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Preface
In the area of control engineering, it is necessary to work in a continued form in obtaining
new methods of regulation to remedy the problem that already exists or to find better alter‐
natives to which they were used previously.
The economic agents now realize knowledge as an active relavant for the market organiza‐
tion differentiation. This scenario explains the need for systems that assist the user in the ac‐
quisition process and knowledge management. Intelligent systems, known as expert sys‐
tems, serve to this purpose in the extent that they have signed as facilitators in this process.
These are systems that are based on expert knowledge, on any subject, in order to emulate
human expertise in the specific field. To obtain this knowledge, the knowledge engineers,
also called software engineers, need to develop methodologies for intelligent systems. In
this area there is still no unified methodology that provides effective methods, notations and
tools to aid in development. The use of the recommendations helps the designer to interface
with more knowledge giving the possibility to access them in an automated fashion and
with various features, resulting in better recommendations and with best models specified
by users.
In developing of nonlinear expert system simulation models, the proper selection of input
variables is a challenging problem. Therefore, a false combination of input variables could
prevent the simulation model from achieving the optimal solution. The presented methodol‐
ogy in this book is an applicable approach for input variable selection in multi-input simula‐
tors of expert systems.
This book has 5 chapters and explains that the expert systems are products of the artificial
intelligence, branch of computer science that seeks to develop intelligent programs for hu‐
man, materials and automation.
Professor Eng. Petrică Vizureanu, Ph.D.
Director of the Department of Technologies and Equipment for Materials Processing
Faculty of Materials Science & Engineering
"Gheorghe Asachi" Technical University of Iasi
Romania

Section 1

Industrial Applications

Chapter 1

Intelligent Systems for the Detection of Internal Faults
in Power Transmission Transformers
Ivan N. da Silva, Carlos G. Gonzales,
Rogério A. Flauzino, Paulo G. da Silva Junior,
Ricardo A. S. Fernandes, Erasmo S. Neto,
Danilo H. Spatti and José A. C. Ulson
Additional information is available at the end of the chapter
http://dx.doi.org/10.5772/51417

1. Introduction
This chapter presents an approach based on expert systems, which is intended to identify
and to locate internal faults in power transformers, as well as to provide an accurate diag‐
nosis (predictive, preventive and corrective), so that proper maintenance can be per‐
formed. In fact, the main difficulty in using conventional methods, based on analysis of
acoustic emissions or dissolved gases, lies in how to relate the measured variables when
there is an internal fault in a transformer. This kind of situation makes it difficult to de‐
sign optimized systems, because it prevents the efficient location and identification of pos‐
sible defects with sufficient rapidity. In addition, there are many cases where the equipment
must be turned off for such tests to be carried out. Thus, this chapter proposes an architec‐
ture for an intelligent expert system for efficient fault detection in power transformers us‐
ing different diagnosis tools, based on techniques of artificial neural networks and fuzzy
inference systems. Based on acoustic emission signals and the concentration of gases present
in insulating mineral oil and electrical measurements, intelligent expert systems are able to
provide, as a final result, the identification, characterization and location of any electrical
fault occurring in transformers.
With the changes occurring in the electricity sector, there is a special interest on the part of
power transmission companies in improving and defining strategies for the maintenance of
power transformers. However, when a fault occurs in a transformer, it is generally removed
from the system and sent to a maintenance sector to be repaired. With this in mind, some
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feasibility studies have been conducted, aimed at supporting the electrical system in order to
maintain the supply of energy, reducing operation costs and maintenance. Among these
investigations, researches have been accomplished into the identification of internal faults in
power transformers. In this case, the analysis of dissolved gases [1]-[5] and/or of acoustic
emissions [6]-[10] can be highlighted. Within the context of economic viability, it is worth
noting the increasing difficulty of removing an operating power transformer and placing it
under maintenance. Thus, the above techniques, which evaluate parameters or quantities that
indicate the current state of the transformer, have emerged as a more attractive alternative.
Although some papers deal with the development of tools for monitoring sensors [3], very
few papers can be found on the efficient use of both sensor types (dissolved gases and
acoustic emissions) in the same study. This is probably due to the fact that the cost asso‐
ciated with the acquisition of these sensors is very high. Another factor that should be
highlighted is the growing use of intelligent tools for identifying and locating of inter‐
nal faults [1-2, 5, 7].
The increasing use of intelligent tools is due to the fact that conventional techniques are not
always able to achieve high accuracy rates of fault identification. In one of the most out‐
standing studies in the area [1], which makes a comparison between conventional and intel‐
ligent tools, the authors propose a method based on obtaining association rules that perform
the best analysis of dissolved gases and satisfactorily ensure reliable identification of fail‐
ures. The authors compared the proposed technique with other conventional methods (Rog‐
ers and Dornenburg) and intelligent techniques (Neural Networks, Support Vector
Machines and k-Nearest Neighbors). A total of 1193 samples from dissolved gas sensors
were acquired, which were divided into two sets of data in order to evaluate each technique
used, i.e., one for training (1016 samples) and the other for validation (177 samples). After all
training and validation processes had been conducted, the following accuracy rates were ob‐
tained: Artificial Neural Networks (62.43%), Support Vector Machines (82.10%), k-Nearest
Neighbors (65.85 %), Rogers (27.19%), Dornenburg (46.89%) and Association Rules (91.53%).
According to the results, it can be clearly seen that intelligent systems outperform conven‐
tional methods.
In addition to this paper, in [2], the authors make a more detailed analysis of gases. In this
analysis, a total of 10 kinds of fault were considered, namely: partial discharge, thermal fail‐
ures lower than 150°; thermal failures greater than 150° and lower than 200°; thermal fail‐
ures greater than 200° and lower than 300°; cable overheating; current in the tank or iron
core, overheating of contacts; low energy discharges, high energy discharges, continuous
sparkling (a luminous phenomenon that results in the breakdown of the dielectric by dis‐
charge through the insulating oil), and partial discharge in solid insulation. It is worth men‐
tioning that the method applied in this study was based on a fuzzy inference system, which
was tested under controlled fault conditions. Other tests were also realized in Hungarian
substation transmission transformers, where the method performed well against the uncon‐
trolled failure scenarios.
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However, studies [1] and [2] present a gap with regard to internal fault diagnosis for pow‐
er transformers, because they only identify the type of failure and do not locate the parti‐
al discharges.
In order to provide a better fault diagnosis for power transformers, some studies have used
acoustic emissions to locate faults due to partial discharges. Among these investigations, in
[8], the authors propose a geometric analysis of the arrival times of acoustic emission signals
in order to properly locate the sources of partial discharges. In the proposed methodology,
they use both time measurements from sensors and pseudo-measurements, which provide
greater precision in the tracking system of partial discharges.
In the context of these studies, this chapter aims to determine the necessary procedures for
the development of a methodology based on information from sensors for both dissolved
gases and acoustic emissions. The purpose of this methodology is achieve satisfactory re‐
sults for identifying internal faults, and, in the case of faults due to partial discharges, to lo‐
cate them accurately to help in the process of decision-making related to the maintenance of
transmission transformers.
The tasks of identifying and locating internal faults in power transformers are extremely im‐
portant, since they have a very high aggregate cost for purchase and for maintenance. Dis‐
solved gas analysis and the analysis of partial discharges by means of acoustic emission
sensors are essential for maintaining the equipment, and can bring many benefits, such as
reducing the risk of unexpected failures, extending the useful life of a transformer, decreas‐
ing maintenance costs and reducing maintenance time (due to the precise location of the
failure). Furthermore, with the processing of these data by means of intelligent expert sys‐
tems, it becomes possible to provide answers to help in the decision-making process about
the power transformer analyzed.

2. Internal Faults in Transformers
The diagnosis of the status and operating conditions of transformers is of fundamental impor‐
tance in the reliable and economic operation of electric power systems. The aging and wear
and tear of transformers determine the end of their useful life; thus, the occurrence of faults
can affect the reliability or availability of the power transformer. Understanding the mecha‐
nisms of deterioration and having technically feasible and economically viable repair strat‐
egies enables us to correlate faults with the operating evolution of the equipment in service [11].
Many techniques have been proposed to ensure the integrity, reliability and functionality of
power transformers, all of which seek trinomial low cost, efficiency and rapid diagnosis.
Among several techniques available for detecting internal faults in power transformers,
acoustic emission analysis can be highlighted because it is not invasive, allowing analysis to
be conducted on the equipment during normal operation [12].
A power transformer can be affected by a variety of internal faults, such as partial discharge,
electrical arcs, sparks, corona effects, and overheating. Of these, Partial Discharge (PD) can
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be highlighted, since it is directly related to the insulation conditions of a power transform‐
er, which in turn trigger the occurrence of more severe faults. PD in high voltage systems
occurs when the electric field and localized areas suffer significant changes which enable an
electric current to appear [6].
According to [13], PD can be grouped into 8 classes:
• Point to Point discharges in insulating oil: these PDs are related to insulation defects be‐
tween two adjacent turns in the winding of a transformer;
• Point to Point discharges in insulating oil with bubbles: this kind of fault is also caused by
PD between two adjacent winding turns, but the condition of insulation degradation al‐
lows the formation of gas bubbles;
• Point to Plan in insulating oil: defects in the winding insulation system can cause PD be‐
tween it and the grounded parts of the transformer tank;
• Surface Discharges between two electrodes: the most common kind of PD, occurring be‐
tween two electrodes insulated with oil-paper called triple point, where the electrode sur‐
face is in contact with dielectric solids and liquids;
• Surface Discharges between an electrode and a multipoint electrode: the PD relating to
these elements differ from the previous one with regard to the intensity distribution of the
electric field. Both are insulated with oil-paper;
• Multiple Discharges on the plan: multiple damaged points in the winding insulation may
cause PD between it and the grounded parts of the transformer tank;
• Multiple Discharges on the plan with gas bubbles: the PD in this case occurs at various
damaged points in the winding insulation and the grounded parts of the transformer
tank, but in the presence of gases dissolved in insulating oil;
• Discharges caused by particles: in this case, the insulating oil is contaminated with parti‐
cles of cellulose fiber formed by the degradation process of the oil-paper insulation sys‐
tem, due to the aging of the power transformer. Such particles are in constant motion in
the oil, causing PD;

3. Laboratory Aspects for Internal Fault Experiments in Power
Transformers
It is important to specify equipment, methods and parameters, which vary according to the
type of defect that is to be analyzed. In simple terms, the monitoring system can be better
understood through Figure 1.
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Figure 1. Laboratorial setup diagram.

The structures highlighted (inside the black boxes) are those that present the greatest chal‐
lenges for configuration and parameterization, which are entirely dependent on the type of
tests to be accomplished.
The most complete and detailed tests are (given their wide coverage of internal faults) more
complex and expensive due to the various devices necessary used for the fault detection and
location process, because more sensors and also data acquisition hardware are necessary.

3.1. Electrical measurements
Electrical parameters are also necessary for a correct characterization of internal transformer
faults, especially when dealing with systems that require databases for normal operating
conditions and with situations when a system has to be restored following a disturbance.
This is the case of artificial neural networks, which require quantitative data for the learning
process. It is necessary to measure voltages and three-phase primary and secondary cur‐
rents, totaling 12 electrical parameters. The acquisition frequency in this case must not be
high, because the purpose is to investigate the most predominant harmonic components in
the electrical system.

3.2. Acoustic measurements
The acoustic signals are captured by acoustic emission sensors distributed evenly through‐
out the tank, which are externally connected to the power transformer. Such sensors have
several characteristics that require a correct specification:
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• Number of sensors per transformer: The number of sensors needed to detect internal
faults in transformers varies according to the size of the equipment, amount of available
channels and the type of fault to be detected. For the fault location task, for example, it
takes a greater number of sensors, so that the entire volume of the transformer can be
monitored. Thus, a total of 16 to 20 sensors is normally used [14];
• Pre-amplification: This item is extremely important because only the amplified acoustic
signals are sent to the acquisition hardware, which removes extraneous noises;
• Operating frequency: This is strongly dependent on the type of fault to be monitored. Me‐
chanical faults are associated with frequencies ranging from 20 kHz to 50 kHz, while elec‐
trical ones vary between 70 kHz and 200 kHz;
• Resonance frequency: This parameter defines the frequency where the signal gain is maxi‐
mum. For maximum performance, it is necessary for the resonance frequency of the sen‐
sor to be tuned to the phenomenon to be monitored. The most common sensors have a
resonance frequency of 150 kHz.
The experimental apparatus for supporting experiments aimed at testing computer systems
developed for identifying and locating partial discharges in power transformers consists of a
metal tank, in which all the devices responsible for the acquisition of acoustic and electrical
signals are mounted. Figure 2 illustrates a tank specially prepared for this purpose.

Figure 2. Tank for experimental testing.

Figure 3 illustrates the attachment of an acoustic emission sensor mounted on the outside of
the metal tank, whose signals are transmitted via cable to the acquisition system.
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Figure 3. Acoustic emission sensor fixed to the outside of the tank.

Figure 4 illustrates a device made in order to produce partial discharges in the tank. The
mechanism can also be moved within the tank, in all directions, by means of a rail and pul‐
ley system.

Figure 4. Device to produce partial discharges in the tank.

3.3. Measurements of dissolved gases
Measurement of dissolved gases in insulating oil can be acquired from chromatographic
analysis of the oil, which is often performed in the laboratory. However, there are now some
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commercial devices that sense some gases dissolved in the oil. These devices can be used to
monitor a power transformer in real time. It is worth mentioning that, through the analysis
of dissolved gases, it is possible to obtain a first indication of a malfunction, which is usually
related to electrical discharges and overheating.
Figure 5 shows the installation (in the tank) of the gas sensor, which is responsible for ac‐
quiring information on the quantities of gases dissolved in the insulating oil in order to re‐
late them to internal defects.

Figure 5. Gas analysis sensor installed in the experimental tank.

3.4. Equipment for data acquisition
As seen above, the frequencies for electrical signals differ greatly from those found in acous‐
tic signals, whose acquisition hardware can be divided into two according to technical and
financial aspects:
• Hardware for electrical signals: for power quality purposes established in the Brazilian
standard PRODIST [15], the 25th harmonic is the last one of interest. Thus, according to
the Nyquist criterion, a minimal acquisition rate of 3 kHz is required. For electrical pa‐
rameters it is also possible to use hardware with an A/D multiplexed converter, which re‐
duces the cost of equipment;
• Hardware to acoustic signals: one of the factors that make this hardware expensive is the
need to use an A/D converter for each channel. The sources of acoustic emissions also
vary between 5 kHz and 500 kHz, where an acquisition frequency in MHz is necessary.

Intelligent Systems for the Detection of Internal Faults in Power Transmission Transformers
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3.5. Computer for receiving and processing data
The computer is responsible for storing acoustic, electrical and dissolved gas data coming
from the hardware acquisition. The hardware bus speed and the disk storage capacity must
also take into account the amount of planned experiments, although a high performance
disk is unnecessary, since a SCSI bus can be used.
3.6. Analysis and diagnosis
The implementation of this structure is very challenging, because it consists of a combina‐
tion of techniques to efficiently identify and locate faults in power transformers. Among
these techniques, those based on intelligent systems have efficiently increased the perform‐
ance of processes involving the detection and location of faults [13].

4. Data Analysis from Acoustic Emission Signals
Altogether, we collected 72 oscillograph records of partial discharges. Each of these records
depicts a time window of one second. In general, many occurrences of partial discharge are
registered in these time slots.
In addition to this phenomenon, the data acquisition system also recorded mechanical
waves that were used to evaluate the gauging of acoustic emission sensors. These waves are
the result of the break, near the surface where the sensor is installed, of graphite with speci‐
fications given by the manufacturer of acoustic emission sensors. The graphs resulting from
this test are highlighted in Figure 6.

Figure 6. Acoustic emission signal resulting from the gauging process of sensors.
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As shown in this figure, the signal is thus composed of two well-defined moments. The first
of these relates to the instant when there was a mechanical disruption of graphite, while the
second stage is the result of the impact of the pencil with the surface where the acoustic
emission sensor is installed.
Figure 7 shows in more detail the first moment of the mechanical wave in Figure 6, while
Figure 8 illustrates how the mechanical waves are related to the currents resulting from par‐
tial discharges.

Figure 7. Details of the acoustic emission signal resulting from the gauging process of sensors.

Figure 8. Relationship between partial discharge current and acoustic emission waves.
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From Figure 8 we can see that each partial discharge results in a highly correlated mechani‐
cal wave. The graphs shown in Figure 9 highlight this relationship more clearly.

Figure 9. Detail of relationship between partial discharge current and acoustic emission.

Figure 10 illustrates the average frequency spectrum of an acoustic emission signal coming
from a standard partial discharge. Through this frequency behavior, it can be seen that there
is high signal energy at approximately 95 kHz and within the range between 160 kHz and
180 kHz. These values are of great importance in distinguishing partial discharge signals
from other interferences.

Figure 10. Average frequency spectrum of acoustic emission signal coming from a partial discharge.
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In order to verify the behavior of the sensors for the tests, the voltage and current signals are
processed in order to find the frequency response of these devices. In Figure 11 the ampli‐
tude versus frequency for the first calibration test has been recorded. The top of the graph
highlights the energy and voltage signals sampled, and at the bottom there is the amplitude
versus frequency. From the signal analysis it is then possible to observe a maximum re‐
sponse around 400 Hz and 100 kHz.

Figure 11. Frequency response of the acoustic emission signal.

Figure 12. Detail of frequency response of the acoustic emission signal (segment 1).
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In Figure 12, the signals were assigned in segments where the amplitude was more signifi‐
cant for detection purposes, which now represents the presence of different peak amplitudes
at various frequencies.
The energy signal shows an envelope having important information, making clear the dif‐
ferences between the acoustic emission signal and the reflections that are also registered. In
order to better evaluate these peaks, segments of interest were amplified and the frequency
response was recalculated for this section, as reported in Figure 13.

Figure 13. Detail of frequency response of the acoustic emission signal (segment 2).

