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Special Issue on Intelligent Computational Techniques 
in Power System Engineering 

Modem power systems are required to generate and 
supply high quality electric energy to customers. To 
achieve this requirement, computers have been applied to 
power system planning, monitoring and control. In the 
planning stage of a power system, system analysis 
programs are executed repeatedly. Engineers adjust and 
modify the input data to these programs according to their 
knowledge about the system until satisfactory plans are 
determined. However, the programs commonly employed 
for power system analysis and planning are based on 
mathematical models and numerical techniques. For 
sophisticated approaches to system planning, development 
of methodologies and techniques is needed to build 
intelligent software systeins which have the ability to 
perform reasoning on the practical knowledge of the 
planning engineers and the ability to process planning 
data intelligently. 

In the area of power system monitoring and control, 
computer based Energy Management Systems are now 
widely used in energy control centres. Power system 
analysis programs and other application programs are 
employed in Energy Management Systems for the 
purposes of investigating and predicting the behaviour of 
power systems under steady-state operations. While these 
programs are powerful tools, their ability to assist 
operation engineers to make efficient decisions is very 
limited when unplanned or unexpected modes of system 
operation occur. The abnormal modes of system operation 
may be caused by network faults, active and reactive 
power imbalances, or frequency deviations. An unplanned 
operation may lead to a partial or a complete system 
blackout. Under these emergency situations, power 
systems are restored back to the nonnal state according to 
decisions made by experienced operation engineers. For 
efficient diagnosis of network faults, determination of 
operational strategies for network restoration, and 
balancing active and reactive powers, there is clearly a 
need to develop new computer techniques and methods to 
build intelligent programs in which the precious 
knowledge of experienced operation engineers can be 
accounted for and by which useful information can be 
extracted from measured data. There is also a need to 
develop fast and efficient methods for the prediction of 
abnonnal power system behaviour. 

Knowledge representation methods and automated 
reasoning techniques in Artificial Intelligence (AI) form 
the basis for building some kind of intelligent systems 
such as knowledge-based systems and fuzzy logic systems. 
These systems reason with declarative knowledge. The 
learning ability and fast information processing ability of 
Artificial Neural Networks (ANNs) make them ideal tools 
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for solving power system problems on-line. Evolutionary 
Computation (EC), in addition, offers powerful intelligent 
techniques such as Genetic Algorithms, Evolutionary 
Strategies and Evolutionary Programming for solving 
complex combinational optirnisation problems in power 
system engineering. Supplemented by conventional 
computing techniques, intelligent computational methods 
in the fields of AI, ANN and EC have found their ways 
into power system planning, operation and control. 

This special issue aims to present the state-of-art in the 
applications of intelligent computational methods in 
power system engineering. There are eleven papers and 
they cover many important areas of applications. The 
areas are transmission and distribution network fault 
diagnosis, converter fault diagnosis in High Voltage 
Direct Current (HVDC) transmission systems, thermal 
generator parameter estimation, design of excitation and 
speed governing control systems for synchronous 
generators, thermal generator maintenance scheduling, 
contingency ranking, prediction of voltage instability, and 
transient stability assessment. The area of electric train 
operation is also included. 

The sequence of the papers in this issue is arranged 
according to the type of intelligent computational methods 
they used for solving the problems. As different methods 
have their own characteristics, the sequence here does not 
imply some approaches are better than others. The first 
three papers deal with knowledge-based systems, machine 
learning techniques and approximate reasoning. The 
fourth and fifth papers are in the area of applications of 
fuzzy logic systems. This is followed by four papers on 
neural networks. The last two papers are on evolutionary 
programming and genetic algorithms. 

The first paper, "Semi-Automated Knowledge 
Enhancement (SAKE) for rule-based Systems," by 
Rosenwald, Liu, Wan, Muchlinski and Sobajic addresses 
the difficulties in the validation and enhancement of the 
knowledge in the knowledge base during the development 
and maintenance of knowledge-based systems. In this 
paper, a method for semi-automation of the procedures 
required to enhance the knowledge in rule-based systems 
is presented. The method deals with the identification of 
test cases, validation testing, error identification, 
knowledge enhancement and verification. It helps to 
relieve knowledge engineers from repetitive, time
consuming tasks and has the potential to significantly 
reduce the cost of knowledge-based syste·m maintenance. 
The authors illustrate their method using a transmission 
system fault diagnosis example. 
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Shahrestani, Ypsilantis and Yee in the second paper titled 
"Adaptive pattern recognition and machine learning of 
sequences: Application to power distribution," offer a 
different way to perform network fault diagnosis. They 
show how adaptive pattern recognition techniques and 
machine learning of sequences of events can be used to 
develop power distribution network fault diagnosis 
algorithms. The pattern recognition based algorithm 
identifies the different classes of fault that may occur in 
distribution networks. The machine learning based 
algorithm filters a set of event sequences and produces a 
set of filtered sequence of events from which the fault 
location can be inferred. The authors demonstrated their 
methods on a 22 kV distnbution power network. 

The de-regulation of the electric power industry has made 
a great deal of impact to power system planning and 
operation. One of the important issues is power system 
reliability. Tomsovic and Baer, authors of the third paper, 
"Towards systematic approximate reasoning methods in 
power system equipment condition monitoring and 
reliability analysis," point out that there has been 
increased interest in realising cost savings by extending 
equipment lifetimes with focus on a comprehensive view 
of power system reliability. To extend equipment 
lifetimes, the conditions and the reliability of the 
equipment must be monitored and analysed and a 
systematic approach for monitoring and analysis is 
required. Tomsovic and Baer propose an approximate 
reasoning approach based on fuzzy sets. Their method can 
incorporate expert judgment in reliability calculations. 

While fuzzy sets and fuzzy logic are useful in approximate 
reasoning, they are also one of the important tools for 
building intelligent fuzzy systems for control purposes. In 
the power system field, Hiyama and his colleagues have 
previously developed a micr<KOmputer based fuzzy logic 
power system stabiliser to enhance power system stability. 
The fuzzy stabiliser is now undergoing a long term 
evaluation on two hydro units in the Kyushu Electric 
Power System, Japan. In the fourth paper, "Fuzzy logic 
excitation and speed governing control systems for 
stability enhancement of power system," Hiyama and Ueki 
present the development of fuzzy logic excitation and 
fuzzy speed governing control systems to further enhance 
the overall stability of power systems. The effectiveness of 
their proposed systems is demonstrated through 
simulation studies. The proposed systems are promising 
and do not require intensive computation. 

Another example of the applications of fuzzy logic is 
given in the fifth paper, "Fuzzy controller for automatic 
train operations," by Chang and Sim. With the aim to 
achieving the operation goals of train safety, passenger 
satisfaction and maintaining operational efficiency, Chang 
and Sim propose to use a fuzzy controller for automatic 
train operation. Their controller contains four groups of 
comprehensive fuzzy rules that determine the most 
suitable status of the train for motoring, coasting, brake to 
target speed, or brake to stop. Further work is being 
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undertaken by the authors to optirnise the performance of 
the controller. 

Turning now to the applications of ANNs in power 
systems, the sixth paper titled "Fault diagnosis using 
neural networks in HVDC systems", by Sood, 
Chandrasekharaiah and Lai, is devoted to the area of fault 
diagnosis. This paper first overviews methods for power 
network fault detection and diagnosis. The methods 
include expert systems, model-based recognition methods, 
pattern classification techniques and knowledge-based 
pattern recognition approaches. It then introduces ANNs 
and High Voltage Direct Current (HVDC) power 
transmission systems. At the terminals of the HVDC 
transmission links, converters are utilised to convert ac 
power to de power or vice versa. The authors report their 
investigation into the feasibility of using ANNs to rapidly 
identify the different types of faults which may occur in 
the converters. They point out that the prediction and 
detection of commutation failure in HVDC converters is 
an ideal application for ANN-based techniques. 

Contingency ranking in power system operation is to 
predict the degree of impact on the power system due to 
various equipment outages and is a promising area for 
ANN application. In the seventh paper, "Fast contingency 
ranking using artificial neural networks," by Lo, Peng, 
Macqueen, Ekwue and Cheng, work on the use of the 
backpropagation and counterpropagation networks to 
recognise the performance indices of various 
contingencies under different operating conditions are 
presented. Test results on a 5-busbars 7-line power system 
are included. The investigation finds that the 
backpropagation network is promising for on-line 
contingency ranking. Currently the ANN approach 
proposed by the authors is being tested on a real-life 
system in the United Kingdom. 

Another possible on-line application of ANNs is in the 
area of voltage instability of power system. Voltage 
instability is caused by inadequate reactive power support 
at weak nodes in the power network. Intensive studies has 
been carried out around the world on the voltage 
instability problem because it is a major cause of the 
collapse of power systems. A great deal of interest has 
raised in the development of methods for the early 
detection of voltage collapse. Sutanto, Zhu, Lachs and 
Morrison in the eighth paper, "Fast prediction of system 
voltage instability using artificial neural networks," 
develop a new approach using ANNs. In their approach, 
many practical aspects of power system operation are 
taken into consideration. The state power system grid in 
New South Wales of Australia has been chosen as the 
sample system for the demonstration of the usefulness of 
their ANN method. 

Apart from the voltage instability problem, transient 
stability is another important stability problem in power 
systems. This stability problem is due to the imbalance 
between the electrical and mechanical powers in the 
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power system when unexpected large disturbance is 
imposed on the system. The last paper in the ANN 
segment of papers titled "An artificial neural network 
approach to transient stability assessment," by Lau and 
Wong describes a general ANN approach for constructing 
feedforward networks for fast estimation of the critical 
fault clearance time. The critical fault clearance time is 
the time beyond which the stability of the power system 
will be lost. The approach is applied to develop an ANN 
system which identifies the type and the location of fault 
and the critical clearing time. 

The last but not least important segment of papers is 
related to evolutionary computation. The first paper in this 
segment deals with the problem of generator parameter 
estimation. Similar to transmission line parameters, 
generator parameters are essential data for power system 
analysis. Amongst other factors, the dynamic behaviour of 
a power system depends on the parameters of the 
generators. Lai and Ma in their paper, "A novel 
application of evolutionary programming to generator 
parameter estimation in a multi-machine system," show 
how evolutionary programming method can be applied to 
accurately determine the dynamic parameters of 
synchronous generators. The model of the generator is 
summarised and the essence of evolutionary programming 
is presented. The authors illustrated the power of their 
evolutionary-programming-based approach in the 
determination of generator parameters from noisy data for 
a generator in a 5-machine power system. 

The final paper deals with the generator maintenance 
scheduling problem. This is an important scheduling 
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problem in power system operation and is a complex 
combinational optimisation problem especially when the 
number of generators in the problem is large. Nara and 
Kim in the paper "Multiple stage genetic operation 
applied to generator maintenance scheduling," propose a 
genetic-algorithm-based approach to solve this problem. 
They also . suggest a new way to perform the crossover 
action on the candidate solution chromosomes. Extending 
from the most basic form of genetic algorithms, they 
improve the performance of the method by combining the 
simple genetic algorithm with the acceptance check 
mechanism of simulated annealing and the tabu search 
technique. Three application examples are presented in 
the paper and the hybrid algorithms are found to be 
promising: 

The papers in this issue collectively show that intelligence 
computational methods based on AI, fuzzy sets, ANNs 
and EC are powerful new computer methods for power 
system engineering. It can be envisaged that these 
methods will be applied to many areas of power 
engineering not covered by the papers in this issue. It can 
also be envisaged that systems developed using these 
methods will offer more sophisticated tools for power 
engineers. 

Finally I wish to express my sincere gratitude to the 
authors for their valuable paper contributions and to the 
reviewers for their efforts. 

KitPo Wong 
Guest Editor 
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Semi-Automated Knowledge Enhancement (SAKE) 
for Rule-Based Systems 

Gary W. Rosenwald Chen-Ching Liu Bei Wang 
University of Washington 

Dept. of Electrical Engineering 
Seattle, Washington, USA 

Stephen L Muchlinski 
Puget Sound Power and Light Company 

· Redmond, Washington, USA 

Dejan ]. Sobajic 
Electric Power Research Institute 
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Abstract- Although rule-based systems have shown their usefulness in many applications, the on-going effort which is 
required to maintain the knowledge in these systems can be costly and time-consuming. In this paper a method for the 
(semi-) automation of the procedures required to enhance the knowledge in a rule base is presented. The steps in the 
proposed process include the identification of test cases, validation testing, error identification, knowledge 
enhancement, and verification. Although the tasks are partially automated, some knowledge engineer and/or expert 
guidance is required for the knowledge enhancement process. Such automation of the knowledge enhancement task will 
help relieve knowledge engineers and experts from repetitive, time-consuming tasks and has the potential to significantly 
reduce the cost of knowledge-based system maintenance. 

Keywords- equivalence classes, knowledge acquisition, rule-based systems, verification, validation 

1. Introduction 
In recent years, knowledge based systems (KBSs) 

have been applied . to a wide variety of power system 
problems [1]. Despite the efforts to develop KBSs and the 
usefulness demonstrated by these applications, methods to 
address the difficult tasks of knowledge acquisition and 
KBS maintenance are still needed. Frameworks for 
developing and maintaining KBSs have been discussed in 
terms of development life-cycles, such as the familiar 
waterfall and spiral paradigms [2]. These frameworks 
describe a sequence of developmental tasks, e.g., design, 
implementation, and verification, which systematically 
lead to the enhancement of software. Discussions of such 
developmental life-cycles describe a temporal sequence of 
these tasks, but do not describe the methods to perform the 
tasks. 

As a rule-based system (RBS) evolves during its 
phases of development, modifications and/or errors in the 
rule base will be identified. To incorporate the desired 
knowledge in the RBS, one or more rules must be 
modified or added to the rule base. Some common types 
of errors in the knowledge base of RBSs include 

• the desired knowledge is not in the knowledge base 
and should be added as a new rule or used to modify 
an existing rule, 
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• the desired knowledge exists, but the conditions 
necessary to use the knowledge are incorrect and 
should be modified, and 

• the conditions required to use more than one piece of 
knowledge are satisfied, but the one with the desired 
knowledge is not the one that is selected by the 
inference engine. 

The enhancement of the knowledge base required to 
correct such errors is a significant barrier to the 
development of RBSs because of the requirements on the 
knowledge engineer/expert (KE/E) to perform tedious and 
time-consuming tasks in the verification and validation 
(V & V) of the rule base (such as specifying test cases and 
evaluating the performance of the RBS for each case) and 
in creating and modifying the rules to represent the 
desired knowledge. Partial automation of the procedures 
of V&V and knowledge acquisition would reduce these 
demands on the KEIE for development and maintenance. 
Because of the complexity of these tasks and the high
level knowledge involved, some KE!E involvement is 
required, but the proposed SAKE method reduces the 
demands on the KEIE in the knowledge enhancement 
process. 

Various methods have been proposed for RBS V&V 
and knowledge acquisition, but these methods generally 
require substantial effort on the part of the KEs!Es and 
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normally address the tasks individually. Indeed, a CIGRE 
1F 38-06-03 survey showed that vendors and/or 
developers have maintained a high degree of involvement 
to support the practical application of KBSs in electric 
power system applications [3]. To remove some of the 
burden this process has put on KEs/Es, methods are 
needed which integrate the processes of validation testing 
and acquiring knowledge to correct the identified errors. 

Verification involves the review of the design and 
development process to ensure that a RBS is constructed 
according to specifications to attain the desired RBS 
operation and knowledge base properties (e.g., there 
should be no conflicting knowledge in the knowledge 
base). Verification often includes searching for 
redundancy, conflicts, subsumption, implication, 
unnecessary elements, mutual exclusion, deficiencies, 
semantic correctness, dead ends, and/or circular flows of 
knowledge. Verification methods have been implemented 
in many ways including the use of decision tables [4-6], 
knowledge base reduction [7], RETE net representations 
[8, 9], Petri nets [10, 11], and systems which allow more 
generic knowledge formats [12, 13]. Surveys of 
verification methods can be found in [ 14-17]. 

RBS validation is intended to ensure that RBSs 
operate with acceptable accuracy for the tasks for which 
they are designed. Since exhaustive testing of all 
potential scenarios from the RBS's input domain 
frequently requires too many test cases, other methods are 
used to define test cases for RBS testing. Methods which 
select cases representing a subset of the potential input 
domain [ 16-18] include white-box or structural testing in 
which the structure of the rule base is used to select the 
test cases (e.g., a test case which will use Rule 106); 
black-box or functional testing in which test cases are 
selected to test specific input-output specifications; and 
random testing in which test cases are selected from the 
input domain at random. In [19, 20], the content of the 
rule base and the actions of the inference engine are used 
to. define equivalence classes of domain scenarios which 
provide complete coverage of the RBS's input domain by 
testing one case from each of the classes of domain 
scenarios. 

The task of knowledge acquisition for RBSs is 
concerned with finding adequate representations of the 
desired knowledge as rules to store in the knowledge base. 
Methods of automatic knowledge acquisition (or machine 
learning) can be classified by their learning methods, e.g., 
learning by instruction, deduction, analogy, and induction 
[21, 22]. For the SAKE method, the required knowledge 
enhancement is based on the analysis of many test cases. 
The desired knowledge is obtained from the knowledge 
used in validation testing and by identifying the errors in 
the rule base which lead to an incorrect result. This 
learning by the analysis of examples is a subset of 
learning by induction. Since a KE/E is often required for 
RBS testing and knowledge enhancement, a method that 
automatically identifies errors and acquires knowledge to 
correct the errors found in the rule base has the potential 
to significantly reduce the cost of maintaining RBSs. 
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After knowledge is added to a rule base, V&V should 
be repeated for the modified rule base to ensure that it will 
operate as desired. This iterative process in RBS 
development can be time consuming and tedious for 
K.Es/Es whose inputs typically play the major role in the 
V & V and knowledge acquisition processes by defining 
test cases, checking the RBS's output against the desired 
output for each test case, identifying errors, acquiring the 
knowledge required to correct the errors, and ensuring 
that the new knowledge is consistent with the rest of the 
rule base. The goal of the method proposed in this paper 
is to reduce the time and effort required by the K.Es/Es by 
integrating the V &V and associated knowledge 
enhancement tasks in a semi-automated procedure to 
select test cases, establish the accuracy of the RBS's 
response, identify errors, correct the knowledge in the rule 
base, if possible, and to verify the consistency of the new 
knowledge with the rest of the rule base. 

2. Semi-Automated Knowledge 
Enhancement (SAKE) 

The knowledge in an existing rule base must be 
modified when knowledge for new scenarios is 
introduced, when the desired operation of the RBS is 
modified, or when errors in the knowledge base are 
identified. Previously each such change has required 
substantial effort on the part of the KE/E to determine the 
desired knowledge to be added to the rule base and to 
verify and validate the modified rule base. The proposed 
SAKE method attempts to reduce the high costs of 
knowledge enhancement by increasing the amount of the 
process that can be done automatically. 

The SAKE method can be broken down into 5 tasks: 
( 1) automatically generate a sufficient number of 
scenarios to test the knowledge contained in the rule base 
for all potential input scenarios, (2) automatically test the 
identified scenarios to validate the RBS, (3) if one or more 
test cases fail, identify the erroneous knowledge in the 
rule base, (4) acquire the knowledge to correct the error(s) 
in the form of a modified or additional rule(s), and (5) 
verify that knowledge base consistency is maintained. 
(See Figure 1.) 

To generate the test scenarios, a module-based 
representation of the RBS describing the sequences of 
knowledge used in the operation of the RBS (described in 
Section 2.1) is required. Each of the resulting test cases is 
generic, representing an equivalence class of domain 
scenarios for which the RBS produces equivalent results 
for a specified set of inputs. Test cases covering all input 
scenarios for which the RBS operation is defined are 
generated, tested, and corrected for each module in each 
path of logic flow through the RBS. If a module may be 
used in more than one sequence of modules, its analysis 
will be repeated for each unique path specified in the RBS 
representation. The modules are tested and corrected 
individually. The sequential V&V of modules in a path 
through the RBS ensures that the output of a module is 
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correct when it is used as input for the test case 
generation, testing, and correction for the analysis of the 
next module in the sequence. For automated testing, the 
generic test cases are compared against an independent 
model, called AUTOTEST, which determines the 
expected output of the RBS. If the validation testing is 
successful for all test cases for all RBS modules (i.e., the 
RBS produces the desired output for all test cases), then 
SAKE is complete since there is no knowledge in the rule 
base which requires modification. However, if the RBS 
does not produce the desired output for at least one of the 
test cases, the knowledge in the rule base must be 
enhanced. To acquire the desired knowledge, first the 
type and location of the error are identified. The error 
identification procedure described in this paper is able to 
detect errors that are caused by incorrect conclusions or 
incorrect conditions in a module's rules and errors due to 
insufficient knowledge to cover all scenarios defined in 
AUTOTEST. After the errors are identified, effort is 
made to identify the knowledge to correct the error 
without the aid of a KEIE. If the error cannot be located 
or the correct knowledge cannot be identified 
automatically, a KEIE may be required to augment or 
correct the knowledge base. Before the new knowledge is 
added to the rule base, a verification check should be 
made to ensure that the proposed modification is 
consistent with the existing rule base and system 
specifications. If the knowledge to be added to the rule 
base was not specified by the KE/E, he or she should 
approve the changes before they are incorporated in the 
modified rule base. When this procedure is complete for a 
module, it is repeated for the new, modified module until 
validation testing is successful. The output of this 
validated module is used as the input for the analysis of 
the next module in the sequence of the RBS operation. 
The process is repeated until the modules in all paths of 
modules in the RBS have been successfully validated. 

New Module 

No More Modules 

Unsuccessful 

Unidentified 

or Paths Updated 

RBS 

AUTOTEST 
Prediction 

Model 

Figure 1. SAKE for RBS Modification. 
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The error identification and knowledge acquiSltton 
methods described in this paper require an independent 
model of the RBS which deduces the expected RBS output 
when given the RBS's input and the cause of the analyzed 
event; it describes the RBS's ability to reason from the 
observed data toward the cause. For many RBSs, such a 
parallel model may not be formalized and encoded to be 
available for automatic system analysis. If such a system 
is not available, the task of validation testing described in 
this paper may be replaced by manual validation testing 
and the tasks of error identification and knowledge 
acquisition may be replaced by a different knowledge 
acquisition technique such as learning by discovery or 
learning by analogy [21, 22]. 

The description of the SAKE process is exemplified 
using the· Customer Restoration and Fault Testing 
(CRAFT) expert system [23, 24] . The CRAFT rule-based 
system is implemented in OPS/83 and is composed of over 
700 rules which is used to locate faults on power lines in 
the Puget Sound Power and Light Company's electric 
power subtransmission network using information 
gathered about the operation of remotely-monitored power 
circuit breakers and automatic switches to determine if 
test switching should be done. and, if possible, to describe 
a sequence of switching operations to restore power to 
customers in a section of the system which has been de
energized due to a fault. 

2.1. Automatic Generation of Equivalence 
Classes for Validation Testing 

A method of automatically determining a set of 
equivalence classes of domain scenarios which cover all 
scenarios in the input domain of the current rule base is 
described in [l9, 20]. In the SAKE method, the 
generation of equivalence class has been modified to 
determine test cases for RBS modules rather than for each 
low-level subtask in the RBS as described [19, 20]. 
However the method of generation of these equivalence 
classes from the rules in the RBS and their selection by 
the inference engine as represented in a multi-layered 
directed graph of the RBS operation is similar. 

The RBS is input to SAKE as a multi-layered digraph 
which describes the modular structure of the RBS and the 
inference control. The digraph is composed of arcs and 
nodes with the nodes representing sets of rules that 
function to complete the problem-solving tasks done by 
the RBS and the arcs. representing the rules in the RBS 
which control the sequence of tasks executed in the 
operation of the RBS. There are two types of tasks in the 
digraph representation; each higher-level task is itself 
composed of a control structure and subtasks, and each 
low-level task is composed of a unique chain of rules 
which always act together in a specified order. The 
higher-level tasks create multiple levels of detail to create 
the multi-layered directed graph. The digraph of the RBS 
represents the rules in the rule base as the .nodes and the 
control arcs and includes the operation of the RBS 
inference engine in the connection of the nodes and arcs. 
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For the SAKE method, modules must be defined in 
the digraph RBS representation based on the information 
available for validation testing. A module is a task in the 
digraph. For validation testing, a parallel model 
describing the desired RBS performance is required to 
compare against the RBS results. The second source of 
information is described in more detail in the next section. 
This second source will be available for specific levels of 
tasks within the RBS . These tasks are the modules for the 
RBS. Together, the modules should cover all of the 
lowest-level tasks (nodes) in the RBS either by specifying 
a few high-level modules, each incorporating many low
level tasks, or by specifying many modules, each covering 
a small number of low-level tasks. 

The equivalence classes for a module are determined 
by symbolically executing the rules which are encountered 
as the paths through the module are traversed, as opposed 
to the normal operation of the RBS where the paths are 
selected based upon the attributes of the specific input 
scenario presented to the RBS. The symbolic execution of 
the RBS is achieved using a pseudo-working memory 
(PWM) [8] in which the attributes hold variable values 
derived from rule specifications, e.g., A < I 0, rather than 
the scenario-specific values that variables hold during 
normal RBS operation, e.g., A = 7. The symbolic values 
of the pseudo-working memory elements (PWMEs) are 
defined by the rule conditions and rule actions that have 
previously been executed as well as any initial problem 
conditions that must exist when the RBS inference begins. 
As the rules in a path through the digraph are executed in 
the RBS, the PWM is modified by keeping the set 
intersection of the PWMEs and a rule ' s conditions (the 
most general conditions that may exist for a rule to be 
satistied) and by modifying the PWM according to the 

Power System 
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Test Action 
Switching 

Alapns +-------. 
+ 

Alarm 
Detection 
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Location 
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Restoration 
Switching 

~ ~ 
'-------1 Dispatcher's t-------+--' 

Approval 
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actions of the rule. (See [19, 20] for a more complete 
description of the traversal of rules along a path in the 
digraph.) An equivalence class used for validation 
testing in SAKE is defined for each of the PWM states 
that may exist before a module and the associated output 
PWM states which may exist after the module has been 
executed. An input state for a module depends upon the 
path taken through the digraph to the module and the 
initial PWM state of the RBS . The output states of one 
module become the input states for the next module in the 
digraph. For one input state at a module, there may be 
several possible output states corresponding to different 
paths through the module. 

CRAFT can be described as a set of rule modules 
(shown in Figure 2) which perform the tasks required to 
locate faults and give power dispatchers switching and 
fault testing reconunendations for electric power 
transmission systems. In Figure 2, some of the tasks 
which compose the multi-layered fault location module 
have been depicted in more detail. In the fault location 
task, the smallest potentially faulted section is identified 
by using information such as the timing of automatic 
switch operations and breaker reclosures to eliminate 
sections between . the open devices which are furthest 
apart. The Reclose task has subtasks for 2-terminal 
(radial) and 3-terminal (branch) line configurations to 
find the device at the starting (left) boundary of the testing 
region for an unsuccessful reclosure of the breaker at the 
far (right) end of the line (the Start task), the end (right) 
of the testing region for a breaker at the near (left) end of 
the line (the End task), and similarly for the third branch 
of 3-terminal lines in the Branch-End task. An 
equivalence class for CRAFT's fault location module that 
uses only the Radial-Start subtask of the Reclose task and 

Figure 2. Modules of the CRAFT Expert System. 
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Identified Fault Section 
·- ·---·-·---·-·-·-·------, 
I 

No device opening 
~ before X seconds a~d + 

~ no open manual sw1tc~ 

~-------{§r-----~-----------~ 
If recloses, 

closed breaker, 
Breaker or switch 
opening before 

Unsuccessful 
reclosure at X sec. 

else open. X seconds or or no reclosure at 
X= 0 sec. open manual switch. 

Leaend 

D Circuit Breaker • Closed Switch 

0 Line Switch 0 Open Switch 

Bus Bar ® Either Open or 
Closed Switch 

Figure 3. An Equivalence Class of the CRAFf Fault Location Module. 

concludes that the fault section is to the right of the device 
found for the Start task as shown in Figure 3. For this 
example, an error has been introduced into the fault 
location module and this equivalence class: the condition 
to check that the breaker on the far side of the line has a 
reclosing function before applying the Reclose task is 
missing. To simplify the discussion of this example, it 
will be assumed that breakers which have a reclosing 
function reclose only once. If a breaker does not have a 
reclosing function, the CRAFf database assigns a no 
reclosing flag, and the reclosing time attribute has the 
default value of 0 second. The equivalence class checks 
the reclosing time of the breaker at the far (right) end of 
the line, whether or not it has a reclosing function, and 
determines which device was the nearest open device at 
that time. Since breakers are the only devices which have 
an opening time of 0 second (i.e., almost instantaneous), 
the circuit breaker(s) at the other end(s) of the line is (are) 
the only candidate(s) to be set as the fault section 
boundary(-ies). This equivalence class incorrectly 
includes the scenarios for the input space which do not 
have reclosing circuit breakers at the far end of the line. 

2.2. Automatic Validation Testing of 
Equivalence Class Test Cases 

As described in the previous section, validation of 
RBS operation is accomplished by checking the RBS 
output against a second independent source of 
information. Often, this source of information is a KEJE 
who specifies scenario-specific test cases that are run on 
the RBS, and the RBS output is compared to the KE's/E's 
expected output. For the SAKE method, the second 
source of knowledge stores the acceptable outputs for 
various types of inputs to the RBS modules. The 
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AUTOmatic TESTing (AUTOTEST) model does not 
replicate the knowledge in the RBS to reason from the 
RBS input to its output, but rather represents the 
knowledge required to reason in the opposite direction 
from the cause to be determined by the RBS. For 
example, the fault location module of CRAFr uses 
information about the status of line switches and breakers 
to deduce where the fault may be while AUTOTEST, 
using knowledge of the actual fault location, describes 
how small of a fault section CRAFf. should be able to 
identify for the given fault. The AUTOTEST model must 
describe the expected behavior of the RBS for all 
scenarios in the input domain of each module. The use of 
AUTOTEST to validate the exhaustive selection of 
potential input cases for CRAFT is described in [23]. 

The conditions under which an equivalence class test 
case may be instantiated may overlap (either partially or 
completely) with the conditions of more than one case 
described in the AUTOTEST model. To successfully 
complete the validation testing of the RBS, the 
conclusions of each equivalence class must be consistent 
with all of the overlapping AUTOTEST cases. Rule 
matching techniques applied to the PWM describing an 
equivalence class's input domain can be used to determine 
the overlap between any AUTOTEST cases and the 
equivalence class [8]. To identify the overlap, a partial 
rule match should be used. A partial rule match is one in 
which there is some region(s) of the condition space 
described by the equivalence class's PWM which is also 
covered by the AUTOTEST case; the intersection of the 
AUTOTEST conditions and the PWM is not empty. If the 
expected conclusions of any overlapping AUTOTEST 
case do not match the conclusions of the equivalence 
class, the validation fails and automatic knowledge 
acquisition is attempted. 
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As the equivalence classes are matched to 
AUT01EST cases, the input space covered by the 
equivalence classes is recorded. Since the AUT01EST 
cases are required to cover the entire input space, ariy 
portion of the AUT01EST input domain that is not 
covered by an equivalence class may represent missing 
knowledge in the RBS. If such a conditions exists, the 
validation testing also fails and attempts will be made to 
acquire the missing knowledge. 

The AUT01EST knowledge required for CRAFT's 
fault location module is described in Figure 4 [23]. The 
four cases in Figure 4 represent the acceptable conclusions 
for CRAFT's fault location task given various locations of 
the fault on a line. (Bus faults are not considered by 
CRAFT.) The four cases are derived from the actual time 
settings of the automatic switches and breaker reclosures 
to isolate faults in the Puget Power system and the 
potential locations of line faults analyzed by CRAFT. In 
the AUTOTEST cases in Figure 4, the boundaries of the 
fault regions may be switches or breakers although they 
are drawn as switches in the figure. The equivalence 
classes shown in Figure 3 overlaps with all four of the 
AUTOTEST cases in Figure 4 for various line 
configurations and fault locations. 

2.3. Error Identification 
If the validation testing done using the AUT01EST 

cases is not successful (i.e., some of the overlapping 
AUT01EST cases are found to be inconsistent with an 
equivalence class), then errors may exist in the RBS. To 
automatically acquire the knowledge required to correct 
the RBS error(s), the location of the error(s) in the RBS 
should be identified, i.e., which rule in the module should 
be modified or if a rule should be added. The 
identification of errors can be guided by a set of rules 
describing where changes in the rule base should be made 
for certain types of errors. With the exception of missing 

Case I: If the section between the two closest open devices is exactly the 
same as the fault section, then this section is the expected fault 
location from CRAFT. 
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knowledge, each error will be associated with an 
equivalence class and an overlapping AUT01EST case 
(or the lack of an overlapping case). The conditions for 
the error will be defined by the intersection of the 
equivalence class conditions and the conditions of the 
AUTOTEST case or, in the case of missing RBS 
knowledge, a subset of conditions for an AUTOTEST case 
which are not covered by the module. Three types of 
errors are considered: 

El. Conditions of a RBS rule are incorrect (e.g., too 
general) and should not include some of the 
matched AUT01EST cases. 

E2. Conditions of the rule are correct, but the 
conclusion of a RBS rule is incorrect according to 
the AUTOTESTcase. 

E3. There is no equivalence class to cover some portion 
of the AUT01EST cases specified for this module, 
i.e., a piece of knowledge is missing. 

The identification of the appropriate rule in the module 
that should be modified to correct an error is different for 
the various types of errors. Attempts are made to correct 
errors of types El and E2. Errors of the type E3 require 
the assistance of a KE/E. 

To distinguish between errors of types El and E2, all 
of the AUT01EST cases for an equivalence class should 
be considered simultaneously. The conditions of the 
equivalence class are considered for correction (El) if (a) 
there is no overlap between the equivalence class and any 
AUT01EST cases or (b) at least one, but not all, of the 
overlapping A UTOTEST cases is found to be correct. For 
errors of type E 1 a, the conditions are such that no 
scenario in the input domain of the module will use the 
equivalence class. The equivalence class is hence 
unnecessary. The rules in the path through the module 
which define the equivalence class are all suspects for the 
error. If a rule in the path is not used by any other 
equivalence class, the rule may be removed since it is 
unnecessary. If the rule is used by any other equivalence 

I Case 2: If there is no substation between the two closest open devices, then the I section between these two devices is the expected fault location. 

I , !:_a!~~ ~e~ti.o~ • 
--~ ~-~-

t t 
--~ 

t t 
Expected Fault Location 

Case 3: If a substation is on one end of the section between the two closest 

Expected Fault Location 

Case 4: If there is a substation between the two closest open devices, but not in 
the fault section, and an open breaker with a reclosure function, then 
the largest section between two closest open devices which includes the 
faulted section but not the substation is the expected fault location. 

open devices, then the section between the two closest open devices. 
excluding the substation, is the expected fault location. 

I 
-~~-~-

t t t t 
-~ 

Expected Fault Location Expected Fault Location 

Figure 4. AUTOTEST Cases for CRAFT's Fault Location Module. 
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class, the rule should remain in the rule base, however if 
all of the rules used by the equivalence class are shared by 
other equivalence classes, the conditions of at least one of 
the rules can be modified to eliminate the path of the 
unnecessary equivalence class. 

For errors of type El b, the conditions of the 
equivalence class are too general, including a larger 
portion of the input domain than is desired. To identify 
the location of the error in the chain of rules which make 
up the equivalence class, the errors for all of the 
equivalence classes for the module should be considered. 
The erroneous rule is identified on the section(s) of the 
module's digraph structure which is shared only by 
equivalence classes with similar (e.g., the same attribute) 
errors. If such a shared section of the module uniquely 
identifies a rule(s), then this can be automatically 
identified as the location of the error. If no such rule 
exists, a KE/E may be required to determine which rule(s) 
in the shared section(s) of the module should be modified. 

Attempts are made to correct the actions of a rule if 
an error of type E2 is identified. If the conclusions of the 
equivalence class do not agree with any of the overlapping 
AUTOTEST cases, the actions of the rules in the 
equivalence class are considered the potential source of 
error. To identify a rule which should be modified to 
correct the error, consider the attributes which had 
incorrect values for all of the equivalence class. If an 
attribute was assigned a value in the equivalence class, the 
rule which sets this value to its final value is identified as 
the location of the error. If the attribute value was not 
assigned in the equivalence class or if the identified rule is 
also part of an equivalence class which produces a result 
consistent with that given by the AUTOTEST cases for 
any equivalence class, a KE/E is called upon to identify 
where the attribute should have been assigned the value 
required by the AUTOTEST cases. 

Errors of type E3 exist when there is a portion of a 
module's input space for which there does not exist a path 
through a module. Such errors are identified by 
simultaneously considering all of a module's equivalence 
classes and their coverage of the module's input domain 
defined by the domain of the AUTOTEST cases. If the 
matching of equivalence classes to AUTOTEST cases 
done for validation testing did not identify at least one 
equivalence class to cover all portions of the input 
domain, an error of missing knowledge (E3) is identified 
for the uncovered portion(s) of the input domain. When 
knowledge is found to be missing, it is left to the KE/E to 
determine whether the appropriate action is to create an 
entirely new path through the module, to generalize the 
conditions for an existing path through the module, or to 
re-use a portion of an existing path and create a new 
partial path through the module for the new scenarios. 

The example equivalence class in Figure 3 is 
consistent with the AUTOTEST cases when the breaker at 
the far end of a line is open and has a reclosing function. 
However, when the breaker is open and does not reclose, 
the conclusions of the equivalence class do not agree with 
the AUTOTEST cases. These conditions indicate that the 
equivalence class conditions are in error (error type El b). 
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This condition error will cause errors in many equivalence 
classes. By searching for common elements on the 
erroneous paths, the identified rule will be the one in the 
Radial-Start subtask which uses the reclose time setting of 
the far breaker (whether or not it actually recloses) to find 
the boundary of the faulted section. 

2.4.Automatic Knowledge Acquisition 
After the rule which is causing an error has been 

identified, the correct knowledge can be acquired and used 
to correct the faulty rule. The method used to acquire the 
desired knowledge varies with the type of error which has 
been identified. For El a errors, if rules in the equivalence 
class are not shared by any other equivalence class, then 
automatically removing these rules will remove the path 
corresponding to the equivalence class. If all rules are 
shared by other equivalence classes, then the KE/E may 
decide to eliminate the path by selectively constricting 
rule conditions in the path while not disrupting other 
equivalence classes. 

If an error of type El b is identified, the conditions of 
the identified rule(s) must be modified to eliminate the 
AUTOTEST case which should not be included in this 
(these) equivalence class(es). If the same rule is identified 
as the location of an error for more than one equivalence 
class and the classes require contlicting modifications of 
the rule, a KE/E should be consulted to determine new 
paths that may need to be created in the module to account 
for these different cases. If a portion of the AUTOTEST 
case is eliminated from an equivalence class and is not 
covered by any other equivalence class, it will be 
identified as an E3 error in the next iteration of the SAKE 
process when the modified RBS is analyzed. 

For the CRAFT example, the error identification step 
of the SAKE method identified the missing check for a 
reclosing function (an Elb error) as the knowledge 
missing from the RBS. The erroneous cases have been 
observed to have breakers without reclosures while the 
breakers in the correct cases do reclose. The existence of 
a reclosing function for the breaker at the far (right) end 
of the line will be identified as an omitted condition for 
the RBS which has allowed too much of the input domain 
to be incorporated in this equivalence class. By adding 
this condition as a requirement for the far breakers, the 
knowledge has been acquired to correct the error. 

When all of the AUTOTEST cases for an equivalence 
class are incorrect, there is likely an incorrect rule action 
in the equivalence class. To attempt to rectify the action, 
the last rule(s) in the path through the module which 
creates or modifies the incorrect PWME(s) is identified. 
The attribute assignment(s) in this rule(s) is replaced with 
the desired attribute assignment(s) as described by the 
AUTOTEST case(s). If this attempt fails to repair all of 
the overlapping AUTOTEST cases, the error(s) are not 
shared by the entire equivalence class, and a KE/E wiii be 
called upon to determine the structural changes necessary 
to create multiple equivalence classes from the original 
equivalence class. 
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If there are no equivalence classes which cover some 
conditions specified in the input domain of the 
AUTOTEST cases (an E3 error), new knowledge may be 
required for the rule base. The required knowledge may 
be able to re-use some of the tasks already completed in 
the module or a entirely new path may have to be 
designed. The KEIE decides how the knowledge for these 
scenarios should be incorporated into the rule base. 

2.5. Rule Base Consistency Verification 
When new knowledge is added to the rule base, the 

new or modified rules should be checked to make sure that 
the new rule is consistent with the other rules in the rule 
base. As described in Section I, many methods have been 
proposed for such verification. One such method, [8], was 
developed to use a PWM to identify set relations between 
the conditions and actions of the new or modified rule and 
chains of rules from the rest of the rule base. From the set 
relations between the conditions and actions, relationships 
between the rule and the rule base such as conflict, 
subsumption, implication, and unnecessary conditions can 
be identified. The use of a PWM makes this method fit 
well with the described SAKE method. If undesirable 
relations between the rule and the rule base are found, the 
process of knowledge acquisition may be repeated 
(potentially with the aid of a KEIE) until the rule base is 
modified to successfully correct the RBS error in a 
manner consistent with the rest of the rule base and the 
system specifications. 

