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Abstract

Growing environmental concerns dictate how new products are designed. Power Transformers
are a well-established device, making its optimization a challenge. Though, through the emerging
technology of Machine Learning and combinations of the established and cutting edge models,
new approaches to these machines are possible.

Fundamental services are capable of being integrated into newer products, offering innovative
solutions to prominent issues. Predictive and prescriptive services are crucial, opening the possi-
bility for anticipating faults and setting up the next best action to take. Thus, a particular focus
will be given to transformer fault prediction using Dissolved Gas Analysis with combinations of
established empirical and Machine Learning models.

Fault detection is tackled, to solve the problem of plentiful unlabelled data sources. Artificial
generation and extension of data is also approached, so available Dissolved Gas Analysis databases
are expanded to present more useful situations. This methodology will also pave the way to real
world data.

A collection of models is suggested for a possible solution and its implementation, from em-
pirical models, such as the Duval Triangle, to Machine Learning algorithms, such as Artificial
Neural Networks. The attained data set is characterized, further expanded and labelled.

Subsequently, several Machine Learning models are trained and developed to provide future
insight on the Power Transformer’s behaviour and condition. A comparison to assess the perfor-
mance of these algorithms is accomplished, revealing unexpected results, but ambitious prospects.
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Chapter 1

Introduction

Humanity has never before been so dependent on energy. The Power Transformer, an essential part

of today’s energy sector, is key to an effective and successful operation of the electrical system.

This field of operation is, and will be in constant development, which presents us with great

questions and challenges.

In this dissertation, an approach to Power Transformer fault prediction is achieved through

analysis of in oil dissolved gases and the combination of different paradigms, such as established

empirical models, but also Machine Learning algorithms.

1.1 Context

Nowadays an adequate device operation and preservation is vital, given the increasing concerns

of energy efficiency and resource planning. Power transformers are no exception, considering

that they are an essential part of the electrical grid and most industrial businesses, but also big

and costly machines. Predicting its behaviors and diagnosing future problems is beneficial to the

operators of these machines.

Since last century, the Power Transformer has been the universal solution for AC transmis-

sion systems. Although its development might seem that is settling down, there are still slight

improvements to be made, both to the machine and its provided services.

Possible services that better the performance of any device are diagnostic, predictive, pre-

scriptive, descriptive and visualization services. With these, closely monitoring the operation of

a complex machine is more accessible, allowing responsible operators to act accordingly to the

circumstances observed. Particularly, predicting Power Transfomer’s faults is pivotal. After all,

anticipating failures allows preventive actions to be taken and maintains power supply.

These services can be combined into a Digital Twin (DT) system, encompassing every aspect

of interest in one role. The Power Transformer is a well-known machine that indubitably can be

modeled digitally, which would open new opportunities for its development and optimization.
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2 Introduction

Furthermore, most of the Power Transformers in service are now reaching their end of life.

Thus, making sure that these machines accomplish their expected operation lifetime and that the

new ones are built and installed with past issues in mind is substantial.

1.2 Motivation

Concerning the improvement of the Power Transformer and its provided services, to examine the

machine’s health and insulation degradation is crucial. Monitoring these aspects allows remaining

useful life predictions and prognostic analysis, that is, estimating the type and the moment of the

next fault.

This monitoring, however, must be approachable, in terms of cost and labor, but also accu-

rate enough to provide substantial reports. Thus, advisedly predicting a faulty state in a Power

Transformer is of the most importance, since it enables the possibility of thoughtful response and

predictive maintenance.

The possibility of predictive maintenance allows the operation of a machine to it’s fullest,

by means of reducing downtime and prolonging life. Upkeep costs also tend to decrease, since

maintenance is carried only when necessary. For the same reasons, device’s life is extended,

resulting in an enhanced productivity.

1.3 Objectives

This work aims to integrate predictive maintenance in electrical grids and other uses of power

transformers. The result of this implementation is a more reliable and energy efficient system, a

legitimate concern in today’s world.

Hence, the main objective of this project is to create a model of a Power Transformer, that

combines different paradigms, capable of integrating a DT object. Although the DT will integrate

services such as planning, monitoring and maintenance, the foremost development is fault predic-

tion. The model will be useful for simulation and prediction of the transformer’s behaviour and

will combine several techniques from the literature and ML models.

A particular focus will be given to transformer fault prediction using a combination of different

approaches. The most common method of diagnosing faults and its types in a transformer is

through Dissolved Gas Analysis (DGA). There are many ways of analysing DGA, although the

international standards provide general and specific guidance on the interpretation of dissolved

and free gases on oil based equipments, such as Power Transformers. In addition to the already

established empirical models, such as the Duval Triangle, Artificial Neural Networks (ANN) or

other Machine Learning (ML) models can be used to build relationships between the data and the

asset to provide future insight.

As a secondary objective, the thesis will also focus on solving the problem of unlabelled and

scarce DGA data. To classify this data, well-developed methods proposed by researchers will be

used. To further augment the data sets, ML models will be employed.
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1.4 Structure of the document

Apart from this Introduction, this document includes 3 more chapters. Section 2 presents the

background on fault identification and prediction in Power Transformers. Particular consideration

is given to DGA, since it is the method of diagnosis of most interest to this work. This section

also focuses on state of the art ML models for forecast and augmentation. Section 3 details the

method of work and characterizes the available data and the approaches taken. Section 4 presents

and interprets the results of the applied methodology. Section 5 concludes the topic in question,

reviewing the work and setting future perspectives.
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Chapter 2

State of the art review

In this chapter, the concept of fault in a Power Transformer is established. Fault diagnosing and

prediction is addressed and the most practiced methods are introduced. The followed approach is

to introduce the state of the art from a broader context leading to the specific DGA methodology.

A collection of Machine Learning models used in the literature is also presented.

2.1 Introduction

According to the IEC 60599, a fault in a Power Transformer is described as "an unplanned occur-

rence or defect in an item which may result in one or more failures of the item itself or of other

associated equipment" and it can be either a non-damage or damage fault, the hindmost requiring

some sort of action (repair or replacement) [1].

A fault usually leads to disturbances in the power supply, damage to susceptible electrical de-

vices and sometimes even blackouts. Its causes range from core defects to insulation breakdowns.

The latter being the most common motive, since throughout the machine’s life, its insulation is

continuously in exertion.

Therefore, a Power Transformer’s age is often related to its internal insulation condition. As

the machine is exposed to a wide range of stresses, such as electrical, mechanical and thermal, its

insulation deteriorates. This degradation in the dielectric material is often followed by an increase

in occurrence and severity of faults.

In the interest of preserving the transformer and its provided services, to check the device’s

health, but also to anticipate its defects, is vital. The monitoring must be accessible, in terms of

cost and labor, but also accurate enough to provide meaningful results. Reasonably predicting

a faulty state in a Power Transformer is beneficial, since it enables the possibility of thoughtful

response and predictive maintenance.

In the next section, some of the tools used to monitor the condition of the Power Transformer

are defined.

5



6 State of the art review

2.2 Diagnostic Techniques

Fofona and Hadjadj propose that the health evaluation of the machine must incorporate both elec-

trical and physicochemical techniques. These usually involve measuring electrical parameters,

physical and chemical properties, such as resistances, temperature, gas concentrations, etc. [2, 3].

Figure 2.1 shows which problems are able to be detected using only electrical analysis.

Figure 2.1: Electrical Test Diagnostic Matrix [Fofana et al.].

According to Figure 2.1, not one single diagnostic technique is enough to manage all the

possible issues. Nevertheless, the Frequency Response Analysis (FRA) seems to be the approach

with the wider view.

FRA is a non-evasive, non-destructive method of detecting winding and core deficiencies. It

inputs an electrical signal into the Power Transformer and reads its response. FRA tests can be em-

ployed with several connections, such as open-circuit and short-circuit, and may use all available

terminals of the machine. Anomalies in the magnitude and frequency response indicate changes

in the equivalent RLC circuit of the machine, thus evaluating the state of its electromagnetic com-

ponents [4].

Although FRA is an adequate technique for evaluating Power Transformers mechanical con-

dition, its state-of-the-art solutions are still transitioning to ML and computer intelligence inter-
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pretations. Some researchers developed models for advanced analysis, which don’t require human

expertise for evaluation, but as of yet are only capable of detecting individual faults [5, 6].

Problems associated with the insulation are able to be observed through physicochemical tech-

niques. These often require a sample from the transformer’s oil to examine its properties by means

of quantitative and qualitative methods, such as oil color, moisture content and dissolved gases.

Figure 2.2 summarizes the designations of oil properties and possible methods for evaluation.

Figure 2.2: Oil diagnostic techniques [N’Cho et al.].

Throughout the transformer’s life, it is exposed to electrical, mechanical and thermal stresses.

This constant exertion during its operation deteriorates the oil, reducing the effectiveness of the

insulation and cooling means. The decline in the oil quality is often linked to an increase of the

concentration of gases such as hydrogen (H2), oxygen (O2), carbon dioxide (CO2), methane (CH4),

ethane (C2H6), acetylene (C2H2), ethylene (C2H4) and others [3].

Thereby, dissolved gases in Power Transfomer’s oil are result of chemical reactions when the

insulation is under stress. Concentration of these gases can be linked to faulty states, by what is

known as Dissolved Gas Analysis (DGA). The next section focuses on this diagnostic method.
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2.3 Dissolved Gas Analysis

Continuously necessities for proper condition diagnosing include reliable and non invasive tech-

niques. DGA comes across as non-destructive and solid technique for oil-based transformer diag-

nosis and fault identification.

DGA is a monitoring method used to identify and quantify gases, through chromatographic

analysis, produced by stresses which the transformer and its insulating oil are exposed to. Al-

though DGA is an aging evaluation method, it does not have a single established approach, since

it provides several tools, techniques and methods for fault identification and diagnosing. Thus,

DGA is in constant development, also due to being based on statistics and empirical knowledge

instead of science and physics-based models for understanding the meaning of gases quantities

and concentrations.

In the past, correct assessment of DGA required technical know-how and skilled personnel.