In the segment highlighted in Figure 12, there is clearly a large concentration of low frequen‐
cies, with maximum amplitude at 10 Hz. In contrast, Figure 13 presents a large concentra‐
tion at 100 kHz and another at approximately 2.5 MHz.
It is worth noting that, in the light of the two analyses, the signal with higher energy, record‐
ed in the first segment, has an extremely low frequency wave. Thus, the propagation veloci‐
ty tends to be higher due to the proximity to the spectrum of mechanical waves. However,
for higher frequencies, typically observed in electromagnetic waves, there is a decrease of
the signal energy, because this wave will suffer large attenuation when propagating through
the insulating oil. Thus, the signal perceived by the acoustic emission sensor has already suf‐
fered severe degradation before being detected. This attenuation phenomenon is of great
importance for the location process of partial discharges when installing more sensors in the
experimental tank. In fact, since the speed of wave propagation in the insulating oil is
known, it is then possible to estimate the location of the source of discharge.
The energy calculation is performed to obtain the full power of a signal. However, some sig‐
nals are negative and therefore a quadratic sum of the sampled points must be calculated, as
shown in the following equation:

15

16

Advances in Expert Systems

E=

N M

åå sinali2, j
i =1 j =1

(1)

where N is the i-th window, and M represents the j-th point of the data window (consisting
of 1101 points per window).
Thus, it may be noted that each data window corresponds to an acoustic emission signal
measured by a given sensor. In this case, 8 sensors are used and, therefore, for each partial
discharge we have 8 data windows. In addition, 10 samples for each partial discharge are
still considered, which were obtained at different moments. Thus, the energy calculation for
each of the 8 acoustic emission sensors is shown form Figures 14 to 21. Moreover, three dif‐
ferent experiments were compared, where there was variation in the depth of the partial dis‐
charges in the oil tank used during the tests.
Experiment 1 represents a partial discharge located at 5 cm from the surface of the insulat‐
ing oil, while experiments 2 and 3 are respectively located at 21.5 and 40 cm from the surface
of the insulating oil.
Experiment 3 also had a small variation in the distance of the partial discharge from the
front of the experimental tank, where it was moved 1 cm with respect to the original posi‐
tion of tests 1 and 2.
It is important to mention that this displacement is made in such away that the partial dis‐
charge of experiment 3 could be detected by sensors closer to the front wall of the tank,
where it was expected that sensors 1 and 2 allocated on the wall would be more sensitive in
experiment 3 rather than in experiments 1 and 2.
From Figures 14 and 15 it is possible to observe the energy response supplied by sensors 1
and 2 (for each of 10 samples), which represents the greatest contribution of experiment 1 in
sensitizing them, while sensor 3 shows an energy response which makes it difficult to define
which experiment caused the highest sensitization (Figure 16).

Figure 14. Energy response calculated for sensor 1 (mounted on the front wall - bottom right) during experiments 1, 2
and 3.
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Figure 15. Energy response calculated for sensor 2 (mounted on the front wall - top left) during experiments 1, 2 and 3.

Figure 16. Energy response calculated for sensor 3 (mounted on the side wall-lower right corner) for experiments 1,2 and 3

The sensor 4 showed an energy response similar to that already shown for sensors 1 and 2
(Figure 17).

Figure 17. Calculated energy response for sensor 4 (mounted on the side wall - upper left) during experiments 1, 2 and 3
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By means of the energy response supplied by sensor 5 (Figure 18) it can be seen that there is
a certain emphasis on the response of experiment 1, but its energy levels are very close to
those of experiments 2 and 3.

Figure 18. Energy response calculated for sensor 5 (mounted on the rear wall - bottom right) during experiments 1, 2
and 3.

The energy response of sensor 6 (Figure 19) in almost all samples presented responses simi‐
lar to those obtained by sensors 1 and 2. However, in the first sample it can be seen that
there are very similar levels of energy in the three experiments, although sensor 6 was a lit‐
tle more sensitive in experiment 3.

Figure 19. Energy response calculated for sensor 6 (mounted on the rear wall - top left) during experiments 1, 2 and 3

Sensor 7 presented the most complex energy response (Figure 20) because its response
was unbiased for most samples. This is one factor that shows the complexity involved in
the treatment of acoustic emission signals, making the application of intelligent systems
very promising.
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Figure 20. Energy response calculated for sensor 7 (mounted on the side wall - bottom left) during experiments 1, 2
and 3

Figure 21. Energy response calculated for sensor 8 (mounted on the side wall - upper left) during experiments 1, 2
and 3.

Finally, sensor 8 presented an energy response (Figure 21) similar to that already obtained
by other sensors, whose higher sensitization was caused by experiment 1.

5. Intelligent Systems
This section provides a theoretical foundation for fuzzy inference systems and artificial neu‐
ral networks, as they are very prominent intelligent tools in the literature.
5.1. Fuzzy inference systems
Systems called fuzzy are built based on the theory of fuzzy sets and fuzzy logic, introduced
by Zadeh in 1965, to represent knowledge from inaccurate and uncertain data. Fuzzy sys‐
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tems consist of a way to make a computational decision close to a human decision. Figure 22
shows a block diagram that expresses, in a simplified form, how a fuzzy system works.

Figure 22. Diagram of a fuzzy inference system.

In the “Fuzzification” block, input values (in this case, information provided by the acoustic
emission, gas concentration and electrical measurement sensors) are provided and condi‐
tioned, becoming fuzzy sets. Similarly, the “Defuzzification” block is responsible for trans‐
forming the outputs of the fuzzy system into non-fuzzy values (i.e., values which indicate
the kind of internal fault and its location). The “Linguistic Rules Base” block has the func‐
tion of storing the linguistic sentences and is fundamental to guarantee good system per‐
formance. The linguistic rules base and membership functions related to the inputs and
outputs can be provided by experts or by automated methods, such as the ANFIS system
(Adaptive Neural Fuzzy Inference System). On the other hand, the “Inference Procedure”
block maps a system by using the linguistic rules. Thus, if rules are combined with input
fuzzy sets acquired by the fuzzification interface, the system is then able to determine the
behavior of the output variables of the system so that they can be defuzzified, generating the
corresponding output to a given input value.
When using a fuzzy inference system, fuzzy rules and sets are adjusted and tuned by expert
information. However, in some cases, because of the complexity and nonlinearity of the
problem, it is necessary to use hybrid systems, such as ANFIS, where adjustments are per‐
formed in an automated manner according to the data set that represents the process. How‐
ever, it is worth mentioning that, regardless of the setting, the whole fuzzy system has
linguistic rules that can be represented as follows:

Ri : IfInput 1is x1andInput 2isx 2
ThenOutputis
yi = a × x1 + b × x2 + c
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Another factor that should be noted is the inference procedure, in which a variety of meth‐
ods can be used. Currently, the most commonly used methods are those of Takagi-Sugeno
and Mamdani.
5.2. Artificial neural networks
Artificial neural networks are computational models inspired by the human brain, which
can acquire and retain knowledge. Among the various neural network architectures, there is
the architecture of multiple layers, called MLP (Multilayer Perceptron). This type of archi‐
tecture is usually used for pattern recognition, functional approximation, identification and
control tasks [16]. The structure of a neural network can be developed according to Fig. 3.

Figure 23. MLP neural network architecture.

As seen in Fig. 3, the neural network structure is basically composed of an input layer, hid‐
den neural layers and an output neural layer. Also, between the layers, there is a set of
weights, which are represented by a matrix of synaptic weights that will be adjusted during
the training phase. It is further worth commenting that, for each of the neurons (hidden neu‐
ral layers and output neural layer), it is necessary to implement activation functions in order
to limit their output. In view of the basic configuration of the MLP neural network, other
factors that should be explored are the training and validation stages.
During the training phase of MLP neural networks, some algorithms can be used. Currently,
the backpropagation algorithm can be highlighted, which uses a descendent gradient calcu‐
lation to reach the best adjustment of the synaptic weight matrix. In addition to the backpro‐
pagation algorithm, the Levenberg-Marquardt algorithm has been widely used because of
its ability to accelerate the convergence process, due to the use of an approximation of New‐
ton's method for non-linear systems [16].
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On the other hand, the validation stage has the purpose of verifying the integrity of previ‐
ously conducted training, so that the learning ability (generalization) of neural networks can
be analyzed.

6. Intelligent Systems Used for the Identification and Location of
Internal Faults in Power Transformers
As already mentioned in Section 1, a wide range of papers may be found in the literature,
which are concerned with the identification and location of internal faults in transformers.
However, there are very few papers which use intelligent systems applied to the same pur‐
pose, also taking into account experiments with acoustic emission sensors, electrical meas‐
urements and dissolved gases.
Among the most prominent papers found in the literature, we can highlight a few that use
fuzzy inference systems and artificial neural networks for the analysis of dissolved gases [2,
17-19] and, for decision making, data from acoustic emission sensors [13].
As may be observed in papers [2, 17-18], which have fuzzy systems applied to the analysis
of dissolved gases, the only notable difference lies in the fact that each one proposes differ‐
ent input variables to solve the problem and also different classes of faults. Thus, each paper
has different settings of rules and of discourse universes for each input variable.
Therefore, a task of great importance is analyzing dissolved gases is the data preprocessing
step, where the most relevant variables are obtained to characterize internal faults in power
transformers.
As for those papers that analyze acoustic emission data, they typically employ conventional
techniques [6-10]. However, the authors in [13] perform a series of experiments with partial
discharges in insulating oil. However, these tests are not performed in order to apply the
methodology to power transformers, but rather to identify partial discharges in any envi‐
ronment where oil is the insulator. Therefore, in order to identify the partial discharges, the
authors use a MLP artificial neural network with backpropagation training, where the accu‐
racy rates were above 97%.
Following the above context, it appears that the development of a method for identifying
and locating internal faults in power transformers requires a number of steps, which are set
out below:
• Allocation of sensors (acoustic emission and dissolved gases);
• Acquisition of data from sensors in accordance with the requirements commented upon
in Section 3;
• Data preprocessing stage (definition of the most relevant variables and application of oth‐
er necessary tools);
• Training or tuning of intelligent systems;
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• Data validation (use of other data than those used in training/tuning stage);
• Performance analysis of the methodology in relation to other methodologies found in the
literature.
It is worth mentioning that, out of the 6 steps mentioned above, most attention should be
given to the allocation and acquisition of data, because bad data acquisition can affect the
whole process of identifying and locating faults. It is also important to emphasize that the
calculations made during the preprocessing of the signals was devised in order to extract
the characteristics that best represent the positioning of the partial discharge in relation to
the acoustic emission sensor. However, for this first stage of testing the expert system and
the hardware used in the acquisition of the signals, we used the experimental tank.
In order to better represent the embedded software, a block diagram detailing the calcula‐
tions to be performed by the software is set out below (Figure 24).

Figure 24. Overview of the embedded software.

As can be seen in Figure 24, it may be noted that the embedded software, after obtaining the
acoustic signal, applies some computations in order to extract the characteristics that may
represent the signal appropriately. Through these features, the expert system is able to dis‐
tinguish these signals and to locate the source of partial discharges.
In this context, during the preprocessing step of the signs, the following calculations are
performed: RMS, Energy, Length, Amplitude, Rise Time and Threshold. Finally, after ob‐
taining the signal characteristics, they are sent to the computer through a USB (Univer‐
sal Serial Bus).
Upon receipt of these data, the expert system is then responsible for providing information
regarding the location of any partial discharge in the transformer. In order to better repre‐
sent the overview of expert system, a block diagram is shown in Figure 25. In this figure, it
may be noted that, after the received data concerning the characteristics commented upon
previously, these are provided as input to the expert system.
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Figure 25. General diagram of the expert system.

In Figure 25 we can also observe that the expert system is composed of intelligent tools, such
as artificial neural networks and fuzzy inference systems, which aim to locate partial dis‐
charges. Upon locating a partial discharge in transformer transmission, the operator may
submit the equipment for maintenance (if necessary). Thus, the intelligent system here has
the function of assisting the decision-making of the electric utility.

7. Conclusion
The tasks of identifying and locating internal faults in power transformers are extremely
necessary, since this is one of the pieces of equipment that has the highest aggregated cost
for both its purchase and maintenance.
Therefore, dissolved gas analysis and the analysis of partial discharges by means of acoustic
emission sensors are essential for maintaining the equipment, which brings many benefits such
as reducing the risk of unexpected failures and unscheduled downtime, extending transform‐
er working life, reducing maintenance costs and minimizing maintenance time (due to fail‐
ure location). Furthermore, processing this data by means of intelligent systems makes it
possible to provide answers to help in decision-making about the analyzed power transformers.
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1. Introduction
In the last decades there has been a gradual increase of the industrial park in several coun‐
tries which demands energy, especially electric power. This situation caused a considerable
expansion of the sector responsible for generation and distribution of electric power in a
very short period of time. The rapid expansion caused a significant increase of generation
sources and of distribution branches of electric power which originated enormous and com‐
plex agglomerates with interconnections among themselves and with a certain degree of de‐
pendence and vulnerability.
This complexity of electric power systems brought up technical needs and technological
challenges in order to obtain efficient methods to monitor the variables of the electric quanti‐
ties which express the operational normality state of the networks. Together with the need
of energy production the priority, the sentiment of priority given to the extraction forms and
the correct usage of energy by mankind came up. This sentiment brought up new public
policies of generation and distribution of electric power. Currently, the laws concerning this
issue have concentrated on the supervision of the concessionary companies which are re‐
sponsible for the provision of electric power, making sure that these companies offer energy
with a high-quality level to the consumers. Besides these obligations, the utilities companies
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also have the need of markets and because of that they have big interest in the moderniza‐
tion of the management, monitoring and control of their power systems. Due to these facts,
a huge effort and investment of the concessionary companies in the research are which deals
with the quality of electric energy offered to consumers has been verified [1].
One of the indexes which measure the quality of electric power offered to consumers is ob‐
tained by the number of outages or failures in the energy distribution of the electric power
system (and time length) in a certain period of time. When an electric power system is over‐
loaded, it is possible that its equipments may be disconnected by relays which act as protec‐
tion, causing the interruption of electric power in certain areas covered by its transmission
networks.
That being so, it is very important to research new methods that effectively evaluate the
state of outage risk due to overloads in the system because it is extremely important, in or‐
der to decrease indexes of energy interruption to consumers, to manage the power loads
with permanent monitoring of the distribution lines of electric power. However, in the case
of an interruption, it is also fundamental to make decisions quickly and safely in order to
reconnect systems after an outage.

1.1. Electric Power System Overview
A typical electric power system can be divided in generation and systems of transmission,
sub-transmission and distribution. The transmission system interconnects generating sta‐
tions to large substations located near load centers generally using aerial electric transmis‐
sion lines. The sub-transmission system distributes energy to an entire district and usually
uses aerial electric transmission lines. The distribution system transports energy from the lo‐
cal substation to individual houses, using aerial or underground transmission lines [7]. A
typical electric power system can be seen in Figure 1.

Figure 1. Simplified picture of a typical electric power system.
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A typical transmission system has three phase conductors to take the electric current and
transport power. Each phase of the transmission line is built with two, three or four parallel
conductors separated approximately by 1.5 ft (0.5 m) [3][7].

1.2. Main Problems of an Electric Power System
It is well known that operation failures in an electric power system are unavoidable and
there are a large number of reasons why these interruptions happen. This situation is due to
the natural conditions of an electric power system in which failures may happen because of
internal or external causes, such as consequences of environmental physical phenomena
which are beyond the physical specifications of the electric systems or even human error [3].
There also is a fundamental limitation on the electricity distribution: with few exceptions,
electric power cannot be stored which means that it must be generated as it is demanded.
That being so, an electric power system must provide electric power with safety and with
acceptable tolerance ranges either for a normal load or for a demand condition of maximum
load or of peak [1][2]. Since the demand periods of peak load, due to the several types of
industry or to different types of housing, are different from region to region, this natural
condition of electricity brings up a problem of generation control and transmission.
In certain regions industries can be more productive in certain times of the day and show a
drop in demand because of lunch time, so the demanded energy has variations during the
day. In highly densely populated regions where there is a lot of night life businesses, the en‐
ergy demand is larger in the evening and also depends on the day of the week and even on
the season of the year.
Besides this problem particular to each industrial park or city, another factor to consider is
the climate of the region where these industries or residences are located. In regions with very
hot weather, turning on air conditioning system in the hottest period of the year, the ener‐
gy demand values are higher in the late afternoon. For regions with very cold weather the en‐
ergy demand has different effects on the global load of the electric power system because in
the coldest period of the year heaters are turned on in the morning and in the evening.
These situations of difficult control makes power or demand for electric energy vary and be‐
sides, the capacity of a transmission line to transport electric power is limited by physical
and electrical parameters of its conductors. In order to avoid interruptions these conductors
of electric energy in any load conditions must be sufficient to respond to the demand within
limits such that their safety relays will not be activated.
Transmission lines are subject to environmental adversities including large temperature var‐
iations, high winds, storms, etc. Thunders that fall on transmission towers cause high vol‐
tages and propagating waves in the transmission lines which usually cause the destruction
of isolators and as a consequence of that the protection relays interrupt the power transmis‐
sion through the networks [7].
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1.3. The voltage variation and Overcurrent as Overload Risk Factors
According to what was seen, in an electric power system the loads represented by the elec‐
tric power consumers, such as electric machines of industries, lighting systems, heating de‐
vices of residences and refrigeration systems of businesses, are not static. They are
constantly changing, being turned on and off with value variations which may lead to over‐
load. The overloads are outage risks for the whole system because it increases the intensity
of the electric current (overcurrent) in the lines and can heat the conductors, increasing their
temperature and causing permanent damage with the interruption of energy transmission.
The existence of load variations requires precise equipments which adjust the voltage in the
line, because the overload causes the voltage outage. The voltage variation can aggravate
the electric power system state with emergence of large intensities in distribution branches.
Because of that, the decrease value or the voltage outage (under-voltage) and the intensity
value of the electric current (overcurrent) are two important risk factors to the monitoring of
transmission lines of electric power. That being so, the monitoring of the ranges of voltage
outage and of maximum current of an electric power system are used as a diagnosis of over‐
loads. In order to increase the quality index these two factors must be constantly monitored
because if they both are out of the ranges specified in their projects the possibility of discon‐
nection of the electric power system will be higher.