3. Conclusions 
During the evolution of a RBS, the knowledge desired 

for the RBS may change and errors in the rule base 
knowledge may be encountered. To help identify errors 
and correct the rule base, a method for semi-automated 
knowledge enhancement is proposed which is able to 
verify and validate a RBS and acquire new knowledge 
with limited guidance from a KEIE. Such methods are 
expected to reduce the cost of maintaining the knowledge 
in a RBS by alleviating some of the tedious, time
consuming tasks which normally require a KEIE such as 
checking test case results or searching for errors when a 
test case fails. In the proposed SAKE method, test cases 
are automatically identified using a digraph representation 
of the RBS and symbolically executing the rules. A new 
method for automatic validation testing is used to 
determine the expected RBS output from the input data 
and the cause of the event. Errors including incorrect rule 
conditions, erroneous rule conclusions, and missing 
knowledge can be identified, and the knowledge required 
to correct rule conditions and conclusions may be 
acquired. The new knowledge is analyzed for consistency 
with the existing rule base and system specit1cations. By 
sequentially analyzing the RBS modules and repeating 
this process for each module until no errors are identified, 
the process of semi-automated knowledge enhancement 
continues for the entire RBS. 
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The automated V&V and knowledge enhancement 
procedures presented in this paper are one step toward an 
integrated semi-automated knowledge enhancement tool. 
This method may be enhanced to further reduce the 
required involvement of the KE/E in the maintenance of 
RBSs such as by the ability to identify a larger variety of 
error types and by the enhancement of knowledge 
acquisition techniques to include methods such as 
learning by analogy and lea~ning by discovery. 
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ADAPTIVE PATTERN RECOGNITION AND MACHINE 
LEARNING OF SEQUENCES: APPLICATION TO POWER 

DISTRIBUTION 

Seyed A. Shahrestani, John Y p s i l a n t i ~ ,  and Hansen Yee 
Department of Electrical Engineering, The University of Sydney, NSW 2006, AUSTRALIA 

Abstract 
This paper describes the development of two algorithms for fast identification of power system faults; 

based on adaptive pattern recognition and machine learning of sequences of events. For identification 
by pattern recognition algorithm, each fault can be considered a class and, if the network consists of K; 
buses and lines, the goal will consist of finding the class of the pattern (fault location) among the K; 
classes. Fault groups are formed in such a way that distinctive features for all fault locations can be 
identified. For each fault location a vector is defined to keep track of the distinctive features of that fault. 
By making use of these vectors and the values of the features signified by them, class identification of a 
new fault pattern can be carried out. The machine learning algorithm accepts a set of event sequences and 
produces a filtered sequence of events that can be used to make inferences regarding the fault location from 
subsequently occurring sequences. For evaluation purposes, the methods are tested using data provided 
by a power system protection simulator. It is shown that, after a thorough training, successful and fast 
identification of all faults can be carried out with minor supervision by both methods. 

1 Introduction 

Power systems have been undergoing an ever increasing 
complexity to meet the needs of the modern societies. 
With the higher expectations set for the performance 
of these systems, their operation, control and manage
ment will require operators who are highly qualified 
and trained. The operators must be able to handle 
large amounts of data and initiate or modify actions 
in light of this data. The key factor in this process is 
the human intelligence. Quest for understanding in
telligence and establishment of systems that exhibit 
artificial intelligence capabilities is an active area of 
research. 

Artificial intelligence methods find diverse applica
tions in relation to power systems including controller 
design, planning and forecasting, development of en
ergy management systems, transient stability study 
and enhancement, and fault identification and diagno
sis. Some reviews of such applications can be found in 
the following; Zhang [12] is a survey of expert systems 
developed for the electrical power industry. Liu and 
Dillon [3] give a detailed account of the current status 
and future developments needed in application of ex
pert systems in power systems. Sakurai and Tanaka [5) 
consider in a general way, why and how intelligent sys
tems should be utilized in power systems. 

Power system fault diagnosis is concerned with iden-
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tification of faulty parts of a network so that re
energization of the rest of the network can be achieved 
and security of the system can be increased. Protec
tive relays are used to detect and isolate faults in the 
shortest possible time. These devices are arranged and 
coordinated along a network to clear faults in a pre
determined sequence [2). Their function, isolation of 
faults, is of prime importance as this can help to re
duce the extent of outage and the duration of inter
ruption. Although the sequence of activated breakers 
can help operators to isolate a fault to some extent, 
the operation of relays may also result in unnecessary 
de-energization of part of the network. 

Earlier AI approaches to fault diagnosis comprised of 
expert systems utilizing shallow knowledge (12]. More 
recent research has aimed at developing more vowerful 
techniques, for example see (9] , [10] , [1]. These cover 
methods based on decision trees and version spaces, 
systems with unsupervised learning capabilities, uti
lization of deep knowledge, and so forth. 

This paper describes two alternative methods for 
power system fault diagnosis. One method, based 
on adaptive pattern recognition, forms fault groups in 
such a way that distinctive features for all fault lo
cations can be identified. For each fault location a 
vector, called mask, is defined to keep track of the dis
tinctive features of that fault (among a certain group 
of classes). By making use of the masks and the values 
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of the features signified by them, class identification of 
a new fault pattern can be carried out. Decision sup
port systems based on this method can start learning 
and functioning without resorting to any heuristic rule 
and their knowledge base is very compact. 

The second method is based on machine learning of 
sequences of events. The input to the algorithm is a 
set of event sequences, that usually contains irrelevant 
information, or noise, such as the event list of a super
visory control and data acquisition system, SCADA 
system. It then produces a. filtered set of sequences 
through generalization and learning. After such train
ing, the extracted sequences can be used for inferencing 
regarding the subsequent events. 

Both methods are tested using data provided by a 
power system protection simulator. It is shown that, 
after a, thorough training, successful and fast identifi
cation of all faults can be carried out with minor su
pervision. 

2 Algorithm Based on Adap
tive Pattern Recognition 
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Another condition for qualifying a feature to be con
sidered as a distinctive one, concerns the discovery of 
differences of each class with other classes. For many 
cases of practical importance, it will be impossible to 
isolate the differences of a particular class within a 
large set of classes. But it may be possible to form 
groups of classes in such a way that the differences of 
each class, with other classes in its group, become evi
dent. In t~e process of grouping, a class Ca within the 
set a; consisting of I<; classes will be considered. The 
condition for identification of distinctive features can 
be stated as: distinctive features for class Ca are the 
ones with values exclusive to Ca within a particular set 
of I<; classes being considered. 

For class Ca whose distinctive features among I<; 
classes present in a; are discovered, an n-dimensional 
mask vector m~, can be defined as: 

where for j = 1, 2, · · ·, n : 

if the jth feature is distinct 
otherwise (2) 

The mask vector m~, along with any single pattern 
Pal, carry the necessary and sufficient conditions for 
identifying any pattern that can be a member of class 
Ca. The index i of the mask vector, is to signify that 
the set a; has been used in finding it, and it will be 
called mask type. Figure 1 shows the general scheme 
for dividing the original I<1 classes in the training set 
into z+ 1 groups with identified mask vectors and mask 
types. 

2.2 Classification Rules 

A training set is a collection of patterns whose class 
identity is known. That is, the training set a 1 , is the 
collection of labeled patterns representing I<1 classes 
whose membership conditions are to be identified. A 
class Ca (E al) is represented by q4 (2: 1) patterns, 
where Pal is the zth pattern representing this class. The 
pattern Pal constitutes of 'n' features: x 1, x 2 , • • · , xn, 
with corresponding values: v~1 , v~1 , • • ·, v~1 • The order 
of features in each pattern can be considered to be pre
determined. The classification act may be carried out 
after identification of m features which are sufficient for Each pattern is compared with all the rest of the pat
establishment of class membership conditions, where terns present in the training set so that its distinctive 
m ~ n. These features are the ones whose combination features can be identified. These features will then 
and values can make the distinction between each class 
and all the others, i.e. they are distinctive features [6]. 

2.1 Distinctive Features and Mask Vec
tors 

There are certain conditions that distinctive features 
must satisfy, these conditions can be used for their dis
covery. Firstly, the value of a distinctive ieature has 
to be the same in all qa patterns which represent the 
same class Ca. That is, all patterns being different ap
pearances of the same object should show similarities 
and share common values for some features. So, xJ can 
be a distinctive feature of class Ca if: 

for all t = 1, 2, · · ·, q4 : uf.t does not change. (1) 

For features whose nature is non-discrete numerical, 
fuzzy, and the like which result in continuous values, 
v~t may change within a particular range depending on 
noise level of collected data, required precision, etc. 
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serve as type one masks for further class identification 
purposes. A mask of type 1 implies that the features 
signified by the mask are distinctive of this particular 
class among all classes present in the training set. As 
a classification rule, this means that: 

Any pattern is in the same class as the pat
tern in the training set, if they have the same 
value for any feature distinguished by the cor
responding mask. 

So, any class whose mask is found has been actually de
scribed by the necessary and sufficient set of conditions 
that can distinguish (and describe) other members of 
the same class. 

If a mask of type 1 is not associated with each and 
every pattern, higher type masks will be found. To find 
type 2 masks, the patterns representing classes with 
type 1 masks will be eliminated from the training set 
and the same procedure as the one for finding masks 
of type 1 is repeated on this new smaller training set. 
The classification rule will be: 
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1 

CLASSES CDRIGINALL Y IN a:1 ), V/HOSE MASKS ARE FOUND 

Figure 1: Division of K 1 classes into subsets for finding the masks 

If the pattern is not a member of any class 
with a type 1 mask, then it is in the same class 
as the pattern in the training set, if they have 
the same value for any feature distinguished 
by the mask (of type 2). 

The whole process is repeated until all classes in the 
training set have a mask of some type associated with 
them; in other words classification rules for all classes 
present in the training set have been found. 

3 Machine Learning Algorithm 

The learning algorithm is based on a sequence tree [11]. 
It is conceptually similar to decision tree classifiers, 
e.g. ID3, but has important distinctions from them. 
The sequence tree is an extraction of relevant events 
from an event list that may contain irrelevant informa
tion. 

The extraction of information, or training, is based 
on contingency matrix approach [4]. The outcome of 
training is filtered sequences, and a certainty factor 
related to each filtered sequence. 

3.1 Events and Sequence Trees 

An event is the transition in the state of an element; 
for example, 'circuit breaker A tripping'. The result 
is the final state or condition that is considered to be 
significant, e.g. 'black out in part B of the system'. An 
example of a sequence tree is shown in Figure 2. 

The root of the tree corresponds to the initial state 
of the system. Each branch corresponds to an event, 
denoted by lower case letters. It is possible to associate 
the same event with a number of branches. The arrows 
indicate the order of occurring of the events leading to 
intermediate states of the system represented by the 
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nodes. The leaves of the tree, represented by open cir
cles, are the states of the sequence of events that are 
of particular interest; such states are shown by Greek 
letters. The number of repetitions of a complete se
quence for each leaf, i.e. from root to that leaf, within 
the input is noted under each leaf. 

3.2 Contingency Matrix 

The use of contingency matrices for simplification of 
decision trees has been introduced by Quinlan [4]. A 
variation of that approach is used here for simplifica
tion of the sequences in the tree. A contingency matrix 
quantifies the relationship between a leaf and a branch 
of the related complete sequence. The number of con
tingency matrices in a sequence tree is found by taking 
the number of branches in the complete sequence of 
each result, and summing over all results. For exam
ple, for the tree in Figure 2 this will be 104. 

Each matrix is 2 x 2 and has the form 

(3) 

The symbol s stands for the occurring of event and 
symbol c denotes the occurring of the result. The cor
responding negations are shown as s' and c' . The num
ber of times that the combination event-result has been 
encountered is represented by n. 

A measure of significance of an event s leading to a 
result c can be associated with the probability 

n,e + ns'c' (4) P,;g = - ---------
n,c + n.c' + n,•c + n,•c• 

Sequence reduction is carried out by calculating P,;g 
for each event of a a complete sequence and comparing 
it with a threshold value Pthre•h. If P,;g is less than 
Pthre•h, the event is considered to be of low relevance 
and is discarded from the sequence tree. 
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root 

Figure 2: Sequence tree 

To ascertain the fitness of a filtered sequence S with 
result r, to represent the encountered examples, a cer
tainty factor C F can be defined as 

CF = ns,r/nr (5) 

where ns,r is the sum of the counters for the result 
r lying on the paths which contain the lead-up events 
in S; and nr is the sum of all counters associated with 
result r. A high value of CF indicates that for a par
ticular result, the filtered sequence describes a large 
proportion of the input sequences. 

4 Training and Tests 

4.1 Test Environment 

A typical distribution network is used for the purpose 
of evaluating the developed algorithms: the Western 
network [8]. The goal is the identification of faulty link, 
line or bus. The Western, a 22 KV network, is part of 
an urban distribution system. Figure 3 is a one line 
diagram of this network. The network consists of four 
incoming 75 MVA sources, 35 buses, 4 bus couplers, 
35 lines and 70 breakers. So, in this network there are 
7 4 possible fault locations. 

In power distribution systems, coordinated protec
tion relays will act to clear the faults, their operation 
is also helpful in locating the fault. In other words, the 
statuses of breakers, feeders and bus couplers following 
a fault in a particular location can be considered as 
part of the information necessary for identification of 
that fault by the adaptive pattern recognition method. 
The sequence of the operation of the breakers forms 
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the essential information for the machine learning al
gorithm. The following Sections describe the structure 
of the input information and the results of the tests 
carried out for evaluation of the two algorithms. The 
misoperation of breakers and timing errors up to 6%, 
are considered to be present in the form of noise. 

4.2 Training and Tests for the Pattern 
Recognition Method 

4.2.1 Structure of Fault Patterns 

The statuses of the buses and lines will relate to the 
fault location. But the status of any bus or line is a 
consequence of the operation of the breakers, links and 
feeders connected to it, directly or indirectly. In other 
words, the status of a bus or a line can actually be 
deduced from a knowledge of the states of the breakers, 
bus couplers and feeders. That is, whether the fault 
patterns contain the lines and buses statuses or not, 
one should be able to reach proper classification offault 
locations. Such extractions cannot usually be made in 
expert systems based on heuristic rules. In such cases, 
if one desired to use a smaller number of features, new 
rules (which would be more difficult to produce) would 
be needed, and there would be significant changes to 
the knowledge base. 

With the fault patterns consisting of post-fault sta
tuses of network components, patterns can be con
structed using two sets of features. One set contains 
the statuses of breakers, bus couplers, feeders, buses 
and lines. The second set will be the same as the first 
one, except for exclusion of the statuses of buses and 
lines. In both cases the fault on a link on the side of a 
bus is considered as a fault on that bus; that is, there 
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are 70 possible fault locations. The two cases will be 
used for testing whether the algorithm can reach the 
same result for the cases that essential features are in
cluded but some useful and useless ones are excluded 
from the fault patterns. 

4.2.2 Test Results 

Using the simulator described in [7], faults were ap
plied to every bus and every line and two cases were 
considered. First, the post-fault status of all break
ers, links, feeders, buses and lines were included in the 
fault patterns. In the second case, the statuses of buses 
and lines were excluded from the fault patterns. In 
both cases, the training set consisted of single patterns 
for each fault and masks for all patterns (faults) were 
found. 

In the first case, the highest mask type was found 
to be 4; with type 1 masks mainly corresponding to 
bus faults. For the second case, the highest mask type 
was 5; and again most of the type 1 masks were related 
to bus faults. Table 1 is a summary of mask types, and 
the number of classes (fault locations) that each mask 
type has covered for each case. 

Table 2 gives the patterns and the resulting masks 
(in hex), for part of the training set relating to case 2. 
Fault locations are tagged by bus number, so a fault on 
bus x is denoted by x, x and a fault on a line between 
buses x and y is shown as x, y. From Table 2 it can 
be seen that of all the faults, only a fault on bus 1 has 
a 0 for the 75th feature (feeder 1: open) and only a 
fault on bus 5 will have a 0 for the value of the sixth 
feature (breaker in line 1, 5 near bus 5: open), and so 
forth. As these features are exclusive among all faults, 
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Number of classes covered 
Mask type Case1 Case 2 

1 34 Buses, 1 Line 33 Buses, 1 Line 
2 29 Lines 1 Bus, 28 Lines 
3 1 Bus, 3 Lines 4 Lines 
4 2 Lines 2 Lines 
5 - 1 Bus 

Table 1: Mask types and number of fault locations 
covered by the corresponding masks 

the mask type for their faults will be 1. For fault:; on 
the line connecting buses 1 and 4, or the line connect
ing buses 1 and 5, the interpretation is different as the 
mask type will not be 1. The masks for faults on these 
lines are found by eliminating the patterns correspond
ing to faults whose mask types are 1. For example a 
fault on the line between buses 1 and 5 is the only 
fault which can produce a 0 as the value for the fifth 
feature (breaker on line 1, 5 near bus 1: open), among 
the faults with mask type 2 or higher. Consectuently, 
although this feature has the same value for a fault on 
bus 5 (with a mask type of 1), this would not stop it 
from being a distinctive feature for a fault on this line. 
A fault on bus 33 has a mask of FFF ... FFF to signify 
the fact that all of its feature values are distinct, as it 
is the only one with a mask type 5. 

Table 3 gives some of the fault patterns and result
ing masks (in hex), for the same fault locations as in 
Table 2, but relating to case 1. This Table is an ex
tension of the previous Table, in the sense that the 
statuses of lines and buses are added to the previous 
patterns. With the exception of the last hex digit, the 
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Fault Pattern Mask Mask 
location type 

1, 1 FFFF ,FFCF ,OFFF ,FFFF ,FCDC 0,0,0,0,0020 1 
5, 5 F3FF ,FFCF ,OFFF ,FFFF ,FFFC 0400,0,0,0,0 1 
2, 8 FFFF ,FFFF ,OFFF ,FFFF ,F7FC 0,0,0,0,0800 1 
1, 4 DFFF ,FFFF ,OFFF ,FFFF ,FEFC 2000,0,0,0,0 2 
1, 5 F7FF ,FFCF ,OFFF ,FFFF ,FCFC 0800,0,0,0,0 2 

33 , 33 FFFF ,FFFF ,OFFF ,FFFO,FFBC FFF .. . FFF 5 

Table 2: Part of the training set and the resulting masks, case 2 

Fault Pattern Mask Mask 
location type 

1, 1 D,1C73,FFFF,8C71,9FFF,FOOO 0,0,0,0,0 1 
5, 5 F ,DF7F ,FFFF ,EF7D ,9FFF ,FOOO 0,0,0,0,0 1 
2, 8 F ,FBEE,FFFF ,FFEF, 1FFF ,EOOO 0,0,0,0,0 1 
1, 4 F ,BEFB,FFFF ,DEFB,9FFF ,FOOO 4000,0,2000,0,0 2 
1, 5 F,DF7F,FFFF,EF7D,9FFF,FOOO 2000,0 ,1000,0,0 2 

33, 33 F ,FFFF ,FFFD,FFFF ,9FFE, 7000 o,o ,o,o,o,o,ooo2 ,o,o,o 3 
(complete) 

Table 3: Part of the training set and the resulting masks, case 1 (patterns and masks in conjunction with those 
in Table 2) 

patterns and masks for case 1 are those shown in Ta
ble 2 augmented by the ones in Table 3. A fault on 
bus 33 is a special case, as its mask type is not the 
same in the two cases, so its complete mask is shown 
in Table 3. 

Upon completion of the training, tests were made 
using data from the simulator. All of the faults were 
identified successfully and there was no need for any 
mask change. It is clear that there is no need to train 
the machine with a complete set at the same time. 
If some patterns (to identify particular classes) are 
missing during the first training period, the training 
is not complete, but it is useful in a supervised envi
ronment. The algorithm will easily allow any number 
of classes and patterns to be added gradually to expand 
the knowledge base. 

4.3 Training and Tests for the Machine 
Learning Algorithm 

4.3.1 Structure of Sequences for Training 

For training purposes, using the power protection sim
ulator described in [7], and considering faults at seven 
locations a set of sequences is obtained. The faults and 
the notation used to show them are 

• on bus 15 denoted as 15, 15; 

• on the line between buses 15 and 19 (near bus 15) 
denoted as 15, 19; 

• on the link between buses 16 and 17 (near bus 17) 
denoted as 17, 16; 

• on feeder bus 23 denoted as 23, 23; 
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• on bus 32 denoted as 32, 32; 

• on bus 33 denoted as 33, 33; 

• on the line between buses 30 and 33 (near bus 33) 
denoted as 33, 30. 

Clearly the number of sequences used for train
ing (compared to the number of all possible faults) is 
small, so , the test of the algorithm is demanding. 

The sequences obtained for the fault 33, 30 are typ
ical. Without any noise, i.e. no relay timing error 
present, the resulting breaker trips are: 
(33-34), (17=20) , (15=19), (33-30), (30-33). 
Where (x-y) denotes the operation of the breaker on 
the line joining buses x and y (near bus x), and (x=y) 
signifies the simultaneous operation of both breakers 
on the line. The same fault when the presence of noise 
is also considered will typically result in the sequence: 
(33-34), (17-20), (19-15), (30-33), (33-30); 
and a worst case maybe: 
(33-34), (17~20), (15-19), (30-33), (29-33), (33-30). 

It can be seen that the presence of noise may in
troduce one or two spurious events, with possible re
ordering of the sequence. For this particular case, the 
presence of timing errors can result in a reduction in 
the total number of trips. So, to get a better picture of 
the behavior of the system, the number of breaker trips 
is determined for each fault with noise suppressed. Se
quence length l is seen to have a range from 5 to 9. 
With timing errors present, 20l simulations are carried 
out which results in a bias toward longer sequences. In 
other words, the training set contains 100 to 180 se
quences per fault .and a total of about 1000 sequences 
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Fault location Locations regarded as correct 
Seen 15, 15 15, 15 or 15, 19 

23, 23 23,23 
32, 32 32, 32 
33, 33 33, 33 or 33,30 
15, 19 15, 19 or 15, 15 
17, 16 17, 16 
33, 30 33,30 or 33,33 

Unseen 9, 9 15, 15 or 15, 19 
10, 10 17, 16 
26, 26 33, 33 or 33, 30 
34, 34 33, 33 or 33,30 
35, 35 32, 32 

2, 1 15, 19 or 17, 16 or 15,.15 
34, 33 33,33 or 33,30 

Table 4: Correctness criteria 

for the seven fault locations. 
To investigate the effect of different number of exam

ples (present in the training set), four sets are created. 
These comprise of the full set, reduced sets consisting 
of 3, 10, and 30 examples for each fault location. 

Different values of Pthre•h are considered: 0.5, 0.7, 
and 0.9. Although the performance is found not to be 
highly sensitive to these values, a value of 0.9 seems to 
give the best results. 

4.3.2 Test Results 

Using the simulator with random timing errors mod
eled, faults were applied to previously encountered 
locations and unseen ones. The unseen fault loca
tions were: on bus 9 (9, 9), bus 10 (10, 10), bus 
26 (26, 26), bus 34 (34,34), on the link between buses 1 
and 2 (on bus 2 side) (2, 1), on the link between buses 33 
and 34 (on bus 34 side) (34,33), bus 35 (35,35). 

An important point in the inferencing concerns the 
criteria for correctness. In the case of previously un
seen fault locations, the prediction of of a fault location 
close to the actual fault can be deemed as correct. Even 
in the case of previously encountered faults, as the gen
eralization involves loss of information, the same holds. 
Table 4 summarizes the criteria used for considering a 
diagnosis to be correct. 

Separate series of tests were carried out for seen and 
unseen fault locations and the results are summarized 
in the following Tables. Table 5 gives an indication of 
the algorithm when various number of examples per 
fault are used in the training set . 

The unseen test cases are deliberately chosen to be 
in the vicinity of the seen faults. The reason for this 
is to test the diagnostician's ability to determine the 
most likely seen fault locations when several alternative 
diagnosis exist. In practice, diagnosis to within one or 
two buses from the actual fault is often sufficient for 
the purpose of manual restoration, and in any case, 
it is possible to construct comprehensive training sets 
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when a power system simulator is used. 
Table 6 gives results obtained for two cases of 30 

examples per fault and all (100 to 180) examples per 
fault. The number of correct diagnosis, diagnosis yield
ing no result and incorrect diagnosis from a total of 10 
tests for each fault are listed. 

There is a clear indication as to the number of ex
amples have on the performance of the algorithm. For 
this particular case, about 30 or more examples per 
fault are required to give reasonable results {with no
ticeable improvement when more examples are used). 
The results suggest that it may be important to have a 
good spread of examples in a training set, and that the 
relative frequency of occurring of different sequences 
significantly affects the quality of the filtered output. 
So, it may be advantageous to train the algorithm with 
the data produced by a suitable simulator (rather than 
SCADA event list). 

An examination of the sets of filtered sequences pro
duced, revealed that a large number of sequences have 
certainty factors less than 10%. By discarding the 
filtered sequences with low certainty factor, a signif
icant reduction in the number filtered sequences can 
be achieved; this in turn will result in higher speed of 
inferencing. 

5 Concluding Remarks 

The adaptive pattern recognition algorithm and the 
code based on it can be applied in a general way to 
adaptive recognition of patterns. The required knowl
edge base is compact, the language used is quite gen
eral , no heuristic approach is necessary and the code 
is fast and reliable. Updating of the knowledge base 
and machine learning can easily be implemented. In 
this algorithm complete rules are found, so, in gen
eral, a single rule will suffice to establish if a pattern 
is member of a class or not. The algorithm seems to 
be applicable to many practical recognition problems 
that may be solved by artificial intelligence methods. 

The machine learning algorithm of sequences of 
events is suitable for use in SCADA environment. It 
is capable of learning reliably the sequences of circuit 
breaker operations from a cross-section of examples to 
carry out inferences on fault locations. The perfor
mance of the algorithm is enhanced by increasing the 
number of encountered examples, which is typical of 
any learning algorithm. The training is based on only 
a subset of possible fault locations and the algorithm 
is tolerable to noisy data. 
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Abstract -Under the pressure of electric power in-
dustry deregulation, the approaches to many traditional 
power system problems are being reconsidered. Impor-
tant concerns have arisen with regards to equipment 
condition monitoring, preventive maintenance and sys-
tem reliability calculations. Approaches to condition 
monitoring and maintenance have historically been ad 
hoc tending to follow broad company guidelines or the 
experience of company personnel rather than systematic 
analysis. Recently, there has been increased interest in 
realizing cost savings by extending equipment lifetimes 
with focus on a comprehensive view of system reliabil-
ity. There is not, however, a clear understanding of 
breakdown mechanisms and equipment stresses that will 
allow precise probabilistic analysis. This paper formu-
lates an approximate reasoning approach that can in-
corporate expert judgement into reliability calculations. 
A novel method for including system constraints to im-
prove the clarity of analysis is proposed. A numerical 
example illustrates the techniques. 

Keywords - Approximate reasoning, condi
tion monitoring, fuzzy logic, fuzzy measure, re
liability, maintenance. 

1 Introduction 

For many years, the electric utility industry has fol
lowed maintenance and operating practices that have 
relied on large design margins in order to ensure safe 
and reliable operation. Present economic pressures are 
leading utilities to more carefully consider the costs 
of this "over-engineered" approach. A utility can en
joy substantial benefits by delaying new capital invest
ments in generation and substation equipment. This 
can be approached both by overloading installed equip
ment to avoid capacity upgrades and by extending the 
useful lifetime of equipment through proper mainte
nance . On the other hand, maintenance programs can 
be expensive and cost savings can also be realized by 
reducing maintenance on non-critical equipment. In 
practice, industry has not only loaded equipment sig
nificantly beyond manufacturer ratings but also shifted 
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towards longer maintenance intervals on some equip
ment. Unfortunately, the implications of these prac
tices on system reliability are poorly understood. Most 
reliability analyses of the power system assumes that 
probability failures for system components can be es
tablished precisely. These probabilities are normally 
found from expected equipment lifetimes when manu
facturer recommended loadings and maintenance inter
vals are followed. While it is doubtful whether these 
probabilities were ever accurate, they clearly do not re
flect the effects of increased equipment stress. This pa
per explores fuzzy logic based techniques for addressing 
reliability and maintenance calculations when failure 
probabilities, optimal maintenance schedules and oper
ation impacts are not fully known. General conditions 
are established for the purpose of resolving inexact and 
conflict ing operational data. 

In general, equipment breakdown mechanisms are 
not well understood and developed methods for early 
detection of equipment failures tend to be imprecise, 
e.g., [1). A rudimentary understanding of the funda
mentals of breakdown mechanisms has led to a vari
ety of general diagnostic techniques and maintenance 
schedules depending on the equipment and application. 
As these techniques are always approximate, utilities 
rely on experience to obtain adequate performance. 
Unfortunately, most utilities find that the necessary 
experience is rare. This has led to the development 
of numerous expert systems for diagnostics and main
tenance, e.g. [2, 3). While these programs have been 
useful, the h-igh degree of approximation in the analysis 
suggests that models of uncertainty are fundamental to 
successful implementation. Poor models typically gen
erate excessive "false alarms" of equipment failures and 
few of the developed systems to date have been capable 
of complete systematic use of inexact information. Tra
ditional reliability analysis requires probabilistic data 
for equipment failure rates, repair times and failure ef
fects. In a complex system, Monte Carlo simulations 
are often the only viable computational approach. The 
purpose of this research is not to replace such tech
niques but to integrate expert diagnostic judgements 
into the analysis. Where previously, probability distri-
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butions for failure rates, repair times and dependencies 
would be assumed known, these relationships will now 
be considered approximate. Note, this is a natural ex
tension of sensitivity type calculations in reliability. 

Work in the field of approximate reasoning provides 
some guidelines for addressing problems where relation
ships are not fully defined [4]. Of particular interest 
here is the development of information theoretic meth
ods which can incorporate uncertainties from general 
assessments. These information-based approaches can 
be shown to provide a foundation for unifying approx
imate reasoning techniques with traditional probabilis
tic methods [5, 6] . Unfortunately, these techniques fail 
to fully incorporate understanding of the. underlying 
system. The result is an analysis that often provides 
inconclusive solutions. A novel feature of this work is 
the incorporation of system constraints. This paper ex
tends earlier results [7, 8, 9] using approximate reason
ing techniques to a framework which includes reliability 
calculations. 

The paper is organized as follows. A general de
scription of power system diagnostic and monitoring 
techniques is given. Background on approximate rea
soning techniques is presented. This background is used 
to develop the main result. A detailed numerical exam
ple highlights the approach. 

2 Problem description 

As indicated above, traditional maintenance schedules 
were based primarily on manufacturer recommended 
fixed time intervals. More recently, a reliability cen
tered maintenance viewpoint has been proposed that 
views all maintenance in terms of system reliability 
so that, for example, non-critical equipment may re
ceive no preventive maintenance, other equipment is 
maintained at regular intervals and critical equipment 
may be monitored on-line. In that a complete discus
sion on monitoring and maintenance techniques is be
yond the scope of a single paper, this section merely 
provides an indication of the extant techniques and of 
the complexity of the problems. The equipment under 
consideration includes power transformers, substation 
batteries, circuit breakers, relays, generators, insula
tors and other equipment that can be monitored and 
maintained. Such tests include: 

• Chemical tests - e.g., dissolved gas analysis 
(DGA) of transformer insulation oil, moisture 
analysis of SF 6 insulated circuit breakers. 

• Electrical measurements- e.g., power factor tests 
of bushings, harmonic analysis for detection of 
partial discharges or arcing. 

• Acoustic and mechanical measurements - e.g .. , ac
celerometer sensed vibration analysis in genera
tors, acoustic sensing of partial discharges or arc
ing . 
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• Other methods - e.g., rotor-stator air gap mon
itoring with optical sensors, thermal probes on 
generator and transformer windings. 

To illustrate the typical diagnostic complexity, con
sider DGA oftransformer insulation oil, one of the most 
widely applied diagnostic methods. Complete analysis 
requires historical gas concentration data for a particu
lar transformer as well as for that class of transformers. 
Further, the specific application is important. For ex
ample, a step-up transformer at a nuclear power plant 
is typically loaded close to manufacturer ratings at all 
times. As a result, gas concentrations are generally 
higher and high gas concentrations are not necessarily 
indicative of an incipient fault. These type of rough 
guidelines are important for analysis. All of the above 
diagnostic tests encounter practical difficulties and re
quire specific experience to be useful. 

Note that while improvements in communication 
systems and sensors has led to interest in on-line mon
itoring, (e.g. [10]), most maintenance and diagnostic 
practices are still based on field tests. Thus, many of 
the above indicators of equipment condition are expen
sive to obtain on a regular basis. A useful analysis 
system then should provide guidelines not only for as
sessing the equipment state based on available data but 
also the need for further tests and closer inspection. 
These tests will result in an assessment of equipment 
condition that does not coordinate easily with opera
tional, maintenance and reliability concerns. This work 
is directed at establishing that framework. 

3 Managing uncertainty 

Uncertainty in the information concerning a given piece 
of equipment or given observation may be represented 
by many methods. These methods that will be clas
sified here into one of the following fundamental rep
resentations: probabilistic, fuzzy logic or nonadditive 
measures. The most appropriate description depends 
on how the information is received. For example, an 
expert's assessment of equipment by visual inspection 
would be linguistic and perhaps best represented by a 
fuzzy set. To be useful, each piece of information must 
be combined with other diagnostic data in an appropri
ate manner. This section presents a methodology for 
representing uncertainty and a unified framework for 
combining different sources of information. 

3.1 Probabilistic analysis 

Traditional reliability analysis focuses on determining 
failure rates of the system components and the impact 
of such failures [11). Systems are modelled as parallel, 
series, series-parallel or non-series-parallel. Non-series 
parallel can be decomposed into simpler subsystems 
based on conditional failures. Individual components 
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failures are normally assumed to be independent. For 
two independent components A and B in parallel, the 
probability of failure is: 

(1) 

where PA and Pn are the probability of failures for 
components A and B and Frail is the system failure 
rate. For the same two components in series: 

(2) 

These models may also be used within a state space 
representation. Normally, the state space model as
sumes a Markov process so that the failure rates above 
could be interpreted as state transition probabilities. 
That development is well-known and is not pursued 
further here. For condition monitoring or diagnosis, 
analysis focuses on hypothesizing the equipment condi
tion based on an observation or a piece of evidence. In 
terms of conditional probability, this can be expressed 
as: 

P(hie) = P(eih)P(h) 
P(e) (3) 

where h is the hypothesis and e the evidence. Given 
multiple pieces of evidence, one usually assumes inde
pendence and that simple conditional probabilities are 
known. Further, one may assume that the set of hy
potheses are mutually exclusive and exhaustive. Under 
these conditions, the following holds: 

fn 

f1 P(ekih,)P(~) 
P(h,le1e2 ···ern)= - n--'k-'-=- ;,.,;_ _ ____ _ (4) 

L f1 P(eklhi)P(hi) 
i=lk=l 

where the h, are hypotheses and the e, are evidence. 
Assuming that the quantities on the right hand side of 
( 4) are readily available, this calculation provides very 
useful information. 

There are three practical concerns that should be 
incorporated into these calculations [12] . First, the 
probability values are not known precisely. Second, the 
components may not be independent. Third, the fail
ure state may not be clearly defined. Each of these 
conditions are discussed in the following. 

Imprecise probabilities- Probabilities should be de
termined by frequency of occurrence. These rates are 
difficult to determine precisely because of the large 
number of external influences as well as the typically 
low failure rates. Some equipment may operate free of 
failures for more than 40 years. In general, one can 
define a possible range for the probability values. For 
example, one may have a certain confidence that the 
probability of failure lies within the interval [0.00,0.01]; 
however, the traditional method of confidence levels 
based on at-distribution [13] does not provide for alge
braic manipulation of the probabilities. Alternatively, 
one can define an approximate or fuzzy number (e.g., 
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about 0.5, much less than 0.10 and so on) where a 
range of values is given for various levels of confidence. 
In this case, the product or sum of the probabilities 
can be calculated using interval arithmetic (see [14]). 
Interval arithmetic computes maximum and minimum 
values for a given confidence level and the result for 
expressions ( 1 )-( 4) would be a range of values. 

Component dependencies- The expressions (1) and 
(2) are special cases for independent components. If de
pendencies exist then the expressions must be modified 
depending on the nature of the dependencies. For large 
systems with many dependencies it will be difficult to 
perform these calculations. It is proposed to reflect the 
possibility of dependencies by varying the operator. To 
begin, define the triangular norm, designated by * as 
satisfying [15]: 

• Identity (PA * 1 = PA) 

• Commutativity (Pn * PA = PA * Pa) 

• Monotonicity (PA * Pa ~ PA *Pc if P8 ::; Pc) 

• Associativity (PA * (Pa *Pc)= (PA * Pa) *Pc) 

Example triangular norms include the minimum 
and product operators. In addition one can define a 
triangular conorm, designated here by .l as satisfying 
the same conditions except for identity which becomes: 

• Identity (PA .l 0 = PA) 

Example triangular conorms include maximum and 
probabilistic sum. Operators need to be chosen to cor
rectly reflect the impact of the interdependencies. So 
for a parallel connection of components, one could com
pute the probability of failure as: 

Prail = PA * Pa (5) 

and for a series connection as: 

(6) 

It is important to note that these computations are 
subjective and result in subjective probability evalu
ations. Further, these operators can be more appro
priately thought of as general logical connectives than 
strict probability calculations. 

Performance degradation - In the above analysis, 
failures were assumed to be a clearly defined state. 
In practice, system performance often degrades before 
reaching catastrophic failure. Further, a component 
failure may have either a minor or a significant impact 
on system performance. It may be easier to express this 
overall "risk" than to determine the series or parallel 
combination of a component or to delineate all the sys
tem states for a state space representation. Fuzzy sets 
provide a natural and simple way of representing differ
ent levels of acceptable performance. This is explored 
in the next section. 

Autumn 1996 



26 

3.2 Fuzzy logic 

Fuzzy sets are useful for representing relationships as 
linguistic descriptions of classes of objects such as those 
given by experts. An element of a fuzzy set is an or
dered pair consisting of an element and the degree of 
membership in the fuzzy set for that element [6]: 

J-L: X-+ [0, 1] 

with fuzzy set A: 

A:::: {(x, J-LA(x))lx EX} (7) 

where X is the universe of discourse and J-LA(x) repre
sents the degree to which x matches the characteristic 
feature of the set A. The following definitions of fuzzy 
set operations are most commonly used. If C = An B, 

J.Lc(x) = min(J.LA(x), J.LB(x)) (8) 

and if C :::: A U B, 

J.Lc(x) = max(J.LA(x), J.LB(x)) (9) 

and if C:::: A, 

J.Lc(x) = 1- J.LA(x) (10) 

Note that neither the minimum nor the maximum func
tion will necessarily be the appropriate operator for 
a given decision problem. It is generally accepted 
that the conjunction (intersection) operator should be
long to the triangular norm class and the disjunction 
(union) operator should be the corresponding triangu
lar conorm as defined previously in (5-6). 

3.3 Nonadditive measures 

Probability assesses the "frequency of occurrence" for 
which some unknown falls within a specified class, for 
example, how often a component fails. Conversely, 
fuzzy sets describe the rough boundaries of some class. 
More generally, one can describe the uncertainty which 
arises from identifying the class of an object. This un
certainty may be represented by a non-additive or fuzzy 
measure. See [5] for a rigorous definition. Let g be a 
fuzzy measure defined over the power set P(X) (or a 
Bore! field) of the universe X as: 

g: P(X) -+ [0, 1] 

satisfying the axioms of probability without additivity. 
With this general definition of a measure, one can define 
various special cases. For example, if additivity does 
hold then one has a probability measure. Further, sub
additive and superadditive measures, belief and plau
sibility measures, respectively, can be defined so the 
following always holds: 

Bel(A) ::; P(A)::; Pl(A) 

where the belief measure is represented here as Bel and 
the plausibility measure as Pl. In diagnostic systems, 
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these representations are very useful. A belief measure 
provides an assessment of the directly supportive ev
idence. Conversely, the plausibility measure provides 
an assessment of the lack of evidence which refutes the 
premise. Note also that due to additivity, probability 
of some event fixes a value for the complement as well 
while plausibility and belief measures will merely spec
ify a bound on the measure for the complement. This 
adds flexibility to the representation and is helpful for 
representing uncertainties in expert systems. Further 
it allows for the incremental accumulation of evidence 
as new observations are made. 

3.4 Body of evidence 

Finally, in this section a common representation is 
discussed which can model all the methods described 
above. Define a body of evidence as [6]: 

m: P(X)-+ [0, 1] 

where m is such that: 

m(0):::: 0 

L m(A):::: 1 
AE'P(X) 

(11) 

(12) 

The value of m( A) is interpreted as the evidence on the 
set A and only A. Together the values for m( A) provide 
a body of evidence for the problem under consideration. 
It can be shown [6] that m(A) uniquely establishes the 
measures defined in the previous section under the fol
lowing formulas: 

P(A) = L m({x}) (13) 
:z:EX 

Bel(A) = L m(B) (14) 
B<;;A 

Pl(A) = L m(B) (15) 
BnA~0 

Similarly, given the measure one can compute the body 
of evidence from: 

m( A)= L ( -1)1A-BI Bel(B) (16) 
B<;;A 

Fuzzy sets can be included in this framework by 
using the so-called "possibility" approach which states 
that J.LA(x) indicates the possibility that the variable of 
interest takes the value x given the fuzzy statement A. 
The measure is then: 

Pl({x}) = J.LA(x) (17) 

and subsequently a body of evidence can be found. 
Note in this case, the body of evidence has non-zero 
values only on consonant (embedded) sets so that there 
is no conflict in the evidence assignment. 
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The approach taken here is to translate information 
from different sources into a basic assignment and then 
combine these sources using a decision technique known 
as the Dempster-Shafer rule of combination. This rule 
weighs evidence based on the relative certainty as fol
lows for two bodies of evidence m1 and m2: 

(18) 

with: 

K = L m1(B)m2(C) (19) 
BnC=0 

The factor K is a normalizing factor which accounts for 
evidence which is dissonant (unreconcilable). 

4 Proposed system 

In this section, the framework for the developed sys
tem is presented. A structure is defined which allows 
knowledge of the system to be described as a series ofre
lations. Uncertainties of these relations are computed. 
An inference engine is defined which utilizes this rela
tional structure. Complete analysis moves from diagno
sis or monitoring to reliability concerns and corrective 
actions. 

4.1 Representation 

A fundamental requirement for knowledge-based sys
tems is the simplicity of modifying the existing knowl
edge in the system. Missing or erroneous information 
should not invalidate the analysis and in this sense, 
each relationship in the knowledge-base should be ro
bust. The proposed structure of the rule-base in the 
proposed system uses a fuzzy set description for each 
relation and a measure over the relation. Three classes 
of rules compromise the system. These rules are dis
cussed in the following. 

