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ABSTRACT

The dissolved gas analysis, produced by deterioration of
insulating oil, is the most popular diagnostic tool to detect
various incipient faults in power transformers. So far, the
handcrafted DGA features, such as DGA composition ratios
(i.e., C2H2/C2H4, C2H4/C2H6, CH4/H2), have been often
used as the input features of shallow learning or used to
identify diagnostic criteria (i.e., Dornenburg Ratio, Rogers

Ratio, IEC ratio) for the fault diagnosis of power transformers.

However, a false alarm rate is relatively large due to the
limitations of the handcrafted features because they are made
up of two or three gas combinations that can classify the fault
types in a low dimensional space that can be analyzed by the
human inspection. To enhance DGA-based diagnostic
accuracy, a novel method using deep neural network (DNN)
is proposed to determine high-level features without relying
on the handcrafted features. Specifically, many layers of
nonlinear transforms in a DNN convert the raw DGA data
into a highly invariant and discriminative representation
without losing high-dimensional information that human
cannot analyze in high dimensional space. This makes health
classification more effective. A proposed method is validated
from the reference database of IEC TC 10, which is the visual
inspection data of transformer faults. The results indicate that
the proposed DNN approach achieves higher accuracy than
the existing methods based on shallow learning with the
handcrafted features.

1. INTRODUCTION

The stable operation of the power system depends on the
reliable operation of the various individual components
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within the power grid network. Power transformer plays a
vital role in the transmission and distribution levels of a
power system and its unexpected breakdown could cause a
plant shutdown with substantial societal expenses. It is thus
of great importance to accurately detect incipient faults of the
power transformer.

The transformer transforms the alternating current supplied
to one winding by the electromagnetic induction action to the
alternating current voltage of the same frequency to the other
winding, and the inside of the transformer is composed of
winding, coil, and insulating oil. The major role of
transformer insulation oil is electrical insulation and cooling.
The objective of insulation is to insulate the transformer outer
case and the winding inside the transformer, and the cooling
is to cool the heat generated during the transforming process.
This insulating oil is decomposed by aging or due to the harsh
operating conditions such as, too high temperature, too high
voltage or exposed to high current external faults etc. From
the decomposed oil, the gas generated from the condensate is
called dissolved gas and it is used as the most important factor
in diagnosing the incipient faults of the transformer. The
dissolved gas analysis is well-known method to diagnose six
widely known incipient faults (Partial Discharge (PD), Low
Discharge (D1), High Discharge (D2), Thermal Fault 1 (T1),
Thermal Fault 2 (T2), Thermal Fault3 (T3)). Traditionally,
for transformer incipient faults detection, a knowledge-based
rules are applied to make handcrafted features from the
dissolved gas profile. These handcrafted features, such as
DGA composition ratios (i.e., CzH2/CoHs, CoHa/CyHg,
CHaH>), have been often used as the input features of shallow
learning or used to identify diagnostic criteria (i.e.,
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Dornenburg Ratio, Rogers Ratio, IEC ratio) for the fault
diagnosis of power transformers. However, handcrafted
features not only have relatively large false alarm rate, but
also complicated to rule out and laborious to design
appropriate features. Thus, it would be of great value to
automatically learn features from low-level features or
signatures from raw sensor measurements.

Instead of training shallow learning algorithm (KNN, SVM,
Random forest, Naive Bayesian etc.) by designing
appropriate input features with statistical method or the
knowledge based method, deep Learning can learn the
features automatically. Deep Learning, known as a state of
the art in machine learning, represents high-level features
from low-level features through multiple layers of hidden
layers. This ability can be seen from the deep learning
research area, which shows that speech recognition, natural
language process, and image recognition have achieved
remarkably higher performance and proven outstanding
performance.

To enhance diagnosis of accuracy in power transformer,
inspired by the success of deep learning, we applied this deep
learning technique to determine high-level features without
relying on the handcrafted features.

The remaining of the paper is organized as follows. Section
2 presents related work; Section 3 describes our Experimental
setup and model design; Section 4 presents our experimental
results to demonstrate its applications. Finally, we conclude
the study in Section 5.

2. RELATED WORK

The following section outlines the study of handcrafted
features through dissolved gas and feature learning through
deep learning.

2.1. Handcrafted Features from Dissolved Gas
Concentration

Transformer fault diagnosis extracts handcrafted features that
are related to faults types. Domain experts extract
handcrafted features through manual process which were
analyzed by the transformer faults and eight types of
dissolved gas concentration (Hz, CHa, C2H2, C2Ha, C2Hs, CO,
CO,, TCQG). Specifically, these handcrafted features are made
up of two or three gas combinations that can classify the fault
types in a low dimensional space that can be analyzed by the
human inspection. The boundary surface formed in the lower
dimension helps to diagnose intuitively. However, since it is
not a high-level features represented by using all eight types
of dissolved gas, there are limitations in fault diagnosis.