2. Artificial Intelligence and Electric Power Systems
Artificial intelligence techniques have become necessary to procedures of monitoring, man‐
agement and control of electric power systems. The current expansion of electric power sys‐
tems is physically verified by the increase of branches and by the way distribution lines are
installed: generators and loads are interconnected with the distribution lines through multi‐
ple paths (radial form) and in ring among them. This technique increases the confidence in‐
dex on the system because the failure of one line does not cause a total failure of the system
and can provide the transmission of electric power from other of its branches. Every new
technique offers certain advantages, however when a new technique is implemented, there
is an increase of the complexity of the electric power system. Because of that there is the
need of an efficient protection in which the sector responsible for the energy transmission
and distribution as well as the generating sector are controlled in a quick and efficient way
in order to keep the power generated according to the charges required. That said so, energy
generation must be kept according to the conditions established by the load and comply
with the conditions in which the protection systems are capable of prevent failures of the
generation equipment due to possible overloads [3][7].
Recently, new techniques from artificial intelligence (AI) made possible to connect multiple
generating sources of electric power as well as loads to the transmission system. However,
although all these new factors make access easier, they may cause problems by destabilizing
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the system, which requires a sophisticated AI based control to assure capable and efficient
control of the generation according to the demand. These actions which modify the opera‐
tional state of the electric power systems at any time must be controlled in order to provide
power transference in a safe and coordinated way.
Nowadays, the software SCADA is installed in the electric power systems. SCADA stands
for Supervisory Control and Data Acquisition and provides in real-time large amounts of in‐
formation about values related to electric quantities of the electric power system which can
be obtained from points of the transmission network. Such quantities are, for example, volt‐
age, current and potency. The information obtained by the SCADA system are used as input
for the analysis systems and decision-making [1][8][9]. However, due to the large amount of
information received by the control centers, interference and natural failures in the synchro‐
nization of the transmission, it is not always that the information brought for analysis by
SCADA are complete. Because of that, a databank is created and contains ambiguous, vague
and contradicting data. Due to the nature of these data a human operator could be led to
make false interpretations or even make wrong decisions which could lead to huge losses
and delay of the system restoring [1] with damage to the quality index desired. That being
so, it became very urgent to have computational treatment with expert systems dedicated to
interpretation, data analysis and the presentation of suggestions as a way of supporting the
operation of electric power systems.

2.1. Expert Systems structured in non-classical logics
Artificial Intelligence research oriented to electric power systems has as its goal to find ways
of designing new computational tools for the support of decision-making of the team re‐
sponsible for the correct operational action. However, due to the large number of electric
keys (breakers that modify the system’s topology), to variations on the values of loads and
to other several factors inherent to an electric power system, there are many difficulties to
find efficient ways. The methods which use conventional binary classical logics to analyze
data from the electric power system with the capability of offering suggestions for the opti‐
mized restoring after a failure has not provide good results. One of the difficulties found in
the design of models based in classic logics is its condition of being defined by rigid binary
laws which lead to equations which are extremely complex to reproduce models. Besides,
these equations almost always lead to a combinatorial explosion. Due to this aspect, in this
area of artificial intelligence, projects designed with the goal of analysis and decision-mak‐
ing based in classic logics has found many difficulties. It is verified that the low efficiency
showed by these projects which use classic logics comes up when a large amount of data has
to be computed. These data almost always have redundancies which bring up incomplete‐
ness and contradiction invalidating important information for the analysis. Some classic
works use complex algorithms with good results but the computation time is very high
making the response time long which is unfeasible in real conditions where an electric pow‐
er system always demands quick and direct actions in order to avoid bigger damages.
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2.2. Expert Systems Based on Paraconsistent logics
These problems found in classical projects lead to the conclusion that the algorithms based
on the concepts of non-classic logics may show a better efficiency in the design of expert sys‐
tems dedicated to the analysis and treatment of uncertain data originated in complex data‐
banks such as the one of an electric power system.
Based on these considerations we introduce in this paper a paraconsistent expert system
(PES) with algorithms based on the theoretical concepts of the Paraconsistent logics (PL)
which is a non-classic logics whose main basic theoretical features is, under certain condi‐
tions, to accept contradicting values so that the conflict does not invalidate the conclusions
[5][9][10].
The paraconsistent expert system (PES) introduced in this work has the role of performing
the analysis of the information coming from the electric power system in the sector of ener‐
gy sub-transmission treating possible contradictions in the information signals. Through the
analysis of values of voltage and electric current and the consideration of the states of con‐
nection or disconnection of the electric keys in the substations, PES informs about the risk
conditions of overload and about the different configuration topologies of the electric power
system.
When a failure, that triggers the interruption of the transmission of energy, happens, PES
informs the operators of the sub-transmission system how to proceed with the actions for
the restoring in an optimized way. Given the real-time monitoring, the analysis that PES
performs is based on data before the occurrence of the failure, which allows PES to indicate
the best and most efficient sequence of connecting electric keys in the interrupted section.
The actions indicated by PES take into consideration the restrictions of load, technical and
safety norms due to the conditions imposed to that particular situation.

3. Paraconsistent Logics – Equations and Algorithms
Aristotelian or classic logics are called so due to its origin being attributed to Aristotle and
his disciples, and its foundations are supported by strict binary principles which can be con‐
cisely described by: principle of identity, principle of bivalency, principle of non-contradic‐
tion and principle of the excluded middle. Basically, all current technology is built based on
the principles of the classic logics. However, due to its binary foundations, it cannot be ap‐
plied or cannot offer satisfactory responses in some real situations such those where incom‐
pleteness and contradiction are expressed.
In order to overcome these difficulties and fulfill the need of satisfactorily model certain con‐
ditions of the real world, several logics, which reject some of the classic principles or which
accept certain conditions not included in the classic logics, have appeared recently. The spe‐
cial logics are called non-classic and among them there is the paraconsistent logic (PL) which
has the main property of being capable of accepting contradiction in its foundations.
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3.1. Paraconsistent Annotated logics - PAL
Among the several families of paraconsistent logics there is the logics called paraconsistent
annotated logics (PAL) [5] which belongs to the class of evidential logics and allows analysis
of signals represented by annotations [5][9][11]. In its representation each annotation µ be‐
longs to a finite lattice τ which assigns values to its corresponding propositional formula P.
For the PAL each evidence degree µ from its representing lattice, whose value varies from 0
and 1 in a closed interval of real numbers, assigned to the proposition P a logical state repre‐
sented on the vertexes. By means of a special logical operator, the interpretations on the lat‐
tice of the PAL allow the creation of equations which provide algorithms for the
paraconsistent analysis with evidence degrees extracted from real physical systems.
3.2. Paraconsistent Annotated logics with Annotation of two values - PAL2v
The paraconsistent annotated logics with annotation of two values (PAL2v) is an extension
of the PAL and to each propositional formula P is assigned an annotation given by two evi‐
dence degrees as follows:
An evidence degree (µ) which is favorable to proposition P and an evidence degree (λ)
which is unfavorable to proposition P.
The annotation composed by two evidence degrees (µ,λ) gives proposition P a connotation of
paraconsistent logical state ετ which can be identified on the extreme vertices of the lattice: in‐
consistent (⊤), true (t), false (F) or indeterminate (⊥ ) [9]. That being so, in the representation of
the PAL2v, a paraconsistent logical signal is represented by proposition P and its annotation,
which is composed by two evidence degrees, such that: P(µ,λ) with µ, λ ⊂ [0,1] ∈ℜ.
3.3. The Equations of PAL2v
The PAL2v can be studied with the unitary square of the Cartesian plane (USCP) as shown
in Figure 2 where, through linear transformations, values on the two representing axes of a
lattice similar to the one associated with the PAL2v.

Figure 2. Lattice of four Vertexes.
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Doing so, we can write paraconsistent equations on the lattice in which terminologies and
conventions are established [5] around paraconsistent logical states attributed to proposition
P. After the expansion actions with intensity 2, rotation of 45o with respect to the origin and
translation along the vertical axis, the linear transformation is defined by:
T(X,Y) = ( x − y,

x + y − 1)

(1)

According to the language of the PAL2v we have:
x = µ is the Favorable evidence Degree
y = λ is the Unfavorable evidence Degree.

Figure 3. a) Unitary Square in the Cartesian Plane (USCP). (b) Lattice κ with another system of coordinates with values.

The first coordinate of the transformation (1) is called Certainty Degree DC.
DC = µ − λ

(2)

The first coordinate is a real number in the closed interval [-1,+1]. The x-axis is called “axis of
the certainty degrees”.
The second coordinate of the transformation (1) is called Contradiction Degree Dct.
Dct = µ + λ − 1

(3)

The second coordinate is a real number in the closed interval [-1,+1]. The y-axis is called
“axis of the contradiction degrees”.
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3.4. The Paraconsistent States Logic ετ
Since the linear transformation T(X,Y) shown in (1) is expressed with evidence Degrees µ
and λ, from (2), (3) and (1) we can represent a Paraconsistent logical state ετ into Lattice τ of
the PAL2v [3], such that:
ετ (

µ,λ)

= (µ − λ, µ + λ − 1)

(4)

or
et ( μ,λ ) = ( DC , Dct )

(5)

where: ετ is the Paraconsistent logical state.
DC is the Certainty Degree obtained from the evidence Degrees µ and λ.
Dct is the Contradiction Degree obtained from the evidence Degrees µ and λ.
Since the Paraconsistent logical state ετ can be anywhere in the lattice τ, the real Certainty
Degree DCR can be obtained as follows:
For DC > 0 we compute:
DCR =1 (1- | DC |) 2 + Dct 2

(6)

DCR = (1- | DC |) 2 + Dct 2 - 1

(7)

For DC < 0 we compute:

where: DC = f (µ,λ)and Dct = f (µ,λ)
For DC=0 we consider the undefined Paraconsistent logical state with: DCR =0.
We compute the resulting evidence Degree which expresses the intensity of the Paraconsis‐
tent logical state ετ by:
µER(µ,λ) =

DCR + 1
2

where:
µER(µ,λ)is the resulting evidence Degree in function of µ and λ.
DCRis the real Certainty Degree (6) or (7).

(8)
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Figure 4. Representation of a Paraconsistent Logical State in to Lattice.

3.5. Algorithms of the Paraconsistent Logics
With the considerations here presented we can compute values using the equations ob‐
tained from the analysis and interpretations of the paraconsistent logics PAL2v where a par‐
aconsistent analysis system receives information signals in the form of values of evidence
degrees which vary from 0 to 1.
Through the algorithms, a paraconsistent analysis system can be built and it is capable of
offering a satisfactory response from information extracted from the databank of uncertain
knowledge. In this work we use 3 types of algorithms based on the PAL2v according to the
following descriptions.
3.5.1. Evidence Degree Extracting Algorithm
The paraconsistent system for treatment of uncertainties may be used in many fields of
knowledge where incomplete or contradictory information will receive an adequate treat‐
ment through the equations of the PAL2v. For this, the signals which will represent the evi‐
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dence in relation to the proposition in analyses must be normalized and all the processing
will be done in real closed interval between 0 and 1 [9].
This process for modelling the evidence degrees with linear variation can be made in its
simpler form with the algorithm that will be described in the next section [13-15].

Figure 5. Graphical representation of the extraction of the Evidence Degree Algorithm - with characteristics of directly
proportional variation.

3.5.2. Algorithm for Modelling/extraction of Evidence Degrees (Inputs of the PAL2v Algorithm)
3.5.2.1. Present the Maximum boundary-value to form the Discourse Universe.

Valuemax = ....................

(9)

3.5.2.2. Present the Minimum boundary-value to form the Discourse Universe.

Valuemin = ......................

(10)

3.5.2.3. Present the Value Measured of the Physical Quantities.

ValueQuantities X = ..........................
Obs: In real Physical System this value is obtained from measurements in sources of information.

(11)
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3.5.2.4. Calculate the Favorable Evidence Degree μ through the equations:

m( x )

ì ValueQuantities X - Value min
ï
Value max - Value min
ï
ï
if ValueQuantities X Î [Value min ,Value
=í
ï 1
if ValueQuantities X ³ Value max
ï
ï 0
if ValueQuantities X £ Value min
î

max

]

(12)

3.5.2.5. Calculate the Unfavorable Evidence Degree λ by Complement of the Favorable Evidence Degree.
λ( x ) = 1 − μ( x )

(13)

3.5.2.6. Provide the outputs.
For information source 1: Do: μ = μ( x )
For information source 2: Do: λ = λ( x )
3.5.2.7. End.
Depending on the proposition to be analyzed and on the physical properties of the quanti‐
ties from which the evidences are extracted, the variation between the maximum and mini‐
mum values at the extraction of the evidence degrees can be different such as: linear and
inversely proportional characteristic, exponential characteristic, logarithmic characteristic,
etc. In these cases, the equations of item 3.5.2.4 are modified according to the mathematical
equation of the variables which express the characteristic line or curves used in the dis‐
course universe.
3.5.3. Algorithm of paraconsistent analysis
The main PAL2v Algorithm used in paraconsistent analyses is the PAN- Paraconsistent An‐
alyzer Node. In an Intelligent system that works with Paraconsistent Logic some PANs are
linked forming uncertainty analysis networks (PANnet) for signal information treatments
[14][15][16].
3.5.3.1. Paraconsistent Analysis Node - PAN
The element capable of treating a signal that is composed of one degree of favorable evi‐
dence and another of unfavorable evidence (µ1a, µ2a), and provide in its output a Resulting
Evidence Degree, is called basic Paraconsistent Analysis Node (PANb).
Figure 6(b) shows the representation of a PANb with two inputs of evidence degree:
µ1 = favorable Evidence Degree of information source 1.

Electric Power System Operation Decision Support by Expert System Built with Paraconsistent Annotated Logic
http://dx.doi.org/10.5772/51379

λ = unfavorable Evidence Degree, where: λ = 1 – µ2
µ2 is a favorable Evidence Degree of information source 2.

Figure 6. Finite Lattice of PAL2v and Symbol of the Paraconsistent Analyzer Node - PAN.

A lattice description uses the values obtained by the equation results in the Paraconsistent
Analyzer Node Algorithm [3][13][14] that can be written in a reduced form, as follows:
1. Enter with the input values.
µ */ favorable evidence Degree 0 ≤ µ ≤ 1
λ */ unfavorable evidence Degree 0 ≤ λ ≤ 1
2. Calculate the Contradiction Degree.
Dct = µ + λ − 1

(14)

DC = µ − λ

(15)

3. Calculate the Certainty Degree.

4. Calculate the distance d of the Paraconsistent logical state into Lattice.
d =(1 | DC |) 2 + Dct 2

5. Compute the output signal.

(16)
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If d≥1 Then do S1= 0.5: Indefinite logical state and go to the steep 10
Or else go to the next step
6. Calculate the real Certainty Degree.
If DC> 0 DCR= (1 – d )
If DC< 0 DCR= (d – 1)
7. Present the output.
Do S1 = DCR
8. Calculate the real Evidence Degree.
μ ER =

DCR + 1
2

(17)

9. Present the output.
Do S1 = µER and S2= Dct
10. End.
The Systems with the Paraconsistent Analysis Nodes (PAN) deal with the received signals
through algorithms, and present the signals with a real evidence Degree value in the output
[3].
3.5.4. Paraconsistent Algorithm Extractor of Contradiction Effects – ParaExtrctr
The Paraconsistent Algorithm Extractor of Contradiction effects (ParaExtr ctr) is composed by
connections among PANs. This configuration forms a Paraconsistent Analyze Network ca‐
pable to extract the effects of the contradiction in gradual way of the signals of information
that come from Uncertain Knowledge Database.
The hypothesis of extraction of the effects of the contradiction has as principle that; if the
first treated signals are the most contradictory and then the result of the paraconsistent anal‐
ysis will converge for a consensual value.
In his typical operation the ParaExtr ctr receives a group of signals of information represented
by Degrees of Evidence (µE) the regarding certain proposition P and, independently of other
external information, it makes paraconsistent analysis in their values where, gradually, it is
going extracting the effects from the contradiction to remain as output a single resulting Re‐
al Evidence Degree µER. The µER is the representative value of the group of input signals af‐
ter the process of extraction of the effects of the contradiction.
The figure 7 shows the representation of the algorithm Extractor of Contradiction effects
that uses a network of three PANs.
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Figure 7. Paraconsistent Algorithm Extractor of Contradiction effects (ParaExtrctr).

The description of the ParaExtr ctr Algorithm is shown to proceed.
1. Present n values of Evidence Degrees that it composes the group in study.
Gµ= (µA, µB, µC,..., µn )

*/Evidence Degrees 0 ≤ µ ≤ 1*/

2. Select the largest value among the Evidence Degrees of the group in study.
µmaxA= max (µA, µB, µC,..., µn )
3. Consider the largest value among the Evidence Degrees of the group in study in favorable Evidence
Degree.
µmaxA= µsel
4. Consider the smallest value among the Evidence Degrees of the group in study in favorable Evi‐
dence Degree.
µminA= min (µA, µB, µC,..., µn )
5. Transform the smallest value among the Evidence Degrees of the group in study in unfavorable
Evidence Degree.
1 – µminA= λsel
6. Make the Paraconsistent analysis among the selected values:
µR1 = µsel ◊ λsel

*/ where ◊ is a paraconsistent action of the PAN */
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7. Increase the obtained value µR1 in the group in study, excluding of this the two values µmax
and µmin, selected previously.
Gµ= (µA, µB, µC,..., µn, µR1) – (µmaxA, µminA)
8. Return to the item 2 until that the Group in study has only 1 element resulting from the
analyses.
Go to item 2 until Gµ = (µER)

4. The Paraconsistent Logical Model of The Expert System (PESPAL2v)
An expert system is designed and developed to attend a certain and limited application of
human knowledge. Moreover, equipped with an information base, it must be capable of
providing a decision based on justified knowledge. Doing so, the algorithms which compose
the computational programs of the expert system need to represent knowledge from the do‐
main they have to analyze and assist the user in solving problems.
The precision of the results depends on the capability of knowledge acquisition and trans‐
ference methods of this information through a computational language which can be ac‐
cordingly treated and on returning a consistent response.
Following this model, the application of the paraconsistent logics PAL2v in the analysis of
electric power systems is done with the reception of data corresponding to the values of
voltage and current captured by the SCADA system where they are normalized in order to
be adjusted to the concepts of the PAL2v. These signals receive adequate treatments by the
PAN algorithms in their normal configuration or interconnected, composing networks of
blocks which extract the contradiction effects building a paraconsistent logical model related
to the risk state of overload on the system.