Diagnostics - For condition monitoring, a measure
ment is taken and a measure of the truth of a relation is 
calculated from this measurement. For example, con
sider the following rule used in a system for DG A of 
transformers (7): 

High level of acetylene (C2H2) 
IF the concentration of C2H2 is high 
THEN this is indicative of an arcing fault 
WITH this observation strongly needed 

This rule can be understood as follows; ifthe acety
lene concentration is high then it will support other ev
idence which indicates an arcing fault. The "needed" 
clause indicates the necessity of observing a high acety
lene level in order to conclude there is an arcing fault. 
The "high concentration" is represented by a fuzzy set 
which is dependent on the history of the transformer. 
In general , the rule format for conditioning is as follows: 

Australian Journal of Intelligent Information Processing Systems 

Condition rule 
IF condition A; 
THEN state B1 
WITH certainty g;(A,:, Bj) 
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The sets A; and Bj can be crisp or fuzzy sets. The 
certainty clause g;( A,, B;) is a probabilistic or non
additive measure as defined in the previous section. 

Reliability risk - For consideration of reliability, a 
fault or equipment state is hypothesized and the effect 
on system performance computed. For example, coil.
sider the following rule associated with a transformer 
fault. 

Aging transformer 
IF insulation paper shows aging 
THEN risk of failure during peak loads 
WITH a strong possibility 

This rule can be understood as follows; if tests have 
indicated advanced aging in the insulation paper, then 
there is increased risk of complete failure during a high 
load period. In general, the format for the reliability 
risk is: 

Risk rule 
IF state Bj 
THEN risk Ck 
WITH certainty g,(Bj, Ck) 

The risk Ck represents some failure state and which 
will impact system reliability calculations. 

Actions - Based on the diagnostic and reliability 
analysis, some form of action should be taken be it cor
rective, preventive or further data gathering. The cost 
of actions should be considered as well as the impact on 
reliability. Further, actions which hold out some possi
bility of clarifying equipment condition should be incor
porated in the framework. For example, consider the 
following rule associated with scheduled maintenance: 

Transformer inspection 
IF transformer has an electrical fault 
AND the windings are physically inspected 
THEN electrical fault identified 
WITH high possibility 

This rule can be understood as follows; electrical 
faults have a high chance of being identified through 
physical inspection of the windings. In general, the 
format for making a specific decision is: 

Action rule 
IF state Bj A~D action Dt 
THEN state Bm 
WITH certainty g,(BJ, D1) 
AND cost En. 

Typical actions would include scheduling mainte
nance, removing equipment for service, modifying oper
ational constraints, obtaining a field measurement and 
so on. Note in the above example, gathering data may 
lead to a clarification of the equipment condition but 
there will no change in the state and there will still be 
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a probability for device failure. The costs allows in
clusion of economic objectives into the inference and 
should provide for the cost of the outages as well; how
ever, this is not explored fully in this paper. 

4.2 Domain constraints 

The above postulated several components of a represen
tation: (1) observations, A, (2) equipment states, Bj 
(3) risks, C~; (4) actions, D, and (5) costs, En· The rule 
base provides the relationships between these items. In 
addition, it has been found that there is a need to in
corporate system constraints into the rule base. This 
can be thought of as a modified model-based approach. 
For example, consider a problem where the measure
ment indicated either that a piece of equipment had 
been heavily loaded or that a fault was developing. If 
that equipment had been operating in overloaded con
ditions, then there may be less concern of an incipient 
fault. Typically, system constraints can help eliminate 
many of the false alarms that tend to be generated in 
approximate analysis. It is proposed to model the con
straints in terms of the measures of those states by: 

id ... n (20) 

where pis the number of sets with measures and f, is 
a constraint function. The system constraints can be 
enforced by adjusting the measures calculated from a 
given rule base during the inference. As there may be 
many ways to reassign evidence in order to satisfy the 
constraints, general procedures must be defined within 
the inference to consistently perform the reassignment. 
This is developed in the next section. 

4.3 Inference algorithm 

Inference in the proposed system moves through sev
eral steps each involving specific computations. Given 
some observation, a measurement of Aj can be calcu
lated. Based on this value and Yi, an assessment for 
the conclusion, Bi 1 is found. The result of applying all 
relevant rules must be computed. The necessary com
putations depend on the sets A, and Bj and the form 
of the uncertainty measures Yi. Rules can be applied 
through conjunction (logical ancf), disjunction (logical 
or) or as independent bodies of evidence. Rules which 
apply to a conclusion B~; in terms of conjunction are 
combined as: 

* g(B~;) = 
Ri with 

g,(Bi) (21) 

Bi ~ B~; 

Here, only the assessments which fall completely within 
the class Bj are considered. Disjunction rules are com
bined as: 

g(B~;)= l_ (22) 
Ri with 

Bi n Bk :/= 4> 
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In this case, any assessment which has some relevance 
to the class Bi is considered. When rules have been 
applied to a set of observations, a body of evidence 
values m(·) can be computed by satisfying (11)-(15) and 
the underlying system constraints (20) to ensure the 
validity of the analysis. If violations are found then the 
evidence must be reapportioned. The reapportionment 
of evidence for constraint violations is as follows: 

1. Select the smallest sets with nor:-zero evidence. 

2. If possible without violating constraints, assign 
evidence for these sets to achieve the measures 
calculated from the rule base consistent with ( 13)
(16). 

3. If a constraint violation exists, then assign the 
conflicting quantity in one of three ways: 

(a) Least informed - evidence assigned to the 
"unknown" set (the universe). 

(b) Most informed - evidence assigned to the 
smallest possible set. 

(c) Partially informed - evidence partitioned 
among sets. 

4. Repeat (1)-(3) above for increasingly larger sets 
until all evidence has been assigned. 

The body of evidence between different sets of ob
servations or methods are combined using (18). Sub
sequently, calculations proceed for computing the ap
propriate actions to be taken. The impact of an action 
depends on the assessment of equipment states . Mea
sure computations again follow (21)-(22). For multiple 
actions, cost is additive. The inference process is sum
marized below: 

Inference algorithm 

1. Obtain observations or measurements. 

2. Apply diagnostic rules calculating measures for 
equipment states. 

3. Find evidence assignment which "best" satisfies 
constraints. 

4. Combine different diagnostic methods using (18). 

5. Calculate reliability risks. 

6. Apply action rules to calculate measures for risks 
under different possible actions. 

5 Numerical example 

The developed methodology has been implemented 
as an expert system shell. Applications have been writ
ten for transformer and simple hydro generator diag
nostics. This section presents a numerical example from 
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Equipment State :Z:t :z:2 :Z:J :Z:4 

Unknown- B1 X X X X 

Faulted - B2 X X X 

Electrical - B3 X X 

Partial Discharge - B4 X 

Arcing - Bs X 

Thermal- Bs X 

Normal- B1 X 

System Fatlure - C 

Table 1: Domain Definitions 

Approach Conclusions 
1 Pl(B2) = 0.8, Bel(B2) = 0.7 

Bel(B4 ) = 0.1*, Bel(Bs) = 0.2* 
Bel(B6 ) = 0.1, Pl(B1) = 0.2 
Bel(B3) = 0.4, Bel(B1) = 0.2 

1* Pl(B2) = 0.85, Bel(B2) = 0.7 
Bel(B4) = 0.1, Bel(B5 ) = 0.1 
Bel(B6 ) = 0.1, Pl(B1) '= 0.3 
Bel(BJ) = 0.4, Bel(B1) = 0.15 

2 Pl(B2) = 0.8* , Bel(B2) = 0.8 
Pl(B1) = O.h, Pl(B4) = 0.6 
Bel(B4) = 0.3, Bel(B6 ) = 0.1 
Bel(B3) = 0.6, Bel(Bs) = 0.2 

2* Pl(B2) = 0.85, Bel(B2 ) = 0.8 
Pl(B1) = 0.2, Pl(B4) = 0.65 
Bel(B4 ) = 0.3, Bel(B6 ) = 0.1 
Bel(B3) = 0.6, Bel(B5 ) = 0.2 

3 I P(CIB2) = 0.25, P(CIB1) = 0.01 I 
Table 2: Condition monitoring and risk observations 
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[8] to show the process of using conflicting information 
that arises from different tests, analyzing the informa
tion and suggesting appropriate actions. 

The problem here is a simplification of transformer 
fault diagnosis. Table 1 defines the equipment states 
where an 'x' indicates the element that is present in 
that set . The system risk is modeled as a complete 
system failure for this example. Table 2 provides as
sessments of the equipment state after application of 
expert diagnosis rules based on two different monitor
ing techniques. It is interesting to see that based on 
any single approach there is no obvious conclusion to 
be reached. This is typical of diagnostic and monitoring 
problems. 

Analysis begins by checking the constraints from 
(11)-(12) and (20) for test 1. Now suppose from a priori 
knowledge about equipment faults and the test used to 
obtain information, it is known that arcing (B5) is ac
companied by some degree of partial discharges (B4) so 
that Bel(B5) ~ Bel(B4) should hold. This represents 
a domain constraint for the problem. The quantities in 
Table 2 with single asterisks identify where this inequal
ity doesn't hold. The conflict is resolved by reassigning 
evidence of 0.1 from arcing, m(B5), to the general cat
egory of electrical faults, m(B3) - a correction which is 
the most informed reassignment of evidence. Still, the 
measur~s do not satisfy the boundary constraint. To re
solve the conflict and minimize the amount of evidence 
assigned to the unknown state, (m(Bl)), half of the 
conflict is assigned to the normal state, m(B7). This 
is a partially informed assignment. The new measure 
values are shown as 1 * in Table 2. 

In the second test of Table 2, we note a conflict 
occurs in the measures marked with an asterisk. The 
conflict is resolved in a similar manner except that in 
this test the evidence has not been fully assigned. The 
additional evidence is assigned to the normal states and 
the unknown states. The new values are shown as 2* in 
Table 2. The two bodies of evidence are then combined 
using (18). Table 3 shows the result of this computa
tion. The third method shown in Table 2 establishes 
the system risk for the given equipment failure . This 
information will be needed in determining actions that 
should be taken to monitor or maintain the possibly 
faulted equipment. 

Now, the impact of various courses of action are 
considered. Three actions are possible in the present 
example. The first would take another measurement. 
In this case, the information obtained from the mea
surement would be to clarify the assessment of equip
ment state. Thus, the degree to which the equipment 
was considered operating normally or experiencing a 
fault would be enforced by the new test. The second 
action would involve removing equipment from service 
for maintenance. For simplification and illustration in 
this example, it is assumed that an electrical fault could 
be readily identified and repaired under normal main
tenance procedures. So given the degree to which it 
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Equipment 
State m(Bi) Pl(B,) Bel(B1 ) 

Unknown- B1 0.02 1.0 1.0 
Faulted- B2 0.07 .92 .90 
Electrical - B3 0.14 .82 . 74 
Partial 
Discharge - B4 0.35 .58 .35 
Arcing- Bs 0.25 .47 .25 
Thermal- B6 0.10 .18 .10 
Normal- B1 0.08 .10 .08 

Table 3: Resultant body of evidence 

IF AND Conclusion 
Action State Certainty 
Re test B2 Bel(B2) = 0.80 

B1 Bel(B1) = 0.95 
Maintain B3 Bel(B3) = 0.05 

B3 Bel(B1) = 0.90 
B1 Bel(B1) = 0.95 

Replace B1-1 P(B2) = 0.01 
P(B1) = 0.99 

Table 4: Possible actions and conclusions 

Action Conclusion Risk 
Certainty 

Retest Bel(B2) = .90 Bel(C) = .23 
Bel(B1) = .10 

Maintain Bel(B2) = .22 Bel(C) = .07 
Bel(B3) = .05 
Bel(B1) = .74 

Replace P(B2) = .01 Bel(C) = .01 
P(B1) = .99 

Table 5: Final recommended actions 
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is believed an electrical fault exists, one could deter
mine the expected return to normal condition. There 
also exists a small possibility that the electrical fault 
would not be repaired. The third action would be to 
replace the piece of equipment which regardless of the 
initial state results in a certain probability of failure. 
Table 4 summarizes the above discussion by listing the 
estimates of the conclusion certainty dependent on the 
initial state . 

The rules in Table 4 are applied to the measures 
of the states in Table 3 to give assessments for each 
course of action. Taking any action necessitates reas
signing the evidence consistent with the new measures 
of the system state. The measures of state are com
bined with the action rules using the appropriate con
junction and disjunction operators (minimum and max
imum, here). Specifically, one computes for each action 
expected measures of the resulting state. The overall 
failure risk is based on the assessments of the system 
state for a given action. One has to consider that more 
than one state may lead to failures so that the reliabil
ity risk is additive or increasing over the possible states. 
If for a given state there is no applicable rule, then the 
evidence values are not recalculated. Applicable rules 
include any rule which applies to a set which inter
sects with that state. In this example, maintenance 
impacts evidence for electrical faults but not thermal 
faults. Further, no distinction is made for the different 
classes of electrical faults in the maintenance rule so all 
evidence is assigned to this general class. We show the 
result in Table 5 for belief values given the expectation 
for each course of action. In this simple example, the 
·prudent policy is to schedule maintenance as there is 
a good chance the problem can be alleviated. Repeat
ing a test adds little to the certainty of the conclusion 
and the added cost of replacement doesn't justify the 
improvement in reliability risk. 

The importance of this simple numerical example 
is that it shows a method for extracting useful infor
mation from approximate tests and observations. In 
this example, the original observations and a priori 
knowledge do not lead to any obvious course of ac
tion; however, once the evidence has been pruned to be 
more consistent, physical inspection is clearly the best 
choice. Essentially, the application of the system con
straints and appropriate combination of the measures 
helps clarify the equipment state and a final decision 
can be is easily made. 

6 Summary and conclusions 

This paper has proposed representations of uncertainty 
and new computational algorithms that can improve 
the overall monitoring and maintenance of equipment 
condition. The representation is intended to model 
both domain constraints and expert knowledge of diag
nostic, maintenance and reliability concerns. The pro
posed framework requires the following design steps: 

Australian Journal of Intelligent Information Processing Systems 



• Specification of the measurements, equipment 
states and possible actions. 

• Identification of system constraints. 

• Establishment of rule base based on 

Relations between measurements, equip
ment states and corrective actions. 

Appropriate uncertainty measures for all re
lations. 

• Definition of logical operators for all rule group
ings. 

Further work will focus on developing complete ex
pert systems in the area of hydro condition monitoring 
and improved understanding of the proposed conflict 
resolution techniques. 
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Abstract: Fuzzy logic excitation and speed governing control systems have been proposed to enhance the overall 
stability of power systems. The proposed excitation system has two control loops. One is the voltage control loop which 
achieves the automatic voltage regulator( A VR) function, and the other is the damping control loop which gives the 
power system stabilizer(PSS) function. The speed governing control system has only one speed control loop which 
achieves the governor function. The same fuzzy logic control rules are applied to all the control loops. The input signal 
to the voltage control loop is the terminal voltage, and the input signal to the damping control loop is the real power 
output. In addition, the input to the speed governing control loop is the speed deviation. Simulation studies show the 
advantages of the fuzzy logic excitation and speed governing control systems. 

Keyword: Fuzzy logic excitation and speed governing control systems, damping control, voltage control, power system 
stabilizer, real time control, digital control. 

1. Introduction 

In our previous works, we have proposed a micro
computer based fuzzy logic power system 
stabilizer(FLPSS) to enhance the overall power system 
stability through the excitation control using fast-acting 
thyristor exciters. Through both the simulation studies 
and the experiments using a 5 kVA laboratory system and 
an actual 5 MV A hydro unit, the effectiveness of the 
FLPSS has been demonstrated[1-5]. In addition, the long 
term evaluation of the FLPSS is now ongoing on a 30.2 
and a 23.4 MVA hydro units in the Kyushu Electric 
Power System[6]. 

For further improvement of power system stability, we 
have proposed a fuzzy logic excitation system together 
with a fuzzy logic speed governing system. The fuzzv 
logic excitation system has two control loops. One is th~ 
voltage control loop which gives the automatic voltage 
regulator( A VR) function, and the other is the damping 
control loop which gives the power system stabilizer(PSS) 
function. The speed governing system has only one speed 
control loop which achieves the governor function. The 
same fuzzy logic control rules are utilized to achieve all 
the functions of A VR, PSS, and governor. The control 
rules are based on the PD information[?] of the generator 
terminal voltage for the voltage control loop, and also 
based on the PI information of the generator output for the 
damping control loop in the proposed fuzzy logic 
excitation system. The damping control loop has the same 
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configuration of the fuzzy logic power system 
stabilizer(FLPSS) in our previous study. In the speed 
governing control loop, the PD information of the 
generator speed is utilized to generate the speed control 
signal. The control rules are the same for all these control 
loops. 

The proposed control scheme is very simple so as not to 
require heavy computation, therefore, its on-line 
implementation is readily available. Furthermore, an 
integrated controller can be set up for both the excitation 
and the speed governing control systems using only one 
micro-computer because of the short computation time 
less than 1 ms for each interval. 

Simulation studies have been performed using a one 
machine infinite bus system. The results show the 
advantages of the proposed fuzzy logic excitation control 
system comparing with the conventional excitation control 
systems, i.e., a conventional A VR with a conventional 
PSS. The speed governing system has only secondary 
effects for the stability enhancement. However, the bett~r 
performance is obtained by the proposed fuzzy logic speed 
governing system .. 

2. Fuzzy Logic Excitation System 

Fig. 1 gives the block diagram of the fuzzy logic 
excitation system, which has both the voltage and 
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damping control loops for the stability enhancement. The 
proposed excitation control system is considered to be set 
up by using a micro-computer and AD and DA conversion 
interfaces. The input signals are the terminal voltage and 
the real power output for the voltage and the damping 
control loops, respectively. 
In the simulation studies shown later, a self-excited fast 
acting thyristor excitation system is utilized, therefore, the 
setting of the steady state excitation voltage Efdo is 
divided by the steady state terminal voltage Vto. 
Moreover, the output from the excitation control system is 
multiplied by the instantaneous terminal voltage Vt(k). 
When considering the separately excited excitation 
systems, both these values should be set to 1.0. 

V, (k) 

-Pe(k) 

Thyristor Exciter 

Ue : Excitation Control Signal 

KE = 6.48, TE = 0.02, Efdmax = 7.6, Efdmin = -5.2 

Fig. 1. Fuzzy Logic Excitation System 

2.1 Configuration of Voltage Control Loop 

The configuration of the voltage control loop is shown in 
Fig. 2. The PD information of the error signal e(k), which 
gives the difference between the reference voltage Vr and 
the actual terminal voltage Vt(k), is utilized to determine 
the voltage control signal Uv(k) *. 

e(k) = Vr - Vt(k) 
e0 (k) = (e(k) - e(k-1)) IDT 

where tJ.T is the sampling interval. 

(1) 
(2) 

In addition, a PI control loop is also set to shift the 
excitation voltage to its new steady state value according 
to the change of the reference voltage Vr. The final 
voltage control signal Uv(k) is given by 

U~(k) = KJ ~ Uv(k) * + Kp Uv(k)* (3) 

Vt{k)-

Fig. 2. Configuration of Voltage Control Loop 
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2.2 Configuration of Damping Control Loop 

The block diagram of the damping control loop is shown 
in Fig. 3[1-5]. The damping control loop has the same 
configuration of the fuzzy logic PSS in our previous 
studies. ·The damping control signal Ud(k) is also derived 
from the PI information of the generator output Pe(k) , i.e. 
Zs(k) and Za(k). These PI information is obtained through 
the signal conditioning using reset filters and an 
integrator. Here, Za(k) is the deviation of the real power 
output, which gives the acceleration of the generator, and 
Zs(k) is its integral, which gives the speed deviation of the 
generator. 

Za(k) 
Fuzzy Logic 

Control ~-r---
Rules 

R1 : Digital Reset Filter ( TRJ = 4.0 s) 
R 2 : Digital Reset Filter (T R2 = 0.5 s) 

I : Digital Integrator 

Fig. 3. Configuration of Damping Control Loop 

3. Fuzzy Logic Speed Governing System 

The configuration of the speed governing system is shown 
in Fig. 4. The Figure also includes the valve servo system. 
The speed control signal Ug(k) from the speed control 
loop is added to the valve servo system. As shown in Fig. 
4, there are several restrictions in the valve servo system. 
The valve opening speed is restricted by U 1 and the 
closing speed is restricted by L I. The fast valve closing 
speed is available compared with the valve opening speed. 
The range of turbine output regulation is up to l.JPto, 
where Pto is the setting of the turbine output. 

Servo System 

Fig. 4. Configuration of Speed Governing System 

The configuration of the speed control loop is shown in 
Fig. 5. The speed control loop is also considered to be set 
up by using a micro-computer and AD and D A conversion 
interfaces. The PD information of the generator speed is 
utilized to determine the speed control signal Ug(k). 

tJ.w(k) = w 0 - w(k) 
tl.wa(k) = ( tJ.w(k)- tJ.w(k-1)) I t::.T 

(4) 
(5) 
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Fuzzy Logic Ug(k) 
Control 

Rules 

Fig. 5. Configuration of Speed Control Loop 

4. Fuzzy Logic Control Rules 

The same fuzzy logic control rules are applied to all the 
control loops for the fuzzy logic excitation and speed 
governing systems. The generator state is given by the 
point p(k) in the phase plane shown in Fig. 6 for each 
control loop. 

p(k) = [ X(k), As Y(k)] (6) 

X(k) = e(k) and Y(k) = e0 (k) for voltage control Loop 
X(k) = Zs(k) and Y(k) = Za(k) for damping control Loop 
X(k) == t:J.w(k) and Y(k) = t:J.w0 (k) for speed control Loop 

Here, As, which gives the scaling factor for Y(k), As is one 
of the adjustable control parameters. The origin 0 is the 
equilibrium, therefore, all the control action should be 
directed to shift the point p(k) to the origin. 

Switching 
Line 

As·Y 

Fig. 6. Phase Plane 

In this study, the generator state is given by the polar 
information instead of the rectangular information, i.e., 
the radius D(k) and the phase 8(k) to simplify the control 
rules. 

D(k) - ~X(k)2 +(As ·Y(k))2 (7) 

8(k)- tan-1(As .Y(k)/ X(k)) {8) 

To derive the control scheme, the phase plane is divided 
into two Sectors, i.e. Sector A and Sector B. Here, a is 
the overlap angle between these two sectors. When 
considering the excitation control, Sector A, especially 
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the first quadrant, gives the region where the excitation 
should be increased to rise the terminal voltage, and also 
to achieve the deceleration control for the damping of 
oscillations. On the contrary, Sector B, especially the 
third quadrant, gives the region where the excitation 
should be decreased to reduce the terminal voltage, and 
also to achieve the acceleration control. When 
considering the speed governing system, Sector A gives 
the region where the increase of the turbine output is 
required for the acceleration of the generator speed, and 
Sector B gives the region where the decrease of the turbine 
output is required for the deceleration of the generator 
speed. 

These two sectors are defined by using the two polar 
membership functions N(S(k)) and P(S(k)) as shown in 
the Appendix 1. For the excitation control system, the 
function N(8(k)) gives the grade of increasing the 
excitation voltage, and P(8(k)) gives the grade of 
decreasing the excitation voltage. In addition, these 
functions also give the grade to increase or to decrease the 
turbine output for the speed governing controL By using 
these two membership functions, the control signal U(k) 
from each control loop is given by 

U(k) = P(8(k))-N(8(k)) ·G(k)·U 
P(k) +N(k) max 

-(l-2P(8(k))) ·U ·G(k) 
max 

G(k) = D(k) I Dr for D(k) < Dr 
G(k) = 1.0 for D(k) > Dr 

(9) 

(10) 

( 11) 
( 12) 

where G(k) gives the gain factor, which is determined by 
the radius D(k) and the distance parameter Dr. Umax 
gives the maximum size of the output signal U(k) from the 
fuzzy logic control loop. By using these equations, the 
control signals from all the control loops are determined 
as follows: 

Excitation Control System 

Voltage Control Loop : 
Uv(k)* == U(k) from X(k) = e(k) and Y(k) = e0 (k) 

Damping Control Loop: 
Ud(k) = U(k) from X(k) = Zs(k) and Y(k) = Za(k) 

In the voltage control loop of the excitation system, the 
voltage control signal Uv(k) is derived through the PI 
control loop from the control signal Uv(k) * as shown in 
Fig. 2. 

Speed Governing Control System 

Speed Control Loop: Ug(k) = U(k) from X(k) == t:J.w(k) 
and Y(k) = f:J.w0 (k) 

Here, it must be noted that the all the control parameters 
As, Dr, and a should be tuned separately for each control 
loop. Namely, the setting of these adjustable control 
parameters depends on the control loops. 
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5. Simulation studies 

5.1 One Machine Infinite Bus System 

A one machine infinite bus system, shown in Fig. 7, is 
used as a model system for the simulation studies. A 
reheat type thermal generator is selected as the generator 
model.. The proposed fuzzy logic excitation and speed 
governing control systems are set to the generator to 
demonstrate the effectiveness of the proposed control 
scheme. The generator constants are also shown in the 
Figure. For the comparison studies, the following 
conventional excitation and speed governing systems are 
also considered. The block diagram of the conventional 
excitation system is shown in Fig. 8. A self-excited fast 
acting thyristor exciter is considered together with a 
conventional PSS, shown in Fig. 9. A conventional speed 
governing system shown in Fig. 10. The block diagram of 
the reheat type turbine system is shown in Fig. 11. 

Vo 

H = 4.05 s, xd = 1.86, xd' = 0.44, Tdo' = 3.1 s 
xq = 1.35, xq' = 0.35, Tqo' = 0.13, re= 0.03, Xe = 0.3 

Fig. 7. One Machine Infinite Bus System 

Excitation 
Controller E~l-;r:Lo lfdmtu: n 

0 ;.Efd 
+ 

PSS 
Signal U 

Ue : Excitation Control Signal 

Efdmbt 

Kz = 1.0, Tz = 0.013 s, K2 = 10.0, T2 = 0.013 s, T3 = 3.0 s 
T4 = 10.0 s, K5 = 6.48, T5 = 0.2 s, Efdmax = 7.6, Efdmin = -5.2 

Fig. 8. Conventional Excitation System 

Umax 

Reset Filter Phase-Jag Compensator -Umtu: 

TR = 4.0 s, Gpss =10.0, Tz = 0 .. 025 s, T3 = 0.20 s, T5 = 0.20 s 
Umax= 1.0 pu 

Fig. 9. Conventional PSS 

The simulations have been performed subject to the 
following disturbance: 

(a) a 5% step change of the reference voltage Vr 
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(b) a three-phase to ground fault at the point A 
following the isolation of the faulted line after 0.07 s. 

Servo System 

R = 0.04, G = 0.0 s, Tz = 0.2 s, Tg = 0.2 s 
u1 = 0.2, Lz =-woo, u2 = 1.5,L2 = o.o 

Fig. 10. Conventional Speed Governing System 

Lo"-pressure 
Turbine 

+ 

Fig. 11. Reheat Type Turbine System 

5.2 Tuning of Control Parameters 

The proposed fuzzy logic excitation and speed governing 
systems have three adjustable parameters As, Dr, and a 
for the voltage and the damping control loops in the 
excitation system, and also for the speed control loop of 
the speed governing system. Through a sequential 
optimization technique[4], optimal parameters have been 
determined for the proposed fuzzy logic excitation system. 

The control parameters for the voltage control loop are 
determined subject to the above disturbance (a) at the 
operating point of the real power output Pe = 1.0 pu. In 
the sequential optimization, the parameters have been 
optimized on a one by one basis. The following discrete
type quadratic performance index Jv is defined for the 
voltage control loop. 

Jv -]Jt:!Vt (k) ·k · flD2 

k 

Tk = k I!J.T 

(13) 

(14) 

Here, k is set to 0 at the instance when the disturbance is 
added to the system, and &' is the sampling interval. 

The parameters for both the damping and the speed 
control loops are also optimized subject to the disturbance 
(b). The conventional PSS is also optimized at the same 
operating point subject to the same disturbance for the 
comparison studies. In the case of the conventional PSS, 
the gain Gpss is set to 10.0, and the time constants T2 and 
T3 are tuned, and all the other parameters are fixed to the 
values shown in Fig. 8. The discrete type quadratic 
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performance index Jd is defined by the following for the 
damping control loop. 

(15) 

Here, aro(k) is the speed deviation of the study unit. 

The optimal parameters are shown in Table l. For the 
fuzzy logic excitation system, the maximum sizes of the 
voltage and the damping control signals Uvmax and 
Udmax is set to 1.0 pu considering the maximum size of 
the conventional PSS signal Umax of 1.0 pu. The 
maximum size of the speed control signal Ugmax is set to 
1.0. The adjustable parameter Dr is set to rooR 
considering the speed regulation of the conventional 
governor. 

Throughout all the simulations, the sampling interval I!!.T 
is set to 10 ms. for the fuzzy logic excitation and speed 
governing control systems. 

Table 1. Optimal Settings of Control Parameters 

Fuzzy Logic Excitation System 

Voltage Control Loop: 
As= 0.001, Dr = 0.1, a= 90.0, Uvmax = 1.0 pu 

Damping Control Loop: 
As= 0.01, Dr = 0.05, a= 90.0, Udmax = 1.0 pu 

Fuzzy Logic Speed Governing System 

As= 0.5 , Dr = 12.56 , a= 90.0 , Ugmax = 1.0 pu 

Conventional PSS 

Gpss = 10.0, T2 = 0.16 s, T4 = 0.11 s, Umax = 1.0 pu 

5.3 Simulation Results 

The critical power output is investigated following the 
disturbance (b) for the various combinations of the 
generator controllers as shown in Fig. 12. Table 2 also 
indicates the values of the performance index Jd. As 
shown in Fig. 12 and Table 2, the widest stable region is 
achieved by the implementation of the proposed fuzzy 
logic excitation and speed governing control systems. The 
speed governing system has only the secondary effects for 
the stabilization because of the several restrictions for the 
valve opening and closing speed, the range of the turbine 
output regulation, and so on. When neglecting these 
constraints, drastic stabilizing effects are observed through 
the speed governing control, however, those effects are not 
realistic under actual operation because of the existence of 
the restrictions. In addition, the fuzzy logic speed 
governing system has the better performance comparing 
with the conventional governor. 

Fig. 13 and Fig. 14 illustrate typical simulation results 
following the disturbance (b). The variations of the speed, 
the real power output, the turbine output, the excitation 
voltage, the terminal voltage, and the excitation control 
signal Ueo, are illustrated. 

FEX+FGOV!!!!!!!~!!!!!!~~~~~~~~~ 
Wgmax•20) 1.29 

FEX+FGOV 1.26 

FEX+CGOV 1.22 

FEX 1.215 

AVR+CPSS 
+CGOV l.08 

AVR+CPSS ~~~~~~~ 1.01 

AVR ~0.80 

0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4 

Real Power Output {puj 

Fig. 12. Critical Power Output 

Table 2. Values of Performance Index Jd 

Pe[pu] CPSS 

1.07 27.80 
1.08 unstable 
1.09 
1.215 
1.22 
1.23 
1.26 
1.27 
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CPSS+CGOV FEX FEX + CGOV FEX + FGOV 

31.36 1.08 1.24 1.26 
85.53 l.l5 1.32 1.44 
unstable 

15.84 11.24 9.08 
unstable 16.17 8.66 

unstable 
30.41 

unstable 

CPSS: Conventional PSS, CGOV: Conventional Governor 
FEX : Fuzzy Logic Excitation System 

FGOV: Fuzzy Logic Speed Governing System 
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6. Conclusions 

The effectiveness of the proposed fuzzy logic excitation 
and speed governing systems have been investigated 
through the simulation studies. The fuzzy logic excitation 
system has better perfonnance for both the voltage and the 
damping control, and a wider stable region is obtained by 
its implementation. The speed governing system has only 
secondary effects for the stabilization because of its 
various restrictions. The proposed excitation and speed 
governing systems do not require heavy computation, 
therefore, the implementation is readily available. In 
addition, required computation time is less than 1ms for 
each control loop, therefore, the integration of the control 
loops is also available by using only one micro-computer. 
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Appendix Polar Membership Functions 

Two polar membership functions N(S(k)), and P(8(k)), are 
defined as shown in Fig. A to represent Sector A and 
Sector B, respectively. The values of N(8(k)) and P(8(k)) 
give the grades of increasing and decreasing control of 
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the excitation voltage, respectively, for both the voltage 
and the damping controls in the excitation system. In 
addition, these two membership functions als~ give the 
grades of increasing and decreasing the turbine output for 
the speed control. 

grade 

I N$) a =90° P(B) ~ 

: X ~ 
0 90 135 180 270 315 360 

8 [degrees) 

Fig. A. Two Polar Membership Functions 

Biographies 
Takashi Hiyama[ received his B.E .. 
M.S., Ph.D. degrees all in Electrical 
Engineering from Kyoto University, 
Japan in 1969, 1971, and 1980, 
respectively. He joined Kumamoto 
University in 1971, and he has been a 
Professor since 1989 at the 
Department of Electrical Engineering 
and Computer Science. 

During the period of June 1985 through 1986, he was at 
Clarkson University, and was involved with power system 
hannonics project. His current interests include 
stabilizing control of power systems using fuzzy logic, and 
control and operation of photovoltaic systems. He is a 
Senior Member of IEEE, a Member of lEE of Japan, SICE 
of Japan, and Japan Solar Energy Society. 

Yoshiteru Ueki received his M.S. 
degree from Department of 
Engineering Science Research, 
Osaka University in 1977. He has 
been in Fuji Electric Co. Ltd. since 
April 1977. He is engaged in 
analysis and control of power systems 
and development of intelligent 
systems. 

He is a Member of the Society of Instrument and the 
Institute of Electrical Engineers in Japan. 

Australian Journal of Intelligent Information Processing Systems 



39 

Fuzzy Controller for Automatic Train Operations 
C.S. Chang • SS. Sim 

Department of Electrical Engineering, National University of Singapore, 
10 Kent Ridge Crescent, Singapore 0511 

Republic of Singapore 
em ail: eleccs@)eon is. nus. sg 

Abstract 
A fuzzy controller for the Automatic Train Operation (ATO) is proposed. The controller governs the braking, 

powering of the train, coasting length, based on evaluation of riding comfort, punctuality, safety of the train, and energy 
saving considerations. The designed controller will decide at ever:y time instant while the train· is in motion, the amount of 
braking or powering forces required, whether to initiate coasting in order to optimise the overall performance at run time. The 
simulation results show that the proposed ATO controller ensures that the safety limits of the train are always maintained 
and the ride provides relatively good comfort. The controller is able to meet the scheduled time and is successfUl in 
minimising the mechanical braking. 

1. Introduction 

Modem railway systems have the operation goals 
of achieving the train safety, passenger satisfaction and 
also maintaining the operational efficiency. Achieving 
safety means avoiding the possible collisions by 
maintaining its velocity below the allowed limit. The 
passenger satisfaction refers to factors that are related to 
the quality of service. Some examples of these factors are 
the passenger comfort and the train regularity. Railway 
systems have to ensure the passenger satisfaction and to 
remain competitive in the transportation business. The 
operational efficiency refers to the efficiency in the 
utilisation of resources such as electrical energy, trains and 
other inventories. The economy of a railway system 
depends on these factors. 

This paper illustrates the development and 
simulation of a fuzzy controller which is applied to the 
Automatic Train Operation (ATO), which controls 
the braking, powering of the train, coasting length, based 
on evaluation of riding comfort, punctuality, safety of the 
train, and energy saving considerations. Such a controller 
decides at every instant of time, while the train is in 
motion, how much braking or powering, whether to 
initiate coasting in order to optimise the overall 
performance (3]. The symbols used are shown in Table 1. 

Table 1 : List o[Svmbols 
F: Driving force (N) 
B: Braking force (N) 
KPH: Constant: 1/3 .6. conversion ratio from 

kmlhrto mls 
intr(xO>yO>xby1,x): Interpolating function as follows: 

X-X0 
-----''-(YI - Yo)+Yo 
XI -Xo 

v: Current velocity of the train (m/s) 
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TargetSpeed: Target speed specified by the ATP (mls) 
v safe: Safety speed allowance form target 

speed (m/s) 

tl: 

tc: 

d1: 

d2: 

Distance to the designated ATP block 

(m) 

Estimated time the train is allowed to 
coast (s) 
Continuous coast period. (s) 
Estimated punctuality (s) (Estimated 

Arrival Time- Scheduled Time) 
Effective deceleration due to coasting 

(mfs2) 
Effective available braking deceleration 

(mfs2) 

2. Automatic Train Operation (ATO) 
System 

The Automatic Train Control (A TC) contains the 
automatic train operation system (ATO) and the automatic 
train protection system (A TP). The main objective of the 
A TO system is to replace the driver of the train. A train is 
required to accelerate, coast and brake to stop at the 
designated station accurately. 

Various information are crucial to the A TO for 
choosing the appropriate train control. To enable the 
tracking of the motion of the train, we require the current 
position, velocity, the estimated value of the train 
acceleration as well as the mass. For achieving train safety, 
the A TO obtains the A TP codes from the track which 
dictate the maximum safe speed and target speed. At all 
instants, the train must move below the maximum safe 
speed. To cater for the on-schedule control, the time to 
reach the designated station is needed by the controller. 
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Finally, the train uses a database of the track gradient 
information which is important in the decision of control 
command. 

The outputs of the controller are the motoring 
force, F and the braking effort, B that are fed to traction 

(Position, Velocity, 

Acceleration, Msss) 

/nterststion Distsnce 

Scheduled Time 

(Msximum Ssfe Speed 

& Tsrget Speed) 

and brake controller. Fig. 1 illustrates the data input to and 
output from the controller. For the purpose of simulation, 
the traction and brake controller is assumed to be an 
actuator which can respond to the ATO controller's request 
after a short delay. 

ATO 
Controller 

Traction and 
Brake Controller 

Fig 1: Inputs and Outputs for the ATO Controller 

3. Automatic Train Protection (A TP) 
System 

The designed fuzzy A TO controller adopts the 
fixed block signalling scheme where the tracks are divided 
into ATP blocks which communicate with the passing 
train. When a train overlaps an ATP block, the ATP code 
is transmitted to the train which is decoded for the desired 
target speed and the maximum safe speed. Subsequently, 
the A 1P blocks trailing the train are set to lower the speed 
codes to avoid a possible collision (See Fig 3). By doing 
so, the A 1P also protects the train from exceeding the civil 
speed restriction limit by providing lower speed codes at 
discrete A TP blocks depending on the proximity of the 
obstruction. 

4. Fuzzy A TO Controller Layout 

Fig 2 shows the decomposition of the fuzzy A TO 
controller. Four groups of comprehensive rules are 
maintained to determine the most suitable status command 
of the train, which could be one of the following: 

1. Motoring 
In this status, the motor powers up to attain a 
higher speed. 
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2. Coasting 
The train is virtually running on its momentum 
with both B and F set to zero. 

3. Brake To Target Speed 
This status command is selected to ensure the 
safety of the · train should the train exceed the 
desired target speed specified in the A 1P code. It 
aims to provide the necessary braking effort to 
bring the train to the target speed before crossing 
over to the next A 1P block. 

4. Brake To Stop 
This command is selected when the train is close 
to the designated station. The necessary braking 
effort is provided to decelerate the train and to 
stop accurately at the destination. 

Fuzzy sets and indices based on the multiple 
objectives are pre-defmed for the rules to arrive at the 
correct decision. Periodically, the relative weight for the 
selection of each status command is determined and the 
status with the highest weight will be the next selection. 
The driving force, F and the braking force, B are 
determined independently depending on the choice of the 
next status command. 
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Fig 2: Fuzzy ATO Controller Layout 
entire railway system to accomplish a more economical 

5. ATO Controller Requirements railway operation. The train schedule can be maintained by 
the fu:zzy A TO controller through successive adjusunents 

Safety is the important issue in the design of the 
ATO controller. In a fixed block signalling scheme, the 
train safety is achieved by maintaining the velocity of the 
train below the maximum safe speed. If the ATP code has 
a target speed lower than the current train velocity, the 
controller must ensure that the train can achieve the 
desired speed before it reaches the next ATP block. 
Otherwise, emergency brakes must be applied (Fig 3). 

On-schedule control is one of the requirements 
that ensures the punctuality of the train. The conventional 
control mechanism to maintain the schedule is to adjust the 
dwell time of the trains at the stations. By having on- . 
schedule control, it offers more control freedom for the 
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of the coast length. 

ATP Blocks I 78161 162/39~4010 I 0/0 
Maximum Safe SpeecV Target Speed 

inkmlh 

Fig 3: Train Exceeding Target Speed 

One strategy to conserve tractive energy is to 
allow the train to coast whenever it can meet the schedule. 
Again, choosing the appropriate instant to initiate coasting 
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is crucial. For instance, if the train is going down slope, it 
can coast to allow the force of gravitY to propel the train 
along. Another method to conserve energy is to introduce 
coasting for a period of time whenever the train has 
attained its maximum velocity regardless of the scheduled 
time. In many instances, continuous motoring effort to 
maintain the train at maximum speed does not necessary 
shorten the interstation run time by an amount that wiU 
qualify for the additional energy incurred. As a result, in 
the controller design, the train is made to coast once it has 
attained the maximum speed. Another aspect for energy 
saving is to maximise regenerative braking where the 
useful electrical energy is injected back to the railway 
system [2]. The fuzzy ATO controller will try to optimise 
the electrical braking (rheostatic and regenerative braking 
[1]) and to discourage the mechanical braking effort 
whenever possible. 

In the normal train operation, the traction and 

brake control system of the train will minimise jerking 
due to sudden changes in traction or brake levels. The 
riding comfort of the passenger may be improved further 
by minimising the number of transitions of the train status 
command throughout the journey. 

