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ABSTRACT

This article is aimed to present the efficiency of neuro/fuzzy/Bayesian approach in the detection of
automatic behavior change in time series generated from monitoring instruments used in detection security
management of a dam. The method for detecting change points in a time series is divided into three steps:
clustering of the time series data using a self-organizing map of Kohonen; construction of a fuzzy set to
transform the original time series with arbitrary distribution in a new series which distribution probability
may be approximated by a beta distribution; applying a simulation of Monte Carlo via Markov chains for
determining the switching point. The identified points are classified as levels of alerts that assist in a dam
safety management. The efficiency of the method is validated through applying in a time series used in the
dam safety management of Itaipu hydroelectric power plant.
Keywords: Dam Safety. Artificial Neural Network. Sets Fuzzy. Monte Carlo Simulation.

1. INTRODUCTION
The construction of a hydroelectric power plant is
greatly important for the development of a country
and shows the enormous engineering capability in
which high qualified professionals are involved.
However, this type of building requires extensive
watching because the possibility of an unexpected
behavior may result in undesirable consequences
concerning economy, environment and safety of
people [1]. The safety of Dams is a large discussed
issue all over the world and Brazil shows great
concern with the heath if its dams.
On September 20 the law no12.334 [2] came into
effect, which establishes the National Policy of
Safety of dams intended to be loaded with water
for any use, temporary or permanent disposal of
tailings and the accumulation of industry discards,
in this context it was also created the National
System of Dam Safety Information (NSDSI). In the
article 2 item III of this law the dam safety is
defined as a set of conditions aimed to preserve its

structural and operational integrity besides the
preservation of life, health and environment.
Itaipu power plant is free from the obligations of
this law due to its binationality, yet it adopts
procedures internationally accepted and it was one
of the supporters of the law no. 12334 [3]. In this
regard Itaipu currently has about 2792 installed
instruments and 10 percent of them are equipped
with an automatic system of data acquisition which
aims to monitor the dam structural behavior
through measurements related to stress,
deformation, misplacement, pressure, water
infiltration, downstream and upstream river levels,
temperature and rainfall. These instruments enable
the obtain scans at a controllable frequency from 5
to 30 minutes. The information is processed, stored
and sent to a central station which is responsible
for processing, analyzing and comparing data and
trigger alarms [4]. Since the amount of data stored
on a daily basis is very large it is needed to use
mathematical methods for processing and
analyzing of data, which enables the construction
of models that describe the occurrences measured
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by instruments and therefore, identify and predict
possible behavior changes so to efficiently manage
the dam safety.

in the project and during the whole operation
lifetime of a dam. A way of evaluating the behavior
and integrity of a dam is through an instrument
system able to monitor its structural and
geotechnical condition [10].

Diagnosing a possible dam structural pattern
change often occurs through identifying the
behavior change of time series data collected by
monitoring instruments. Many techniques for
detecting changing points on time series are now
presented in scientific articles [5], [6] and [7].
Monitoring systems used to detect failures are
called Fault Detection and Isolation (FDI), such
systems are meant to recognize abnormal behavior
of components in a process. However the FDI
techniques depend in general on previous
knowledge of the behavior of time series such as
deterministic and statistical models. Amongst these
techniques it is possible to highlight Luenberger
observer; Kalman filter; artificial neural networks;
and neuro-fuzzy networks.

According to [10] the main target of an apparatus
plan is to ensure a proper safety level for a dam.
Monitoring through instruments enables the collect
of quantitative data which allows to obtain
extremely important information such piezometric
pressure, strain, stress and water level. However, a
proper analysis of the obtained data is needed to
identify a critical condition. An instrument system
combined with data analysis techniques allows us
to track the dam safety level through its operation
lifetime and also checking if the premises set out in
the project remain under control.
NBR 8681 – Actions and safety of structures [11]
sets out the necessary verification related to
stability analysis of a dam made of concrete as to
evaluate movement safety such as sliding, tumbling
down, floating, pressure at the base of foundation
and structure, deformation and vibrations.

In some time series it is not possible to obtain the
necessary previous knowledge to apply the
mentioned techniques. A present study which seeks
to avoid this situation is presented in [8] in which a
neuro/fuzzy/bayesian formulation is suggested to
identify a changing point in time series without
having a previous knowledge of such time series
besides enabling the detection of incipient changes,
in other words changes which gradually affect the
usual operation of a structure [9] which are difficult
to detect through other approaches that only
uncover changes with large irregularities in usual
operation conditions, which are termed as abrupt
changes.

