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Abstract: This paper presents a procedure based on KDD (Knowledge Discovery Data), which allows
the analysis of a data set to obtain structured information from the behavior of the system under
specific conditions, such as system failure conditions at a hydroelectric power plant. By applying this
procedure, the information obtained, it is structured in such a mode so that it can be used on the
training of intelligent systems focused on fault diagnosis. The former procedure is necessary in the
intelligent systems development stage because obtaining an effective training set requires extreme time
and effort. The procedure was applied in the historical records of the Amaime hydroelectric power plant,
located in Palmira, Valle del Cauca, Colombia, aiming to obtain patterns of behavior of the protection
system which can be translated to different failures. This was possible by integrating a data mining
technique such as hierarchical clustering and the statistical technique called the interpolation function.
The main achievement of this work is to present a structured procedure that reduces the time to obtain
a training set. In this specific case, the training set for mechanical failure of a hydroelectric power station
was obtained, which can be used in the development of an intelligent system for failures diagnosis.
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1. Introduction

The processes in hydroelectric power plants are complex due
to the large amount energy that must be controlled (Sanz
Osorio & Almécija, 2016), for this reason, a large number of
variables are monitored and controlled. In case of a failure
occurrence, this will represent a danger to the equipment, the
surrounding areas and personnel that operate these plants
(Dominguez Gavilanes & Logrofio Vargas, 2010). In this
context, electrical and/or mechanical protections are
essential for the equipment and production process safety at
the Hydroelectric Power Plant (HPP) (Palacios, Echeverria, &
Barba, 2015).

At the HPP, qualified personnel must analyze the
information provided by the protection system records to
identify the type of failure and thus take corrective measures
(Sarkar et al., 2014). This task is complex, due to the large
amount of information that must be analyzed. Furthermore,
this information generally lacks of a defined structure and is
not centralized (Efrén & Alvarado, 2012), therefore, make a
diagnosis can take considerable time which is quantified as
economic losses by lost revenue.

For this reason, intelligent systems dedicated to fault
identification are currently being developed, which take the
signals supplied by the protection systems, e.g. the research
conducted in (Octavio et al., 2014), in which an intelligent
system based on fuzzy logic and neural networks was
implemented to identify faults in a hydroelectric plant, the
authors developed a training set using databases of load of
the electrical system of power in normal operation. Similarly
the research developed in (Amaya Simedn, 2008), developed a
rule-based knowledge base to identify failures of a HPP, these
rules were established by evaluating the behavior of the
different signals of the protection system to predictively
diagnose the state of the all equipment, in order to support
maintenance tasks. Asimilar procedure can be observed in the
investigation presented in (Dorantes, Gonzalez, & Mendez,
2014), Where a fault diagnosis system was developed for the
Power Electrical System (PES) using fuzzy logic. In general, in
the references consulted, few works applied to the diagnosis
of failures in HPP were found. Furthermore, these
investigations focus on the electrical variables of the
generation systems and not on the mechanical variables, on
the other hand, these works do not present in a clear and
structured way the methodology used to obtain the training
set. For this reason, this work presents a structured procedure
to obtain atraining set for the diagnosis of mechanical failures,
using the signals of the protection system of an HPP. As a case
of study, the investigation was applied at the Amaime HPP,
located in Palmira, Valle, Colombia (Celsia, 2020).

In this context, this work presents a procedure based on the
KDD (Knowledge Discovery Data) process that allows to

develop and optimize the time to obtain the correlations
between the output signals of the mechanical protection
system and the possible causes of failures. This information is
called a training set, which can be used in the development of
an intelligent system for diagnosing faults in HPP.

This procedure allowed to obtain the training set for the
diagnosis of mechanical failures in HPP.

This paper is organized as follows: the methodology used
to obtain a training set is presented in section 2. Section 3
describes the process of obtaining the training set applied to
an HPP. Section 4 presents the discussion of the results are
presented in section 4 and the conclusions are presented in
section 5.

