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Abstract

Cost-e ective equipment maintenance for electric
power transmission systems requires ongoing integra-
tion of information from multiple, highly distributed,
and heterogeneous data sources storing various infor-
mation about equipment. This paper describes a fed-
erated, query-centric data integration and knowledge
acquisition framework for condition monitoring and
failure rate prediction of power transformers. Specif-
ically, the system uses substation equipment condition
data collected from distributed data resources, some of
which may be local to the substation, to develop Hidden
Markov Models (HMMs) which transform the condition
data into failure probabilities. These probabilities pro-
vide the most current knowledge of equipment deteri-
oration, which can be used in system-level simulation
and decision tools. The system is illustrated using dis-
solved gas-in-oil eld data for assessing the deteriora-
tion level of power transformer insulating oil.

Keywords: Data Integration, Hidden Markov Models,
Transformer Failure Mode Estimation.

1 Introduction

The advancements in electric power systems, power
transmission and distribution grids are critical for a
nation’s growth and development. However, they are
comprised of a large number of highly distributed and
capital-intensive physical assets that can fail in catas-
trophic ways. The reliability and proper functioning of
these assets are dependent on e ective approaches for
problems related to their operation and maintenance.
Quality of these solutions depend not only on the qual-
ity of the information used for assessment, but also on
how it is processed. Central, and essential, are infor-
mation characterizing the health or condition of the

assets. For example, equipment age and time since
the last inspection and maintenance are widely used
asset condition indicators. As a result, ‘nameplate’
data and maintenance histories are often used in the
decision-making process. Until recently, the coordina-
tion of this information was human-driven, which is
not only tedious and time-consuming, but also costly.
However, due to the recent developments in sensing,
communications, distributed computing and database
technologies, it has become feasible for decision-makers
to access operating histories and asset-speci ¢ real-
time monitoring of data. Creative use of this data via
processing, integration, assessment, and decision algo-
rithms can signi cantly enhance the quality of the nal
actions taken, and result in very large national impact
in terms of more economic and reliable system perfor-
mance.

Against this background, in this paper we investi-
gate a federated, query-centric approach to informa-
tion integration and knowledge acquisition from au-
tonomous, distributed, and heterogeneous data sources
for condition monitoring and failure mode estimation
of power transformers. These data sources may in-
clude intelligent electronic devices (IEDs) local to the
equipment or data repositories in corporate servers.
Unavoidably in real life situations, the related data
sources maintained by di erent institutions often di er
in structure, organization, query capabilities, and more
importantly ontological commitments [17] - assump-
tions concerning the objects that exist in the world, the
properties of the objects and their possible values, re-
lationships between them, and their intended meaning.
In other words, data sources often do not agree on using
a shared vocabulary of terms and concepts in a coher-
ent and consistent manner. As a result, it becomes
increasingly di cult for individuals and autonomous
software entities to seamlessly query the data sources
or assert facts about them. Our approach to this prob-
lem has resulted in the adaptation of a system called



INDUS (Intelligent Data Understanding System) [26].
INDUS? imposes a clear separation between the data
and semantics (or intended meaning) of data, which al-
lows the users to reconcile semantic di erences between
multiple heterogeneous data sources from their own
point of view. With the help of speci c software wrap-
pers, the system exposes autonomous data sources (re-
gardless of their location, internal structure, and query
interfaces) as though they were relational databases
(i.e., a collection of inter-related tables), structured ac-
cording to an ontology supplied by the user. INDUS
when equipped with data mining and decision-making
algorithms for ontology-driven knowledge acquisition
can accelerate the pace of discovery in many data-rich
domains. Speci cally for this paper, we used INDUS to
integrate power transformer condition data for train-
ing Hidden Markov Models [25], a model e ective in
characterizing discrete state random processes where
the mapping between states (deterioration levels in this
case) and observations is uncertain.

The rest of the paper is structured as follows: Sec-
tion 2 describes the data integration component of
INDUS, whereas a detailed description of failure rate
probability estimation using HMM is given in Section
3. In Section 4 we describe the implementation de-
tails of our framework and show how transformer fail-
ure rate can be estimated from condition monitoring
data. Finally, we summarize our work and provide a
brief discussion about future work in Section 5.

2 Data Integration in INDUS

The estimation of the state of an asset (e.g., trans-
former, circuit breaker, underground cable, insulator,
etc.), is typically made using a variety of data. In gen-
eral, there may be up to four classes of this data: equip-
ment data, operating histories, maintenance histories,
and condition histories. The equipment data com-
prises the so-called ‘nameplate’ information including
manufacturer, make, model, rated currents, voltages,
and powers, equipment’s age, and manufacturer’s rec-
ommended maintenance schedule. The operating his-
tories capture the electrical and environmental con-
ditions to which the equipment has been subjected
in the past, e.g., temperatures, loading histories and
through faults for transformers, and operations and 12t
for circuit breakers. The maintenance histories con-
tain records of all inspections and maintenance activi-
ties performed on each piece of equipment. Condition
histories are comprised of measurements providing in-

1The acronym INDUS should not be confused with a suite
of commercial service delivery and asset management solutions
provided by Indus (www.indus.com).

formation about the state of the equipment with re-
spect to one or more failure modes. Common condi-
tion data information for a transformer includes that
coming from tests on: oil (dissolved gas, moisture, hy-
drogen, and furan), power factor, winding resistance,
partial discharge (acoustic emissions, spectral decom-
position of currents), and infrared emissions. All of
this data can be collected either manually via inspec-
tions/laboratory testings or using continuous monitor-
ing sensors. Usually, these four classes of informa-
tion are maintained in multiple database systems dis-
tributed between the substation and corporate head-
quarters using various commercially available storage
technologies (e.g., Oracle) together with a variety of
data standards and proprietary systems. E ective use
of this data demands for versatile data integration and
management systems for e ciently extracting relevant
information.

