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Abstract: Defects in transformer insulation cause
partial discharges (PD)  which, over time, can
progressively deteriorate the insulating material and
possibly lead to electrical breakdown. Therefore, the
early detection of the PD is crucial. A PD emits an
electromagnetic signal in the Ultra High Frequency
range, and current digital hardware has made it possible
to transform this raw data into a Phase-Resolved Partial
Discharge (PRPD) pattern. Automated PD diagnostic
systems previously employed pattern recognition
techniques. However, specialists are now able to
identify features of the PRPD pattern and deduce
different behaviours and therefore physical geometrical
aspects of the defect. Using this knowledge within a
knowledge-based system provides an explanation, and
therefore reassurance of the diagnosed fault. This paper
describes how to capture and model the knowledge from
experts, along with the construction of a rule-based
system. It presents a case study of the system’s use and
the introduction of explanation when diagnosing a
defect. The next stage of the monitoring process
involves linking the online PD data capture to further
diagnostic algorithms and user interfaces. This paper
illustrates how this knowledge-based system integrates
into an overall transformer monitoring system to
provide further data handling and interpretation
functions.

1 INTRODUCTION

Without the correct maintenance transformers
currently have a lifespan of 20-50 years. Transformers
can experience problems at any stage of their life, for
example, loose metal components present after
production, or sharp objects lodging on the high voltage
structures over time. Early detection of these kinds of
faults have economic benefits such as; providing time to
take action, reducing unplanned power outages and
improving safety of personnel. Condition monitoring is
intended to extend the life of a transformer by observing
and measuring conditions within the transformer, as
well as detecting and monitoring any signs of faults.
For several years significant research has targeted the
monitoring of transformers for partial discharges [1];
however, at present there are only a limited number of
experts who can interpret the captured data.

The data is captured from the transformer by the use
of UHF sensors mounted on special dielectric windows
[2]. The sensor data can be transformed into a 3D

Phase-Resolved Partial Discharge (PRPD) pattern, see
Fig 1, by the use of current digital hardware [3].
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Fig. 1: PRPD pattern showing a one second snapshot

Experts are able to examine the 3D PRPD pattern
and identify distinct features in the pattern that are
indicative of various aspects of partial discharge (PD)
behaviour. This allows the experts to identify the defect
characteristics and thus identify the defect type that
created the pattern.

Previous PD diagnostic research focused on
employing pattern recognition techniques, such as
neural networks, which offered no explicit justification
for the derived classification. Examples of these
techniques are used in COndition Monitoring Multi-
Agent System (COMMAS) [4]. COMMAS is an
overall transformer monitoring system, which uses an
agent-based approach to the diagnosis of partial
discharge data. Due to the “black box” nature of the
techniques used in COMMAS there is no explanation of
the classified defect. However, as further knowledge of
PD behaviour and defect types were gained by experts,
opportunities to employ and incorporate a knowledge-
based system arose offering a diagnostic explanation of
the defect classification. In order to use this knowledge
within a knowledge-based system, to automatically
identify the defect, it must first be captured. To do this
knowledge engineering techniques are used.

2 KNOWLEDGE ENGINEERING

Knowledge Engineering is a technique used to
capture and model the expert’s knowledge used in a
knowledge-based system.



2.1. Knowledge Elicitation

The first stage of the knowledge engineering process
is knowledge elicitation. This stage involves the use of
case studies and interviews to capture the tacit
knowledge from the expert. Tacit knowledge is
generally experiential knowledge often associated with
tasks performed by specialists or experts in a particular
field. Performing such tasks often becomes ‘second
nature’ to the expert and as such the required knowledge
and experience can be difficult to articulate. It is
therefore tacit knowledge that often sets experts apart
from non-experts and similarly distinguishes expert
systems from traditional information systems.

2.2. Knowledge Representation

An intermediate level of knowledge abstraction is
required to facilitate the transformation of the
knowledge captured during the elicitation process into
the symbolic representation necessary for software
programming. Newel [5] introduced the notion of a
“knowledge-level”, providing a conceptual
representation of an expert’s knowledge, as an integral
part of knowledge-based system design.

This “knowledge-level” requirement is the
fundamental difference between knowledge-based
systems and conventional software systems. This
inspired two ESPRIT research projects of the mid
1980’s to develop a structured methodology supporting
the implementation-independent representation of
expertise at the conceptual knowledge-level as part of
knowledge-based system development [6]. The
outcome of this research was the KADS (Knowledge
Analysis and Design Support) methodology, which later
evolved into KADS II and most recently
CommonKADS [7].

CommonKADS is the leading methodology to
support structured knowledge engineering. The
CommonKADS knowledge model has three categories;
task knowledge, inference knowledge and domain
knowledge. Each of the three categories are modelled
using Unified Modelling Language (UML) diagrams
[8].