Nowadays, in order to reduce the irregularities of the DGA results, Machine Learning (ML) mod-

els can be used to suffice the inherent flaws in the techniques employed. Nevertheless, various

techniques for DGA are widely used, such as the Total Dissolved Combustible Gas (TDCG) pro-

cedure, Rogers Ratios, IEC 60599 methods etc [7].

TDCG procedure is a method for transformer condition evaluation referenced in the IEEE

C57.104 standard. TDCG is the sum of the concentrations of all combustible gases in the oil, i.e.

H2, CH4, C2H6, C2H4 C2H2, and CO. The IEEE proposes a four-level criterion, classifying risk

of Power Transformer failure in 4 conditions, the first being the normal or healthy state and the

fourth indicating presence of faults in the machine that could lead to failure. This procedure not

only uses TDCG concentration but also individual gases concentrations for discerning between

the criteria [8].

The IEEE standard also provides a wide view on the generation of gases in the oil and asso-

ciates each gas formation and development of concentration to the transformer’s internal temper-

ature. Standard C57 relates gases’ relative concentrations both to temperature and nature of the

fault, as Figure 2.3 depicts.

Figure 2.3: Relative percentage of dissolved gas concentrations as function of temperature and
fault type, according to the IEEE standard.
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The IEC 60599 norm provides an ample guide for analysis, although it lacks techniques that

are contemplated in other reference standards. Standard 60599 also contemplates typical gas con-

centration values, and characterizes faults in six types, as Figure 2.4 displays. Accordingly, power

transformers have seven states that can be classified either as faulty (thermal or electrical fault)

or not faulty (healthy) [1]. However, Duval states that another faulty state, a mix of thermal and

electrical faults, exists [9].

Figure 2.4: Typical faults, according to the IEC standard.

The IEC recomends the Basic Gas Ratios and the Duval Triangle (Figure 2.5a) for gas analysis

and incipient fault identification. According to 60599 the basic gas ratios are the following: C2H2
C2H4

,
CH4
H2

and C2H4
C2H6

. For the Duval Triangle the ratios adopted are the percentages considering only

these three gases: CH4, C2H2 and C2H4. These methods are used for graphic fault identification,
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dividing the faulty states into well-defined zones, though sometimes other DGA tools are used for

complementing the analysis [1].

Complementary gas ratios are CO2
CO , O2

N2
and C2H2

H2
and indicate the involvement of paper, ex-

cessive heating or oil tank contamination. Other ratios such as C2H2
CH4

and C2H6
C2H2

are used in the

Dörnenburg’s Method, although it fell out of use, by evolving into simpler methods such as the

Rogers Ratios or the Basic Gas Ratios [10].

(a) Duval Triangle.

(b) Low Energy Degradation Triangle, [Moodley].

Figure 2.5: Duval and Low Energy Degradation Triangles.

Moodley and Gaunt propose a method for identifying low energy faults and healthy states in

a Power Transformer. This is the Low Energy Degradation Triangle (LEDT), and its construction

is related to the Duval Triangle, as Figure 2.5 displays. Similarly, the triangle’s components are

percentages of three dissolved gases, being its summation 100%. These gases are H2, CO and
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CH4, since they are associated with low energy faults, such as low temperature thermal faults [11].

Although the LEDT method is useful for presenting the natural progression of a Transformer’s

overtime degradation in a graphic and intuitive way, it falls prey to abnormal levels of carbon

monoxide concentration. Inaccurate labelling of states might occur if CO levels are too high. For

that reason, Moodley and Gaunt propose a limit of 500 ppm in the carbon monoxide concentration,

when applying the LEDT method [12].

In addition, Pattanadech and Wattakapaiboon propose a graphic method that can be more

consistent, taking into account, not only fault types but also aging of the insulation. This method

is the Duval Pentagon and it considers two more gases against the typical Duval Triangle analysis.

These are hydrogen (H2) and ethane (C2H6). The Duval Pentagon method allows the ability "to

distinguish the normal aging of the insulation condition of the transformers" by considering the

associated "occurrence of gases under normal operation of the transformers" [13].

The aforementioned DGA methods can be defined as traditional methods, considering that they

employ techniques derived from empirical observations. The next section will focus on advanced

methods for power transformer fault identification by means of DGA.

2.4 Machine Learning solutions

Identifying faults in power transformers is necessary for lowering costs of maintenance, but correct

assessment of the types of fault is not always guaranteed. As already stated, data-driven models

can improve diagnosis through DGA. In this subsection, some of the ML algorithms present in the

literature are exposed.

ML models were first introduced into fault identification to be combined with existing models

and to provide an extra layer for an agent-based system, for the developed work in [7]. The purpose

of this intelligent system was to combine acquired data from all the selected DGA techniques

plus the Artificial Neural Network (ANN) method of identification. Hereby, a combined method

with greater accuracy could be achieved. In such a way, with great amounts of data and some

contradictions between DGA techniques, data-driven models were more and more adopted [10].

Thus, at first, ML was used to improve the accuracy of prevalent DGA methods, building

upon established gas ratios or relative gas concentrations [14, 15]. This approach yields better

results, comparing to traditional DGA methods, since its based in combinations of several of these

methods, providing appropriate results in case of conflicting evidence or poor outcomes.

Some ML models used in Power Transformer fault identification by means of DGA data

are ANNs [7], Decision Trees [16], Support Vector Machines (SVM) [17], k Nearest Neighbor

(KNN) [18], Bayesian networks [19] and Markov models [20]. More and more often, these data

driven models entirely replace traditional DGA methods, such as the ones presented in Section

2.3. The goal of researchers in this field is to "develop an alternative approach to DGA data inter-

pretation", using advanced DGA methods based on ML [10]. Most of the ML algorithms used for

this purpose, i.e. classification of transformer’s incipient faults through DGA data, employ what

is known as supervised learning techniques.
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2.4.1 Supervised Learning

Supervised learning is a ML technique that learns from historic data. It requires correctly labeled

data from data sets, such as the IEC TC10 [21], for algorithm training. This data set is consequence

of direct inspection of transformers all over the world, throughout the years, providing a solid set

for DGA ML appliances. Hence, the common use of this data set in supervised ML solutions in

the literature.

Subsequently, to better the performance of supervised learning algorithms, feature extraction

is crucial, since it’s directly related to the quality of the training data. In this regard, redundant,

pointless or noisy data features should be removed from the training set. Thus, increasing the

trained algorithm performance, through reducing the computing time and bettering the value of

the extracted knowledge.

Neural Networks are widely used throughout the literature for transformer DGA incipient fault

diagnosis [7, 22, 23, 24, 25, 26, 27, 28, 29, 30]. Applying a simple ANN to DGA betters the di-

agnosis performance, improving fault identification when compared to traditional DGA methods.

Still, it remains sub-optimal, as it can easily converge in local minima.

To overcome this, hybrid data-driven models [25, 29, 30] and fuzzy theory [22, 27, 31] have

also been implemented, revealing high success both in fault identification accuracy and classifying

missing data.

In [25], an extra algorithm, titled Cuckoo Search, is used to optimize the weights and biases

of the Back-propagation Neural Network. Feature extraction follows the IEC basic gas ratios,

following a supervised learning approach with real power transformer DGA data. As the hybrid

Neural Network adjusts itself, due to the Cuckoo Search, it avoids local convergence and finds the

best global solution.

Yang et al. use a Probability Neural Network enhanced by way of a custom developed called

Multi-verse optimizer algorithm. Similarly, the auxiliary algorithm is adopted for optimizing the

parameters of the Neural Network resulting in an improved convergence. The optimizer algorithm

is fed an error signal that is direct result of the output of the Neural Network and the desired

output [29].

ANNs can also be enhanced through a modified Evolutionary Particle Swarm Optimisation-

time Varying Acceleration Coefficient. Once more, the ANN parameters are optimized by the

auxiliary methods, finding the optimal values for the ANN’s learning rate and momentum constant.

Illias et al. compare their hybrid algorithm with other previous reported methods and conclude

that the "performance of the ANN was successfully optimised" [30].

Fuzzy number theory is used in this context to embody the uncertain nature of DGA data. This

uncertainty, associated with the formation of dissolved gases, the oil sampling or even the chro-

matographic analysis, can be modelled by fuzzifying discrete DGA data. Castro uses a Multilayer

Feedforward ANN and basic gas ratios as in input to attempt a fuzzy rule extraction of power

transformer’s faults identification [22].
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This knowledge extraction is further developed in [27], although it goes beyond the scope of

this thesis. Miranda and Castro improve the IEC fault identification table with their results. The

ANN used classifies power transformer faults by means of intervals rather than discrete categories

or values.

Fuzzy logic comes across as an advantage, since it can output multiple faults and the weight of

each diagnosis. The combination of fuzziness with ANNs provides a more accurate representation

of particular transformers, by combining the intelligent and mutable characteristics of the ANN

with fuzzy logic data processing [31].

Despite the widespread use of the IEC TC10 database for supervised training of ML models,

a fault identification algorithm can be trained with unlabelled data. In the next subsection this

approach will be considered.

2.4.2 Unsupervised Learning

Frequently, DGA data is not registered with the power transformer’s condition in the moment of

analysis. A priori this would be a problem, since labelled data is needed for "teaching" a data-

driven model. Unsupervised learning is a mean of training an ML algorithm with non-categorized

or unlabelled data, i.e. DGA data not diagnosed by an expert.

In [32], a unsupervised method to the fault identification problem in power transformers is

undertaken. Dias et al. approach the problem of unlabelled data with an entirely data-driven

approach, taking advantage of traditional DGA methods, such as the Duval Triangle, for cluster

classification. They developed a ML algorithm capable of creating a data-driven model from DGA

data and save it for future classifying and diagnosis use.

This algorithm’s solution for feature extraction is based on the entropy method. The concept of

entropy in ML refers to the meaningfulness of a certain variable, in this case a gas concentration,

and is connected to its level of information content. If the concentration value is almost constant,

it is identified as having lower significance. Alternatively, the more diverse the values are for a

given gas, the more valuable information it provides. So, with entropy values assigned to each

gas, significance weights are defined for each. Finally, those gases with an assigned weight below

the threshold can be removed, simplifying and processing the input data.