Physically the movements mentioned to safety
monitor are explained due to the fact that the
difference in water level creates a hydraulic
gradient between upstream and downstream of a
dam forcing the water from the reservoir go
downstream so that the water level is balanced. For
such, the water percolates mainly through the dam
base solid. In the course of this process the water
which penetrated the solid provoke upwards force
under the dam; such force is called base
suppression. In addition, the water of the reservoir
also causes horizontal force which works from
upstream to downstream over the dam, which is
called hydrostatic pressure against the dam wall.
These two main types of occurrence are considered
destabilizing forces which combined may cause the
tumbling or sliding of the dam wall both by
directly efforts and by the relief of structure
weight [12].

Therefore, this article presents a variation of the
neuro/fuzzy/bayesian formulation for detecting
changing points in time series use on identifying
data behavioral change collected by monitoring
instruments of a dam, creating as a final result an
auxiliary method for dam safety management.
The present work is organized in five sections
Section two presents the importance of Dam safety
study via instrumented monitoring. The neuro/
fuzzy/bayesian method is explained in section
three. The data processing as well as its main
results is presented in section four and at last the
research conclusion is given.

Loading conditions and material quality can often
change in the course of a dam operation, hence the
set of installed instruments in a dam is an important
identifying tool of such changes.
A way of identifying possible behavior changes
can be done through visual analysis of time series
generated by monitor instruments spread
throughout the structures and base according to
project criteria. Nonetheless, a high quantity of

2. DAM SAFETY
Dam safety concept comprises many aspects such
as structural, hydraulic, geotechnical and
operational. Such aspects must be considered both
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instruments, considering large dams increases
remarkably the time of analysis to be done both
manually and in in scale, this way a method
development which seeks to automatically detect
time series that demonstrate behavior change after
any occurrence of incidents outside the structure is
greatly important because the identification of sites
which demand attention is quickly done, which
helps the dam structural safety management.

There are many strategies to treat problems of
detection of changes in time series but most of the
techniques presented need a previous knowledge of
the behavior of data that describe a time series.
A technique which does not use the previous
knowledge of the time series has been described in
[8], [9] and [14] works. This methodology is based
on the theory of fuzzy sets associated with the
bayesian statistic and has as main contribution an
approach which allows the detection of change
points in a time series without the need of knowing
previously the deterministic or probability models
that are to describe the collection of data.

3. METHODOLOGY
The detection of changes in time series is a very
important method which is frequently used on
safety of systems that have monitor devices and
aim to maintain productivity standards, policies of
correcting actions and safety management [13].
Change point analysis in a time series can be
divided into tasks such as detection of change,
pointing the moment of occurrence; classification
of change, determining the necessary level of
attention for the treatment of such change and
identifying the cause of behavior change in the
time series.

The method is divided into three steps (Figure 1):
1. Clustering of time series data through a selforganizing map of Kohonen;
2. Construction of a new time series by fuzzing the
initial time series;
3. Use of Monte Carlo simulation via MetropolisHastings algorithm for determining the change
point.

Figure 1: Steps of methodology for detection of change point of time series.

The chosen method for clustering of data is based
on a self-organized neural network of Kohonen
[15]. The main reason for the choice of clustering
of data via Kohonen network is because this
method allows flexible seting, thus determining
besides centers, a proper quantity of sets ignoring
unnecessary sets.

criteria defined by the number of associations with
elements. Also early in the process the maximum
number of iterations as well as the learning rate is
defined for the first stage of the methodology. The
impact of neuro networks are equally spread
between the maximum and minimum values of the
time series. In the end of the process the neuro
networks which remain are defined as being
clusters centers.

As this study is to focus only in time series of a
unique dimension only one door for the network is
used. The number of neurons is defined in the
beginning of the process and decreases during of
iterations through a low performance elimination

Neuro network training is neither supervised nor
competitive [16]. Only the value of the neuron
which wins is adjusted, therefore the neighboring
radius is always considered equal 1. The learning
rate is updated every iteration and varies from 0,1

3.1. Clustering via Kohonen Network
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to 0,01 in a linear basis. In the end of the training
the neurons which had a low performance, or
rather, won few times are not considered. This
process is repeated until the remaining neurons
have a considerable performance. After processing
all iterations the neurons which remain are defined
as clusters centers for the next step.

functions of pertinence are defined,
e
In the next step of the method it is needed only one
of the pertinence functions, in this article, it is used
the function
Through statistical testes it come to the conclusion
that the function
can be approximated to a
beta distribution function with diferente parameters
of entrance or rather, a beta distribution
to
and a beta distribution
to
. In
which the point m is the time series change point.