2.2. Feature Learning in Deep Learning

In deep learning, feature learning transforms a raw data input
to a highly invariant representative features that can be
effectively exploited in machine learning tasks. This method
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could be done by using “dropout” and “Relu”, and can be
applied to supervised learning or unsupervised learning,
learning through the hidden layers of the neural network.
Both are known to be robust in regularization.

2.2.1. Dropout

It is one of the most powerful regularization techniques at this
time. Dropout improves the generalization error of large
neural network. In the learning phase of Deep Neural
Network, dropout drastically improves regularization by
randomly omitting a fraction of the hidden units in hidden
layers.

2.2.2. Rectified Linear Unit

This is also the most powerful activation function at this point
in place of sigmoid function. The use of the rectifier as a non-
linearity has shown to enable training deep supervised
learning faster and efficient for gradient propagation, no
vanishing gradient problems occurs. As a result, it has a
powerful for regularization and representation.

3. EXPERIMENTAL SETUP AND MODEL DESIGN

The most fundamental problem in building diagnostic model
through data-driven method in engineering system is the lack
of labeled training data. In this study, the unlabeled data of
88,000 which were obtained from the Korea Electric Power
Corporation were labeled using the Duval triangle known as
the international diagnostic method. Classes are classified
into seven categories, PD, D1, D2, T1, T2, T3 and normal
state. The test data which were to be verified IEC TC 10
database, the labels T1 and T2 were classified in the same
category, thus it is assumed that T1 and T2 is true when the
test data was diagnosed in the diagnostic model. We
compared shallow learning and Deep Neural Network.

DNN was used as a supervised learning, and we designed 4
layers to learn feature learning. The first layer is the input
layer, the next four hidden layers were Relu function, and the
last layer was output layer, applied softmax regression.
Dropout was applied only to the 4th layer. For the input
values, 8 raw data (Hz, CH4, C2H2, C;Hs, CoHg, CO, COy,
TCG) were used as dissolved gas and they were all
normalized. In the case of shallow learning (KNN, RBF-
SVM, Linear SVM, Nalve Bayesian, Random Forest), we
constructed a model using
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features which were used for Duval triangle and the other
shallow learning algorithm that were only used raw data same
as the initial setting of DNN

4, RESULTS

The following sections describes the results of shallow
learning and the results of Deep Neural Network.

4.1. Shallow Learning Accuracy

In the first experiment, we evaluate the fault diagnosis of
power transformer using shallow learning results presented
in Table 1. Shallow learning (1) using handcrafted features of
R1, R2, and R3 as input values and shallow learning (2) using
raw data as input values were compared. We used KNN,
Linear-SVM, RBF-SVM, Naive Bayesian, Random Forest
for shallow learning. From fig we observe that shallow
learning algorithms using handcrafted features have better
accuracy.

Table 1. Shallow learning accuracy of IEC TC 10
database results using raw data and handcrafted features

Shallow learning with | Accuracy
raw data (%)
KNN 43.4
Nave Bayesian 74.4
Linear SVM 204
RBM SVM 30.5
Random Forest 66.2
Shallow learning with Accuracy
handcrafted features (%)
KNN 87.1
Na'ive Bayesian 87.1
Linear SVM 87.1
RBM SVM 89.6
Random Forest 87.1

4.2. Deep Neural Network Accuracy

We evaluate the DNN diagnostic accuracy proposed in this
study with the results of the shallow learning with
handcrafted features that we have conducted. To analyze the
results in more detail, we show the confusion matrix for the
IEC TC 10 database using RBF-SVM (Table 2) and DNN
(Table 3). The two confusion matrices indicate that many of
the prediction errors are due to confusion between these four
incipient faults “T1 or T2”, “T3”, “D1”, “D2”. This is
because “T1 or T2” and “T3” are relatively similar, also “D1”
and “D2”. However, from the results we can observe that the
DNN model outperforms the RBF-SVM due to the feature
learning through non-linear activation function of Relu and
dropout method.
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5. CONCLUSION

In this paper, we have proposed a DNN approach, which
extracts high-level features from raw data. Although it is
impossible to visualize high-level features like image data,
the experimental results have shown that DNN outperforms
shallow learning with the handcrafted features.

Experiments with larger test datasets are needed to further
study the robustness of the proposed technique. Further
improvements will be adapted by using unsupervised pre-
training and repeating pooling raw data into high-level
features.