2. Methodology

The procedure to obtain the training set by mean of the
application of the KDD methodological process is presented in
three parts: first, the KDD process is described. The second
part describes the types of data provided by mechanical
protection system of a HPP. The third part shows the proposed
procedure applied on a set of data to determine a training set
through the analysis of the behavior of the protection system
records.

2.1. KDD process

KDD process was exposed by Fayyad, Piatetsky-Shapiro,
Smyth, and Uthurusamy (1996). This procedure is developed
on 5 steps that allow the discovery of knowledge, starting with
raw data and ending with practical knowledge (Ristoski &
Paulheim, 2016). The process is shown in Figure 1.

The KDD process applies the following steps:

Selection: It begins with the understanding of the domain
where the application is developed, that means, it is required
to have a basic knowledge about the elements and variables
associated with the studied system. Likewise, it is necessary to
identify what is the objective to achieve at the end of this
process. Once the objective to be achieved is clear, the
information of the variables associated with the problem must
be structured in such a way that allows to select the data
group to be used on later stages (Ristoski & Paulheim, 2016).
With the data group defined the data mining technique is
selected.

Preprocessing: in this step a cleaning is done on the database
selected (delete or completing data’s) to obtain complete
records that allow subsequent analyzes, for this, statistical
data cleaning and repair techniques such as interpolation and
covariance analysis functions are used.(Ebtehaj, Bonakdari,
Zeynoddin, Gharabaghi, & Azari, 2020).
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Figure 1. Overview of the KDD process.

Transformation: After preprocessing, the data is adjusted to
an appropriate form that allows the implementation of the
selected data mining technique, for this, different strategies
are applied, such as the binarization of states in a variable or
the methods of reducing dimensions that allow optimizing the
data extraction algorithms that will be used on later stage,
thus reducing the number of variables under consideration
(Cibulkova, Sulc, Sirota, & Rezankové, 2019).

Data mining: in this stage the data is in an appropriate
format to apply the selected mining technique which can be
descriptive or predictive (Ristoski & Paulheim, 2016). In
addition to these techniques, data mining uses visualization
methods that allow to represent data graphically and
generate patterns in order to facilitate the understanding of
the information obtained (Garcia, Molin, & Berlanga, 2018).

Finally, the level of complexity in which the results can be
presented must be established, because it is necessary to
choose between information easy to understand with little
precision or information difficult to understand and very
precise (Han, Kamber, & Pei, 2012).

Interpretation: The patterns and models obtained by data
mining techniques are evaluated to determine their validity
using the visualization methods, Likewise, the relevance of the
knowledge obtained for the fulfillment of the objective set at
the beginning of the process is evaluated. In case of not
reaching the proposed objective the previous steps should be
evaluated to determine what modifications should be made
and re-execute the process (Ristoski & Paulheim, 2016).

Having defined the stages of the KDD process, below, an
application example of the different stages is performed to
obtain the training set for an intelligent system that could be used
to identify failures in hydroelectric power plants automatically.

2.2. Description of data types supplied by the protection
system of a hydroelectric power plant

Currently, HPP have a digital protection system that monitors
the operation of the mechanical and electrical components of
the system to react to anomalous situations or failures. In case
of eventuality, these protection systems activate some
protection functions, which have a logic implemented that
allows them to determine whether they should enter an alarm
state orissue a trip order that initiates a stop sequence of the
generation unit (Carrefio-Pérez, Morales-Rivera, & Rivas-
Trujillo, 2019).

As shown in Figure 2, the mechanical protection system
monitors and protects mechanical equipment using
electronic devices called PLC’s (Program Logic Control), the
actions and records of these devices are displayed through
SCADA (Supervisory Control and Data Acquisition). On the
other hand, the electrical components are monitored and
protected by digital relays, which in case of a fault, activate
specific protection functions for the type of fault, these actions
are registered in the SOE (Sequence Of Events), which is a
binary register that gives information on the electrical and
mechanical protection functions that were activated during
the fault (Penin, 2007).
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Figure 2. General architecture of the protection
system from the Amaime Colombia HPP.

