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Abstract
Power transformer is considered as critical equipment in power
transmission/distribution systems and hence undergoes periodical maintenance
for better performance and longer life. The operational condition of a power
transformer is continuously monitored by sensing a large number of parameters,
which contain hidden patterns indicative of different faulty operational
conditions. This paper presents a methodology for automatically identifying such
patterns to predict a given faulty condition applying the state-of-art techniques of
subspace clustering. The authors propose to summarize an enormously large
number of patterns produced by conventional subspace clustering using
Similarity connectedness-based Clustering on subspace Clusters (SCoC). The
experimentation is done on a real dataset of transformer testing and maintenance
records and it is observed that SCoC algorithm proposed by the authors is more
effective and efficient in terms of purity and execution time compared to the
SUBCLU and PCoC algorithms.
Keywords: Operational parameters, Power transformer maintenance, Preventive
maintenance, Subspace clustering and summarization.
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1. Introduction
The power consumption has grown immensely with rapid industrialization and with
accelerating the economy. Transformers are essential for power transmission and
distribution as they are capable of step-up or step-down the voltage as per the
requirements of the subsystems. The unforeseen failures of the transformers may
lead to irregular or unreliable power supply and become an obstacle for the growth
of the economy. The high-quality transmission is made possible by preventive
maintenance of these transformers. Each transformer must undergo the regular
testing process as a part of preventive maintenance phase in order to avoid failures
and interruptions; parameters like load, oil temperature, winding temperature, oil
parameters and dissolved gases are sensed and monitored to ensure that they lie in
normal ranges.
The oil used for insulation is one of the important components of the power
transformer. The oil sample is extracted from the power transformer to determine
oil parameters and dissolved gas analysis. Oil parameters include acidity, dielectric
strength (break down voltage), flash point, resistivity, tan delta, water content,
interfacial tension and fur aldehyde content (to measure the degree of
polymerization). Any unfavourable values of oil parameters demand for recovery
methods like filtration of oil or replacement of oil.
Dissolved Gas Analysis (DGA) is the testing process to measure the internal gas
concentration levels of hydrogen, methane, ethylene, ethane, acetylene, carbon
monoxide and carbon dioxide. Discharge of high energy would lead to abnormal gas
concentration levels causing thermal faults. The early thermal faults are diagnosed
based on DGA and corrective measures are taken to avoid severe damages.
The condition of the power transformer is analysed based on the above testing
results and the necessary action must be taken for its better performance. However, it
would be difficult to arrive at the discovery of the faults without the domain expert.
Monitoring the parameters regularly in order to predict the transformer faults in
time for corrective action can be done manually for power systems with a limited
number of transformers. The modern power systems that involve the maintenance
of a large number of transformers call for automated methods for sensing, storing
and processing to determine the corrective action in case of the expected faulty
condition of a transformer.
For automated maintenance of transformers, it is essential to derive or extract
the patterns in terms of transformer parameters indicative of faulty conditions. In
other words, each of the transformer faulty condition is associated with one or more
patterns of co-occurring parameter values. It was found that the set of parameters
indicative of a faulty condition are different from those of other faulty conditions.
Hence, conventional clustering algorithms are not suitable for the present problem.
The authors propose to use subspace clustering techniques for extracting
patterns automatically for a predefined set of faulty conditions. The authors
investigated the applicability of the state-of-art subspace clustering techniques for
this purpose and advocate the suitability of Similarity connectedness-based
Clustering on subspace Clusters (SCoC) [1] algorithm proposed by the authors as
it could identify the combinations of parameters for different faulty conditions more
accurately and compactly.
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The clustering is one of the data mining functionalities. It refers to the process
of grouping the data objects that exhibit similar behaviour. However, all the
features or attributes of data may not be relevant or contribute to characterize the
members of the given cluster. Therefore, subspace clustering focuses to identify a
specific subset of attributes that describe a cluster.
Some of the basic subspace clustering algorithms are SUBCLU [2], CLIQUE
[3], MAFIA [4] and DENCOS [5]. The subspace clustering techniques, in general,
produce a redundant and exponentially large number of subspace clusters, which
hinder its usage. Summarization of this enormously large number of subspace
clusters aims to form comparatively less number of high dimensional subspace
clusters eliminating the redundant low dimensional clusters as they are subsumed
by the corresponding high dimensional subspace clusters. Each of such high
dimensional subspace clusters captures more information content than the sum of
information captured by the individual low dimensional subspace clusters. The
cohesion of a cluster is proportional to the dimensionality of the subspace,
reflecting the similarity of its elements. Therefore, modern researchers focus on the
development of efficient and effective summarization algorithms.
Chen et al. [6] have proposed Partitional based Clustering on subspace Clusters
(PCoC), a summarization algorithm that makes use of partitional clustering method,
k-medoids algorithm [7] for summarizing the low dimensional subspace clusters into
k clusters. The user-defined parameter k would influence the cluster quality. The
same authors have proposed Hierarchical based Clustering on subspace Clusters
(HCoC) algorithm that follows hierarchical clustering method [8] for summarization
and proved that PCoC algorithm outperforms HCoC algorithm.
To overcome the drawbacks of the existing algorithms, the authors proposed a
novel concept of Similarity Connectedness [1] between a pair of subspace clusters
and used it for cluster formation at a higher level of abstraction (a cluster of
clusters) wherein a set of low dimensional subspace clusters that are similarity
reachable from one another constitute a cluster that summarizes them. Such
summarization process results in a concise set of subspace clusters along with the
attributes that characterize its members.
Section 2 reviews the recent studies in the field of power systems for the
maintenance and fault detection of power transformers. The proposed method is
discussed in section 3. The results are analysed and discussed in section 4. Section
5 concludes the paper.