Figure 8. Paraconsistent logical model composed by risk evidence degrees obtained with values of current and volt‐
age captures in the real electric power system.
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According to the paraconsistent expert system (PESPAL2v) the real electric power system in
operation owns its paraconsistent logical model based on evidence degrees whose proposi‐
tions are related to states of outage risks by overloading.
Figure 8 shows the paraconsistent logical model composed by risk evidence degrees config‐
ured by the real electric power system.
4.1. Contingency Analysis for Electric Power Systems Using Paraconsistent Logics
The operation of the PESPAL2v starts when there is the occurrence of a contingency or failures
with electric power outage. This is when the algorithms of the Paraconsistent Expert System
receive data for analysis of pre-failure states which were stored in the SCADA system data‐
base. This allows the PESPAL2v to check the risk degrees of overloading with measures of
voltage and current before the occurrence. The verification of the resultant evidence degrees
detects with a certain evidence degree which branch of the power network had a high over‐
loading degree risk before the occurrence.
This pre-failure analysis offers conditions such that at the time of contingency we can com‐
pare the obtained evidence degree of overloading risk with the risk state that the system had
in the condition previous to the event. So, it is possible, through the results from the compa‐
rative analysis between the two moments and the condition of the topology of the electric net‐
work in its area affected by the contingency that the PESLPA2v can do the most convenient
adaptation of maneuvers to be applied to the optimized restoring of the electric power system.
According to the results of the comparisons among the evidence degrees of overloading
risk, the analysis of the paraconsistent expert system PESPAL2v will suggest control actions to
the restoring of the electric power system based in three states of the sub-transmission sys‐
tem [13].
These analysis procedures can be seen on Figure 9.

Figure 9. Flowchart of the analysis states in the process.

45

46

Advances in Expert Systems

1.

Pre-failure – consists in the analysis of the sub-transmission system in operation.

2.

Post-failure – consists in the analysis of the sub-transmission system at the instant of the
contingency.

3.

Restoring – consists in the analysis of the sub-transmission system after the contingen‐
cy.

4.1.1. Propositions Used in the Paraconsistent analysis
The paraconsistent analysis in the PESPAL2v is based on the configurations of the PANs where
the paraconsistent logical signals are extracted from measured values of voltage and electric
current. The PAL2v analysis is performed with applied paraconsistent logical signals with
annotations composed of evidence degrees related to 5 partial propositions.
The two first analyze the tension outage and overcurrent at the measurement points and
generate evidence degrees related to the existence of overloading in the sub-transmission
network. They are:
Pp1: There is overcurrent in the electric power network
Pp2: There is sub-voltage in the electric power network
Next, through the PANs algorithms, the paraconsistent analysis with the degrees of subvoltage and overcurrent generated by this initial analysis which result evidence degrees,
now related to the annotation of the object proposition:
Po: There is the risk of drop by overload in the electric power network.
For the decision-making about the optimized restoring of the sub-transmission system after
a contingency, PESPAL2v still analyzes other two propositions related to the restrictions and
the topology of the power network:
Po1: There are restrictions of loads in the electric power network.
Po2: The network topology is ideal for the current situation.
That being so, the sequence of maneuvers which are offered to the operation will be condi‐
tioned directly to the configuration of topologies, technical norms and restrictions which in‐
volve the area of the sub-transmission system of the power network affected by the
contingency.
The classification performed by the paraconsistent analysis network (PANet) generates a re‐
sulting evidence signal whose value will define the type of operation and sequences of re‐
storing closest to the ideal, given the conditions of the sub-transmission system.
Figure 10 shows the pre-failure analysis with its partial propositions which generate the evi‐
dence degrees for its object proposition and whose result will be used for the post-failure
analysis.
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Figure 10. Representation of the pre-failure analysis with its partial prepositions which generate evidence degrees for
the post-failure analysis.

5. Project of the Paraconsistent Expert System - PESPAL2v
The project of PESPAL2v starts with the definition of the methods of acquisition of data
through the evidence degree extracting algorithms with the goal of generating the paracon‐
sistent logical signals for the analysis network composed of algorithms based on the PAL2v.
5.1. Acquisition of Measurements
The first task to be performed by the paraconsistent expert system PESPAL2v is the acquisition
of values of measurements performed in the system so that the overload risk levels can be
detected. For this purpose, we use the data available in the SCADA (Supervisory Control
and Data Acquisition) system which, in this phase, has to receive several types of measure‐
ments from the field.
The SCADA system is responsible for the interface between the measurements of electric
quantities and the communication network interconnected to the analysis systems.
5.1.2. Block Diagrams of Primary Signals
The measurements required by SCADA and stored into database are performed by the re‐
mote stations RTU (Remote Terminal Units) and / or by signal capturing devices IED (Intel‐
ligent Electronic Devices). In the practice due to the unbalancing of loads, errors in
measurements performed by SCADA and other factors which influence the electric system,
it is verified that the amplitude values of quantities of interest (voltage and current) are dif‐
ferent among the three phases of the transmission line.
This condition shows that the measured values bring contradiction levels among them right
from the origin. So, in order to obtain reliable values in the signal treatment of the Paracon‐
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sistent Expert System -PESPAL2v, the primary values receive an initial treatment of contradic‐
tion extraction.
Considering this condition, the extracting block of primary signals uses algorithms capable of
extracting evidence degrees and of extracting contradiction effects, as shown on Figure 11.

Figure 11. Block diagram which extracts primary evidence signals related to the sub-voltage and overcurrent on the
measurement point.

The maximum and minimum values of the discourse universe of the evidence degree ex‐
tracting algorithm are particular to each load connected to the corresponding breaker at the
substation of the electric power transmission line.
The evidence degree extracting system receives the three values of voltage (or current) cor‐
responding to the three phases of the line (RST) which are transformed in evidence degrees
by a normalization defined by the interest interval or discourse universe. After this first
process, the three resulting values pass through a contradiction effect extracting algorithm
which outputs a unique resulting evidence degree.
5.2.3. Evidence Degree Extraction at an Operating Substation
PESPAL2v’s project was carried out in order to perform analysis of overload risks through the
applications of the algorithms of the PAL2v on monitoring essential points available at the
operating substations of the sub-transmission electric system.
The buses that interconnect the several equipments installed at a substation such as trans‐
formers, electric keys and breakers of the sub-transmission system are points where voltage
and current can be measured for each one of the loads interconnected by the breakers. In an
operating substation a sub-voltage evidence degree and an overcurrent evidence degree are
extracted from each breaker which activate loads at an operating substation.
Based on these values, the modules composed by the algorithms of the PAL2v verify the
state of that point with respect to tension decreasing and excess of current intensity which
together contributes to the increase of the overload risk at the point measured. After the ex‐
traction of the evidence degrees of sub-voltage and overcurrent from the load breaker, these
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two signals become input to a contradiction effect extracting algorithm outputting an evi‐
dence degree of overload risk at the measurement point.
Figure 12 shows the evidence degree of overload risk extracted from a measure point of the
breaker (Load 16) of a typical substation of the sub-transmission system.

Figure 12. Overload Risk degree extraction from the breaker of load 16.

The operating substation seen on the figure 12 is composed by two buses shown horizontal‐
ly where a total of 16 load control breakers are interconnected. Each breaker controls its cor‐
respondent load and are sources of extraction of evidence degrees for the paraconsistent
analysis. In each one of the two buses there are 8 load breakers combined, however when a
disconnector or electric key is open, it separates two buses with 4 breakers for each one.
Other breakers which control the feeding of the input transformers of the substation and the
capacitor bank are also measurement points from where the evidence degrees of overload
risk at the operating substation.

5.3. Extracting Module of Evidence Degrees from the Interconnection Buses
The extracting module of resulting risk evidence degree uses the contradiction effect extract‐
ing algorithm so it can receive n evidence degrees from several breakers which are intercon‐
nected to the same bus. That being, the PAL2v analysis can offer a unique representing
value of the evidence degree of the bus.
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Figure 13 shows a general diagram of capture of the resulting evidence degree of a bus at a
typical operating substation shown in the previous picture which is composed by four
breakers.
Through amplitude signals of the quantities received by the extraction modules of primary
signals, and the signal which represents the state of the breaker key, each breaker has its evi‐
dence degree of risk which will be treated by the final module, resulting in a unique value of
evidence degree of overload risk on the buses.
5.4. Paraconsistent Logical Model of Operating Substation
Using contradiction effect extracting blocks a paraconsistent logical model of operating sub‐
station can be created encompassing the evidence degree of overload risk of all possible
points to be monitored.
In the typical operating substation the goal is to obtain the degree of overload risk generated
by the four buses. So, from the models of the main devices installed in a typical substation, a
paraconsistent modeling for the whole substation was designed.
First the overload risks at a typical substation were classified in four types:
1.

Risks of overload on the buses (µEbus).

2.

Risks of load transfer (µETRANS).

3.

Risks of overload on the secondary windings (µESeC).

4.

Risks of overload on the primary windings (µEPRIM).

The resulting evidence degree of overload risk of the substation is then obtained by the par‐
aconsistent analysis performed among these four values extracted from the model.

Figure 13. Diagram of capture of evidence degree of risks from a typical bus of a substation.
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5.5. Computing the total resulting evidence degree of overload risk of the substation
After obtaining the evidence degree of overload risks the model for restoring control was
developed. This model has as its goal to analyze and present optimized restoring proce‐
dures for the transmission of electric power after a contingency.
5.5.1. Restoring control actions
The restoring of an electric power system is a very complex procedure because it involves
several activities which include: steps for previous study until steps of decision-making un‐
der intense emotional stress by the operators. The goal of the restoring control is to carry out
the prompt restoration of the electric power system taking it to the condition of normal op‐
eration, where the load is attended and the operating limits are observed.
In the practice the reconnection procedure must be carried out by taking several precautions
in order to suit all restrictions which take the new system state to a better level than that one
which caused the disconnection. In order to start the actions of the restoring control, it is
necessary to have full knowledge of the current situation of the electric system. The most
important items which must be in the knowledge base of the model are:
a.

Knowledge about the part of the electric power system which was disconnected.

b.

Knowledge about the parts of the electric power system which were affected by the fail‐
ure.

c.

Knowledge of the source and cause of the disconnections, detecting what caused the
disconnection with the best precision possible.

d.

Knowledge of the existence of real conditions for the reconnection with the verification
of the following situations:
If the source of the failure is a permanent failure that prevents from reconnecting.
If the disconnection happened from previously established emergency control actions.
In this case the electric power system is known to have programmed “islands” which
will make the restoring process easier.
If there are previously established control actions. This is a situation which happened
when the emergency control takes the energy system to a condition known by previous
studies.

5.6. Restoring Plans
The restoring plans have detailed actions by means of operation instructions which must be
carried out by the operator in order to reconnect the electric power system. The strategy of
these plans is based on the division of the procedures in steps in order to obtain a larger de‐
centralization of the recomposition actions. In the development of the Paraconsistent Expert
System - PESPAL2v, the model of restoring control was designed to present actions based on
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the evidence degrees of overload risks obtained by the paraconsistent analysis on several
points of the electric power system.
The reconnecting maps were done based on operational norms and restrictions of each sub‐
station and sequences of optimized restoring were established taking into consideration the
values of risk degrees of overload before and after the contingency.

6. Implementation and Testing of the Paraconsistent Expert System PESPAL2v
The paraconsistent expert system PESPAL2v was implemented to carry out analysis of the
types of disconnection through information received by codes of the SCADA system and
add this information to the restoring plan of the electric power system of an area being stud‐
ied belonging to the AES-Eletropaulo Company which is an electric power concessionary
company of Brazil.
The prototype was implemented on JAVA platform and tests with real values, which were
extracted from the electric power lines of an area considered as a pilot and were stored in a
history database, were carried out.
The project was in its first version developed so that the prototype PESPAL2v performs offline, however, with the information and data from events which represent real situations oc‐
curred in the area under study in the years 2007 and 2008. The pilot area, where the PESPAL2v
was tested with respect to its action analysis of overload risk and suggestions for the restor‐
ing, is composed by three OSs (operating substation), twelve TDSs (transformation and dis‐
tribution station), twelve STCs (station of transformation to the consumer), three CBEs
(capacitor bank station) and several aerial and underground lines.
The decision-making process of the SEPPAL2v was designed through the acquisition of knowl‐
edge from the operators responsible for the electric operation in this area. When a contin‐
gency occurs, SEPPAL2v receives the evidence degrees of overload risk through its
paraconsistent logical model, performs a diagnosis and activates a flowchart with later
available resources in performing the emergency maneuvers in the AES-Eletropaulo electric
network considered as pilot.
6.1. Modeling and preparation of primary signals
Initially a large amount of data of the SCADA system related to that period was modeled to
prepare the signals which are input to the prototype PES PAL2v. The data stored in the SCA‐
DA system were modeled by creating two databases: the database of quantity values which
will be called Database 1 and the database of alarms which will be called Database 2, as
shown in Figure 14.
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Figure 14. Initial data modeling diagram of the SCADA system.

Database 1 – Quantity values
After the data modeling of the SCADA system database 1 stores information about, besides
those which identify the substation, breakers and other equipment and their measurements
of amplitude of tensions and currents. The detections are so that in a time interval(Δt)
PESPAL2v is provided with measurements of intensities of currents in each load of the substa‐
tion and the measurements of amplitude of tension on the buses in each stage of the load
feeding, secondary an primary windings of the transformers.
Database 1 provides data for risk analysis that are the intensity of current of loads on the
three buses (IA, IB, IC) and the amplitudes of tension of the bus on the three phases (VR, VS,
VT). These values receive a paraconsistent logical treatment by PESLPA2v such that the contra‐
diction effects are decreased or totally excluded. Such contradictions are due to measure‐
ment mistakes inherent to the SCADA system. This treatment of the primary signals is
performed by the special modules of capture and modeling.
Database 2 – Alarms
After the data modeling of the SCADA system database 2 stores information about, besides
those which identify the substation, breakers (and other equipment), and types of classifica‐
tion of the alarms occurred in the events. The detections are so that in a time interval (Δt)
PESPAL2v is provided with the types of alarms that occurred in the installed component in the
substation including the action of the relay keys (RC) with the types which classify the acti‐
vated alarm: CR1, CR2 or Crbus.
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Database 2 provides data for two purposes:
a) Data for detecting the topology - The data stored in the Database 2 represent the state (on or
off) of the breakers and splitting keys. The signal of these states provides an overview of the
topology of the substation which is transfered as evidence to the paraconsistent models of
the breakers. The evidence degrees resulting from this analysis will influence the process of
restoring suggestion generated by PESPAL2v.
b) Data for detecting the occurrence type - The data stored in the Database 2 provide the alarm
type and corresponding classification of the disruptions through several codes which are in‐
serted on the restoring map of operating substation. The classification of the types of occur‐
rences, together with the risk analysis signal PESPAL2v the activation of the flowchart
corresponding to the restoring map of the area affected by the contingency.
Figure 15 shows the signal flow where Database 1 and 2 are related with the modules of risk
analysis, previewing and diagnosis.

Figure 15. Signal flow between Database 1 and 2 and modules of paraconsistent analysis.

The decision-making module receives three types of signals: the values of intensities of the
currents of the load (I) directly from Database 1; the values of the evidence degrees (µER)
from the paraconsistent analysis of overload risk; and signals from Database 2 related to the
alarm types of occurrences. The analysis of these three signals results a diagnosis which acti‐
vates a flowchart of restoring plan and the interaction with the user to find the best way to
carry out the system restoring.
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Based on the flowchart the steps for the restoring are following according to the diagnosis
made based on the analysis which encompasses the classification of the alarm type, the val‐
ues in engineering units of the measurements of currents and tensions, the risk evidence de‐
grees obtained by the paraconsistent analysis carried out.
6.2. Verification of values on working screens
PES PAL2v has working screens where one can check the efficiency of the installed paraconsis‐
tent algorithms and the monitoring on each essential point of the substation.
Figure 16 below shows the values exposed on the screen of a typical substation (called “Dia‐
dema”) used in the pilot system. On the screen one can see the evidence degrees of overload
risks on all measurement points of the operating system being analyzed.

Figure 16. Working screen: significant values obtained from the Substation Diadema.

6.2.1. Denormalization Process
All the procedures for the analysis were carried out by the algorithms which were based on
the PAL2v whose signal treatment considers normalized values, that is, values in the closed
interval [0,1] of real numbers. In order to obtain previewing values in units of engineering,
recovering the approximate values of current intensity and voltage, it is necessary to per‐
form a denormalization process of the obtained values.
6.3. Tests and description of the application PESPAL2v
The application of the Paraconsistent Expert System - PESPAL2v in this version can work in
two modes according to the user: “Analysis” mode and “Training” mode. These two modes
are described in what follows.
a) When the “Analysis” mode is selected, the Paraconsistent Expert System - PESPAL2v per‐
forms the analysis of overload risks, outputs the values of the risk degrees, current intensi‐
ty and the breakers which are off. Next, the system interacts with the user and suggests
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optimized procedures for reconnecting. The suggestions are done in an interactive way
through descriptions, visualization of the flowchart of the reconnecting maps and other re‐
striction graphs.
b) When the mode “Training” is selected, the Paraconsistent Expert System - PESPAL2v will
simulate the failure and step by step will present details about the procedures of the recon‐
necting flowchart. In order to begin the process the user has to inform the application the
name of the substation he or she wants to simulate.
When this information is input, the application shows on the reserved space at the left of the
screen the unifilar representation of the selected substation. The next step is the user’s action
which selects the breakers which will be simulated as “off” in order to configurate a type of
failure occurrence.
When the simulation process is started the application, based on the breakers selected as
“off” by the user, detects the type of alarm (CRs) which represents the disconnections and
performs a search on the substation’s database for the date that such failure occurred.
When the date of the occurrence is detected the application activates the networks of para‐
consistent analysis obtaining the evidence degrees of overload risk and other specific infor‐
mation together with the first suggestions from the flowchart of the reconnecting map.
The interactive process is similar to the one presented in the “Analysis” mode: the sugges‐
tions and actions already determined by the flowchart will be step by step presented until
the end of the optimized reconnecting. Doing so, the training is totally performed from real
data of failure occurrences represented by values stored in the database.
Figure 17 shows a screen of an operating substation in its unifilar diagram with all available
values obtained by the paraconsistent analysis. A menu, where restoring sequences of the
electric power system after a contingency, is shown to the user.

Figure 17. Analysis screen – Unifilar diagram and menu with information generated by PESPAL2v.
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7. Conclusion
In this work it was shown that the paraconsistent logics has a great capability of application
in technological processes with the aim to solve complex problems. The Paraconsistent Ex‐
pert System - PESPAL2v was designed with an analyzing block of contingency which is capa‐
ble of computing the risk degrees of outage by overloading of the electric power system.
Moreover, given such occurrence, it is also capable of analyzing the conditions and of offer‐
ing a list of sequences of optimized restoring for the operation.
Currently the expert system built with the PAL2v is being used to assist operation and train‐
ing of operators at the operational substations of the electric power system of the AES-Ele‐
tropaulo – electric utility in Brazil. In the practice the paraconsistent expert system PESPAL2v
has shown to be an efficient tool, with which the user understands and accepts the reason‐
ing methods used in the problem solving, since paraconsistent logics are more intuitive and
has algorithms with simple structure. Generally speaking, it reached the following goals:
a.