In this way, the information provided by a hydroelectric
protection system for the identification of faults is divided into
the records presented by the SCADA (mechanical
components) and the relay (electrical components) that
contain both the analog variables records and the binary
variables contained in the SOE.

Therefore, the records from the SCADA and the relay
provide categorical data (binary) and quantitative data
(analog) which are divided as follows:

Alarms: categorical data, indicates that the component
associated to the sensed variable is in a state that represents
a potential danger to the operation of the plant (this does not
generate a system stop sequence).

Trips: categorical data, are states where the measured
variables exceed a set value, this set value is critical and
represents a danger to the operation of the system, for this
reason, a stop sequence of the generation system is
performed.

Analog records: quantitative data measured by the different
sensors installed in the system elements (Temperature,
pressure, vibration, current, voltage, etc.), which are stored in
the SCADA and the relay.

3. KDD process to obtain a training set for
identification of failures in hydroelectric power plants

This chapter describes the application of the KDD process,
shown in Figure 1, to obtain a training set from raw data of the
mechanical protection system of the Amaime HPP located in
Valle del Cauca, Colombia.

3.1. Data selection

A brief description is made about the hydroelectric power
plant, in such a way that it allows us to understand the
structure of the available data and, therefore, facilitate its
selection.

The Amaime HPP is listed as a small hydroelectric power
station since its operating range is below 20 MVA, it has two
turbo generator groups, each consisting of a Francis type
turbine and a salient pole synchronous generator with a
power of 11.56 MVA.

Each turbo generator group consists of subsystems with
specific functions. Figure 3 shows the mechanical elements
associated to the generation process and the subsystems that
support its operation.
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Figure 3. Subgroups of mechanical components of the
generation system, image taken from the SCADA System.

The subsystems presented in Figure 3 have a series of
sensors installed, which allow monitoring and recording the
state and behavior of the different components associated to
the mechanical system.

The mechanical variables associated to the bearings,
lubrication and pressure system are presented in Table 1, as
well as the abbreviation that will be used to refer to these
variables in this article.

Once all the analog variables that make up the turbo
generator group have been identified, the historical records of
these variables are selected.

With this, the selection of the data set is completed and the
data mining technique to be used will be selected, which
should allow the records to be separated into groups with
similar behaviors.

Having defined the data group, the next step is the
preprocessing of the available information.

3.2. Data set preprocessing

The preprocessing begins with the search of the records of
variables that presentanomalous or missing data, as observed
in Table 2. where 3 randomly chosen records are shown,
among which one presents a missing data. After locating this

data, the interpolation function shown in ( 1) is used to replace
the anomalous value or complete the missing value.

Y1-Yo

) + (X; = Xo) (1)

X1—Xo

V=Y +(

The use of this equation in this process is valid since the
sampling rate of data are 5 seconds and during this time
interval there are no significant changes in the variables of the
mechanical process, because the changes in the variables of
these systems are too slow and occurs in minute intervals.
From the above, a linear behavior of the variables between
nearby records can be assumed (Devore, 2016).

Dataset records were adjusted by searching and deleting
records when the system is out of service to avoid having fault
records that do not exist, for this, histograms such as the one
presented in Figure 4 were used, in which it is evidenced that
the monitored variable “Accumulator oil pressure” (AOP)
indicates a value of pressure zero when the system is out of
operation, this could be interpreted by the protection system
as a failure.

In Figure 5 the histogram of the filtered variable (AOP) is
shown. This procedure was repeated with each of the
variables that make up the data set.
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Table 1 Mechanical variables sensed by the bearing subsystem,
and the lubrication and pressure subsystem.

