variations (rain, dust, and high 

temperatures), as sensitive components are fully protected inside a sealed oil 

tank [3]. 

I.6.2.4 Large factories and heavy industries: 

Such as steel smelting plants and petrochemical industries. These facilities 

require huge and continuous power (high duty cycle), making dry-type 

transformers uneconomical. Therefore, oil-immersed transformers are used due 

to their ability to operate continuously under heavy loads [8]. 

I.7 Conclusion 

        Power transformers, in general, are considered the backbone upon which the 

modern power system is built. Without their exceptional capability to efficiently step 

up and step down voltage levels, it would not be possible to transmit electrical energy 

over long distances, nor would electricity reach our homes and industries with the level 

of reliability we experience today. Throughout their history, these static devices have 

proven to be the most stable means of interconnecting generation sources with 

consumption areas, while maintaining economic efficiency that ensures technical losses 

are reduced to the lowest possible levels [3], [8]. 
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   With regard to oil-immersed transformers in particular, they continue to represent the 

“technological pinnacle” in high-power and extra-high-voltage applications. To date, 

no other insulating medium has been able to match the dual properties of oil as both a 

superior electrical insulator and an ideal heat transfer medium at the same time. Despite 

the challenges associated with oil maintenance and leakage risks, digital advancements 

in Dissolved Gas Analysis (DGA) techniques have transformed this type of transformer 

into an intelligent device capable of predicting faults before they occur [10].    The future 

direction of this field is now focused on achieving a balance between “high 

performance” and “environmental sustainability.” It is expected that the coming years 

will witness a widespread replacement of mineral oils with natural ester oils, providing 

oil-immersed transformers with a longer operational lifespan and enhanced fire safety, 

while ensuring full compliance with stringent environmental standards [1], [11]. 

Consequently, oil-filled transformers remain an indispensable technology for securing 

the future of global energy systems. 
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Chapter II. Literature review on internal faults 

diagnosis in power transformers 

 

 II.1  Comprehensive review of condition monitoring 

methods 

The maintenance and monitoring of power transformers are vital to energy and system 

management. A transformer's condition is a cornerstone of efficient electricity 

transmission, as any failure can jeopardize the stability of the entire grid [9]. Among 

the various diagnostic techniques, Frequency Response Analysis (FRA) also known as 

the transfer function method—stands out as an effective tool for identifying mechanical 

faults, such as winding deformation [10-12]. 

Partial Discharge (PD) Analysis is another critical method for monitoring insulation 

health. PD refers to localized electrical discharges within liquid or solid insulation; 

early detection is essential to mitigate aging and extend the transformer's operational 

life [13-15]. Complementing these techniques is Vibration Analysis. While vibration is 

typically a byproduct of mechanical movement useful for detecting looseness, 

imbalance, and misalignment [16, 17] its application has expanded in recent years to 

include the monitoring of power transformer health [18]. 

Several chemical and electrical tests provide deeper insights: 

Interfacial Tension (IFT): A chemical test used to detect acidic contaminants in oil 

resulting from the oxidative degradation of paper [19, 20]. 

Insulation Resistance (IR): Evaluates the deterioration of winding insulation, often 

utilizing the Polarization Index to interpret resistance data more accurately [21]. 

Thermography Analysis: Employs infrared cameras to detect Hot Spot Temperatures 

(HST). In these thermal profiles, red and white indicate high-heat areas, while blue and 

black represent cooler regions [22-24]. 

Degree of Polymerization (DP): A key indicator of the mechanical strength of paper 

insulation, which relies on the integrity and bonding of cellulose molecules [25, 26]. 

Advanced time-domain and dielectric tests include Polarization and Depolarization 

Current (PDC), which evaluates high-voltage insulation by determining moisture levels 

in the oil-paper system [27, 28]. Furthermore, Breakdown Voltage (BDV) testing, 

conducted at room temperature per the IEC 60156 standard, determines the dielectric 

strength of the oil [29, 30]. Although an older technique, Recovery Voltage 

Measurement (RVM) remains an effective indicator of oil insulation degradation [31-

33]. Additionally, Voltage and Current Measurements analyze the correlation and 

differences between incoming and outgoing currents; identifying the severity of faults 

through this method requires a combination of simulation, experimentation, and online 

detection [34-36]. 
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Finally, Dissolved Gas Analysis (DGA) is widely regarded as the premier technique for 

tracking a transformer's condition over time. Its significance in diagnosing faults in oil-

filled transformers has led to continuous evolution in interpretation methods [37], 

ranging from traditional ratios to modern Artificial Intelligence (AI) applications. 

Figure II.1 illustrates the various power transformer evaluation methods, with a specific 

focus on DGA interpretation. 

   

 

Figure II.1 Power transformer condition assessment and DGA interpretation 

methods 

 

II.2 Dissolved Gas Analysis Methods 

Dissolved Gas Analysis (DGA) serves as a fundamental diagnostic tool for the early 

detection of incipient faults in oil-immersed power transformers [38]. This technique is 

primarily utilized to examine gases dissolved within the insulating oil, which are 

generated by thermal and electrical stresses that threaten the transformer's operational 

integrity [39, 40]. The primary gases monitored during DGA include hydrogen (H2), 

methane (CH4), ethane (C2H6), ethylene (C2H4), and acetylene (C2H2). Additionally, 

carbon monoxide (CO) and carbon dioxide (CO2) serve as significant indicators of 

cellulose (paper) insulation degradation [41, 42].Historically, the Buchholz relay, 

introduced in 1928 [43], represented an early innovation in equipment protection by 

responding to gas formation caused by internal faults. As illustrated in Figure II. 2, the 

relay operates by detecting gas accumulation in the pipe connecting the transformer 

main tank to the expansion (conservator) tank. The resulting gas flow triggers the relay, 

which either activates an alarm or disconnects the transformer entirely to prevent 

catastrophic damage. By the late 1950s, advancements in analytical methodologies 
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enabled more precise sampling and analysis of gases and liquids. This progress led to 

the development of a field chromatography analyzer by H.H. Wagner in 1959 [44]. 

Today, Gas Chromatography (GC) is the most widely adopted method for identifying 

and quantifying dissolved gases in transformer oil, particularly those generated by 

electrical faults [45] 

The chromatographic analysis of dissolved gases in oil involves several systematic 

stages. It begins with sampling, typically performed using syringes or flexible 

aluminum bottles; notably, gases can also be temporarily stored in the Buchholz relay 

[46]. Subsequently, the gases are extracted and processed via Gas Chromatography 

(GC), which facilitates the separation of various gas components for precise 

identification and quantification [47].    Figure II.3 illustrates this systematic 

workflow—encompassing sample collection, gas extraction, and analytical separation. 

This rigorous approach ensures diagnostic accuracy, enabling proactive maintenance 

and the prevention of critical transformer failures 

 

Figure II.2 Steps for gas chromatography analysis [1] 

II.3 The principal DGA interpretation methods 

    This section provides a comprehensive overview of various Dissolved Gas Analysis 

(DGA) techniques, emphasizing those that have emerged as industry standards due to 

their high reliability and diagnostic precision. By analyzing these widely adopted 

frameworks, we aim to highlight contemporary trends and established best practices in 

power transformer diagnostics. 

II.3.1 Key Gas Methods 

   II.3.1.1 IEEE Key Gas Method: 

The IEEE Key Gas method, pioneered by the Doble Engineering Company in 1973, 

serves as a foundational framework for evaluating transformer health by analyzing gas 

compositions triggered by thermal and electrical stresses. Initially introduced by David 
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Pugh in 1974 [49], the method was subsequently refined and integrated into the IEEE 

C57.104 Standard. 

This diagnostic approach relies on the concentrations of specific gases—namely 

hydrogen, various hydrocarbons, and carbon monoxide—which are released during the 

thermal decomposition of insulating oil and cellulosic paper. Table II.1 summarizes the 

primary gases and their associated faults, while Table II.2 presents the specific gas 

ratios corresponding to the four major fault categories identified by this technique. 

These percentage values and thresholds are derived from extensive empirical data and 

expert observations within the field [50]. 

Despite its widespread use, the IEEE Key Gas method has notable limitations. It is 

prone to delivering ambiguous or occasionally inaccurate diagnoses. Furthermore, 

instances occur where the dominant gas is not accounted for within the method’s 

primary criteria, or where the presence of carbon monoxide is misinterpreted, leading 

to false conclusions regarding the involvement of paper insulation in a malfunction 

[51]. 

Table II.1 Key gas generated according to a fault type 

Key gas Fault type Typical proportions 

C2H4 
Overheating, 

oil 

Mainly C2H4; Smaller proportions of C2H6, CH4, and H2; Traces 

of C2H2 at very high fault temperature 

CO 
Overheating, 

paper and oil 

Mainly CO; Much smaller quantities of hydrocarbon gases 

(Predominantly C2H4 with smaller proportions of C2H6, CH4, and 

H2) 

H2 
Partial 

discharge 

Mainly H2; Small quantities of CH4; Traces of C2H4 and C2H6 

H2& 

C2H2 
Arcing 

Mainly H2 and C2H2; Minor traces of CH4, C2H4, and C2H6; Also, 

CO if cellulose is involved 

                                 

Table II.2 Key gas proportions of fault types of IEEE key gas method                                  

 

 

 

 

 

 

 

 

 

   II.3.1.2 CSUS Key gas: 

 The CSUS Key Gas method, commonly known as the Key Gas Quantity method, 

was established through a joint collaboration between California State University, 

 Key gas percentages (%) 

Fault type H2 CH4 C2H6 C2H4 C2H2 CO 

Partial discharges 85 13 1 1 - - 

Arcing 60 5 2 3 30 - 

Overheating, oil 2 16 19 63 - - 

Overheating, paper - - - - - 92 
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Sacramento, and the Pacific Gas and Electric Company [52]. This diagnostic approach 

is based on the direct and individual comparison of hydrocarbon and carbonaceous gas 

concentrations against their specific threshold limits. As detailed in Table II.3, the 

method provides both standard and non-standard limit values for each gas to facilitate 

precise condition monitoring. 

 The transformer is considered to be in healthy operating condition if all monitored 

gas concentrations remain below the defined normal thresholds. Identifying specific 

fault types relies on a direct, one-to-one comparison of individual gas levels against 

these established limits. However, while the CSUS Key Gas method is characterized 

by its procedural simplicity, it is hindered by relatively low diagnostic precision. A 

significant drawback of this approach is its tendency to produce overlapping diagnoses 

of multiple faults simultaneously, which complicates the interpretation of the 

transformer's actual condition. 

 

 

Table II.3  Determination of the type of fault according to the CSUS method 

 Limit concentrations  

Key gas Normal Anormal Fault type 

H2 150 1000 Corona discharges, arcing 

CH4 25 80 Corona discharges 

C2H6 10 35 Local overheating 

C2H4 20 150 Severe overheating 

C2H2 15 70 arcing 

CO 500 1000 Overload, paper decomposition 

CO2 10 000 15 000 Overload, paper decomposition 

 

   II.3.1.3 CIGRE Key gas: 

        The CIGRE Key Gas method facilitates condition assessment through a direct 

comparison between measured gas concentrations and their permissible limits. 

Proposed by the CIGRE Task Force 15.01.01 [53], this approach enhances diagnostic 

capabilities by detecting paper insulation degradation in addition to the three standard 

fault categories.   Typical concentration thresholds and their corresponding 

malfunctions are detailed in Table II.4. While this method offers significant diagnostic 

utility, it is seldom employed as a standalone tool for transformer assessment. Instead, 

the CIGRE TF 15.01.01 guidelines advocate for the integration of gas ratios into the 

interpretation process to refine accuracy. Similar to the CSUS approach, its primary 

disadvantage is the tendency to indicate multiple simultaneous faults, which can 

obscure a precise diagnostic conclusion. 
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.  Fallou Key gas: 

      Introduced in a 1975 CIGRE publication [54], the Fallou method represents a 

significant diagnostic approach derived from experimental data on gas evolution in 

mineral oils under fault conditions. Developed through Fallou’s research, this technique 

prioritizes the percentage concentration of each gas generated during thermal or 

electrical stress. Specifically, it identifies carbon dioxide (CO2) and three-carbon 

hydrocarbons as the primary indicators for fault detection, as detailed in Table II.5. 