2. Related Work
The computational intelligence-based approaches are emerging in the recent
developments for diagnosing power transformer faults [9]. Liu [10] analysed the
similar behaviour between customers of electricity using a k-means clustering
algorithm [8]. This would be helpful for rendering different services for different
customers based on their power consumption. To visualize the clustering results
principal component analysis was adopted.
Hao et al. [11] proposed a novel dynamic kernel-based possibility clustering
algorithm for fault diagnosis of the transformer. The artificial immune network was
used to identify the characteristics of faulty transformers. Optimal clustering
centres are selected using a genetic algorithm.
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Lee et al. [12] have devised a method called fuzzy clustering for the diagnosis
of emergent faults in power transformer. Effective training samples were selected
using fuzzy clustering to reduce the time for learning phase. To analyse and detect
the state of the transformer, radial basis neural network was developed.
Singh and Upadhyay [13] modelled an effective method to detect and predict
the transformer faults using k-means clustering [8] and efficient machine learning
technique called Support Vector Machine (SVM)[7]. The cluster centres resulted
from k-means clustering are used in the training phase of the SVM classifier to
speed up the process. This method helps in faster and reliable monitoring of the
transformer conditions based on concentration levels of dissolved gases from DGA.
Sun et al. [14] have proposed an intelligent technique for DGA fault diagnosis of
the transformer. Based on DGA data, training samples are selected by applying a
fuzzy C-means clustering method. For better classification result, Multi-class SVM’s
are used. In addition, the grid search method is used in determining the parameters.
Malik and Mishra [15] have proposed an approach that uses gene expression
programming for DGA interpretation to diagnose faults in power transformers.