System Variable Abbreviation
Bearing block temperature, radial direction, driver side BBTRDS
Bearing block temperature, axial direction 1, driver side BBTA1DS
Bearing block temperature, axial direction 2, driver side BBTA2DS
Oil pan temperature, driver side OPTDS
Bearing System Axial vibration on the bearing shaft, driver side AVBSDS
Radial vibration on the bearing shaft, driver side RVSDS
Bearing block temperature, radial direction, opposite to driver side BBTRODS
Oil pan temperature, opposite to driver side OPTODS
Radial vibration on the bearing shaft, opposite to driver side RVSODS
Tank oil temperature TOT
Lubrication and pressure system Accumulator ol pressure AOP
Oil temperature at the tank inlet oTTI
Oil temperature at bearing oil inlet OTBOI

Table 2. Records of mechanical variables with wrong data.

BBTRDS BBTA1IDS BBTA2DS OPTDS AVBSDS RVSDS BBTRODS OPTODS RVSODS TOT AOP OTTI OTBOI

49 80 47 45 1,38 0,49 63 25 1,17 36 141 47 38
50 48 45 1,40 0,46 63 25 1,15 37 141 47 38
49 80 48 45 1,42 0,49 63 25 1,24 37 141 47 38
Histogram of AOP
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Figure 4. Histogram of the Accumulator
Oil Pressure (AOP) variable.
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Figure 5. Histogram of the Accumulator Oil Pressure (AOP) variable
without records of the system out of service.

3.3. Data transformation

In this step the adjusted data is transformed to a format that
can be processed by some data mining algorithm. For this, it
was decided to transform the numerical data of the records
into categorical data containing information on the status (ok,
alarm, trip) of each component.

In this first transformation, the setting parameters of the
protection functions presented in Table 3 were used, which
allow to determine the state of an element of the system.

With the settings presented in Table 3, the numerical values
of the variables are compared with the set values. Depending
on this comparison, each record assumes a state, i.e. When the
value of a variable reaches the alarm set value (value T1 in
Figure 6) its status changes to "alarm".

Thus, the data set like that presented in Table 4, which
provides information on the state of the system variables is
obtained.

Now, the information of interest is focused on the records
of the variables in a failure situation, therefore, a filter is done
to eliminate the rows that exhibit the normal system behavior
(rows without tripping), For this reason, the applied filter
removes all rows without presence of trip states.

Afterfiltering, a data set which exclusively contains categorical
records in fault states (rows with tripping), e.g. the fragment of
records shown in Table 5. The examples shown are only a
fraction of the total records, because the volume of records
obtained is high and it is not possible to show it in the document.

At this point, the registers have an easy to understand
structure, where the state of each variable in the evaluated
failures is known., however, it still does not have the format
required to apply the selected data mining technique, since
the clustering requires that the data be numerical to calculate
the distances between the records.

To achieve that, a new table was constructed where each
variableis divided into the states that it can assume (ok, alarm,
trip), creating for each variable in table 5 at least three new
variables in Table 6. After this new classification, for each state
of the variables it must be specified whether it is active or not,
in this way, the value “1” indicates that the variables are active
in that state and the value “0” indicates that the variables are
not active in that state. thus obtaining, the data set presented
in Table 6, in which it is observed that variables such as “AOP”
can assume 5 different states, but only one at a time.

At this point, the data transformation process is completed.
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Table 3. List of variables associated with the bearing,

lubrication and pressure system with alarm and trip parameters.

Systems Variable Alarm setting ~ Trip setting
Bearing block temperature, radial direction, driver side 80°C 85°C
Bearing block temperature, axial direction 1, driver side 80°C 85°C
Bearing block temperature, axial direction 2, driver side 80°C 85°C
Oil pan temperature, driver side 55°C 60°C
Bearing System Axial vibration on the bearing shaft, driver side 2.5mm/s 3.5mm/s
Radial vibration on the bearing shaft, driver side 2.5mm/s 3.5mm/s
Bearing block temperature, radial direction, opposite to driver side 80°C 85°C
Oil pan temperature, opposite to driver side 60°C 65°C
Radial vibration on the bearing shaft, opposite to driver side 2.5mm/s 3.5mm/s
Tank oil temperature 55°C 60°C
Lubrication and pressure svstem Accumulator oil pressure 127bar 130bar
P y Oil temperature at the tank inlet 50°C 54°C
Oil temperature at bearing oil inlet 42°C 48°C
o
1(°C)
time (s)
Figure 6. Example of protection function of temperature.
Table 4. Fragment of the transformed data set.