Table II.4 Determination of the type of fault according to the CIGRE method 

Key gas Limit Fault 

C2H2 > 20 Arcing 

H2 > 100 Partial discharges 

∑CxHy > 1 000 Thermal fault 

∑COx > 10 000 Cellulosic degradation 

 

Table II.5 Key gas method proposed by Fallou 

 Key gas percentage (%) 

Fault type H2 CH4 C2H6 C2H4 C2H2 C3Hx CO CO2 

Low-energy discharge (PD1) 88 7 2 - - 1 1 1 

High-energy discharge (PD2) 55 7 5 6 15 6 1 6 

Arcing 39 10 - 6 35 3 4 2 

Overheating, oil 300°C - 37 13 19 - 31 - - 

Overheating, oil 500°C 17 25 8 25 - 23 - - 

Overheating, oil 800°C 16 16 6 41 - 21 - - 

Overheating, paper 300°C 26 1 - - - - - 73 

Overheating, paper 500°C 6 1 - - - - 33 59 

Overheating, paper 800°C 9 8 1 4 - 1 50 25 

   II.3.1.1 Characteristic gas ensemble: 

The Characteristic Gas Ensemble (CGE) method, introduced in 2018 by Davidenko and 

Ovchinnikov [55], represents the latest progression in key gas analysis. This technique 

evaluates the relative weight of primary gases using the following relationship: 
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𝒄𝒓
𝒊 = 𝑪𝒊/𝑪𝒍𝒊𝒎

𝒊  (II.1) 

Where 𝒄𝒓
𝒊  , 𝑪𝒊 and 𝑪𝒍𝒊𝒎

𝒊  denote relative, observed, and permissible concentration of 

the 𝑖𝑡ℎ key gas. 

The CGE method is executed via a systematic three-stage workflow. In the primary 

stage, the relative concentrations of the identified key gases are calculated. 

Subsequently, these values are utilized to establish a letter-code system, which ranks 

the diagnostic significance of each gas within the ensemble (the definitions of these 

alphanumeric indicators are detailed in Table II.6). The final stage involves fault 

classification, where the specific malfunction is identified by cross-referencing the 

generated codes with the fault-type parameters defined in Table II.7 

Table II.6 Alphanumeric coding of major gases 

Letter Fault type 

A Primary gas with the highest relative concentration 

B Gas with the second-highest relative concentration 1i

rc   

C Gas at the second or third level with 1i

rc   

D 
Corresponds to all other gases not categorized under the previous 

letters 

 

Table II.7 Determine the fault of the method of gas ensembles characteristic 

 Key gas 

Fault type H2 CH4 C2H6 C2H4 C2H2 

Overheating, T < 300°C 
C, 

D 
B A 

C, 

D 
D 

Overheating, 300°C < T < 700°C D A C B D 

Overheating, T > 700°C D B C A D 

Partial discharges A C D D D 

Discharges of low energy A C D D B 

Discharges of high energy B C D D A 

A set of faults with electrical fault 

propagation 
D B D C A 
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A set of faults with thermal fault 

propagation 

C, 

D 
A B D 

C, 

D 

 

II.3.2 Ratios Methods DGA: 

II.3.2.1 Dornenburg ratios method: 

 Established in 1974, the Dornenburg ratios method represents one of the pioneering 

frameworks for interpreting dissolved gas data [56]. This approach is designed to 

categorize transformer anomalies into three primary fault types: thermal 

decomposition, corona discharge, and arcing (as detailed in Table II.8).The validity of 

this diagnostic tool depends on a specific prerequisite: the concentration of at least one 

key gas  hydrogen (H2), methane (CH4), ethylene (C2H4), or acetylene (C2H2)  must 

exceed twice its defined standard limit (Table II.9). Furthermore, this method accounts 

for instances where ethane (C2H3)  or carbon monoxide ( CO) levels surpass their 

respective threshold values [57]. 

               Table II.8 Fault classification by Dornenburg Ratio Method 

Fault 
𝑅1 =

𝐶𝐻4
𝐻2

 𝑅2 =
𝐶2𝐻2
𝐶2𝐻4

 𝑅3 =
𝐶2𝐻4
𝐶2𝐻6

 𝑅4 =
𝐶2𝐻2
𝐶𝐻4

 

Thermal 

decomposition 

>1.0 <0.75 <0.3 >0.4 

Corona <0.1 / <0.3 >0.4 

Arcing  0.1–1.0 > 0.75 >0.3 <0.4 

      

Table II.9 Permitted limit for Dornenburg Ratio Method 

Gas H2 CH4 C2H6 C2H2 C2H4 CO 

Limit (ppm) 100 120 65 50 1 350 

 

II.3.2.2 The four ratios method of Rogers: 

    The Rogers' Four Ratio Method (RFRM) [58], as its name implies, identifies 

transformer faults by analyzing four specific gas ratios: methane-hydrogen (CH4/H2), 

ethane-methane (C2H6/CH4), ethylene-ethane (C2H4/C2H3)  , and acetylene-ethylene 
(C2H2/C2H4). These diagnostic parameters are determined by classifying them into 

defined ranges and assigning numerical rules ranging from zero to five, as detailed in 

Table II.10. This approach facilitates the identification of 12 possible faults, which are 

displayed in Table II.11 [59] 
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Table II.10 Rogers Ratio Code 

Gas Ratio Ranges Code 

 

𝑅1 =
𝐶𝐻4
𝐻2

 

< 0.1 5 

0.1- 1 0 

1--3 1 

> 3 2 

𝑅2 =
𝐶2𝐻2
𝐶2𝐻4

 
< 1 0 

> 1 1 

𝑅3 =
𝐶2𝐻4
𝐶2𝐻6

 
< 1 0 

1-3 1 

> 3 2 

𝑅4 =
𝐶2𝐻6
𝐶𝐻4

 
< 0.5 0 

0.5-3 1 

> 3 2 

 

Table II.11 Fault Types as stated in Rogers Ratio Method 

No CH4/H2 C2H6/CH4 C2H4/C2H6 C2H2/C2H4 Fault type 

1 0 0 0 0 No fault 

2 1-2 0 0 0 <150 ºC thermal fault 

3 1-2 1 0 0 150–200 ºC thermal fault 

4 0 1 0 0 200–300 ºC thermal fault 

5 0 0 1 0 General conductor overheating 

6 1 0 1 0 Winding circulating currents 

7 1 0 2 0 Core and tank circulating 

currents overheated joints 

8 5 0 0 0 Partial discharge 

9 5 0 0 1-2 Partial discharge with tracking 

10 0 0 0 1 Flashover without power follow 

through 
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11 0 0 1-2 1-2 Arc with power follow- through 

12 0 0 2 2 Continuous sparking to floating 

potential 

II.3.2.3 IEC Ratio Method: 

The IEC Ratio Method stands as a key technique for the interpretation of DGA 

results [60]. While it shares similarities with the Rogers' four-ratio method, it notably 

excludes the ethane-to-methane (C2H3/CH4) ratio. Instead, the diagnostic process 

utilizes established gas concentration limits and their respective codes for three 

fundamental gaseous parameters: acetylene to ethylene (C2H2/C2H4), methane to 

hydrogen (CH4/H2), and ethylene to ethane (C2H4/C2H2), as specified in Table II.12. 

Furthermore, Table II.13 provides an extensive description of each fault type 

categorized according to these ratio-based codes 

Table II.12 IEC code 

Ratio Codes  Range  Code 

R1 = CH4/H2 R1<0.1 1 

0.1≤R1≤1 0 

R1>1 2 

R2 = C2H2/C2H4 R2<0.1 0 

0.1≤R2≤3 1 

R2>3 2 

R3 = C2H4/C2H6` R3<1 0 

1≤R3≤3 1 

R3>3 2 

Table II.13 Fault diagnosis using IEC code 

N Fault type code 

1  No Fault  0  0  0 

2  Partial discharge with low energy density  0  1  0 

3  Partial discharge with high energy density  1  1  0 

4  discharge of low energy  1.2  0  1.2 

5  discharge of high energy  1  0  2 

6  Overheating T150 C  0  1  0 
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7  Overheating 150T300 C  2  1  0 

8  Overheating 300≤ T≤ 700 C  2  1  0 

9  Overheating ≥ 700 C  2  2 2 

II.3.2.4 CIGRE Ratio Method: 

The CIGRE ratio method [48] proposed by CIGRE Working Group 15.01.01 uses 

five specific gas ratios acetylene-ethane (C2H2/C2H3), hydrogen-methane (H2/CH4), 

ethylene-ethane (C2H4/C2H6), acetylene- hydrogen (C2H2/H2), and carbon dioxide to 

carbon monoxide (CO2/CO) to detect transformer failures, including electrical faults, 

thermal problems, and solid insulation problems. These ratios are outlined in detail in 

Table II.14.  

Table II.14 Determination of the type of fault according to the CIGRE ratio 

method 

Ratio limit Fault type 

C2H2/C2H6 ≥ 1.0 Arcing 

H2/CH4 ≥ 10.0 Partial discharges 

C2H4/C2H6 ≥ 1.0 Thermal fault 

C2H2/H2 ≥ 2.0 Discharges in OLTC 

CO2/CO 

≥ 10.0 Overheating, paper 

< 3.0 Cellulose decomposition due to electrical fault 

When all the gas ratios fall within the specified limits provided in Table II.14 [3], 

the transformer is deemed to be in normal condition. CIGRE ratio method is often used 

in conjunction with the CIGRE Key Gas Method, with their combined identification 

framework described in Table II.15 [56]. The CIGRE methods employ a letter-coding 

system to classify gas concentrations and ratios. "K1" indicates that all key gases are 

below the concentration limits in Table II.4, while "K2" shows that at least one gas 

exceeds these limits. For gas ratios, "R1" means all values are within the limits in Table 

II.14, and "R2" signals that at least one ratio surpasses these limits. 

Table II.15 identification procedures using CIGRE ratios and major gas methods 

Ratios  Key gases  Explanation 

R1 K1 No action, transformer most probably healthy 

R2 K2 
Transformer most probably faulty, additional analyses 

needed 

R2 K1 Possible incipient failure, additional analyses needed 
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R1 K2 
Possibility of more than one failure, further 

investigations needed 

 

II.3.2.5 SOU-N EE 46.501: 2006 method: 

The SOU-N EE 46.501:2006 method, established as a standard in 2007, serves as a 

guideline for conducting DGA within the Ukrainian power engineering sector. This 

method allows for the identification of various fault conditions through the analysis of 

gas ratio ranges, as detailed in Table II.16 [57].  

In addition to detecting 6 fundamental faults defined by the IEC, the method also 

identifies the normal operating condition and creeping discharges (D3), which are 

discharges occurring on the surface and within the solid insulation. Thise ratios used in 

this method are based on those initially proposed in the Russian Standard RD 153-34.0-

46.302-00, introduced in 1989 and later revised in the 2001 standard. The diagnostic 

criteria employed in the SOU-N EE 46.501:2006 method align with the ratio-based 

approach of the RRM/IEC methods, offering nine diagnostic outcomes. However, the 

specific ratio ranges for these diagnoses differ from those used in the RRM/IEC 

approach. 

 

Table II.16 Identification scheme according to SOU-N EE 46.501:2006 

Fault type C2H2/C2H4 CH4/H2 C2H4/C2H6 

No fault no significant 0.1 – 1.0 < 0.2 

PD no significant < 0.1 < 0.2 

D1 > 1.0 0.1 – 0.5 > 1.0 

D2 > 1.0 0.1 – 1.0 > 2.0 

D3 < 1.0 0.3 – 0.5 > 5.0 

T12 Not significant > 1.0 < 1.0 

T2 Not significant > 1.0 1.0 – 4.0 

T3 < 0.2 > 1.0 > 4.0 

 

II.3.2.6 ETRA ratios method: 

 The ETRA Ratios Method utilizes three distinct gas ratios derived from the 

concentrations of ethane (C2H6) , ethylene (C2H4), and acetylene (C2H2) to diagnose the 

six fundamental faults established by the IEC. As referenced in [63], the specific coding 

system and corresponding diagnostic interpretations are systematically presented in 

Tables II.17 and II.18. This methodology offers a highly efficient and streamlined 
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framework for the interpretation of DGA data within transformer maintenance and fault 

diagnostic protocols. 

Table II.17 Gas ratio coding using ETRA ratio method 

Ratio  Range Code 

R1 = 

C2H2/C2H4 

R1 ≤ 0.01 0 

0.01 < R1< 0.2 1 

R1 ≥ 0.2 2 

R2 = 

C2H2/C2H6 

R2 ≤ 0.01 0 

0.01 < R2< 1.0 1 

1.0 ≤ R2< 10.0 2 

R2 ≥ 10.0 3 

R3 = 

C2H4/C2H6 

R3< 1.0 0 

1.0 ≤ R3< 4.0 1 

4.0 ≤ R3< 10.0 2 

R3 ≥ 10.0 3 

Table II.18 Reference explanation using ETRA ratio method 

Fault type R1 R2 R3 

Thermal fault, T> 700°C 0 0/1 2/3 

Thermal fault, T< 300°C 0 0 0 

Thermal fault, 300°C <T< 700°C 0 0/1 1 

Partial discharge 2 1 0/1/2 

Low-energy discharge 2 2 0/1/2 

High-energy discharge 2 2 3 

High-energy discharge 2 3 / 
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II.3.2.7 Hyosun cooperation ratio: 

   The Hyosung Corporation Ratios Method [64], introduced in 2013 by a group of 

South Korean researchers from HYOSUNG Company in collaboration with the 

scientist Michel Duval, represents a significant advancement in transformer fault 

diagnostics. This method utilizes 6 specific gas ratios, as outlined in Table II.19, to 

identify the six fundamental IEC faults. 