6. Fuzzy Sets of Performance Indices 

The fuzzy sets of performance indices are 
classified under safety, punctuality, passengers' comfort 
and energy saving. The major performance indices are 
highlighted as follows: 

6.1 Safety Performance Indices, TS 

One of the factors which determines the train 
safety is to ensure that the train runs below the target speed 
as demanded by the A TP. The safety is evaluated by the 
current velocity above the desired target speed. vsafo· 

• Safe(TS _ S) 
f 1 V ,.j. ' - 2 p K p H 

l'rs_s (v ,.1,) = 1 int r (2K P M ,1,0,0,v , .1,) - 2KP H · v,.1, • 0 

f 0 V rofo • 0 

(1) 

• Danger(TS _ S) 

! 0 V ••!• < - 2 p K p H 

l' rs_ n (v ,.1,) = intr(2KPM,1,0.0, v ,.fo )-2K PH ··· v,.1, 0 

I V,.,. . 0 

(2} 
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6.2 Punctuality Performance Indices, P 

The train punctuality can be met by adjusting the 
coast period. Given values of deceleration during coasting 
and braking, we can estimate the train's punctuality, lest 
This is shown in Fig. 4. By equating the area of the graph 
shown in the figure to the remaining distance to be 
covered, tJ and t2 are solved. 

The strategy of the fuzzy controller is to power up 
the train if the estimated arrival time lest is longer than the 

scheduled time, otherwise the train will coast instead. The 
coasting deceleration dl is determined from the 'look 
ahead' gradient which is the effective gradient from the 
current train position to the destination. The average 
rolling resistance is also considered in the estimation of dl . 
The braking deceleration d2 also accounts for the 
estimated the effective braking power of the motor. This is 
important because the braking force provided by the 
motors should be within their operating regions so as to 
maximise the electrical braking. Over-estimating of d2 
may result in brake applications beyond the operating 
regions of the motors and the mechanical brakes must be 
applied. 

V 

V 

t 
est 

Coasting, deceleration = d1 

t1 t2 

== t1 + t2- Available Time To Schedule 

Fig 4 : Postulated velocity-time graph 

The punctuality performance indices are 
evaluated by the estimated punctuality, lest as follows: 

• Early (P _E) 
r 1 1,,<-20 (3) 

" ' , (1 ., ) = ~ intr(-20 ,1,1,0 ,0,1.,)-20 < t ,, < 0 - I o l.,, > o 

• Late (P _L) 

I o 1 ... < -2o 
!' P_L ( f u o ) = ~ intr (-20 ,0,1,0,1, 1 •• o)-20 < t.., < 0 

I 1 t ... > o 

(4) 
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6.3 Energy saving perlonnance indices,AC 

By estimating the available time to co~t, tJ (Fig 
4), the train can conserve energy through maximising the 
coasting period while achieving train punctuality. The 
following performance indices check on the available time 
to coast before the brake should be applied. 

• Short (AC S) 
~ r 1 cl < 2 

IJ.,c_s(tl) = ~ intr(-2,1,6,0,11)2 ··.cl ·· 6 

l 0 11 .> 6 

(5) 

• Long (AC~S) 
r o t1 "' 2 (6) 

IJ.,c ,{t1)= j intr(-2,0,6,1,11)2 •· t1 <" 6 - I 1 11 . 6 

6.4 Energy Saving Perlonnance Indices, C 

Another strategy to conserve energy is to initiate 
coasting when the train attains the maximum speed (say 78 
km/h). The energy saving performance index, C, checks 
the velocity of the train whether it has reached the speed to 
enable coasting. It is defined as follows: 

• Low (C~L) 
f I v ~ ?OKPH 

J.L c_L (v) = j int r(70K PH ,l, 76KPH ,0. v) ?OK PH < v ·: 76KPH 
l 0 V > 76KPH 

(7) 

• Ok(C~O) 

0 v<74KPH 
int r(74KPH,O, 76KPH,I, v) 74KPH < v < 76KPH 

llc_o(v)= I 76KPH<v<77KPH 
intr(77KPH,l,78KPH,O. v) 77KPH < v78KPH 

0 v>78KPH 

(8) 

6.5 Riding Comfort Performance Indices, CT 

The riding comfort can be improved by 
minimising the number of transitions of the train status 
command throughout the journey. One of the methods to 
achieve riding comfort is to schedule the train to coast for 
at least a period of time before the train is allowed to 
power up. 

The riding comfort performance index is 
therefore based on the period of time from the instant the 
train starts coasting tc. 
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• Short (CT_S) 

j 1 tc < 20 

1.1 er _s (tc) = int r(20,1,30,0,tc)20 < tc < 30 

. 0 tc > 3 0 

(9) 

• Long(CT~L) 

l 0 tc < 20 (10) 
1.1 er_, (le) = int r(20,0,3 0,1, tc) 20 < tc < 30 

1 tc > 3 0 

6.6 Command Choice Indices 

The command choice indices are deimed for each 
train status as follows: 

1. Motoring,.MTR 
2. Coasting, CST 
3. Brake To Target Speed, BTS 
4. Brake To Stop, BSP 
Each of the status indices is deimed as follows: 

• Low (STATUS~L) 

• Low (STATUS~ H) 

0 W<-1 

intr( -1,0,0,1, w)-1 < w < 0 

intr(0,1,1,0, w) 0 < w < 1 

0 W>1 

(11) 

0 w<O 
intr(0,0,1,1, w) 0 < w < 1 

IJ...STATUS_H(w) = 
intr(0,1,2,0, w)1 < w < 2 

0 W>2 

(12) 
where w is the relative weight for the choice of the status, 
and STATU$ is the train status conunand. 

7. Rule base for fuzzy Control System for 
Selection of Status Command 

For each choice of status command, a group of 
rules is maintained to determine the strength for the 
selection of the status. Some of rules for the selection of 
the train status command are as follows: 
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7.1 Rules for Selection of Coasting Status 

1. IF AC is AC _ L AND T.S' is TS_S 
AND ( P is NOT(P_L) OR CT is CT_S) 
THEN CST is CST _H. 

2. IFACisAC_S AND TSis TS_S 
THEN CST is CST L. 

3. IF Pis P _LAND CT is CT_L 
AND TS is T.S' S 
THEN CST is CST L 

4. IF C is C_O AND TS is T.S'_S 
THEN CST is CST H 

5. IF TSis TS D 
THEN CST is CST H 

7.2 Rules for Selection of Motoring Status 

1. IF P is P _ L AND CT is CT _ L 
ANDTS is TS S 
THEN MTR is MTR H. 

2. If P is NOT P L 
AND TS is TS S 
THENMrR isMrR L. 

3. IF CTis CT S 
AND TSis TS S 
THEN MIR is .MTR L. 

4. IF TS is T.S' D 
THEN MrR is MrR L 

7.3 Rules for Selection of Brake To Stop Status 

1. IF (AC isAC_S OR Pis P _E) 
AND TSis TS S 
THEN BSP is BSP H 

2. IF AC isAC L 
ANDPisNOT PE 
AND TSis TS S 
THEN BSP is BSP L 

3. IF TSis TS D 
THEN BSP is BSP L 

7.4 Rules for Selection of Brake To Target Speed 
Status 

l. IF TS is TS D 
THEN BTS is BTS H 

2. IF TSis TS S 
THEN BTS is BTS L 

8. Defuzzification and Selection of Train 
Status Command 

When the membership values of all the status 
choice indices are determined, the next step is to perform 
defuzzification to obtain the relative weight for this 
particular status command. The centre of area method is 
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used for defuzzification because it produces a result that is 
sensitive to all the rules. The command choice which has 
the greatest weight after defuzzification is chosen as the 
next train command status. 

9. Simulation Results 

The Object Oriented Technology is applied in the 
simulation of railway operations. Simulation results show 
that the fuzzy ATO controller gives satisfactory results 
pertaining to the passenger riding safety and comfort, the 
punctuality of the train as well as conserving energy. 
Generally, the controller ensures that the safety limits of 
the train are not violated. The controller achieves relatively 
good comfort by having minimal intermittent status 
transitions which is illustrated in Fig 5 and Fig 6. 

The controller achieves punctuality within the 
limits of 5 seconds even if the train is running on tracks 
with varying gradients. The coasting length is determined 
to ensure punctuality without wmecessary powering up or 
braking effort and hence saving on electrical energy. 

The designed fuzzy ATO controller is successful 
in minimising the mechanical braking. Mechanical brakes 
are applied when the train requires a braking effort greater 
than the operating limits of the motor. The graph in Fig. 7 
indicates the applied braking effort for a normal train 
running profile. 

10. Conclusions 

The fuzzy A TO controller has four groups of 
comprehensive rules that determine the most suitable 
status of the train for motoring, coasting, brake to target 
speed. or brake to stop. Fuzzy sets and indices based on 
the multiple objectives are pre-defmed for the rules to 
arrive at the correct decision. 

From simulations, the designed ATO controller is 
seen to ensure the safety limits of the train. The controller 
gives relatively good comfort by having minimal 
intermittent status transitions. When the train is running 
along tracks with varying gradients, the fuzzy controller 
achieves punctuality as well as riding comfort. The 
designed fuzzy A TO controller is also successful in 
minimising mechanical braking. 

One drawback of the A TO controller is the lack 
of optimisation. The next development plan is to use the 

genetic algorithm to generate a look up table for the 
optimal train movement profile that can be incorporated 
to the designed fuzzy ATO controller. 
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Abstract- This paper investigates the feasibility of using neu-
ral networks (NNs) to identify faults occurring in a High Volt-
age Direct Current (HVDC) power transmission system. 
Based on the ability of these NNs to distinguish rapidly and 
reliably between different types of faults, measures can be tak-
en to either protect the necessary equipment from damage, or 
improve the dynamic performance of the ac-dc power system. 

Keywords - Fault diagnosis, HVDC systems, NNs. 

1.0 INTRODUCTION 

An important application area for Artificial Intelligence 
(AI) techniques is in the Fault Detection and Diagnosis 
(FDD) of power systems [1-11]. Basically, such tech
niques operate by mapping fault symptoms (i.e. funda
mental frequency phasors of system voltages/currents 
and related quantities, relay or circuit breaker status etc.) 
according to certain algorithms to arrive at diagnostic 
conclusions. The primary objective ofFDD is to limit the 
damage, repair costs, outage time and danger to the pow
er system equipment. An important secondary objective 
is to optimize the dynamic performance of the system. 

Application of AI-based FDD in HVDC transmission 
systems [1,2,4,8-11] with their fast controllers is particu
larly interesting since the stability of attached ac systems 
can be enhanced if proper control actions are taken when 
a fault is encountered. This implies an ability to rapidly 
detect the type of fault encountered, its severity and its 
location [4]. Consequently, only local fault diagnosis is 
performed by sensing of the 3 phase voltages at the con
verter busbar, the de voltage/current on the de side of the 
converter, valve firing pulses etc. [8]. Such simple fault 
detectors, sometimes cannot adequately distinguish bet
ween the different fault types; as a result, de controller 
parameters are seldom adapted to provide optimal re
sponses whenever faults are experienced. The causes for 
false detection may be either due to sensor- or interpre
tation-related problems. The fault detection sensors are 
vulnerable to harmonics and non-linearities. The inter
pretation related problems may be due to the measure
ment of fundamental phasors using classical digital algo
rithms which demonstrate a questionable performance 
when operating under non-sinusoidal situations [17]. 

NNs are useful in FDD applications since the nature of 
the input-output functional relationship is neither well
defined nor easily computable. Furthermore, NNs are 
able to compute the answer quickly by using associations 
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gained either from time-domain simulations or previous
ly gained practical experience. In this paper, the pattern 
recognition capabilities of NNs are explored to perform 
FDD with emphasis on applications in HVDC systems. 

2.0 FAULT DIAGNOSIS 

A fault is a one-to-many mapping of the fault symptoms. 
Conversely, Fault Diagnosis (FD) is a many-to-one map
ping, and hence is a much more complex mapping. FD is 
complicated further since different faults may share com
mon symptoms, and the possibility of multiple faults also 
exists. In a single fault diagnosis, a high level of correct
ness is probable; in multiple fault diagnosis, however, this 
correctness level may be much reduced. FD is not a static 
problem since various tests may be dynamically per
formed to identify the fault(s). Additionally, faults may 
evolve over time. Diagnostic problem solving consists of: 
(a) representation of the problem to be solved, (b) defin
ing strategies for their solution, and finally (c) defining 
heuristics to guide these strategies. A study of Knowl
edge Based (KB) systems for FD [1,2] has resulted in the 
identification of the following four approaches. 

2.1 Expert Systems - shallow/deep systems 

Fault diagnostic ES are divided into "shallow" and "deep" 
systems. Surface knowledge is obtained from heuristics, 
mentors and past experiences. It is specific to a task do
main. Deep knowledge is obtained from books, first prin
ciples, axioms and laws. It is general enough to be inde
pendent of all domains. Most of present day ES are based 
on "shallow knowledge". They do not possess any "deep 
knowledge" of their domain which would allow them to 
reason from first principles. Such an ability would provide 
an advantage in problem solving and the possibility of bet
ter explanations. For practical situations, it may be more 
suitable to consider the following three types of ES: 

(i) Black-box systems - Such systems reason purely from 
the input/output behavior of the device under test. The 
inference mechanism does not use knowledge of the in
ternal construction of the system. Most of these systems 
use rules [18,19]. Black-box approaches suit small, well
understood systems and can be built with a minimal back
ground in ES. However, the implementation effort in
creases very quickly as the system complexity increases. 

(ii) Model-based systems - A diagnostic ES for a more 
complex, but well-understood system, requires a model
based approach. Such systems require more sophisticated 
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development tools and a stronger knowledge of AI in 
their implementation. One way to structure this diagnos
tic ES is to group the rules to reflect the modular struc
ture of the artifact to be tested. Rules that describe the 
correct behavior and possible faults of each module are 
grouped together. The system uses an elaborate tech
nique, based on information gained, to advise the user on 
the best test to perform next. It will attempt to find the 
data the user could not be given by some other means, or 
proceed as best it can without the data. In fact, identifying 
constraints that lead to conflict, and relaxirtg those con
straints, is the principal method of diagnostic reasoning 
within these systems. 

(iii) Introspective systems - There may never be sufficient 
accumulated experience to !:mild up shallow knowledge 
on how to diagnose faults in a system, as it may be possible 
that some faults are "novel". Thus, there is a clear de
mand for automatic systems capable of reasoning from 
design data alone. Unfortunately, for the moment, such 
systems remain in the research domain. Much of this re
search is aimed at producing very sophisticated methods 
of reasoning in which assumptions underlying the reason
ing process are made explicit, and are revised as addition
al diagnostic data is collected; hence the term introspec
tive systems. Many of the research systems use a 
fundamental, completely general knowledge representa
tion method, such as predicate calculus. Knowledge 
could be exploited by simulating the system behavior with 
equations which relate system input, output and state 
variables. The great strength of such methods is that the 
system is not limited to dealing with a restricted set of 
known fault models. Their weakness is their heavy com
puting requirements. 

Many knowledge representation schemes recognize the 
value of facto ring out taxonomic reasoning and represen
tation, and dealing with it specially for reasons of econo
my. Much of the work in semantic nets and specialty pur
pose reasoning methods in frame systems is concerned 
with this sort of inference. In the early 1980s, AI created a 
lot of excitement. The most significant outcome of AI re
search was thedevelopmentofKB ES. But, theKB ofES 
is static, and such systems do not exhibit any automatic 
learning capability. Recently, a number offundamentally 
different approaches to machine learning, including NNs 
computing, Genetic Algorithms (GA) and the theory of 
fuzzy sets may aid in this. The performance of NN learn
ing models can be improved by the development of hybrid 
learning models, where the nemo-computing paradigm 
is integrated with other problem-solving paradigms. 

2.2 Model based recognition 

The linear and quadratic discriminants are the standard 
ones derived from the multivariate normal theory.The 
linear discriminant is under the normality assumption 
with equal covariance matrices, which in practice is a heu
ristic method, with the pooled covariance matrix substi
tuting for the covariance matrices of the individual 
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classes. This is probably the most commonly used form of 
discrimiriant analysis. 

The nearest neighbor method with the Euclidean dis
tance metric is one of the simplest methods conceptually, 
and it is commonly cited as a basis of comparison with oth
er methods. The Bayes rules is the optimal classifier for 
minimum error classification. All classification methods 
can be viewed as approximations to the Bayes optimal 
classifiers. Because the Bayes optimal classifier requires 
complete probability data for all statistical dependencies 
among variables (as would be the case for real problems), 
this classification method would be very time demanding. 

Statistical approaches are generally characterized by hav
ing an explicit underlying probability model, which pro
vides a probability of being in each class rather than sim
ply a classification. In addition, it is usually assumed that 
the techniques will be used by statisticians, and hence 
some human intervention is assumed with regard to vari
able selection and transformation, and overall structur
ing of the problem. 

The model based reasoning approaches (consisting of 
deep reasoning, integrated reasoning or model based 
qualitative reasoning methods) exhibit efficient reason
ing, and incorporate the causal and functional relations 
between system components and the system itself. These 
models can be used for FDD with a higher degree of accu
racy. 

2.3 Various other techniques - Machine 
learning methods 

These methods produce solutions posed as production 
rules or decision trees. Conjunction or disjunction may be 
used as well as logical comparison operators on continu
ous variables, such as "greater than" or "less than". Ma
chine learning is generally taken to encompass automatic 
computing procedures based on binary logic operations, 
that learn a task from a series of examples. It aims to gen
erate classifying expressions simple enough to be under
stood easily by humans. They must mimic reasoning suffi
ciently to provide insight into the decision process. Like 
statistical approaches, background knowledge may be ex
ploited in development, but operation is assumed without 
human intervention. 

2.4 Knowledge based pattern recognition 

The KB pattern recognition process is a pattern directed 
ES with inductive inference. Pattern matching is carried 
out to obtain FDD of the system or components along 
with development of knowledge of, for instance, fault oc
currence, severity and duration. 

3.0 PATIERN CLASSIFICATION 

Pattern Recognition {PR) techniques consist of defining a 
pattern vector whose components consist of all the signif
icant variables of the primary system variables. Th find the 
most appropriate variables for the primary vector re
quires a thorough understanding of the problem. This 
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vector is evaluated at many typical operating conditions 
to generate a training set. The pattern classification prob
lem is a two-stage process involving feature extraction 
and classification. 

3.1 Feature Extraction 

The components of the pattern vector are subjected to a 
process of dimensionality reduction, called feature ex
traction, to achieve three objectives: 

• select the most useful information from the primary 
vector and represent it in the form of a feature vec
tor of lower dimensionality, 

• remove any redundant/irrelevant information which 
may have a detrimental effect on the prediction sys
tem, and 

• re-arrange the variables in terms of their discrimina
tory effect to provide the consecutive design stages 
with the most informative variable to be considered. 

Statistical methods are used to eliminate redundant in
formation, and as a result, reduce the number offeatures. 

3.2 Classification Procedure 

This matches input pattern characteristics with a training 
set to decide upon a classification category. The classifi
cation procedures can be divided into two types: 

• procedures that start from linear combinations of 
the variable measurements; even though these com
binations are subsequently subjected to some non
linear transformation i.e. MLP is of this type, 

• procedures that link with the estimation of the local 
probability density at each point in the sample space, 
i.e. RBF and Kohonen nets. 

The classifiers (Figure 1) [11] typically rely on distance 
metrics and probability theories to perform the above 
task. In pattern classification, a boundary equation de
scribing the classification (discriminant function) is em
bedded in the NNby training it with data and an appropri
ate training algorithm. 

Input 
Pattern 

Neural Network 

DF = Discriminant Function 

Output 
Pattern 

Fault 
Annunciator 

Figure 1: Fault diagnosis as a Pattern 
Classification problem 
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3.3 Knowledge Based Pattern Recognition 

This consists of three different methodologies : 

(i) Pattern Directed Expert System (PDES) - Salient fea
tures of the input pattern in terms of time-instance, dura
tion, severity and fault removal (recovery) can be explicit
ly represented by rule-based representation. Diagnostic 
problem solving is achieved by the process of pattern 
matching. For example, the KB of the PDES consists of 
the time-varying patterns of conducting thyristors, pulse 
zone periods and voltage zone periods represented as IF
THEN rules, with special relevance to information con
tent in the pattern. 

(ii) Inductive Inference - Inductive inference constructs 
the decision tree based on the features of the input pat
tern and its class membership. The input pattern consists 
of the features of the power system (i.e. signals of protec
tion relays and circuit breakers, HVDC converter system 
patterns of conducting thyristors, pulse zone periods and 
voltage zone periods). The output of the Inductive Infer
ence Diagnostic System (liDS) consists of a decision tree 
with the most probable faulted component on the root of 
the decision tree. The next probable faulted component 
forms the next level of the decision tree. Diagnostic infer
ence can therefore be obtained from this approach of 
problem solving. 

(iii) Pattern Directed Inference System (PDIS) - Pattern di
rected inference system (PDIS) combines the principles 
of PDES and inductive inference for diagnostic problem 
solving. PDIS performs diagnosis thorough a modified 
concept of pattern matching. The performance of PDIS 
for diagnostic problem solving is carried out by matching 
input patterns to those stored in the KB and then firing 
the rule whose antecedents match. PDIS is best suited for 
FD of HVDC systems where the information content of 
the pattern is of utmost importance for FDD. 

4.0 NEURAL NETWORKS 

The NN represents a very complex set ofinterdependen
cies which may incorporate any degree of non-linearity, 
allowing very general functions to be modeled. NNs are 
the must powerful form of various intelligent systems for 
FDD. They have many useful features i.e. general map
ping capacity, resistance to noisy input data, ability to be 
trained in a supervised learning mode, and capacity to op
erate with insufficient and/or incomplete inputs. Their 
great strength is in behavioral pattern matching and abil
ity to effect FDD even with severe cases of multiple faults 
and evolving fault conditions. 

The problems addressed by decision support systems fall 
into three classes: (a) Problems for which the physics are 
understood and an algorithm can be written to define 
them, (b) Problems for which the physics are not fully un
derstood, but for which the invariant behavior can be ob
served and a rule-based ES can solve it, and (c) Problems 
for which the physics are not fully understood, and any 
clear patterns cannot be easily observed. NNs are particu
larly suitable for solving problems of the third class al-
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though it is obvious that some overlapping in the three 
classes exists. 

ANN is a computer model that attempts to emulate the 
functionality of the brain. NNs are various architectures 
of highly interconnected simple processing elements that 
offer an alternative to conventional computing ap
proaches. NNs are radically different from traditional 
computers in the following senses. NNs do not execute 
instructions sequentially, rather they respond in parallel 
to a set of inputs. NNs are more concerned with transfor
mation than procedures, and are comprised of a large 
number of neurons connected in. parallel to perform use
ful computational tasks such as to recognize pre-pro
grammed or learned patterns. 

ANN can be trained to perform a pattern classification. It 
can respond to input data and provide an output that can 
provide quantitative information about the system. The 
problem is to train the network so that the right associ
ations will be made. The training periods can be intensive, 
but once trained only· modest computing power is re
quired to operate the NN. 

4.1 NNs versus ES 

A noticeable advantage of NNs over rule-driven ES is 
that they are capable of dealing with input data vectors 
that are partially incomplete or partially incorrect. A 
trained NN is capable of doing this because what it learns 
about one pattern generalizes to other similar patterns. 
Conflicting information does not paralyze a NN; it will 
still go ahead and, make its best judgement based on the 
information available. On the other hand, a production 
rule-driven system will typically fail if not presented with 
complete and accurate input data. 

4.2 NN Architecture 

For any application, selecting an appropriate NN archi
tecture includes the following tasks: (a) determining the 
appropriate number of layers and neurons, (b) specifica
tion of the learning rate, momentum, bias, (c) choice of 
the activation function, and (d) how to inter-connect the 
neurons. It is hoped to find automatic methods to deter
mine these parameters. The popular answer to select an 
appropriate NN architecture is to take enough units and 
interconnect them in a fully feedforward manner. Then it 
is hoped that redundant connections will be eliminated by 
the numerical optimisation of BP, e.g. their weights be
come near or even zero. This procedure increases the risk 
of getting stuck in local optima and it requires a lot of 
computing power due to the large number of connections 
to be adjusted. To make a network with good generaliza
tion ability, it is essential to determine a suitable number 
of hidden nodes. Most BP applications use a non-linear 
sigmoidal transfer function for all of its units. Research is 
on-going into transfer function and connections between 
units. It is hoped to develop networks where connections 
can be created/destroyed and transfer functions can be 
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replaced with new ones as the network processes infor
mation. 

4.3 Convergence Rate 

The convergence rate is mainly dependent on an optimal 
choice of the learning rate. For a given problem, this val
ue can be arrived at (and an initialization) by extensive ex
perimentation. During each run, the learning rate and 
other relevant parameters have to be slightly modified. 
The disadvantage of this method is that the same problem 
has to be solved many times to obtain the optimal learn
ing rate. It is desirable to find a method that allows the 
parameters to be adapted during the learning procedure 
in the course of the first run. A number of techniques 
have emerged recently, which attempt to improve on the 
MLP training algorithms by changing the architecture of 
the networks as training proceeds. These techniques in
clude pruning useless nodes or weights, and adding extra 
nodes when required. 

4.4 Parallel Implementation 

A drawback of the BP algorithm is its slow rate of conver
gence. Consequently, it may take up to several hours to 
train on a serial computer. However, the structure of the 
network and the algorithm are very well suited to a paral
lel processor implementation which will cut down the 
amount of required time. 

4.5 VLSI 

The major advantage of the use of hardware is their po~ 
tential combination of speed and computational power. 
NN implementations fall into two broad classes - digital 
and analog. The strengths of a digital approach include 
the ability to use well-proven design techniques, high 
noise immunity, and the ability to implement program
ming networks. However, digital circuits are synchro
nous, while biological NNs are asynchronous. Further
more, . digital multipliers occupy large areas of silicon. 
Analog networks offer asynchronous behavior, smooth 
neural activation and potentially small circuit elements 
[20]. 

4. 6 Temporal Information 

Most real-time applications, including the dynamic state 
estimation, require use of non-linear temporal dynamic 
models of NNs. There are two ways of incorporating time 
information into aNN. The first technique is to use a spa
tial representation of time, i.e. time-delay NNs. In the 
second technique, time is represented implicitly by using 
a recurrent NN architecture [17], i.e. the effect of tempo
ral evolution is captured by the network itself. 

4.7 Neuro-Fuzzy 

Most of the supervised learning methods make use of 
only numerical data and are unable to handle fuzzy infor
mation inherent in human information processing. On 
the other hand, fuzzy logic and inference have been prov
en to be one of the most useful approaches to represent 
non-precise knowledge. Hybrid neuro-fuzzy systems, 
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composed of fuzzy-expert systems and NNs, have re
ceived a great deal of research interest [12,21]. 

4.8 Learningffraining 

Training can be accomplished by sequentially applying in
put vectors, while adjusting network weights according to 
pre-determined procedures. Training is deemed to be 
completed when the weights converge such that each in
put vector produces the desired output vector. Training 
can be either supervised or unsupervised. 

Supervised training requires the pairing of each input 
vector with a Target vector representing the desired out
put. The input vector is applied to the network and the 
output is computed and compared to the corresponding 
Target vector. The error is (usually) fed back through the 
network and the weights are modified to minimize the er
ror. The supervised learning networks include the Multi
layer Perceptron, Cascade correlation learning architec
ture, and radial basis function (RBF) networks. 

Unsupervised learning requires a training set only. The 
training algorithm modifies network weights to produce 
output vectors that are consistent. The training process 
extracts the statistical properties of the training set and 
groups similar vectors into classes. Kohonen's self-orga
nizing network and Gaussian mixture models are an ex
ample of this type of algorithm. Interest in unsupervised 
learning has increased greatly in recent years. It offers 
the possibility of exploring the structure of data without 
guidance in the form of class information and can often 
reveal features not previously expected or known about. 

4.9 Evolution Strategy 

Currently several computational methods are being used 
or developed i.e. NN computing, genetic algorithms 
(GA), evolutionary programming and fuzzy sets etc .. It is 
often the case that each of these is particularly effective 
in the support of a special functionality. It may be a better 
approach to combine some of them together in the appli
cation to real-life problems. By using a GA approach to 
decide the initial weights in the NN learning techniques, 
the conventional NN learning time can be significantly 
reduced. The method is very useful to prevent paralyzing 
the learning process by an inadequate weight initializa
tion. The ability of GA to cope with noise, local minima 
and large search spaces makes them ideal for searching 
the enormous space of possible net connectivities. The 
main advantage of evolutionary created networks is that 
no assumptions relating to the topologies must be made. 
Only the learning pattern set had to be provided by the 
developer. 

Generally speaking, the combination of GA and NN 
seems to be a very natural one, which so far suffers from 
the needed computational power. But the use of appro
priate hardware and sophisticated combination ap
proaches promises an interesting field offuture research. 
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4.10 Lack of Understanding 

A weakness of NNs is the absence of diagnostic informa
tion and the inability to interpret the output. If something 
does go wrong, it is difficult to pinpoint the difficulty from 
the mass of inter-related weights and connectivities. As 
the result of learning is a complete network with layers 
and nodes linked together with nonlinear functions 
whose relationship cannot easily be described in qualita
tive terms, NNs are generally difficult to understand. 

5.0 HVDC SYSTEMS 

A typical HVDC transmission system (Figure 2) consists 
of a bipolar two-terminal scheme [4]. One terminal (rec
tifier) converts acto de power for transmission over a bi
polar de line usually at high voltages to reduce power 
transmission losses. The other terminal (inverter) re
converts the de to ac power for load requirements. 
HVDC transmission becomes economical over long dis
tances when compared to ac transmission due to greater 
power transmission per conductor, a simpler line con
struction and no requirement for charging currents. On 
the other hand, converters are expensive, require reac
tive power compensation and need ac filters to remove 
the harmonics generated. Since the de line transmits de 
current, which does nQt have a natural zero-crossing, it is 
difficult to protect it against de line faults since de break
ers are very expensive. 

A potential FDD application relates to HVDC systems 
due to their fast control response (of the order of tens of 
milliseconds). A two terminal HVDC system is typically 
maintained in constant current (CC) control at the recti
fier, and in constant extinction angle (CEA) control at 
the inverter (Figure 3). 

5.1 Rectifier Current Controller 

A typical HVDC rectifier current controller (Figure 4) 
has two inputs: a limited current order Iolim and the mea
sured de current Id. The two signals are compared and 
the generated error signal is fed through a classical PI 
regulator to produce a firing angle order. Appropriate 
limits to the excursions of an alpha order are usually im
posed at alpha-min = 5 degs and alpha-max = 145 degs. 
The alpha order is then fed to a voltage controlled oscilla
tor (VCO) to generate equi-distant firing pulses for the 
converter thyristor valves. The PI regulator has been his
torically used primarily for its robustness. The problems 
of choosing the gains of these controllers for an optimal 
response are well known. Furthermore, the fixed gains of 
the regulator are optimal only over a narrow operating 
zone over where its performance is considered satisfacto
ry. Utilization of the FDD techniques to impose gain 
scheduling for different operating modes of the regulator 
will improve system performance. Further improvements 
in control performance may be forthcoming with the use 
of modern adaptive controllers or intelligent NN [6] and 
Fuzzy Logic (FL) based controllers [21 ]. 

Voltage Dependent Current Limits (VD CL) are used in 
HVDC control systems to limit converter operation to 
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safe zones. VDCL units have both static/dynamic charac
teristics (Figure 4), and provide the limited current order 
Iolim to protect the converter valves during system faults 
and assist the dynamic recovery during the post-fault pe
riod. The VDCL unit can be considered as a KB pre-pro
cessor [21] for the current order of the system controller. 
The required KB is derived from the following parame
ters: (a) ac system strength and ac voltage magnitude, (b) 
de voltage/current magnitude, (c) de current (or power) 
demand setting, (d) ac-dc fault and power quality/har
monic conditions, and (e) other parameters, i.e. status of 
breakers/switches (based on system topology). 

5.2 Inverter CEA controller 

A constant extinction angle (CEA) is desired at the in
verter to reduce the incidence of commutation failure 
(CF), and minimize the converter requirement for reac
tive power. A CF collapses the de voltage and results in a 
loss of de power transmission. A typical CEA control 
scheme uses the error between the desired and actual ex
tinction angles to derive the inverter firing angle via a PI 
regulator. Again, in common with the rectifier current 
controller, limited intelligence is used to obtain the re
quired control actions which are based on "final effects" 
rather than on "primary causes" which may lead to a CF. 

One particular challenge for the fast control and protec
tion applications remains in the area of early prediction 
and detection of a CF at a converter station. Some of the 
primary causes which lead to a CF are: (a) reduction in 
the 3 phase ac bus voltages at the inverter, (b) increase in 
de current above its rated value, (c) harmonic presence in 
ac voltages causing multiple voltage crossovers, (d) pre
planned switching actions of filter banks and/or trans
formers, and (e) lack of or insufficient firing pulse. 
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Figure 4: Voltage Dependent Current (order) Limit unit and current controller 
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It is noted that the actual extinction angle measurement 
is available one cycle after the fault. In the case of equi
distant firing control systems, only the mean value of 12 
previous valve firings is used. Since a CF can occur at any 
instant, it is therefore, not possible to predict a CF with 
100% certainty. However, it may still be possible to pre
dict the "probability of a CF" under certain conditions, 
and in the knowledge of previously gained experience. 

Fast controls are desired to reduce the impact of the CF 
on power flow. Traditional CF detection methods use (a) 
measurements of de line voltage/current, (b) compari
sons between the sum of the rectified 3-phase ac currents 
into the converter and the dcline current, and (c) calcula
tion of dv/dt and di/dt of the measured de line voltage/ 
current respectively. 

The ability to predict the "probability of a CF" from an 
evaluation of the voltage/current waveform (magnitude, 
multiple crossover points, anticipated system topology 
changes and power frequency swings, etc) has not been 
fully exploited by industry so far. Even a simple early
warning of the "probability of a CF" may aid in the tran
sient recovery performance of the HVDC system. Could 
such a monitoring system be devised to eliminate CFs? It 
remains to be seen. As an example, a neuro-fuzzy con
troller [12] is implemented and used the 3 phase voltages, 
de current and extinction angle as inputs to aNN to classi
fy the variation in system status. This classification being 
imprecise, FL is used to arrive at a meaningful interpreta
tion. The control problem is to determine a mapping bet
ween the observations of system states to the actions to 
be carried out. This pattern classification problem is 
tackled by a supervised MLP NN with BP learning. 
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NF controller 
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Results from a Multi-Thrminal Direct Current (MID C) 
system show an improvement when faced with a single
line to ground fault (Figure 5) at one of the inverters. 

5.3 Firing pulse detectors 

The converter thyristors are triggered with firing pulses 
which arrive in a sequential pulse train synchronized to 
the ac bus voltage with the aid of a phase-locked oscilla
tor. In steady state operation, the pattern of the firing 
pulses is of fixed duration and regular in nature; there
fore, it is easy to classify (Figure 6). However, during fault 
conditions, the ac bus voltage may become distorted or 
even disappear altogether. Since, the firing pulse train re
mains synchronized to the centre-frequency of the free
running oscillator, the firing pulse pattern remains regu
lar but shifts in phase. 
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Figure 6: Valve conduction patterns for (a) un
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However, due to the requirements of thyristor valve pro
tection units when the valves are conducting fault cur
rents, the duration of these firing pulses may also become 
elongated. A combination of the varying phase shift and 
pulse elongation results in an irregular pattern which is 
more difficult to classify. A trained NN offers many ad
vantages for the indication of any error in the firing pulse 
unit, (i.e. false sequences, missing pulses, low-strength of 
firing pulses, noise pollution etc). Such FDD units can be 
extremely useful during commissioning as well as in op
erational modes. 

5.4 Non-linearities in components 

The performance of HVDC systems in particular, and ac 
systems in general, are affected by various non-linear 
power system components such as transformers and 
surge arresters. Such components have their characteris
tics which are known and predictable. NNs have been 
applied to the fault detection in transformers. The pres
ence of harmonics and inter-harmonics can provide clues 
to the mal-operation of certain equipments, or even 
guide in the selection of operational configurations. 

5.4 Converter faults 

Each converter valve is comprised of many tens of thyris
tors connected in series. Each thyristor is served by sever
al passive components [13] to ensure that voltage sharing 
and to protect individual thyristors from overvoltage, ex
cessive dv/dt and di/dt stresses (Figure 7). The saturating 
reactors protect the thyristor from damage immediately 
after firing. Direct voltage is equalized across the thyris
tor string by a de grading resistor which acts as a voltage 
divider. Dynamic voltages are equalized by a RC snubber 
circuit. And a capacitive grading branch is used to protect 
against switching surges. 

Saturating 
Reactors 

Breakover 
cliocle 

Firing Databack 

Figure 7: Electrical circuit of one thyristor level in 
converter valve design [13] 

The command to fire a thyristor is emitted by the Valve 
Base Electronics (VBE) unit at earth potential and fed 
via a fibre-optic cable to each thyristor operating at high 
voltage. The energy to fire the thyristor is derived from 
the grading circuit during the off-state interval. 
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Thyristors can be easily damaged by excessive forward 
voltage or forward dv/dt, especially at the elevated junc
tion temperatures which occur during faults. They are 
particularly vulnerable during the recovery period imme
diately after turn-off when, even a modest forward volt
age may cause uncontrolled conduction. Protection is af-
forded by firing the thyristor into conduction 
independently from the main control system. In marginal 
cases, some thyristors may block forward voltage whilst 
others may not; in which case, the blocking thyristors 
would experience excessive voltages and suffer the con
sequences. A protective firing system, based on a Break
over Diode (BOD), is used to re-trigger the thyristor un
der such circumstances. The BOD can operate 
repeatedly in case of failure of the VBE. 

NNs can be used to classify the firing patterns emanating 
from the controllers, and the voltages monitored across 
each thyristor valve for fault indication. 

6.0 TEST CASES 

Usually, difficulty is experienced in discriminating bet
ween line-to-line fault (LLF) and double line-to-ground 
faults (DLGF). In method 1, suggested in [4], the NN of 
Figure 8 was unable to discriminate between these two 
types of faults (Figure 9). 

OUTPUTS 

INPUTS 

rms values 

Figure 8: Neural network for test case of method 1 

However, in method 2 [4] additional information i.e. 
phase angles between the three phases are provided, to 
enable the NN to make its decision. The concept of using 
the phase shift of ± 120 degrees between the three 
phases is novel. Hence, one additional NN per phase 
(Figure 10) is needed to detect these faults. These phase 
detector networks are fed with the following inputs per 
phase (i.e. for phase A): (a) rms phase voltage, i.e. Va, in 
pu, (b) angle between phases A and B, i.e. Ph A-B, in pu 
(c) angle between phases A and C, i.e. Ph A-C, in pu. At 
its output, one processing element is attached in an addi
tionallayer. This element is connected with fixed weights 
such that the output from the Phase Detector Network is: 
(a) 1, when thereisnofaultNF, (b)-1, when there is aline 
to line fault LLF, (c) 0, when there is a single line to 
ground fault SLGF. These outputs (X, Y and Z) for the 
three phases, are then connected to the main NN. In Fig· 
ure 11, the results of this NN test case are shown and this 
time the correct distinction is made. 
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Figure 9: Case of (a) LLF and (b) DLGF with method 1 
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Figure 10: Neural Network for test case of method 2 

7.0 CONCLUSIONS 

This paper has focused on FDD applications in the 
HVDC systems since such systems are fast-acting and 
can benefit from the real-time fault monitoring, diagno
sis, control and protection actions [19]. The paper has 
been limited to FDD aspects only; the control and protec
tion aspects have not been fully explored here. 

Results from the NN based monitoring techniques are 
very encouraging, as indicated by hardware implementa-
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tions descnbed elsewhere [14,15]. The recent implemen
tation of a complete station based FDD system [16] 
points to promising future industrial applications. 

Intelligent systems are still evolving in practice. A recent 
development is in the use of constructive RBF NNs. 
These yield the most optimum size of network, with the 
network development taking place during the training of 
the NN commencing from the initial configuration hav
ing only two neurons in the hidden layer. The main re
quirement, from the FDD point of view, is that the NN 
configuration should be unambiguous, fast, able to oper
ate even on corrupted data and able to incorporate sys
tem growth. Categorical identification of the type of fault 
and its location is also very important. More particularly, 
the FDD of evolving faults and its real-time operation 
will be an essential future requirement. 

A particular challenge for the control and protection 
applications in an HVDC converter remains in the area 
of prediction and detection of a Commutation Failure 
(CF). The early prediction of a CF can be extremely use
ful in enhancing the dynamic performance of an HVDC 
system. The early prediction of a CF will require consid
erable understanding of the fundamental CF process in a 
thyristorvalve. Such an understanding presently does not 
exist, and it is therefore an ideal application for a NN 
based technique. 
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FAST CONTINGENCY RANKING 
USING ARTIFICIAL NEURAL NETWORKS 
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ABSTRACT 

Contingency ranking attempts to predict the impact on a power system of various outages without actually performing a 
full ac load flow. Existing methods suffer from either masking effects in approximate approaches or slow execution in 
more accurate approaches. This paper proposes a fast contingency ranking approach which is based on pattern 
recognition technique using artificial neural networks. The power system operating state is defined by a set of variables 
used as a pattern. The corresponding performance indexes of various contingencies can be recognised by the properly 
trained artificial neural networks, backpropagation and counterpropagation networks. The ranking performance 
compared with one of full ac load flow shows the artificial neural networks can achieve high speeds of execution and 
have good pattern recognition ability. 

Keyword: Contingency ranking; Contingency analysis; Pattern recognition; Artificial neural networks; Backpropagation 
networks and Counterpropagation networks. 

INTRODUCTION 

Contingency ranking is very commonly used for 
contingency analysis in modem energy management 
control centres. It attempts to predict the impact on the 
power system of various contingencies without actually 
performing a full ac power flow. Contingencies can be 
ranked according to a system-wide scalar Performance 
Index (PI) which is calculated by approximate simulations 
of post-contingency effects to quantify the severity of each 
contingency. 