The first knowledge category used in
CommonKADS is the task knowledge, which describes
the goals and how they can be accomplished through the
use of subtasks and the inferences. The inference
knowledge describes the steps that are needed to be
taken to reach a goal. This is achieved by making use
of the domain knowledge, which is knowledge about the
overall topic in an application.

2.3. Knowledge Validation and Utilisation

Once the knowledge has been acquired and
represented it needs to be validated by the expert. Any
changes to the knowledge are incorporated and the
knowledge is then able to be used as rules in a rule-
based system.

3 DEFECT DIAGNOSIS

Previous research focused on the use of UHF
sensors [9], [10] to detect seven PD defect classes that
might develop within an HV transformer. These are:

1. Bad Contact: caused by sparking, e.g. between
the threads of loose nuts and bolts.

2. Floating Component: cause PD at conducting
objects that have become isolated and acquire a
floating potential.

3. Suspended Particle: caused by small, moving
conducting objects or debris within the
insulating oil.

4. Rolling Particle: caused by free particles
resting on a conductive surface until influenced
by the electric field causing them to roll or
bounce around.

5. Protrusion: caused by fixed, sharp metallic
protrusions on conductors.

6. Surface Discharge: caused by moisture ingress,
or as a result of interactions between cellulose
material and the insulating oil causing
pressboard to become semi-conducting.

7. Floating Electrode: capacitive sparking at
components such as stress shields which may
have become partially detached from the
chamber resulting in ineffective bonding.

3.1. System Specification

The knowledge elicitation interviews with the
experts highlighted a step by step process that led to the
final diagnosis. This arose from it not being possible to
traverse straight from the PRPD pattern to a defect
classification. Fig 2 represents this process as a UML
activity diagram.

The diagnostic process is broken down into a
number of steps that draw upon the knowledge of the
experts. Knowledge elicitation interviews were
undertaken to capture the appropriate knowledge from
the experts. The first interview with the experts was
unstructured, which allowed the experts to talk freely
about their domain. The outcome from this interview
consisted of background knowledge about PDs and
insulation materials used within the transformer, as well
as defining the different types of defects that could
occur. Once this background knowledge was gained it
was possible to construct case studies of possible
defects.  The experts brought along PRPD patterns of
various defects to further meetings. This structure to the
interview meant that the experts could step through the
already identified diagnostic process highlighting
various descriptors and PD behaviours recognised from
the PRPD pattern.
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Fig. 2: UML Activity Diagram of the PD diagnosis

3.2. Rule Construction

The experts’ domain knowledge is represented as
rules with the following structure; /F condition then
action. These rules are used in a forward chaining rule-
based system. This type of system takes in the data and
matches the condition part of the rules to reach the
action. These actions are then placed in working
memory where they can be used in later stages of the
system to diagnose a defect. During the knowledge
engineering process semantic network models were
created. These causal diagrams display the experts’
knowledge in a way that makes it easier to understand
and validate. Semantic network models are directed
graphs that show the relationships between concepts.
An example of this can be seen in Fig 3. This figure
shows the domain knowledge applied in stage #2 of the
diagnostic process illustrated in Fig 2. The left hand
side of the model in Fig 3 shows the descriptor
identified from the PRPD pattern and the right hand side

shows its associated PD behaviour. Fig 3 also shows
how this model is represented as rules in the
knowledge-based system.
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Fig. 3: Knowledge rules from Semantic Models

4 CASE STUDY

This case study will show how the experts’
knowledge can be used to diagnose a defect. Not only
will this knowledge-based system provide a diagnosis
but it will also give the user an explanation as to why
this defect was identified. This explanation is obtained
using the relevant expert knowledge at each stage of the
diagnostic process. It will provide the user with greater
confidence in the defect diagnosis output from the
system by providing evidence in support of the
outcome.

4.1. Stage #1 — Split PRPD Pattern into Descriptors

The PRPD pattern shown in Fig 1 was generated by
a protrusion defect on the high voltage conductor. This
pattern will be used as the input to the case study. This
pattern is passed into stage #1 in Fig 2. This stage
extracts descriptors from the PRPD pattern by using
Gulski’s statistical features [ 11]. These descriptors,
identified and defined by the experts during interviews,
include magnitude, phase position, symmetry, shape,
skewness, phase range and density. Fig 4 shows an
example of one of the descriptors that can be identified
from this pattern.
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Fig. 4: Semantic Model of Phase Position Descriptor