3. Proposed Method
The traditional subspace clustering algorithms aim to discover all possible subspace
clusters and hence are computationally complex [16-18]. Moreover, the resulted
subspace clusters are voluminous in size and infeasible to interpret [19, 20].
Therefore, the need for efficient summarization algorithms of subspace clustering
has increased.
The proposed algorithm of Similarity connectedness-based Clustering on
subspace Clusters (SCoC) uses a novel concept of Similarity Connectedness to
group the low dimensional subspace clusters. The low dimensional subspace
clusters from each group are merged to form a high dimensional cluster. The
proposed methodology mainly consists of three phases.
 Generate low dimensional subspace clusters: The low dimensional (up to 2 or
3 dimensions) subspace clusters are generated by applying any one of the
conventional subspace clustering algorithms like SUBCLU [2].
 Apply Similarity connectedness-based Clustering on subspace Clusters
(SCoC) [1] algorithm low dimensional subspace clusters: Every low
dimensional subspace cluster is labelled either as the core, border or lonely
element based on user-defined Similarity Threshold, S and in minclusters.
The similarity between two clusters is defined using Eq. (1) given below.
𝑆𝑖𝑚(< 𝐶𝑎 , 𝐴𝑎 > , < 𝐶𝑏 , 𝐴𝑏 >) =

|𝐶𝑎 ∩ 𝐶𝑏 |
|𝐶𝑎 𝑈 𝐶𝑏 |

(1)

where <Ca, Aa> and <Cb, Ab> are two subspace clusters, Ca is a low dimensional
cluster with elements that agree on a set of attributes defining the subspace Aa.
Similarly, <Cb, Ab> represent another low dimensional cluster in the subspace Ab.
The similarity between them is stated by the ratio of the number of common data
objects in both the subspace clusters to the total number of data objects in both the
subspace clusters. It ranges from 0 to 1.
Starting from a core element, all the similarity connected core elements are
interconnected to form a separate group. The border elements are allotted to the
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group of its nearest core element, thus forming the natural grouping of low
dimensional subspace clusters. Each lonely element forms a separate group. The
cohesion of clusters of the low- dimensional subspace clusters is programmable by
approximately setting the parameter Similarity Threshold, S. The influence of
varied Similarity Thresholds on the quality of clustering is depicted in Fig. 1 for
the transformers data set.

 Merge the low dimensional subspace clusters in each group to generate a high
dimensional subspace cluster:
The intersection of elements of the consistent low-dimensional clusters of a
group defines the high-dimensional cluster in the subspace formed by the union of
the subspaces of the constituent low dimensional clusters. Thus, low dimensional
subspace clusters are subsumed by the higher dimensional clusters and hence can
be eliminated in the process of summarization.
Summarization of subspace clusters, when applied on transformers dataset,
provides a limited number of high dimensional subspace clusters each of which,
representing a combination of operational parameter values observed in a sizeable
subset of transformers, possibly requiring similar maintenance. Each high
dimensional subspace cluster < C, A > represents a pattern extracted from the set
of transformers represented by C based on their agreement on the subset of
attributes/operational parameters represented by A. Each pattern, < C, A > is
assigned with a faulty condition/normal condition based on the condition of the
majority transformers in C. It may be observed that multiple patterns may have the
same label indicating that they require similar corrective action. For the purpose of
automating the preventive maintenance based on the pattern of observed
operational parameters for a transformer, it is labelled with a faulty condition and
accordingly, the prescribed corrective action can be taken.

4. Results and Discussion
The proposed methodology is employed for the analysis of 116 samples of real
transformers data collected from Transmission Corporation of Andhra Pradesh,
India. We use the aforementioned dataset to test and evaluate our proposed
methodology. The dataset consists of nineteen attributes, namely Power
Transformer (PTR) capacity measured in Mega Volt Amperes (MVA), age in years,
load in Mega Watts (MW), oil temperature in ˚C, winding temperature in ˚C, acidity
in mgKOH/g, dielectric strength (break down voltage) in Kilo Volts (KV), flash
point in ˚C, resistivity in Ohm-cm, tan delta, water content in parts per million
(ppm), interfacial tension in Dynes/cm, furaldehyde content in mg/Kg, hydrogen in
ppm, methane in ppm, ethylene in ppm, ethane in ppm, carbon monoxide in ppm
and carbon dioxide in ppm.
All the attributes are of a numeric type. The dataset is normalized using MinMax normalization so as to map each value to the range of 0 to 1. Each record in
the dataset is labelled with one of the four faulty conditions (indicating corrective
action), namely well-conditioned transformers, transformers that need to undergo
filtration, transformers that need to have oil replacement and transformers that are
attacked by thermal faults. One of the most popularly used cluster quality metrics
is purity. The quality of the summarized clusters is estimated in terms of purity
since the dataset is labelled. The purity of a given cluster is defined as the ratio of
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the maximum number of elements belonging to a class to the total number of
elements of the cluster.
The experiments are conducted on real data of power transformers for different
values of Similarity Threshold, S. The purity values are depicted in Table 1. Figure
1 shows the gradual change of purity with Similarity Threshold, S. Hence, S = 0.95
is found to be a better choice. It can be observed that at S = 0.95, the proposed
algorithm, SCoC has produced better quality clusters. It was also observed that the
algorithm performed the best at Similarity Threshold = 0.95 consistently with other
bench mark datasets also [1].
Table 1. Purity of SCoC for different values of Similarity Threshold, S.
Similarity
Threshold, S