Since Ejebe and Wollenberg in 1979 first proposed the 
idea of contingency rankingfl 1, a variety of algorithms 
have been developed. To summarize, contingency ranking 
consists of two steps. The first step is to define a proper 
performance index for measuring the severity of 
contingencies on the power system. Some definitions are 
based on line MW overload, which is referred to as MW 
type PI; the other definitions are based on voltage limit 
violation or reactive power limit violation of generator 
unit, which is referred to as voltage type PI (or MV Ar type 
PI). The second step is how to calculate PI value by 
approximate computing methods. The principal 
approaches of computing PI values are basically grouped 
as followings: (a) DC load flow121; (b) Local solution based 
on concentric relaxation131; (c) Network performance 
indexl4•51; (d) lP-lQ iteration of load flowl61; (e) Linear 
distribution factorl7 1; (f) Bounding method18·91; (g) Zero 
mismatch method1101; (h) Energy function method1111• 
These techniques may be successful in many specific 
implementations. However, Lo and et al did two 
comprehensive studies on MW type and Voltage type PI 
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ranking techniques in 1988 and 1989 respectivelyl12
•
131, 

and concluded that 'masking' effects which are inherent 
in these techniques could lead to misclassification. Later 
on, contingency screening approaches1141 are proposed for 
improving the accuracy of contingency ranking. A 
performance evaluation was also made to conclude that 
performance index based methods are efficient but 
vulnerable to misranking while screening methods are 
accurate but inefficient[IsJ_ 

In addition, the emergence of artificial intelligence (AI) as 
a pattern recognition technique motivated many 
researchers to investigate its applicability to power 
system1161. Many novel approaches, such as fuzzy 
theory1171 and expert system (ESi18

.
191

, also were 
developed to heuristically estimate the severity of MW and 
voltage contingencies. However, these approaches suffer 
from slow execution, knowledge base insufficiency, etc. 

Existing contingency ranking methods suffer from either 
masking effects in approximate methods or slow execution 
in more accurate ranking methods. Although the 
advancement of computer technology reduces the 
contingency ranking time significantly, it is still a heavy 
burden in contingency analysis. Researchers continue to 
look for new contingency ranking approaches which 
provide higher computational efficiency without 
sacrificing accuracy. Since Sobajic and Pao began to use 
artificial neural networks (ANNs) as an alternative 
approach to power system studies1201, a number of 
literatures121 .301 have proposed the applications of ANNs 
approaches to security monitoring, contingency selection, 
contingency evaluation and contingency screening. Most 
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of these approaches can indicate that the present operating 
state is situated in Normal state or Alert state, but they can 
not demonstrate which contingencies will cause the 
violation of constraints. Some approaches used Hopfield 
neural network to select only the most severe contingency 
out of the contingency set131 "321, but more detailed and 
accurate security assessments are required. 

In order to improve this situation and meet new demands 
this paper proposes a fast contingency ranking schem~ 
based on pattern recognition using artificial neural 
networks. The power system state of pre-contingencies is 
considered as a pattern. The performance. indexes are 
calculated according to some variable values of post
contingency power system state. The system state of pre
contingency and the corresponding performance indexes 
of post-contingency condition are composed as training 
patterns. The performance indexes of a set of 
contingencies under various power system operating 
conditions are recognised from the trained ANNs which 
stored some similar patterns. In this paper the first section 
introduces how the contingency ranking is considered as a 
pattern recognition problem which can be solved by· 
artificial neural networks. The second section briefly 
describes two artificial neural networks, backpropagation 
and counterpropagation networks, which are used for 
contingency ranking. In the last section, the two kind of 
artificial neural networks are tested on 5 busbar 7 line 
power system. The results demonstrate that the proposed 
approach has a good performance for contingency 
ranking. 

PROBLEM FORMULATION 

Before the introduction, notation is given as follows: 

P0 ;.Qar the active and reactive power generation at bus i; 
Pu,Qu the active and reactive power demand at bus i; 

Pii,Qii the active and reactive line flow from bus i to bus 

pMax: 
y 

V. 
I 

V'~' 
I 

j; 

the maximum limit of active power flow between 

bus i and bus j; 
the real power flow on line 1; 

the MW capacity of limit on line/; 

the maximum allowable MW deviation on line /; 

the voltage angle difference between bus i and 

busj; 
the maximum phase angle difference limit 

between bus i and bus j; 
the voltage magnitude at bus i; 

the specified voltage magnitude at bus i; 

1'1V;1im the voltage deviation limit, above which voltage 

deviations are unacceptable; 
v;Min, v;Ma< the lower and upper limit of voltage magnitude 

at bus i; 
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t1V;m the maximum allowable voltage deviation of 

lower limit at bus i; 
t1V;M the maximum allowable voltage deviation of upper 

limit at bus i; 
~ the line active power weighting coefficient; 

1¥; the voltage magnitude weighting coefficient; 

a set of overload lines; 
P set of buses whose voltage magnitude is below a 

specific lower limit; 
r set of buses whose voltage magnitude is exceeded a 

specific upper limit; 
NL the total number of transmission lines; 
N the total number of buses; 
n an integer. 

The primary concept for measuring power system security 
was proposed by Liacco in 19671331. According to his 
tentative idea, three states, i.e. normal, emergency and 
restorative, were defined for describing the operating 
states. Later on, alert state was added by Cihlar and et al 
in 19691341 . A in-extremis operating condition (system 
starts to split into smaller sections) was then extended as 
the fifth states in 19781351, but most researches were based 
on the definition of the former four states. 

Power system operating state can be described by a set of 
variables (e.g. line flows, bus voltages and so on). 
Maintaining power system static security is accomplished 
by ensuring that all the system state variables are within 
operating constraints. The basic equality and inequality 
constraints are described as following: 

Pa; = Pu + Lpu (1) 
)tiJi 

Qa; = Qu + LQu (2) 
)tiJi 

Pt{insP0 ;s P0"'/tu' (3) 

Q/jin <Qa < QMa< 
I - ,- Gl (4) 

v;Minsv;s V;Ma< (5) 

pii s,piiMax: (6) 

(}!i = (}i- (}j s (}~1a< (7) 

If any constraint violation is detected, the present 
operating state may be classified as emergency or 
restorative. The basic goal for the security operation is to 
keep operation within these constraints. However, in 
practice, it is not sufficient just to maintain a system 
within these constraints. If no violation is detected in the 
present state, security of the power system also needs to be 
assessed by performing an on-line contingency analysis 
which includes the following three aspects: 

i) Contingency definition: as many contingencies need 
to be considered as possible. In common use, the 
single component outage must be included in 
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contingency set. The members of contingency set are 
chosen depending on the security standard required; 

ii) Contingency selection: the main task of contingency 
selection is to identify those critical contingencies 
which are likely to result in constraint violations. 
Currently, contingency ranking is a preferred method 
used in modern energy management control centres; 

iii) Contingency evaluation: onJy those selected 
contingencies are further investigated by the conduct 
of load flow calculation. If the evaluation results in 
any constraint violation, the system is classified as 
insecure or Alert state. Otherwise, the system is 
classified as secure state or Normal state. 

The contingency selection and ranking is one of the most 
time-consuming functions in on-line security assessment. 
The first step of contingency ranking is to define a proper 
performance index for measuring the relative security 
correctly. A contingency that causes a line MW overload 
may not necessarily cause a bus voltage problem, and vice 
versa161. Thus, two different performance indexes which 
give measures for line overloads and bus voltage 
violations, respectively, are defined for MW and voltage 
contingency ranking. These indexes are usually of the 
following form: 

NL R 
Pip = L»i( ~tu') 

/= 1 ~ 

N V V'P 
Pl = ~W,(__c_,t_) 

V "-' I A vhm 
z= l Ll 1 

(8) 

(9) 

This kind of performance indexes detect vanatJ.on of 
monitored variables from the pre-contingency state to 
quantify the severity of contingencies. However, a 
contingency causes a large variation in line flows or 
voltage magnitude may not be an exact representative of 
the severity of the contingency112"131. It would also result in 
'masking problem' . To avoid the undesirable effect, in 
this research, only those overloaded lines and buses with 
voltage magnitude violations are taken into account in the 
computation of MW performance index Pip and voltage 
performance index Plv, respectively. 

(10) 

(11) 

According to the definition of the performance indexes, it 
has two contents. If the PI value is greater than zero, the 
corresponding contingency is identified as insecure; 
otherwise it is secure. The PI value also represents the 
severity of the contingencies. The greater the value, the 
more severe the contingency would be. Thus, it is very 
convenient to implement contingency ranking in 

Australian Journal of Intelligent Information Processing Systems 

59 

accordance with the value of this kind of defined 
performance indexes. 

A power system operating condition is uniquely described 
by a set of variables such as line power flows and bus 
voltage magnitudes which can be obtained from the state 
estimation. These variables (supposed n in number) can be 
arranged into an n-dimensional vector. The operating 
condition is characterised by these variables which can be 
then be viewed as a pattern in n-dimensional Euclidean 
space. In existing methods, the PI values of various 
contingencies for a given pattern are calculated by 
approximate computing methods. As mentioned 
previously, these methods suffer from masking effects. 
Using pattern recognition technology, the PI values can be 
calculated by an off-line full AC load flow program. Many 
patterns and corresponding performance indexes are 
composed to form a set of training patterns. After 
training, the PI of various contingencies under different 
operating conditions can be recognised from the fully 
trained ANNs which stored some similar patterns. 
According to the definition of the PI in equation (10) and 
(11), the PI value are not only able to select these critical 
contingencies, but also quantify the severity of each 
contingency. From the discussion, it is clear that 
contingency ranking can be viewed as a pattern 
recognition problem. 

ARTIFICIAL NEURAL NETWORKS 

The section is aimed to develop an efficient approach of 
calculating the PI values of the post-contingency under 
various load levels. In this research we proposed to use 
two different artificial neural networks algorithms for 
recognising their performance indexes of a set of specific 
contingencies under different load levels. 

Artificial neural networks ate the implementation of 
various algorithms inspired by research into the human 
brains. From the view of computing methods, artificial 
neural networks are computational models built around 
massively parallel interconnected neural units (referred to 
as processing elements, PE). An artificial neural network 
processes a set of inputs and corresponding output 
samples to learn the similarities. This kind of learning 
process allows the ANN to generalise a reasonable output 
for inputs not provided during the training process. The 
basic learning algorithms of the backpropagation and 
counterpropagation networks are briefly described as 
followings. 

Backpropagation Network 

The invention of the Backpropagation (BP) algorithm has 
played an important role in the resurgence of interest in 
artificial neural networks. Backpropagation is a systematic 
method for training multilayer artificial neural networks. 
The basic architecture of a simple feedforward neural 
network is shown in Figure 1. 
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Ym 

Figure 1 Backpropagation network 

Xn 

Backpropagation is a supervising training method. The 
objective of training the network is to adjust the weights 
so that application of a set of inputs produces the desired 
set of output. The backpropagation algorithm is briefly 
presented in the following five steps. 

Step 1 Initialise weights and thresholds; 

Set all weights and thresholds to small random values. 

Step 2 Present input and desired output; 

Present input X p = X 1 , X 2 , X 3 ,. •• , X n and target output 

TP = t 1 , t 2 , • • ·, t m where n is the number of input nodes 

and m is the number of output nodes. For supervising 
training, X P and TP represent a training patterns p to be 

associated. 

Step 3 Calculate actual outputs; 

Each layer calculates every node's actual output: 

(12) 

and passes them as inputs to the next layer. The final 
layer output values are y Pi and k in equation (12) is the 

number of nodes in the layer. 

Step 4 Adapt weights; 

Start from the output layer, and work backwards. 

(13) 

w iJ (t) represents the weight from node i to node j at 

time t, 77 is a gain term, and 8 Pi is an error term for 

pattern p on node j. 

For output units: 

8Pi =a(t)yPi(I-yPi)(tPi-yP) (14) 
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where t Pi ·represents the target output for pattern p on 

node j, y Pi represents the actual output at that node; 

a(t) is a gain term which starts at value between 0.4 and 

1.0, then decreases in time as training progresses. 

For hidden units: 
opj =a(t)ypj(l-ypjn:opk wjk (15) 

k 

where the sum is over the k nodes in the layer above node 
j. 

Step 5 Repeat by going to Step 2 until all weights change 
within a certain tolerance. 

Counterpropagation Network 

The counterpropagation network (CPN) developed by 
Hecht-Nielson is a combination of the Kohonen self
organising map , which performs unsupervised clustering, 
and a supervised Grossberg outstar layer which transforms 
inputs into the correct mapping function, et> . A simple 
feedforward version of the CPN for on-line recognition of 
performance indexes of various contingencies under 
different load levels is shown in Figure 2. A brief 
description of this network's architecture, functional 
operation and learning capability is given below. 

Xt X1 X1 · · • · Xr\ 
X Vector 

Vt Voz • • • • Vro 

Y Vector 

Figure 2 Feedforward counterpropagation network 

The architecture of CPN consists of three layers: an input 
layer containing n neurons which simply multiplex the 
input signals Xt. X2, . . . , Xn ; a middle Kohonen layer with 
N neurons with output signals z~. Z2 • ...• ZN; and a final 
Grossberg outstar layer with m neurons with output 
signals r'1, r '2, ... , r'm. Each neuron i in the middle 
Kohonen layer receives the complete input pattern X 
through a set of connections which have weights W;. 
Similarly, each neuron k on the Grossberg layer receives a 
Kohonen layer output through a set of connections which 
have weight vector Uk. The outputs of the Grossberg layer 
have primes on them because they represent 
approximations to the components Y1, Y2, . .. , Ym of 
Y =Cl>( X). During training, these desired values Y are 

also supplied to some neurons of the input layer. 
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The operation of the network is us~lly thought of as 
consisting of two successive stages: training and normal 
operation. During training, the network is exposed to 
examples of the mapping function cl>: Rn -+ Rm . It is 
assumed that input training vectors X are drawn from R" 
in accordance with a fixed probability density function. 
After each X is selected, Y = <l>( X) is determined and both 
X and Y are input to the network. This kind of training is 
called supervised training. 

Counterpropagation networks are trained in two-phase 
process. In the first phase, the Kohonen neuron's weights 
are adjusted to match the input. After this, the second 
training phase helps to adjust the Grossberg weights in 
order to fit the desired neuron output. The 
counterpropagation algorithm is described in the 
following steps: 

Step 1 Initialise network; 

All the weights are initialised to small random values. 

Step 2 Present input for training Kohonen layer; 

Present input X 1(t),X2(t),- .. ,Xn(t), where X;(t) is the 

input to neuron i at time t. 

Step 3 Calculate the Euclidean distances; 

Compute the distance d 1 between the input and each 

Kohonen neuronj from the following: 

n 

d i == _L(x,(t)- wii{t))2 (16) 
i=l 

Step 4 Determine Kohonen neuron's output Z; ; 

After the neuron with the minimum distance d 1 is 

identified as the winner neuron k, its output signal Z; is 

then set to I and the other neuron's output signals are set 
to 0, e. g : 

z. =={1 
I 0 

dk == Mind 
j=l, ... N J 

otherwise 

Step 5 Update weights; 

(17) 

~new = ff;otd + a(t)( X _ ~old )Z; ( 18) 

The winner neuron's weight vector ~ is adjusted in 

accordance with Equation (18) to a new position ~new in 

the direction of the input vector. At the beginning of 
training, the gain term a(t) (0 ~ a(t) ~ 1) usually 

starts at a value between 0.4 and 0.9, then decreases in 
time as training progresses. 
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Step 6 Repeat by going back to Step 2 until the Kohonen 
layer is stabilised, then go to Step 7; 

Step 7 Present input and desired output for training 
Grossberg layer; 

Step 8 Update weights; 

(19) 

Where P is a network parameter ( 0 < p < 1 ) and y k is 

the kth component of Y (the desired output vector for the 
input X). In this way only the weights associated with the 
connections from the winning neuron are modified. 

Step 9 Calculate the actual output of Grossberg neuron: 

N 

r; = "LuZt'Z; (20) 
i=l 

Step 10 Repeat by going back to Step 7 until the complete 
Counterpropagation network reaches an acceptable error. 

During normal operation, the counterpropagation network 
can be operated in an interpolation mode. In this mode, 
more than one node can win the competition on the 
Kohonen layer. The sum of these Kohonen winning 
nodes' output Z; remains equal to I and the non-winning 

nodes still have zero output signals. The Grossberg layer 
output is determined by only these winning Kohonen 
nodes. 

TEST RESULTS 

Test system; 
To demonstrate the suitability of ANNs as pattern 
recognition techniques for contingency ranking in power 
system security analysis, the backpropagation and 
counterpropagation networks are employed to recognise 
the performance indexes of various contingencies under 
different operating conditions on a 5-bus 7-line power 
system1361 which is represented in Figure 3: 

Main 

Elm 

Figure 3 The one-line diagram of the 5-bus 7-line system 
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37 seconds for training the BP-V and CPN-V networks 
with the 101 (voltage type PI) training patterns, 
respectively. It can conclude that the training time of 
counterpropagaton networks is less than backpropagation 
networks. 

The flow chart of contingency analysis; 
The flow chart of on-line contingency analysis based on 
artificial neural networks for fast contingency ranking is 
shown in Figure 6. 

I Start I 

• l Input Present State J 
I .. • 

I ANNforMWPI I I ANN for Voltage PI 

l ! 
I MW PI Ra.nkins I I Voltage PI Ranking 

I I 

11 Next Contingency Analysis I 

~ Oo-----No 

Yes • l Full AC Load Flow j 
+ l Secwity Assessment J 

Figure 6 An ANN-based on-line contingency analysis scheme 

Contingency ranking performance; 
After training, there are 300 untrained patterns for testing 
the four trained ANNs. MW type performance indexes can 
be recognised by BP-MW and CPN-MW; voltage type 
performance indexes can be recognised by BP-V and 
CPN-V. The two kinds of trained neural networks can 
recognise the performance indexes of 13 contingencies for 
every test pattern. The performance indexes obtained by 
the neural networks are compared with the results 
computed by a full ac load flow program. Table I and 
Table D shows MW type and voltage type PI ranking lists 
and performance indexes for a test patterns under heavy 
loading condition (149.5% load level of the base case), 
respectively. 

The effectiveness of the contingency ranking schemes is 
usually represented by its capture ratio (CR) and faJse 
alarm ratio (FAR) which are defined as following: 

I) Capture ratio (CR): 

N .d 
CR(lOO%) = - 1

- X lOO 
Nr 

(21) 

Where, N;d is the number of the contingencies to be in 

violation identified by ANN; 
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N r is the total number of the contingencies which 

actually result in violation. 

2) False alarm ratio (FAR): 

N 
FAR(lOO%) = f a x lOO 

Nrs 
(22) 

Where, N fa is the number of false alarms where secure 

states are identified as insecure ones; 

N rs is the total number of actual secure states 

computed by a full ac load flow program . 

Contingency Full AC BP CPN 
ID. Number Rank PIP Rank PIP Rank Pip 

4 1 9.6 1 9.961 1 9.7999 
5 2 5.4 2 5.455 2 5.50 
9 3 3.8 3 3.494 3 3.90 
1 4 0 4 0 4 0 
2 5 0 5 0 5 0 
3 6 0 6 0 6 0 
6 7 0 7 0 7 0 
7 8 0 8 0 8 0 
8 9 0 9 0 9 0 
10 10 0 10 0 10 0 
11 11 0 11 0 11 0 
12 12 0 12 0 12 0 
13 13 0 13 0 l3 0 

Table I MW PI ranking lists and performance index 

Contingency Full AC BP CPN 
ID. Number Rank PI. Rank PI. Rank PI. 

8 1 9.3 1 9.111 1 9.5 
1 2 0 2 0 2 0 
2 3 0 3 0 3 0 
3 4 0 4 0 4 0 
4 5 0 5 0 5 0 
5 6 0 6 0 6 0 
6 7 0 7 0 7 0 
7 8 0 8 0 8 0 
9 9 0 9 0 9 0 
10 10 0 10 0 10 0 
11 11 0 11 0 11 0 
12 12 0 12 0 12 0 
13 

Table 11 Voltage PI ranking lists and performance index 

The four trained artificial neural networks have been 
tested for both MW and voltage contingency ranking 
performance on the 5 bus-7 line system. The results are 
shown in Table Ill. 
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Contingency Set~ 
The members of the set of contingencies will depend on 
the system involved and the standard of security required . 
A set of most probable contingencies is ·first specified. 
Often these contingencies begin as single component 
outages. In this research, single line or single 
load/generator outage are also considered. The set of 
contingencies on this test system includes 13 outages as 
follows: 7 single line outages; 4 single load outages; 2 
generators outages; When the generator at bus North trips, 
the bus South will be used as the slack busbar. 

Input and output vectors~ 
The features of input vector should respect the power 
system operating states. In the test system, the voltage 
magnitude of every busbar and the active power flow of 
every line and are chosen as the features of input vector 
X: X= £Ve.VL,VM,VN,Vs ,PIM,PME ,PNs•PNL ,PSL,PSM,Psel · 
The components of output vector Y are defined as the 
corresponding performance indexes of 13 contingencies: 
Y = [Pl1,Pl2 ,Pl3 ,- ··,Pl12 ,Pl13 ). 

The architectures of ANNs~ 
Usually, in the input layer, the number of neuron is 
depended on the number of features of an input pattern. In 
the output layer, each neuron corresponds to a 
performance index of the contingency set. The 
backpropagation network consists of five layers: 12 
neurons in the input layer, 13 neurons in the output layer , 
20 neurons in each of the 3 hidden layers. The topology of 
the backpropagation network is similar in Figure 1. The 
input and output layers of the counterpropagation network 
used in this test have the similar structure as ones of the 
backpropagation network. The number of neurons in the 
Kohonen layer of the counterpropagation network is based 
on the number of the training patterns in the training set. 
In the test system lO 1 training patterns is used. Different 
size of Kohonen layer has been tried in order to achieve 
the best performance. Finally 200 neurons are employed 
in the Kohonen layer. The counterpropagation network 
architecture is similar in Figure 2. 

Training and testing ANNs; 
It must be addressed that the training patterns obtained 
should be representative of the whole range of the power 
system operating conditions. It is an important 
requirement. Otherwise, a trained ANN could not 
recognise the pattern correctly. In this research, the 
training and test patterns are created with a fixed base 
case topology while loads and generators are varied 
between 50% and 150% of the base case in 401 randomly 
selected steps. This basically reflects on the different load 
levels which may be encountered in practice. The power 
system state in each step will be defined by a set of 
variables as a pattern. The corresponding performance 
index of 13 contingencies in each step is obtained from a 
full ac load flow program. The ac power flow program is 
run 13 times for each of the 40 1 steps, in other words, the 
ac power flow program is run 401 times for each of the 13 
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contingencies. The loads and generations are varied from 
50%, 51%, ... , 149%, 150%, then there are 101 patterns 
which are selected as training patterns. The 
backpropagation and counterpropagation networks are 
trained with the 101 patterns. Due to the use of separate 
MW and voltage type PI to evaluate the severity of 
contingencies, two different artificial neural networks in 
either BP or CPN algorithms can be used. One for 
recognising MW type PI is referred to as ANN-MW; 
another one for recognising voltage type PI is referred as 
to ANN-V. The 101 patterns (associating desired MW 
type performance indexes) trains the ANN-MW, and 
another 10 1 patterns (associating desired voltage type 
performance indexes) trains the ANN-V. The other 
randomly remaining 300 patterns are fed to the four 
trained neural networks to evaluate their performances. 

The convergence characteristic; 
Using a stopping criteria of & = 0.001 the proposed four 
artificial neural networks converged for all network 
configurations but required various numbers of iterations. 
The convergence characteristics of the MW type and 
voltage type ANNs were studied and shown in Figure 4 
and Figure 5, respectively. The study results indicate that 
the counterpropagation neural network is much faster 
than the backpropagation neural network during the 
training process. 

I i l..l_L~·-.::..· .:...:· ·..:::·-:,::-~· ·:!j'=~ -""'··~· -~··_·~_=_N-.---;-----; 
0.001 0.002 0.003 0.004 0.005 0.006 0.007 0.008 

Convergence certerla 

Figure 4 The convergence characteristic of MW type ANNs 

--BP 
••• • . .. · CPN I~~~-~ 10000 1 

0 ---..... --..---_,_ ______ ...... , 

0.001 0.002 0.003 0.004 0.005 0.006 

Convergence certerla 

Figure 5 The convergence characteristic of Voltage type ANNs 

Training times: 
The program is run on a Pentium 60-MHz PC with 8 MB 
RAM for evaluating the performance of the proposed 
neural network approaches. Different networks require 
different times for training neural networks. In this 
research, backpropagation networks need about 50000 
iterations in order to get the better ranking performance, 
while counterpropagation networks need only 20000 
iterations. It took 8 minutes 20 seconds and 4 minutes 32 
seconds for training the BP-MW and CPN-MW networks 
with the same 101 (MW type PI) training patterns, 
respectively; it took 8 minutes 36 seconds and 4 minutes 

Autumn 1996 



64 

Backpropagation Networks Counterpropa1 ation Networks 
MW PI Ranking Voltage PI Ranking MW PI Ranking Voltage PI Ranking 

N;d 276 155 275 155 

Nr 276 155 276 155 

Nra 11 10 101 24 

Nrs 287 165 376 179 
CR(100%) 100% 100% 99.63768% 100% 

FAR(lOO%) 3.83275% 6.0606% 26.8617 13.4782 

Table m Rankmg Performance based on backpropagat1on and counterpropagallon networks 

Summary of test results; 

i) Artificial neural network approach is actually a kind 
of adapted pattern recognition technique. It can 
solve various tasks which traditional methods may 
fail ; 

ii) The computation time of ANN based contingency 
ranking methods is much less than existing 
contingency ranking methods; 

iii) The test results show that both backpropagation and 
counterpropagation networks can provide a high 
capture ratio for inputs which are not encountered in 
training process; but the false alarm ratio of the 
counterpropagation network is not as good as the 
one of the backpropagation network; 

iv) Due to the learning phase of Kohonen layer in 
counterpropagation networks is an unsupervised 
clustering phase, the convergence of the 
counterpropagation networks is much better than the 
backpropagation network, but some discriminatory 
information could also be lost in this phase. Maybe 
it is why the false alarm ratio of the 
counterpropagation networks is not as good as the 
backpropagation network; 

v) The accuracy of the backpropagation network is very 
close to the one of the full ac load flow method. 
Backpropagation network is much more suitable for 
future on-line applications; 

vi) The proposed approach is currently being tested on a 
specific region of the National Grid Company plc. of 
United Kingdom. The region consists of 71 busbars 
and 150 lines. Test results will be reported in due 
course. 

CONCLUSION 

This paper proposes a fast contingency ranking scheme 
which has been formulated as a pattern recognition 
problem using artificial neural networks. 
Backpropagation and counterpropagation networks are 
tested. A comparative study of results by using the 
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proposed approach and a full load flow program is 
presented. The test results show that backpropagation 
networks have much better contingency ranking 
performance than counterpropagation networks. 
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FAST PREDICTION OF SYSTEM VOLTAGE INSTABILITY 
USING ARTIFICIAL NEURAL NETWORKS 

D. Sutanto, Y.L. Zhu, W.R. Lachs & I.F. Morrison 

School of Electrical Engineering The University of NSW Sydney NSW Australia 2052 

Abstract: Even though system voltage instability is the slowest cause of breakdown it is a major cause of 
collapses on power systems throughout the world. An early indication of the on-coming problem would enable 
quick security assessment and responses for controlling the danger to stability. Indicators or indices have 
been developed for this purpose but most involve complicated mathematical calculations and are not suitable 
for on-line use, nor prediction and prevention of voltage problems following severe disturbances beyond their 
scope. A new approach to voltage instability problems is presented by using artificial neural network 
techniques for their fast indication and it can also quantify the severity of the disturbances. 

Keywords: Artificial Neural Network, Voltage Collapse, Voltage Instability, Reactive Power Control, 
Transient Stability. 

1. INTRODUCTION 
Voltage instability is becoming an increasingly serious 
problem in many modern power systems because of the 
progressively increasing loadings on the transmission grid. 
Environmental constraints and economic uncertainty have 
inhibited the construction and commissioning of new 
power stations. This has led to growing amounts of power 
being transmitted over extensive interconnected 
transmission networks at a time when it is becoming 
increasingly difficult to provide additional lines to 
augment the grid. This has resulted in much more heavily 
loaded lines than had been envisaged when planning the 
power systems and has resulted in progressively increasing 
series reactive power losses that have seriously impinged 
on system voltage control. In the last decade voltage 
stability problems have been experienced in many 
countries throughout the world, including Japan, Canada, 
Sweden, France, United States. 

Voltage instability is due to inadequate reactive power 
support at critical points of the power system network. In 
most reported incidents of collapse there has been an 
extremely severe disturbance which created operating 
configurations much more unfavourable than those 
considered by planning or operating criteria. However, 
unlike other causes of collapse, there has been a first 
period of apparent stability which had persisted for a 
matter of minutes. As most protective devices are devised 
to handle fast changes, they have not been able to identify 
nor function during the first phase of system voltage 
instability. In the second fast phase, when protections such 
as transmission line and rotor overcurrent do function, 
their actions only serve to speed the demise of the power 
system. With the complexity of dynamic phenomena in 
modern power systems, operators have become 
increasingly dependent on automatic devices for the 
control of dangerous operating situations. System voltage 
instability, in spite of its disastrous consequences, is one 
phenomenon against which no such support is provided for 
the operators. Even during the first slow phase, abnormal 
conditions indicated over a widespread area cannot be 
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identified quickly enough for operators to be able to 
implement effective measures. 

Fast prediction of system voltage instability after the 
disturbances would be very helpful as system operators 
would have time to take action before the system enters the 
catastrophic phase. If nothing is done during the first phase 
of system voltage instability, collapse is unlikely to be 
avoided. 

Many voltage instability indices have been developed in 
recent years, but they are usually complex and involve a 
lot of elaborate computation. Moreover, most of those 
indices do not take all dynamic factors into account and so 
are unable to make predictions of voltage collapse, or are 
so computationally complex that they are unsuitable for 
real-time, on-line use. This paper reports on research work 
that uses a neural network that would be capable of not 
only making fast predictions of impending system voltage 
instability but also of quantifying the severity of the 
situations. 

2. PHYSICAL PHENOMENA -
SYSTEM VOLTAGE 
INSTABILITY 

The processes leading to system voltage instability involve 
two distinct phases, the first slow and the second fast. 
Although much of the power network is affected by the 
fast phase, initially the disturbance only has localised 
effects. Invariably the triggering event leads to a sudden, 
large increase of loading on some transmission lines, 
usually the loss of transmission lines or generators. Fig. I 
shows how the increase of transmission line loading causes 
a marked increase of series reactive power losses, the main 
factor that raises the system reactive power demand [1]. 
[A numerical example is provided with a 120km 330kV 
line having 60MV Ar charging. When its load is increased 
from 2 to 3 surge impedance loading (SIL), 700MV A to 
1050MVA, series losses would increase from 180MVAr to 
480MV Ar. Should the voltage also fall to 0.9 p.u., the 
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series losses would rise to 610MV Ar . In this example a 
350MV A (33%) line load increase causes a 430MV Ar 
(140%) rise in series reactive losses]. 
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Figure 1 Increase of line V Ar loss with line load 

The first phase of system voltage instability commences 
with a sharp voltage reduction to the loads at the receiving 
ends of the affected lines. The power stations more or less 
hold voltage levels at the sending end of lines whose 
loading has suddenly been increased. The voltage 
reduction at the loads is primarily due to the additional 
voltage drop because of the increased power flow through 
the lines. 

In the initial seconds two distinct effects occur: 

Firstly at the generators whose automatic voltage 
regulators, in sustaining terminal voltages, sharply increase 
their reactive power outputs. Their higher output is 
primarily to supply much of the extra series reactive power 
losses caused by the sudden increase of transmission line 
loading. 

Secondly, at the load centres, the sudden voltage reduction 
due to the lines' increased loadings, significantly reduces 
load magnitudes, as all loads respond to changes of voltage 
level. If there are synchronous condensers or static 
compensators at the load centre, their reactive power 
outputs would also suddenly increase in an effort to restore 
voltage levels. 

In this event, static compensators would reach their 
limiting output and synchronous condensers would reach 
outputs greater than their continuous rating and yet be 
unable to regain previous voltages. Subsequently, during 
the first phase, transformer on-load tap changers would 
function automatically in an effort to restore voltage levels 
to consumers at the affected load centres. This slow acting 
tap changing would be the only dynamic changes during 
the first phase. 

The large initial voltage reduction would cause 
simultaneous operation of transformer tap changers with 
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identical timer settings. With each tapping operation, 
consumer voltages and load magnitudes would be raised, 
causing an extra loading on the transmission lines, a 
reduction of their receiving voltages a reduction of their 
line charging and an increase in their series reactive power 
losses. If no corrective measures are taken, the extra 
demand, particularly of reactive power, would need to be 
supplied by generators- and synchronous condensers . 
Although each individual tap change would not produce 
large changes, cumulatively after some minutes, the 
increase would be substantial. 

Progressively, rotating unit excitation would increase, 
above continuous rating on some units, until rotor 
temperature limits would be approached. Rotor overcurrent 
protection is provided to prevent generator rotor thermal 
damage to insulation. When functioning on one generator, 
its excitation and reactive power output is instantly 
reduced. All nearby units would have to pick up this 
reactive power, so raising their rotor temperatures and 
setting off a chain reaction of rotor overcurrent protections. 
This first rotor protection operation sets off the fast second 
phase, which has been reported to lead to steady state 
instability and power system collapse within seconds. The 
simulation of this process of system voltage instability has 
been described in Reference 2. It has been possible to 
make the simulation by replicating events described in 
reported incidents, requiring step changes in a number of 
parameters, such generator reactive power outputs and 
transformer tapping positions. Such a methodology is not 
conducive to real-time computation on the model of an 
extensive power system. 

3. VOLTAGE INSTABILITY STUDY 
INDICES 

There are two questions regarding voltage instability: How 
close is the current system operation to voltage instability? 
Secondly, if a disturbance occurs, will the system suffer 
voltage instability problems? Much of the research effort 
has been focussed on developing voltage instability indices 
to answer the first question, while the second question is 
generally neglected. There have been a number of indices 
proposed in 1980's. Most of them may fit into the 
following four categories: 

l) 

2) 

dV 
dQ 
This is probably the first static index that was 
developed for voltage stability .[3] 

VCPI = ClQLk I toss minimum 

:5: preset threshold 
This represents the sensitivity of total generation 
Var change with respect to Var demand change at 
a specific node k. This definition is of an 
algebraic nature.[ 4] 
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3) 

4) 

aPk aQk aQk aQk 
aak +~ask> o; aak +~ask> 0 

where~= ~Bk/~Gk· This index defines real and 

reactive power stabilities in terms of load 
admittance G and B.[5] 

T 
-1 ys .Y(a) 

VIPI = cos IIY sll IIY(a)ll 

=angle between Y sand Y(a) 

> preset threshold 
where Y s is node-specification vector and Y(a) is 

singular vector in the space of node-specification. 
This index proposes a system-wide scalar in a 
geometric sense.[6] 

Besides these other indices utilise [7-14] : 
5) The number of iterations in loadflow calculations 
6) Transmission losses 
7) Determinant of Jacobian 
8) Eigenvalue of Jacobian 

The common feature of these indices is that they only 
indicate the adequacy of the system operating condition 
but cannot predict the consequences of more severe 
disturbances. Lemaitre et al.[15] proposed an indicator for 
forecasting the risk of voltage instability by taking into 
account the power system equations as well as major non
linearity and system qynamics. This indicator can be used 
to determine if the current power system can withstand the 
variation in load demand, but it is slow and not suitable for 
coping with sudden disturbances that cause a critical 
situation. 

4. ARTIFICIAL NEURAL 
NETWORK (ANN) INDICATOR 

Developments with neural network techniques permit the 
following questions: - will ANN be able to make a 
prediction of voltage collapse upon the system dynamic 
characteristics and the system operating condition 
immediately after the disturbance? 

The results of investigations show that it is possible. 

4.1 The Indicator 

A useful index for predicting voltage collapse should have 
such features as: 

1) Can be quickly evaluated 
2) Should be able to assess the system future 

status from the prevailing operating conditions 
3) Can indicate if system will be voltage stable or 

not. 
4) Can quantify the severity of the voltage 

instability. 

The actual causes of the voltage instability can be of two 
kinds: slow change such as gradually increase of loads 
and sudden change such as loss of major transmission 
lines. Slow change is easy to handle by existing indices 
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such as those proposed in Reference 15. By confining the 
problem to sudden disturbances it can be expressed as: If a 
sudden disturbance occurs under the prevailing operating 
conditions will voltage instability occur? And if so, how 
much response will be needed? 

4.2 The Neural Network 

Imagine the problem of voltage instability as a black box, 
with the inputs for a given power system being those 
factors that reflect the system voltage stability level and 
the severity of the disturbance and the black box output 
giving the severity index. This black box model fits the 
neural network techniques perfectly. By simulating the 
system dynamic process with different operating 
conditions and disturbances on a given power system, a set 
of patterns can be produced sufficient to show the system 
inherent characteristics relating to voltage instability in 
response to system disturbances. A neural network 
properly trained by these patterns would be able to assess 
the possibility of voltage instability for other disturbances 
under different system operating conditions. 

The information available would be the operating 
condition prior to the disturbance (which is usually 
available from SCADA), and subsequently to indicate if 
system can maintain stability or not. So the neural 
network's inputs will be this information, while its outputs 
could be chosen as any useful quantity e .g., the amount of 
load shedding to regain stability. 

After any disturbance, almost all system static 
characteristics (such as system topology, load and 
generation distribution, transmission line impedance, line 
charging, generation reactive power limit, etc. and 
dynamic characteristics such as automatic . tap changer 
timing, static compensator characteristics, load 
characteristics, etc.) remain unchanged with the exception 
of those directly involved in the disturbance. The fate of 
the system is only affected by the operating conditions 
immediately after the disturbance and the disturbance 
itself. Therefore factors that can represent the operating 
conditions and the disturbance attributes should be selected 
as the inputs of the neural network. Selection of instability 
indication for the neural network output may be more 
flexible and the amount of load shedding to prevent the 
voltage instability has been chosen as a good indicator. 

5. PRACTICAL CONSIDERA-
TIONS IN SIMULATION 

The major work in building such an ANN index is to 
perform the dynamic simulation to produce training 
patterns. To demonstrate the usefulness of the method on 
a practical power system, the New South Wales (NSW) 
state power system main grid has been chosen and the 
simulation was carried out by running multiple loadflow 
studies. A number of factors, described below, were 
considered in the simulation. 

5.1 Generation VAr Limit 

Most of the modern units are equipped with automatic 
excitation control. This enables the units to produce extra 
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reactive power to compensate the possible huge reactive 
power loss on the transmission network and maintain the 
system voltage level after a severe system disturbance such 
as loss of major transmission lines. But system operation 
cannot rely on the field forcing since the extra reactive 
power supply above the continuous rating is only available 
for a matter of minutes, until rotor protection curtails the 
reactive power output. The unit continuous rating can be 
regarded as the sustainable reactive power resource and is 
not a constant but slightly increases with lower real power 
output. However, in the simulation, the sustainable 
reactive power output for each unit was assumed constant. 

5.2 Generation V Ar Dispatch 

NSW system major generators are all thermal units whose 
terminal voltage is kept at 1.0 p.u. in normal operation. 
Unit reactive power outputs are adjusted by operator push
button control of each generator transformer's tap changers 
as the tap changers are non-automatic. Following the loss 
of transmission lines, some units' reactive power outputs 
would increase substantially, perhaps above rated 
excitation while other units would have reactive power 
output less than their rating. It would be an advantage to 
off load the heavily excited units by the automatic action 
of generator tap changers but this is not the case in NSW 
system, nor are system operators and plant operators 
expected to take such action during the emergencies. 
Therefore, all generator transformer tap changers were 
locked during the entire simulation process. 

5.3 Load Modelling 

The loadflow package can model the loads in a variety of 
ways. NSW system load has been modelled as Poc V, and 

Qoc v2, in effect real power as constant current load and 
reactive power as constant impedance load. These mixed 
load characteristics correspond reasonably well to test 
data. 

The power system modelled in studies included the main 
grid (220kV, 330kV and 500kV), parts of 132kV network 
and all 330/132 kV transformers. Distribution 
transformers and loads at lower voltage levels were 
modelled as equivalent non-linear load connected to the 
132kV buses. Therefore these equivalent loads include 
actual loads, distribution network losses, charging, etc. 

5.4 Load Transformer Tap Changing 

On the NSW power system 330/l32kV substations are 
connected by 132kV circuits to 132/33kV substations. The 
timing for fast tap changing is 7 seconds per step on 
330/132kV transformers whereas it is 60 seconds on 
132/33kV transformer tap changers. 

Although 132/33 kV transformers are not modelled, tap 
changing on these transformers will significantly affect the 
magnitudes of loads supplied by the 330!132kV 
substations. Fortunately, the fast tap changing on 330/132 
kV largely overcomes this problem as there is scope for 17 
tap movements in the 120 seconds before a second 
132/33kV transformer tap movement. The fast response 
would allow 132kV voltages to recover, avoiding the need 
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for more than one 132/33kV transformer tap change. Even 
if 330/132kV transformers did reach their top tap position 
without restoring 132kV voltage levels, the first 120 
seconds after the disturbance could be simulated without 
losing the validity of the load models. 

5.5 Generation Redistribution 

Following any disturbance there would be a significant 
change of total load. In load flow studies of disturbances, 
as have been required for training the Neural Network, the 
results would be unsatisfactory if all demand changes were 
absorbed only by the swing generator. 

The studies therefore used the distributed slack mode in 
the loadflows, by sharing the change of demand on all 
generators in proportion to each unit's rated output. 

6. INPUTS FOR THE NEURAL 
NETWORK 

Since an ANN with less inputs is easier to train and needs 
less training patterns, considerable effort was made to 
minimise the inputs by screening the information and 
selecting the most appropriate items. Two types of 
information are required by the neural network: 
information about system operating conditions 
immediately after the disturbance and information about 
the disturbance. 