BBTRDS BBTA1IDS BBTA2DS OPTDS AVBSDS RVSDS BBTRODS OPTODS RVSODS  TOT AOP OTTI OTBOI
Ok Alarm Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok
Ok Alarm Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok

Alarm Trip Alarm Alarm Ok Ok Ok Ok Ok Ok  Alarmlow Ok Ok
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Table 5. Data set fragment in fault state.

BBTROD

BBTRDS BBTA1DS BBTA2DS OPTDS AVBSDS RVSDS S OPTODS RVSODS TOT AOP  OTTI OTBOI
Alarm  Trip Alarm  Alarm Ok Ok Ok Ok Ok Ok Alerer” Ok Ok
Ok Ok ok Ok Ok ok ok Ok Ok ok "M ok ok
Trip
Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok low Ok Ok
Table 6. fragment of the binarized data set.
AOP AOP AOP AOP AOP OTTI OTTI OTTI OTBOI OTBOI OTBOI
Ok AlarmB AlarmA TripB TripA Ok Alarm Trip Ok Alarm Trip
0 0 1 0 0 0 1 0 0 1 0
0 0 0 0 1 0 1 0 0 1 0
0 0 0 0 1 0 1 0 0 1 0

3.4. Data mining implementation

In the data mining process, it was decided to use hierarchical
clustering with the distance function based on the Jaccard
index and the "Ward.D" clustering method.

The Jaccard index is a method used in agronomy to
determine the similarity between two ecosystems based on
the species they present in common (Soler, Berroteran, Gil,
& Acosta, 2012). This method measures the similarity
between two groups, regardless of the type of variable that
governs them (Real & Vargas, 1996), since it calculates the
cardinality of the intersection of the two sets and then
divides it by the cardinality of the union of both groups as
shown in (2).

J(A,B) =|ANnB|/|AUB| (2)

Next, the number of clusters is specified using the elbow
method (Garcia et al., 2018), which allows determining a point
where the increase in the number of groups does not generate
a significant change in cohesion or relationship between the
centroids of each group and on the elements within each
group. In the present case study, the estimate of the optimal
cluster number is presented in Figure 7.

In it is observed that after cluster number 8 the cohesion
between the elements of each group stop increasing, and the
cohesion between the centroids of each group ceases to
decrease significantly, this indicates that the optimal cluster
number is 8.

Once the optimal cluster number is determined, the
hierarchical clustering is carried out, implementing a pruning

of the dendrogram at K = 8, this results in the distribution
presented in Figure 8.

In Figure 8 each division between nodes represents the
groups that are formed according to the relationship between
the data, in addition, the length of the vertical axis represents
the cohesion between the clusters of the same node.

The dendrogram presented in Figure 8 allows to verify that
the number of clusters supported by the elbow method is
correct, since the distances in the branches after pruning are
small compared to the distances before pruning.

After performing the Clustering, the group label is assigned
to each of the records presented in Table 5, thus obtaining
Table 7in which the sampled data set for training is presented.

3.5. Evaluation and interpretation of failure cases.
In the evaluation and interpretation process, the clusters
obtained after the data mining process are analyzed, with the
aim of verifying if the correct clustering was performed.