Table 2. Confusion matrix for RBF SVM on IEC TC
10 database

Predict Class
Tlor

PD D1 D2 To T3

PD 1 0 0 0 0

g D1 0 9 4 0 0

3 | D2 1 1 25 0 0
<J°> Tlor

5 T 0 0 0 6 1

T3 0 0 0 2 10

Table 3. Confusion matrix for DNN on IEC TC 10

database
Predict Class
Tlor
PD D1 D2 T2 T3
PD 1 0 0 0 0
Q1 pL | 0 | 10| 0O 0 0
3 | D2 0 0 27 0 0
% Tlor
5 T2 0 0 0 6 1
T3 0 0 0 2 11
ACKNOWLEDGEMENT

This work was supported in part by the Korea Electric Power
Corporation (KEPCO) and in part by OnePredict Inc.,
conducting  Industry-University-Institute  Collaborative
Research  Corporation Support Program from the
Commercializations Promotion Agency for R&D Outcomes
grant funded by the Ministry of Science, ICT & Future
Planning(MSIP) (2016K000377). This research was also
supported by the National Research Foundation of
Korea(NRF) Grant funded by the Korean Government(MSIP)
(NRF-2016R1A5A1938472).

REFERENCES



AsIA PAcIFIc CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2017

Duval, M. (2001). Interpretation of gas-in-oil analysis using
new IEC publication 60599 and IEC TC 10
databases. IEEE Electrical Insulation Magazine, vol.
17(2), pp. 31-41.

Kim, S. W., Kim, S. J., Seo, H. D., Jung, J. R, Yang, H. J.,
& Duval, M. (2013). New methods of DGA diagnosis
using IEC TC 10 and related databases Part 1:
application of gas-ratio combinations. IEEE
Transactions on  Dielectrics and  Electrical
Insulation, vol. 20(2), pp. 685-690.

Lee, S.J., Kim, Y. M., Seo, H. D., Jung, J. R., Yang, H. J., &
Duval, M. (2013). New methods of DGA diagnosis using
IEC TC 10 and related databases Part 2: application of
relative content of fault gases. IEEE Transactions on
Dielectrics and Electrical Insulation, vol. 20(2), pp.
691-696.

Sun, H. C., Huang, Y. C., & Huang, C. M. (2012). A review
of dissolved gas analysis in power transformers. Energy
Procedia, vol. 14, pp. 1220-1225.

Mirowski, P., & LeCun, Y. (2012). Statistical machine
learning and dissolved gas analysis: a review. IEEE
Transactions on Power Delivery, vol. 27(4), pp. 1791-
1799.

Sharma, N. K., Tiwari, P. K., & Sood, Y. R. (2011). Review
of Artificial Intelligence Techniques Applicationto
Dissolved Gas Analysis on Power
Transformer. International Journal of Computer and
Electrical Engineering, vol. 3(4), pp. 577.

BIOGRAPHIES

Sunuwe Kim received the B.S. degree of
mechanical engineering from  Korea
University in 2014. He is a Ph.D. student at
the Department of Mechanical and
Aerospace Engineering in Seoul National
University (SNU). He is currently doing
research on Prognostics and Health
Management for lithium ion battery.

Beom Chan Jang received the B.S. degree
of Mechanical and Aerospace engineering
from Seoul National University in 2014, and
is involved in graduate School of
Mechanical and Aerospace Engineering at
Seoul National University. He is currently
doing research on Prognostics and Health
Management for power plant facilities.

Byeng D. Youn received the B.S. degree
from Inha University, Incheon, South Korea,
in 1996, the M.S. degree from KAIST,
Daejeon, Republic of Korea, in 1998, and
the Ph.D. degree from the University of lowa,
lowa City, IA, USA, in 2001. He is an
Associate Professor of mechanical and

708

aerospace engineering at Seoul National University (SNU),
Seoul, Republic of Korea. Before joining SNU, he was an
Assistant Professor in the Department of Mechanical
Engineering, University of Maryland, College Park. His
research goal is to develop rational reliability and design
methods based on mathematics, physics, and statistics for use
in complex engineered systems, mainly focused on energy
systems. His current research includes reliability-based
design, prognostics and health management (PHM), energy
harvester design, and virtual product testing. His dedication
and efforts in research have garnered substantive peer
recognition resulting in four notable awards including the
ASME IDETC Best Paper Awards (2001 and 2008), the
ISSMO/Springer Prize for a Young Scientist (2005), the
IEEE PHM Competition Winner (2014), the PHM society
Data Challenge Competition Winner (2014), etc.

Daeil Kwon received the bachelor’s degree
in mechanical engineering from POSTECH,
South Korea, and the Ph.D. degree in
mechanical engineering from the University
of Maryland, College Park, USA. He joined
the Ulsan National Institute of Science and
Technology (UNIST), he was a senior
reliability engineer at Intel Corporation, Chandler, AZ, USA,
where he developed use condition-based reliability models
and methodologies for assessing package and system
reliability performance. He is currently an Assistant
Professor of Human and System Engineering, UNIST, Ulsan,
South Korea. His research interests are focused on
prognostics and health management of electronics, reliability
modeling, and use condition characterization.

Byeong-Cheol Park received the B.S.
degree of mechatronics engineering from
Chungnam National University in 2004. He
joined KEPCO research institute, Daejeon,
Korea, in 2004. He is currently doing
research on machine learning for power
transformer diagnosis