Purity of
SCoC

0.75
0.8
0.85
0.9
0.95
0.98

0.67923
0.68929
0.69464
0.69902
0.7016
0.68929

0.705
Purity of SCoC

0.7
0.695
0.69
0.685
0.68
0.675
0.7

0.75

0.8

0.85

0.9

0.95

1

Similarity Threshold, S

Fig. 1. Purity of SCoC algorithm when run on power
transformers data for increased values of Similarity Threshold, S.
The performance of the SCoC algorithm is compared with proven algorithms
for subspace clustering and summarization, namely SUBCLU and PCoC. Table 2
depicts the performance of the algorithms SUBCLU, PCoC and SCoC in terms of
execution time, purity and number of subspace clusters obtained. It can be observed
that SCoC and PCoC algorithms produced the most compact results with less
number of subspace clusters in orders of magnitude compared to SUBCLU as they
summarize redundant subspace clusters of lower dimensions. In terms of execution
time and purity, SCoC algorithm has clearly outperformed both SUBCLU
algorithm and the other state-of-art summarization algorithm, PCoC.
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The purity of SUBCLU, PCoC and SCoC algorithms in the form of bar charts
is shown in Fig. 2. Due to the wide range of values, the execution time and the
number of subspace clusters are not plotted in the graph.
Table 2. Comparison of execution time, purity and number
of subspace clusters obtained by SUBCLU, PCoC and SCoC algorithms.
Algorithm
SUBCLU
PCoC
SCoC

Execution time
in milliseconds

Purity

No. of subspace
clusters obtained

94831362
1621725
61496

0.3176
0.4049
0.7016

12582912
516
516

0.8
0.7
0.6
Purity

0.5
0.4

SUBCLU

0.3

PCoC

0.2

SCoC

0.1
0
Purity

SUBCLU
0.3176

PCoC
0.4049

SCoC
0.7016

Algorithm

Fig. 2. Purity comparison of the algorithms: SUBCLU, PCoC and SCoC.

5. Conclusion
Preventive maintenance of the transformers is essential in high power transmission
systems. This process should be automated in order to deal with a large number of
transformers. This paper applies a novel summarization algorithm called Similarity
connectedness-based Clustering on subspace Clusters (SCoC), proposed by the
authors to identify a faulty condition based on the appropriate combinations of
operational parameters. The performance of the proposed approach for automated
maintenance is compared with the other subspace clustering and summarization
techniques and found to be more effective and efficient in terms of purity, execution
time with less number of subspace clusters obtained.
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Abbreviations
CLIQUE
DENCOS
DGA
HCoC
MAFIA
PCoC
S
SCoC
SUBCLU
SVM

CLustering In QUEst
DENsity COnscious Subspace clustering
Dissolved Gas Analysis
Hierarchical based Clustering on subspace Clusters
Merging of Adaptive Finite Intervals
Partitional based Clustering on subspace Clusters
Similarity Threshold
Similarity connectedness-based Clustering on subspace Clusters
SUBspace CLUstering
Support Vector Machine
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