Table II.19 Gas ratios used in the HYOSUN Corporation gas ratio method 

Ratio R1 R2 R3 R4 R5 R6 

Expression 
CH4
H2

 
C2H2
C2H4

 
C2H2
CH4

 
C2H6
C2H2

 
C2H4
C2H6

 
C2H4
CH4

 

The core concept of this technique involves using these gas ratios to distinguish 

between various types of transformer faults. The diagnostic process begins with the use 

of two gas ratios (R1 and R2) to differentiate between thermal faults and electrical 

faults. Once this distinction is made, each fault group can be analyzed independently. 

For thermal faults, T1 faults are separated from other thermal categories using gas ratios 

R5 and R6. When T1 faults are detected, the method employs gas ratio pairs (R2, R5) 

to differentiate between T2 and T3 faults. In the case of electrical (power) faults, the 

same two ratios (R2, R5) are used to distinguish among partial discharge (PD), D1, and 

D2 faults. The overall diagnostic process is visually illustrated in the flow chart shown 

in Figure II.4 [64]. 

 

Figure II.3  Flowchart of gas ratio method of HYOSUN Corporation 
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II.3.2.8 Three Ratios Techniques: 

Building upon existing gas analysis interpretation strategies, Gouda et al. introduced 

an advanced diagnostic approach known as the Three-Ratio Technique (TRT) [65]. 

This method incorporates three novel gas parameters specifically engineered to refine 

fault detection and magnitude assessment, as detailed in Table II.20 [66 ].  

Table II.20 TRT codes 

Ratio Codes  Range  Code 

𝑅1 =
𝐶2𝐻2
𝐶2𝐻4

 
R1 < 0.05 0 

0.05 ≤ R1 ≤ 0.9 1 

R1 > 0.9 2 

𝑅2 =
(𝐶2𝐻6 + 𝐶2𝐻4)

(𝐻2 + 𝐶2𝐻2)
 

R2 < 1 0 

1 ≤ R2 ≤ 3.5 1 

R1 > 3.5 2 

𝑅3 =
(𝐶𝐻4 + 𝐶2𝐻2)

𝐶2𝐻4
 

R3 < 0.05 0 

0.05 ≤ R3 ≤ 0.5 1 

R3 > 0.5 2 

A primary fault detection framework, governed by various rules for identifying fault 

types and their severity, is presented in Table II.21 [66]. The TRT method operates on 

the fundamental principle that a gas concentration significantly higher than others may 

still reside within acceptable thresholds [66]. These standardized limits and normal 

operating conditions are cataloged in Table II.22 [66]. Ultimately, this analytical 

framework delivers a substantial improvement in both the reliability and diagnostic 

precision for power transformer monitoring. 

Table II.21 Identify fault with TRT 

Fault type R1 R1 R3 

T > 700◦C T3 1 or 2 0 0 or 1 

300◦C < T < 700◦C T2 1 or 2 1 0 or 1 

150◦C < T < 300◦C T1 1 or 2 2 0 or 1 

Low temperature thermal 

T < 150◦C 

T0 1 / 1 

Low partial discharge PD1 0 1 or 2 0 or 1 

High partial discharge PD1 0 1 or 2 2 

High arcingdischarge D2 0 or 1 0 or 1 2 
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Low arcingdischarge D1 1 or 2 2 2 

Mix of electrical and thermal fault DT 2 0 or 1 2 

 

Table II.22 Limit of dissolved gases concentrations for the TRT method 

application 

Gas  H2  CH4  C2H6 C2H4  C2H2  CO  CO2 

Limt 

ppm 

100 120 65 50 1 350 2500 

II.3.3 graphical methods: 

  II.3.3.1 Duval triangle method: 

 The Duval Triangle Method (DTM) stands as the primary graphical alternative to 

traditional ratio-based techniques for interpreting dissolved gas analysis. Introduced by 

Canadian scientist Michel Duval in 1974 [67], this methodology utilizes three specific 

ratios (R1, R2, and R3) to plot a coordinate within a triangular graph, as illustrated in 

Figure II.5. 

 The triangle's geometry is partitioned into seven distinct diagnostic zones, each 

corresponding to specific faults: PD, D1, D2, DT, T1, T2, and T3. A fault is diagnosed 

based on the specific region where the plotted point resides [68]. Furthermore, Duval 

enhanced the original framework (Triangle 1) by introducing six additional triangles 

[69]. Notable among these are Triangle 4, optimized for low-temperature faults, and 

Triangle 5, designed for high-temperature thermal analysis [70], as shown in Figure 

II.6. 

𝑅1 =  100 ∗ 𝐶4/𝐶𝐻4 +  𝐶2𝐻4 +  𝐶2𝐻2 (II.2) 

𝑅2 =  100 ∗ 𝐶2𝐻2/ 𝐶𝐻4 +  𝐶2𝐻4 +  𝐶2𝐻2 (II.3) 

𝑅3 =  100 ∗ 𝐶2𝐻4/ 𝐶𝐻4 +  𝐶2𝐻4 +  𝐶2𝐻2 (II.4) 

 

 

 

 

 

 

 

 

 

Figure II.4 Duval Triangle 1 
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Figure II.5 (a) Duval 4 for a low-temperature fault (b) Duval 5 for a high-

temperature fault 

 

 II.3.3.2 Duval Pentagon Method: 

Developed by Duval and Lamarre [71], the Duval Pentagon Method serves as an 

advanced graphical framework for interpreting DGA results, as illustrated in Figure 

II.7. This technique utilizes a pentagonal chart featuring five axes, each representing 

the relative percentage (from 0% to 100%) of the five primary combustion gases: 

hydrogen (H2), methane (CH4), ethane (C2H3), ethylene (C2H4), and acetylene 
(C2H4).The Duval Pentagon is partitioned into six specialized diagnostic zones 

corresponding to thermal and electrical faults, with an additional distinct area for stray 

gases. The methodology is supported by a series of analytical equations used to 

calculate the specific coordinates within the pentagon, thereby enhancing the precision 

and reliability of DGA data interpretation. 

{
 
 
 
 

 
 
 
 𝑥0 = %𝐻2 𝑐𝑜𝑠 (

𝜋

2
)

𝑥1 = %𝐶2𝐻6 𝑐𝑜𝑠 (
𝜋

2
+
2𝜋

5
)

𝑥2 = %𝐶𝐻4 𝑐𝑜𝑠 (
𝜋

2
+
4𝜋

5
)

𝑥3 = %𝐶2𝐻4 𝑐𝑜𝑠 (
𝜋

2
+
6𝜋

5
)

𝑥4 = %𝐶2𝐻2 𝑐𝑜𝑠 (
𝜋

2
+
8𝜋

5
)

                       

{
 
 
 
 

 
 
 
 𝑦0 = %𝐻2 𝑠𝑖𝑛 (

𝜋

2
)

𝑦1 = %𝐶2𝐻6 𝑠𝑖𝑛 (
𝜋

2
+
2𝜋

5
)

𝑦2 = %𝐶𝐻4 𝑠𝑖𝑛 (
𝜋

2
+
4𝜋

5
)

𝑦3 = %𝐶2𝐻4 𝑠𝑖𝑛 (
𝜋

2
+
6𝜋

5
)

𝑦4 = %𝐶2𝐻2 𝑠𝑖𝑛 (
𝜋

2
+
8𝜋

5
)

          

 

 

 

(II.5) 

A =
1

2
∑(𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)                                      

4

𝑖=0

 
 

(II.6) 

{
 

 𝑋𝐶 =
∑ (𝑥𝑖 + 𝑥𝑖+1)(𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)
4
𝑖=0

6𝐴

𝑌𝐶 =
∑ (𝑦𝑖 + 𝑦𝑖+1)(𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)
4
𝑖=0

6𝐴
                       

 

 

(II.7) 
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Figure II.6 Duval Pentagon Method 

 

  II.3.3.3 Mansour Pentagon Method: 

In 2012, Mansour introduced the first graphical diagnostic framework in a 

pentagonal format [72], a methodology that was further refined in subsequent research 

[73]. This approach involves the construction of a pentagon where each vertex 

represents the percentage concentration of a specific gas relative to the total gas content.  

 Much like the Duval Pentagon, the Mansour Pentagon identifies six distinct diagnostic 

zones corresponding to various electrical and thermal malfunctions. However, the 

primary distinction lies in the specific coding system utilized for fault classification, as 

illustrated in Figure II.8. The method is governed by a series of analytical equations 

that define the relationship between gas concentrations and their respective geometric 

positions on the pentagon, thereby facilitating a precise and reliable fault diagnosis. 

𝑠 =∑𝑃𝑖

5

𝑖=5

 
(II.8) 

𝑃%𝑖 =
𝑃𝑖
𝑠
∗ 100 (II.9) 

{
 
 

 
 𝑥𝑚 =

∑ 𝑃%𝑖𝑥𝑖
𝑛
𝑖=1

𝑃%𝑖

𝑦𝑚 =
∑ 𝑃%𝑖𝑦𝑖
𝑛
𝑖=1

𝑃%𝑖

 

 

(II.10) 
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Figure II.7 Mansour Pentagon Method 

 

II.3.3.4 Gouda Triangle Method: 

The Gouda Triangle Method (GTM) is a sophisticated graphical diagnostic 

technique introduced by Gouda and a specialized research team [74]. This framework 

was specifically developed to refine the Duval Triangle Method by addressing its 

primary limitation: the reliance on only three diagnostic gases. The Gouda approach 

enhances fault identification by integrating two additional gases, hydrogen (H2) and 

ethane (C2H6), into the analytical process.In the GTM framework, three ratios (R1, R2, 

and R3) are calculated and subsequently converted into percentage values (P1, P2, and 

P3). Each percentage corresponds to a vertex within a triangular coordinate system, 

forming a parallelogram-like structure. While it mirrors the Duval method in its 

triangular graphical representation and the definition of fault zones (as depicted in 

Figure II.9), the inclusion of a broader gas profile facilitates a more comprehensive and 

precise identification of transformer malfunctions. 

{
  
 

  
 𝑅1 =

𝐶𝐻4
𝐶𝐻4 + 𝐶2𝐻4 + 𝐶2𝐻6 + 𝐶2𝐻2

𝑅2 =
𝐶2𝐻2

𝐻2 + 𝐶2𝐻6 + 𝐶𝐻4 + 𝐶2𝐻2

𝑅3 =
𝐶2𝐻4

𝐻2 + 𝐶2𝐻6 + 𝐶𝐻4 + 𝐶2𝐻2

  

 

 

(II.11) 

{
  
 

  
 𝑃1 =

𝑅1 × 100

𝑅3 + 𝑅2 + 𝑅1

𝑃2 =
𝑅2 × 100

𝑅3 + 𝑅2 + 𝑅1

𝑃3 =
𝑅1 × 100

𝑅3 + 𝑅2 + 𝑅1

 

 

 

(II.12) 
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With 

{
𝑥 = 100 − 𝑃2 − 𝑃3 𝑐𝑜𝑠 (

𝜋

6
) 𝑐𝑜𝑡 (

𝜋

3
)

𝑦 = 𝑃3 𝑐𝑜𝑠 (
𝜋

6
)

 

 

(II.13) 

 

 

 

 

 

 

 

 

 

 

 

Figure II.8 Gouda Triangle method 

 

  II.3.3.5 Gouda heptagon method: 

Introduced by Gouda et al. in 2018 [75], the Gouda Heptagon Method serves as a 

specialized graphical framework for diagnosing faults in oil-immersed power 

transformers. This methodology employs a heptagonal geometry where each segment 

represents the proportional concentration of seven key gases: hydrogen (H₂), methane 

(CH₄), ethylene (C₂H₄), ethane (C₂H₆), acetylene (C₂H₂), carbon monoxide (CO), and 

carbon dioxide (CO₂). These percentages are calculated using specific weighting factors 

provided in Table II.23 [75].The Gouda Heptagon is uniquely capable of identifying 

three distinct stages of cellulose degradation: High Concentration (HCCD), Medium 

Concentration (MCCD), and Low Concentration (LCCD). Furthermore, it encompasses 

the diagnosis of the six standard IEC faults and combined thermo-electrical 

malfunctions. As depicted in Figure II.10, this method provides a highly comprehensive 

diagnostic tool for detailed transformer fault investigation. 