6.1 Information about System Conditions 

An examination of system reactive power balance has 
identified just two parameters that are able to indicate 
system conditions immediately after the disturbance: total 
current system reactive power losses and each unit's 
reactive power margin. Total system reactive power losses 
approximately represent the prevailing operating point on 
the curve in Fig. 1 and so can show the trend of increase of 
reactive power losses. Unit reactive power margins are 
sufficient to represent the system's ability to cope with the 
oncoming increase of reactive power demand by 
subsequent dynamic events such as automatic transformer 
tap changing. 

6.2 Information about the Disturbance 

The disturbance itself does not cause the collapse but sets 
off the chain of events that lead to the reactive power 
shortage which produces system voltage instability. The 
reactive power shortage , locally or system wide, 
determines the severity of the voltage instability. 

Therefore, instead of taking disturbance patterns such as 
the combinations of line outages as ANN inputs, voltage 
drops at key substations immediately after the disturbance 
have been chosen to provide a better representation for the 
impact of the disturbance. Total generation reactive power 
output change has also been selected as a supplementary 
indicator for describing the disturbance. Actual tests have 
shown that these inputs do offer sufficient information for 
the ANN to make correct predictions. 
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7. INDICATION OF VOLTAGE 
INSTABILITY 

System voltage instability and then collapse are due to a 
deficiency of sustainable sources of reactive power supply. 
To prevent collapse and regain an acceptable voltage 
profile, timely load shedding in the affected regions is 
required if other control measures cannot restore the 
region's voltage levels. If there is no need to shed load the 
system can be considered voltage stable, otherwise the 
amount of load to be shed can provide a quantitative 
indicator of the severity of the incident. 

The two criteria that determine the need for load shedding 
are: firstly to limit any generator reactive power to its rated 
output and secondly if any 330/132kV transformer tap 
changers is at its limiting position without regaining 
132kV levels. In that event load shedding should ensure 
that 132kV levels meet the condition: 

V schedule - V < 1.5% 

as 1.5% voltage drop is the threshold for activating an 
automatic tap change. If this condition is not corrected in 
120 seconds after the disturbance, tap changers on 
132/33kV and lower voltage transformers would continue 
to function and cause further reactive power losses and 
voltage reductions on the transmission grid. When the 
scheduled 132k V voltages are regained, the destabilising 
automatic transformer tap changing would be avoided. 

There remain the question as to whether there is danger of 
voltage instability to the transmission grid should the 
330kV bus voltage be as low as 0.92 p.u. after 132kV 
voltage levels have been restored. The danger only exists if 
overcurrent protection were to function on any one unit as 
this would trigger the second fast phase and subsequently 
system collapse. 

When all generators and synchronous condensers are at or 
below their continuously rated excitation, this danger 
would be removed. By load shedding to meet these 
criteria, the risk to system voltage instability would be 
eliminated. 

Ideally, an indicator should not only show the total amount 
of load shedding needed but also its location so as to guide 
operator or automatic load shedding. This could be 
achieved with a multiple output neural network for 
indicating the load shedding at each location. Though 
training a multiple output network is not an overwhelming 
problem, it was not attempted so as to minimise the work 
for this initial investigation. Only the total amount of 
necessary load shedding has been evaluated atthis stage. 

However in determining this total, the magnitude of load 
shedding at each location during the simulation process 
was chosen to be proportional to the local voltage drop: 

Ml=~V%·P 

~Q=~V%·Q 

This approach with load flow studies for the different 
disturbances has facilitated evaluation of the numerous 
cases. 
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Studies have been undertaken to simulate the actual system 
voltage instability process following a critical disturbance 
by running multiple loadflows and monitoring the voltage 
decline at all major substations. One of the difficulties 
encountered with this full simulation is that the timing of 
generator rotor protection, which has a very large impact 
on the system reactive power balance which must be 
considered in the dynamic simulation, is unknown since it 
is affected by many factors such as rotor temperature prior 
to the disturbance, unit real power output, field forcing 
current during the dynamic process (which is affected by 
system line loss, tap changing, line charging, SVC 
operation, etc.), and so on. This approach would be much 
too time consuming for the hundreds of different cases 
required in determining the voltage and reactive power 
characteristics of the system for ANN training. Therefore a 
faster approach was undertaken with the following steps. 

Step 1: . lock all transformer tap changers 
. set nonlinear load 
. free unit V Ar limit 
. apply a fault 
. re-arrange generation when necessary. 

Step 2: .release 330/132kV tap changers 
. reduce unit V Ar outputs to their continuous 
ratings 
. shed load progressively according to above 
criteria 
. rearrange generation when needed 
. record results for ANN training 

Step 3: . go to Step 1 to study another outage 
condition 

Step 1 simulates the sudden disturbance occurring on the 
main grid. Voltage drop at major substations, total reactive 
power generation change, total transmission loss and 
reactive power margin of each unit after the disturbance 
are recorded. 

Step 2 evaluates a stable system condition when all unit 
reactive power outputs are within their limits and tap 
changers have reached their correct positions following 
load shedding to meet the above criteria and regain 
acceptable conditions. 

The NSW 330 kV main grid includes 90 buses, 9 major 
power stations (three of which are Snowy Mountain 
Council (SMC) hydro power stations), 144 lines and 
transformers and 30 major system load substations at 
different voltage levels. The generation capacity of the 
NSW system is 9560+j5000MV A, and the generation 
capacity of the SMC is 2100+j700MV A. Three different 
load profiles with total load of 10421 +j2097MV A, 
11463+j2306MVA and 12507+j2516MVA respectively 
are used in simulation for producing both training and 
testing patterns. 

Disturbances applied to the system are single line, double 
line and triple line outages. For practical considerations, 
triple line outages are chosen from lines entering the 
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substation from the same side, connected to the same bus 
bar or in the same transmission corridor. Tests have 
shown that these disturbances are sufficient for an ANN to 
extract the voltage stability characteristics of the system. 

The simulation is carried out on V AX-6000 main frame 
with a loadflow package. A total of 597 patterns are 
obtained from the simulation. A total of 32 inputs include 
key substation voltage drops, generating unit reactive 
power reserve, total generation reactive power changes and 
total transmission reactive power loss. The two outputs of 
ANN are the total active and reactive power shed as a 
percentage of the system generation capacity. 

9. TESTS AND RESULTS 
The results of the two groups of tests are shown in the 
tables. 

9.1 Test on Line Outage 

These tests examine the neural network performance 
when trained by line outage patterns. 548 patterns were 
used for training the neural network, and the remaining 49 
patterns for testing the performance of ANN. Table I 
shows the results. 

The LFS column indicates the loadflow simulation results 
and ANN column shows the neural network prediction. In 
some cases, ANN gives negative load shedding and this is 
due to computing error of the neural network, so the 
negative value can be regarded as zero load shedding or 
system stable. 

Error column in the table shows the relative error of ANN 
output which is the actual error of P and Q shedding 
divided by the maximum amount of load shedding in the 
training patterns. In this simulation, the maximum load 
shedding in the training pattern is 1872 MW for P and 366 
MVAr forQ. 

The average error of ANN output is 1.11% for P and 
1.18% for Q, or in actual values, 20.8 MW and 4.32 MV Ar 
for P and Q respectively. This error is tolerable since it is 
only about 0.18-0.19% of total system load. 

It is considered that neural network zero output (load 
shedding less than 0.2% or 20MW+j4MV Ar can 
reasonably be regarded as zero) indicates that the system is 
stable and no control actions are needed. 

On the other hand a positive non-zero output indicates the 
system is unstable so that load shedding is necessary. The 
results in the show that ANN can predict voltage instability 
for arbitrary line outages with a 94% accuracy. 

9.2 Tests with Load Increases 

The next test examined ANN performance for the effect of 
load increases at arbitrary locations. 

System loads were divided into 10 groups at different 
locations with one group's loading increased to 50% and 
100% above nominal, in sequence, to produce 58 cases of 
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load increase. 

Simulations are carried out on three different load levels, 
followed by the same line outage sequence. Two thirds of 
the results have been appended to the 597 line outage 
patterns for network training and one third of them have 
been used for testing the prediction performance. 

The following data shows the results of the actual 
simulation and ANN output. 

Table I Line outage test 

Case 
P_shed (%) Q_shed(%) 

LFS ANN Error LFS ANN Error 

I 0.0 -0.14 -0.71 0.0 0.0 0.0 
2 0.0 -0.14 -0.71 0.0 0.0 0.0 
3 0.0 -0.11 -0.58 0.0 0.0 0.0 
4 0.0 -0.13 -0.68 0.0 0.0 0.0 
s 0.0 -0.14 -0.71 0.0 0.0 0.0 
6 0.0 -0.14 -0.72 0.0 0.0 0.0 
7 0.0 -0.14 -0.70 0.0 0.0 0.0 
8 0.0 -0.13 -0.64 0.0 0.0 0.0 
9 0.0 0.0 0.0 0.0 0.0 0.0 

10 0.0 -0.14 -0.69 0.0 0.0 0.0 

ll 0.0 0.0 0.0 0.0 0.0 0.0 
12 0.0 0.0 0.0 0.0 0.0 0.0 
13 0.0 -0.11 -0.58 0.0 0.0 0.0 
14 0.0 -0.14 -0.70 0.0 0.0 0.0 
IS 0.0 -0.14 -0.75 0.0 0.0 0.0 
16 0.0 -0.13 -0.66 0.0 0.0 00 
17 0.0 0.0 0.0 0.0 0.0 0.0 
18 0.0 0.0 0.0 0.0 0.0 0.0 
19 0.0 0.17 0.91 0.0 0.0 0.0 
20 0.0 0.21 1.11 0.0 0.0 0.0 

21 0.0 00 0.0 0.0 0.0 0.0 
22 0.0 0.0 0.0 0.0 0.0 0.0 
23 0.0 0.0 0.0 0.0 0.0 0.0 
24 0.0 0.18 0.91 0.0 0.10 1.39 
25 0.0 0.0 0.0 0.0 0.0 0.0 
26 0.0 0.52 2.69 0.0 0.20 2.71 
27 0.0 0.54 2.72 0.0 0.27 3.56 
28 0.0 0.0 0.0 0.0 0.0 0.0 
29 0.0 0.0 0.0 0.0 0.0 0.0 
30 0.0 0.50 2.49 0.0 0.18 2.27 

31 0.0 0.17 0.85 0.0 0.11 1.56 
32 0.0 0.0 0.0 0.0 0.0 0.0 
33 4.50 4.68 0.96 1.20 0.85 -5.03 
34 4.68 4.48 -1.08 2.14 2.03 -1.53 
35 6.15 5.48 -3.45 2.58 2.40 -2.71 
3<: 7.49 8.36 4.42 3.31 3.54 3.16 
37 5.31 4.59 -3.69 2.35 2.10 -3.45 
38 4.57 4.46 -0.59 2.09 1.98 -1.42 
39 4.09 4.65 2.52 1.80 2.08 3.78 
4C 4.98 5.02 0.21 2.30 2.25 -0.78 

41 4.77 4.47 -1.52 2.08 1.82 -3.69 
42 6.65 6.73 0.44 2.94 2.80 -1.78 
43 6.85 6.71 -0.72 3.08 2.93 -2.05 
44 5.59 6.01 2.18 2.44 2.67 3.27 
45 9.99 11 .10 6.00 4.12 4.44 4.54 
46 6.67 6.20 -2.45 2.96 2.64 -4.49 
47 5.85 5.88 0.17 2.48 2.60 1.80 
48 4.27 4.14 -0.74 1.80 1.78 -0.16 
49 4.65 4.72 -1.99 2.34 2.13 -3.01 

Table 11 shows that most of ANN output errors are below 
5%, with only cases 10 and 16 having a large error. The 
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reason is that the pattern of voltage drop and reactive 
power shortage caused by the line outage may be very 
different from that caused by load changing at one or a 
group of locations. Consequently the line outage training 
patterns can not adequately represent the characteristics of 
the voltage instability following large load changes. 
Should more load change patterns be produced for ANN 
training, a better accuracy would have been achieved. 

Test 2 shows that the ANN trained mainly by line outage 
patterns also has the potential for predicting voltage 
instability caused by disturbances but the prediction 
accuracy was 85% because of the smaller number of load 
change cases. 

Table 11 Load changing test 

Case 
P_shed (%) Q_shed (%) 

LFS ANN Error LFS ANN Error 

I 0.0 0.20 1.05 0.0 0.15 1.99 
2 3.2 2.60 -3.05 1.50 1.41 -1.24 
3 0.0 0.0 0.0 0.0 0.0 0.0 
4 0.0 0.10 0.51 0.0 0.20 2.78 
5 0.0 0.16 0.82 0.0 0.0 0.0 
6 0.76 0.97 1.11 0.32 0.42 1.21 
7 0.0 0.0 0.0 0.0 0.0 0.0 
8 1.90 1.00 -4.63 0.91 0.45 -6.18 
9 3.98 4.23 1.34 0.79 0.92 3.43 

10 15.20 12.60 -13.27 4.98 4.12 -11.70 

11 2.79 2.45 -1.76 1.34 1.07 -3.78 
12 9.27 8.73 -2.79 4.20 3.43 -10.50 
13 0.0 0.42 1.93 0.0 0.10 2.17 
14 4.35 4.92 2.91 1.81 2.00 2.59 
15 0.0 0.24 1.22 0.0 0.11 1.58 
16 2.37 3.74 7.00 0.62 1.37 10.28 
17 0.0 0.27 1.07 0.0 0.14 1.22 
18 3.88 4.35 2.42 1.08 0.94 -3.43 
19 0.0 0.0 0.0 0.0 0.0 0.0 
20 0.0 0.0 0.0 0.0 0.0 0.0 

1 0. CONCLUSION 

In spite of extremely unfavourable network dispositions 
produced by disturbances leading to system voltage 
instability, reported incidents describe delays of minutes 
before collapse had occurred. 

Even though the disturbances have created far worse 
situations than considered by security assessments, the 
power system has demonstrated great resilience in 
withstanding their impact. This factor makes it all the 
more important to provide an early warning of the danger 
of system voltage instability and so capitalise on the 
stabilising forces to avoid a collapse. Artificial neural 
networks (ANN) offer such a facility as they could quickly 
recognise a dangerous situation when trained to identify 
system voltage instability. 

By contrast, many of the indicators described in the 
literature show a margin to the voltage stability limit and 
are dependent on the computational assumptions of the 
complex system model. When operating beyond these 
limits, as has been the case after critical disturbances, the 
indicators cannot provide any guidance to the operators. 

The paper has described the inethod of training an ANN to 
identify system voltage instability situations. By having 
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sufficient training studies that considered a broad range of 
disturbance severity on a particular network, the ANN 
could identify a potentially stable or unstable situation 
with 94% accuracy. This training procedure was even able 
to provide a quantitative indication of the disturbance 
severity as the amount of load that would need to be shed 
to regain stable operation. 
The unique feature of this proposal is that takes cognisance 
of the initially greater than rated unit excitation as well as 
the influence of automatic transformer tap changing in the 
initial dynamic events. In fact, it is this greater than rated 
excitation of rotating units which provides the power 
system's initial resilience to the severe disturbances, 
impeding collapse for a matter of minutes. 

One remarkable advantage of this ANN indicator is that 
when a sufficient number of patterns from various kinds of 
disturbances are obtained, the trained neural network can 
predict the voltage instability, no matter what .the other 
disturbances. The greater the number of training studies, 
the better will be its prediction accuracy. Creating a large 
number of training studies for a particular power system 
does not pose any great difficulties. 

Another advantage is that the ANN indicator has the 
ability to correct bad system measurements, much as state 
estimators. In a mathematical sense, neural network 
computing is similar to curve or surface fitting of the 
available data, so allowing bad data to be screened out. 

The investigation has shown that ANN can be used to 
produce an effective index for voltage instability. It is 
simple, fast, clear and flexible. It should be emphasised 
that the ANN is capable of making predictions of system 
voltage instability upon the system condition immediately 
after the disturbance. With more accurate or more 
comprehensive simulation of the post-disturbance dynamic 
process, better training patterns may be obtained to provide 
a better ANN performance. If required, it could be 
developed to indicate the quantity of load shedding at 
specific locations after a critical disturbance has occurred. 
The may well be incorporated into an automatic control to 
prevent system voltage instability. 

Artificial neural networks will be able to provide the fast 
and effective indicator for the early warning of system 
voltage instability. This should prove a powerful weapon 
against the severe disturbances which have caused voltage 
instability and collapse on power systems throughout the 
world. 
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Abstract 
A general Artificial Neural Network (ANN) approach for constructing Multilayered Feedforward Networks (MFNs) in 
the context of power .\ystem transient stability assessment, is developed based on formulated ANN principles and 
methodologies. The success of an ANN approach for power ::.ystem transient stability assessments depends upon the 
successful learning of the correct mapping by the ANN, which in turn depends on numerous factors such as the selection 
of MFN features, the scaling of these features and the selection of training patterns and architectures. In this ANN 
approach, these factors are accounted for. 
The general ANN approach is applied to develop a proposed ANN system for fault type identification, fault location and 
critical clearing time estimations in the context of power system transient stability assessment. The ANN ::.ystem consists 
of three components to account for various pre-fault loading conditions, fault locations and fault types in the estimation 
of Critical Fault Clearing Times (CFCTs). The ANN system is applied to a sample single-machine system. It estimates 
the CFCT and the fault location with negligible error, and it also identifies the type of fault correctly. 
Three schemes are formulated to validate the general ANN approach and the developed ANN system. These schemes 
verifY experimentally all MFN training patterns and MFN structures of the developed ANN .\ystem. In addition, the 
effects of (i) varying the density of training patterns, (ii) varying the number of hidden nodes, and (iii) adding auxiliary 
input features, on the developed ANN ::.ystem are empirically investigated. 

1 Introduction 
The primary objective of the transient stability assessment 
of a power system is to determine the capability of the 
power system to remain in the stable mode of operation 
when a large disturbance such as a short-circuit fault is 
imposed on the system. To assess the transient stability of 
power systems, generator and network models, based on 
the direct-axis and quadrature-axis analysis, have 
previously been developed. These models are in the fom1 
of state-space equations which can be solved using step
by-step numerical integration techniques. The step-by-step 
numerical integration approach provides accurate 
evaluations of power system transient stability and is 
widely adopted in practice. 

The transient stability of the power system depends on the 
initial operating conditions and the severity of disturbance 
of the system. In particular, the severity of a short-circuit 
fault depends on the type and location of the fault, and on 
the fault clearing time. The determination of power 
system transient stability limits, based on numerical 
integration of state-space equations, requires numerous 
program executions for every feasible combination of 
initial operating conditions and system disturbances. As 
there are usually many such combinations, a large number 
of program executions will be required and hence 
extensive computing time. Therefore, the transient 
stability of power system evaluated in this manner is 
performed oiT-line. 

Alternative methods such as the Direct Method of 
Lyapunov [ 1 ] and the Extended Equal Area Criterion 
approach [ 2 ] have also been proposed for high-speed 
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assessment of power system transient stability. Although 
these methods provide high-speed stability assessment, the 
dynamical models adopted are often simplified. Recently 
an artificial intelligence approach for on-line transient 
stability assessment of power systems has been 
proposed [ 3 ] . In the approach, stability decision rules in 
the form of decision trees are constructed using the 
induction learning method [ 4 ] . The trees reflect the 
relationships between the pre-fault operating conditions of 
the power system and the ability of the system to operate 
in the stable mode for assumed fault conditions. However, 
these decision trees, once constructed, are not easily 
modified to accommodate changes in fault conditions and 
network topology. 

Apart from the above methods, fast assessment of the 
transient stability limits of the power system based on 
Artificial Neural Networks (ANNs) can be an alternative 
method. For this a1ternative approach, the capabilities of 
the ANN to learn and generalise enable the network to 
obtain the complex mapping which carries pre-fault and 
post-fault system attributes onto the single valued space of 
Critical Fault Clearing Time (CFCT). The CFCT is an 
attribute which provides important information about the 
quality of post-fault system behaviour and it can be 
estimated by the ANN in negligible time. Recently ANN 
approaches have been proposed [ 5 - 9 ] for the 
estimation of CFCTs in transient stability assessments of 
power systems. 

An ANN [ I 0- I 2) is a network consisting of nodes and 
weighted interconnection links. The weights are usually 
adjustable and can be trained using a learning algorithm. 
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In an ANN application, the network is utilised to map a 
subset D of input patterns in the input space RN onto a 
subset S of output patterns in the output space RM, where 
N and M are the dimensions of the input and output 
patterns respectively. After the ANN is trained off-line, it 
learns a set of weights for the required mapping and can. 
be used for prediction in an on-line environment. The 
training process is conducted using a set of training 
patterns from the subset D with or without a 
corresponding set of target patterns from S. If the training 
involves a set of target patterns from S, then the learning 
is supervised. Otherwise, the learning is unsupervised or 
self-organised. 

In general, supervised learning is more suitable for 
learning any complex mapping which maps a specified set 
D of input patterns onto a specified set S of output 
patterns, whilst unsupervised learning is more suitable for 
clustering problems investigating the relationships 
amongst input patterns. ANN applications of the transient 
stability assessment problem, require that a set D of input 
patterns characterising all pre-fault and post-fault power 
system conditions, map onto a set S of the CFCTs. 
Therefore, an ANN architecture · together with a 
supervised learning algorithm will be more appropriate 
for the present problem, and the Multilayered 
Feedforward Neural Network (MFN) employing the Error 
Back-Propagation (EBP) [10) learning algorithm is 
adopted. The MFN has the capability [ 12] to approximate 
any continuous function given a sufficient number of 
hidden nodes. 

The success of an ANN approach for power system 
transient stability assessments depends upon the 
successful learning of the correct mapping by the ANN. 
Successful learning of the correct mapping depends on 
numerous factors, the most important of these are : 

(a) the selection of the ANN architecture 
(b) the selection of the ANN input features 
(c) the selection of the ANN training patterns 
(d) the convergence of the ANN training process 
(e) the scaling of the input features in (b) 

The methodologies accounting for the factors (a)-(e) 
above so that a consistent ANN approach can be 
developed for fast transient stability assessment, have been 
formulated by the authors [ 13]. These methodologies were 
formulated based on the characteristics of the adopted 
ANN and learning algorithm, the non-linearities of target 
mapping, and the statistics of weights and input features. 

This paper presents a proposed ANN system for fault type 
identification, fault location and critical clearing time 
estimations in the context of power system transient 
stability assessment in Section ( 2). A general ANN 
approach based on developed ANN principles and 
methodologies for developing MFN modules, is proposed 
in Section (3). The selection of MFN input features of the 
proposed ANN system is described in Section ( 4), whilst 
the scaling of these features is described in Section ( 5). 
The selections of MFN training patterns and architecturcs 
are described in Sections ( 6) and ( 7) respectively. 
Finally, three validation schemes are developed and 
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applied to the developed ANN system in Section (8), 
where some validation results are also presented. 

2 Proposed ANN System 
Fig.1 shows the overall structure of the proposed ANN 
system for direct CFCT estimations of the single-machine 
system in Fig.2. The data for the single-machine system 
are summarised in the Appendix. 

The principal factors affecting the transient stability of a 
single-machine system are the initial operating conditions, 
the fault type and the fault location. The ANN system 
accounts for these factors through the functions of three 
components, namely, the CFCT Estimator, the Fault 
Location Estimator and the Fault Type Identifier. Each 
component consists of a number of MFNs containing one 
hidden layer. Each MFN has the common input features: 
the initial rotor angle o, the terminal voltage v1 and the 
terminal current i, immediately after fault inception. 

Based on the common input features, o, v, and ;,, as well 
as the active and reactive output powers, P and Q, the 
Fault Type Identifier distinguishes the type of fault on the 
external circuit of the single-machine system. Depending 
on the fault type, the identifier provides a fault type index 
forming the selection signals for the Fault Location and 
CFCT Estimators. The types of faults which are 
considered are, 1-phase-to-earth (lPE), 2-phase-to-earth 
(2PE), 3-phase-to-earth (3PE) and phase-to-phase faults 
(2PP). 

By means of the selection signals from the Fault Type 
Identifier, appropriate MFNs of the Fault Location and 
CFCT Estimators are selected to estimate values of the 
fault location and the CFCT. The selected MFN of the 
Fault Location Estimator calculates the fractional distance 
of the fault, ffd, from the high-voltage side of the 
generator-transformer, along the external circuit of the 
single-machine system. Together with the common input 
features, o, v, and i~, the fractional distance ffd is 
presented to the selected MFN of the CFCT Estimator 
which calculates the numerical value of the CFCT. · 

2.1 MFN structures of Fault Type Identifier 
The Fault Type Identifier consists of two MFNs, A and B, 
in cascade. The first MFN A is employed to identify 1PE, 
3PE and 2-phase faults. 2-phase faults consist of 2PE and 
2PP faults. When a 2-phasc fault is detected through MFN 
A, the second .t-.:fFN B is employed to identify the actual 
fault type. 

MFN A contains 3 input nodes for the common input 
features v" i, and o, and 1 output node for the fault type 
index. MFN B contains 2 input nodes for the input 
features P and Q, in addition to 3 input nodes for the 
common input features. Similar to MFN A, MFN B has 1 
output node for the fault type index. 

For both MFNs, A and B, the output of the MFN is valid 
only if it occurs in the interval (0, 1]. The interval [0, I) 
is divided into a number N of disjointed sub-intervals 
(0,1/N), [l/N,2/N), ... , [(N-1)/N,1], each of which is 
associated with one fault type. Initially, during the MFN 
training, all training patterns of a fault type are mapped to 
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the centre of the sub-interval associated with the same 
fault type. Subsequently, during testing, all input patterns 
of a fault type will be mapped to the sub-interval 
associated with the same fault type if the training had 
been successful. 

Therefore, in :MFN identification of IPE, 3PE and 2-phase 
faults, the sub-intervals are [0 , 1/3), [ 1/3 , 2/3) and 
[2/3 , I] corresponding to lPE, 3PE and 2-phase faults 
respectively. Moreover, in :MFN identification of 2-phase 
faults, the sub-intervals are [0, 1/2) and [112, 1]. 

2.2 MFN structures of Fault Location Estimator 
The Fault Location Estimator consists of 4 :MFNs. Each 
MFN is employed to estimate the fractional fault distance 
ffd corresponding to one fault type. Each :MFN of the 
Fault Location Estimator has 3 input nodes for the 
common input features v, i1 and o and 1 output node. Any 
MFN output is the numerical value of ffd corresponding to 
one fault type. 

2.3 MFN structures of CFCT Estimator 
The variation of the CFCT of the 3PE fault with initial 
rotor angle o and fractional fault distance ffd, in the first 
swing of the single-machine system in Fig.2, is shown in 
Fig.3. The CFCT is semi-linear over the greater portion of 
the domain for o between 14° and 90°, but it becomes 
very non-linear foro less than 14°. As a consequence, two 
MFNs are employed for estimating the CFCT, one for the 
CFCT of the semi-linear region R1 between o of 14° and 
90°, and one for the CFCT of the non-linear region R2 

between o of 9° and 14°. The range of ffd that is 
considered is 0.0 to 0.9. The evaluation of the CFCTs of 
2-phase faults involves similar considerations, and two 
MFNs are employed in each case. These MFNs are shown 
in Fig. I. 

3 A General ANN Approach 
For successful MFN applications in Sections (2.1) - (2.3), 
MFN training pattern and architecture selections, amongst 
many other factors, must be considered. The related 
principles and methodologies have previously been 
discussed and developed [ 13]. To consistently apply these 
principles and methodologies to identify fault types and 
estimate CFCTs and ffds, the following general ANN 
approach is proposed : 

Step 1 Determine the primary input features from 
amongst the variables of the problem model as 
well as the auxiliary input features that do not 
relate directly to MFN target features but 
correlate closely with the primary input features . 

Step 2 Scale all input features to zero mean and unit 
variance. 

Step 3 Use the curvature C defined below to determine 
the general irregularity of the mapping. For this 
purpose, C is estimated for a sufficient number of 
points on the domain of mapping, such that the 
general irregularity can be established. 

C(x)=(o
2
f;x), o

2
f;x) , . .. , o2f~x)) (I) 

OX] ox2 OXN 
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Step 4 Divide the domain/region into sub-regions such 
that each element of curvature C lies within a 
small interval for each sub-region. Then 
determine the maximum values of all elements of 
C for each sub-region. 

Step 5 Determine the minimum density of training 
patterns on each sub-region based on the 
maximum values of the elements of C. 

Note that the density of training patterns wrt any 
parameter X; on each sub-region rj is determined 
using the maximum value of the ith element of C, 
which is simply the second derivative of mapping 
wrt X; , for the sub-region rj. If the density of 
training patterns for a particular value of second 
derivative has been determined previously, then 
the same density applies. Otherwise, the density 
must be determined by trial and error. 

Step 6 Using the results of Step 5, determine the 
individual training patterns, taking into account 
the minimum density and borders density 
requirements (13] . This is to ensure that the 
mapping can be learnt accurately on the domain 
and at the borders. 

Step 7 Determine an upper bound of the number of 
hidden nodes that is required of the l\tlFN using 
the method established in ref.[13] . 

Step 8 Reduce the hidden nodes until the EBP averaged 
~ystem error Es begins to exceed a pre-set error to 
obtain the minimal MFN stmcture. 

Step 9 Train the MFN stmcture obtained in Step 8 using 
the training pattern set obtained in Step 6 to 
achieve the required MFN approximation of the 
target mapping. 

This general approach is applied to develop the MFN 
modules of the proposed ANN system in Fig.l for 
estimating of the critical fault clearing times (CFCT) of 
the single-machine system in. Fig.2. The application 
details are given the following sections. 

4 Feature Selection 
4.1 Feature Selection for CFCT Estimator 
The CFCT of the single-machine system in Fig.2 depends 
on the initial operating conditions and the severity of the 
fault. It is. therefore, a function of the initial rotor angle o, 
the fault type as well as the fractional distance of the fault, 
ffd, from the generator-transformer, along the external 
circuit. As the fault type is accounted for by the selection 
of an appropriate MFN in the CFCT Estimator, o and ffd 
only arc selected as primary input features . 

To learn the CFCT mapping of the non-linear region R2 

corresponding to any fault type, however, the terminal 
voltage v, and current i, immedi:,tcly after the fault 
inception are included as auxiliary input features. These 
input features reflect the severity of the fault condition. 
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4.2 Feature Selection for Fault Type Identifier 
For the single-machine system of Fig.2, a short-circuit 
fault along the external circuit can be represented by an 
equivalent fault impedance. The equivalent fault 
impedance is a function of the symmetrical components of 
the impedances of the unfaulted circuit, and it can be 
calculated through the symmetrical component and the 
direct- and quadrature -axis analysis. 

To identify IPE, 3PE and 2-phase faults, the faulted 
external circuit can be characterised by the equivalent 
fault impedance. This is because the equivalent fault 
impedances are significantly different for distinct fault 
types. Therefore, the machine terminal voltage v1 and the 
machine terminal current i, immediately after the fault 
inception reflect the type of fault imposed on the system 
for constant initial rotor angle t5. Thus, the primary input 
features ofMFN A are t5, v1 and i1• 

The equivalent fault impedances of 2-phase faults, 
however, are similar, and the terminal voltage and current 
cannot reflect the type of 2-phase fault for constant initial 
rotor angle t5. 
The active power P of the machine immediately after the 
fault inception differentiates 2-phase faults for initial rotor 
angles o greater than 30°, and it is employed as the 
primary feature of MFN B. The reactive power Q is added 
to increase tl1e average separation between the clusters of 
2-phase faults. In addition, the auxiliary features, the 
terminal voltage v, and current i,, are added to improve the 
convergence during training . . 

4.3 Feature Selection for Fault Location Estimator 
From the symmetrical component and the direct- and 
quadrature -axis analysis of the single-machine system, it 
can be shown that the fractional distance of a short-circuit 
fault,.ffd, is a function of the following system paran1eters: 

(i) The direct- and quadrature- components of the 
machine tenninal voltage, vd and v9, and of the 
machine tenninal current, id and i'l 

(ii) The first derivatives of the direct- and quadrature
components of the terminal current, id and i 9, namely, 
(did I dt) and (di 9 I dt) 

(iii) The rotor angular frequency ror 
At the time of sampling immediately after the fault 
inception, the rotor angular frequency ro, equals 
approximately to the nominal angular frequency ffi3 , and 
the first derivatives (did ldt) and (di 9 ldt) tend to zero. 
Therefore, the contributions of the parameters c.o,, (did! dt) 
and (di9 I dt) in (ii) and (iii) to the target.ffd mapping are 
negligible. 

The variations of the voltages, vd and vq, and the currents, 
id and i9, at the time of sampling, can be reflected through 
tile variations of the machine terminal voltage v1, the 
machine terminal current i1 and the initial rotor angle t5. 
Hence, the quantities v, , i, and t5 are selected as the 
primary input features of each MFN module of the Fault · 
Location Estimator. 
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5 Feature Scaling & Learning Rate 
Adjustment 

All input features of the MFNs of the ANN system are 
scaled to the zero mean and unit standard deviation. The 
MFN output features of the Fault Type Identifier, ffd and 
CFCT Estimators, the fault type index, ffd and CFCT, are 
bounded in the intervals [0.0 , 1.0], [0.0 , 0.9] and [0 , 5) 
respectively. These intervals lie within the capabilities of 
MFNs containing tile linear output activation function. 
Hence, the MFN output features, the fault type index, ffd 
and CFCT, are not scaled. 

In training each MFN of the ANN system, the 
combination (q,Y'J of the initial learning rate qe[O.l,0.9] 
and the momentum re[O.l,0.9] which achieves the 
greatest convergence, is employed. The combination (q,Y'J 
is found by trial and error. 

6 Training Patterns Selection 
The determination of a minimal training patterns 
selection for a number of MFN modules of the CFCT 
Estimator, is described in this section. The training 
selections of the CFCT Estimator are determined 
according to steps 3-6 of the general ANN approach, 
hereafter referred to as the curvature method, whilst the 
training selections of the Fault Location Estimator and the 
Fault Type Identifier are determined using a modified 
form of steps 3-6. The modified form and its applications 
are not developed in the present paper. 

6.1 Patterns Selection for CFCT Estimator 
From the non-linearity of the CFCT, the domain of the 
CFCT of each fault type is divided into a linear region R1 
and a non-linear region R2. One MFN is employed to 
learn the CFCT of each region. Each region is further 
divided into two sub-regions, R1 into ru and r12, and R2 
into r21 and r22. The density of training patterns on each 
sub-region rif is then determined. From the density, the 
training patterns are generated, and a minimal selection of 
training patterns is constructed to learn the CFCT of each 
regionR;. 

The formation of sub-regions r;i of R1 and of R2 in cases of 
3PE and 2-phase faults, and the determination of the 
density of training patterns on each sub-region ru·· are 
described in the following sub-sections. Approximation 
errors of the training patterns derived from these densities 
are of the order of 10-3 seconds. 

6.1.1 Patterns selection for the CFCT of R1 for 3PE faults 
The variation of the CFCT of the 3PE fault is semi-linear 
on R1 between initial rotor angle t5 of 14° and t5 of 90°. 
Second partial derivatives of the CFCT wrt o and ffd are 
shown in Figs.4(a) and 4(b) respectively. From tllese 
partial derivatives, two sub-regions are identified for R1. 
The first sub-region ru between ~ of 34° and t5 of 90°, 
and the second sub-region r12 between t5 of 14° and 34°. 

The second partial derivatives of sub-region r 11 tend to 
zero. Therefore, tile density of training patterns for 
learning the CFCT of r 11 , is low. However, as a 
consequence of the minimum density requirement of the 
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cwvature method, it is required that, at any point x = 
( o,jfd) on the domain rll = {( o,jfd)}: (i) The density P.ffd of 
training patterns wrt ffd corresponds to at least 4 patterns 
uniformly spaced over the sub-domain r11 ,o ={(~,jJd): 

\:/(~,jfd) E rn, ~ = t5} for any o; (ii) The density Pt5 of 
training patterns wrt t5 corresponds to at least 4 patterns 
uniformly spaced over the sub-domain r 11 • .ffd ={(0,~: 

\:1(0,~ e rn, ~ = ffd} for any ffd. As the domain r 11 is 
rectangular, the total number of training patterns that is 
required will be at least (4x4=16). 

The second partial derivative of the CFCT wrt t5 of sub
region r 12 is relatively large compared ·to .the second 
partial derivatives of r11 . The maximum value of the 
second partial derivative is 15.46 units, and the minimum 
value of the density Pt5 of training patterns wrt t5 is found 
to be 4.335 units. The second partial derivative of the 
CFCT wrt ffd of r12, however, remains small throughout 
the sub-region. Hence, at any point x on the domain r 12, 
the density P.ffa of training patterns wrt ffd corresponds to 
at least 4 patterns uniformly spaced over the sub-domain 
Y12,J={(~,jJd) : "f(~,jfd) E Y12, ~= 0}. 
6.1.2 Patterns selection for the CFCT of R2 for 3PE faults 
The variation of the CFCT of the 3PE fault is non-linear 
on the region R2 between initial rotor angle t5 of 9° and t5 
of 14°. The second partial derivatives of the CFCT wrt t5 
and.ffd are shown in Figs.5(a) and 5(b) respectively. From 
these second derivatives, two sub-regions r21 and r22. are 
formed. 

The second partial derivatives of sub-region r21 are small, 
and the density of training patterns for learning the CFCT 
of r2 ~. will be low. Hence, the densities, P.ffa and Pt5 , of 
training patterns wrt ffd and t5 on sub-region r21 are 
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determined in accordance with the minimum density 
requirement of the curvature method. 

The second partial derivatives of the CFCT of sub-region 
r22 are, however, relatively large compared to the second 
partial derivatives of r21 . The maximum values of the 
second derivatives wrt t5 andffd are 3.767 and 3.055 units 
respectively. These numbers are similar to the maximum 
second derivative wrt t5 of sub-region r12 in magnitude. 
This implies that densities p6 and P.ffa of training patterns 
similar to the density p6 on sub~ region r22 are required. 

As the dimensions of r22 are much greater than the 
dimensions of r12 because of feature scaling, a large 
number of training patterns would be required. The need 
to employ a large number of training patterns to learn the 
CFCT of sub-region r22, however, is greatly lessened with 
the addition of the auxiliary features v1 and i1• The 
addition of v, and i1 reduces the density of training 
patterns which would have been required. It also improves 
the convergence of training processes. Thus, to achieve 
approximation errors less than 6 x w-3 seconds, the 
minimum value of the density Pt5 wrt t5 reduces to 2.445 
units; and the minimum value of the density P.ffd wrt ffd 
reduces to 2.586 units. 

6.1.3 Patterns selection for the CFCTs for 2PE & 2PP faults 
The selection of training patterns for 2-phase fault cases is 
similar to the selection of training patterns for the 3PE 
fault case. The maximum second derivatives of the CFCT 
wrt t5 and ffd, and the corresponding minimum densities 
of training patterns on each sub-region riJ in each 2-phase 
fault case, are summarised in Table I. From the minimum 
densities, a minimal selection CTc of training patterns is 
constructed to learn the CFCT of each region R;. The 
approximation errors ad are also summarised in Table I. 

Sub-region !iax dev. wrt Min den. wrt Max dev. wrt Min den. wrtffd 
8 8 .ffd 

No. of training . Bound of 
patterns approx. error 

............ ;;; ·~i~~- -i~~.~.~~... .. . .. .. .. ..:.~.~ ..................... .... fil"""'"'" ............ ~:~~ ..... ..... ... ............ ;t:· ......... .. 

............ !:!.l .. ~.f.~l . .f.'!!. . ~FE · ............. ~.·!~ ....................... .. ~:~.~ ......................... ~~~~ ........... . 

28 (-0.004 . 0.003) 

44 [-0.002. 0.004) 

r 12 of R 1 for 3PE 15.48 n .27 o.oo p.,,;, 

0.11 Pn•in 0.00 p.w, 
ooooooo ou oooo o o oo ou ooo•o••••• •• •••• •• •••••••••• • ••••••••••••• ••••••••••o. • •• ••••••••••••••••• • oo o o o oo ooo oo o oooo oo oo oouo o oo o ............ !':!.!.~.f.~Lf.?!.}?.t ... ....... . 28 (-0.005 , 0.004] 

r12 of R 1 for 2PP 2.58 3.04 0.03 Pnun 

(a) The CFCTs of R1 for all fault types 

Sub-region Bmmdof Max dev. wrt I Min den. wrt 11 Max dev. wrt IMin den. wrtffi~l No. of training 
8 8 11 /Td I 11 patterns approx. error 

.......... .. ~;-·~~~~·~~~ ·i~~ ............. f ........... i~/Js ........... l ............ f-91 .. ........... 1 ............ ~~9~6 .......... -j- ............ i~1 ............ 1 53 I [-o.oo6 • o.oos) 

............. ~;·~~~~·~~~ ·~~~ ............ f .... ....... ;:7~6?7" .......... 1 

............ r;; ........... .. 
1 

........... ;:t5~ ............ 1 

............ ~~ ............ 
1 

60 I (·0.006. 0.002] 

.............. ~; .. ~~~~-}~~ ·i~~............. .. ......... i~/Jo ........... , ............. t~~ ............. , ............ ~:~~ .......... + ........... ~~i ............ 1 47 (-0.005, 0.002] 

(b) The CFCTs of R2 for all fault types with auxiliary features 
Table I : The maximum second derivatives of the CFCTs of sub-regions r;.i in 2-phase and 3PE fault cases, along with 

the corresponding minimum densities wrt t5 and ffd, numbers of training patterns and MFN appmximation 
error bounds. 
p ,,;, : Density of training patterns according to the minimum density requirement. 
dev. : Second derivative 
den. : Pattern density 
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Cases n.• No. of training Upper bound of Minimum no. of 
patterns hidden nodes hidden nodes 

II----'C:..:F,.:C-:=T--'o"=f ;;_;R.:...;1 f<':'-o--'r 2:;,:P:..:E:....__-;~-· ·········· ·~-Jfd_ .......... .. .................. :::::: ................ ..... ............ ~-~- --·········· ··· · · · ·· ·· ··········---~ · · ·· ······ ·· · ···· ············ · ·· ··-~---·············· 
II----'C:;.:F:-=C-:=T--'o"=f;;_;R.:...;1 f<':'-o--'r J:..:P,.:E:....__-;~ -··· · ··· ·· · · §.,/l.J. ..................... .......... :::: ................................ ~~--- ······ ·· · ·· ··· .................. ? .................................... ~ ................. . 