After a data-driven feature extraction, information can be clustered for subsequent classifica-

tion. Dias et al. propose two clustering alternatives, Principal Component Analysis and K-means

Algorithm, both combining entropy metrics within their clustering algorithms. Subsequently, clus-

ters are categorized by the TDCG procedure, ranking them by condition and effectively dividing

the clusters in healthy or normal state and faulty state by severity. The definitive labelling is ac-

complished when the faulty state is known. This means resorting to the Duval Triangle method

for transformer fault identification.

An example of the result of clustering is presented in Figure 2.6. Nine distinct clusters are pre-

sented, which seems to oppose the six types of faults reported in IEC 60599 as Figure 2.4 presents.

However, as aforementioned, the model developed by Dias et al. besides categorizing faulty and

normal states, also provides a ranking by severity level, following IEEE standard guidelines. Thus,
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justifying the appearance of more than 6 states, being high energy faults associated with high level

of risk and low severity with normal or healthy state.

Figure 2.6: Graphical representation of data clustering, [Dias et al.].

The performance of the proposed model is then tested with the IEC TC10 database, in the

interest of comparing to other methods reported in the literature. It revealed high accuracy, directly

comparable to state of the art supervised methods and "proving the generalization potential of the

novel methodology".

Besides this unsupervised method, a third approach to ML training algorithms is possible,

combining the two already reviewed concepts. In the next section, semi-supervised learning is

presented.

2.4.3 Semi-supervised Learning

Semi-supervised learning is a ML training technique that uses both labelled and unlabelled data.

Essentially, a model that uses a semi-supervised approach benefits from the information contained

in unlabeled data to improve its prediction. In the literature, a few examples of application were

found.
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In [33], a semi-supervised autoencoder with an auxiliary task is proposed. An autoencoder is

an unsupervised neural network, composed of coder and encoder parts and hidden layers. First,

this algorithm learns, by unsupervised means, the characteristics of the data. Then it learns, by

supervised auxiliary means, to detect normal and faulty states and to identify the faulty types.

Kim et al. divide the data in four distinct groups: an unlabeled DGA data set, a labeled

DGA data, and two information data sets for the supervised learning tasks. After the training,

the health features are represented in a two dimensional space, facilitating the visualization of the

data. Boundaries, based on the auxiliary fault identification algorithms, are also traced to provide

an artificial labelling of the unlabeled data.

The next section addresses the prediction methods and models for Power Transformers using

DGA.

2.5 Fault Prediction

As it was illustrated, classifying and identifying faults by means of DGA is a well studied topic.

Hence, the next step is predicting future faults and their types in power transformers.

To achieve this Jiang et al. developed "a dynamic early prediction and warning model com-

bined Gaussian mixture model with hidden Markov model" capable of identifying sub-healthy

states (state before fault), which conventional DGA methods would consider not faulty [20].

Predicting faults in power transformers requires first an extraction of the features of the ma-

chine’s states. Jiang et al. also introduced an extra state, labeled as sub-healthy, to "enrich the

health index and aging stages of power transformers". With the static features validated, a dy-

namic (time series) technique for state prediction is tested using an hidden Markov model. This

model offers a probability based solution for the transitions between states, effectively predicting

the next faulty state. Jiang et al. also focused more on thermal faults, which opens the possibility

of testing the presented solution in every type of fault.

The LEDT can also act like a predicting model for transformer faults, since it assesses insu-

lation degradation associated with low energy events. In [34], Moodley proposes a R-value trend

derived from plotting the triangle with polar coordinates, being R the magnitude of the vector

starting in the left corner of the LEDT. Hence, and as Figure 2.5 alludes to, when R is zero or

under a certain value, the transformer condition can be treated as normal or healthy. According to

Moodley’s analysis, "a R value of 0.13 is considered the outer limits of normal [state]".

Hence, Moodley does a time-based analysis of several transformers employing the LEDT

R-trend. Accordingly, Figure 2.7 shows the development of the degradation value of a power

transformer throughout its years of operation. Most of the R values are in the normal region,

although it changes when a trigger event occurs. Thereafter, the transformer’s condition does not

return to normal. Although the transformer’s oil got changed in 2004, the analysis still categorizes

its state as not normal. In the end the analysis is proven right, considering the transformer failed

in 2005, revealing internal high energy discharges.
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Figure 2.7: Degradation value (R) of a power transformer throughout the years, [Moodley].

This method can be considered effective for "identifying trends of insulation degradation".

Therefore, the LEDT is capable of detecting future incipient faults even if the insulation oil is

replaced.

Other ML models such as Long Short-term Memory (LSTM), Random Forest (RF) and Auto-

regressive Integrated Moving Average (ARIMA) are also applied to Power Transformer DGA

predictions. These approaches are associated with the prediction of the dissolved gases’ behaviour

throughout the transformer’s life, which then can be interpreted and analysed to identify future

faults [35, 36].

Mahrukh et al. employ and compare LSTM and RF approaches to DGA data prediction. They

propose, by regression square and correlation analysis, that the input of the prediction model is an

array of the gases’ concentrations and that the predicted output is the total hydrocarbons, i.e. total

sum of gases containing hydrogen and carbon. Mahrukh et al. obtain a timeseries forecast of total

hydrocarbon concentrations with great accuracy and conclude that the RF based solution shows

the best performance [35].

In [36] Nandagopan et al. use a LSTM combined with a vector auto regression model and an

ARIMA model for DGA data prediction. The LSTM model employed can only generate single-

step predictions, therefore they combined the model with other approaches to achieve multiple

time steps predictions. The data used, besides the typical gas concentrations, also included trans-

former load and winding temperature.
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The ARIMA model utilized predicts a single variable with good results, although a multi-

variable approach would be superior. This model also tends to behave like a linear regression the

further the prediction, leaving Nandagopan et al. to propose that the ARIMA model "is unreliable

for prediction of future trends" [36].

In the next section, a review of some of the ML models used for time series prediction is given.

2.6 Prediction Paradigms

Accurately predicting a time series requires a proper model to be built and to adjust it to the

problem at hands. The best model for prediction depends on the characteristics of the time series.

Setting the correct parameters of an algorithm may also involve other ML models, for they can

be used for optimization of those same parameters. Hence, prediction methods are usually not a

single algorithm but a combination of different paradigms.

Nonetheless, in this Section simple prediction algorithms are described and presented.

2.6.1 Random Forest

RF or Random Forest is a collection of multiple decision trees, a ML algorithm used for classifi-

cation and regression. Each decision tree is generated, trained and randomly displayed in what is

called an ensemble classifier. The RF classifier is an ensemble of decision trees.

Each individual tree yields a prediction which is aggregated with other trees’ predictions,

following a particular criterion (averaging or majority vote), and combining the results in to one

single prediction.

This method of combining prediction presents the advantage of reducing the variance of the

prediction error. Figure 2.8 depicts a simple ensemble classifier method.

Figure 2.8: Random Forest diagram.

In order to build the RF, n individual decision trees are created with random feature variables

and trained with subsets of the original training set. Given Dtraining as the training set, through

bootstrap aggregation or bagging, Dtraining is able to be sampled and to generate n new training
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sets, such as Dtraining = {D1,D2, ...,Dn}. Each new data set is unique and may present duplicate

instances.

Random Forest benefits from the technique of bagging, that consists of selecting a set of

examples randomly with replacement. For each set, a tree is produced which is able to provide a

prediction. The aggregation is then applied to determine a single prediction that is representative

of the models. The quality (degree of uncertainty) of the prediction is measured by the dispersion

of the trees prediction. The main advantage of this model is the simplicity and explainability.

Despite being state of the art, this algorithm can not model well the relations between time, since

it only outputs a single value.

The ensemble of trees is then assembled. After the classifications of each tree are made, the

voting occurs. The outcome with most expression, i.e. the popular vote, gets to determine the

output of the forest. In case of an ensemble RF for regression, the final output is determined by

the average of all the decisions from the trees [35].

2.6.2 Recurrent Neural Network

RNN or Recurrent Neural Network is a type of ANN that makes use of sequential information by

means of its "memory". This is possible due to the feedback cycle that artificial neurons present,

directly influencing the current output with information from previous inputs.

Similar to a Feedforward ANN, a RNN can be of the multi-layer perceptron type, that is it can

incorporate more than one hidden layer besides the input and output layers, and can be mapped in

one-to-one, one-to-many, many-to-one and many-to-many ways. It also utilizes the typical neuron

activation function, the sigmoid function, described in equation 2.1, but can also use the tanh or

relu functions.

σ(x) =
1

1+ e−x (2.1)

A cell from a RNN has a hidden state, that is responsible for its "memory". This internal state

is computed at every time step and can be described by equation 2.2.

ht = σ(Whh ·ht−1 +Wxh ·Xt +bh) (2.2)

Where ht is the hidden internal state, and Whh, Wxh and bh are the cell parameters, weights and

bias, respectively.

The output can then be calculated, according to equation 2.3.

yt = σ(Wy ·ht +by) (2.3)

RNN neuron’s parameters can be joined in a set, such as θ = {Whh,Wxh,Wy,bh,by}, and when

training the network, attempt to attribute the optimal values to these parameters.
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A recurrent ANN can be trained with the help of a special variation of the back propagation

training algorithm, the back propagation through time method. Though, with this training algo-

rithm two hurdles arise: the vanishing and exploding gradient problem. The exploding gradient

problem is easily solved by limiting the gradient value at each cell and the vanishing problem can

be solved by using variants of the RNN, such as the LSTM [37].

2.6.3 Long Short-Term Memory

LSTM or Long Short-Term Memory Neural Network is a variant of a RNN introduced by Hochre-

iter and Schmidhuber to tackle the problems associated with training a traditional RNN [38].