Table II.23 Main gas weighting factors in Gouda Heptagon Method 

Key gas H2 C2H4 C2H6 CH4 CO2 CO C2H2 

Weighting 

factor 
3.5 7 5.3846 2.9167 0.14 1 116.6667 

H2 =
H2 × 3.5 × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
        

 

 

(II.14) 
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CH4 =
CH4 × 2.9167 × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
        

 

(II.15) 

C2H6 =
C2H6 × 5.3846 × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
        (II.16) 

C2H4 =
C2H4 × 7 × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
 (II.17) 

C2H2 =
C2H2 × 116.6667 × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
        (II.18) 

CO2 =
CO2 × 0.14 × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
 (II.19) 

CO =
CO × 100

(3.5 × H2) + (2.9167 × CH4) + (5.3846 × C2H6) + (7 × C2H4) + (116.6667 × C2H2) + CO + (0.14 × CO2)
 (II.20) 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure II.9 Gouda’s heptagon Method 

II.3.3.6 Cartesian graphical method: 

Proposed by Fathallah et al., the Cartesian Graphical Method [76] represents the 

most contemporary advancement in Dissolved Gas Analysis (DGA) and is esteemed as 

a state-of-the-art technique for transformer fault diagnosis. This methodology utilizes 

the concentration levels of four pivotal gases: hydrogen (H₂), methane (CH₄), ethylene 

(C₂H₄), and acetylene (C₂H₂). The framework involves the computation of three specific 

diagnostic ratios. These ratios are uniquely engineered to incorporate hydrogen (H₂) 

concentrations while simultaneously accounting for the influence of ethane (C₂H₆). The 

ratios are formulated as follows: 

𝑃1 =
CH4 + H2

2 × H2 + 2 × CH4 + C2H2 + C2H4
 

(II.21) 

𝑃2 =
C2H2 + H2

2 × H2 + 2 × CH4 + C2H2 + C2H4
 

(II.22) 
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𝑃3 =
C2H4 + CH4

2 × H2 + 2 × CH4 + C2H2 + C2H4
 

(II.23) 

 

 

 

 

 

 

 

 

 

 

Figure II.10 Cartesian graphical Method 

 

These ratios are subsequently used to determine the Cartesian coordinates (𝑥,𝑦)for 

graphical representation. The coordinates are computed as follows: 

𝑥point = (𝑃2 + 𝑃1 × sin (30
∘)) × 𝐿 (II.24) 

𝑦point = (𝑃1 × sin (60
∘)) × 𝐿 (II.25) 

Where 𝐿 is a scaling factor. 

The resulting coordinates allow for the visualization of fault types within a Cartesian 

graph, as shown in Figure II.11. This graph is splited into several zones wich represents 

different fault categories, including partial discharge (PD), low-energy discharge (D1), 

high-energy discharge (D2), and thermal faults (T1, T2, T3), along with a normal 

condition (N) zone. This method provides a refined and precise means of diagnosing 

faults through a straightforward graphical approach. 

  II.3.3.7 Circle Methods 

   The methods proposed by Hechifa et al. [78] are based on the use of advanced 

graphical techniques to analyze Dissolved Gas Analysis (DGA) data in order to achieve 

more accurate fault diagnosis in power transformers. These methods represent fault 

samples in a two- or three-dimensional space, where each sample corresponds to a 

transformer operating condition defined by gas concentrations. To enhance the 

discrimination between different types of faults, the coordinate axes of this space are 

dynamically rotated to obtain the best possible separation among fault clusters. This 

process is carried out using metaheuristic optimization algorithms such as the Gray 

Wolf Optimization (GWO) and the Whale Optimization Algorithm (WOA), which 

search for the optimal rotation angles that minimize the overlap between fault samples 

and maximize the distances between cluster centers. As a result, thermal faults and 
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electrical faults can be more clearly distinguished. The mathematical formulation of 

this approach is provided in equations (25) and (26) of reference [5], giving the method 

a strong theoretical foundation and higher diagnostic reliability. 

       𝑥𝑖 = 𝑥1 + 𝑥2 − 𝑥3 − 𝑥4 + 𝑥5                     (25)                  

.  𝑥1=%𝐻2 cos(𝜃1)                                                    . 𝑥2=%𝐶𝐻4 cos(𝜃2) 

. 𝑥3=%𝐶2𝐻6 cos(𝜃3)                                               . 𝑥4=%𝐶2𝐻4 cos(𝜃4) 

                                         . 𝑥5=%𝐶2𝐻2 cos(𝜃5) 

𝑥𝑖 = %𝐻2 cos(𝜃1) + %𝐶𝐻4 cos(𝜃2) −%𝐶2𝐻6 cos(𝜃3) −%𝐶2𝐻4 cos(𝜃4) +

%𝐶2𝐻2 cos(𝜃5)                      (25)                  

 

𝑦𝑖 = 𝑦1 + 𝑦2 + 𝑦3 − 𝑦4 − 𝑦5                          (26) 

. 𝑦1 = %𝐻2 sin(𝜃1)                                                     . 𝑦2 = %𝐶𝐻4 sin(𝜃2) 

. 𝑦3 = %𝐶2𝐻6 sin(𝜃3)                                                    . 𝑦4 = %𝐶2𝐻4 sin(𝜃4) 

                                           . 𝑦5 = %𝐶2𝐻2sin (𝜃5) 

𝑦𝑖 = %𝐻2 sin(𝜃1) + %𝐶𝐻4 sin(𝜃2) +%𝐶2𝐻6 sin(𝜃3) −%𝐶2𝐻4 sin(𝜃4) −

%𝐶2𝐻2sin (𝜃5)                          (26) 

                            (a)                                                                                     (b) 

Figure II.11   final Circle 1(a) and Circle 2(b) 

II.4 Conclusion 

The precise identification of primary faults in power transformers is paramount for 

establishing proactive maintenance strategies that align accurately with the actual 

operational health of the equipment, ensuring the continuity of the electrical grid. While 

maintenance practitioners rely heavily on conventional methodologies, the deep 

analytical review conducted in this chapter reveals a clear disparity in the efficiency of 
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these tools. Consequently, the diagnostic frameworks were categorized into four core 

techniques: Key Gas methods, Gas Ratios, Graphical methods, and Combined hybrid 

systems. 

 The study demonstrates that while ratio-based methods (such as RRM and IEC) offer 

mathematical precision, they often face limitations when results fall outside 

standardized coding ranges—a challenge effectively addressed by graphical methods 

(such as Duval’s triangles/pentagons and Gouda’s heptagon) through their ability to 

provide a comprehensive visual diagnosis covering all fault probabilities, including 

cellulose degradation. Furthermore, modern combined techniques (such as the Ward 

and Fathallah methodologies) have emerged as a leading trend, aiming to minimize the 

margin of error by integrating multiple criteria into a single diagnostic framework, 

thereby providing the necessary reliability for critical maintenance decision-making. 

This critical examination of the merits and constraints of each technique not only 

provides a holistic view of their effectiveness but also establishes the foundation for 

selecting an optimal model that synthesizes ratio precision with graphical 

comprehensiveness, which will be tested and applied in the subsequent phases of this 

study. 
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Chapter ⅠⅠⅠ: Artificial Intelligence (AI) 

III.1 Introduction 

 The theoretical foundations of machine learning are deeply rooted in a robust mathematical structure 

that includes statistics, probability theory, linear algebra, and optimization theory. These are essential 

pillars for understanding the dynamics of classification and regression algorithms, particularly when 

dealing with high-dimensional or nonlinear data that traditional analytical models fail to capture [3]. 

In this context, machine learning algorithms have demonstrated a superior ability to enhance diagnostic 

accuracy by exploring latent patterns and interrelated relationships that cannot be detected through 

conventional rule-based methods. The reliance on these data-driven models has created high flexibility 

in adapting to varying operating conditions, allowing for a transition from manual and graphical 

diagnostic methods to automated frameworks that enhance decision reliability and reduce dependence 

on human expertise alone, especially in complex engineering systems [5]. 

In its essence, Artificial Intelligence is considered the natural extension of this development, as it is 

classified as one of the most prominent branches of modern computer science aimed at simulating 

human cognitive abilities such as learning, reasoning, and problem-solving. According to the 

Encyclopaedia Britannica, artificial intelligence transcends mere traditional programming to focus on 

the systems' ability to adapt to new inputs and analyze complex information based on experience. The 

credit for formulating this concept dates back to the Dartmouth Conference in 1956, where John 

McCarthy established the scientific vision to transform computers from mere computational tools into 

systems capable of cognitive processing. Since then, the field has undergone several developmental 

stages, beginning with symbolic models and progressing toward advanced statistical models and neural 

networks, enabling it to permeate vital sectors such as healthcare, industrial automation, and smart 

transportation, becoming a fundamental pillar of contemporary digital transformation. 

With this widespread proliferation, an urgent need has emerged to address the ethical and legal 

challenges resulting from the use of these technologies, particularly regarding data privacy, algorithmic 

bias, and accountability for automated decisions. This technological momentum necessitates the 

formulation of legal and ethical frameworks that ensure the responsible and safe use of artificial 

intelligence, ensuring the alignment of technical progress with human and societal standards, and 

achieving a balance between innovation and the legal protection of users. 
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Figure III.1  General Classification of Machine Learning Algorithms and Their Core 

Models 

Through this diagram, we will address the concepts of Machine Learning and Neural Networks. We 

will also focus on explaining the following algorithms: SVM, AdaBoost, Random Forest, and ANN. 

III.2. Theoretical Foundations of Machine Learning (ML) 

Machine Learning (ML) is considered a fundamental pillar of Artificial Intelligence, as it focuses on 

the development of computational models capable of improving their performance autonomously 

through learning from data, rather than relying on explicit programming. Unlike traditional approaches 

that depend on predefined rules, ML relies on analyzing data to extract hidden patterns and 

relationships, enabling it to perform tasks such as prediction, classification, and decision-making with 

high efficiency [1][2]. 

This field is inherently interdisciplinary, integrating applied mathematics, statistics, optimization 

theory, and computer science to design models with strong generalization capabilities, i.e., the ability 

to effectively handle unseen data that were not encountered during the training phase. This 

characteristic is a key factor distinguishing effective machine learning models [1][3]. 

From a mathematical perspective, most machine learning problems are formulated as optimization 

tasks aimed at minimizing a loss function, which quantifies the discrepancy between predicted and 

actual values. These problems are solved using various optimization algorithms. In addition, 

regularization techniques are employed to mitigate overfitting by balancing model accuracy and 

complexity, particularly in scenarios involving limited or noisy data [2][3]. 
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Owing to this solid theoretical foundation, machine learning demonstrates a strong ability to handle 

complex, nonlinear, and high-dimensional systems. Consequently, it has become a powerful tool in 

advanced engineering applications, particularly in intelligent diagnostic systems and decision-support 

systems that require high levels of accuracy and reliability [3][4].5 

III.2.1 Types of Machine Learning 

III.2.2.1 Supervised Learning Concept 

Supervised learning is considered one of the most widely used paradigms in machine learning, as it 

relies on training models using pre-labeled data to infer the relationship between input variables and 

corresponding outputs. During the training process, algorithms benefit from feedback obtained by 

comparing predicted values with actual outcomes, which helps progressively improve model 

performance and enhances its ability to generalize to new, unseen data . 

This approach provides an effective framework for developing highly accurate intelligent systems, 

particularly in applications that require precise classification and clear interpretability of results. 

Therefore, supervised learning is widely employed in decision-support systems and engineering 

diagnostics, including fault analysis in complex systems, due to its ability to achieve a balance between 

accuracy and reliability [1][2][3]. 

III.2.2.2 Unsupervised Learning 

Unsupervised learning is considered one of the fundamental paradigms in machine learning, where 

algorithms rely on unlabelled data without requiring known output labels. Rather than being guided by 

correct answers, these algorithms aim to explore the latent patterns and structures within the input data, 

including identifying relationships, clusters, and underlying distributions. 

In contrast to supervised learning, unsupervised learning focuses on uncovering hidden structures and 

internal representations in the data, rather than predicting specific outputs. These methods serve as 

effective tools in a wide range of practical applications, such as customer behavior analysis, image and 

text processing, fraud detection, and the organization of large datasets. They are particularly valuable 

when labeled data are limited or difficult to obtain, making them a powerful approach for exploratory 

data analysis and for understanding the internal structure of complex systems [1][2][3]. 

III.2.2.3 Reinforcement Learning  

Reinforcement Learning (RL) constitutes one of the fundamental pillars of machine learning, as it 

focuses on studying sequential decision-making processes through the interaction of an intelligent 

agent with a dynamic and evolving environment [1]. Unlike supervised learning approaches that rely 

on labeled datasets, the agent in this paradigm is not provided with predefined correct outputs for each 

state. Instead, it adopts a trial-and-error learning strategy, evaluating its actions based on feedback 

signals in the form of rewards or penalties [1][2]. 

The primary objective of this framework is to enable the agent to derive an optimal policy that 

maximizes the cumulative long-term reward 

 Moreover, this framework reflects the agent’s ability to achieve an effective balance between 

exploration of the environment and exploitation of acquired knowledge [1]. This trade-off is a critical 

factor in designing models capable of making efficient sequential decisions in uncertain and complex 

environments [2][3]. 
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Thanks to this conceptual foundation, reinforcement learning provides a powerful framework for 

developing intelligent systems with adaptive capabilities and dynamic decision-making skills. 

Consequently, it has become highly suitable for advanced applications, including automatic control 

systems, adaptive systems, and fault diagnosis in complex engineering systems [2][3]. 