4.2. Stage #2 — Match Associated PD Behaviour

The descriptors identified in stage #1 are then passed
into stage #2 of Fig 2. This stage uses the experts’



knowledge of the PD behaviour associated with the
descriptors. Fig 5 illustrates the PD behaviour indicated
by the descriptor ‘discharge located on voltage peaks’.
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Fig. 5: Semantic Model of PD behaviour

4.3. Stage #3 — Match Associated Defect
Characteristics

Stage #3 of the diagnostic process matches the
associated defect characteristics to the PD behaviours
identified in stage #2. Fig 6 shows an example of this.
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Fig. 6: Semantic Model of Defect Characteristics

4.4. Stage #4 — Classify Defect

As the diagnostic process moves through each of the
stages the corresponding outputs are stored in the
working memory of the rule-based system. This allows
outputs to be combined to fire new rules. Fig 7 shows
how two preconditions can be required to come to a
conclusion. Fig 7 is an example of a rule diagnosing the
defect as a protrusion. In the actual system additional
preconditions distilled from the initial PRPD pattern
will be required for a more comprehensive diagnosis.
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Fig. 7: Semantic Model of Defect Classification

4.5. Stage #5 — Identify PD location

Previous research has looked at finding the PD
location from various techniques including “time of
flight” [3]. These techniques can be used in conjunction
with the knowledge gained from the experts. Fig 8
shows how the experts’ knowledge can be used to
inform the user about the subsystem within the
transformer where the protrusion identified in stage #4
may exist.
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Fig. 8: Semantic Model of PD Location

5 BENEFITS OF A KNOWLEDGE-
BASED SYSTEM

The main benefit of this knowledge-based system is
the explanation provided as to why a certain defect was
identified. This justification of the classification will
provide the user with confidence in the final output.

As highlighted from the case study in section 4 the
experts’ knowledge is used in individual stages in the
diagnostic process shown in Fig 2. As new knowledge
of PD behaviour, defect characteristics or defect
classification are introduced by additional experts, or
through further understanding of the PRPD pattern ,
additional knowledge can easily be added to the
corresponding stage of the knowledge-based system.
This offers an extensible system for automated PD
diagnostics.

It is thought that the knowledge used by this system
could be generic for different electrical apparatus. This
would offer a flexible system for PD diagnosis in
equipment other than the transformer.

6 FUTURE WORK

6.1. Integration into COMMAS

COMMAS’ agent-based architecture provides
flexibility, which allows it to accommodate various
sensors and different data interpretation techniques.
Autonomous modules (agents) perform separate parts of
the data management and interpretation tasks. Full
details of this system and the benefits of the agent-based
approach have been reported previously [4].  This
means that only the agents associated with required
tasks are deployed for diagnosis, see Fig 9.



COMMAS
Architecture

Engineering
Assistant
Agent

A

A\ 4

Transformer

Diagnosis <
Agent

N

Information
Layer

Corroboration
Layer

Knowledge-Based Backpropagation Kmeans C5.0 Rule .
Agent Neural Network Clustering Induction Inte?are;ltlon
Agent Agent Agent Y
- A A
~
~ - /

Feature Vector Extraction Agent At Data
(Extracts relevant statistical Calculation Laver

features from the data) Agent Y

Phase

Transformer UHF

| "l
Resolved Datg w&k <

PD Monitor

Fig. 9: COMMAS Architecture with Knowledge-Based Agent

The agent-based architecture also provides an
extensible framework to integrate different types of data
interpretation. The dashed line in Fig 9 shows how the
knowledge-based system described in this paper can be
integrated within COMMAS to provide further data
handling and interpretation functions. Not only will the
integration of this system provide additional diagnostic
capability, but it will also introduce a practical
explanation for why a particular defect was diagnosed,
and so enhancing the user’s confidence in the diagnosis.

7 CONCLUSION

In the past, research in this area has focused on the
use of pattern recognition techniques to diagnose a
defect. Although these techniques correctly classified a
defect, they offered no explanation of how a
classification was derived. Opportunities to employ a
knowledge-based system and provide a diagnostic
explanation arose as knowledge of the PD behaviour
and defect types were gained. This paper describes a
knowledge-based system used to diagnose defects from
a PRPD pattern. At present only a limited number of
experts are able to identify features from this pattern
and therefore classify the defect that created the pattern.
By using this knowledge within a knowledge-based
system automatic PD diagnosis can be achieved.

This paper has shown, through the use of a case
study, how the experts’ knowledge can be used to
identify the defect behind a PRPD pattern. This
knowledge-based system will not only provide a
diagnosis but it will also provide justification as to why
a certain defect was identified.

This paper also shows that by integrating this
knowledge-based system with COMMAS further
classification will be provided and explanation
justifying this classification will be introduced. This
introduction of a practical explanation will benefit
COMMAS by providing confidence in the defect output
by the system.
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