The LSTM cells differ from the RNN units by having an additional three gates. These are the

input gate, forget gate and output gate, and their values are described by equations 2.4, 2.5 and 2.6.

it = σ(Whi ·ht−1 +Wxi ·Xt +bi) (2.4)

ft = σ(Wh f ·ht−1 +Wx f ·Xt +b f ) (2.5)

ot = σ(Who ·ht−1 +Wxo ·Xt +bo) (2.6)

The internal cell state is given by equation 2.7, which then, along with its gates’ information,

compute the unit’s memory, as equation 2.8 demonstrates.

ct = ft ⊙ ct−1 + it ⊙σ(Whc ·ht−1 +Wxc ·Xt +bc) (2.7)

ht = ot ⊙σ(ct) (2.8)

Where ⊙ is the Hadamard product of matrices or element-wise multiplication.

Thus, the LSTM cells are able to recall short term information without jeopardizing long term

trends, as well as bypassing the vanishing gradient problem.

In the next section, an overview of artificial time series data generation is presented.

2.7 Synthetic Data Generation

In the context of ML, synthetic data generation is a way of expanding a data set by following or

reproducing the trends present in the original data. Data sets might require extension, because of

inadequate, not representative or scarce data, mainly unlabeled data, and to achieve better model

training. This section focuses primarily on augmenting time series data sets.

A time series can be reproduced by ML models, as it was implied in Section 2.6, but also by

simpler methods, such as slicing, rearranging, scaling, magnitude and time warping, adding noise
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(jittering) or by statistical means. In spite of the simplicity of these methods, they often fail do

consider the trends or cyclic and seasonal information of the time series [39].

2.7.1 Auto-regressive Integrated Moving Average

ARIMA or Auto-regressive Integrated Moving Average is a time series forecasting algorithm that

utilizes real past data to predict future values. This model is characterized by three independent

terms: (p,d,q). Respectively, these terms equate to the order of the auto-regression, how often the

time series is differenced and the order of the moving average.

The auto-regression, of order p, makes predictions using a linear combination of historical

data, as equation 2.9 presents:

Yt = α +β1 ·Yt−1 + ...+βp ·Yt−p + εt (2.9)

Where Yt is the value to be predicted at the t point in time, Yp are the p previous or lag values,

α is the offset or intercept value, βp is the coefficient of the p lag value and εt is the error term.

The moving average, of order q, makes predictions using a linear combination of residual

errors, as equation 2.10 presents:

Yt = α +θ1 ·Yt−1 + ...+θp ·Yt−q + εt (2.10)

Where θq is the coefficient of the q error value.

The differencing of order d is how many times the consecutive data is subtracted. Equa-

tion 2.11 shows a diferencing of order 1:

Y ′
t = Yt −Yt−1 (2.11)

Seasonality is also able to be integrated in the ARIMA model through the difference operator.

Equation 2.12 shows the mathematical implementation of seasonal differencing:

Y ′
t = Yt −Yt−m (2.12)

Where m is the duration of the season.

The ARIMA model is a simple algorithm capable of tackling dynamic data, such as time

series data. The difference operator, although "theoretically insufficient" is easy to implement and

"satisfactory for some specific problems in engineering" [40].

2.8 Chapter Conclusion

This chapter reviewed important definitions and concepts for power transformer fault prediction.

Emphasis was given to Dissolved Gas Analysis, since it is the method with the widest use for fault

identification, prediction and ML applications.
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The main objective of this work is to develop a model capable of predicting future power

transformer incipient faults, but also, as a secondary objective, to tackle the problem of abundant

unlabelled and scarce time series DGA data. Thus, the attention given to fault identification mod-

els, unsupervised and semi-supervised learning alternatives, and predicting and data augmentation

algorithms. Many techniques were considered to give the reader a view of all possible paths to be

taken.

Several potential solutions were raised for solving the prediction problem, from analytical

approaches, such as the LEDT, to ML predicting models, such as LSTM ANN. Even with an

unlabelled and limited data set, capable of being artificially labeled and expanded by the methods

raised in this chapter, the objective of predicting future faults is achievable.
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Chapter 3

Methodology

This chapter focuses on the development of the procedure to solve the proposed problems. ML

algorithms, empirical models and public databases are presented, detailed and further established.

Methods for data analysis, processing and augmentation are demonstrated. The algorithm model-

ing for fault prediction and its validation and performance tests are also enacted. A pipeline for

implementation of the solution and its results evaluation is proposed.

3.1 Overview

As stated, in this chapter the methodology for this work is proposed. An overview of the several

stages for building, training and evaluating the predicting models is performed. The groundwork

for processing and analysis of the data is tackled, as well as the fault identification algorithms. A

method for extending DGA time series is also proposed.

In Figure 3.1 a diagram of the whole planned approach is visible. This is the pipeline detailed

in this chapter and followed throughout the work.

Figure 3.1: Pipeline of the proposed methodology.

The main framework for data processing was implemented in Python and composed by pack-

ages for statistical analysis (statistics), numerical manipulation (numpy and pandas) and visual-

ization (matplotlib). The adoption of this implemented framework is justified by the fact of being

rich in terms of functionalities and easy to install software.

23
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3.2 Datasets

For proper and adequate model training, an accessible database with plenty and meaningful data is

key. Databases from credible sources in the field of Power Systems, such as IEEE and IEC, have

been used and studied in many scientific works. Particularly, the IEC TC10 database is openly

available in [21].

However, this database does not have time series DGA records. This time based information

is needed for an adequate prediction model training. Contact with EFACEC provided a time series

data set, although not large and detailed enough for the purporse of this work. An alternative was

found in [41]. This data set has almost 5 years of DGA data from 13 unique Power Transformers

from the UK. The data includes concentrations from 8 different gases and humidity content, but it

does not offer information about faults or any health condition.

This data set provides three readings of each gas concentration (in parts per million, ppm),

each reading associated with one of three phases of the Power Transformer. The exception being

two transformers that are only characterized by its main readings, and one that has missing oxygen

readings in one of its phases. Gases present in this data set are: H2, CH4, C2H2, C2H4, C2H6, CO,

CO2, O2 and H2O.

3.3 Data Analysis

For a thorough examination of all gathered data a collection of statistical analysis is carried out.

These range from histograms to correlation analysis. Although the data set holds information

about 9 gases, only six of them are considered. These are H2, CH4, C2H2, C2H4, C2H6 and CO,

which are the six combustible gases found in Power Transformer insulating oil.

Histograms of all considered gases are plotted with a logarithmic scale, to ensure that outliers

are visible. These bar graphs provide a straightforward visualization of the distribution of the

data. Additionally, correlation analysis is important to verify relations between components of

the TDCG gases which might be important to the values predictions and data expansion. Hence,

three types of correlation analysis are enacted, namely linear relation (Pearson correlation coeffi-

cient), monotonous relation (Spearman’s rank correlation coefficient) and variation relation (phi

coefficient or mean square contingency coefficient).

Particularly, the phi coefficient is applied to the binarized differentiation. This is, when the

value increases from one value to the next, the value 1 is assigned. If the value decreases or is

equal, the value -1 is assigned. In order to verify local in time relationships, short-term analysis is

performed using a sliding window on the paired time series, where the above mentioned correlation

metrics are applied. The variation of the metrics can be observed and localized through time.
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3.4 Artificial Labeling

In order to obtain labels with meaning, data categorization was employed. The goal is not to oper-

ate with factual faults but to use a concentration threshold that is associated with a fault warning.

Hence, to artificially label the data, first, categories must be defined.

Power Transformer’s faulty labels can be described with 8 states, ranging from 0 to 7, as Table

3.1 displays. To achieve this, two traditional methods found in the literature for fault identification

using DGA are employed.

State Type Fault
0 Healthy None
1 PD Partial discharge
2 T1 Thermal fault, t < 300ºC
3 T2 Thermal fault, 300ºC < t < 700ºC
4 T3 Thermal fault, t > 700ºC
5 D1 Discharges of low energy
6 D2 Discharges of high energy
7 DT Mix of electric and thermal faults
Table 3.1: Fault types in a Power Transformer.

For labelling the data as healthy or faulty, the elementary form of the TDCG procedure is

chosen, this is, considering only the total concentration of all combustible gases. In Table 3.2,

the four criterion of this procedure are detailed. For the sake of simplicity, condition 2 and above

are considered faulty states in Power Transformer’s condition evaluation. Therefore, at any given

moment, if the TDCG is larger than 720 ppm, a fault identification method may be conducted.

This value is defined as an established limit for warning alarm, effectively labeling data as "Fault

warning" when associated to the condition T DCG > 720ppm.

Condition TDCG Faulty State
1 < 720 No fault
2 721 - 1920 Fault may be present
3 1921 - 4630 Fault probably present
4 > 4630 Could lead to failure

Table 3.2: Total Dissolved Combustible Gases Concentration.

Likewise, for discerning between faulty states, the Duval Triangle, as presented in Figure 2.5a,

is applied. After this procedure, the data frames contain an extra variable or column with its fault

state information, according to the Table 3.1.

Considering that not all available time series reach the determined fault warning state, a back-

ground truth must be determined for those. In the next section, the algorithm for augmenting the

available data is posed.
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3.5 Data augmentation

To those time series that do not reach the considered threshold for it to be considered faulty,

a process of expanding the data set is carried. The results of this data augmentation are then

considered as a background truth, since they are the available data to work with.

At first, an ARIMA model for data augmentation was considered. However, it tended to

produce constant values, providing no valuable forecasts and failing to reproduce the growing ten-

dencies of gases’ concentrations. Thus, an alternative model for data augmentation is considered.

This is a deep learning algorithm for time series forecast.

N-BEATS, or Neural Basis Expansion Analysis for Time Series is an ensemble of deep feed-

forward ANN with backward connections. The name deep, derives from the large stacks of hidden

neuron layers. This neural network design enables interpretation, is simple and easy to use and

train [42].

With the support of packages such as Pytorch and Darts, N-BEATS is implemented in the

Python environment. This deep learning model training is done repeatedly. This is, it not only

trains once and computes a set of a hundred forecasts, but also trains on itself again with the added

information. This process is done independently with each gas at a time and extending the time

series up to then thousand steps more.

Since gas relationships are not always kept throughout the forecast, there is the possibility to

reintroduce these in the form of a bias. This inserted bias is a simple linear model, that predicts a

individual gas value from the others.