CFCT of R 1 for 2PP J . ffd 28 4 4 

II----C:-:F:-:C-::T:-o-:f-::R-1 f<::-o_r 2:-:P:-:E::----I~·········· ·· · ?_ .. ~ff.~ .............. ............... !!.?.!.! ............... ................. ~~---·· · ···· ······· .................. ~.. .... ............ . ................. ~ ................. . 
II----C:-F:-C-:T:-o-:f-:-R=-2 f<:-o_r 3_P_E __ ~·············?. .. :ff.~ .............. ............... !!.!.!.!............... . ............... ~~---··· ·· ······· · · ................. ?................... ············· ·· · ·-~·-················ 

CFCT of R1 for 2PP o ,ffd i,, v1 47 7 4 

lt---=ffi'::-a:-m_a..:..p:....pi--'ng=-C.=-or_l:-:P:-:E::----1~····· ········- ~-'-!! ............... ......•. .......... ~~---···· ·········· ······ ·········-~~- - -···· · ······ ·· · · · · ···············-~· -· ·· · ······· ····· ······· ·· ····· ··· -~· -· ·· ············· 
lt---=ffi'::-a.,..m_a_:_p:....pi--'ng=-f<:-o_r 2:-:P::-::E---1~·············-~-'-!!. ............................... .''!!. .••.•...•..•...•. ·················~-~---····· · · · · · ···· ...•...........•.. ~... .............. ················--~---·············· 

ffd mapping for 3PE 0 • j 1 v1 25 4 4 
ffd mapping for 2PP .............. i·:·i;··············· .................. ~;··········· ······ ................ 2".5""··············· ··················4·················· ··················4················· 

Identification of 1 PE, 
2-phase & JPE f.'lults 

0. i, v, 64 10 3 

Table 11 : Summa!)' of the primal)' and auxilial)' input features, the minimum number of training patterns, as well as 
the upper-bound and the minimum number of hidden nodes for each MFN Module of the developed ANN 
system in Fig. I. 

7 Structures of MFN 
The numbers of patterns of the minimal trauung 
selections ac of the ANN system, determined according to 
steps 3-6 of the general ANN approach and the modified 
form, are summarised in Table 11. In the case of the CFCT 
of R1 for the 2PE fault, the minimal training selection ac 
consists of 28 patterns, and the minimal MFN IT consists 
of 4 hidden nodes. Taking this as the base case, the upper 
bounds of hidden nodes for all other cases are determined 
as detailed in ref.[ B). 

Minimal MFNs can be obtained by reducing the number 
of hidden nodes and checking the EBP averaged system 
error ~>s. The numbers of hidden nodes of the minimal 
MFNs IT of the ANN system, are summarised in Table 11. 
The percentage reduction in the number of hidden nodes 
from the upper bound to the minimum is always greater 
than or equal to zero. In all cases with auxilial)' features, 
the reduction in the number of hidden nodes is vel)' 
significant. 

8 ANN System Validations 
Three validation schemes are developed in this section to 
verify (i) the densities of training patterns selections with 
or without auxiliary features, (ii) the structures of the 
corresponding MFNs, and (iii) the auxilial)' features. The 
developed ANN approach and ANN system have been 
validated through the application of these schemes to the 
MFNs IT and training patterns selections ere of the 
developed ANN system. The application of validation 
schemes to the MFN modules for the estimation of the 
CFCTs of linear regions R1 for 2-phase and 3-phase faults 
are elaborated in the following. 

8.1 Scheme A: Verifying Density of Patterns 
This scheme is to train a sufficiently large number n of 
selections a-1, er2, .. , ern of training patterns respectively of 
densities f>l, />1. • .. , Pn on n MFNs of the same structure, 
where the difference between the densities, p; and p;+I, of 
any two successive selections, er; and er;+ I, is small and the 
density p of the investigated selection er of training 
patterns is bounded between the densities, PI and Pn, of 
the least and the most dense selections. 
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For this scheme, if the density p of the selection a is 
below the minimum level Pmin. the MFN will likely 
acquire an approximation with large errors for all the 
training selections er;. However, if the density p is near the 
level Pmin, the approximation errors Ed will likely be 
marginally greater than a pre-specified error &.r for all 
selections CJi for which p; < p ; the errors &d will always be 
less than 6sp for all CJi for which p; > p. 
In addition to verifying the density p of trainin~ patterns 
of any investigated selection a; this approach also 
examines the variation of the error &d of MFN mapping 
with the density p of training patterns. It is employed to 
verify the training selections ere of the developed ANN 
system. 

8.2 Scheme B: Verifying Number of Hidden Nodes 
The ~-1FN structures obtained by reducing the number of 
hidden nodes until the averaged system error Es of the 
EBP learning algorithm begins to increase above a pre
specified error are usually not the minimal structures. 
This is because the EBP will only converge for few vel)' 
specific combinations of the learning rate 1J, the 
momentum rand the initial weights {w!f} as the MFN is 
reduced to the minimal structure. 

Thus, for any finite number of training sessions, each 
employing a different combination of the parameters 17, r 
and {wij}. it cannot be guaranteed that the minimal 
structure can be obtained. Nevertheless, it is always 
possible to obtain near minimal structures containing one 
or two more hidden nodes than the minimal. 

As a consequence, the sensitivity of the accuracy of MFN 
mapping fw to the number Nhn of hidden nodes becomes 
important. If the accuracy of MFN mapping /w is sensitive 
to the number Nhn, then the EBP learning algorithm will 
not be appropriate for training the MFNs of the proposed 
ANN system. Moreover, the general approach, which 
requires the determination and the use of minimal MFN 
structures, will become invalid. 

The sensitivity studies can be conducted by training the n 
selections {er;} of training patterns formed in accordance 
with Scheme A on each of m sets of n MFNs. The first set 
of n MFNs has the near minimal Nnm hidden nodes, whilst 
the second set of n MFNs has (Nnm + 1) hidden nodes. The 
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mth set of n MFNs has the upper bound Nub hidden nodes. 
This approach is applied to verify the MFNs n of the 
developed ANN system and, thereby, validating the 
method for selecting hidden nodes. 

8.3 Scheme C: Verifying Auxiliary Features 
Let {a;} denote a collection of training patterns selections 
a; with auxiliary features constructed according to 
Scheme A. Let{/];} denote a similar collection of training 
patterns selections /]; but without the auxiliary features. 
The auxiliary features of the investigated training 
selection can be verified ; at the same time, the effects of 
the auxiliary features can be examined by comparing the 
errors Ed of MFN approximation corresponding to the 
selections {a;} with the errors Ed corresponding to the 
other selections {/];}. Near minimal MFNs arc to be used 
for both collections of training selections, {a;} and{/];}. 

With the addition of auxiliary features to the pattern of 
primary input features, the number of hidden nodes can 
usually be reduced. The effects of auxiliary features on the 
number of hidden nodes can be observed by reducing the 
hidden nodes from the near minimal number for the case 
without auxiliary features, to the near minimal number for 
the case with auxiliary features. These investigations will 
validate the auxiliary features of any selection CTc of 
trammg patterns of the developed ANN system. 
Additionally, the investigations will demonstrate the 
effectiveness the method of auxiliary features . 

p,s\p.$1 2.876 1.438 0.959. 

11.269 .. [ -0 004 • 0.003 1 [ -0.005. 0.003) [ -0002 .0.004 1 + 
5.634 [ -0.011 • 0.004 1 1 -0.013. o.oo3 1 [ -o.on . o.oo3 I 
3.756 r -o.o16 . o.oo3 1 r -0.011 . o.oo31 [ -0.016 . 0.003 l 

(a) Intervals of error &d for the selections { 01} & MFNs w1th 
the near minimal number of6 hidden nodes 

p ,s \p.$1 2.876 1.438 0.959 .. 

11.269 .. r .o.o04 . o.oo3 1 r .o.004. o.oo3 1 r -0.004 . o.oo3J 

5.634 [ -0.008. 0.003] [ -0.009. 0.003] 1 -0.009 • 0.004 I 
3.756 1 -0.011 . o.oo3 I r -o.ol4 . o.oo3 I [ -0.015 . 0.0031 

(b) Intervals of error &d for the selectiOns { 01} & MFNs w1th 
7 hidden nodes 

p,s \ pffi 2.876 1.438 0.959. 

11.269. r -o.oo5 • o.oo3 I [ -0.004. 0.003 l [ -o.oo5 . o.oo3 1 
5.634 [ -0.009 .0.0031 r -o.o11 • o.oo3 1 [ -0.011 • 0.003 J 

3.756 1 -0.016. o.oo3 I [ -0.016. 0.003] [ -0.017. 0.003] 

(c) Intervals of error !:d for the selectiOns {a;} & MFNs With 
8 hidden nodes 

Table Ill : Intervals of error &d corresponding to testing 
selections {Oi} of varying density wrt 8 andffd for 
the CFCT of R1 for 3PE faults. 

p6 , {1llrl : Density of patterns wrl t5 and ffd respectively. 
• : Oensity of patterns wrl t5 or ffd of the corresponding training selection oe 

of the devebped ANN system. 
+ : Interval of approximation error &d corresponding to a training selection ot: of 

the devebped ANN system. 
Error &d is in seconds. 
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p,s\pffi 2.877 1.439 0.959. 

8.670 I .o.o04 . o.oo3 l 1 .o.oo5 • o.oo3 I ( -O.Q04 . 0.002 ] 

4.335. 1 -o.oos . o.oo3 I [ -0.004. o.oo3 I [ -0.004. 0.003 J + 
2.890 [ -0.007 . 0.003] 1 -0.001 • o.oo3 1 [ -0.008 . 0.003] 

(a) Intervals of &d for testing selections { 01} & MFNs n with the near 
minimal number of 4 hidden nodes : CFCT of R1 for 

2-phase-to-earth faults 

P61Pffi 2.876 1.438 0.959. 

11.269 . [ -0.004 . 0.003] 1 -0.005 • o.oo3 I [ -0.002 • 0.004] + 
5.634 [ -0.011 • 0.004] [ -0.013. 0.003] [ -0.013. 0.003] 

3.756 [ -0.016. 0.003] r .o.m1 . o.oo3 I [ -0.016. 0.003] 

(b) Intervals of &d for testing selections { 01} & MFNs n with the near 
minimal number of 6 hidden nodes : CFCT of R1 for 

3-phase-to-earth faults 

P6\Pffd 2.879 1.440 0.960. 

6.070 [ -0.002. 0.002] [ -0.002 • 0.002 l [ -0.002. 0.002] 

3.035. [ -0.004. 0.002] [ -0.005. 0.002] [ -0.005 . 0.004] + 
2.023 r .o.oo8 • o.oo3J I -0.009 • 0.002 I [ -0.009 . 0.003] 

(c) Intervals of&d for testing selections { 01} & MFNs n with the near 
minimal number of 4 hidden nodes : CFCT of R1 for 

phase-to-phase f.'lults 

Table IV: Intervals of error &d corresponding to testing 
selections { u;} for the CFCTs of R, for 2-phase and 
3PE faults. 

p5\pffd 2.877 1.439 0.959. 

8.670 [ -0.002 • 0.0021 [ -0.004 . 0.002 J 1 -0.001 • 0.002 I 
4.335. [ -0.004. 0.003 l 1 -o.oo5 . o.oo2 I [ -0.004. 0.002] 

2.890 [ -0.004 . 0.002] [ -0.004 • 0.002] [ -0.004 . 0.002 ] 

(a) Intervals of error sd for the selectiOns { ti} & MFNs w1th the near 
minimal number of3 hidden nodes : 

CFCT of R1 for 2-phase-to-earth faults 

PJI Pffi 2.876 1.438 0.959. 

11.269• [ -0.005 • 0.005] [ -0.005. 0.004] [ -0.005 • 0.003 ] 

5.634 1 .o.ot o. o.004 I 1 -0.011 • 0.003 I [ -0.012 . 0.003] 

3.756 [ -0.014. 0.0031 1 -0.017 . o.oo3 I 1-0.011. o.oo3 I 
(b) Intervals of error sd for the selectiOns { ti} & MFNs with the near 

minimal number of 4 hidden nodes : 
CFCT of R1 for 3-phase-to-earth f.'lults 

P6\Pffd 2.879 1.440 0.960. 

6.070 [ -0.003. o.oo3 I [ -0.002. 0.003] 1 -0.004 . 0.004 I 
3.035 .. [ -0.004. 0.003 1 [ -0.004. 0.003] [ -0.005 . 0.003 1 
2.023 ( -0.01 I , 0.003] r .o.o1o . o.oo3 I [ -0.012. 0.003] 

(c) Intervals of error !:d for the selections { ti} & MFNs with the near 
minimal number of3 hidden nodes : 
CFCT of R1 for phase-to-phase fault 

Table V: Intervals of error &d for the testing selections { r;} 
with auxiliary features i, and v, for CFCTs of R1 for 
2-phase and 3PE faults. TI1ese testing selections are 
trained on near minimal MFNs. 

* : Densities of patterns wrl t5 or ffd corresponding lo the training selections ot: 
v.ithout auxii<rY features ;, and v,. 
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Scheme A Error l>d increases as the density p; of the testing selections { 0";} of patterns decreases. The errors l>d for selections 0"; with 

11=====11 ................... ~~~-i!!~~- -~-.t?..~~~f!.r!.g!.~~!~~.!~~~.!~~--~~~~~P.?.~~i~~-~~~!!!~ .. ?!..t.~~.!~~!~i-~-~-~~~~!!~~.9."~. ~~~-~-i!~!~ .{~ .. ~:~:~l~ .................. . 
Scheme B Similar intervals of l>d are obtained for testing selections CT; of the same density but which are trained on MFNs with different 

11=====91······· · ···········-~-~-~-~~~-~!.~~~~-~~ .. E.?~--~~~~~-~-~!~!~?.~~-.f!!~. ~~~~~-~~-~~-~~.!:~!!~~-~-~~!.~!~~-~-~.Y. .~~~~.!~~~-~~~-~-~~?.~~: ................... . 
Comments These results verify the training selection O"c and the near minimal MFN ll corresponding to the CFCT of R1 for 3-phase-to-earth 

faults, and show that the MFN mapping is not sensitive to the number of hidden nodes. 

Table VI: Observations and comments on the results in Table Ill for the CFCT of R, for 3PE faults with 
Validation Schemes A and B 

Scheme A For each fault type, the error &d increases as the density p; of the testing selections { 0";} of patterns decreases. Moreover, the errors &d 

...... f~~-~~~-~-~!!~~~ .. 0..~!!~.:!~~-~!!!~.~--~~.§..~.~~.!!c!.~~~~!~~.!~.~-~--'-~~!.~f.!~~.?.?!.~~-~p~~:!!~.~.!.~!~~~-~--~~!~~-~~~.!!.C<.~~-~- ~!~~!~.!:::2~~-~-~-~;~~!: .......... 
Comments These resulls verify the 2 training selections O"c and the 2 near minimal MFNs ll corresponding to the CFCTs of R, for 2-phase faulls . 

Table VII: Observations and comments on the results m Table IV for the CFCTs of R, for 2PP & 2PE faults With 
Validation Schemes A 

Observations for The error &d generally increases as the density p; of the testing selections { T;} with it and Vt decreases. Moreover, the errors l>d of 
Scheme A 

selections T; with densities greater than the corresponding densities of the training selections O"c of the CFCT estimator 

······ ···· ······ · ·· ··································· ···· ····· ······ ·· ·········~-~~-~.?.~~~:! .~!!~!~..l::-~:~.:.2:~1. .............................................. ..................................... 
Observations for Comparing Tables IV and V to examine the effects of it and V1, the errors &d for 2- phase-to-earth faults are within [-0.005 , 0.005] 

Scheme C 
...................•....... !?.~ .~-~l.f.T.!l~.!~~~~-~-~~ .. ?.1~~-~-~-~!!.!~P~.~~~~~~~~.!~.~~-~-~~-~~Y..!?.~ .~~-~~~!~:~~~~.?.~.~.P..~~~~:!?.:P.~?.~~.!~~~~~---··· ··· ·· ·········· ·· · ········ 

11 Comments These results validate the auxiliary features it and Vt corresponding to the CFCT of R1 for all fault types and the method for selecting 
auxiliary features . The results also show that the MFN approximation capability can be improved with auxiliary features. 

Table VIII: Observations and comments on the results in Tables IV & V for the CFCTs of R 1 for 2PP, 2PE & 3PE 
faults with auxiliary features it and v1 

8.4 Validations of CFCT Estimator MFN Modules 
( a ) CFCTs of R1 for 3-phase-to-earth faults with Schemes A 
and B : To verify the training selection o-c of patterns for 
the CFCT of R 1 for 3PE faults, and to examine the effects 
of varying the density of training patterns on the 
performance of the corresponding near minimal MFN ll, 
testing selections { CT;} of patterns are constructed as 
described in Section (8.1), and trained on a set ofMFNs of 
the near minimal structure. To examine the sensitivity of 
the accuracy of MFN mapping to the number of hidden 
nodes, the selections {a-,} are also trained on 2 sets of 
MFNs, one with 7 hidden nodes and one with 8. These 
investigations are according to Schemes A and B. The 
errors &d of MFN mapping from the investigations are 
summarised in Table Ill, while observations and 
comments are contained in Table VI. 

(b) CFCTs of R1 for 2-phase faults with Scheme A : To verify 
the two training selections o-c of patterns for the CFCTs of 
R1 for 2-phase faults, and to examine the effects of 
varying the density of training patterns on the 
performance of the two corresponding near minimal 
MFNs ll, testing selections { O";} of varying densities {p;} 
are formed and trained on near minimal MFNs n. This is 
according to Scheme A. The errors &d of mapping from 
the investigations are summarised in Table IV, while 
observations and comments are summarised in Table VII. 

(c) Auxiliary features for the CFCTs of R1 : To examine the 
effects of auxiliary features, the auxiliary features i 1 and v, 
are added to the testing selections {a-;} of patterns for 2-
phase and 3PE faults to form the testing selections { -r;} . 
For each fault type, a set of near minimal MFNs ll is 
employed. The results are summarised in Table V, while 
observations and comments are summarised in Table VIII. 
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9 Conclusions 
An ANN system for direct estimation of CFCTs has been 
developed and applied to the single-machine system of 
Fig.2. In this ANN system, the factors reflecting the 
severity of a short-circuit fault, namely, the fault type, the 
fault location and the pre-fault loading conditions, have 
been accounted for. By considering the t:·mlt type, the fault 
location and the CFCT on separate components of the 
ANN system, the Fault Type Identifier, the Fault Location 
Estimator and the CFCT Estimator, the overall direct 
CFCT estimation problem has been broken down into 3 
sub-problems. 

Based on formulated principles and methodologies in 
ref.(l3], a general ANN approach has also been proposed. 
It has been applied to develop the MFN modules of the 
ANN system such that bounded approximation errors of 
the order of I o-3 have been achieved. 

The developed ANN system has estimated the CFCTs of 
the single-machine system in Fig.2 under various system 
loading and fault conditions within approximation errors 
of 6 X w-J seconds. Additionally, the ANN system has 
estimated the fractional fault distances within 
approximation errors of 5 x 10-3 ffd and identified the 
fault types accurately. 

Three validation schemes have been developed in this 
paper. These validation schemes have been applied to the 
MFN modules of the developed ANN system for 
validating CFCT and fault location estimations as well as 
fault type identification using the MFN. The validity of 
the ANN system and that of the general approach have 
been verified. Moreover, the results indicate the following: 

(i) There exists a minimum density Pmin of training 
patterns for learning each of the mappings of CFCT, 
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ffd and fault type identification to any pre-specified 
level of accuracy. 

(ii) The numbers of hidden nodes of the l\.1FNs of the 
developed ANN system, can always be reduced to the 
near minimum level. 

(iii) The accuracy of the l\.1FN mapping is not sensitive to 
the number of hidden nodes, provided that small 
numbers of hidden nodes are added. 

(iv) The auxiliary features assist the convergence of the 
training process, reduce the number of hidden nodes 
and improve the approximation capability of the 
MFNs of the developed ANN system. 

The work of this paper would provide a sound basis to the 
work on multi-machine transient stability assessments 
using the ANNs, if the multi-machine system could be 
reduced to a single-machine equivalent or a two-machine 
equivalent. 
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11 Appendix : Single-Machine System Data 
( a ) Generator Data 
Base MV A = 37.5 
Base stator voltage = 11.8 kV 
d-axis magnetising reactance = 1.859 p.u. 
q-axis magnetising reactance = 1.560 p.u. 
stator leakage reactance = 0.140 p.u. 
field leakage reactance = 0.140 p.u. 
d-axis damper leakage reactance = 0.04 p.u. 
q-axis damper leakage reactance = 0.04 p.u. 
stator resistance = 0.002 p.u. 
field resistance = 0.00107 p.u. 
d-axis damper resistance = 0.00318 p.u. 
q-axisdamper resistance = 0.00318 p.u. 
inertia constant = 5.30 MW-sec/MVA 
( b ) Transformer Data 
resistance = 0.0056 p.u. 
reactance = 0.1328 p.u. 
( c) Transmission line parameters 
resistance = 0.0075 p.u. 
reactance = 0.0468 p.u. 
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Abstract-This paper presents a novel application of evolutionary programming to estimate the transient and sub
transient parameters of a generator under normal operation in a multi-machine system. The estimated simulation result is 
compared with that using the corrected extended Kalman filter. The comparison shows that evolutionary programming is 
robust to search the real values of parameters even when the data are highly contaminated by noises, while with extended 
Kalman filter, the estimation tends to diverge with such data. 

Indexing terms-Electrical machines, identification and modelling, artificial intelligence, evolutionary programming. 

1. INTRODUCTION 

System parameter estimation techniques have been widely 
studied for system modelling and control. The observed 
stimulus-response data are usually used to estimate the 
parameters of the system. The error criterion of the 
response data is used as the objective function to be 
minimized, which is typically a function of the squared 
predictive error. However, this quadratic mapping of the 
predictive error is generally a complex, nonlinear, possibly 
non-convex function of the parameter errors. 
Conventional estimation methods use the derivative of the 
objective function with respect to the parameters as their 
search directions. Such gradient-based search estimation 
algorithms may become trapped in local minimum points 
that produce inadequate model performance. In addition, 
such algorithms tend to diverge when used in a real system 
with measured data full of noises. 

Estimation of dynamic parameters of generators has been a 
challenging problem in power systems. The accurate 
determination of generator parameters as operating 
conditions change is important for power system analysis, 
control system design and machine fault diagnosis. The 
operational behaviour of a generator is decided by its 
dynamic parameters and so is the behaviour of the power 
system. Therefore, the accuracy of power system stability 
analysis depends mainly on the accuracy of generator 
parameters. Various methods of parameter estimation 
have been adopted in the estimation of generator 
parameters, [ 1-6]. All of the methods that have been used 
in power system identification are gradient-based 
algorithms, which are not robust as stated above. 

The estimation of an engineering system is a kind of 
optimization problem which usually finds a statistical 
minimum of an estimation function. A wide range of 
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efficient methods is available for the solution of problems 
in which the functions to be estimated are smooth and 
have no local minima. These methods do not work well 
when the function to be estimated does not have these nice 
properties due to measurement noises and model 
uncertainties. This type of less well behaved function 
exists in most engineering problems so the devising, 
testing and refining of new techniques for finding optimal 
estimation solutions are important research areas. A 
family of naturally-inspired algorithms for optimization 
that has not yet been widely used in the engineering is the 
so-called evolutionary algorithms (EAs), which include 
genetic algorithms (GAs) and simulated evolution, 
evolutionary programming (EP). EAs are different search 
algorithms from conventional optimization methods in the 
following ways: I. They search from a population of 
points, not a single point. 2. They use payoff (fitness or 
objective function) information, not derivatives or other 
auxiliary knowledge. 3. They use probabilistic transition 
rules to select generations, not deterministic rules. EAs 
therefore possess these advantages: adaptively searching a 
complicated and uncertain area to find the global optimum, 
relieving the assumptions required in traditional 
optimization methods and having inherent parallel 
computation ability. These features make EAs robust and 
parallel algorithms to search the global optimal point, so 
EAs are the suitable algorithms to deal with the estimation 
problems in practical systems. This paper proposes an 
application of EP to estimate the parameters of a generator 
under normal operation. The process of evolution 
inevitably leads to the optimization of "behaviour" within 
the context of a given criterion. It has been indicated that 
simulating evolutionary process provides a general 
problem-solving technique, [7-10). Simulated evolution 
can be used to develop artificial intelligence. EP offers a 
parallel search which can overcome the problems due to 
local optima. The mutation with Gaussian relationship 
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between each parent and offspring guarantees that almost 
all probable combinations of system states can be 
generated. The competition in the mixed population of 
both parents and offsprings expands the probability of 
optimal selection of new generation. The population can 
move over hills and across valleys. EP can therefore 
discover globally optimal estimates. EP offers a new tool 
for system identification [11]. 

The generator model used in th is paper is based on Park's 
direct- and quadrature-axis representation. The 
parameters to be estimated have definite physical 
meanings, which are suitable for stability analysis and 
control of power systems. A small inverse pseudorandom 
binary sequence (PRBS) is input to the automatic voltage 
regulator (A VR) to slightly disturb the generator. The 
responses of angular speed, terminal voltage and active 
power of generator are measured and the squared 
predictive error of responses is used as the objective 
function to be minimized. The estimation is updated on
line as EP proceeds so it will be suitable for the parameter 
estimation for the on-line operating generators. 

2. GENERA TOR MODEL IN POWER 
SYSTEM 

List of Symbols 

~ = Increment of the variable 

8 = Torque angle (rad) 

ro = Angular speed (pu) 

rob = Base angular frequency (314.15926 rad Is) 

X d = Direct - axis synchronous reactance (pu) 

X~ = Direct- axis transient reactance (pu) 

x; = Direct- axis sub- transient reactance (pu) 

X = Quadrature- axis synchronous reactance (pu) q 
" Xq = Quadrature- axis sub- transient reactance (pu) 

T~0 = Direct- axis open - circuit transient time 

constant (s) 

T;0 = Direct- axis open- circuit sub- transient time 

constant (s) 

" Tqo = Quadrature- axis open - circuit sub- transient 

time constant (s) 

M = Inertia time constant (s) 

D = Damping coefficient (pu) 

S d = Saturation factor 

E~ = Quadrature- axis voltage behind transient 

reactance (pu) 

" Eq = Quadrature- axis voltage behind sub- transient 

reactance (pu) 
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E; = Direct- axis voltage behind sub- transient 

reactance (pu) 

E fd = Field voltage (pu) 

V = Bus voltage (pu) 

u = inverse PRBS input signal to automatic 

voltage regul&tor (AYR) (pu) 

K E = Gain of the A VR system 

TE = Time constant of AYR system (s) 
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The simulated power system is shown in Fig. I. The 
dynamic equation of generator with simplified automatic 
voltage regulator (A VR) is given in the following 
equation: 

(1) 

In most generator parameter identification programs, the 
outside power system is represented by an infmite bus with 
voltage and frequency kept unchanged [1-5). However, 
such assumption induces identification errors which cannot 
be ignored in power system stability analysis. In this 
paper, the external power system is simulated by an 
equivalent cylindrical synchronous motor whose equation 
is given as follows: 

The link of these two equations is shown in Figs. I and 2. 
In the Appendix, the relationship equations of the 
generator to the system are derived. The equations in the 
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Appendix change (1) to the following decoupled equations 
with the measurements of ~Vj or M;, instead of 
unmeasurable Mdi and Mqi· All the coefficients in the 
following equations are derived in the Appendix. 

The following equation is obtained with ~Vj: 

(3) 

Similarly, with Mi, the following equation holds: 

(4) 
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With either ~ Vj or Mi additional measurements, the 
measurement equations are given as follows: 

~(I);= ~(I); 

~V; = K13;M>; + Kl4iM~; + K151~E~; + C51~VJ (5) 

AP; = K li~o; + K 2;M~; + K 31M~1 + Cli~ v1 

~(I) i =~(I); 

~V; =(K13; -C5;C8;)~8; +(Kl4i -C51 C91 )M;; 

+( K15; - C5;C1o; )M;;+ C5;C7;M; 

M>;= (Kli- CuCs;)~o; +(K2;- clic9;)M;; 

+( K3;- CliCJO;)M;; + CliC7iM; 

(6) 

If ~Vj can be measured at the plant, equations (3) and (5) 
can be used, otherwise, use equations (4) and (6) instead. 
Both set of equations have considered the influences of 
external system without any information from external 
systems which is difficult to obtain in the practical 
problems. 

3. EP PARAMETER ESTIMATION 
ALGORITHM 

To describe the estimation algorithm, equations (3) and (5) 
or equations (4) and (6) are rewritten as follows: 

x(t) = A(p)x(t)+ B(p)u(t) +Be( p)ye(t) + w(t) (?) 

y(tk) = C( p )x(tk) + Ceye(tk) + v(tk) 

where 

(8) 

p is the parameter vector to be identified; y(tJJ is the 
measurement vector at time tk; y.(tJJ is an extra 
measurement which is used to decouple the influence of 
the power system on the machine. u(t) is a reverse PRBS 
input into the A VR. w(t) and v(tJ are the system and 
measurement noises respectively. 

The general process of EP is described in [11] . The 
procedure of EP parameter estimation is given as follows: 

Begin 

Initialization: An initial population of parameter vectors, 

p0 = { pf, i = / , 2, ... , m}, where m is the population 

size, is randomly selected from the sets of uniform 
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d. "b . . r,Amin Amax] h Amin d tstn ut10n rangmg over f , p , w ere p an 

pmax are approximately estimated with a priori 

knowledge. Let l = 0 , where I is the number of 
generation. 

Integration: Each parameter vector will be used in a 
period of the integral process of the following equation: 

At each integral step tk, the error equation is obtained as 

The fitness, as follows, is the weighted variance of the 
errore: 

where A is a diagonal weight matrix, which can be a unit 
matrix if there is no special measurement error to be dealt 
with. 

Statistics: The maximum fitness, minimum fitness, sum 
of fitnesses and average fitness of this generation are 
calculated as follows: 

fmax=Uijf;~f} Vfj,j=l, ... ,m} 

fmin ={fi jJ; sfi Vfi,j=l, ... ,m} 

m (12) 
h=Z:fi 

i=l 

/, = h avg m 

. E h A/ Mutation: ac parameter, Pi,J, i=l, ... , m, j=l, ... , n, 
where n is the number of parameters, will plus a Gaussian 

A/ 
random variable to produce a mutated parameter, Pi+m,J , 
in accordance with the following equation: 

pf+m,j =pL+N(O,rJ J 2), i=l, ... , m,j=l, ... , n 

(13) 

where pA? . denotes the jth element of the ith individual; 
' 1,) 

N(Jvl) represents a Gaussian random variable with mean 
f.l and variance cr2

; fr. is the sum of fitnesses of the old 
generation which is obtained in Statistics; rJ1 is a 
coefficient of proportionality used to scale /; /fr. which is 
given in the following equation: 

( Amax Amin) rJ J = Pmut PJ - PJ (14) 
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h b . Amax Amin where Pmut is t e mutation pro abihty and PJ - PJ 

defines the parameter range. 

The following equation is used to guarantee the feasibility: 

PL + N(O,f3 j ~ ), 

..... min 
PJ ' 

""nlllX p· .I 

if A n_1in < A 1 . + N(O n. _l!_) < A fi!OX 
l p 1 - Pt,1 'f' 1 IL . - P, 

if pAl . + N(O r:1 _l!_) < PA f!lin 
1.1 ..... 1 IL 1 

otherwise 

(15) 

Each parameter vector, j;f+m, will be used in the 

Integration process to produce its fitness/;+m· A combined 
population is formed with the old generation and the 
mutated old generation. 

Competition: To each parameter vector, j;f, i=l, 2, ... , 

2m, a weight value W; is assigned according to the 
competition as follows: 

(16) 

where q is the competition number; w, is a member of {0, 

I} set, which represents win, 1, or loss, 0, as j;f competes 

with a randomly selected individual p; in the combined 

population. w, is given in the following equation: 

if 
fr 

l Uj <---
fr + fi 

(17) 

otherwise 

where J, is the fitness of randomly selected individual p; 
and/; is the fitness of j;f; u1 is a variable randomly 

selected from a uniform distribution set U(O,l). 

When all parameter vectors pf get their competition 

weights, they are ranked in descending order of their 
corresponding value w;. The first m parameter vectors are 
transcribed along with their corresponding fitnesses /; to 
be the basis of the next generation. Then Statistics process 
is run to give the maximum, minimum and average fitness, 
and sum of fitnesses for this generation. 

Determination: If the errors are too small to be detected, 
go to End, or otherwise, I <= I + 1 , go back to Mutation 
to continue. 

End 
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4. SIMULATION RESULTS 

A five-machine system is used as the simulation system 
that is shown in Fig. 1. The generator is operating in a 
more practical system than the one used in [12-13]. The 
system parameters are listed in Table 1. All generators 
have the same parameters as in Table 1, where ZiJ are 
impedances of transmission lines; L; and G; are loads and 
generations respectively. 

Four cases are studied, which are under disturbances with 
the same 0.03 pu inverse PRBS input into the AVR but the 
responses are simulated with the measurement noises of 
different variances. The signal-to-noise ratios according to 
the following equation are given in Table 2. 

%]dB = 10/og!O(E(sl (t))/ 2 ) (18) 
L / E( n (t)) 

where s is the responses and n is the measurement noise, 
E() is the mean-square value as follows: 

(19) 

Fig. 3 shows the per unit angular speed responses in Case 
4. It can be seen that in Case 4, the noises are quite high. 
However, even in such a high noise circumstance, EP still 
gives satisfactory results. A generator parameter estimation 
program based on the corrected extended Kalman filter 
(CEKF) [6], is used to compare with the EP estimation 
program. The comparison is given in Table 3. It can be 
seen that in no-noise or low-noise simulations, the results 
of CEKF are the same as, or even better than those of EP. 
However, in high-noise simulations, the performance of 
CEKF deteriorates, while EP still gives satisfactory results. 
The comparison shows that the estimation with EP is 
robust to search the real values of parameters even for the 
data that are highly contaminated by noises, while the one 
with extended Kalman filter tends to diverge with such 
data. The results of extensive computer simulation show 
that EP is a robust search program to obtain good 
parameter estimates from the data full of noises. Such 
robust characteristics are essential in parameter and state 
estimation in real systems. Reference [13] reports the use 
of evolutionary programming to estimate the generator 
parameters for a simpler system and the experimental 
results are promising. The simulation system used in this 
paper is more like a real power system. Such a more 
realistic simulation system shows the effectiveness of the 
decoupled identification with M; or ~ v_; and the 
adaptability of the EP identification program. The 
successful estimation of the generator parameters in this 
simulated multi-machine system makes the program easier 
to be applied to a real-life system. 

Table I The system parameters 

xd X/ Xd" X,, X" Td" 
. 

Td" 
11 TIJo11 M D sd ' I/ 

2.0 0.244 0.185 1.91 0.212 4.18 0.75 0.743 6.5 5.012 1.0 
G+)B-0.45-j0.18, P;+) Q;=0.914+j0. 128 

z /j - Z12 - Z11= Zu = z 3.= Z4j=R+JX=O. 1+J0.4 
L, - Lr Lr L_-0.6+)0.3, 

G1= 0.5+}0.342, G2=0.5+j0.326, G3= 0.5+)0.327, G4=0.5+j0.345, 
V1= V2 = V3= v.= V;=l.05, ~=1.047 

Table 2 Signal-to-noise ratio 

[Y'N] dB ~00 ; ~ V; ~P; Mj 

Case2 38.3 63.6 71.6 40.6 
Case 3 18.6 43.5 51.7 20.7 
Case 4 4.27 9.49 17.90 0.63 
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Table 3 The estimated parameters 

xd X/ Xd" Xq X" q 

True Values 2.0 0.244 O.I85 I .91 0.212 
EP 2.065 0.252 0.190 1.860 0.212 

Case I CEKF 2.015 0.243 0.185 1.920 0.211 
EP 2.065 0.233 0.18I 1.803 0.203 

Case 2 CEKF 2.072 0.244 O.I89 I.978 0.212 
EP 2.I87 0.258 O.I70 1.97 I 0.209 

Case 3 CEKF 1.447 0.189 O.I65 I.764 O.I86 
EP 2.138 0.282 O.I63 1.687 0.177 

Case4 CEKF 2.050 0.265 0.399 0.443 O.ll8 

5. CONCLUSIONS 

EP has been successfully used in estimation of dynamic 
parameters of a synchronous generator operating in a 
multi-machine system. The results of extensive computer 
simulation show that EP is a robust search program to 
obtain good parameter estimates from the data full of 
noises. Such robust characteristics are essential in real-life 
parameter and state estimations. 
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7. APPENDIX 

To eliminate Md; and Mq; that can hardly be measured, the 
complex valuables, if;, li and ~ shown in Figs. I and 2 

is used in the following equations: 

where 

_ _ . vi -vj 
li = Vj(G+ JB)+-

R+jX 

]i = Jdi + jlqi 

V;= Vdi + jVqi 

(AI) 

Vj = Vj(sin5 i + j coso) (A2) 

Vdi = -E~i + X~Jqi 

Vq; = E~i- X~Jdi 

In steady state, E~i equals 0. By substituting (A2) into 
(AI), dividing it into the real and imaginary parts and then 
linearizing them, the following disturbance equations in 
real and imaginary parts are obtained: 
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[
Md;] _ [Fd;] [Ydqil " [yddi] " [Gd;] M . - F . L'lo; + L'lEq; + y . !lEd;+ G . L'lVj 

qt qt Yqqi qdt qt 

where 

The coefficients are given in the following equation: 

C1 = 1+ RG-XB 

R1 = R- C2X~; 

C2 = RB+XG 

R2 = R- c2 x;; 
x1 =X+ c1x;; x2 =X+ c1x;; 
zf = R1R2 + X 1X 2 

(A3) 

(A4) 

(A5) 

Equation (1) can be changed to (3) by substituting (A3) 
into it. The measurement equation (5) can be obtained as 
well, in which the power equation is derived from the 
following equation: 

(A6) 

The coefficients of (3) and (5) are given in the following 
equations: 

0 

[K"] 1 
Ks; - - .. -

Tdoi K9; 
0 

C3; 
0 
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Fd; Fq; 

Ydqi Yqqi 

Yddi Yqdi 

Gd; Gq; 

(A8) 

+ Ydqi (Xd; ~ X~; +X~; ~ X~;) (A9) [Fw I 
Yddt Tdoi Tdoi 
Gd; 

[

K

10

;] la] Kw 0 
= + 

Kw 1 

c4i o 

(AlO) 

0 l K/3; l Vq;O Fd; Fq; 

[ " Vq;o l Kl4i V;o Ydqi Yqqi -Xd;--
+ 

V;o 
(All) 

Kl5i _vd;o yddi Yqdi " Vd;o X --
C5; V;o Gd; Gq; 

qt V 
iO 

0 

M; can be obtained by the following equation: 

M = Id;o M . + 1q;o M . 
I I dt I ql 

iO iO 
(Al2) 

that is 

where 

[Kw l Fd; Fq; l Id;o l Kl7i Yt~q; Jqq; I;o 
(Al4) 

Kl8i yddi Yqdi Iq;o 
C6; Gd; Gq; I;o 

Therefore Mj can be replaced by M; with the following 
equation: 

where 

(Al6) 

Substituting (Al5) into (3) and (5), equations (4) and (6) 
are obtained. 
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o, Ll 

Fig. 1 Schematic diagram of the studied system 

Fig. 2 Phasor diagram 
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Abstract 
This paper proposes a new algorithm based on the genetic algorithm for solving such a large scale scheduling 

problem that the chromosome consists of several sub-chromosomes which have the same structural 

configurations as parts of the chromosome. So as to cope with this special string structure, hierarchical 

crossover(with mutation) operations are applied. They are, (l)sub-chromosome level crossover and 

(2)chromosome level crossover named as "multiple stage genetic operation". The proposed algorithms can find 

better solutions than those of the simple genetic algorithm. The hybridized algorithm with simulated annealing as 

well as tabu search can improve the performance. 

Key words : Combinatorial Optimization, Genetic Algorithm, Simulated annealing, Tabu Search 

1. Introduction computational burden are not yet satisfiable. 

A generator maintenance scheduling problem is a Furthermore, in Japan, by the recent amendment of low, 

complex combinatorial optimization problem, and is hard generator maintenance can be postponed under the 

to solve through mathematical programming tools. Many permitted combinations of maintenance classes (A : 

approaches by mathematical programming solution detailed, B : simplified, C : minor), and this makes the 

techniques have been tried to solve the problem: for problem be more complex. Since the maintenance can be 

example, dynamic programming[! l, branch and bound[2], postponed by more than one year, long term maintenance 

and integer programming[3,4], However, "curse of scheduling must be necessary, and the problem becomes 

dimensionality"[5] impedes to solve the large scale larger in size. 

problems. Recently, for solving the problem, so-called 

modern heuristic algorithms are tried to applied: expert 

system[6], expert system combined with mathematical 

programming(7], simulated annealing algorithm[8], 

artificial neural networks[9], etc. By applying these 

methods, more complex and large size problems became 

to be solved. However, solution accuracy and 
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From the above background, in this paper, the authors 

propose a new algorithm based on the genetic 

algorithm(GA) for solving a large scale maintenance 

scheduling problem. In the algorithm, a GA chromosome 

corresponds to one multi-machine and multi-year 

maintenance scheduling solution. The chromosome 
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chromosomes (sub-strings) which have the same 
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structure for the generator maintenance scheduling 

problem has such string structure as stated in Chapter 1. 

structural configuration. For our maintenance scheduling We can also easily find such kind of strings in other 

case, a sub-chromosome corresponds to the one application areas. The string which defines the system 

generator's maintenance scheduling for pre-determined composed of several identical subsystems may take such 

several(fixed) years. Therefore, the whole chromosome, a string configuration. For example, let us consider that 

made by combining sub-chromosomes together, the string shows the operational conditions of one 

corresponds to one multi-year and multi-machine machine for multiple years. In this case, each sub-string 

maintenance scheduling solution. So as to cope with the can be taken as to show conditions of each year. Since the 

large scale problem, two kinds of crossover operations are conditions to be included in each year are the same, the 

applied to this special string structure. They are, structures of all the sub-strings must be the same. 