Assist the operator in the selection of the main control actions at the time of the restor‐
ing.

b.

Outline and implement restoring plans based on the operational state of the electric sys‐
tem.

c.

Show the restoring state in its optimized form.

Together to the above three main features, we can add three more:
d.

Promote the operators’ training.

e.

Optimize the restoring process.

f.

Detect “islands” – areas that due to disconnection remained isolated.

In operation, the PESPAL2v has shown to be computational software where the modulation
parameters are easy to adjust and the analyzing block of contingencies is adapted to provide
resulting information in a satisfactory way. It was tested under several conditions using real
values which were stored into a database for 12 months.
The sub-transmission system which was tested was composed of 12 substations where it
was possible to modify and test several topological configurations. Under all tested condi‐
tions, PESPAL2v showed good results and responded well to various situations in comparison
to previous situations which were also stored into database.
The prototype application build in this first phase leave the necessary conditions fulfilled, so
that the analysis process can be automatically started for the online implementation, topic
which is for future projects. In this case, the alarms activated due to failures at the substa‐
tions whose data were stored in the database, will start the application so that the analysis
phases of the process are started in real-time. Under these conditions PESPAL2v will with no
doubt a very useful tool to the operation of the electric power system.

57

58

Advances in Expert Systems

With this work it was shown that an expert system can be built with the algorithms of the
paraconsistent logics and is capable of performing its fundamental task of analyzing contra‐
dicting information. Moreover, it is also capable to clearly show the user the reasoning meth‐
ods it is using, so that the user can interact with the system with high confidence degree.
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1. Introduction
Clinical Decision Support Systems (CDSS) provide clinicians, staff, patients, and other indi‐
viduals with knowledge and person-specific information, intelligently filtered and present‐
ed at appropriate times, to enhance health and health care [1]. Medical errors have already
become the universal matter of international society. In 1999, IOM (American Institute of
Medicine) published a report “To err is Human” [2], that indicated: First, the quantity of
medical errors is incredible, the medical errors had already became the fifth lethal; Second,
the most of medical errors occurred by the human factor which could be avoid via the com‐
puter system. Improving the quality of healthcare, reducing medical errors, and guaranty‐
ing the safety of patients are the most serious duty of the hospital. The clinical guideline can
enhance the security and quality of clinical diagnosis and treatment, its importance already
obtained widespread approval [3]. In 1990, clinical practice guidelines were defined as “sys‐
tematically developed statements to assist practitioner and patient decisions about appropri‐
ate health care for specific clinical circumstances” [4].
The clinical decision support system (CDSS) is any piece of software that takes as input in‐
formation about a clinical situation and that produces as output inferences that can assist
practitioners in their decision making and that would be judged as “intelligent” by the pro‐
gram’s users [5].
Artificial intelligence has been successfully applied in medical diagnosis. They have been
used for skin disease diagnosis, fetal delivery, metabolic synthesis as demonstrated in [6,7
and 8]. Artificial neural networks are artificial intelligence paradigms; they are machine
learning tools which are loosely modelled after biological neural systems. They learn by
training from past experience data and make generalization on unseen data. They have been
applied as tools for modelling and problem solving in real world applications such as
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speech recognition, gesture recognition, financial prediction, and medical diagnostics [9, 10,
11 and 12]. Backpropagation employs gradient descent learning and is the most popular al‐
gorithm used for training neural networks. Neural networks were recently viewed as ‘black
boxes’ as they could not explain how they arrived to a particular solution. Knowledge ex‐
traction is the process of extracting valuable information from trained neural networks in
the form of ‘if-then’ rules as shown in [13 and 14]. The extracted rules describe the knowl‐
edge acquired by neural networks while learning from examples.
The human eye is the organ which gives us the sense of sight allowing us to learn more
about the surrounding world than we do with any of the other four senses. We use our eyes
in almost every activity we perform whether reading, working, watching television, writing
a letter, driving a car and in countless other ways. Most people probably would agree that
sight is the sense they value more than all the rest.
A recent survey of 1,000 adults shows that nearly half - 47% - worry more about losing their
sight than about losing their memory and their ability to walk or hear. But almost 30% indi‐
cated that they don't get their eyes checked. Many Americans are unaware of the warning
signs of eye diseases and conditions that could cause damage and blindness if not detected
and treated soon enough.
In spite of the high prevalence of vision disorders in this country, so far, few victims receive
professional eye care due to one of the following reasons;
• Specialist in eye diseases(ophthalmologist) are few and ophthalmology clinic are also few
• Lack of knowledge that early professional eye care is needed when symptoms are sus‐
pected.
• Inability to pay for the needed services.
Due to all of these, late detection of vision disorders and unnecessary loss of vision is en‐
countered. But with a computer based system (expert system), over dependence on human
expert can be minimized. This will go a long way to save time and furthermore early detec‐
tion of eye disease can be adequately addressed. Cost for the services can also be reduced as
a lot of unnecessary laboratory test may be avoided with the use of the proposed system.
This study classifies eye diseases using patient complaint, symptoms and physical eye ex‐
aminations. The disease covered includes the following eye disease; Pink eye (conjunctivi‐
tis), Uveitis, Glaucoma, Cataract, Macular Degeneration, retinal detachment, Corneal ulcer,
Color blindness, Far sightedness(hyperopia), Near sighteness(myopia), and Astigmatism.
We train artificial neural networks to classify eye diseases according to patient complain,
symptoms and physical eye examination. We then use decision trees to extract knowledge
from trained neural networks in order to understand the knowledge represented by the
trained networks. Finally, we apply decision trees to build a tree structure for classification
on the same sets of data sample we used to train neural networks earlier. In this way we
combine neural networks and decision trees through training and knowledge extraction.
The extracted knowledge from neural networks is transformed as rules which will help ex‐
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perts in understanding which combination of symptom, physical eye examination and pa‐
tient’s complain constituents have a major role in the eye problem. The rules contain
information for sorting eye diseases according to their symptoms, physical condition and
complain from the patient and knowledge acquired by neural networks from training on
previous samples.

2. Application of Neural network in Clinical decision Support System
These days the Artificial Neural Networks(ANN) have been widely used as tools for solving
many decisions modeling problems. The various capabilities and properties of ANN like
Non-parametric, Non-linearity, Input-Output mapping, Adaptivity make it a better alterna‐
tive for solving massively parallel distributive structure and complex task in comparison of
statistical techniques, where rigid assumptions are made about the model. Artificial Neural
Networks being non-parametric, makes no assumption about the distribution of data and
thus capable of “letting the data speak for itself”. As a result, they are natural choice for
modeling complex medical problems where large database of relevant medical information
are available [15].
In biomedicine, the assessment of vital functions of the body often requires noninvasive
measurements, processing and analysis of physiological signals. Examples of physiological
signals found in biomedicine include the electrical activity of the brain-the electroencephalo‐
gram (EEG), the electrical activity of the heart-the electrocardiogram (ECG), the electrical ac‐
tivity of the eye-i.e. PERG and EOG-respiratory signals, blood pressure and temperature
signals [16].
Often, biomedical data are not well behaved. They vary from person to person, and are af‐
fected by factors such as medication, environmental conditions, age, weight, mental and
physical state. Consequently, clinical expertise is often required for a proper analysis and in‐
terpretation of medical data. This has led to the integration of signal processing with intelli‐
gent techniques such as artificial neural networks (ANN), expert systems and fuzzy logic to
improve performance [16].
ANN has been proposed as a reasoning tool to support clinical decision-making since 1959
[17]. Some problems encountered have led to significant developments in computer science,
but it was only during the last decade of the last century that decision support systems have
been routinely used in clinical practice on a significant scale [16].
The literature reports several applications of ANNs to the recognition of a particular pathol‐
ogy. For example, cancer diagnosis [18 and 19], automatic recognition of alertness and
drowsiness from electroencephalography [20], predictions of coronary artery stenosis [21],
analysis of Doppler shift signals [22 and 23], classify and predict the progression of thyroidassociated ophthalmopathy [24], diabetic retinopathy classification [25], saccade detection in
EOG recordings [26] and PERG classification [22].
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In this research we apply a hybrid of Neural Network and decision Tree to classify eye dis‐
eases according to patient complain, symptoms and physical eye examination. The aim is to
help the ophthalmologist interpret the output of the examination systems easily and diag‐
nose the problem accurately [27-29].
2.1. Artificial Neural Networks
Artificial Neural networks learn by training on past experience using an algorithm which
modifies the interconnection weight links as directed by a learning objective for a particular
application. A neuron is a single processing unit which computes the weighted sum of its in‐
puts. The output of the network relies on cooperation of the individual neurons. The learnt
knowledge is distributed over the trained networks weights. Neural networks are character‐
ized into feedforward and recurrent neural networks. Neural networks are capable of per‐
forming tasks that include pattern classification, function approximation, prediction or
forecasting, clustering or categorization, time series prediction, optimization, and control.
Feedforward networks contain an input layer, one or many hidden layers and an output lay‐
er. Fig. 1 shows the architecture of a feedforward network. Equation (1) shows the dynamics
of a feedforward network.

(

m

S l j = gi ∑ Sil -1W jil - θ jl
i=1

)

(1)

where S l j is the output of the neuron j in layerl, Sil -1is the output of neuron j in layer l - 1
(containing m neurons) and W jil the weight associated with that connection with j. θ jl is the
internal threshold/bias of the neuron and gi is the sigmoidal discriminant function.

Figure 1. The architecture of the feedforward neural network with one hidden layer.

Backpropagation is the most widely applied learning algorithm for neural networks. It
learns the weights for a multilayer network, given a network with a fixed set of weights and
interconnections. Backpropagation employs gradient descent to minimize the squared error

Neural Networks and Decision Trees For Eye Diseases Diagnosis
http://dx.doi.org/10.5772/51380

between the networks output values and desired values for those outputs. The goal of gradient
descent learning is to minimize the sum of squared errors by propagating error signals back‐
ward through the network architecture upon the presentation of training samples from the
training set. These error signals are used to calculate the weight updates which represent the
knowledge learnt in the network. The performance of backpropagation can be improved by
adding a momentum term and training multiple networks with the same data but different
small random initializations prior to training. In gradient descent search for a solution, the
network searches through a weight space of errors. A limitation of gradient descent is that it
may get trapped in a local minimum easily. This may prove costly in terms for network
training and generalization performance.
In the past, research has been done to improve the training performance of neural networks
which has significance on its generalization. Symbolic or expert knowledge is inserted into
neural networks prior to training for better training and generalization performance as dem‐
onstrated in [13]. The generalization ability of neural networks is an important measure of
its performance as it indicates the accuracy of the trained network when presented with data
not present in the training set. A poor choice of the network architecture i.e. the number of
neurons in the hidden layer will result in poor generalization even with optimal values of its
weights after training. Until recently neural networks were viewed as black boxes because
they could not explain the knowledge learnt in the training process. The extraction of rules
from neural networks shows how they arrived to a particular solution after training.
2.2. Knowledge Extraction from Neural Networks: Combining Neural Networks with
Decision trees
In applications like credit approval and medical diagnosis, explaining the reasoning of the
neural network is important. The major criticism against neural networks in such domains is
that the decision making process of neural networks is difficult to understand. This is be‐
cause the knowledge in the neural network is stored as real-valued parameters (weights and
biases) of the network, the knowledge is encoded in distributed fashion and the mapping
learnt by the network could be non-linear as well as non-monotonic. One may wonder why
neural networks should be used when comprehensibility is an important issue. The reason
is that predictive accuracy is also very important and neural networks have an appropriate
inductive bias for many machine learning domains. The predictive accuracies obtained with
neural networks are often significantly higher than those obtained with other learning para‐
digms, particularly decision trees.
Decision trees have been preferred when a good understanding of the decision process is es‐
sential such as in medical diagnosis. Decision tree algorithms execute fast, are able to handle
a high number of records with a high number of fields with predictable response times, han‐
dle both symbolic and numerical data well and are better understood and can easily be
translated into if-then-else rules.
The goal of knowledge extraction is to find the knowledge stored in the network’s weights
in symbolic form. One main concern is the fidelity of the extraction process, i.e. how accu‐
rately the extracted knowledge corresponds to the knowledge stored in the network. There

67

68

Advances in Expert Systems

are two main approaches for knowledge extraction from trained neural networks: (1) extrac‐
tion of ‘if-then’ rules by clustering the activation values of hidden state neurons and (2) the
application of machine learning methods such as decision trees on the observation of inputoutput mappings of the trained network when presented with data. We will use decision
trees for the extraction of rules from trained neural networks. The extracted rules will ex‐
plain the classification and categorization of different eye diseases according to symptoms.
In knowledge extraction using decision trees, the network is initially trained with the train‐
ing data set. After successful training and testing, the network is presented with another da‐
ta set which only contains inputs samples. Then the generalisation made by the network
upon the presentation is noted with each corresponding input sample in this data set. In this
way, we are able to obtain a data set with input-output mappings made by the trained net‐
work. The generalisation made by the output of the network is an indirect measure of the
knowledge acquired by the network in the training process. Finally, the decision tree algo‐
rithm is applied to the input-output mappings to extract rules in the form of trees.
Decision trees are machine learning tools for building a tree structure from a training data‐
set of instances which can predict a classification given unseen instances. A decision tree
learns by starting at the root node and selects the best attributes which splits the training
data. The root node then grows unique child nodes using an entropy function to measure
the information gained from the training data. This process continues until the tree structure
is able to describe the given data set. Compared to neural networks, they can explain how
they arrive to a particular solution. We will use decision trees to extract rules from the
trained neural networks.
2.3. Decision Tree
A decision tree(DT) is a decision support tool that uses a tree-like graph or model of deci‐
sions and their possible consequences, including chance event outcomes, resource costs, and
utility. It is one way to display an algorithm. Decision trees are commonly used in opera‐
tions research, specifically in decision analysis, to help identify a strategy most likely to
reach a goal. Another use of decision trees is as a descriptive means for calculating condi‐
tional probabilities.
Decision tree learning is a method commonly used in data mining. The goal is to create a
model that predicts the value of a target variable based on several input variables. Each inte‐
rior node corresponds to one of the input variables; there are edges to children for each of
the possible values of that input variable. Each leaf represents a value of the target variable
given the values of the input variables represented by the path from the root to the leaf.
A tree can be "learned" by splitting the source set into subsets based on an attribute value
test. This process is repeated on each derived subset in a recursive manner called recursive
partitioning. The recursion is completed when the subset at a node all has the same value of
the target variable, or when splitting no longer adds value to the predictions. In data min‐
ing, trees can be described also as the combination of mathematical and computational tech‐

Neural Networks and Decision Trees For Eye Diseases Diagnosis
http://dx.doi.org/10.5772/51380

niques to aid the description, categorisation and generalisation of a given set of data. Data
comes in records of the form:
( x, Y ) = ( x1, x2, x3, … , xk , Y )

(2)

The dependent variable, Y, is the target variable that we are trying to understand, classify or
generalise. The vector x is composed of the input variables, x1, x2, x3 etc., that are used for
that task.
DT offers a structured way of decision making [29,30]. A DT is characterized by an ordered
set of nodes. Each of the internal nodes is associated with a decision function of one or more
features.. DT approach can generate if -then rules. Specific DT methods include Classification
and Regression Trees (CART), Chi Square Automatic Interaction Detection (CHAID), ID3
and C4.5. C4.5 which is the extension of ID3[31,32] is very useful in this work. C4.5 Decision
Tree is based on Information theory, that is it uses information theory to select features
which give the greatest information gain or decrease of entropy [31]. Information gain is the
informational value of creating a branch in a decision tree based on the given attribute using
entropy theory.
2.4. Anatomy of the Eye
The eye is made up of numerous components. Figure 1 shows the anatomy of the eye.

Figure 2. Anatomy of the eye (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

• Cornea: clear front window of the eye that transmits and focuses light into the eye
• Iris: colored part of the eye that helps regulate the amount of light that enters
• Pupil: dark aperture in the iris that allows light to go through into the back of the eye
• Lens: transparent structure inside the eye that focuses light rays onto the retina
• Retina: nerve layer that lines the back of the eye, senses light, undergoes complex chemi‐
cal changes, and creates electrical impulses that travel through the optic nerve to the brain
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• Macula: small central area in the retina that contains special light-sensitive cells and al‐
lows us to see fine details clearly
• Optic nerve: connects the eye to the brain and carries the electrical impulses formed by
the retina to the visual cortex of the brain
• Vitreous: clear, jelly-like substance that fills the middle of the eye
2.5. Some eye disease conditions
Some eye disease conditions are shown in the figure3 to figure10 below:

Figure 3. Glaucoma (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

Figure 4. Cataract (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

Figure 5. Macular degeneration (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).
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Figure 6. Conjunctivitis (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

Figure 7. Uveitis (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

Figure 8. Keratoconus (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

Figure 9. Blepharitis (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).
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Figure 10. Corneal ulcer (Source: http://www.medicinenet.com/eye_diseases_pictur_slideshow/article.htm#).

3. Eye Diseases Diagnosis
We developed a clinical decision support system which bases its diagnosis on the patient
complain, symptoms and physical eye examinations, and uses multilayer feedforward net‐
works with a single hidden layer. Backpropagation algorithm is employed for training the
networks in a supervised mode.
The eye diseases selected for diagnosis are as shown in table1. The designed neural network
consists mainly of three layers: an input layer, a single hidden layer, and an output layer.
The input layer has a total of 22 inputs plus the fixed bias input. These inputs consist of pa‐
tient complaint, symptoms and physical eye examinations as may either be observed by the
ophthalmologist or complained by the patients (i.e. X1, X2,..., X22). The output layer consists
of 12 outputs indicating the diagnosed diseases (i.e. d1, d2,..., d13). Table1 shows the select‐
ed eye diseases for diagnosis and their symptom and signs as may be complained by patient
or observed by the specialist while table2 shows the input variables for the system.
We ran 10 trial experiments with randomly selected 80% of the available data for training
and the remaining 20% for testing the networks generalization performance. The learning
rate of the network in gradient descent learning was 0.5. The network topology used was as
follows: 22 neurons in the input layer for each symptom and signs for the eye disease, 9 neu‐
rons in the hidden layer and 13 neurons in the output layer representing each eye disease as
shown in Fig. 2. We carried out some sample experiments on the number of hidden neurons
to be used in the networks for this application. The results demonstrate that 9 neurons in the
hidden layer were sufficient for the network to learn the training samples. The neural net‐
work was trained until one of the three following stopping criteria was satisfied:
1.