Figure III.2 : Taxonomy and Paradigms of Machine Learning Methods 

III.3 Deep Learning 

Deep Learning (DL) is a subfield of machine learning that leverages multi-layered Artificial Neural 

Networks (ANNs) to learn data representations hierarchically and autonomously. This approach 

enables models to extract complex features directly from raw data without the need for manual feature 

engineering, making it highly effective in processing high-dimensional data such as images, audio, and 

natural language. Compared to traditional machine learning models, deep learning is distinguished by 

its ability to automatically detect hierarchical and intricate patterns, facilitating the efficient handling 

of massive and diverse datasets.  Source ( Ian Goodfellow, Yoshua Bengio, Aaron Courville, MIT 

Press, 2016 ) 

III.4 Ensemble Learning 

Ensemble learning represents a paradigm shift in the philosophy of machine learning, transcending the 

logic of a single model to adopt a collaborative vision based on the idea of "wisdom of the crowd" [1]. 

This approach relies on aggregating multiple base learners within a unified integrative framework, 

aiming to develop a final model that outperforms any of its individual components in terms of accuracy 

and stability [2]. This proposition is grounded in well-established theoretical foundations, whereby the 

sophisticated combination of models contributes to addressing the classical bias-variance trade-off, 

thereby enhancing generalization capability and mitigating overfitting to training data [3].   

This theoretical construct is built upon three fundamental and integrated pillars  
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III.4.1 Base Learners 

These constitute the first building block of this construct, which can take two forms: either 

homogeneous, such as relying on a collection of decision trees, or heterogeneous, such as combining 

different models like Support Vector Machines, Artificial Neural Networks, and decision trees, thereby 

enriching the learning process through diversity   [4.]  

III.4.2 Diversity Mechanism 

This represents the mechanism responsible for creating cognitive differentiation among the constituent 

models. It is achieved through various techniques, such as bootstrap sampling, introducing subtle 

variations to hyperparameters, or employing algorithms with different theoretical foundations  [5 .]  

III.4.3 Aggregation Strategy 

This forms the final integration vessel for the outputs of the various learners. Its mechanisms vary 

according to the task nature: for classification, majority voting is adopted; for regression, averaging is 

used; while in stacking, a meta-learner is employed to learn the optimal combination of predictions   [6  ,

7.]  

Ensemble learning techniques are classified in the specialized literature into three main approaches: 

  ·Bagging: Exemplified by the "Random Forest" algorithm, which involves training parallel models on 

bootstrap samples drawn from the original data, aiming to tame high variance  [8 .]  

· Boosting: Represented by the "AdaBoost" algorithm, which adopts the philosophy of sequential 

corrective learning, where each subsequent learner focuses on addressing the shortcomings left by its 

predecessor [9]. 

III.5 Study of Proposed Classification Algorithms  

III 5.1 Support Vector Machine (SVM) 

Support Vector Machines (SVM) represent an advanced paradigm within supervised learning 

algorithms, with mathematical origins tracing back to the theoretical frameworks established by 

Vapnik. The competitive advantage of this algorithm lies in its ability to derive an optimal hyperplane 

that ensures maximum class separation by maximizing the margin between the nearest training points, 

known as support vectors. The robustness and superior generalization capability of this model have 

established it as a pivotal tool in knowledge discovery and data mining, particularly due to its 

adaptability to both linear and complex non-linear patterns through kernel techniques [135]. Figure 

(IV.2) illustrates the functional architecture of the algorithm in identifying the optimal separating 

hyperplane, which is mathematically formulated by the following equation: 

𝑓(𝑥)=𝑤T 𝑥+𝑏      for all 𝑖              (III.1) 

Where 𝑤 is the weight vector, 𝑥 is the input feature vector, and 𝑏 is the bias. The objective is to 

maximize the margin 2‖𝑤‖ between the classes, subject to the constraints 𝑤 is the weight vector, 𝑥 is 

the input feature vector, and 𝑏 is the bias. The objective is to   maximize the margin   
2

‖w‖
   between the 

classes, subject to the constraints:  
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𝑤 T𝑥i+  𝑏) ≥1                   (III.2) 

 𝑦i the effectiveness of Support Vector Machines (SVM) largely depends on the selection of the Kernel 

Function, which enables the transformation of the input space into a higher-dimensional feature space. 

This transformation allows the model to perform linear discrimination efficiently, even when dealing 

with complex or nonlinear data [136]. 

Kernel Trick can be represented as 

𝐾(𝑥𝑖,𝑥𝑗)=𝜙(𝑥𝑖)T 𝜙(𝑥𝑗)             (III.3) 

 

 

 

 

 

 

 

 

 

Figure III.3  Enhanced Hyperplane Optimization in SVM for High-Dimensional Data Classification. 

III 5.2 k-Nearest Neighbors (k-NN)  

The K-Nearest Neighbor (KNN) algorithm is considered one of the simplest learning algorithms, as it 

does not rely on a traditional training phase. Instead, it stores the training data and uses it directly 

during the classification process. Its mechanism is based on calculating the distance between a query 

point and the data points in the dataset, then selecting the closest k points. The class label assigned to 

the new point is determined by the class that appears most frequently among these nearest neighbors. 

This can be mathematically expressed as: 

y^ = argmaxc∑  𝑙(𝑦𝑗 = 𝑐)𝐾
𝑗=1           (III.4) 

where 𝐼 is an indicator function that equals 1 if the class label 𝑦𝑗 matches c and 0 otherwise. The distance 

between points is often measured using Euclidean distance:  
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√(ixi-y)2∑ = d(x, y)n
i=1                                          (III.5) 

   

This method enhances the classification process by extending the nearest neighbor concept, allowing 

the algorithm to leverage more information from multiple nearby points during the d  

 

Figure III .4  Principle of KNN algorithm with different k value 

III 5.   3  Random Forest Algorithm 

The Random Forest (RF) algorithm, introduced by Breiman in 2001 [99], is classified as one of the 

most prominent ensemble learning models based on the bagging methodology. This algorithm has 

gained a prestigious standing in research circles due to its statistical robustness and high operational 

efficiency, as well as its flexibility in processing complex data [100, 101]. 

The structural architecture of this model relies on generating a collection of independent decision trees, 

where each tree is constructed using a random vector derived from the original training data, ensuring 

a consistent statistical distribution across all components of the forest. The model's predictive accuracy 

is achieved through the bootstrap aggregation mechanism, coupled with the random selection of 

features to reduce correlation between trees and mitigate the issue of overfitting [102]. In the context 

of classification tasks, the final decision is derived via a voting mechanism or arithmetic averaging, 

which can be mathematically formulated as follows:  

𝒚̂  =
𝟏

𝑻
∑𝒉𝒕(𝒙)

𝑻

𝒕=𝟏

 

Where: 

𝑇 is the total number of trees. 

ℎ𝑡(𝑥) is the prediction of the 𝑡-𝑡ℎ tree for input 𝑥. 
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The final prediction 𝑦̂ is obtained by averaging the predictions of all trees (for regression) or 

by majority voting (for classification). 

Figure III.5  Exemple de Random Forest 

 III 5.4 AdaBoost Ensemble 

      AdaBoost (Adaptive Boosting) is a sequential ensemble learning algorithm introduced by Yoav 

Freund and Robert Schapire. It is designed to improve the performance of weak learners by combining 

them into a strong classifier. The algorithm iteratively adjusts the weights of training samples, 

emphasizing those that are misclassified in previous iterations. As a result, subsequent models focus 

more on difficult cases, leading to improved overall accuracy and generalization capability 

  Unlike traditional learning methods, AdaBoost assigns a weight to each training instance and updates  

these weights dynamically after each iteration. Weak learners are trained sequentially, and each learner 

contributes to the final model with a weight proportional to its accuracy 

The final strong classifier in AdaBoost can be expressed as . 

     .  AdaBoost Model (Weighted Sum of Classifiers) 

In AdaBoost, the final model is expressed as a weighted linear combination of the weak learners. Each 

individual classifier is assigned a specific weight (𝛼t) that reflects its accuracy and the model's overall 

confidence in its prediction: 

𝐻(𝑥) = 𝑠𝑖𝑔𝑛(∑ ∝ (𝑡)ℎ(𝑡)(𝑥))

𝑇

𝑡=1

 

 (III.10) 

 Where: 

• H(x): is the final prediction of the strong ensemble classifier for sample x. 

• T: is the total number of weak learners (iterations). 
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• ht(x): represents the output of the t-th weak learner (typically ± 1). 

• 𝛼t  :is the weight assigned to classifier t, calculated based on its training error rate. 

 

   .   Classification Decision for Binary Classes 

Unlike XGBoost, which relies on probability estimation via the Sigmoid function, traditional AdaBoost 

utilizes a "weighted voting" mechanism. The final class assignment is determined by the sign of the 

weighted sum: 

𝑦 = 𝑠𝑖𝑔𝑛(𝐻(𝑥)̇  

   (III.11) 

Where: 

• If the weighted sum is positive, the sample is assigned to the positive class (+1). 

• If the weighted sum is negative, the sample is assigned to the negative class (-1). 

• The data weights Dt are updated at each step to ensure the model focuses on the most challenging 

samples. 

Figure III.6 The Structural Framework of the AdaBoost Algorithm 

 

III.6 Statistical Indicators for Performance Evaluation in 

Classification     

      Performance evaluation constitutes a fundamental step in the development of machine learning 

models, as it aims to assess the model’s effectiveness in accurately classifying data into their respective 

target categories. These evaluation metrics enable researchers to systematically compare different 

algorithms, identify the strengths and weaknesses of each model, and make informed decisions to 

enhance performance prior to the model’s final deployment.. 
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III. 6.1. Confusion Matrix 

The confusion matrix is considered the primary structural tool for summarizing prediction outcomes in 

classification tasks. In the context of binary classification, the matrix consists of four fundamental 

components that represent the intersection between actual class labels and predicted class labels: 

 

 Predicted Positive Predicted Negative 

Actual Positive True Positive (TP) False Negative (FN) 

Actual Negative False Positive (FP) True Negative (TN) 

• True Positive (TP): Instances that the model predicted as positive and are actually positive. 

• True Negative (TN): Instances that the model predicted as negative and are actually negative. 

 

• False Positive (FP): Instances that the model predicted as positive but are actually negative 

(Type I error). 

• False Negative (FN): Instances that the model predicted as negative but are actually positive 

(Type II error). 

 

III .6.2 Accuracy 

is defined as the percentage of total correct predictions (both positive and negative) out of the total number of 

samples, and it is calculated using the following equation: 

 

Accuracy=  

Interpretation: 

• High accuracy → The majority of predictions (both positive and negative) are correct. 

• Low accuracy → A significant portion of predictions are incorrect. 

• Methodological Note:   Although this metric is widely used, it can be misleading in the case of 

imbalanced datasets, where the model tends to be biased toward the majority class. 

III.6.3. Precision and Recall 

• Precision: It measures the model’s confidence when predicting the positive class, that is, the 
proportion of samples that are actually positive among all instances classified as positive by 
the model : 

High precision indicates that the majority of samples classified as positive by the model are indeed 

correct, whereas low precision reflects a substantial proportion of incorrect positive predictions, 

commonly referred to as false alarms. 

Precision =  
𝑻𝑷

𝑻𝑷+𝑭𝑷
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.   Recall (Sensitivity): Also referred to as Sensitivity, it measures the model’s ability to identify all 

actual positive samples. 

     High recall reflects the model’s ability to identify the vast majority of actual positive samples, 

whereas low  recall indicates the model’s failure to detect a substantial portion of positive instances. 

Recall =   
TP

TP+FN
 

III.6.4   F1-Score  

      The F1-Score represents the harmonic mean of Precision and Recall and provides a balanced 

assessment of a model’s performance, particularly in cases of imbalanced classes, where using 

Precision or Recall alone may not fully capture the model’s effectiveness. It is mathematically defined 

as follows: 

𝐹1 = 2 ∙
𝑃∙𝑅

𝑃+𝑅
                        . P = Precision      . R = Recall                                                           

III.6.  5 ROC Curve and Area Under the Curve (AUC) 

  The Receiver Operating Characteristic (ROC) curve provides a visual tool for evaluating a classifier’s 

performance across all possible decision thresholds by plotting the relationship between: 

• True Positive Rate (TPR): equivalent to Recall. 

• False Positive Rate (FPR): calculated as 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

The Area Under the Curve (AUC) represents a numerical value ranging from 0 to 1, where values 

closer to 1 indicate the model’s superior ability to discriminate between different classes. 

 

Criteria for Selecting the Appropriate Metric 

The choice of the most suitable evaluation metric depends on the nature of the data and the objective 

of the study: 

• Balanced datasets: Accuracy is generally sufficient. 

• Medical diagnosis: Priority is given to Recall to minimize the likelihood of missing positive 

cases (False Negatives, FN). 