Next, in Table 8 a fragment of the registers that make up
cluster 3is presented, in which a pattern in the behavior of the
signals is observed, composed of a high pressure trigger in the
AOP variable and alarm signals in some other variables,
however, one record has a different behavior (record in yellow,
table 8), since it presents a low pressure trip, which is a
significantly different behavior from the real fault. This means
that the record must be removed from this group and
subsequently reassigned to the cluster that best represents it.

The behavior verification process must be carried out on
each of the generated clusters, with the aim of correcting the
records that could be poorly classified.
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Figure 8. Hierarchical cluster distribution (Distance function
Jaccard, grouping method Ward D2).
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Table 7. Data set fragment available for evaluation and interpretation.

BBTRDS BBTAIDS BBTA2DS OPTDS AVBSDS RVSDS BBTRODS OPTODS RVSODS TOT AOP OTTI OTBOI Cluster
Alarm Trip Alarm  Alarm Ok Ok Ok Ok Ok Ok Alf):;q Ok Ok  Caseb
Ok Ok Ok Ok Ok Ok Ok Ok ok Ok I;'VS Ok Ok Case8
Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok [;'VF; Ok Ok Case8

Table 8. Records grouped in cluster 3.

BBTRDS BBTAIDS BBTA2DS OPTDS AVBSDS RVSDS BBTRODS OPTODS RVSODS TOT AOP OTTI OTBOI cluster

Alarm  Alarm Alarm  Alarm  Alarm  Alarm  Alarm Alarm Ok Ok HighTrip Ok Ok 3
Alarm  Alarm Alarm  Alarm  Alarm  Alarm  Alarm Alarm Alarm Ok HighTrip Ok Ok 3
Alarm  Alarm Alarm  Alarm  Alarm  Alarm Ok Alarm Alarm Ok HighTrip Ok Ok 3
Alarm  Alarm Alarm Alarm Alarm  Alarm  Alarm Alarm Alarm Ok HighTrip Ok Ok 3
Alarm  Alarm Alarm  Alarm  Alarm  Alarm  Alarm Alarm Alarm Ok HighTrip Ok Ok 3
Alarm  Alarm Alarm  Alarm Ok Alarm  Alarm Alarm Alarm Ok HighTrip Ok Ok 3
Alarm  Alarm Alarm  Alarm Alarm  Alarm  Alarm Alarm Alarm Ok LowTrip Ok Ok 3
Alarm  Alarm Alarm  Alarm  Alarm  Alarm Ok Alarm Alarm Ok HighTrip Ok Ok 3

After analyzing each of the clusters and adjusting the
classification of the records, the interpretation of each of the
obtained patterns were made, thus the Table 9 is generated,
in which a characteristic pattern of each cluster is presented.

The characteristic pattern of the types of failure presented
in Table 9, was determined by extracting the state with the
highest frequency of each of the variables contained in the
records of each cluster.

To carry out the interpretation of each of the clusters
present in Table 9, it is necessary to correlate the knowledge
about the configuration of the plant and the types of failure
that may occur, it is recommended at this point to consult a
specialist in fault identification in HPP that corroborate the
type of failure that each cluster represents.

At as a result of this process, Table 10 is obtained, in which
each of the type of failure (cluster) showed in the Table 9 is
presented with their corresponding interpretation. The
information given in the interpretation of Table 10 should be
as detailed as possible.

Therefore, the type of failure that each cluster represents
and the variations in the signals for each cluster (example in
Table 8) define the behavior that the protection system of the
HPP can show these failures are presented. This information is
called a training data set.

4. Discussion of results

The KDD process applied to the information collected from
the protection system of the HPP allowed to clean the
information collected, since there may be cases in which the
data is incomplete or erroneous, see table 2. Missing values
were added using an algorithm that looked for spaces
without values and applied the interpolation function (1) to
add the calculated value. Therefore, a computational
algorithm allows this process to be carried out quickly and
efficiently.

Then, the analog values of the variables were categorized
according to states (ok, alarm and trip), see table 4. With this
structured data, the data mining technique called hierarchical
cluster was applied, this technique allows taking a series of
signals and grouping them into sets that have a close
relationship, table 8. Finally, the clusters that define
characteristics of some failures to be considered were
obtained, table 9.