On 100% of the training examples, the activation of every output unit was within 0.2 of
the desired output, or

2.

a network had been trained for 500 epochs, or

3.

a network classified at least 98% of the training examples correctly, but had not im‐
proved it's ability to classify the training after ten epochs
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S/N

Eye Disease

Signs
(patient complain, symptoms and eye condition or cause)

1

Cataracts

Loss of visual acuity, loss of contrast sensitivity, contours
shadows and color vision are less vivid, advanced age, bright
light or antiglare sunglass may improve vision, poor night vision.

2

Glaucoma

Painless, decrease in peripheral field of view, halos around light,
redness of eye, hereditary, aging may also cause it.

3

Macular Degeneration

Blurred vision, distorted images, missing letters in words,
difficulty in reading, Trouble discerning colors, slow recovery of
visual function after exposure to bright light, loss in contrast
sensitivity, advanced age(66-74), Hereditary.

4

Pink eye(conjunctivitis)

Red or pink color eye, itching, blurred image, gritty feeling,
irritation, watering of eye

5

Uveitis

Redness of eye, blurred vision, sensitivity to light(photophobia),
dark floating sport in visual field, eye pain, blurred vision
improves with blinking, discomfort after long period of
concentrated use of eye(watching television, using computer or
reading).

6

Retinal detachment

Experience of flashes of light and floater in visual view, feeling
heaviness in the eye, central visual loss, blind spot in view.

7

Corneal ulcer

Redness of eye, pains of foreign bodies in the eye, pus/thick
discharge from the eye, blurred vision, sensitivity to bright light,
swollen eyelid, white or grey round spot on the cornea.

8

Keratoconus

Distorted vision, loss of vision focus, contact less could not
improve vision

9

Blepharitis

Burning of foreign bodies sensation, itching, sensitivity to light,
redness of eye, red and swollen eyelid, blurred vision, dry eye.

10

Color blindness

Problem discerning colors, hereditary, aging.

11

Farsightedness(hyperopia)

Blurred vision for close object, aging, contact lens may improves
vision

12

Nearsightedness(myopia)

Blurred vision at distant, good vision for close object.

13

Astigmatism

Blurred vision, steamy appearing cornea, hereditary, may be
corrected with contact lens

Table 1. Eye Diseases and their signs (patient complain, symptoms and eye condition).
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Input variables

Variable Meaning

X1

Pains in the eye

X2

Redness or pink color of eye

X3

Bright light or antiglare sunglasses improves vision

X4

Poor night vision

X5

Family histories of the eye problem

X6

Decrease in peripheral field of view

X7

Age greater than 45 years

X8

Blurred vision

X9

Blurred vision improves with eye blinking

X10

Distorted vision

X11

Cloudy substance formed in front of eye lens

X12

Slow recovery of vision after exposure to bright light

X13

Irritation, itchy, scratchy or burning sensation of eye

X14

Discomfort after long concentration use of eye

X15

Trouble discerning colors

X16

Floaters in eye, flashes of light, halos around light

X17

Watering or discharge from eye

X18

Swelling of eye

X19

Steamy appearing cornea of eye

X20

Sensitivity to light (photophobia)

X21

Blurred vision for distant objects

X22

Blurred vision for close objects

Table 2. Input Variables and their Meaning.

The backpropagation algorithm with supervised learning was used, which means that we
provide the algorithm with examples of the inputs and outputs we want the network to
compute, and then the error (difference between actual and expected results) is calculated.
The idea is to reduce this error, until the ANN learns the training data. The training begins
with random weights, and the goal is to adjust them so that the error will be minimal. The
activation function of the artificial neurons in ANNs implementing the backpropagation al‐
gorithm is given as follows[33]:
Aj ( x̄, w̄ ) = ∑ n xi ⋅ w ji
i=0

(3)
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Oj ( x̄, w̄ ) =
Ej ( x̄, w̄, d ) =

1

(4)

A

1 + e j ( x̄, w̄ )

∑ (O (x̄, w̄ ) − d )

∆ w ji = η

j

(

∂E
∂ w ji

j

)

2

(5)
(6)

Where: xi are the inputs, w ji are the weights, O j ( x, w )are the actual outputs, d j are the expect‐

ed outputs and η - learning rate.

Figure 11. The neural network topology used for diagnosing the eye diseases which contain attribute information of
22 signs and symptoms. Each neuron in the input layer represents a particular sign or symptom. The neurons in the
output layer represent the eye disease. Please note that all weight link interconnections are not shown in this dia‐
gram.

In this work, we used the C++ programming language in programming neural networks.
Data mining and machine learning software tools such as ‘Weka’ can also be used for classi‐
fication using neural networks.

4. Experimental Results
4.1. Data Set
The data set used for the training and testing of the system was collected from Linsolar Eye
Clinic, Port Harcourt and Odadiki eye clinic, Port Harcourt all in Nigeria. The total data is
400 from which 320 samples (80%) are randomly chosen and used as training patterns and
tested with 80 instances (20%) of the same data set. The data set consist of evenly distributed
men and women. Samples also consider age randomly collected from 18 years to 70 years.

75

76

Advances in Expert Systems

4.2. Rule Extraction from the ANN
As in Figure 12 it can be seen that both decision trees and neural networks can be easily con‐
verted into IF THEN Rules or we can simply convert neural networks into decision trees. In
this work we use the networks architecture as shown in figure11 together with backpropa‐
gation algorithm with supervise learning.
Decision trees are machine learning tool for building a tree structure from a training dataset.
A Decision tree learns by starting at the root node and select the best attributes which splits
the training data [13]. Compared to neural networks they can explain how they arrive to a
particular solution [34]. Hence, it usefulness in clinical decision support system as it may be
use to support the expert in his delicate decision making or use as training tools for younger
ophthalmologists. A typical decision tree extracted from the neural network in this work is
shown in Figure 13.
To simplify complicated drawing the input variables that was shown in table1 may be com‐
bined to form conjunctions and negations which may also be used to generate the Decision
Tree for some of the eye diseases as shown in Table 3.

Figure 12. Extracting decision trees from neural networks.

Input variables

Variable Meaning

Input variables

Variable Meaning

NOT X1

No pains in eye

NOT X18

No swelling of eye

X1 and X2

Pains and redness of eye

X1 and X18

Pains and swelling of eye

Table 3. Some Additional variables for the Decision Tree.

The following rule sample sets are then obtained from the decision tree of Figure 13:
1.

IF (X1 AND X2) and X18 and X20 and X8 and X11 and X17 THEN Cornel Ulcer

2.

IF (X1 AND X2) and NOTX18 and X16 and X20 and X8 and X9 and X14 THEN Uveitis

3.

IF (X1 AND X2) and NOTX18 and X16 and X6 and X5 and X7 THEN Glaucoma

4.

IF NOTX1 and X8 and X10 and X5 and X12 THEN Muscular Degeneration

5.

IF NOTX1 and X8 and X2 and X13 and X17 THEN Pink Eye

Neural Networks and Decision Trees For Eye Diseases Diagnosis
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These rule sets are easily explain to means:
1.

IF there is pains and redness of eye and swelling of eye and eye is sensitive to bright
light and there is blurred vision and cloudy substance are formed in front of eye lens
THEN the eye problem is Cornel Ulcer

2.

IF there is pains and redness of eye and no swelling of eye and there are floater or flash‐
es of light and eye is sensitive to bright light and there is blurred vision and the blurred
vision improves with blinking of eye and there is discomfort after long concentrated
use of eye THEN the eye problem is Uveitis

3.

IF there is pains and redness of eye and no swelling of eye and there are floater or flash‐
es of light and there are decrease in peripheral field of view and there is recorded fami‐
ly history of the eye problem and patient age is greater than 45 years THEN the eye
problem is Glaucoma

4.

IF there is no pains or redness of the eye and there is blurred and distorted vision and
there is recorded history of the family history of the eye problem and slow recovery of
vision after exposure to bright light THEN the eye problem is Muscular Degeneration

5.

IF there is no pains of the eye and the eye is red and there is blurred vision and the eye
is itchy or scratchy and there is watering discharge of the eye THEN the eye problem is
Pink Eye.

Figure 13 shows an illustration of the extracted decision tree for some of the eye diseases.

Figure 13. Decision tree for some the eye disease.
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4.3. Performance Analysis of the system
To justify the performance of our diagnostic system, we conducted two analyses. The first is
using a general performance scheme. Secondly, we carried out a number of tests at random
using various physical eye examinations and patient’s complain to see whether it agree with
what it suppose to be.
4.3.1. Performance Benchmark
The proposed Neural Networks and Decision Tree for Eye Disease Diagnosis (NNDTEDD)
architecture relies on a piece of software for easy eye disease diagnosis. The principles un‐
derlying diagnostic software are grounded in classical statistical decision theory. There are
two sources that generate inputs to the diagnostic software: disease (H0) and no disease
(H1). The goal of the diagnostic software is to classify each diagnostic as disease or no dis‐
ease. Two types of errors can occur in this classification:
i.

Classification of disease as normal (false negative); and

ii.

Classification of a normal as disease (false positive).

We define:
Probability of detection PD = Pr (classify into H1|H1 is true), or
Probability of false negative =1 - PD .
Probability of false positivePF = Pr (classify into H1|H0 is true).
Let the numerical values for the no disease (N) and disease (C) follow exponential distribu‐
tions with parameters λN andλC , λN >λC , respectively. Then we can write the probability of

detection PD and probability of false positive PF as
PD = ∫t∞ λC e

-(λC x )

PD = ∫t∞ λN e

-(λN x )

dx = e
dx = e

-λC t

(7)

-λN t

(8)

Thus PD can be expressed as a function of PF as
PD = PrF

(9)

Where r = λF/λN is between 0 and 1.
Consequently, the quality profile of most detection software is characterized by a curve that
relates its PD and PF, known as the receiver operating curve (ROC) [35]. ROC curve is a func‐
tion that summarizes the possible performances of a detector. It visualizes the trade - off be‐
tween false alarm rates and detection rates, thus facilitating the choice of a decision functions.
Following the work done in [36], Figure 14 shows sample ROC curves for various values of r.
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Figure 14. ROC curves for different r.

The smaller the value of r the steeper the ROC curve and hence the better the performance.
The performance analysis of the NNDTEDD algorithms was carried out using MATLAB
software package (MATLABR, 2009R) and the results compared with the collected data for
cornel ulcer, uveitis, and glaucoma Figure 15, Figure 16 and Figure 17, respectively.

Figure 15. ROC curves for Cornel Ulcer diagnosis.
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Figure 16. ROC curves for Uveities diagnosis.

Figure 17. ROC curves for Glaucoma diagnosis.
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4.3.2. Performance of the system using Random Tests
In testing the NNDTEDD, fifty different tests from the data sets for testing the system were
carried out at random using various eye conditions and physical eye examinations combina‐
tions and the results compared with the expected result of the NNDTEDD. Where there was
a match, success was recorded. In situations where there was no match failure were record‐
ed. The total number of success = 46. Total number of failure = 4. Total number of test was 50.
Percentage succcess =
percentage failure =

46
50

4
50

× 100 = 92

(10)

× 100 = 8%

(11)

5. Conclusion
The research presented a framework for diagnosing eye diseases using Neural Networks
and Decision Trees. This research extended common approaches of using a neural network
or a decision tree alone in diagnosing eye diseases. We developed a hybrid model called
Neural Networks Decision Trees Eye Disease Diagnosing System (NNDTEDDS). Neural
networks have been successful in the diagnosis of eye diseases according to various symp‐
toms and physical eye conditions. Decision trees have been useful in knowledge extraction
from trained neural networks. They have been a means for knowledge discovery. We have
obtained rules which explain the diagnosis of eye diseases according to various symptoms
and physical eye conditions; these rules explain the knowledge acquired in neural networks
by learning from previous samples of symptoms and physical eye conditions. The extracted
rules can be used to explained how an eye disease is diagnosed hence removing the opacity
in neural network alone. The extracted rules can also be used to train younger ophthalmolo‐
gists. The proposed system was able to achieve a high level of success using the hybrid
model of neural networks and decision tree technique. A success rate of 92% was achieved.
This infers that combination of neural networks and decision tree technique is an effective
and efficient method for implementing diagnostic problems.

6. Recommendations
This work is recommended to medical experts (ophthalmologists) as an aid in the decision
making process and confirmation of suspected cases. Also, a non expert will still find the
work useful in areas where prompt and swift actions are required for the diagnosis of a giv‐
en eye disease covered in the system. Medical practitioners who operate in areas where
there are no specialist (ophthalmologist) can also rely on the system for assistance.
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1. Introduction
Several companies and institutions now realize knowledge as an active relavant for the mar‐
ket organization differentiation. This scenario explains the need for systems that assist the user
in the acquisition process and knowledge management. Intelligent systems, known as expert
systems (ES) [19] serve to this purpose in the extent that they have signed as facilitators in this
process. These are systems that are based on expert knowledge, on any subject, in order to em‐
ulate human expertise in the specific field. To obtain this knowledge, the knowledge engi‐
neers, also called software engineers, need to develop methodologies for intelligent systems.
In this area there is still no unified methodology that provides effective methods, notations and
tools to aid in development. Among the most used technologies we can mention: KADS [10],
MIKE [2] and Protégé [8]. KADS is a structured way of developing these systems that pro‐
vides a special focus on the characteristics and problems of development of the SE. KADS uses
the waterfall model as a basis to guide the development and adds refinement stages of use and
knowledge [10]. Moreover, the MIKE methodology (Model-Based and Incremental Knowl‐
edge Engineering) makes use of formal specification and semi-formal techniques during the
incremental development of the system. The phases of this model are four (Figure 1), being the
first, knowledge acquisition, made in a cyclic manner between the subphases of task analysis,
model construction and evolution. After the acquisition phase, the design, implementation
and evolution are cyclical until the system is built.

©
This
is ais paper
distributed
underdistributed
the terms of
the Creative
Commons
© 2012
2012 Boarati
Boaratiet
etal.;
al.;licensee
licenseeInTech.
InTech.
This
an open
access article
under
the terms
of the Creative
Attribution
License (http://creativecommons.org/licenses/by/3.0),
which permitswhich
unrestricted
Commons Attribution
License (http://creativecommons.org/licenses/by/3.0),
permitsuse,
unrestricted use,
distribution,
the
original
work
is properly
cited.
distribution,and
andreproduction
reproductionininany
anymedium,
medium,provided
provided
the
original
work
is properly
cited.

86

Advances in Expert Systems

It is an approach to build domain ontologies and includes the notion of a library of reusable
problem-solving methods (PSMs) that perform tasks. In PROTÉGÉ-II, PSM are decomposa‐
ble into subtasks. Other methods, sometimes called sub methods, can perform these sub‐
tasks. Primitive methods that cannot be decomposed further are called mechanisms. This
decomposition is made to allow the reuse of knowledge, an essential part of the methodolo‐
gy. The choice of which method is suitable for the development of an intelligent system is
essential, given the complexity of systems in the field of artificial intelligence (AI). It is im‐
portant to define a process that systematizes the life cycle, allowing a greater skill in eliciting
and models description. In this work, it was elaborated a guide for knowledge acquisition
based on ontologies [9] and applied to the extension of an expert system of recommenda‐
tions (guidelines) for designing human-computer interfaces.

Figure 1. Stages of knowledge acquisition, design, implementation and evolution from MIKE.

This expert system called GuideExpert was expanded to include recommendations about
profiles of users with learning disorder (TA), attention deficit disorder / hyperactivity
(ADD / H) and advices on cognitive learning styles (ECAS). The learning disorder is defined
where individuals can not develop as expected in appropriate age scholl [22], on the other
hand the deficit of attention disorder/ hyperactivity and impulsivity [1]. In turn, the cogni‐
tive learning styles represent a categorization of the cognition particularities with their re‐
spective skills [21]. There are several recommendations on how computer interfaces should
be designed in order to attend, in a satisfactory way, users with learning disorders and dif‐
ferent cognitive styles, among other features. Thus, the aim of incorporating this knowledge
to the GuideExpert base needed the establishment of a process for knowledge acquisition
which will be presented in the next section.
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2. Knowledge acquisition for the new GuideExpert acquaintance
The GuideExpert system is an expert system developed to assist the designer of humancomputer interfaces during the phases of design and evaluation of interfaces. The system
consists of five elements: user interface, inference engine, working memory, knowledge base
and database. Figure 2 shows the architecture of the expert system. Through a series of
questions and screens, the system selects a series of recommendations (called guidelines) of
experts in the field of interfaces. The GuideExpert in its first version consisted of three hun‐
dred and twenty six guidelines of elicited interfaces projects from various authors and ex‐
perts in the field of interfaces. To search the knowledge base of the GuideExpert it was
defined the meta-guidelines. They are concepts which embrace the guidelines according to
the common characteristics and goals [6].