• Fraud detection or spam filtering: Focus is placed on Precision to avoid inconveniencing users 

with incorrect positive classifications (False Positives, FP). 
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 III. 7 CONCLUSION 

   This chapter presented the theoretical and mathematical foundations of the classification algorithms 

adopted in this study, namely Artificial Neural Networks, Support Vector Machines, AdaBoost, and 

Random Forests, with particular emphasis on their role in constructing accurate and generalizable 

classification models within complex data environments. These algorithms were analyzed within the 

framework of statistical learning theory and empirical risk minimization, where the decision function 

is learned by optimizing an appropriate loss function under regularization constraints to ensure a 

balance between training accuracy and generalization capability [137]. 

Artificial Neural Networks (ANNs) represent nonlinear approximation models capable of modeling 

complex decision boundaries through a layered architecture of interconnected weighted neurons. They 

rely on the backpropagation algorithm to update weights, enabling the learning of nonlinear patterns in 

high-dimensional data [137][ 138]. 

Support Vector Machines (SVMs) constitute margin-based classifiers that aim to maximize the 

separating margin between classes. The optimal separating hyperplane is obtained by solving a convex 

optimization problem, with the possibility of employing kernel functions to handle nonlinear 

separability [137]. 

The AdaBoost algorithm is based on combining multiple weak classifiers into a strong predictive model 

through iterative reweighting of training samples, thereby focusing on difficult instances. This strategy 

reduces bias and enhances classification accuracy [138]. 

Random Forests, introduced by Leo Breiman, are ensemble models that construct a large number of 

decision trees using bootstrap sampling and random feature selection, and aggregate their outputs 

through majority voting. This approach effectively reduces variance and improves model stability 

[138]. 

The comparative analysis demonstrates that these four algorithms represent distinct methodological 

paradigms for addressing classification problems: ANNs provide flexible nonlinear representation 

learning; SVMs rely on margin maximization principles; whereas AdaBoost and Random Forests 

leverage ensemble strategies to enhance overall predictive performance and mitigate generalization 

errors. This chapter therefore establishes the theoretical foundation for conducting an objective 

experimental evaluation using standardized statistical performance metrics to accurately compare 

model effectiveness in practical applications. 
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CHAPTER IV:  Application and Evaluation of AI 

Technique for Diagnosis 

 

IV.1 Introduction 

The reliable operation of oil-immersed power transformers is essential for maintaining the stability and 

continuity of electrical power systems. Since internal faults may gradually develop before leading to 

severe failures, early and accurate diagnosis is considered a critical task in transformer condition 

monitoring. Dissolved Gas Analysis (DGA) is one of the most widely used diagnostic techniques for 

this purpose, as the decomposition of insulating oil and solid insulation under electrical or thermal 

stresses generates characteristic gases that can be linked to specific fault types. 

This chapter presents the experimental implementation and evaluation of the proposed intelligent fault 

diagnosis framework. The main objective is to improve the classification of transformer faults by 

combining conventional DGA ratio-based features with graphical-method-based features and 

evaluating their effectiveness using machine learning techniques. The proposed approach investigates 

three feature configurations: ratio features, graphical features, and concatenated features obtained by 

fusing both representations into a 24 dimensional feature vector. 

The chapter begins by describing the experimental setup, including the dataset, fault classes, feature 

extraction process, normalization, and dimensionality reduction using t-distributed Stochastic 

Neighbor Embedding (𝑡-𝑆𝑁𝐸). Then, several machine learning classifiers, namely K-Nearest 

Neighbors (𝐾𝑁𝑁), Support Vector Machine (𝑆𝑉𝑀), Random Forest (𝑅𝐹), and adaBoost, are 

employed to classify the transformer fault types. The performance of the proposed framework is 

assessed using multiple evaluation metrics, including accuracy, AUC, recall, F1-score, and G-Mean, 

in order to provide a comprehensive analysis of the diagnostic capability of each feature representation 

and classifier combination. 

Finally, the obtained results are discussed through numerical tables and graphical analyses, including 

accuracy comparison, radar charts, confusion matrices, and per-class performance evaluation. This 

chapter therefore aims to demonstrate the effectiveness of feature fusion and machine learning in 

improving the reliability and accuracy of DGA-based transformer fault diagnosis. 

IV.2 Experimental Setup 

Figure IV.1 illustrates the proposed methodology for intelligent fault diagnosis of oil-immersed 

power transformers based on Dissolved Gas Analysis (DGA) and machine learning techniques. The 
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proposed framework consists of four sequential stages: data collection, feature extraction, data 

processing, and model evaluation. Each stage is designed to transform raw DGA measurements into a 

compact and discriminative representation that can be effectively used for automatic fault 

classification. 

The process begins with the collection of DGA samples from oil-immersed power transformers 

operating under different fault conditions. When electrical or thermal faults occur inside a transformer, 

the insulating oil and solid insulation materials decompose and generate characteristic gases. The 

concentrations of these gases provide valuable diagnostic information regarding the internal condition 

of the transformer. In this study, five key dissolved gases are considered, namely hydrogen (𝐻2), 

methane (𝐶𝐻4), ethane (𝐶2𝐻6), ethylene (𝐶2𝐻4), and acetylene (𝐶2𝐻2). The collected samples are 

associated with six fault categories: partial discharge (𝑃𝐷), low-energy discharge (𝐷1), high-energy 

discharge (𝐷2), and three thermal fault levels (𝑇1, 𝑇2, 𝑇3). 

After data acquisition, the feature extraction stage is performed using two complementary 

diagnostic approaches: ratio methods and graphical methods. First, twelve ratio-based features are 

computed from the dissolved gas concentrations. These ratios describe the relative relationships 

between gases and provide meaningful indicators of different fault mechanisms. Second, twelve 

graphical-method-based features are extracted to represent the position and distribution of each DGA 

sample in graphical diagnostic spaces. Unlike ratio features, graphical features provide a geometric 

interpretation of the gas composition and may capture additional fault-related patterns. The two feature 

groups are then concatenated to construct a final feature vector containing 24 features. This fused 

representation combines the chemical information provided by gas ratios with the geometric 

information provided by graphical methods, thereby improving the descriptive capability of the input 

data. 

In the data processing stage, Z-score normalization is applied to the extracted features in order 

to standardize their numerical ranges. This step is essential because the extracted features may have 

different scales and magnitudes, which can negatively influence the learning process if left untreated. 

By transforming each feature to have approximately zero mean and unit variance, normalization 

ensures that all features contribute more equally to the subsequent analysis. After normalization, t-

distributed Stochastic Neighbor Embedding (𝑡-𝑆𝑁𝐸)is employed to reduce the dimensionality of each 

feature set into a two-dimensional representation. Specifically, the ratio-based feature set, graphical 

feature set, and concatenated feature set are each projected into a 2D space. This dimensionality 

reduction step aims to preserve the local neighborhood structure of the data while producing a compact 

representation suitable for visualization and classification. 
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Finally, the processed feature representations are evaluated using several machine learning 

classifiers, including K-Nearest Neighbors (𝐾𝑁𝑁), Support Vector Machine (𝑆𝑉𝑀), Random Forest 

(𝑅𝐹), and a boosting-based ensemble classifier. In the implemented MATLAB code, the boosting 

model corresponds to RUSBoost, which is particularly suitable for imbalanced datasets because it 

combines boosting with random undersampling. For each feature configuration, the dataset is divided 

into training and testing subsets using a hold-out validation strategy, where 70% of the samples are 

used for training and 30% are reserved for testing. The classifiers are then trained on the reduced feature 

representations and evaluated on the test set. 

To provide a comprehensive assessment of the proposed diagnostic framework, several 

performance metrics are computed from the confusion matrix, including accuracy, precision, recall, 

F1-score, specificity, geometric mean (𝐺-𝑀𝑒𝑎𝑛), Matthews correlation coefficient (𝑀𝐶𝐶), and 

Cohen’s kappa. These metrics allow a detailed evaluation of both the overall classification performance 

and the class-wise behavior of the models. This is particularly important in transformer fault diagnosis, 

where the distribution of samples among fault classes may be imbalanced and accuracy alone may not 

provide a complete indication of diagnostic reliability. 

 

Figure IV.1 Proposed methodology 

IV.2.1 Data Collection 

The first stage of the proposed framework is the collection of dissolved gas analysis data corresponding 

to different transformer fault conditions. DGA is widely recognized as an effective diagnostic 

technique for oil-immersed power transformers because the degradation of insulating oil and cellulose 
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insulation under abnormal electrical or thermal stresses leads to the generation of specific gases. The 

type and concentration of these gases reflect the nature of the fault occurring inside the transformer. 

In this study, the dataset consists of 407 DGA samples distributed over six fault classes: partial 

discharge (𝑃𝐷), low-energy discharge (𝐷1), high-energy discharge (𝐷2), and thermal faults 

(𝑇1, 𝑇2, 𝑇3). The diagnostic input data are represented by the concentrations of five dissolved gases: 

𝐻2, 𝐶𝐻4, 𝐶2𝐻6, 𝐶2𝐻4, and 𝐶2𝐻2. These gases are selected because they are strongly associated with 

the main electrical and thermal fault mechanisms in oil-immersed transformers. 

The distribution of the samples among the six fault classes is presented in Table IV.1. The dataset is 

not perfectly balanced, since the number of samples differs from one fault class to another. Therefore, 

the use of complementary evaluation metrics such as F1-score, G-Mean, and MCC is necessary to 

provide a more reliable assessment of the diagnostic models. 

Table IV.1. Distribution of DGA samples by fault type 

 PD D1 D2 T1 T2 T3 Total 

No of Samples 32 59 99 86 48 83 407 

Prior to feature extraction, zero gas concentration values are replaced by a very small constant value. 

This preprocessing step is required because several ratio features involve division operations, and the 

presence of zero values in the denominator may lead to undefined or infinite numerical values. 

Consequently, this operation improves the numerical stability of the feature extraction process. 

IV.2.2 Input Feature Extraction 

The second stage of the proposed methodology is feature extraction. Instead of using the raw gas 

concentrations directly, the proposed framework derives more informative diagnostic descriptors 

through two approaches: ratio-based methods and graphical methods. These two approaches are 

complementary, as they represent the DGA data from different perspectives. 

IV.2.2.1 Ratio-Based Features 

     To construct the first feature representation, the raw gas concentrations were transformed into 

diagnostic ratios derived from well-established conventional DGA ratio techniques. These include the 

Dornenburg ratios method, Rogers four-ratio method, IEC ratio method, ETRA ratio method, Hyosung 

Corporation ratios, and the Three-Ratios technique. Since several of these approaches share repeated 

or overlapping ratios, the extracted quantities were consolidated into a compact and non-redundant set 

of twelve unique ratio features. 
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In the proposed framework, twelve ratio features are calculated as follows: 

𝑅1 =
𝐶𝐻4
𝐻2

, 𝑅2 =
𝐶2𝐻2
𝐶2𝐻4

, 𝑅3 =
𝐶2𝐻4
𝐶2𝐻6

 

𝑅4 =
𝐶2𝐻2
𝐶𝐻4

, 𝑅5 =
𝐶2𝐻6
𝐶𝐻4

, 𝑅6 =
𝐶2𝐻2
𝐶2𝐻6

 

𝑅7 =
𝐻2
𝐶𝐻4

, 𝑅8 =
𝐶2𝐻2
𝐻2

, 𝑅9 =
𝐶2𝐻6
𝐶2𝐻2

 

𝑅10 =
𝐶2𝐻4
𝐶𝐻4

, 𝑅11 =
𝐶2𝐻6 + 𝐶2𝐻4
𝐻2 + 𝐶2𝐻2

, 𝑅12 =
𝐶𝐻4 + 𝐶2𝐻2

𝐶2𝐻4
 

 

𝑋𝑟𝑎𝑡𝑖𝑜 = [𝑅1, 𝑅2, 𝑅3, 𝑅4, 𝑅5, 𝑅6, 𝑅7, 𝑅8, 𝑅9, 𝑅10, 𝑅11, 𝑅12] 

These twelve ratios form the first feature subset. They provide a chemically meaningful representation 

of the transformer condition by emphasizing the relationships between gases generated under different 

fault types. 

IV.2.2.2 Graphical-Method-Based Features 

In parallel with the ratio-based representation, a second feature representation was developed using 

graphical diagnostic methods. These methods are widely used in transformer diagnostics because they 

transform gas composition information into geometric coordinates or representative points that reflect 

fault regions in diagnostic diagrams. 