3.2. Fuzzying of Time Series
The theory of fuzzy set has been applied in this
step as a method of clustering. The classic
clustering methods set apart data in k categories,
however in many cases some elements cannot
belong to a specific category because they belong
to two or more categories simultaneously. The use
of clustering fuzzy methods is a good alternative to
solve such problem since an element can belong to
more than one category simultaneously [17].

3.3. Metropolis-Hastings Algorithm
Once the previous steps transformed the original
series, with a distribution of any probability, on a
new time series
with a function of beta
distribution probability, so a new statistic set model
is considered in a Bayesian formulation in order to
estimate the beta distribution parameters which
approximates to a new time series and therefore it
is possible to estimate the parameter m which is the
detection of a possible change point [8]. In this
step the Metropolis-Hastings algorithm has been
used to execute the Monte Carlo simulation via
Markov chains with the aim of estimate
parameters.

The fuzzy clustering method had been used in this
study to generate a new time series based on
clusters centers defined by the Kohonen network.
D’Angelo et al. [18] have shown in empirical way
that even without any previous knowledge of the
original time series, the new series generated
through
fuzzy clustering can be properly
approximated to a series on beta distribution.

The definition of a Markov chains is given as:
Given a random vector
it is
chosen a candidate value
of a
distribution with density
. The
function q is known as chain transition nucleus. It
is a function that depends on two variables the
current estate of the chain
and the candidate
value .

This way, given a time series
and, considering
a integer positive k, the fuzzy cluster consists of
{
defining
a
set
{
{
, which solved the
problem of minimizing
∑ ∑ ‖

‖

(1)

The candidate value
is accepted or rejected
depending on the probability value of acceptance
given by

where,
[∑

‖

‖

‖

‖

]

Is the degree of fuzzy pertinence of
to each center .

(

(2)

)

(3)

If the candidate value is accepted so
, on
the contrary
. This way, if the candidate
value is rejected, the Markov chain has a sequence
reiteration. Therefore, the sequence
makes a Markov chain with balanced distribution
.

in relation

The set
{
, which minimizes
the equation (1), is called center set of time series
y(t) and in this article it was defined through
clustering via Kohonen network already presented.

In practical terms the Metropolis-Hastings
algorithm is specified on the fact that in the
previous steps the processed time series follows the

Since this works seeks to find only one change
point at a time [9], just two centers are found every
application of the method and therefore two
31
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given distribution:
and

bordered, 14 kilometers
upstream from the
international bridge which connects the city of Foz
do Iguaçu, in Brazil to Ciudad del Este, in
Paraguay [19].

to
.

The parameters estimated by the algorithm are
and the change point . In this case the
choice of initial values is made using
uninformative distribution, on our study:
e
{
.

The Itaipu dam is a structure (concrete, rockfill
and soil) which serves to dam the water and get a
120 meters gap (nominal steep fall) which allows
the operation of turbines. On the top of the main
dam there are inlets, structures with gates that
allow the water go through them and reach the
pipelines and reach the spiral structures that make
the turbine spin.

For the balance function π it is used a density
function of distribution
to
calculate parameters
:
(4)

and {

to calculate parameter

The construction of Itaipu has been of great
importance for the development of the country and
showed the enormous Brazilian engineering
capability. A far advanced work for the time which
involved high quality professionals in its building.
Itaipu dam is 7.919 meters length and 196 meters
high. 12.3 million cubic meters of concrete have
been used in its construction, such dimensions
turned the dam into a concrete study reference and
dam safety [4].

:
(5)

The likelihood function of
in relation to
parameters
and is given by

∏

∏

be

(

)

(

(6)

Due to its giant size, Itaipu hydroelectric power
plant has kept since its project, constant attention
regarding the structural safety of its dam. During
its construction and later after its operation, a large
number of instruments have been installed both in
its structure and also on its foundation in order to
monitor various parameters such underpressure on
foundation and structure, seepage flow through the
foundation, deformation, structural alteration,
temperature, piezometric level amongst others.

)

the gama function.

Finally the estimated value of parameter m is
regarded as being the changing point of a time
series.

APPLICATION:
ITAIPU
HYDROELECTRIC
POWER PLANT

Itaipu currently has about 2792 installed
instruments and 10 percent of them are equipped
with an automatic system of data acquisition which
aims to monitor the dam structural behavior
through measurements related to stress,
deformation, misplacement, pressure, water
infiltration, downstream and upstream river levels,
temperature and rainfall. These instruments enable
the obtain scans at a controllable frequency from 5
to 30 minutes. The information is processed, stored
and sent to a central station which is responsible
for processing, analyzing and comparing data and
trigger alarms [4].