Figure 2. GuideExpert expert system

In the second phase of the project, it was seen the need to incorporate in the system, the
guidelines relative to the diversity of user profiles. We identified several recommendations,
heuristic and knowledge about adults, children, handicapped users, users with deficits of at‐
tention and etc. In order to make the knowledge acquisition in this domain it was elaborated
a guide based on Ontologies. Ontology is a formal and explicit specification of a shared con‐
ceptualization [9]. The ontologies are used to structure and share the knowledge. They can
be seen as the highest level in a hierarchy of knowledge composed of vocabularies, thesauri,
taxonomies, ontologies and frames. A taxonomy is to classify information in a hierarchy
(tree) with the generalization relationship "kind-of" (parent-child) [4].
The existence of a taxonomy in GuideExpert system, formed by the meta-guidelines, moti‐
vated the ontology conceptualization for projects in human-computer interfaces. For the cre‐
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ation of ontologies there are different methods belonging to the Ontological Engineering
area. The goal of these methods is to provide tasks or steps to be followed in creating the
ontology. Among the best known in litaratura we can mention: the method of Uschold [23],
Horrocks [11], and Noy and McGuiness [14]. Uschold proposal called "Skeletal Methodolo‐
gy" uses scenarios to describe knowledge. Questions or types of questions are made primari‐
ly in order to specify the knowledge that is not being adequately addressed by the
ontologies and that will be conceptualized through questions.
The Ian Horrocks method, is composed of the following phases:
• Determine how the world (domain) must function
• Determine domain classes and properties
• Determine domains and scopes (range) for this domain property
• Determine classes characteristics
• Add individual and relationships
• Iterate the steps until end the ontology conceptualization
• Specify an ontology
• Care if the ontology already exists
• Verify the consistency using a rationalization tool or inference motor
• Verify if classes are coherent
The Ian Horrocks method goes through the definition domain, the definition of classes,
properties, etc. Another methods also start the creation of ontologies focusing on domains,
classes and hierarchies, but though questionings. This is the case of the 101 method pro‐
posed by Natalya Noy and Mac Deborah McGuiness [14]. This method brings together rec‐
ommendations and experiences using the tool for editing ontologies, Protégé 2000 [17], the
Ontolingua language [16] and the tool Chimaera [5]. This methodology focuses on the On‐
tology conceptualization phase, divided into seven steps, which involves: definition of the
ontology classes, storage of the classes in the hierarchy, defining properties and definition of
the instances.
The steps that comprise the methodology proposed by Noy and McGuinness are [14]:
1. Determine the scope of the ontology: to determine the domain and scope it is suggested
the following questions:
1.1 Which domain is desired to cover with the Ontology?
1.2 With which purpose the Ontology will be used?
1.3 For wich questions the Ontology mus provide answers?
1.4 Who is going to use and maintain the ontology?
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2. Consider the reusing of another ontologies: is whether ontology exists and refine or ex‐
tend the model to new domain or task.
3. Enumerate important terms of the ontology: is to define a list of the most common terms
in the domain and the properties they possess:
3.1 Which are the terms that are desired to be included?
3.2 Which are the properties of these terms?
4. Define the classes and class hierarchy: is to determine the consistency of the class-subclass
hierarchy, ie it should be noted that a class has more or less subclasses There are several
strategies for defining the hierarchy: top-down, bottom-up or mixed.
5. Set the properties of the classes: it is to create some concepts in the hierarchy, and then
their properties.
6. Set the values of properties (also called facets) is to describe the types of data (values ),
allowed values, domain, scope, minimum and maximum number (cardinality) for property
values, and others.
7. Create instances: it consists in choosing the class for which you want to create instances
filling the property values for each instance.
The method of Noy and McGuiness was adopted here in order to define concepts, proper‐
ties and relationships for the domain knowledge of Human Computer Interface. Thus, we
defined the classes and relationships of the knowledge of the system GuideExpert.
The method of Noy and McGuiness was adopted here in order to define concepts, proper‐
ties and relationships for the domain knowledge of Human Computer Interface. Thus, we
defined the classes and relationships of the knowledge of the system GuideExpert.
2.1. GuideExpert Ontology
The Guidelines of the project of the GuideExpert were classified in a taxonomy consisting of
10 meta-guidelines, including: Feedback System, Data Protection, Documentation, interac‐
tion, presentation of data, Internationalization of interfaces, Colors, Terminology Interface,
Design, and Assisting people with disabilities.
From this taxonomy, the ontology was defined, following the steps of the methodology pro‐
posed by Noy and McGuinness [14]. At the stage of conceptualization of theontology for the
system GuideExpert it was elicited domain, objective information, users, tasks and resour‐
ces, namely:
• Domain definition: concepts of human-computer interfaces;
• Definition of the main goal or purpose: create an ontology to guide the search for guide‐
lines (recommendations) of project interface;
• Definition of informations about the ones that should provide answers: related to the con‐
cepts established on the metaguidelines.
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• Definitions of the users: the potencial users of the ontologies are the engineers of the inter‐
faces Human-Computer and learners of the development of interfaces projects.
• Definition of tasks: the main tasks held for the development of the ontologies consist in
following the steps of the Noy and McGuiness methodology in this first step of the re‐
search.
• Definition of the resources: the resources needed for the development of the ontology are
the computational tool to model the ontology and the language to formalize it. These
steps will be developed in the next steps of the project.
Subsequently, based on the taxonomy, it was defined the classes and relationships. The
main classes were expanded in most relationships and subclasses according to the recom‐
mendations of guidelines that exist in the system GuideExpert. Figure 3 shows the concept
of class interaction with the relationships used (Table 1).

Figure 3. Diagram of the subclass interaction ontology.

Relationship

Meaning

Is-a

Indicates that one class is subclass of another.

s_PartOf

Indicates that one classe is part of another

hasValue

Indicates that one class obtain values from another class.

defines

Indicates that one class defines a determinate concept from another class

discovers

Indicates that a class discovers a determinate pattern by another class

Table 1. relationships dictionary
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Once elicited the ontology, it was used for the acquisition of knowledge about the guidelines
for user profiles. For each of the ontology classes it were surveyed authors and experts in
the field of interfaces. Thus, it was possible to expand the taxonomy with more concepts and
relationships. The method of eliciting followed, based on the ontology, was the following
(Figure 4):
1.

Selecting of a class of the ontology of the GuideExpert.

2.

Elicit questions that can be answered by specialists.

3.

Make the acquisition of this knoweledge.

4.

If a new knoweledge if found, describe the class and add it to the ontology.

Figure 4. Knowledge acquisition process based on ontologies used in GuideExpert.

It was incorporated into the knowledge base of the GuideExpert, one hundred thirty six spe‐
cific guidelines of the profile of users and special features such as: ADHD users, users with
Analog Analytical cognitive style, etc.

3. Heuristics for user interface design in the context of cognitive styles of
learning and attention deficit disorder
The user population is not a system composed of only one type of user. In general, there is a
mixture of multiple profiles of users who need to somehow get their needs met [15].
Speaking of users interacting with computers, we refer to the user’s knowledge that should
be taken into account in the design of an IHC. Below are some features that must be ob‐
served during the interface design [12],[13],[20]:
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• The presence of an internationalized system or used in more than one country or region.
Each country or region has its own peculiarities. Dialects, cultures, ethnicities, races, etc.
All these elements end up generating needs that to be satisfied;
• These characteristics are considered common in a traditional interface, may not corre‐
spond to those made for children. They have unique needs for their age. Beyond these
specific needs for the children users the designers need to deal with the dangers that are
usually present in a web environment, such as pornography and violent or racist content;
• The existence of elderly among the users should be checked for these and needs met;
People with special needs are another installment of the user community of the system and
need adjustments in the system to operate in the environment without difficulty.
For the ECAs we used the basis of the research article: Project Tapejara from Souto [21]. The
ECAs refer the subject’s characteristic way of learning new concepts or even to generate
elaborations of prior knowledge. According to Madeira, et al. (Bica et al., 2001), the ECAs
are: Analogue-Analytical (AA), Concrete-Generic (CG), Deductive-Evaluative (DA), Rela‐
tional-Synthetic (RS) and Synthetic-Evaluative (SA).
• Analogue-Analytical Style: using prior knowledge, seek information using standards of
comparison. The information is analyzed in blocks. Performs elaborations relating the
previously acquired knowledge and the new.
• Concrete-Generic Style: trying to understand the contents in a linear and sequential way;
works with memorization through systematic exemplification. The individual is pragmat‐
ic and careful.
• Deductive-Evaluative Style: is systematic and critical, making analysis of the information.
Does not consider concrtet examples. His work and attention are high.
• Relational-Synthetic Style: the individual better understands the information through pic‐
tures, colors, diagrams, etc. Has the ability to abstract hypotheses.
• Synthetic-Evaluative Style: by intercalation between the global view of data and its evalu‐
ation, seek to learn new information, analyzing them as a whole. They organize the study
material, preferring theoretical material; they are systematic.
Souto [21] states that users having Analytic-Analog style "may require more time for learn‐
ing, because when confronted with new information, tend to get a considerable depth on the
subject, through intense".
Users having Concrete-Generic style, Souto [21] says that they "tend to be pragmatic and
careful in their learning situation. The learning objectives, evaluation criteria and feedback
must be clear to this style, because then he can work towards the goals”.
Users having Deductive-Evaluative style “may come to disregard large number of concrete
examples, when they believe they have already understood the logical pattern underlying
the new information” [21].
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Relational-Synthetic style users “tend to have ease of mind to work with images and appre‐
ciate the use of charts, diagrams and demonstrations. They are profecient in working with
charts and mind maps" [21].
Synthetic-Evaluative style was not evaluated because "the subject of this class carryies fea‐
tures from the analytics, synthetics, and evaluative" [21].
In analysis of the cognitive styles of learning, this study concluded that:
• Analogue-Analytical style (AA): the user cares about the information in blocks, prefers
everything organized. Regarding to the interfaces, it is more preferred that objective, or‐
ganized, with infomation presented clearly, without many shades. These users prefer the
basic colors, or colors worked according to the information and its importance.
• Concrete-Generic style (CG): colors should be worked upon the variations of the same
color, ie, linearly, less elaborate, meeting the expectations of those who receive informa‐
tion and belongs to that kind of style.
• Deductive-Evaluative style (DE): the information may be indirect, can cause the user hav‐
ing to think to acquire information.
• Relational-Synthetic style (RS): users better understand the information presented
through images, different colors, diagrams, etc. The own style is defined with the use of
characters, colors and pictoric examples.
• Synthetic-Evaluative style (SE): the presentation is not what counts most, but the content.
A presentation with plenty of written information is of utmost importance. Coherence
and justification of the data determine how the user will engage with the text.
From the CLSs (Cognitive Learning Styles) studied, we found that it is extremely important to
take into account the characteristics of each user in the construction of new interfaces for the
computer. We must take into consideration the colors used in the construction of the interface,
the way that the information must be displayed, directly or indirectly, if the interface must be
objective or not, using figures. It was necessary to relate the CLSs with users suffering from At‐
tention Deficit Disorder (ADD) or Attention Deficit Disorder with Hyperactivity (ADHD) be‐
cause they are related to learning style and how each acquires knowledge.
The people with ADD and ADHD can not develop the scholar knowledge as expected for
their ages. The diagnostic in the scholar age is common because in this period can be found
the difficulties of attention and remain silent as the studies of Siqueira and Gusgel Giannetti
[22], Rosa Neto and Poeta [18].
This research contributed to the GuideExpert tool incorporating new knowledge items to it,
enabling the groups of users with different learning styles (CLSs) and users suffering from
attention deficit disorder (ADD and ADHD) to obtain special guidelines.
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MetaGUIDELINES
9.13

Volume/sound design

9.14

Mouse design

9.15

Keyboard design

9.16

Source design

9.17

Help design

9.18

Link design

9.19

Figure/image design

10

Assistance to people with disabilities

10.3

Asssitance to people having ADHD

10.4

Assistance to people having visual disabilities

11

User Types

11.1

Elderly Users

11.2

Children Users

12

CLS – Cognitive Learning Style

12.1

AA – (Analogue-Analytical)

12.2

DE – (Deductive-Evaluative)

12.3

RS – (Relational-Synthetic)

12.4

CG – (Concrete-Generic)

Table 2. Augmented expert system taxonomy

Figure 5. Rule Knowledge Base - People with ADD - Children – Elderly

Eighteen new classes were created and added to the taxonomy, according to the surveys [3],
[22] and [18]. The newly added metaguidelines are listed at Table 2
R1: When carriers _ADD == child
Then meta-guideline = help_add; user_child
R2: When carriers _ADD == elderly
Then meta-guideline = help_add; user_elderly
R3: When carriers _ADHD == child
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R1: When carriers _ADD == child
Then meta-guideline = help_adhd; user_child
R4: When carriers _ADHD == elderly
Then meta-guideline = help_adhd; user_elderly
R5: When carriers _ colorblindness== child
Then meta-guideline = help_ colorblindness; user_child
R6: When carriers _ colorblindness == elderly
Then meta-guideline = help_ colorblindness; user_elderly
R7: When carriers_visual_impairment == child
Then meta-guideline = help_ visual_impairment; user_child
R8: When carriers _ visual_impairment == elderly
Then meta-guideline = help_ visual_impairment; user_elderly
R9: When carriers_special_need == child
Then meta-guideline = help_ special_need; user_child
R10: When carriers_ special_need == elderly
Then meta-guideline = help_special_need; user_elderly
R11: When eca_aa == child
Then meta-guideline = eca_aa; user_child
R12: When eca_aa == elderly
Then meta-guideline = eca_aa; user_elderly
R13: When eca_cg == child
Then meta-guideline = eca_cg; user_child
R14: When eca_cg == elderly
Then meta-guideline = eca_cg; user_elderly
R15: When eca_da == child
Then meta-guideline = eca_da; user_child
R16: When eca_da == elderly
Then meta-guideline = eca_da; user_elderly
R17: When eca_rs == child
Then meta-guideline = eca_rs; user_child
R18: When eca_rs == elderly
Then meta-guideline = eca_rs; user_elderly
Table 3. Rule Selection

95

96

Advances in Expert Systems

The knowledge basis of GuideExpert consist in the “WHEN-THEN” rules. This study adds
the 18 selected rules that were created according to the preview research to the base already
built, and follow the same syntax as shown in Table 3.

Figure 6. Guidelines - People with ADD - Children

Figure 7. Cognitive Learling Style elicitation.

As example is shown in Figure 5, the rule knowledge base for people with ADD related to
children and elderly people. It was increased to the knowledge base tool.
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For the construction of the selection rules we cross information of users of ECAs with ADD
and ADHD disorders and other characteristics, we used the parameter age (child and adult).
The resulting guidelines for the rule R1, for example, is shown in the Figure 6, which was
selected set of guidelines for users with ADD and set of guidelines for user-child.

Figure 8. User Profile Analysis

Figure 9. HCI evaluation interface

We recommend changes to the GuideExpert interfaces because of the addition of new taxono‐
mies. The changes were suggested in the items: task analysis (because it does not allow the user
to choose the user “child” and also to choose the needs of the users); context analysis (new
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items of graphical user interface were added); evaluation of interface design (new items of
choices were added for the visual deficient, special needs, ADD, ADHD and others).
GuideExpert user interface was updated with new questions related to the cognitive learn‐
ing style, as shown in Figure 7.
Figure 8 shows the elicitation of the difficulties. The question is if the user has some kind of
need such as: ADD, ADHD, color blindness, visual impairment, other disabilities. The sys‐
tem also questions about the user's age (Figure 8, highlighted in red).
The other GuideExpert user interfaces that have changed refer to task analysis, where new
items were added to the description of the GUI and interface evaluation. Options have been
added to select among different profiles: child users, visually impaired, special needs, ADD,
ADHD (Figure 9, highlighted in red). The screen shown in Figure 9 allows the Guide Expert
system to select a series of recommendations to evaluate an interface. In order to allow this,
the user must highlight the main features of the interface.
By extending GuideExpert it will be possible to specialize more and more recommendations;
it will help the designer to automate a way of selecting guidelines that will guide the design
or evaluation of interfaces.

4. Conclusions
It was observed during this study through the references related to the proposed theme, au‐
thors are conceptualized as Nielsen, Shneiderman and Plaisant, making several recommen‐
dations for building interfaces for children, elderly, etc. However, most of the
recommendations deals with isolated aspects of the characteristics of users. It was noticed a
large gap in this area in order to relate more than one feature. Given this problem, this study
examined the learning styles and attentional deficits, allowing to generate a series of recom‐
mendations, guidelines, that fit the specific characteristics of the users profile. At the stage of
acquisition of this new knowledge it was used as basis the class ontological description re‐
lated to the content of the knowledge of GuideExpert. Following the methodology for ontol‐
ogy construction, it was made the acquisition of knowledge and conceptualization of new
classes. Thus, a new taxonomy was added to the GuideExpert system together with the
guidelines. The use of these recommendations helps the designer to interface with more
knowledge giving the possibility to access them in an automated fashion and with various
features, resulting in better recommendations and with best models specified by users.
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1. Introduction
In the area of control engineering, it is necessary to work in a continued form in obtaining
new methods of regulation to remedy deficiencies that already exist, or to find better
alternatives to which they were used previously, for example [1, 2]. This dizzying demand of
applications in control, is due to the wide range of possibilities developed until this moment.
Despite this upward pace of discovery of different possibilities, it has been impossible up to
now to derail relatively popular techniques, such as the "traditional" PID control. Since the
discovery of such regulators by Nicholas Minorsky in the area of automatic steering of ships
[3, 4] since 1922 by now, many studies on this regulator are made. It should be noted that
there are numerous usual control techniques for the process in any field, where innovations
were introduced, for example thanks to the inclusion of artificial intelligence in this area,
[5]. Despite this, the vast majority of its implementation uses PID controllers, raising the
utilization rate up to 90% [6], according to different authors. Their use continues to be very
high for different reasons such as ruggedness, reliability, simplicity, error tolerance, etc.
In the conventional PID control [6, 7] there are many contributions made by scholars as
a result of investigations conducted on the subject,. There are many expressions among
them, for obtaining the parameters that define this control, achieved by different routes and
operating conditions specific for the plant that tries to control.
Emphasize that formulas developed to extract terms, which are sometimes empirical, always
go out to optimise a particular specification. On the other side often happens that when one
of the parameters is improved, other gets worse. We need to indicate that the parameters
obtained applying the formulas of different authors are a starting point for setting the
regulator. Usually it is necessary to proceed afterwards to a finer tuned test-error.
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The vast majority of real systems are not linear. This occurs notably in the steering of ships,
from which long time ago emerging models as the first or second order Nomoto model [8],
the Norbbin model [9] or the Bech model [10]. Nowadays this feature remains a cause for
study [11, 12] according to their working point, certain specifications will be required to
be equal in all areas of operation. Thus different values of the regulator parameters will
be needed in each of these areas. Having this in mind, self and adaptive PID regulators
[5, 13–15] are a good solution to reduce this problem. Though it should be noted that its
implementation is quite difficult, expensive and closely linked to the type of process which
purports to regulate, being sometimes difficult to establish a general theory in this type of
PID controllers.
To alleviate these difficulties it can be applied the well-known Gain Scheduling method,
which is easier to implement, and with which are obtained highly satisfactory results. The
concept of Gain Scheduling arises at the beginning of the 90t’s [16], and it is considered
as part of the family of adaptive controllers [13]. The principle of this methodology is to
divide a non-linear system in several regions in which its behaviour is linear. Thus we
obtain parameters of the controller that allow having some similar specifications around the
operating range of the plant.
To implement the Gain Scheduling at first it is necessary to choose the significant variables
of the system according to which it is going to define the working point. Then it is necessary
to choose operating points along the entire range of operation of the plant. There is no
systematic procedure for these tasks. Often at first step are taken those variables that can
be measured easily. The second step is more complicated because of the points that have to
be selected. The system can be stable at them for the parameters of the controller deducted,
but it does not have to be stable between the selected points. This problem has no simple
solution, and when it exists, there is usually particularized, that is why a subject has been
studied by researchers, see for example [17–19].
A way to solve the problem is using artificial neural networks, which is a known side of the
Artificial Intelligence that is in general difficult and uses other techniques. There are some
similar cases where their work is to be resolved by this technique [20, 21], as well as other
techniques of artificial intelligence [22, 23]. As it will be shown throughout this document,
the use of the proposed method may be feasible in many cases.
This document is structured starting with a brief introduction of the topology of PID
controller, which it is used to show an explanation of the method proposed above. Then
is exposed a description of its application to the model of a ship, which is a non-linear
system, to carry out the steering control with the proposed methodology. That is applicable
in different steering models of existing ships regardless of the complexity. It ends with the
validation of the method, making simulations under different conditions.