Timestamps are also augmented, by way of reproducing the sampling rate present in the orig-

inal data sets. The average time between readings in the non extended data sets is calculated, and

then added to expanded points. This process enables a time based approach for prediction.

3.6 Modelization

For modeling the solution to the fault prediction problem, several different ML algorithms are

used for regression and forecast. These are implemented in Python with the support of compatible

libraries, such as scikit-learn, statsmodels, pyramid-arima, tensorflow and keras. Also for conve-

nience, the data sets utilized for training and testing are polished, that is, clearing them of obvious

outliers and high frequency noise, using low pass filters, but also scaling them, in other words, set-

ting the lowest occurring value as 0, and the maximum as 1. This process enables a more efficient

trend capture by the ML models.

As shown previously in section 3.4, the problem of fault prediction can be boiled down to a

uni-variable time series forecast. Hereupon, simple and efficient models that satisfy the established

requirements may perform well.

Simpler algorithms such as linear or exponential regressions, but also polynomial and logarith-

mic regression are employed as a trivial approach. Though not all are implemented successfully,

a linear combination framework is constructed, allowing further transformations. Models using
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regression algorithms are trained with a variable window of consecutive TDCG values to predict a

future one. The parameter to use for regression models training optimization is R2. As Figure 3.2

demonstrates, a regression model is trained for one step prediction with an input window of 3

values. The model is then tested with previously unknown data to estimate the last instances of

the time series.

Figure 3.2: Schematic for one step ahead prediction using regression models.

However, with these models, to achieve a multi step ahead prediction, an ensemble is neces-

sary. In Figure 3.3 a case for forecasting 3 time steps ahead is depicted. In this example, three

individual models are trained, each one for predicting a unique shifted value. With the concentra-

tion values on the testing set estimated, results can be evaluated. More, with the achieved forecasts,

the time for fault warning can be obtained, unless the threshold is not reached. In this case, a fit

approach can be computed to project the tendency and obtain the desired time for warning.

Figure 3.3: Schematic for multi step ahead prediction using regression models.

Regression analysis are done independently, but they also can be combined, averaging their

forecasts to obtain improved predictions. These models’ results will serve as groundwork for

comparison. Indeed, after the observation of the trends in the time series, simple functions such

exponential and third degree polynomial typically explain physical phenomena.

For the ARIMA model predictions to be effective, the data must be first converted to stationary,

that is, removing the positive trend. This is achieve by the differencing method. In addition,

seasonality is not employed, since none was observed in the data. ARIMA forecasting is done by

lagging the datapoints in the time series, and can be done to any extent.

Being ANNs more complex and flexible algorithms, they provide better generalizations and

may perform better. But they also require a regardful approach, since their training parameters are

plenty and prone to optimization. The employed LSTM is trained for varying forecast windows,
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and the leading model is saved, considering the minimization of the training root-mean-squared

error metric.

In fact, for multi step ahead prediction, just one LSTM model is necessary, provided that the

neural network architecture is changed accordingly. Figure 3.4 presents a diagram of the time

series prediction algorithm for a 3 step ahead forecast.

Figure 3.4: Schematic for multi step ahead prediction using LSTM.

The architecture of the network is sequential and comprised of one LSTM layer and two final

dense layers of feed-forward artificial neurons. The number of units per layer is dependent on

sizes of the input and forecast windows, such as equations 3.1, 3.2 and 3.3 present.

Inputunits = LST Munits = n (3.1)

Out putunits = m (3.2)

HiddenDenseLayerunits = ⌊n+m
50

⌋ (3.3)

Where n is the number of consecutive TDCG input values, and m the number of points to

predict. The number of units in the hidden layer is equal to the flooring operation, that is, the

greatest integer less than or equal to n+m
50 . In Figure 3.5 is present a schematic representation of

the LSTM architecture.

Figure 3.5: LSTM architecture diagram.
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The LSTM layer is also capable of dropout, i.e. the probabilistic rejection of input and re-

current connections to LSTM cells during training, effectively disabling them momentarily. This

process reduces overfitting and may improve overall performance, since it forces the network to

rely on every unit to generalize.

A final approach to the predicting models is the curve fitting. This method simply fits the best

polynomial curve to the given data. For the most part, this is used to continue forecasts that have

positive trends, but that do not reach the desired output, although curve fitting can also be used

solely.

Approaches, such as auto ML and the method for evaluating the performance of a given pre-

diction model is described in the next section.

3.7 Test and validation

To better determine the hyper-parameters of the models, an Auto ML approach is executed. This is

done with the help of parameter tuning frameworks, such as grid search and random search, avail-

able in the scikit-learn and keras tuner libraries, but also auto ARIMA, using the pyramid-arima

package. Advanced methods are not employed due to the simplicity of the problem, since few op-

timization of monotonous parameters are needed. Default optimization criteria were considered.

The goal of these search algorithms is to minimize the performance metrics, eventually providing

an optimal set of parameters for a given model.

After a model computes its predictions on each time series, a validation process is done to

prove the efficacy of the forecasts. Models, and their capability of predicting distant faults, are

also tested against each other.

Validation sets are used to confirm the captured trends, through a process of optimization of

statistical parameters, such as R2 coefficient of determination, root-mean-squared error (RMSE 3.4)

and mean absolute percentage error (MAPE 3.5). The coefficient of determination is implemented

with sklearn metrics R2 score and used only for the simple regressions and linear models. RMSE

is used for comparisons between models or architectures, but for the same time series. MAPE is

used for an overall inter-model and inter-set testing. These metrics measure how well the model

predicts responses, ensuring that the training is efficient and provides an accurate ML model.

RMSE =

√
∑

N
i=1(Yi − yi)2

N
(3.4)

MAPE(%) =
1
N

N

∑
i=1

∣∣∣∣Yi − yi

Yi

∣∣∣∣ ·100 (3.5)

Sizes of these sets are usually around 20% of the original data set size, but vary according to

the forecast windows. The validation datapoints are also randomly chosen, according to a set seed,

when training the model.
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The testing data set is the final faulty segment of the original data set with the addition of

the augmented regions. This is the background truth to work with. Testing data sets sizes vary

according to the forecast time. Contact with industrial companies, such as EFACEC, suggested

that predicting failures in advance with a determined time window is of great value. Thus, models

can be tested for their inner parameters and overall ability to reproduce tendencies, but also with

different window spans of the training and testing set.

3.8 Chapter Conclusion

In this chapter, the groundwork for fault prediction is presented. Methodology for managing

unlabelled and limited DGA data is determined. Moreover, procedures for model building and

assessment are detailed.
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Results

In this chapter the product of the application of the proposed methodology is analyzed. Results

are evaluated, compared and discussed. Relevant insights are extracted and used to substantiate

the conclusion.

4.1 Data Analysis

Data was treated as proposed in the methodology. Table 4.1 and Figure 4.1 illustrate the results of

the procedures applied to the data for preparation and analysis of ML tasks.

Timestamp H2 CH4 C2H2 C2H4 C2H6 CO CO2 O2 H2O
2010-09-14 17:14:00 2.0 7.7 0.0 11.6 9.1 58.5 817.0 8498.0 3.5
2010-09-14 21:00:00 2.2 7.5 0.1 11.5 8.3 55.9 800.0 8538.7 3.6

... ... ...
2015-07-08 22:00:00 7.8 7.4 0.5 6.8 3.4 336.8 2352.0 24081.0 3.5
2015-07-09 06:00:00 7.5 7.3 0.3 6.7 3.4 335.6 2345.0 24026.6 3.6

Table 4.1: Transformer C data frame.

Observing Table 4.1, the data from Transformer C is organized by ascending time and prop-

erly titled. Approximately, each reading is obtained with a 4 hour interval. To the other Power

Transformers the same method is applied, to obtain a comparable and homogeneous framework.

An ensemble of histograms was computed, resulting in Figure 4.2. These are presented in a

logarithmic scale to provide an easier observation of outliers. Promising distributions of hydrocar-

bons with the exception of C2H2 are shown. This particular gas’ distribution is centered in a value

of concentration below 5 ppm, in other words, it carries little to no information. Regardless, this

behavior is expected, considering that C2H2 is usually associated with high temperature faults, as

validated by Figure 2.3. The data relates to the normal operation of a transformer, although it may

also resemble a pre-faulty state, as C2H6 distribution hints.

The gas C2H6, followed by carbon monoxide and hydrogen, is the gas with the widest distri-

bution by value of concentration, reaching up to 600 ppm. These gases show the highest absolute

31
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Figure 4.1: Plotting the Transformer C data frame.

(a)

(b)

(c)

Figure 4.2: Concentration histograms for (a) H2, (b) CH4, (c) C2H2, (d) C2H4, (e) C2H6 and (f)
CO gases.

concentrations in the data set, thus being the best candidates for prompting a faulty state, according

to the TDCG procedure.

With this knowledge, Figure 4.1 was created to provide a deepened visualization of the data,
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(d)

(e)

(f)

Figure 4.2: Concentration histograms for (a) H2, (b) CH4, (c) C2H2, (d) C2H4, (e) C2H6 and (f)
CO gases.

in this study case, belonging to Transformer C. Again, only the combustible gases were consid-

ered. Examining deeper Figure 4.1, several abrupt changes of gas concentrations throughout the

years of the transformer’s operation are noticeable. These discontinuations are most likely re-

lated to oil changes, since most of the gases concentrations drop when this event occurs, though

they can also be attributed to operation and maintenance breaks. When the transformer oil is re-

placed or renewed, a decrease in dissolved gas content is detected in the next analysis, hence this

phenomenon.

Knowing that this event occurs in the data set, dividing the intervals that are continuous be-

comes of first concern due to the need of adequate processing of the data before model training.

The employed model must not learn the discontinuities, but what leads to them and the overall

process of dissolved in oil gas generation. After the partition of segments, various DGA regions

are obtained. Figure 4.3 details the second region of the Transformer C, spanning from late 2011

to the beginning of 2013.
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Figure 4.3: Transformer C second region detailed.

In addition, this region of the data is characterized statistically in Table 4.2.