Itaipu is regarded as one of the greatest
hydroelectric projects in the world. It is the result
of the efforts and commitment of two neighbor
countries Brazil and Paraguay. The dam is located
in the Parana river where the countries are

One of the targets of this work is to apply the
proposed methodology in a time series using the
dam safety management. The time series selected
for analysis (Figure 2) was generated from about
1.900 weekly measurements, performed from 1980

For better control the results the proposed
methodology is applied to a series subsequence in
size n. And to determine all change points or the
subsequence the method generalization for
detecting multiple change points in a time series is
applied [14] hence, the change points are found and
stored. Afterwards, the subsequence is slid through
the whole time series in order to repeat the process.
4.
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to 2014, from a piezometer installed in the base of
key block D38 of the Itaipu dam. This instrument is
responsible for generating structural stability
monitor data in terms of sliding, tumbling or
floating directly affected by the level of
piezometric pressure on the concrete–rock
interaction. For a better understanding, the block

D38 is one of the blocks of foothills out of a set of
64 blocks which are located on the right margin
between the spillway and the main dam of relieved
gravity in which all blocks are identical in structure
and profile and are 17 meters length in the shaft,
thus with different height. [19].

Figure 2: Time serie - Piezometer

The subsequence, which was selected to illustrate
the results, has 30 points between measurements on
position 70 to 100, embracing the measure dates of
the second semester in 1982, when the reservoir of
Itaipu was filled with water which cause a
remarkable increase in piezometric pressure levels
in the concrete–rock interface. This behavior
change is noticeably visible in the time series
generated by the piezometer under analysis.

5. RESULTS AND DISCUSSIONS
In order to detect change points of this time series,
an algorithm has been developed in the software
MATLAB R2011 based on the presented
methodology, and applied to windows of time
series formed by subsequences of 30 elements, one
at a time. Finally, these windows are slid along the
time series as to identify possible change points.

Figure 3: Results of methodology of change point detection applied to subsequence.
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With the aim of showing that the methodology
exposed in the article is potencially able to
automatically detect the change points in a time
series without the need of any previous statistic
knowledge of the series under analysis, the method
has been used on the chosen subsequence.

series
e
which can be approximated by a beta
distribution (Figure 3b).
Once having the previous knowledge of probability
distribution of the transformed series
, it is
possible to develop a Monte Carlo simulation via
Metropolis-Hastings algorithm in order to estimate
the change point . Figures 3c and 4d show results
generated by 5000 simulations revealing that the
change point likely occurs in the position n.7 (or
position 77 of the complete time series). Therefore,
it is possible to see in the Figure 3e that the
position 7, automatically detected by the presented
methodology , correspond perfectly to the intuitive
knowledge about what is one of the behavior
changes in values generated through measurements
in some physical process.

Initially the algorithm generated, from a complete
time series, the subsequence of interest, in this case
30 points which vary between measurements 70
and 100 (Figure 3a) and thus in the new formed
series, the position 1 represents the position 71
from the original series, the position 2 represents
the position 72 and so on, as such the point found
will be added to the value 70 from the original
series to determine in which measurement it is
possible to find the change point in the original
time series. Afterwards a clustering via Kohonen
network of the selected subsequence is madewhich
allows us to obtain the centers
e
(Figure 3a). Once the centers are
defined the fuzzy process is applied to the original
series through the pertinence function defined in
Equation (2). This step generates two new time

At last the methodology has been applied to all
sliding windows which, going along the complete
time series, enables us to observe all change points
of a time series as shown in Figure 4.

Figure 4: Change points of time series detected through methodology.

time series presented in this article, is a relevant
contribution to help dam safety management.
Implementing it may accelerate the process of
identifying past occurrences, giving knowledge and
experience on future other cases.

5. CONCLUSION
The safety management of a dam embraces many
areas and one of them is the constant monitor of the
involved structures, which most of the times is
given by a high quantity of installed instruments in
strategic places, hence a gigantic amount of data
for analysis is generated. Therefore, analytical
techniques which help the reading of data, are large
interest to dam safety management.

Yet a lot can be enhanced, leading to different
study possibilities. An intriguing theme for future
studies is the classification of change points found
through the Fuzzy theory and analysis of
probability distribution of change points, enabling
the analysis of a line of flows that describe the

With this in mind, it is possible to affirm that the
methodology used in change point detection in a
34
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Probability of a Change”, Comput. Stat.
Data Anal., vol. 42(2), p. 255–268, 2005.

relation of each instrument to possible block
behavior change.
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