The help of protections experts was vital in the association
of each cluster with a cause of failure, see table 10. In this
context, it is assumed that the interpretation of this
information is valid, since it is based on the great knowledge
that the experts possess about the system under study.
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Table 9. characteristic patterns of failure cases by cluster.

BBTRDS BBTA1DS BBTA2DS OPTDS AVBSDS RVSDS BBTRODS OPTODS RVSODS — TOT AOP OTTI  OTBOI cluster

Alarm Alarm Alarm Alarm Ok Ok Alarm Alarm Ok Alarm  Low  Alarm  Alarm 1
Trip
Ok Ok Ok Ok Ok Ok Trip Alarm Alarm Ok Low Ok Ok 2
Alarm
Alarm Alarm Alarm Alarm  Alarm  Alarm Alarm Alarm Alarm Ok High Ok Ok 3
Trip
Ok Ok Ok Ok Alarm Ok Ok Ok Trip Ok Ok Ok Ok 4
Alarm Alarm Alarm Alarm Ok Ok Ok Alarm Ok Ok Ok Alarm  Trip 5
Ok Ok Ok Ok Ok Ok Ok Ok Trip Ok Ok Ok Ok 6
Ok Ok Ok Ok Ok Ok Ok Ok Alarm Alarm  Low  Alarm Ok 7
Trip
Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok Ok Trip Alarm 8
Table 10. Interpretation of failure by each cluster.
Cluster Interpretation
1 oil leakage between the accumulator tank and the bearings, cause overheating on driven side bearings and opposite driven
side.
2 oil leakage between the accumulator tank and the opposite driven side bearing, causes overheating only in the opposite
driven side bearing. Possibly broken hose or valve leakage.
3 Plugging between the accumulator tank and the bearings, prevents oil from reaching the generator and causes overheating.
Possibly strangled hose or clogged filters.
4 Wear on the generator shaft which produces vibrations.
5 Cooling system failure, the hot oil that comes out of the bearings cannot cool down. Check the condition of the heat
exchanger.
6 Excessive radial vibration. Check turbine rotor.
7 Leakage between the accumulator tank and the bearings, the system has an imbalance in the generator shaft, possibly due
to wear. Check the condition of the bearing or shaft.
8 Cooling system failure, hot oil coming out of bearing is not cooled and returns to bearing at high temperature. Check the

condition of the heat exchanger.
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Therefore, correlations between the variables that make up
the protection system and different cases of failure were
obtained, determining in this way a training set or set of
patterns of protection system behavior, with this information
a user can easily build an intelligent system dedicated to the
identification of failures in hydroelectric power plants.

5. Conclusions

The described process allowed obtaining a set of records of
the variables that make up the protection system of a
hydroelectric power plant, these sets contain information of
the behavior of the variables of the protection system that
generate some failures. Therefore, the proposed procedure
allows to obtain a training set, which can be used in the
development of intelligent systems to provide support in the
process of identify failures on hydroelectric power plants.
This procedure considerably reduces the time of construction
of a training set, since it does not require establishing the fault
cases one by one.

The steps shown in the KDD process were enough to obtain
the desired knowledge, demonstrating the high impact that
data mining techniques can have in the field of fault
identification.

The process shown is not automatic and therefore the
intervention of the developer is necessary throughout the
process, the knowledge of the domain by the developer s vital
to obtain good results.

The procedure presented is easily replicable in other
industries that present digital control systems such as PLCs
and system operation records.

With all of the above, the development of this type of research
is considered to significantly reduce the time required for the
construction of complex systems such as intelligent systems,
moreover, this work demonstrates the importance of storing
the functions records in these types of industries.

As a future work, these results will be applied to an artificial
intelligence tool to diagnose electrical and mechanical
failures at the Amaime hydroelectric power station.
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