Through examining Figure 4.3 is clear the increase of gas concentrations overtime. This in-

crease is more prominent, at least with CH4, C2H4 and C2H6, in the last instances of the time series,

a few days before the end of 2012. This behavior is a potential trigger, and possibly an indication

of future fault, since qualified actors performed a maintenance on the transformer, as Figure 4.1

corroborates.

Column Name Mean Std.Dev. Coef.Var. Q1 Median Q3 Max. Min.
H2 67.255 29.746 0.442 41.325 68.05 92.8 123.5 1.1

CH4 15.465 8.273 0.535 10.700 16.20 18.7 56.4 0.7
C2H2 0.421 0.172 0.409 0.300 0.40 0.5 1.1 0.0
C2H4 17.428 10.435 0.599 10.800 17.30 22.3 69.2 0.0
C2H6 11.604 6.322 0.545 6.800 11.40 15.9 37.6 0.0

CO 240.348 125.004 0.520 119.200 251.40 359.6 402.7 6.2
Table 4.2: Transformer C region 2 statistical analysis.

In Table 4.2, data associated with C2H2 is by no means significant, since its standard deviation

is roughly null, confirming the already stated report. Also as anticipated, hydrogen and carbon

monoxide show high deviations, a result of growing tendencies overtime. However, C2H6 does

not follow exactly the distribution presented in Figure 4.2, considering its maximum value in this

region from the Transformer C is about 40 ppm. This inconsistency may be attributed to the

maintenance operated to the transformer, not letting the positive gradient of the gas develop.

In Table 4.3, a correlation analysis between the dissolved combustible gases is presented. As

foretold, correlations between C2H2 and any other variable are weak, due to lack of information

this gas provides. The most notable correlations, both Pearson and Spearman, are between the

hydrocarbons (with the exception of C2H2) and between hydrogen and carbon monoxide. The

Spearman’s rank coefficient shows high positive correlation, but also a high Pearson correlation

coefficient, which indicates an almost linear and monotonous relation between the variables, im-

plying a simultaneous increase of gas’ concentrations.

The Phi coefficient displays significant values in two unique relations, namely between H2

and CO and between CH4 and C2H6. The relation between the two non hydrocarbon gases equals

0.54 and implies a positive relationship between them. As Figure 4.3 confirms, when carbon
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Columns Pair Pearson Spearman Phi Coef.
H2 | CH4 0.781 0.892 0.057
H2 | C2H2 0.663 0.663 0.019
H2 | C2H4 0.810 0.907 0.066
H2 | C2H6 0.888 0.905 0.021

H2 | CO 0.972 0.960 0.540
CH4 | C2H2 0.627 0.659 -0.017
CH4 | C2H4 0.976 0.924 -0.027
CH4 | C2H6 0.887 0.869 -0.427

CH4 | CO 0.741 0.908 0.073
C2H2 | C2H4 0.662 0.704 0.007
C2H2 | C2H6 0.686 0.683 -0.005
C2H2 | CO 0.681 0.693 0.003

C2H4 | C2H6 0.942 0.965 0.232
C2H4 | CO 0.785 0.961 0.053
C2H6 | CO 0.889 0.945 -0.011

Table 4.3: Transformer C region 2 correlation analysis, with the maximum values pointed out in
bold.

monoxide’s concentration values fluctuate, so does hydrogen’s. Contrariwise, the Phi coefficient

of CH4 and C2H6 expresses a somewhat opposing behavior. This relationship, however, is not so

visible. Further analysis is required, to capture a the relationship at a short term level. Thus, a

correlation through time is enacted.

Figures 4.4 and 4.5 present an evolution of relationships over time computed with optimal

window size and step, obtained by a grid search algorithm. Displayed, are the three above men-

tioned correlations within limits. These limits, between magnitude 0.75 and 1, define the most

correlated areas of the time series.

In Figure 4.4, the Phi coefficient increases through time, that is, the association between H2

and CO increases overall. It averages the value of 0.54, as estimated in Table 4.3. Likewise, both

gases display, at times, true linear and monotonous correlations. In Figure 4.5, the Phi coefficient

is always negative, oscillating around -0.5, which would indicate a negative relationship. To some

extent, this is true, although a near positive linear correlation confronts this hypothesis. This

correlation is most strong on the tail of the windowed region.

In Figure 4.6, is possible to recognize the intrinsic correlation of hydrocarbon gases. Up

close, the readings of these gases display notably amounts of variability. This inconsistency would

explain the faint Phi coefficient association between the hydrocarbons. Nevertheless, the linear an

monotonous correlations are unmistakable, providing a solid relationship between these gases.

Since just the behavior of this transformer was approached in depth, and considering that it

might not represent the full picture of the data set, an average of all correlation analysis was

calculated, present in Table 4.4.

As evidence showed, in the analysis of Transformer’s C region, present in Figure 4.3, the

Pearson and Spearman correlation analysis conferred similar results. The same fact stays true in
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Figure 4.4: Correlation through time between H2 and CO, with frame size 360 and step 1.

Figure 4.5: Correlation through time between CH4 and C2H6, with frame size 360 and step 1.

Table 4.4. Overall, the strongest relationships in the data are those that are characterized by a high

absolute mean and a low coefficient of variation.

Monotonous and linearly, the strongest correlations are between the hydrocarbons, and be-

tween carbon monoxide and the other gases (with the exception of C2H2, as aforementioned).

Although, the averages of the correlation analysis values are not significantly high, in comparison

with the other tabulated values and considering their low coefficient of variation, they indicate a
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Figure 4.6: Hydrocarbons in the second region of Transformer C.

Columns Pair Pearson Correlation Spearman Correlation Phi Coefficient
Mean Coef. Var. Mean Coef. Var. Mean Coef. Var.

H2 | CH4 0.381 1.321 0.388 1.230 0.081 1.439
H2 | C2H2 0.122 2.994 0.096 3.185 0.081 1.107
H2 | C2H4 0.338 1.247 0.334 1.237 0.022 8.950
H2 | C2H6 0.321 1.538 0.342 1.398 0.027 3.990

H2 | CO 0.549 0.879 0.532 0.895 0.527 0.341
CH4 | C2H2 0.107 2.996 0.100 3.040 -0.010 4.049
CH4 | C2H4 0.582 0.639 0.558 0.640 -0.071 1.274
CH4 | C2H6 0.561 0.835 0.516 0.885 -0.304 0.701

CH4 | CO 0.663 0.542 0.642 0.589 0.119 1.117
C2H2 | C2H4 0.143 2.238 0.114 2.667 0.004 13.632
C2H2 | C2H6 0.045 7.044 0.052 5.601 0.009 4.170

C2H2 | CO 0.102 3.613 0.065 5.220 0.024 1.778
C2H4 | C2H6 0.617 0.538 0.614 0.508 0.237 0.673

C2H4 | CO 0.538 0.744 0.513 0.788 0.048 1.026
C2H6 | CO 0.554 0.821 0.533 0.826 0.025 3.589

Table 4.4: Correlation analysis of the entire data set.

discernible correlation.

Regarding the Phi coefficient, the strongest association is between H2 and CO, followed by

CH4 and C2H6. Hydrogen and carbon monoxide, as recognized previously, have the strongest

association throughout the whole data set, as it’s low coefficient of variation corroborates. The

preceding analysis on the Phi coefficient of CH4 and C2H6 still holds true, and the global analysis

confirms that this pattern is recognizable in the whole data set.

Generally, it seems that the preceding analysis on that one region conveys a broad aspect of

the data. In the next section, the artificial labeling of the data set is undertaken.

4.2 Artificial Labeling

To demonstrate the method for fault detection and identification, the prior example is further de-

picted. In Figure 4.7 the TDCG is plotted, as well as a reference line for healthy performance,

according to Table 3.2.



38 Results

Figure 4.7: Total Dissolved Combustible Gases in region 2 of Transformer C.

Although the TDCG increases overtime, the total of gases does not reach the threshold for

faults to be present. This behaviour is not favored, since broad data with different events is prefer-

able. Besides, it might also require means for augmenting the available data set, since the deter-

mined target for faulty behavior of a Power Transformer is not reached.

Upon considering all the available data, faulty states only emerge a few times. These are

presented in Figure 4.8. With these cases, showcasing the artificial labelling algorithm is worth-

while. However, only those examples that develop into a fault are of interest, and not those that

are faulty throughout the whole time series. This is the case of Transformer M, displayed in Fig-

ure 4.8d, which detains a considered faulty condition during the nearly two years of its continuous

operation.

In Figure 4.9, the faulty states of the data are recognizable. These are concurrent with the

earlier analysis, that is, fault type equals null when the TDCG is below the threshold value, repre-

sented by the red line in Figure 4.8, and fault type is greater than zero in the other cases.

The example from Transformer H, depicted in Figures 4.8a and 4.9a, illustrates well the al-

gorithm for artificial labelling. After the TDCG reaches the limit, fault identification is executed,

yielding a type 2 fault, or, according to Table 3.1, a low energy thermal fault. Throughout the

development of the combustible gases, these fall below the condition for faulty behavior, but as

quickly as they dip, they rise again. This is what causes the vertical strikes in the fault type plot,

which represents the transition between thermal fault and non fault states of the transformer. How-

ever, this property could be rejected, since the interest is in predicting up to the faulty point, and

not further.

The case from Figure 4.9b is straightforward, seeing that it reaches a faulty state of low energy

discharges at the end of the time series. Transformer L, represented by Figure 4.9c, reaches the

faulty state at the end of 2012, but promptly falls back to a healthy state. It also reaches a more

severe faulty thermal state around 2014. Although, these regards can be discarded, since the TDCG

limit value is reached first before, substantiating the later evident faults. The time series can be
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(a)

(b)

(c)

(d)

Figure 4.8: TDCG region plot of Transformers (a) H, (b) J, (c) L and (d) M.
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(a)

(b)

(c)

(d)

Figure 4.9: Faulty type plot of Transformers (a) H, (b) J, (c) L and (d) M.
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cut from the point it first reaches a faulty behavior, considering that the prediction algorithm leads

only to a faulty situation.