In this study, twelve graphical features were extracted from six graphical diagnostic approaches, with 

each method contributing two features. The resulting graphical feature vector can be written as: 

𝑋graphical = [𝐹1, 𝐹2, 𝐹3, 𝐹4, 𝐹5, 𝐹6, 𝐹7, 𝐹8, 𝐹9, 𝐹10, 𝐹11, 𝐹12] 

The graphical features were derived as follows. 

a) Duval Triangle Method 

𝐹1 = 𝑥 = 100 −%𝐶2𝐻2 −%𝐶𝐻4cos (
𝜋

6
) cot (

𝜋

3
) 

𝐹2 = 𝑦 = %𝐶𝐻4cos (
𝜋

6
) 

 

b) Gouda Triangle Method 

𝐹3 = 𝑥 = 100 −%𝑅2 −%𝑅3cos (
𝜋

6
) cot (

𝜋

3
) 

𝐹4 = 𝑦 = %𝑅3cos (
𝜋

6
) 
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c) Duval Pentagon Method 

𝐹5 = 𝑋(1) =
1

6
 
∑ (

4

𝑖=0
𝑥𝑖 + 𝑥𝑖+1)(𝑥𝑖𝑦𝑖+1 − 𝑖+1𝑦𝑖)

1
2∑ (

4

𝑖=0
𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)

 

𝐹6 = 𝑋(2) =
1

6
 
∑ (

4

𝑖=0
𝑦𝑖 + 𝑦𝑖+1)(𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)

1
2∑ (

4

𝑖=0
𝑥𝑖𝑦𝑖+1 − 𝑥𝑖+1𝑦𝑖)

 

 

d) Mansour Pentagon Method 

𝐹7 = 𝑥𝑚 =
∑ 𝑚𝑖
𝑛
𝑖=1 𝑥𝑖
100

 

𝐹8 = 𝑦𝑚 =
∑ 𝑚𝑖
𝑛
𝑖=1 𝑦𝑖
100

 

e) Cartesian Graphical Method 

𝐹9 = 𝑥point = (𝑃2 + 𝑃1sin 30
∘) × 𝐿 

𝐹10 = 𝑦point = (𝑃1sin 60
∘) × 𝐿 

 

f) Circle Method 

𝐹11 = 𝑥𝑖 = %𝐻2cos (𝜃1) + %𝐶𝐻4cos (𝜃2) − %𝐶2𝐻6cos (𝜃3) −%𝐶2𝐻4cos (𝜃4) + %𝐶2𝐻2cos (𝜃5) 

𝐹12 = 𝑦𝑖 = %𝐻2sin (𝜃1) + %𝐶𝐻4sin (𝜃2) + %𝐶2𝐻6sin (𝜃3) − %𝐶2𝐻4sin (𝜃4) − %𝐶2𝐻2sin (𝜃5) 

IV.2.2.3 Feature Fusion 

After extracting the two feature subsets, feature fusion is performed by concatenating the ratio-based 

features and graphical features into a single input vector. Since each subset contains twelve features, 

the resulting fused vector contains twenty-four features: 

𝑋𝑓𝑖𝑛𝑎𝑙 = [𝑋𝑟𝑎𝑡𝑖𝑜 , 𝑋𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙] 

𝑋𝑓𝑖𝑛𝑎𝑙 ∈ ℝ
24 

This fused representation is expected to provide a richer description of the DGA samples by integrating 

both chemical ratio information and graphical diagnostic information. Therefore, the final 24-

dimensional vector is used as the main input representation for the subsequent data processing and 

classification stages. 
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IV.2.3 Data Processing 

The third stage of the methodology is data processing, which includes normalization and 

dimensionality reduction. These operations are applied to improve the numerical quality of the input 

data and to obtain a compact representation that facilitates classification. 

IV.2.3.1 Z-score Normalization 

Since the extracted features may have different units, ranges, and magnitudes, Z-score normalization 

is applied before dimensionality reduction and classification. This step prevents features with large 

numerical values from dominating the learning process. 

For each feature, Z-score normalization is defined as: 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝜇

𝜎
 

 

where 𝑋is the original feature value, 𝜇is the mean of the corresponding feature, and 𝜎is its standard 

deviation. After normalization, each feature has approximately zero mean and unit variance. This 

makes the feature space more balanced and improves the stability of the subsequent t-SNE projection 

and machine learning models. 

IV.2.3.2 Dimensionality Reduction Using t-SNE 

After normalization, t-distributed Stochastic Neighbor Embedding (𝑡-𝑆𝑁𝐸)is applied to reduce the 

dimensionality of the feature sets to two dimensions. In the proposed framework, t-SNE is applied 

separately to the ratio-based features, the graphical features, and the fused 24-dimensional feature 

vector. 

The dimensionality reduction process can be summarized as follows: 

𝑋𝑟𝑎𝑡𝑖𝑜
12𝐷 → 𝑋𝑟𝑎𝑡𝑖𝑜

2𝐷  

𝑋𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙
12𝐷 → 𝑋𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙

2𝐷  

𝑋𝑓𝑖𝑛𝑎𝑙
24𝐷 → 𝑋𝑓𝑖𝑛𝑎𝑙

2𝐷  

The purpose of this step is to obtain a compact representation that preserves local similarities between 

samples. In other words, samples with similar diagnostic characteristics in the original feature space 

are expected to remain close to each other in the two-dimensional t-SNE space. This representation is 

useful for both visual inspection and machine learning-based classification. 

As illustrated in Figure IV.2, the t-SNE projections provide a visual comparison of the class 

distribution obtained from the three feature configurations. The projection based on conventional ratio 
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features shows considerable overlap between several fault classes, indicating limited separability in the 

reduced feature space. In contrast, the graphical features produce more compact and distinguishable 

clusters, which suggests that this representation captures more discriminative fault-related information. 

The fused 24-dimensional feature vector further improves the spatial organization of the samples by 

combining ratio-based and graphical information. As a result, the classes become more clearly 

structured in the two-dimensional t-SNE space, supporting the subsequent classification stage and 

explaining the improved diagnostic performance obtained with the concatenated features. 

 

Figure IV.2. t-SNE visualization of the three feature representations: ratio features, graphical 

features, and concatenated features. 

IV.3 Hyperparameters for classification algorithms  

The hyperparameter tuning process is a fundamental step for guiding the behavior of machine learning 

models and enhancing their high-accuracy predictive capabilities. Through the meticulous selection of 

these parameters, we ensure that the four models KNN, Random Forest, AdaBoost, and SVM—achieve 

optimal performance while minimizing the likelihood of overfitting. Since the t-SNE technique had 

previously simplified the feature space and transformed it into more distinct dimensions, the 

hyperparameter values outlined in Table IV.2 were specifically chosen to align with the nature of the 

407 samples utilized in this study. 
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The final stage of the proposed methodology is fault classification and model evaluation. The processed 

t-SNE features are used as inputs to machine learning classifiers in order to identify the fault type 

associated with each DGA sample. 

Four classifiers are considered in the experimental evaluation: K-Nearest Neighbors (𝐾𝑁𝑁), Support 

Vector Machine (𝑆𝑉𝑀), Random Forest (𝑅𝐹), and RUSBoost. These classifiers were selected because 

they represent different learning strategies. KNN is a distance-based classifier, SVM is a margin-based 

classifier capable of handling nonlinear decision boundaries, Random Forest is a bagging-based 

ensemble method, and RUSBoost is a boosting-based ensemble method suitable for imbalanced data. 

The dataset is divided using a hold-out validation strategy. Specifically, 70% of the samples are used 

for training, while the remaining 30% are used for testing. This evaluation is repeated for the three 

feature configurations: ratio features, graphical features, and fused features. Consequently, the 

experimental comparison includes twelve classification scenarios. 

The output of each classifier is compared with the true fault labels using a confusion matrix. From this 

matrix, several performance metrics are computed, including accuracy, precision, recall, F1-score, 

specificity, G-Mean, Matthews correlation coefficient, and Cohen’s kappa. These metrics provide a 

comprehensive evaluation of the diagnostic performance. In particular, F1-score, G-Mean, and MCC 

are useful for assessing model reliability in the presence of class imbalance. 

Table IV.2: Optimized hyperparameters for the four proposed machine learning classifiers. 

Model Hyperparameter Value 

KNN Number of neighbors (k) 5 

Distance metric Euclidean 

Weight function Distance 

Search Algorithm Linear NN Search 

AdaBoost Number of Estimators 150 

Base Estimator Decision Stump (depth = 

1) 

Learning Rate 1.0 

Algorithm SAMME.R 

Random Forest Number of Trees 200 

Max Features per Split sqrt(d) 

Min Samples per Leaf 1 

SVM Kernel RBF 

Regularization (C) 10 

Kernel Width (γ) scale 

Multi-class Strategy One-vs-One 
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IV.3 Results and Discussion 

This section presents the experimental results obtained from the proposed DGA-based transformer fault 

diagnosis framework. The evaluation was performed using three different feature configurations: 

conventional ratio features, graphical features, and concatenated features. Four machine learning 

classifiers were investigated, namely K-Nearest Neighbors (KNN), Support Vector Machine (SVM), 

Random Forest (RF), and RUSBoost. The performance of each model was assessed using accuracy, 

AUC, recall, F1-score, and G-Mean. 

The results are presented in three main tables according to the adopted feature representation. Then, 

graphical comparisons are provided through Figures IV.2–IV.5 to support the numerical results and 

provide further interpretation of the classification behavior. 

IV.3.1 Performance of Conventional Ratio Features 

Table IV.3 presents the performance obtained using only the conventional ratio features. These features 

correspond to the twelve gas-ratio descriptors extracted from the dissolved gas concentrations and 

reduced to a two-dimensional representation using t-SNE. 

Table IV.3. Classification results using conventional ratio features 

Model Accuracy (%) AUC Recall F1-Score G-Mean 

KNN 61.48 0.586 0.584 0.585 0.529 

SVM 62.30 0.598 0.565 0.581 0.536 

RF 56.56 0.527 0.534 0.531 0.468 

RUSBoost 58.20 0.577 0.569 0.573 0.501 

As shown in Table IV.1, the conventional ratio features achieved relatively limited diagnostic 

performance. The highest accuracy was obtained by SVM with 62.30%, followed by KNN with 

61.48%. RUSBoost achieved 58.20%, while RF obtained the lowest accuracy of 56.56%. 

The same trend can be observed for the remaining metrics. The AUC values ranged from 0.527 to 

0.598, indicating weak separability between the six fault classes. Similarly, the recall and F1-score 

values remained close to the range of 0.53–0.58, suggesting that the classifiers were unable to 

consistently identify all fault categories using ratio features alone. The G-Mean values were also low, 

particularly for RF, which achieved only 0.468. This confirms that the models did not provide balanced 

recognition across all classes. 
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These results indicate that although gas-ratio features contain useful diagnostic information, they are 

not sufficient by themselves to represent the complex and nonlinear relationships among different DGA 

fault patterns. 

IV.3.2 Performance of Graphical Features 

Table IV.4 shows the classification results obtained using the graphical feature representation. These 

features provide a geometric description of the DGA samples in diagnostic graphical spaces. 

Table IV.4. Classification results using graphical features 

Model Accuracy (%) AUC Recall F1-Score G-Mean 

KNN 90.16 0.924 0.901 0.912 0.880 

SVM 86.89 0.888 0.862 0.875 0.840 

RF 87.70 0.881 0.874 0.877 0.850 

RUSBoost 85.25 0.864 0.856 0.860 0.821 

Compared with the conventional ratio features, the graphical features produced a substantial 

improvement in all performance metrics. KNN achieved the best performance in this feature 

configuration, with an accuracy of 90.16%, AUC of 0.924, recall of 0.901, F1-score of 0.912, and G-

Mean of 0.880. 

The remaining classifiers also achieved strong results. SVM, RF, and RUSBoost obtained accuracies 

of 86.89%, 87.70%, and 85.25%, respectively. In addition, all F1-score values were above 0.860, 

indicating a good balance between recall and precision. The G-Mean values were also significantly 

higher than those obtained using ratio features, confirming that the graphical representation improved 

the balanced recognition of the six fault classes. 

This improvement can be attributed to the ability of graphical features to encode spatial and geometric 

relationships among DGA samples. Unlike simple ratio features, graphical descriptors can capture 

additional diagnostic patterns, which improves class separability and reduces ambiguity among fault 

categories. 

IV.3.3 Performance of Concatenated Features 

Table IV.5 presents the results obtained using the concatenated feature vector, which combines the 

twelve conventional ratio features and the twelve graphical features into a single 24-dimensional 

representation before t-SNE dimensionality reduction. 
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Table IV.5. Classification results using concatenated features 

Model Accuracy (%) AUC Recall F1-Score G-Mean 

KNN 91.80 0.909 0.916 0.912 0.900 

SVM 91.80 0.910 0.922 0.916 0.900 

RF 92.62 0.928 0.935 0.931 0.909 

RUSBoost 91.80 0.913 0.925 0.919 0.900 

The concatenated feature representation achieved the best overall classification performance. As 

reported in Table IV.3, RF obtained the highest accuracy of 92.62%, together with the highest AUC of 

0.928, recall of 0.935, F1-score of 0.931, and G-Mean of 0.909. This indicates that RF was able to 

effectively exploit the complementary information provided by the fused feature vector . 

KNN, SVM, and RUSBoost also achieved high and similar accuracy values of 91.80%. The recall and 

F1-score values were also consistently high across all classifiers, confirming that the concatenated 

representation improved not only the overall accuracy but also the reliability of classification across 

the different fault classes. 