2. The PID controler
There are multiple representation forms of PID controller, but perhaps the most widespread
and studied is the one given by the equation 1



de(t)
1
e(t)dt + Td
u(t) = K e(t) +
Ti
dt

(1)
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where u is the control variable and y is the control error given by e = YSP − y (difference
between the reference specified by the input and the output measured in the process). Thus,
the control variable is a sum of three terms: the term P, which is proportional to the error,
the term I, which is proportional to the integral error, and the term D, which is proportional
to the derivative of error. The controller parameters are: the proportional gain K, the integral
time Ti and the derivative time T − d.
There are multiple ways for the representation of a PID controller, but to implement the
PID controller used and defined in the formula above, and more commonly known as the
standard format [6, 7], shown in representation bloc, it is shown in Figure 1.

P

I



D

Figure 1. PID controller in standard format

There are infinite processes that exist in industries whose normal function is not adequate
for certain applications. The problem is often solved by using this controller, by which the
system is going to obtain certain specifications in the process control leading them to optimal
settings for the certain process. The adjustment of this controller is carried out by varying the
proportional gain, and the integral and derivative times commented in its different forms.

3. Adjustament methods of parameters controller with gain scheduling
On many occasions this method is known as the process dynamic changes with the process
operating conditions. One reason for the changes in the dynamic can be caused, for example,
by the well-known nonlinearities of processes. Then it will be possible to modify the control
parameters, monitoring their operation conditions and establishing rules. The methodology
will consists of first application of Gain Scheduling, analyzing the behaviour of the plant in
question at different points of work and establishing rules to program gains in the controller,
so that it will be possible to obtain certain specifications which remain, in the possible
extent, constant throughout the whole range of operation of the process. This idea can
be schematically represented as shown in Figure 2.
The Gain Scheduling method can be considered as a non-linear feedback of a special
type; it has a linear controller whose parameters are modified depending on the operation
conditions, with some rules extracted and previously programmed. The idea is simple, but
its implementation is not easy to carry out, except in computer controlled systems. As it is
shown in Figure 3, operating conditions that indicate the working point that is the process,
with the specific rules learned, program in the controller, the parameters selected.

4
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Knowledge Based
Tuning Rules

INPUT

+

-

ERROR

PID Controller with
Gain Schedulling

Operating
Points

OUTPUT

Non Linear
System

Conditioning sensor

Figure 2. Gain Scheduling control schematic

4. Implementation with neural networks instead of the knowledge base
tuning rules
The replacement of the rules that define the gains of PID controller based on the working
point system is raised by a neural network whose inputs are the operation conditions of the
plant, and as outputs it will have the parameters of PID controller (K, Ti and Td). The neural
network used is a network type MLP (Multi Layer Perceptron) with a similar topology to the
one shown in Figure 3.

K
System
Conditions

104

Ti
Td

Figure 3. Neuronal network structure

It is possible to raise several simple neural networks for each parameter instead of one,
in which all of them have as input, the system conditions but the output is the controller
parameter in each case.
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5. Nomoto model of ship-steering process
To analyze a ship’s dynamics as a Nomoto model it is convenient to define a coordinate
system as indicate in figure 4.

ψ

δ
u

v

x
y

V

Figure 4. Coordinates and notation used to described the equations

Let ’V’ be the total velocity, ’u’ and ’v’ the x and y components of the velocity, and ’r’
the angular velocity of the ship. In normal steering the ship makes small deviations from
straight-line course. The natural state variables are the sway velocity ’v’, the turning rate ’r’,
and the heading ’ψ’. The equations 2 are obtained, where ’u’ is the constant forward velocity,
’l’ the length of the ship and ’a’ and ’b’ are parameters of the model ship.

u
u2
dv
dt = l a11 + ua12 r + l b21 δ
u
u
u
dr
dt = l 2 a21 v + l a22 r + l 2 b2 δ
dψ
dt = r

(2)

From equation 2 is determinated the transfer function from rudder angle to heading in the
equation 3.

G (s) =

K (1 + sT3 )
s(1 + sT1 )(1 + sT2 )

(3)

where,
K = K0 u/l
Ti = Ti0 l/u

i = 1, 2, 3

(4)

The parameters K0 and Ti0 are parameters of ship model. In many cases the model can be
simplified to equation 5.
G (s) =

b
s(s + a)

(5)
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where,

 2
 2
b = b0  ul  = b2 ul
a = a0 ul

(6)

This model is called the first order Nomoto model of a ship. Its gain ’b’ can be expressed
approximately as expression 7.

b=c

 u 2  Al 
l

(7)

D

where ′ D ′ is the displacement (in m3 ), ′ A′ is the rudder area (in m2 ) and ′ c′ is a parameter
whose empirical value is approximately 0.5. The parameter ′ a′ will depend on trim, speed
and loading and its sing may change with the operating conditions.

6. System used to verify the proposed method
To illustrate the method proposed in this document for the automatic steering of ships, it
is going to be applied to a freighter with 161 meters of length, which displacement will
range from 8,000 m3 in the vacuum until the 20,000 m3 full load. The velocity at which will
be able to navigate will be more than 2 meters per second, for which is perfectly valid the
model used, to 8 meters per second maximum velocity. It is necessary to specify that the
Servo-rudder operates at a speed of 4 meters per second limited to ±30 degrees, according
to this description the model shown in Figure 5.

 sp

4
s



Figure 5. Servo-rudder blocks diagram

The transfer function of the freighter remains as it is indicated in the expression 8, in which
was only given the value to ′ c′ that is 0.5.

 2 Al
0.5 ul
D
G (s) = 
s s + a0 ul

(8)
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It will be replaced the fixed values commented, where it should be pointed out for the case
of the freighter, that the parameter a0 has a value of 0.19 and the variable will be replaced in
each case as necessary.
To carry out the simulations and to achieve the desired data for implementing the proposed
model, it is used Matlab/Simulink. For which it is edited in the first place the following
control scheme based on descriptions made previously, shown in Figure 6.

In1

Step

Out1

PID

In1

MS

(1/2)*((v/l)^2)*A*l/D
s2 +a0*(v/l).s

Out1

Servo-Rudder

Scope

Ship

simout

Harmonic_Balance_Relay

To Workspace

Figure 6. Control scheme in Simulink format

The PID block houses, the scheme shown in Figure 7, whose structure is as the one explained
at the beginning of the document, in which it should be noted for a better approximation to
the real system, the congestion at the output of the block adder.

1

In1

Kp
Gain

1/Ti
Gain1
Td
Gain2

1
s
Inte

1

Saturation

Out1

du/dt
Derivative

Figure 7. PID block in Simulink format

The servo-rudder block has inside, the diagram of figure 8, which is neither more nor less
than the diagram of the Servo of Figure 5 in Simulink format.

6.1. System operation conditions
The operation conditions of the system are infinite therefore certain values have to be
chosen. It makes no sense to obtain parameters for multiple cases so it is necessary to
make a coherent estimate to achieve good results. One approach is to choose a reasonable
amount of equidistant values and observe the changes of the parameters for each case. If
there are substantial changes from one value to another then an opportunity of taking new
intermediate values between them will be provided.
There are own terms of the ship that will not vary as can be the area of the rudder. In this
case, the only term that will define the operation conditions or gains adjustment rules of the
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1

In1

4
s

+/-30

TF0

1

Out1

Figure 8. Servo-rudder in Simulink format

controller, are the displacement and the velocity of the ship. It is necessary to highlight that
the displacement is not going to be obviously a property that is constantly changing as can
do the velocity, even if it is in a slow way. Taking into account the above and the ranges
of values that can take each of the two parameters from which the model depends on, it is
established the Table 1 of possible conditions.

D
8000

12000

16000

20000

u
2
4
6
8
2
4
6
8
2
4
6
8
2
4
6
8

Table 1. Working points selected

6.2. Obtaining the controller parameters for each operation status
In the stage of obtaining the parameters of different working points, in the control
implementation by the scheduling of the virtual controller instead of PID controller in parallel
could be selected a hysteresis block. This is an attempt to obtain the controller parameters
using the Relay Feedback method and it will be discussed in a summarized form.
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6.2.1. Relay-feedback method
This is an alternative way to the chain closed method of Ziegler-Nichols [24–28], for the
empirical location of the critical gain (Kc ) and the period of sustained oscillation (Tc ) of the
system. It uses of the method of relay (Relay Feedback) developed by Aström and Hägglud
[13, 29], which consists in leading the system to the oscillation state by the addition of a relay
as it is shown in Figure 9.

+

-

ERROR

CONTROL
SIGNAL
PID

++

SYSTEM

Figure 9. Application scheme of Relay-Feedback

This oscillation taken from the system has a period with approximately the same value as
the period of sustained oscillation Tc (critical period). In the experiment it is recommended
to use a relay with hysteresis which characteristics like the one shown in Figure 10 with an
amplitude d and a width of the hysteresis window h.
After the assembly is done, it will proceed as follows to get the parameters mentioned:
1. Leading the process to put the process in steady state, with the system regulated by the
PID controller, with any parameters that let us achieve that status. It will be taken note of
the control signal values and the output of the process in those conditions.
2. Then the control is finished with the relay, instead of the PID controller. As a set point it
is given the value read in the output of the process in the previous step. It is introduced
in the input shown in Figure 7 as the Offset, the control signal value taken in the previous
paragraph which is necessary to put the process in steady state.
3. The process is situated into operation with the indications made in the previous
paragraph, and it is expected to become regular in the output (in practice it can be
considered to have reached this state when the maximum value of the output repeats
the same value for at least two consecutive periods).
4. It will be noted down the two parameters shown in Figure 11, where Tc is the sustained
oscillation period.
5. The critical gain of the process is determined by expression 9.
Kc =

4d

√

π a2 − h2

(9)
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d
h

h

-d

Figure 10. Hysteresis for Relay-Feedback

Tc

a

Figure 11. Parameters to read in the sustained oscillation (critic period)

The Relay Feedback has the advantage that adjustment can be made on the set point and it
can be carried out at any time. However, a problem is that to tune, the process must exceed
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the set point on several occasions and there could be cases in which this is inadvisable
because of the damage they can cause during the process.
6.2.2. Obtaining the parameters Tc and Kc
In the particular case shown in this paper, there is no need to implement the hysteresis
mentioned in the explanation of Relay Feedback with a window, because works with a
relatively slow system. Instead, a simple comparator as the one shown in Figure 12 will
be sufficient.

d

-d

Figure 12. Hysteresis for the plant tested

Logically the value of h is zero and the value of d is 0.5. It is established as set point a value
of 0.5, and the offset for this case is not necessary because it would be zero. Under these
conditions the system becomes operational, and the result obtained is shown in figure 13.
It is necessary to pay attention to the final zone, where the oscillation is now stabilized and
periodic, and with the expressions commented above for the Relay Feedback method, the
extracted parameters are Tc and Kc .
6.2.3. Obtaining the PID controller initial parameters
With the parameters that have been obtained in the previous paragraph, it is possible to get
the controller parameters applying direct formulas, achieving the three terms of the regulator.
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1
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0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

0

500

1000

1500

2000

2500

3000

Figure 13. Result of application of Relay-Feedback in a working point

K
Ti
Td

=0.6 x Kc
=0.5 x Tc
=0.125 x k c

Table 2. Ziegler-Nichols formulas for closed chain

In this case it will be necessary to obtain them for a criterion of changes in the load (for load
disturbances rejection).
Taking this into account the expressions to tune controllers in closed chain of Ziegler-Nichols
will be applied. They are the pioneer formulas for obtaining controller parameters, and
they are good at changes in the load. The specification that it is trying to obtain is a list of
overshoot of a quarter decay ratio, which means that in the face of the input of a disturbance,
the successive overtopping of reference, are four times lower than the previous one (damping
factor of 1/4) . Such expressions are shown in Table 2.
6.2.4. Fine tuning of the controller
The parameters obtained in the preceding paragraph would be necessary subject to a
fine-tuning, because the results reached are not suitable.
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In this most delicate task of adjustment it is necessary to indicate that it should not saturate
the output controller at any time. It is necessary to reach a compromise, since an excess
of proportional gain causes a fast response in the output and with little overshoot, which
apparently is ideal, but under these conditions the servo is constantly fluctuating, which will
cause it to deteriorate in a short period of time. As conclusion, it is going to search gradual
outputs, without saturation or sudden changes such as the case shown in Figure 14.

15

10

5

0

-5

-10
0

500

1000

1500

2000

2500

3000

3500

Figure 14. Example of steering and control signal to the rudder

It is necessary to indicate that for this model the method of adjusting parameters
Ziegler-Nichols is not the ideal, since the initial values of the parameters do not give good
results, differing greatly from those achieved after fine-tuning.
6.2.5. Parameters obtained for each case
Taking all the comments above into account all the comments above we obtain the controller
parameters fine-tuned for each of the cases discussed above, which seeks a criterion of
minimum overshoot and maximum speed for the restrictions presented in the preceding
paragraphs. In this way we reach the parameters of the table 3.
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D
8000

12000

16000

20000

u
2
4
6
8
2
4
6
8
2
4
6
8
2
4
6
8

K
3
1
1
1
4
3
1
1
6
3
1
1
6
4
1
1

Ti
350
300
350
350
350
300
350
350
400
300
350
300
450
350
350
300

Td
90
80
80
80
80
90
95
85
90
90
90
85
90
90
90
90

Table 3. Controller parameters obtained for each rule

6.3. Implementation of the neural network
It has been designed a neural network type MLP (Multi Layer Perceptron) for scheduling of
each one of the controller constants K, Ti and Td . They all have two inputs, which are the
displacement and the velocity of the ship, and one output that is the corresponding constant.
The neuronal network has an intermediate layer with 5 neurons for K and 6 for Ti and Td .
This structure has been adopted after many tests with different numbers of neurons in the
middle layer (tests were made from 4 to 9 neurons in the middle layer) for each of the neural
networks. The activation functions of neurons in the middle layer are a kind of hyperbolic
tangent, except in the output layer, where one neuron is with a linear function.
Once this configuration is selected it is shown the different characteristics of the training
carried out with backpropagation learning. It has been made the training of K, Ti and Td at
531, 705 and 686 respectively epochs, with an average error at the end of the training less
than 1%. The artificial neural networks have been trained off-line, although the checking of
its proper operation has been performed on line.

7. System assembly and verification of results
It is implemented in Simulink (Figure 15) the system diagram. If it is compared with the
model used for obtaining the controller parameters in the different representative points
of work, it is possible to observe that the relay block , has been eliminated, and the PID
controller has been replaced for a block, which name is Neuro-PID.
The internal diagram blocks of the Neuro-PID controller, is shown in Figure 16 in the format
that has been implemented in Simulink.
As it is shown in Figure 16 a PID controller is implemented where the earnings are the
outputs of the artificial neural networks and which inputs are the displacement and the
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In1

Step

Out1

In1

Neuro_PID

(1/2)*((v/l)^2)*A*l/D

Out1

s2 +a0*(v/l).s

Servo-Rudder

Scope

Ship
simout
To Workspace

Figure 15. System on Simulink format

1
In1
Product
1
s
Divide

Integrator

1

Subtract

Saturation

Out1

du/dt
p{1}
D
Constant

v
Constant1

y{1}

Product1

Derivative

K Neural Network

p{1}

y{1}

Ti Neural Network1

p{1}

y{1}

Td Neural Network2

Figure 16. Neuro-PID Block

velocity of the ship. The pins In1 and Out1 are the Neuro_PID block pins of the figure 15,
which control signal is joined directly to the servo-rudder.
By this way, the implemented controller will choose the most appropriate parameters for the
area in which it is working. It should be noted that more points could be obtained to train
neural networks, but it would be more expensive. Furthermore, the neural network itself
follows the tendency of data, already interpolates properly between them, showing one of
the advantages of its use.
To validate the model created it is resorted to its simulation with different values of the
parameters, on which depend the velocity model and displacement.
It has been made different tests at multiple points of work, and in Figure 17 is shown four
representative examples in which in all cases is made a steering to -5ž and once stabilized to
+10ž.The answer is satisfactory and similar in all cases with the only difference in velocity
due to the different velocities. It should be noted that at small velocities to get an adequate
response of the steering, similar to the one of the entire range, it is necessary to saturate the
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Figure 17. Model response to different operating conditions

output of the controller, fact unwanted at the time of fine-tuning, but necessary to maintain
the specifications within a range of values.
After the results achieved, it is pointed a satisfactory behaviour of the implemented system,
in which the desired results of uniformity are achieved in the operation, regardless of
conditions, from which depends the model of the ship.

8. Conclusion
Obviously, in non-linear systems, such as the case of the steering a ship studied in this
document, and also working across a wide range of operation, and that could be divided in
zones with a linear behaviour, in which the control is also feasible using a type PID controller,
the option of its use with the method proposed in this paper is an option to take into account.
As an alternative to the different types of autotuning PID’s one of the easiest solutions is the
one developed in this article. It is necessary to accentuate that it is not an easy solution to
adopt, especially with continuous controllers, but with the addition of programmable control
devices this labour becomes comparatively simple.
Emphasize that difficulties in the use of PID controllers working with Gain Scheduling, have
the problem of taking those points which are significant, interpolation between them and
also could happen that the system is stable at selected points but not between them. With
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the use of artificial neural networks all these drawbacks are softened to a large extent, since
all of them are solved with the use of this aspect of artificial intelligence.
This methodology provides a uniform response of the system throughout the whole
operating range of the ship, regardless of displacement, or the velocity, parameters of which
the model depends on. If this depends on other factors, the methodology could be applied
equally to them.
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Edited by Petrică Vizureanu

Intelligent systems, known as expert systems, serve to this purpose in the extent
that they have signed as facilitators in this process. These are systems that are based
on expert knowledge, on any subject, in order to emulate human expertise in the
specific field. To obtain this knowledge, the knowledge engineers, also called software
engineers, need to develop methodologies for intelligent systems. In this area there is
still no unified methodology that provides effective methods, notations and tools to aid
in development.
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