The example from Transformer M is distinct. Since it is constantly in fault, predicting algo-

rithms cannot be applied. For this reason, examples with this characteristic are discarded from the

data set and not used for fault prediction.

4.3 Data augmentation

As aforementioned in section 3.5, those time series that don’t reach the determined target for

the transformer to be considered faulty, an extension of the data set is performed. The process of

augmenting the data sets is executed through a deep learning algorithm with the addition of biases.

Timestamps are also extended to allow a time interval approach to the condition warning.

In Figure 4.7 a case for time series extension is showcased. The augmenting algorithm is feed

a single variable from the data set, giving out a prediction for the next gas concentration. Then,

the model is further trained with the new value to produce one more forecast. This is reproduced

up to then thousand steps, circa 3 more years of data and to all gases in the data set. Displayed in

Figure 4.10 is the result of this procedure applied to the recalled example. To help visualize the

boundary between the real and augmented data, a red vertical line is drawn.

Figure 4.10: Augmented time series of region 2 of Transformer C.

Severe oscillations in gases’ concentrations are noticeable throughout the augmented years.

This behavior is expected, since the data extension algorithm is retrained each time with its own

predictions, aggravating the hidden relations learned by the ANN. Nevertheless, because this issue

worsens the further the data augmentation, it is acceptable as a background truth until the moment

it reaches the defined limit for the first time.

In Figure 4.11, the total combustible gases reaches the healthy limit around May of 2014.

Through examining Figure 4.7, the proposed fault is expected to occur very soon, yet, and keeping
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Figure 4.11: Total Dissolved Combustible Gases in region 2 of Transformer C extended data set.

in mind Figure 4.1, the TDCG healthy limit is reached just as the third region of Transformer C is

about to end.

Figure 4.12: Augmented biased time series of region 2 of Transformer C.

Upon running the fault identification algorithm, a type T3 or high temperature thermal fault

is diagnosed. Although the result is expected, for C2H2 concentration is inconsequential, leading

to faults of the thermal type. This diagnosis could have been different, since CH4 and C2H4

concentrations fluctuate in the expanded series. Still, it would remain on the edge of the Duval

Triangle, as Figure 2.5 sustains.

Taking a look at the biasing technique, gases’ known relationships are able to be enforced in

the new extended data in three forms. These are all done through a linear regression algorithm,

that computes relations of gases from the entire data set, from unique transformers and from each

region.

Despite carefully choosing the bias weights, oscillations tend to magnify and gases’ concen-

trations even attain negative values, as Figure 4.12 testifies. However, as evidenced by Figure 4.13,
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by adding to this case a small universal bias and a 55% and 40% bias to transformer and region

weights respectively, the condition of fault is possible to fulfill earlier. This approach could be

considered pessimistic, comparing with the unbiased extension of Figure 4.11, since the healthy

limit is reached months before. Albeit, upon fault diagnosis, the identification algorithm labels

the fault as a T2 type thermal fault. This inquiry proves appropriate, considering that the earlier

identified fault is of the same type, but of lower energy.

Figure 4.13: Total Dissolved Combustible Gases in region 2 of Transformer C extended and biased
data set.

Hence, each unique region was extended and added optimal individual biases for a pessimistic

approach. In Figure 4.14 are present those time series that achieved the considered condition for

fault. To note that, from 36 transformer DGA regions only 8 turn out to be faulty, being 3 of

those time series already faulty in the original non augmented data. These 8 time series present

diversified behaviors. Therefore, this set is adequately representative for the evaluation of the

algorithms. Thus, the 8 DGA time series set is the established background truth for the next

section.

4.4 Fault Prediction

In this section, the models applied to problem of predicting faults in Power Transformers and their

results are explored. Simpler models, such as regressions, are used as a base comparison for other

more complex models, as is the LSTM and ARIMA.

4.4.1 Regression models

The regression algorithm is applied to all cases of DGA data that eventually leads to a fault.

The best model, among multi linear regressions, such as exponential and polynomial of various

degrees, is chosen by means of the coefficient of determination or R2, calculated during the vali-

dation process while training.
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(a) Data set 0 (b) Data set 1

(c) Data set 2 (d) Data set 3

(e) Data set 4 (f) Data set 5

(g) Data set 6 (h) Data set 7

Figure 4.14: Transformer (a) J, (b) C region 2, (c) F region 1, (d) F region 2, (e) H, (f) L, (g) C
region 1, (h) C region 4.

For a first approach, predicting a single step ahead, regression models behave remarkably, as

Figure 4.15 shows. The presented section of the time series is the testing set with size equal to

twenty percent of the total original length. For all time series, the polynomial regressor presents

as the most appropriate model.

Despite the fact these regression models perform well on a single step ahead prediction, in

actuality they are only forecasting up to 4 hours in the future (in average, each DGA point is 4
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Figure 4.15: Regression and one time step prediction of Transformer C region 2.

hours apart from the others). Therefore, a 5 day, or 30 time steps, prediction is executed.

To achieve a multi step ahead forecast with these simple algorithms, indeed thirty different

models are trained and combined for each time series prediction. Then, this process is done

several times, in order to obtain an average of predictions. The chosen prediction is actually an

average of several assembled models of the same regressor type.

In Figure 4.16 are present three case results, representing each possible situation, that is to say,

a favorable prediction, an inferior one and a failed forecast. Plotted in the figures are the real and

forecasted values, but also the curve fitting. The horizontal blue line defines the defined threshold,

and the vertical ones represent the portion of the data on which the models were trained.

(a) (b)

Figure 4.16: Regression model 30 time steps prediction of data sets (a) 1, (b) 6 and (c) 7.
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In Figure 4.16a is present a positive prediction, that reaches the agreed limit before the real

time series. Hence, from a pessimistic point of view, this forecast is very well suited. Per contra,

Figure 4.16b offers an opposite prediction, failing to reproduce the trend. This could be due to

chosen point or instant of prediction, that sits on the turning point of the data. Figure 4.16c displays

a prediction example that required fitting a curve for it to reach the limit. In green, a curve is drawn

on the predictions to further extend the forecast and obtain the time to fault.

(c)

Figure 4.16: Regression model 30 time steps prediction of data sets (a) 1, (b) 6 and (c) 7.

In Table 4.5 are summarized the results of the predictions using regression algorithms, by

determining the estimated time for fault against the actual time to fault, differences and errors.

Data Set Time for fault Predicted time Difference Error
0 120 hours None - -
1 120 hours 96 hours -24 hours 20%
2 120 hours 108 hours -12 hours 10%
3 120 hours 164 hours 44 hours 36.667%
4 120 hours 92 hours -28 hours 23.333%
5 120 hours None - -
6 120 hours None - -
7 120 hours 212 hours 92 hours 76.667%

Table 4.5: 30 step ahead regression prediction performance.

Although some examples don’t fulfill the established limit in the predicted time steps, a fitted

curve allows the extension of the forecast, and, therefore, the estimation of the time to warning.

Yet, this approach is not favorable, considering that large errors seem to be associated with it.

Besides, failing to predict a fault in useful time is not valuable, as sometimes is better to predict a

fault sooner than later. Still, as is the case with data set 0, 5 and 6, the models fail to predict the

positive trends.
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Accomplished the benchmark for comparison, next, the ARIMA model, an advanced ML

algorithm for time series analysis, is considered.

4.4.2 Auto-regressive Integrated Moving Average

Parameters for an ARIMA model are optimized through the auto-ARIMA functions of the pyramid

library. The best model, according to the employed Akaike Information Critera is used for each

time series. Similarly, 30 time steps are predicted from the fixed instant.

Illustrating the functioning of this model, in Figure 4.17 are present the above examined ex-

amples. To note that, in these examples the supplementary curve fits near perfectly on the ARIMA

predictions.

(a) (b)

(c)

Figure 4.17: ARIMA model 30 time steps prediction of data sets (a) 1, (b) 6 and (c) 7.
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Figure 4.17a, as expected, presents an exceptional example. The prediction fails its target by

only one time step, or 4 hours. In Figures 4.17b and 4.17c the estimations are not quite there,

although they reproduce positively the trend, they still require the aid of the curve fitting. Particu-

larly in Figure 4.17b, since the instant of estimation is on a tipping point of the curve, the predicted

slope is lower than the true tendency.

Compiling the results, Table 4.6 is assembled. The ARIMA model presents the best results so

far, in terms of number of successful predictions and overall accuracy. This model fails to predict

only data set 0, as it was foreseen. Once more, those predictions that do not reach the limit are

extended by fitting a curve. Consequently, predictions of this type carry large errors. Nonetheless,

the ARIMA model predicts with only one time step of inaccuracy 4 time series.

Data Set Time for fault Predicted time Difference Error
0 120 hours None - -
1 120 hours 116 hours -4 hours 3.333%
2 120 hours 116 hours -4 hours 3.333%
3 120 hours 124 hours 4 hours 3.333%
4 120 hours 256 hours 136 hours 113.333%
5 120 hours 124 hours 4 hours 3.333%
6 120 hours 456 hours 336 hours 280.000%
7 120 hours 164 hours 44 hours 36.667%

Table 4.6: 30 step ahead ARIMA prediction performance.

With promising results, the following algorithm to be tested is the Long Short Term Memory

ANN, which presents more flexibility and generalization capacity.

4.4.3 Long Short-Term Memory

A Long Short Term Memory ANN is build and trained with optimal values for each time series. In

fact, developing one LSTM model per data set, for each training size, input window and dropout

ratios.

As foreseen, the LSTM behaves exceptionally when predicting a single time step ahead. In

Figure 4.18, the near perfect following of the trend is well captured by the LSTM. Although,

when comparing this result to the simpler regression method present in Figure 4.15, the LSTM

prediction falls short.

Taking a look at the 30 time steps prediction, leading results are present in Table 4.7. These are

the best performing LSTM models obtained through the parameter search algorithm. Considering

all the outcomes, the ones that perform better, according to the specified metrics, are from data set

1 and 5.

The noticeable difference between varying windows and training sizes, as well as dropout

ratios suggests that the optimal parameterization and architecture is unique for each time series

and each instant of prediction.
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Figure 4.18: LSTM one time step ahead prediction of Transformer C region 2.