The superior performance of the concatenated features demonstrates the effectiveness of feature fusion. 

Ratio features provide chemical relationships between dissolved gases, while graphical features 

provide spatial diagnostic information. Combining both representations produces a richer and more 

discriminative description of transformer fault behavior. 

IV.3.4 Comparative Accuracy Analysis 

Figure IV.3 presents the accuracy comparison of the four classifiers using the three feature 

configurations. As shown in Figure IV.3, the conventional ratio features produced the lowest accuracy 

for all classifiers. The accuracy values ranged from 56.56% for RF to 62.30% for SVM. This confirms 

the limited discriminative ability of ratio features when used alone. 
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Figure IV.3. Accuracy comparison of the investigated classifiers using ratio, graphical, and 

concatenated features. 

A clear improvement was achieved when graphical features were used. The accuracy increased to 

90.16% for KNN, 86.89% for SVM, 87.70% for RF, and 85.25% for RUSBoost. This demonstrates 

that graphical features provide a more effective representation of DGA fault patterns than conventional 

ratio features. 

The highest accuracies were obtained using the concatenated features. RF achieved the best overall 

performance with 92.62%, while KNN, SVM, and RUSBoost each achieved 91.80%. These results 

confirm that the integration of ratio and graphical features improves the classification performance 

across all classifiers. 

In terms of improvement, RF showed the largest gain, increasing from 56.56% with ratio features to 

92.62% with concatenated features. This represents an improvement of 36.06 percentage points. 

Similarly, KNN improved from 61.48% to 91.80%, SVM from 62.30% to 91.80%, and RUSBoost 

from 58.20% to 91.80%. Therefore, the results clearly indicate that the feature representation has a 

major influence on the performance of the diagnostic system. 

IV.3.5 Multi-Metric Radar Chart Analysis 

Figure IV.4 presents radar chart comparisons based on multiple evaluation metrics, including accuracy, 

precision, recall, F1-score, specificity, G-Mean, and MCC. 
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The radar charts provide a comprehensive view of the behavior of each classifier. For all classifiers, 

the ratio-only feature curves occupy the smallest area, indicating weak performance across most 

metrics. This observation is consistent with the numerical results reported in Table IV.3. 

In contrast, the graphical feature curves occupy a much larger area, indicating a significant 

improvement in diagnostic performance. The improvement is especially visible in recall, F1-score, and 

G-Mean, which are important metrics for assessing classification reliability in multi-class and 

imbalanced datasets. 

The concatenated feature curves generally show the largest and most balanced profiles, particularly for 

RF, SVM, and RUSBoost. This indicates that feature fusion improves not only accuracy but also the 

overall stability of the classification system. The high values of recall, F1-score, G-Mean, and MCC 

suggest that the fused representation provides better class discrimination and reduces the risk of biased 

classification. 

 

Figure IV.4. Radar chart comparison of the classifiers based on multiple performance metrics. 

IV.3.6 Confusion Matrix Analysis 

Figure IV.5 shows the complete confusion matrices for the twelve experimental cases, corresponding 

to three feature configurations and four classifiers. 
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The confusion matrices obtained using conventional ratio features show considerable dispersion away 

from the main diagonal. This means that several samples were incorrectly assigned to other fault 

classes. Such behavior confirms that ratio features alone cannot clearly separate the six transformer 

fault categories. 

For the graphical feature configuration, the confusion matrices show stronger diagonal dominance. 

This indicates that most samples were correctly classified. In particular, KNN and RF achieved strong 

classification behavior using graphical features. However, some off-diagonal errors remain, suggesting 

that certain fault classes still have overlapping DGA patterns. 

The confusion matrices obtained using concatenated features show the best classification behavior. The 

diagonal elements are more dominant, and the number of misclassified samples is reduced. The best 

matrix corresponds to RF with concatenated features, which achieved an accuracy of 92.62%. This 

confirms that the fused feature representation improves the separability of the fault classes and 

enhances the reliability of the final diagnostic decision.

 

Figure IV.5. Confusion matrices for all classifiers and feature configurations. 

 

IV.3.7 Per-Class Performance of the Best Model 

Figure IV.6 presents the detailed per-class performance analysis of the best-performing model, which 

corresponds to RF using the concatenated feature vector. 
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The results show that the best model achieved strong classification performance across all six fault 

classes. Class 1 and Class 6 were perfectly classified, achieving per-class accuracies of 100%. The 

other classes also obtained high recognition rates, with Class 2 achieving approximately 88.9%, Class 

3 approximately 86.7%, Class 4 approximately 92.3%, and Class 5 approximately 92.9%. 

The precision, recall, and F1-score analysis further confirms the robustness of the RF model with 

concatenated features. Most classes achieved values close to or above 0.90, indicating that the model 

was able to identify the different fault types with high reliability. The few remaining errors mainly 

occurred between neighboring or similar fault classes, which may be explained by overlapping gas-

generation mechanisms. 

The confusion matrix of the best model also supports this conclusion. Most samples are concentrated 

along the main diagonal, while only a small number of samples are misclassified. This demonstrates 

that the proposed fused-feature framework provides a reliable diagnostic representation for multi-class 

transformer fault classification. 

 

Figure IV.6. Per-class performance analysis of the best model using concatenated features with 

Random Forest. 
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IV.3.8 Overall Discussion 

The results presented in Tables IV.1–IV.3 and Figures IV.2–IV.5 demonstrate the effectiveness of the 

proposed feature-fusion-based diagnostic framework. The conventional ratio features produced limited 

classification performance, with the best accuracy reaching only 62.30%. This indicates that ratio 

features alone are insufficient to accurately distinguish between the six considered transformer fault 

classes. 

Graphical features significantly improved the classification results, with the best accuracy reaching 

90.16% using KNN. This confirms that graphical descriptors provide more informative diagnostic 

patterns than conventional ratios. However, the best overall performance was obtained when both 

feature types were concatenated. 

The concatenated feature vector achieved the highest performance, particularly with RF, which 

obtained an accuracy of 92.62%, AUC of 0.928, recall of 0.935, F1-score of 0.931, and G-Mean of 

0.909. These results confirm that the fusion of ratio-based and graphical features provides a more 

discriminative representation of DGA samples. 

Overall, the proposed methodology improves transformer fault diagnosis by integrating 

complementary feature extraction strategies, dimensionality reduction using t-SNE, and machine 

learning classification. The obtained results demonstrate that the proposed framework is effective, 

reliable, and suitable for intelligent multi-class fault diagnosis in oil-immersed power transformers. 

 

IV.4 Conclusion 

This chapter presented the experimental validation of the proposed intelligent fault diagnosis 

framework for oil-immersed power transformers using DGA data and machine learning techniques. 

The study evaluated three feature representations: conventional ratio features, graphical features, and 

concatenated features combining both approaches. These feature sets were processed using Z-score 

normalization and projected into a two-dimensional space using t-SNE before being classified using 

KNN, SVM, RF, and RUSBoost. 

The obtained results demonstrated that the conventional ratio features produced limited classification 

performance, with the best accuracy reaching only 62.30%. This indicates that ratio-based features 

alone are not sufficiently discriminative for accurately distinguishing between the six considered 

transformer fault classes. In contrast, graphical features significantly improved the diagnostic 
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performance, achieving up to 90.16% accuracy with KNN. This improvement confirms that graphical 

descriptors provide a more informative representation of DGA fault patterns. 

The best overall performance was achieved using the concatenated feature representation, which 

combines the diagnostic information provided by both ratio-based and graphical features. Among all 

tested models, Random Forest with concatenated features achieved the highest performance, with an 

accuracy of 92.62%, AUC of 0.928, recall of 0.935, F1-score of 0.931, and G-Mean of 0.909. These 

results confirm that feature fusion enhances the separability of fault classes and improves the reliability 

of machine learning-based diagnosis. 

The confusion matrix and per-class analysis further showed that the proposed framework provides 

strong classification performance across the six fault categories. Although a small number of 

misclassifications remained between some closely related fault classes, the overall results demonstrate 

the robustness of the proposed approach. Therefore, the combination of DGA feature fusion, t-SNE 

dimensionality reduction, and machine learning classification can be considered an effective solution 

for intelligent fault diagnosis of oil-immersed power transformers. 

Overall, this chapter confirms the potential of the proposed methodology to improve transformer 

condition monitoring by providing accurate, reliable, and data-driven fault identification. The findings 

also highlight the importance of selecting appropriate feature representations, as the fusion of 

complementary features proved to be more effective than using conventional ratio features alone. 
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GENERAL CONCLUSION 

 

This dissertation presented a comprehensive study on the intelligent fault diagnosis of oil-

immersed power transformers using Dissolved Gas Analysis (DGA) combined with machine learning 

techniques. Motivated by the critical importance of these devices in modern power systems and the 

recognized limitations of conventional DGA interpretation methods, the work proposed and evaluated 

an integrated diagnostic framework based on feature extraction, feature fusion, dimensionality 

reduction, and supervised classification. 

The first chapter established the theoretical foundation by examining the structure, operating 

principles, and fault typology of oil-immersed transformers. It highlighted the dual role of insulating 

mineral oil as both an electrical insulator and a cooling medium, and underscored the importance of 

detecting internal faults at an early stage to prevent catastrophic failures. The second chapter provided 

an extensive review of conventional DGA interpretation approaches, including key gas methods, ratio-

based techniques such as the Rogers, IEC, Dornenburg, CIGRE, and ETRA methods, and graphical 

tools such as the Duval Triangle, the Duval Pentagon, the Mansour Pentagon, and the Gouda Heptagon. 

This review revealed that while conventional methods offer practical diagnostic value, they are 

constrained by rule-based boundaries that fail to fully capture the complexity and overlap of fault 

signatures in real-world DGA data. 

The third chapter introduced the machine learning algorithms employed in this study, namely 

Support Vector Machine (SVM), k-Nearest Neighbors (k-NN), Random Forest (RF), and adaBoost, 

alongside the ensemble learning paradigms that underpin their operation. The statistical performance 

indicators used for model evaluation including accuracy, precision, recall, F1-score, G-Mean, AUC, 

and confusion matrices were also presented in detail. The fourth chapter described the experimental 

methodology and reported the classification results obtained across three feature configurations: 

conventional ratio features, graphical features, and concatenated features combining both 

representations. Each feature set was processed through Z-score normalization and projected into a 

two-dimensional space using t-SNE before being passed to the classifiers. 

The experimental results demonstrated clearly that the choice of feature representation has a 

decisive influence on the diagnostic performance of the machine learning system. Conventional ratio 

features alone proved insufficient, yielding classification accuracies between 56.56% and 62.30% 

across all tested classifiers. Graphical features substantially improved performance, reaching up to 
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90.16% accuracy with k-NN, confirming that spatial diagnostic descriptors encode richer fault related 

information than standard gas ratios. The best overall results were achieved using the concatenated 

feature representation, which combines the chemical relational information of ratio features with the 

spatial diagnostic patterns of graphical features. In this configuration, Random Forest achieved the 

highest performance, with an accuracy of 92.62%, an AUC of 0.928, a recall of 0.935, and an F1-score 

of 0.931, confirming the effectiveness of feature fusion for multi-class transformer fault classification. 

The per-class analysis of the best model further validated the robustness of the proposed 

framework. Two fault classes were perfectly classified with 100% per-class accuracy, while the 

remaining four classes achieved recognition rates above 86%, with only minor misclassifications 

occurring between fault types sharing similar gas-generation mechanisms. The t-SNE visualization 

confirmed these findings by showing significantly improved class separability for the concatenated 

features compared to ratio features alone, providing additional visual evidence of the benefits of feature 

fusion. 

Overall, the results of this study confirm that integrating complementary DGA feature 

extraction strategies within a unified machine learning framework represents an effective and reliable 

approach to transformer fault diagnosis. The proposed methodology successfully addresses the 

limitations of conventional DGA interpretation methods by combining the diagnostic strengths of ratio-

based and graphical representations, while leveraging the classification power of ensemble learning to 

handle the complexity of multi-class fault scenarios. 

As perspectives for future work, several directions can be considered. The framework could be 

extended and validated on larger and more diverse DGA datasets collected from different transformer 

types and operating environments to further assess its generalizability. The integration of online and 

continuous DGA monitoring data would allow the system to detect fault evolution in real time, 

supporting proactive maintenance decisions. Deep learning architectures, such as Convolutional Neural 

Networks (CNNs) or Long Short-Term Memory (LSTM) networks, could be explored to automatically 

learn feature representations directly from raw gas concentration sequences. Additionally, 

incorporating multi-source diagnostic data including partial discharge measurements, thermal imaging, 

and furan analysis into a multi-modal fusion framework could provide a more holistic and 

comprehensive assessment of transformer condition. Finally, adapting the proposed approach to natural 

ester insulating oils, which are increasingly adopted as environmentally friendly alternatives to mineral 

oil, represents an important direction aligned with the current evolution of transformer technology 

toward greater sustainability. 
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