(1 )chromosome level crossover and (2)sub-chromosome 

level crossover. This type of genetic operation is named 

as "multiple stage genetic operation" by the authors. 

The proposed algorithm can find better solutions than 

those of the simple genetic algorithm[lO]_ The algorithm 

also can be further improved by introducing the 

techniques of the simulated annealing (SA) method[lO] 

and of the tabu search (TS) method. 

In this paper, in Chapter 2, details of the multiple stage 

genetic operation is explained. In Chapter 3, the generator 

maintenance scheduling problem is mathematically 

formulated, and the solution algorithm is presented in 

Chapter 4. In Chapter 5, several numerical results are 

shown to demonstrate the validity of the algorithm. The 

improved performances by introducing SA and TS to the 

proposed algorithm are also shown in comparing with the 

results through simple GA. 

2. Multiple-stage Genetic Operation 

Let us assume that a GA string can be divided into 

several sub-strings, and a length of each sub-string is the 

same. Then, we have the string structure as shown in 

Figure 1. Figure l(a) shows the string structure when it is 

expanded, and Figure l(b) shows the same string when it 

is folded up in sub-string by sub-string. Our string 

A ustralian Journal of Intelligent Information Processing Systems 

~ ... -IIIIIIIIIF @Cd ··· Ellili ...... ~ ···11111111111 
'---- Sub-strin~'--- Sub-string-' '--- sub-strin~ 

Figure l(a). String structure( expanded) 

Sub-string 1 ~ 

sub-string 2 IIIIIIIIIIIIIIIIWiii·:::nJ ··· [H)t@J 

Figure l(b). String structure(folded) 

Crossover Point 

I 

Figure 2. Genetic operation between strings 

Figure 3. Genetic operation between sub-strings 
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For this kind of string, we can define the following two 

kinds of genetic operations. That is, 

(1) Normal genetic operations between strings as shown 

in Figure 2 

(2) Genetic operations between sub-strings within one 

string as shown in Figure 3. 

Since each string ordinarily has its fitness function value, 

we can mate strings according to the fitness function 

value in the former case. However, in the latter case, it is 

difficult to find the strings to be mated as the fitness 

function usually is not defined for the sub-string. In such 

a case, one method to determine the sub-strings to be 

mated is to select them randomly. Of cause, the sub

strings can be mated according to their evaluation values 

if we can define the evaluation function for each sub-

string. 

The reason why such sub-string genetic operation is 

effective can be explained as follows. In such an 

optimization problem as that the objective function 

consists of variables with more than two dimensional 

indices, better solution sometimes can be found by 

exchanging variable values between different indices. For 

further understanding, let us consider the following 

example. Let us assume that we have three 0-1 

variables(x-,y,z) and two indices(i,j): for example index i 

corresponds to a machine number and index j corresponds 

to a year to be considered. Then, the variables are xii' Yij 

and zij (i=1,2, .. ,m, j=1,2, ... ,n) and the objective function 

may be f(xij,Yij>Zij)· In this problem, the solution is 

indicated by the string of variables: (xn, x12 , ... , x1111 

YJ2···· Yln• 2 11• ... , 21w x21' x22 , ....... , 22rv XJJ' ·· •2mn). 

Generally speaking, better solutions can be found by 

exchanging corresponding variables while one index is 

fixed. That is, between the sub-strings (x-kl, xk2' ... , 

Ykl' ... , Ykw .... , 2kn) and (xn, xz2, ... , Yll·· ···· Ylw ... , 2 /n), 

if the values of variables are exchanged by genetic 

operations, another new solution can be found. If these 

sub-strings show the maintenance schedules of k-th and 
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l-th machine, this operation means that the several parts 

of the maintenance schedules of both machines are 

exchanged between them. This kind of exchange 

sometimes creates a better solution. 

3. Generator Maintenance Scheduling 
Problem 

The generator maintenance scheduling problem is defined 

as to determine the maintenance schedule of thermal units 

with minimizing the weighted sum of fuel cost, and 

maintenance cost and the variance of spinning reserve 

rate under the following constraints. 

• Power must be supplied to meet the demands for each 

period( demand/supply balance). 

• Predetermined continuous periods are necessary for 

completing every maintenance. 

•There are several pairs of units which can not be 

maintained at the same period. 

• Each unit must be maintained within the terms 

determined by the permitted combination of the 

maintenance class (A, B and C) as shown in Table 1. 

Here, a time increment, one week, is referred to as a 

"period", and the word "term" represents the successive 

periods. The problem can be formulated as a 0-1 integer 

programming problem as follows. 

[Objective function] 
I J I R 

.Minimize z= W( ~ ~f..(pij)+ ~ f.;C,,(q0"k,,.)) 
J 2 

+(l-W)(y2: (Savg-Sj)) · ········ (1) 
j~l 

[Constraints) 

Demand/supply balance 

i~ Ijxij s. PMAX -DJ (j = 1,2,-··,J) ......... (2) 

Consecutive periods of maintenance 
R 

~xif=2:Mi(ky) (i=1,2, ... ,1) (3) 
1 r = 1 

( if xif = 1, xij+ 1 ~ xij +2 = . . . =xij+ti(kr )-1 = 1) 

Maintenance crew constraints 
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J._ x!f:.: 1 (J=l,2,···, J, dv =l, 2, · ··,vd) 
dv 

(4) 

Available extensions 

qli +M/ki,r1)+ 48 < qOi 
and qOi :s; q!i +Mi(ki,rl)+48+Eir(ki,r2 ' ki,r!) .. . (5) 

Where, qr( qor, kif):rth maintenance cost of unit i at 

period q0 for class kir· 

DrDemand at period j. 

Ei,r(ki,rl'ki,rl):Available extension term. 

fi:Fuel cost coefficient of unit i. 

I:Number of units. 

ldv:Set of crew constraint pairs. 

J:Number of planning horizons(in weeks). 

Mj(kra). Mi(k:r1), Mi(k:r2): rth, (r-1)th• (r-2)th 

maintenance term of unit i with class kr 

Pi:Rated output of unit i. 

PifOutput of unit i at period j. 

PMAX:Sum of capacity of all the considering units. 

qOi•qli:Starting period ofrth and(r-1)th 

maintenance of unit i. 

R:Maximum number of maintenance. 

Savg. :Average reserve rate. 

srspinning reserve rate at period j . 

ti(kr):Required maintenance term of unit i for class 

kr 

v d :Number of sets of crew constraints. 

W:Weighting coefficient for cost and variance of 

reserve rate. 

xij:State variable; if unit i is in maintenance at 

period j then Xij=1; otherwise Xij=O. 

r :Cost conversion coefficient for variance of reserve 

rate. 

In eq. (5), the maximum available extension terms, 
Ei,r{ki,r.z.ki,rl) , are determined through eq.(6) and eq.(7). 

[Case of ki,rl = A,B] 

!59 : ki,rO -A 
Ei,r(kir2, ki,r! ) = 29 : ki,rO = B 

7 : ki,rO - C 

[Case of k . 1 = C] 
1,r 

E;,r(kir2 ' ki,rl) = 7 

(6) 

(7) 
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where, ki,r(J. k~rl• ki,r2 represent the r-th, (r-1)th, (r-

2)th maintenance class of unit i, respectively. In spite of 

eq.(6) , if the term between the end period of (r-2)th 

maintenance and the starting period of (r-1)th 

maintenance is greater than 1.5 years(78 weeks), 

Ei,r(ki,r2•ki,rJ) is set to 29 by the second regulation of 

Table 1 even though ki ro=A. In eq.(5), the number 48 
' 

means the {1 year(52 weeks)-1 month(4 weeks)}, and is 

the shortest term between the (r-1 )th maintenance and 

the r-th. In eq.(6) and eq.(7), the numbers 59, 29, and 7 

are the maximum available extension terms between the 

(r-1)th maintenance and the r-th. They are determined 

by the regulations of Table 1. In Japan, as a basic rule, 

the thermal unit's boiler has to be maintained every one 

year(± 1 month) (turbine : 2 years ± 1 month) by the 

regulation of law. 

Table 1. The maintenance class and its extension periods 

•No extension is permitted for newly installed unit. 
•Unit which had not been maintained over 1.5 years (78 
weeks), must be maintained through class A and the 
next maintenance must be completed within 1.5 years. 

• Maintenance of Class B must be completed within 1.5 
years (78 weeks). 

•No extensions are permitted before or after class C. 
•The maintenance class of before or after the 
maintenance class C must be class A. 

•Class C can not be adopted continuously for the same 
unit. 

• Available extension period of unit operated over 
100,000 hours is 1/4 of the normal units. 

4. Implementation to the Generator 
Maintenance Scheduling Problem 

4.1 Technologies Employed in the Genetic 
Operation 

To apply a GA based algorithm to an optimization 

problem, in addition to the scheme of genetic operations, 

the detailed structure of genetic string, its encode/decode 

technique and the fitness function must be designed. In 

this section, the implementation .of the above issues for 
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the generator maintenance scheduling problem are 

explained. 

[Representation of String] 

The whole maintenance scheduling of generators is 

represented by a fixed length of binary string as shown in 

Figure 4 in folded form. This string is refereed to as a 

chromosome in the area of biology. Therefore, in other 

words, one chromosome represents the entire units' 

maintenance scheduling for several consecutive years(lst 

- r-th maintenance), and the schedule of each unit is 

represented by one row of the folded chromosome in 

Figure 4. One row of Figure 4 shows the 1st to r-th 

maintenance schedule of the i-th unit. Dozens of 

chromosomes are created randomly as the initial 

population. 

unit 1 11Ft r aint. I 2r ,dr aint.. l .. .. .. ... .. .. .. l ~~ ~aint. l 

unit I 

1i' t /~'----extension term 
aintenance class(boiler) 

"'aintenance class( turbine) 

Figure 4. String structure 

[Encode/Decode Technique] 

The encode/decode technique takes the regulations of 

Table 1 into consideration to avoid the creation of dead 

chromosomes caused by the violation of available 

extensions(eq. (5)). For example, whatever the r-th 

maintenance class is, if the (r-1 )th class is "C" and (r-

2)th class is not "A", the r-th maintenance class is 

decoded as "A" according to the 6-th regulation of Table 

1 : the maintenance class of before or after maintenance 

class C must be A. The actual maintenance starting 

period qOi of eq.(5) is given by the following equation. 

%; = q1; + M;(k,,) + 48 + ( extension term ) · · ·· · ·· · ·· · · (8) 

The extension term of eq.(8) is represented by 6 bits in 

the string shown in Figure 1. However, its decoding way 

depends on the combination of r-th, (r-l)th and (r-2)th 
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maintenance classes. The sets of bits for extension terms 

are decoded into three categories (0-59, 0-29, 0-7) 

according to eq.(6) and eq.(7). They are summarized in 

Table 2. 

Table 2. Decoding way of the bits for extension term 

Class of Available No. of bits to Extension 
(r-l)th maintenance be decoded terms 

maintenance class of r-th (right most) (weeks) 
maintenance 

A orB A 6 0-59 
B 5 0-29 
c 3 0-7 

c A,B 3 0-7 

By this way of decoding, the dead chromosome which 

violates the maintenance class constraint and the 

extension term constraint can not be created without any 

restrictions for crossover and mutation. 

[Fitness Function] 

The reciprocal of eq.(9) is defined as the fitness function 

of the problem in this method. 

I J I R 
F = w CL Lf/Pu·)+ L Lcir(qoi' kir)) 

i=1j=l i-1r-1 
J 2 

+(1-W)(y L (Savg-Sj) )+az+f3w ···· · ·(9) 

j = 1 

In eq.(9), a and /3 are the coefficients for penalties to 

convert them into cost. Variables z and w are the amounts 

of the violations of crew constraint(eq.(4)) and the 

violations of supply/demand balance constraint (eq.(2)), 

respectively. They can be defined by eq.(lO) and eq.(ll). 

The weight W in eq.(9) plays a role for controlling of 

emphasis between costs and the levelization of reserve 

rate for each period. 

(1 0) 

'\'xu-1 , 
~~V 

(~X!i-1>0) 
iEfdv 

(~Xu-lsO) 
iEfdv 

(i=l,2, ... ,J), (dv =l,2, ... ,Vd) 
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w- 2:w1 
jEJ 

(11) 

w . ={I(Pmax -D)- ~p!iXifl: (Pmax -D)- ~~iXif <0 

1 0 · (P. -D.)-~p . .X .. <!=O · max J IJ IJ 
i 

By referencing eq.(l), eq(9) is composed of three parts; 
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GA is an adaptive algorithm for finding optimum solution 

based on the mechanics of natural genetics[llJ. In 

general, the searching speed of GA is fast and the 

searching processes are performed globally. However, 

there are well-known disadvantages in GA. Two 

important disadvantages are poor convergence of GA 

l)fuel and maintenance costs of the total planning horizon, near the optimum solutions and the premature 

2)variance of the difference between the average 

reserve rate and the real reserve rate of each period, and 

3)sum of penalties for demand/supply balance constraint 

and for crew constraint. 

4.2 Multi -stage Genetic Operation 

The multi-stage genetic operation is a little different 

from the normal genetic operation defined in the 

literature [11]. The detailed multiple stage genetic 

operation is defined as the flowchart as shown in Figure 4. 

Namely, as shown in Figure 4, first, the genetic 

operations for the sub-strings def'med in section 2 are 

performed according to the pre-determined crossover rate 

and mutation rate. Second, the normal genetic operations 

for the whole strings are executed. These operations are 

iteratively repeated until pre-determined generation 

number reaches. In Figure 4, C or C' means the string of 

GA, and f(C) means the fitness function value. 

P roduce C' by sub-choromosome level . j 
~enetic operation: crossover and mutatiOn 

J 
n ......_ (No. of C') Population size ? / 

- I y 
~ I 

jProduce C' by chromosome level j 
jgenetic operation: crossover and mutation 

I 
n ..__ ( No.of C' ) Population size ? 

I n 
(No.of p;eneration)-Max. generation? >-

( srbP ) 

Figure 4. Flowchart of multi-stage genetic operation 

4.3 Multi-stage Genetic Operation 
combined with SA 
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convergence. 

The convergence of the multiple stage genetic algorithm 

can be improved by adopting the acceptance probability 

of SA[12], exp(- !J.E/ zk), as the probability for survival 

of the offsprings. (Where, !J.E means difference of fitness 

function value between (k-l)th and k-th generation, and 

pc means the temperature of SA. That is, the string of the 

offspring is accepted if exp(- t1 E /I*) > r, and rejected 

if exp(- !J.E/ zk) ~ r; where, r (E [O,l])means random 

number. As the results, even though the fitness function 

value of newly produced string is lower than those of the 

current string, the newly produced string is fully accepted 

in early stages of searching process. However, in later 

stages of searching process, when pc is become smaller, a 

string with lower fitness function value is hardly accepted. 

n 

Decision for acceptance of the offsprings 
C =C' : if f (C' ) <f (C ) , k 

orf(C') >f(C) andExp(- ~ E/T) ) r 
C =C : otherwi se 

(No. 

Produce C' by chromosome level genetic operation 

J 
Decision for acceptance of the offsprings 
C =C' : if f(C')<f(C ), 

or f (C') )f (C) and Exp (- ~ E/T ~ >r 
C =C :otherwise 

Figure 5 Flowchart of multi-stage GA+SA 
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Figure 5 shows the flowchart of the multiple stage genetic 

operation combined with acceptance probability of SA. In 

the Figure, the symbol p means the cooling rate of SA. 

4.4 Multi-stage Genetic Operation 
Combined with SA and TS 

To strengthen the searching performance, the 

neighborhood of the current solutions produced by every 

genetic operation are searched by TS. The solution which 

has the best fitness function value is selected as the new 

trial solution among the finite candidate solutions in the 

neighborhood of the current solution. This operation is 

called as "move" in TS. 

The general flowchart of algorithm combined with SA 

and TS is shown in Figure 6. 

Produce C' by chromosome levelgenetic operation 

Decision for acceptance of the offsprings 
C =C': i f f (C' ) <f(C ) , 

or f (C' ) >f (C) and Exp (- ~ E/T~ >r 

N eighborhood of the solution represented by 
gentic strings are searched by Tabu Search 

Figure 6. Flowchart of multi-stage GA+SA+TS 

As shown in Figure 6, the solution process of this method 

is to repeat the following three operations until the 

maximum generation reaches. 
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1 )the solution region is globally searched by the 

multiple stage genetic operation 

2)newly generated string is selected by the acceptance 

probability of SA 

3)the neighborhood of the accepted solution is searched 

byTS. 

To diversify the searching region for keeping the string 

pattern various, the hamming distances are introduced in 

the genetic operations. In other words, the chromosomes 

whose hamming distances are too close to each other, are 

forbidden to mate each other during this operation by 

memorizing them in the long term tabu list memory. 

The mixed use of GA[ll], SA[12] and rs[13,14] in the 

algorithm does not hurt the advantages of each individual 

algorithm but shows a reasonable combination of local 

and global search. 

5. Computational Results 

To demonstrate the performances of the methods, the 

computational results of three test systems(12 units, 23 

units and 35 units)are presented. 12 units are arbitrarily 

extracted for Case 1 among the 23 units of Case 2, and 12 

more units are added to Case 2 for Case 3. The planning 

horizon is set to 260 periods for every case. Since this 

study deals with long term maintenance scheduling 

problem, commitment of new units must be taken into 

consideration. One new unit will be committed from 2nd 

year for Case 2, and 2 new units will be committed from 

2nd and 3rd year in Case 3. As a simple rule, to meet the 

demand of each period, units which are not on 

maintenance pick up power by ascending order of fuel 

cost. The function fi is approximated by the linear 

function of the generator output power Pi· The parameters 

used in these numerical examples are listed in Table 3. 

The weight W in eq.(9) which control the emphasis 

between the costs and the variance of reserve rate is set to 
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O.O(minimize reserve rate variance), l.O(minimize fuel 

and maintenance costs), and 0.5(minimize both issues). 

Table 3. Parameters of tested algorithms 

Method ~imp.GA SA I GA+SA GA+SA+TS 
I 

Pop. Size 50 1 50 50 
Iteration 2500 IOOOx!OOO 2500 2500 
Crs.over Rate 0.6 0.6 0.6 
~utation Rate 0.001 - 0.001 0.001 
~ooling Rate T - - ~k =Tk_f0.91 Tk =Tk_f0.91 - k-Tk_1 x0.98 
~o. ofmove - - - Max. 50 'Iteration 

It is assumed that the power demands of 1st year are 

known. From the 2nd year, the power demands are 

increased 2% per year for every case. 

Among the three cases, for case 2, the parameters of each 

unit are shown in Table 4. The numbers in parentheses in 

Table 4 mean the starting periods of previous 

maintenance subtracted from the staring period of the 

planning horizon. Table 5 shows the 14 pairs of units that 

can not be maintained at the same periods of Case 2. The 

parameters for Case 1 and Case 3 are omitted because of 

lack of space. 

Table 4. Thermal unit data(Case 2) 

Terms for Maintenance Rated Fuel Maintenance 
Maint.(week) Cost fR:3 Power Cost Bef. I st Year 

NO ABC I A B c MW fl*l /MWH -2nd -I st 

1 7 5 2 70 50 30 650 0.730 A( -74) B( -4) 

2 10 6 3 89 60 40 790 0.382 B(-103) A(-34) 

3 7 5 2 15011070 439 0.382 A( -94) B(-19) 

4 10 6 3 125 100 70 464 0.420 B( -93) B( -54) 

5 7 5 3 130 100 60 230 0.391 B(-63) A(-1) 

6 5 3 2 118 90 50 230 0.391 A(-103) A(-14) 

7 4 3 2 190 150 100 378 0.700 A( -89) A(-23) 

8 10 6 3 356 250 150 158 0.302 A(-103) B(-58) 

9 7 5 2 68 50 30 468 0.411 B( -64) A( -4) 

10 7 5 2 90 70 40 468 0.411 A(-103) B(-55) 

11 7 5 2 78 60 40 681 0.711 A( -98) B( -45) 

12 7 5 2 78 60 40 108 0.523 B( -81) A(-45) 

13 6 4 2 158 120 80 108 0.523 A( -90) B(-52) 

14 10 6 3 217 160 110 108 0.523 A(-103) A( -3) 

15 7 5 2 220 160 110 486 0.749 A( -69) A( -1) 

16 12 8 3 91 60 40 648 0.345 A(-104) B(-16) 

17 10 6 3 101 60 40 228 0.911 A( -99) B( -27) 

18 3 2 2 101 60 40 472 0.699 B( -52) B( -2) 

19 9 5 3 107 90 50 331 0.703 A( -74) C(-16) 

20 10 6 3 210 160 110 339 0.710 A(-103) B(-24) 

21 6 4 2 800 600 400 340 0.865 A( -59) C( -14) 

22 10 6 3 1000 800 500 141 0.502 A( -69) C(-14) 
? l 10 (, l 356 250 150 113 0.502 - -
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Table 5. Prohibited unit pairs for maintenance at the 

same period(Case 2) 

l,Jnit No. 1 ? [ 1 il l :;I ,.;! Rl gh ~hsh ,; hrd1 Q OO?? h 
1 ' .lx ~ !X I I I I I I I 
? X 1'·, f)( 

3 X i"-b<: I 
4 X X I"-!)( ~ 

" ix r" 
,.; :x l X 

""' R 

""' 
')( 

g 'i'X '\. I 
13 I I I'\. ')( ')( 

Hi I I IY " V 

1ti 
,, 

')( 

18 x lx X ' X' 
19 I 1¥ "-I¥ 
20 I iY I'-. 
22 I 1'--.. ix 

"·' I I lx ['-.._ 

The computational results through GA, SA, GA+SA and 

GA+SA+TS are summarized in Table 6. As shown in 

Table 6, the solutions through multi-stage GA are 

apparently inferior to the solutions through other methods. 

In the case of W=l.O(minimize the fuel cost and 

maintenance cost), the smallest cost scheduling (marked 

by "#") of all the three cases are found through 

GA+SA+TS method. In the case of W=O.O(minimize the 

variance of power reserve rate), the best one( marked by 

"*") for Case 2 is also found through GA+SA+TS. 

However, for other 2 cases, the best maintenance 

scheduling is found through SA. When W=0.5(minimize 

both of the costs and the variance of reserve rate), the 

best solutions(marked by "&") of all the three cases are 

found through GA+SA+TS method. The GA+SA+TS 

method found 7 best scheduling among 9(3 cases X 3 

weights) numerical tests. 

The computation time for GA+SA+TS method is a little 

larger than GA and GA+SA, but is significantly smaller 

than that of SA. The computations are performed on 

HP715/75(31 Mflops) work station. The symbol R means 

fictional monetary unit. 
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c Met a 
hod w s 

e 
0.0 

GA 0.5 
1.0 

0.0 
c SA 0.5 
A 1.0 s 
E GA 0.0 

1 + 0.5 
SA 1.0 
GA 0.0 
+ 0.5 SA 
+ 1.0 TS 

0.0 
GA 0.5 

1.0 

0.0 
c SA 0.5 
A 1.0 s 
E GA 0.0 

2 
+ 0.5 
SA 1.0 

G:A 0.0 
+ 0.5 SA 
+ 1.0 TS 

0.0 

GA 0.5 
1.0 

0.0 
c SA 0.5 
A 1.0 
s 
E GA 0.0 

3 
+ 0.5 
SA 1.0 

GA 0.0 
S+A 0.5 

TS 1.0 

Table 6. Computational results 

Total Fuel Maint. Var. of I Reser.l Compute B 
Cost Cost Reserve rate trme e 

Cos~ 
rate I 1%) /Sec. \ 

s 
(Re] (Re] [R t 

364385 356868 7517 24515 17.3 3216 
359947 353102 6935 25608 17.6 3380 
359047 352417 6630 31227 17.1 3152 

360406 353565 6901 18720 17.2 22419 ~ 
360401 353335 7066 19642 17.5 25698 
356477 349855 6592 20574 17.3 23230 

361351 354576 6775 20962 17.2 3980 
360667 353375 7292 19924 17.2 4121 
356901 319880 7021 21224 17.4 3728 

363853 356533 7320 19681 17.6 4442 
357829 350673 7159 19807 17.5 4705 & 
356384 349208 7176 25093 17.5 4268 # 

~98078 581465 116613 24993 18.0 7293 
~89748 573530 16128 25007 17.9 7516 
~95628 580839 14789 38809 18.2 7253 

589748 573530 16128 22086 18.1 59432 
589052 573050 16002 23913 18.0 58125 
587748 573357 14391 40560 18.3 57495 

597836 582374 15462 20651 17.9 8824 
587031 571369 15662 22527 18.2 8957 
587192 572765 14427 42721 18.0 8666 

588931 573139 15792 20271 18.2 9721 
587056 572048 15011 22086 18.1 10522 & 
586866 572581 14285 43284 18.1 9924 ~ .. ,., .,,, r,, 28991 19.1 11458 1 
869438 845436 4002 38332 18.7 12681 
~61880 ~39794 2086 41333 18.8 12007 

852364 ~29276 !23088 22884 19.0 97524 

1 
842563 ~21025 ~11538 48843 19.2 114431 
830823 ~ 17646 0377 61816 18.9 100663 

~ 55517 ~32185 ~3992 23338 18.8 12876 
840738 ~ 17898 ' 2540 37747 18.8 13441 
831097 ~ 10203 !20894 47147 19.0 13367 

I 

54794 ~31573 ~3224 22917 18.8 13299 1 
~47427 ~24212 3215 28072 18.9 15210 i& 
~30739 ~09885 po854 56139 18.8 15081 r-

have become more accurate than the (multi-stage 

GA+SA) method. From the numerical results, it can be 

seen that every proposed algorithm is valid, and is 

effectively applicable to the generator maintenance 

scheduling problems. The(multi-stage GA+SA+TS) 

method shows the best performances. Namely, its 

accuracy is the best among the algorithm tested, and its 

computational burden is far less than that of SA. 
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Degree: 
Title: 
Author. 
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Department: 

Masters of Computing 
An investigation into the Applicability of Physical Modelling in Aiding 30 Object Recognition. 
Milosh Ivanovich 
Monash University 
Computer Science 

Manufacturers are following recent standards developments and are currently developing half rate voice 
coding/ decoding equipment (codecs) of acceptable quality in order to significantly increase the efficiency of 
GSM networks. The focus of this research is on the transition period during which some of the users will use 
the new half rate handsets, while others will hold on to their older full rate handsets, thereby creating a 
system with a varying mix of two types of traffic: full and half rate users. 

This thesis proposes a model for GSM resource management and considers nine channel allocation schemes, 
with these two types of traffic loading. The nine schemes are: Random, First Fit, Best Fit, Repacking, 
Repacking with Perpetual Reservation (RPR), Repacking with Perpetual Half Slot Reservation (RPHSR), 
Repacking with Random Reservation (RRR), Fixed Boundary and Sliding Boundary. The performance of each 
scheme is determined, based upon the criteria of efficiency, fairness, as well as ease of implementation. 
Analytic numerical methods are used to investigate each scheme's efficiency and blocking probability 
behaviour, and this is successfully compared with simulation results. The analytic solution is based on a 
reduction of the state space to a manageable size using a mapping approach from an m dimensional state 
space down to a two or three dimensional state space. 

Initially a preliminary study of blocking probability behaviour and efficiency is carried out for each scheme. 
The framing structure adopted for this purpose is an eight timeslot frame, without regard to multiple carrier 
frequencies or any reserved broadcast channels. This study immediately eliminates the Fixed and Sliding 
Boundary schemes from further consideration due to their extreme unfairness and inefficiency. 

The idea behind the eight timeslot frame is then extended to a more realistic model of GSM, by modelling n=2 
and n=3 carrier frequency systems, made up of a reserved control/ signalling timeslot and 8n-1 user slots. At 
the expense of significantly increased CPU resources (time, memory) it was still feasible to analytically 
evaluate the blocking probability and efficiency of six of the nine schemes, (with the exceptions being First Fit 
and the two already eliminated Fixed and Sliding Boundary schemes). Comparisons were then made between 
the original eight timeslot frame model and the more realistic model, where the systems had one, two and 
three carrier frequencies (with 7, 15 and 23 timeslots respectively). The results show that for each of the six 
schemes considered, systems of all three sizes perform increasingly better with a higher proportion of half 
rate customers. It was also found that the higher the proportion of half rate callers is, the larger is the capacity 
benefit gained by employing more complex schemes. However, the capacity benefit (i.e. increase) gained by 
employing the more efficient Repacking family of schemes is generally found to reduce with increasing 
system size. 

An overall comparison of the schemes, taking into account all traffic mixes, is performed with special weight 
of importance paid to the system with three carrier frequencies (as real network applications are likely to 
operate on multi-carrier schemes). The comparison is done by way of awarding scores for the three above 
mentioned criteria and obtaining a total. 

The scheme with the highest overall total score is that of Repacking with Perpetual Half Slot Reservation 
(RPHSR) as it achieves completely equal blocking probabilities for half and full rate users over a wide range 
of traffic mixes (total fairness), and it achieves the best maximum customer capacity subject to a Grade of 
Service (GOS) constraint (best efficiency). However, this scheme is not very simple to implement, and because 
of this, is challenged by the Best Fit scheme, which runs a very close second in the overall score. The Best Fit 
scheme is significantly simpler to implement, with only slightly worse efficiency than RPHSR, and its only 
downfall is that it does not assure equal blocking probability for both user types. 

These two schemes are the ones most worthy of considering for possible implementation in a real network, 
and therefore the advantages each scheme has over the other are presented below: 

Autumn 1996 Australian Journal of Intelligent Information Processing Systems 



105 

Abstracts of the Postgraduate Research Theses 

Best Fit 
* Simpler to implement. 
* No intracell handover affecting voice quahty. 

RPHSR 
*More effident in utilising network resources. *Completely fair in terms of blocking probabilities. 

Degree: 
Title: 
Author. 
Institution: 
Department: 

Masters ofComputing 
Shape Classification Using Mathematical Morphology 
David Nissen 
Monash University 
Computer Sdence 

This thesis investigates the application of Binary Mathematical Morphology to the field of object classification, 
particularly within the context of an hierarchical system for the classification of simple shapes. Within this 
thesis is presented an example of a simple hierarchical classification system that uses morphological feature 
extraction algorithms to distinguish between a number of basic types of object. Also provided are brief 
overviews of both mathematical morphology (including the availability of spedahzed hardware and fast 
sequential algorithms), and shape based object recognition. 

The algorithms used have been analysed in terms of both speed and accuracy, and in comparison to possible 
morphological and/ or non-morphological alternatives. In addition, an effort has been made to assess the 
legitimacy of this basic morphological classifier by using it as the core of a automated pollen classification 
system, designed to overcome some of the difficulties encountered by Palynologists at Monash University 
Australia in performing manual counts of pollen grains. 

As well as presenting a modified Morphological watershed algorithm that has provided some success in 
overcoming the difficulties associated with the segmentation of the pollen images available, it is shown that, 
once segmented, various portions of a pollen image can be passed through the basic classification system and, 
once classified, used together to identify the given pollen. 

Having provided an assessment of the worth of mathematical morphology within the domain of shape based 
object classification and for a specific "real life" application, the potential for further work in this area is 
discussed and some suggestions made regarding possible future directions. 
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Conference Reports 

IEEE International Conference on Neural Networks 
IEEE International Conference on Evolutionary Computing 

1995 

Report by Professor T eny Bossomaier 

The 1995 IEEE conferences on Neural Networks and Evolutionary Computation took place in Perth, Western 
Australia, in December at the University of Western Australia (UW A). The attractive and architecturally 
coherent campus proved an excellent venue with organisation to match, providing many opportunities for in 
depth discussion. Yianni Attikiouzel (UW A) was the general chair of the conference, with M. Palaniswami 
(University of Melbourne), Y. Attikiouzel (UW A), R.J. Marks II (University of Washington), and T. Fukuda 
(Nagoya University technical eo-chairs of Neural Networks and with D. Fogel (Natural Selection Inc.) 
technical chair of Evolutionary Computation. Dorota Kieronska (Curtin University) was the local chair and 
coordinator with technical support &om Chris de Silva (UW A). The Australia and New Zealand Conference 
on Intelligent Informations Systems ran concurrently with the IEEE meeting, sharing a common programme 
and book of abstracts. Proceedings are available in CD-ROM or hard copy. Around a thousand people 
attended during the week, with very strong participation &om Japan and Asia and Europe with somewhat 
less &om the United States. 

The conference hosted a plenary session on Computational Intelligence, following the pattern of the previous 
year, subtitled "A Dynamic System Perspective" edited by Palaniswami, Attikiouzel, Marks, Fogel and 
Fukuda. Twenty two hour long talks ranged over many aspects &om philosophy and definition to concrete 
applications. Integration of hierarchical, heterogeneous systems, both symbolic and learning/ adaptive (neural 
and evolutionary) was an underlying theme which also featured frequently within the conference itself. 

Over half the neural network papers were applications, about a quarter theory with biological and hardware 
implementations the remainder, over 600 papers in almost 80 sessions. Despite the enormous range of 
application, feed-forward nets were still the most popular with radial basis functions, self-organising maps 
and Hopfield nets quite prominent often using fuzzy logic methods. Purpose built hybrid or modular systems 
are now in use, but self-organisation of these higher order structures is still an active area of research. 

Over 150 papers made up the Evolutionary Computation conference with genetic algorithms dominant. 
Handling of constraints and dynamic adjustment of representation or fitness function were major theoretical 
issues with applications covering a wide area including one special session on power systems. 

ANZIIS papers ranged across the IEEE topics as well as other areas of artificial intelligence, particularly 
machine vision and image processing, reflecting a feature of the integrated programme: adaptive and learning 
systems are of immense practical and theoretical interest and the integration of knowledge and techniques 
across many areas is a fertile field of research. 
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4th International Conference on 
Conceptual Structures 

(ICCS'96) 
Conference date: 19- 22 August 1996 
Venue: Sydney, Australia 

Deadlines: 

Paper submission 
Notification of acceptance 
Final version due 

Further information: 

ICCS'96 

15 January 1996 
23 February 1996 

12 April 1996 

Department of Computer Science 
The University of Adelaide 
Adelaide SA 5005, Australia 

email: iccs96@cs.adelaide.edu.au 

The Pacific Rim International Conferences 
on Artificial Intelligence 

(PRICAI'96) 

Conference date: 26-30 August 1996 

Venue: Cairns, Australia 

Deadlines: 

Paper submission 
Notification of acceptance 
Final version due 

Further information: 
Prof Norman Foo 

15 January 1996 
25 March 1996 

06May 1996 

Knowledge Systems Group 
Department of Computer Science 
University of Sydney 
Sydney NSW 2006 
Australia 

ernail: nonnan@cs.su.oz.au 
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4th 
Australia New Zealand Intelligent 

Information Processing Systems 
conference 

ANZIIS-96 
Conference date: 18-20 November 1996 
Venue: Adelaide, Australia 

Further information: 
Or Sanjay Mazumdar 
tel: (08) 259 7095 
fax: (08) 259 5538 

URL: 

http:/ /www.cssip .edu.au/~ieee-sa/anziis96.html 

1996 IEEE Region 10 Conference 
(TENCON'96) 

Applications of 
Digital Signal Processing 

Conference date: 27-29 November 1996 

Venue: Perth, Australia 

Deadlines: 

Paper submission 
Notification of acceptance 
Final version due 

Further information: 

lOMay 1996 
05 July 1996 

23 August 1996 

TENCON'96 Conference Management 
Dept. of Electrical & Electronic Engineering 
The University of Western Australia 
Crawley WA 6907 
Australia 
tel: +61 9 380 1969 
fax: +61 9 380 1101 

ernail: tencon96@ee.uwa.edu.au 
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Australian Computer Science Week 
3-7 February 1997 

Australian Computer Science Conference 
ACSC'97 

Computing: The Australasian Theory 
Symposium 
CATS'97 

Australasian Computer Architecture 
Conference 

ACAC'97 
Conference date: 3-7 February 1997 

Venue: MacQuarie University, Sydney, Australia 

Deadlines: 

Paper submission 
Notification of acceptance 
Final version due 

15 August 1996 
1 November 1996 

24 November 1996 

Further information: 
email:acsw97@mpce.mq.edu.au 
URL: http:/ /www.mq.edu.au/acsw97 

Submission of calendar entries 

First International Conference 
on 

Conventional Knowledge-Based 
Intelligent Systems 

Conference date: 21-23 May 1997 

Venue: Adelaide, Australia 

Deadlines: 

Paper submission 
Workshop proposals 

Further information: 

L.C. Jain 
Electronic Engineering 
University of South Australia 
The Levels Campus 
Adelaide, SA 5095 

31 October 1996 
31 October 1996 

email: ETLCJ®LEVELS.UNISA.EDU.AU 

Calendar entries are published free of charge. Information about conferences, including full name, dates 
(submission dates, notification of acceptance, final version and the actual event dates) together with the contact 
address should be sent to Dr. Dorota Kieronska, Department of Computer Science, Curtin University of 
Technology, Bentley WA 6102, Australia, tel: 09 351 7669, fax: 09 351 2819, email: dorota@cs.curtin.edu.au, 
preferably as plain text files. 

Advertisements 
For details on half-page and full-page advertisements please contact Dr Kieronska at the above address. 
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Austrahan Journal of Intelligent Information Processing Systems (AJIIPS) is published quarterly. The aim of 
AJIIPS is to publish papers describing theory, methods and techniques, applications and tutorial 
presentations in a range of areas relating to computer engineering and computer science. AJIIPS publishes full 
papers, short notes and survey articles. Specific areas include but are not limited to: Artificial Intelligence, 
Artificial Neural Networks, Computer Science, Fuzzy System and Virtual Reality. · 

All submitted papers will be thoroughly reviewed by three international reviewers. Decision as to the 
uitability of the paper will be made by the Editor in Charge on the basis of the reviewers' comments. 

Papers should be clearly presented, consistent with giying proper description of the primary contribution. 
Theory papers should be based on clear, formal foundations; methods and techniques papers should indicate 
the novelty and advantage of the technique; application papers should present appropriate results and 
evaluation of performance; tutorial papers should be dearly presented to a reader with a general background 
in all areas of interest but no prior background in the specific topic. 

Submission of technical papers 

Manuscripts must be written in English. The papers should be original work, not appearing in any other 
Journal, although extended versions of conference papers may be considered. The authors are expected to 
obtain all relevant copyright releases for any copyrighted material included in their paper. The authors have 
to transfer copyright to their articles to AJIIPS when the articles are accepted for publication. 

Potential authors should send to the Editor in Chief 4 (four) copies of the complete manuscript. The paper, 
including an abstract, should not exceed 20 pages. double-spaced, in Times 10 point font. To allow for 
anonymous refereeing, a separate page should be included containing the authors' names, affiliations, 
including email address, manuscript's title and the abstract. Authors' names and affiliations should not 
appear on the manuscript. Submissions by more than one author should indicate the author to whom the 
correspondence will be addressed. Each paper must start with an abstract, no more than 200 words, that 
summarises its content. Immediately following the abstract no more than 5 key words should be supplied for 
subject indexing. The key words should represent the content of the whole article and be characteristic of the 
terminology used within the particular field of study. 

There will be no page charges for published papers. The author will receive two complimentary copies of the 
issue. 

Lover design by Jill Smith, Artist-in-residence, Department of Computer Science, Curtin University of 
Technology, Perth, Western Australia. 
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Manuscript preparation 

At the time of acceptance, the authors will be requested to provide a technical biography and a photograph of 
each author of the paper (except for Short Notes). The final, camera-ready document should conform to the 
presentation standard set out below. The first page should include the title in Helvetica, 18 point, bold, and 
authors' names and affiliation in Times, 12 point, bold and italics (a sample page can be obtained from the 
address below). 

Submissions, in camera-ready form, should conform to the following rules: 

1) laser-printer quality on one side of A4 paper with margins: left and right - 1.8 cm, top - 2.3 cm, bottom - 1.8 
cm. 

2) text should be in Times Roman, 10 point font, in two column layout with 0.63 cm gap 

3) headings should be left-justified and use Helvetica font varying as follows: 

1 Level One Heading - 14 point bold 

1.1 Level Two Heading -12 point bold 

1.1.1 Level Three Heading -10 point bold 

1.1.1.1 Level Four Heading -10 point italics 

4) A short abstract should be provided, 100 - 200 words, in one column, 10 point Times Roman font, in italics, 
with the abstract keywords in bold. Note that short papers (or short notes) require a shorter abstract of up to 
50 words. 

5) Footnotes should be numbered and should appear, in 9 point Times Roman font, at the bottom of 
respective columns. 

6) Standard abbreviations should be used if possible, and nonstandard abbreviations must be defined before 
being used. All units of measurement should be metric. 

7) Originals for illustrations should be clear and of good quality. Figures should use centred captions in 10 
point Times Roman font, with the words Figure 1 in bold (see sample page). Tables should be numbered 
using upper case Roman numerals, with the table heading (in the same format as for figures) appearing below 
the table. 

8) References should appear as the last section at the end of the paper. They should be sorted by author, and 
numbered with Arabic numerals in square brackets [1]- see the sample page. 

Style for papers: author(s) -surname separated by a comma, followed by the initials, title (between double 
quotes), journal title, volume, inclusive page numbers, month and year. 

Style for books: author(s), title, location, publisher, year, chapter or page numbers (as appropriate). 

For further information please contact: 
Professor Yianni Attikiouzel 
Department of Electrical and Electronic Engineering 
The University of Western Austraha 
Nedlands, W A 6907 
Austraha 

tel: 09 380 3134 
fax: 09 3801104 
email: yianni@ee.uwa.edu.au or ajiips@cs.curtin.edu.au 
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