Data Set MAPE Training size Window size Dropout ratio
0 7.38% 0.5 400 0.2
1 0.839% 0.5 500 0
2 1.265% 0.25 100 0
3 1.13% 0.3 500 0
4 8.179% 1 400 0
5 0.964% 0.5 200 0
6 4.558% 0.25 400 0.2
7 7.597% 0.25 100 0.8

Table 4.7: Best 30 step ahead LSTM prediction performance parameters.

In Figure 4.19, the examples used so far are presented. Although these cases perform well,

according to MAPE metric, they don’t reach the established threshold. More, they completely fail

to capture the final increasing trend. Altogether, it appears that only in Figure 4.19b a trend was

somewhat captured and reproduced.

(a) (b)

Figure 4.19: LSTM model 30 time steps prediction of data sets (a) 1, (b) 6 and (c) 7.

In fact, the LSTM merely generated one case that fulfils the warning condition independently,

and another one that, after curve fitting, reaches the limit. In Figure 4.20 these cases are present.

Peculiarly, the time series correspondent to data set 0 is only successfully predicted when emplying
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(c)

Figure 4.19: LSTM model 30 time steps prediction of data sets (a) 1, (b) 6 and (c) 7.

the LSTM, as Figure 4.20a depicts. Since this time series presents a such great increase, it was

expected that it wouldn’t be predictable. Thus, and as it is apparent, this good fortune is product

of over fitting and is not an accurate prediction. As previously, results are compiled in the time

Table 4.8.

(a) (b)

Figure 4.20: LSTM model 30 time steps prediction of data sets (a) 0 and (b) 2.

Data Set Time for fault Predicted time Difference Error
0 120 hours 152 hours 32 hours 26.667%
1 120 hours None - -
2 120 hours 0 hours -120 hours 100%
3 120 hours None - -
4 120 hours None - -
5 120 hours None - -
6 120 hours None - -
7 120 hours None - -

Table 4.8: 30 step ahead LSTM prediction performance.

Lastly, the curve fitting algorithm is tested on its own, and also an average of all model results

is executed.
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4.4.4 Curve fitting

To assess the curve fit prediction capabilities in an isolated way, the algorithm is applied in a small

window before the point of forecast. In Figure 4.21 the studied cases are presented. To note that

the employed fitting is polynomial of degree 2 in the case of Figures 4.21a and 4.21c, and of degree

3 in the case of Figure 4.21b.

(a) (b)

(c)

Figure 4.21: Curve fitting 30 time steps prediction of data sets (a) 1, (b) 6 and (c) 7.

Consistently, Table 4.9 presents the algorithms’ results. Although the outcome is not ad-

mirable, in a couple of cases, the curve fitting is more appropriate than the regression models.

Expressly in data sets 1 and 4. Though, in data set 1 the fitted curve estimates the intersection with

the limit after the fault. In addition, this method produced predictions for every data set, with the

exception of data set 0, whereas the linear regressions failed to detect two of them.

In light of a multi paradigm approach, Table 4.10 contains an average of all model predictions.
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Data Set Time for fault Predicted time Difference Error
0 120 hours None - -
1 120 hours 136 hours 16 hours 13.333%
2 120 hours 100 hours -20 hours 16.667%
3 120 hours 60 hours -60 hours 50.000%
4 120 hours 96 hours -24 hours 20.000%
5 120 hours 124 hours 4 hours 3.333%
6 120 hours 188 hours 68 hours 56.667%
7 120 hours 112 hours -8 hours 6.667%
Table 4.9: 30 step ahead Curve Fitting prediction performance.

As proposed, combinations of assorted models and techniques provides an improved analysis on

the problem. The blending of unique model characteristics, in most cases, presents results as good

as the best performing model.

Data Set Time for fault Predicted time Difference Error
0 120 hours 152 hours 32 hours 26.667%
1 120 hours 116 hours -4 hours 3.333%
2 120 hours 81 hours -39 hours 32.5%
3 120 hours 116 hours -4 hours 3.333%
4 120 hours 148 hours 28 hours 23.333%
5 120 hours 124 hours 4 hours 3.333%
6 120 hours 322 hours 202 hours 168.333%
7 120 hours 162.667 hours 42.667 hours 35.556%

Table 4.10: Final 30 step ahead prediction performance.

4.5 Result Discussion

The main results of this work were the data augmentation and the fault prediction. Both were

achieved, yet, with room for improvement.

The restricted availability of DGA records has a direct consequence on diversity and useful-

ness of data. When augmenting the data sets, the results preserved only already observed gases’

relationships. Especially in the case of C2H2, which is not relevant in normal functioning of Power

Transformers, but is a key gas when faults occur.

When it comes to fault prediction, the proposed models performed acceptable, in consideration

of the available data. By all means, no actual faults were predicted, since none were present

in acquired data sets. However, the proposed threshold for prediction can serve as a warning.

Particularly, allowing for gas concentration surveillance to alert any off limit behavior.

Possibly the least expected result was that of the LSTM. Such an adaptable ML algorithm

should provide better results than those obtained. Albeit, the ANN results suggest that different

configurations and composition of networks could demonstrate better outcomes.
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4.6 Chapter Conclusion

In this chapter the results of the proposed methodology were presented. Data sets were described,

statistically analyzed and augmented. ML models were built and explored for fault prediction. A

table with the final predictions against the real events is bestowed.



54 Results



Chapter 5

Conclusion

In this section, general and final conclusions are presented. This dissertation’s contributions and

limitations are described, as well as the overall fulfillment of the planned objectives.

5.1 General conclusion

This thesis presented a multi-paradigm approach to the fault prediction problem in Power Trans-

formers, combining, not only traditional DGA methods for fault identification, but also advanced

forecasting ML algorithms.

Inasmuch as DGA hasn’t a unique established method, the purposeful combination of different

algorithms and procedures demonstrates the improvement capability of this analysis. The blending

of different paradigms allows a more flexible approach to problems, since it incorporates the best

features of each one. Thus, the central question of this dissertation has not a single answer, but

rather, a broad solution.

Besides the main focus of the work, a method for overcoming the problem of DGA data

scarcity was proposed. The designed procedure for data augmentation proved to be an innovative

solution, allowing a consistent application of the predicting methodology. It further proved, to

some extent, that is possible to extend individual time series and relate it numerically to other

gases.

Although prediction results are not satisfactory, they establish facts. That is, they demonstrate

that predicting faults in Power Transformers using in oil concentration of gases is possible. The

proposed method proved to be insufficient in obtaining meaningful results, nevertheless evidence

regarding tendencies for simpler and linearizable local models was reported. Accordingly, the

applied ARIMA model proved to be the better solution in this context.

In spite of being state of the art, the LSTM presents difficult configuration, suggesting that

a more wary approach is necessary. Still, the fact that neural networks’ potential is continually

expanding, contributes to ever improving and advanced applications.

55
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5.2 Contributions

Contributions of this thesis range from managing limited data, such as unlabelled and restricted

time series, to an overview of the state of the art procedures for fault prediction in Power Trans-

formers using DGA. Furthermore, the work consolidated the indispensable use of combinations

of established and advanced ML models in this field.

Artificial labelling of time series is straightforward by the use of a semi-supervised approach.

Again, combinations of different methods for health diagnosis in Power Transformers confirmed to

be the more valuable solution. Likewise, augmenting gases’ concentrations is achievable, though

imposing statistical relationships demands a scrupulous application. Since Power Transformers

can operate individually and in parallel, and each unique configuration has its own relations, when

extending the data sets, all associations must be taken into account.

Perhaps the most relevant contribution of this work is that the fault prediction problem has not

an isolated solution, considering DGA time series are erratic, albeit capable of being described

locally by linear models. Hence, the method for solving the proposed question must rely on

combination of elementary regressions and cutting edge models.

5.3 Limitations

During the development of this work, numerous and unaccounted hurdles arose. Particularly, the

restricted availability of DGA time series data, the absence of labels in data sets and the difficulty

of properly assemble and adjusting neural networks. More, the proposed methodology was likely

much simplified for the problem.

The limited available DGA records delivered many uneventful and analogous cases, which

consequently, required the process of augmentation. But enlarging data sets this way, perpetuated

only already known gases’ relations, which does not necessarily represent real phenomena.

The data extension, though acceptable, could be enhanced, had there been labeling of the

data, such as load factor, temperature and other operation conditions. Nevertheless, a process of

augmenting simultaneously multi variable time series would spare the biasing application.

As to computational limitations, the logarithmic and high degree polynomial transformations

of multi linear regressions proved to be an impediment.

Neural networks were not exploited to their fullest, mainly because of an oversimplification

of the problem. That is, solely using the TDCG content for fault prediction, gave the ANN fewer

information to work with, preventing it from detecting hidden relations between gases. These

intrinsic relationships could be of extreme importance for accurately predicting DGA time series.

5.4 Future work

The work developed in this dissertation, even if yielded not desired results, enables a more knowl-

edgeable next approach. For better accomplishments, along with improving the methodology,
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broader and more representative, as well as longer data sets would be valuable.

Concerning the applied method, the use of not only limits for total dissolved gases but for each

unique gas would provide a wider supervision on DGA. More, positive gradient thresholds could

be followed, providing an extra layer for faulty behavior estimation. A stability, trend seasonality

and decomposition analysis could also present more insight into gas in oil evolution. These deeper

examinations of the data, could facilitate the understanding and prediction of gas concentrations

turning points.

In regards to modelization, convenient and more suitable algorithms can be used. Expressly,

a combination of linearizable algorithms, for modeling basic tendencies, and adequate advanced

models. ANNs should be trained with as much information as possible. Ideally, training neu-

ral networks on every gas for forecast and health index estimation. This indicator should be a

combination artificial labelling and time series, such as a labeled TDCG.

Finally, this work could be adapted to forecast longer time periods, since the further the pre-

diction, the better the usefulness.

Taking all things into consideration, the proposed question was undoubtedly tackled but not

answered in its entirety, nevertheless giving definite directions for the future.
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