In practice, data integration systems [3,13,16,20,21,
23] attempt to provide users with seamless and exible
access to information from autonomous, distributed,
and heterogeneous data sources through a uni ed query
interface. ldeally, such systems should allow the users
to specify what information is needed instead of how
it can be obtained. In other words, it should provide
mechanisms for:

Speci cation of a query expressed in terms of a
user-speci ed vocabulary (ontology).

Specifying mappings between user ontology and
data-source ontologies.

Automatically transforming user queries into
queries that can be answered/understood by the
respective data sources.

Hiding the complexity of communication and in-
teraction with heterogeneous, distributed data
sources.

Mapping the results obtained into the form ex-
pected by the user and storing them for future
analysis.

Allowing e ortless incorporation of new data
sources as needed, and supporting sharing of on-
tologies between di erent users.

In general, there are two broad approaches to data
integration: Data Warehousing and Database Federa-
tion. In the data warehousing approach, data from het-
erogeneous information sources is gathered, mapped to
a common structure and stored in a central location.
Periodic updates are required to ensure that the infor-
mation contained in the warehouse is up-to-date with



the contents of the individual sources. Howewer, the
data replication/up dating processcan be quite expen-
sive in caseof large information repositories. Also, this
approad relies on a single common ontology for all
userswhich is speci ed as part of the warehousede-
sign. As a result, the systemtends to be less exible.
On the other hand, in caseof databasefederation, the
information neededto answer a query is gathered di-
rectly from the data sourcesin responseto the posted
guery. Hence,the results are up-to-date with respectto
the contents of the data sourcesat the time the query is
posted. More importantly, this approad is being more
readily adapted to applications where usersare able to
imposetheir own ontologies and specify queriesusing
the various conceptsin those ontologies. Becauseour
focus is on data integration for sciertic applications,
which requiresusersto be ableto exibly interpret and
integrate data from multiple autonomous sources,we
adopt the federated architecture for our system.

Typically, a query posted by the user must be de-
composedinto a set of operations corresponding to the
information that needsto be gathered from ead data
sourceand the form in which this information must be
returned to the system. These operations should be
capable of dealing with syntactic (or structural) and
semartic (or intended meaning) mismatchesby trans-
forming the queriesexpressedn terms of the useron-
tology into data source-sgci ¢ execution plans. These
plans describe what information to extract from ead
data sourceand how to combine the results. In general,
there are two basic approadchesfor dealingwith seman-
tic mismatches for query answering: Source-Centric
approach and Query-Centric approach In the case
of the source-cefric approadc, ead individual data
sourcedetermines how the terms in a data sourceon-
tology (or vocabulary) are mappedto terms in the user
(or global) ontology. Thus, the user has little control
on the true meaning of concepts, and hence the re-
sults of a query. In other words, this approac puts
the information sourcesin control of the semartics. In
cortrast, in the query-certric approac to information
integration, conceptsin the user ontology are de ned
in terms of conceptsin data source-sgeci ¢ ontologies.
Thus, the query-certric approad is better suited for
data integration applications in which the usersneed
the ability to imposethe ontologies (and sematrtics) of
their choiceto exibly interpret and analyze informa-
tion from autonomous sources. Howe\er, this requires
the user or administrator of the integration systemto
specify precisely how conceptsin the userontology are
mapped to data sourceontologies. As aresult, the user
cortrols/sp eci es the semartics becauseof of which we
adopt the query-certric approach to data integration

in INDUS.

Figure 1. Simplied INDUS Architecture

A simpli ed architecture of INDUS is shown in Fig-
ure 1. Typically, seweral related distributed and seman-
tically heterogeneousdata sources can be available to
users who may want to query the data sourcesof in-
terest via a query interface. Each user has the ability
to impose his or her semariics by de ning user on-
tologies The systemprovidesan user-friendly ontology
and mapping editor [6] via which the usersof the sys-
tem can specify mappings betweenthe conceptsin the
user ontology and data source ontologies. These on-
tologiesand mappingsare stored in the mapping repos-
itory. Once a query is posedby the user, it is handled
by the query answering engine which acts asa middle-
ware between the users (or clients) and data sources
(or seners). This enginehasaccesdo the data sources
as well as the set of user-speci ed mappings. Thus,
when the enginereceivesan user query, it decomposes
the query into distributed sources,mapsthe individual
gueriesinto data source-sgeci c semarics, and nally
composesthe partial answers of ead sub-query into
nal result which is sent back to the user.

There are seweral features that distinguish INDUS
from various other data integration systems:

INDUS imposesa clear separation between data
and the semartics of data. Sudch an approac al-
lows usersto specify mappings from the concepts
in their ontologiesto the data sourceontologies.

Instead of having a single global ontology (com-
mon to all users), INDUS allows usersto specify
their ontologies and mappings to the data source
ontologies.



