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Abstract. The technological evolution of sensors, electronics, embedded systems and simulation algorithms have been
improving the maintenance activities, especially the predictive maintenance. These technological advances have provided
a new view over the existing maintenance practices. The advent of new computer systems, the development of signal
processing and simulation algorithms, have provided new approaches in industrial control systems leading to the propose
new reliability and availability models for equipments and systems. Moreover, they have increased the precision in
failure pattern recognition, have extended the assessment and diagnosis of damages in equipments and systems, and
have added intelligence to existing control systems. Several techniques of signal processing and artificial intelligent, for
example, were implemented by the Industry/University Cooperative Research Center on Intelligent Maintenance Systems
(IMS) in a toolbox called Watchdog AgentT M . This toolbox is already used succesfully to prevent failures in several
industry manufacturing systems. This paper presents the implementation of a intelligent maintenance system, using signal
processing techniques and statistical methods existing in the Watchdog AgentT M , for prevent damages and additional
costs due to unexpected faults in electronic valves. The main idea is to determine and assess the performance degradation
of valves and prevent failures. This system uses torque data from sensors installed in the valve. In this paper we present
the configuration and model development for a correct application of the toolbox, as well as three examples of use of these
models.
Keywords: Maintenance, Prediction, Diagnosis, Failures, Watchdog Agent.
1. INTRODUCTION
The equipments or industrial processes, as they are used, are submitted to several kinds of degradation: wear out,
dust, corrosion, humidity, cracks, and other anomalies. In case that some corrective practices are not taken in order to
restore the equipments, they will present some defect: noise, vibration, increase of temperature, and others. Remaining
the defect, not being carried through a corrective action, the equipments or processes might fail.
Thus, it has become crucial to manufacturing industries to find out and prevent failures in equipments through quantifying the degradation in a way that the damages and maintenance time of a machine can be reduced to a minimum, or,
maintaining a high level of confidence and availability, in order to anticipate and reduce the number of failures, reducing
the costs.
Today, very sophisticated sensors and computerized systems are capable of giving important information about the
equipment to which they are connected. Moreover, when these sensors, with intelligent devices, are connected in an
industrial bus and their data are continually analyzed by sophisticated embedded systems, it is possible to go beyond the
predictive maintenance, evolving to an intelligent maintenance system. After the implantation of a intelligent maintenance
system, it is possible to locate exactly the components, parts, mechanisms that tend to fail. This evaluation, executed
quickly and precisely through the reading of performance indicators, allows forecasting the present and future behavior
of machines and equipments (Djurdjanovic et al., 2006).
The assessment, diagnosis and prediction of the performance for machines/equipments, achieved through sophisticated
algorithms, signal processing techniques and artificial intelligence, have provided a change in the traditional paradigm of
reactive maintenance practices, with focus on the machine adjust and precision, to predictive practices, with focus on
prevention e precision of information, turning the maintenance tasks intelligent (Jinhua e Erland, 2002).
A great variety of signal processing and artificial intelligence techniques, that are used in maintenance, and have the
ability of diagnosing an anomaly and compute the remaining life time of components and equipments, have been described
in literature (Tinós, 2003) and are hostly developed for specific applications.
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For example, Fourier and Wavelet transforms, that have been used in signal processing, and features extraction with
artificial intelligence techniques, are used in prediction and diagnostic of the performance of machines and equipments.
These tools allow answering, through performance analysis, which is the most critical part in a machine that needs
maintenance (Lee et al., 2004).
Performance degradation of equipments is considered as a result of aging and wearing out of components. This
degradation reduces the performance confidence of machines and increases the failure probability. Therefore, performance
degradation is a failure indicator and can be used to predict an unacceptable performance of an equipment, before a
detect occurs. Moreover, the quantification of performance degradation allows signalling the appropriate moment to a
maintenance activity and eases disassembly and reuse of parts or components (Djurdjanovic et al., 2003).
This paper is organized as follows: Section 2 presents the definition of Confidence Value while Section 3 shows a
description of the Watchdog Agent Toolbox. Section 4 shows the data from Coester case study and Section 5 presents the
obtained results for this case estudy. Finally, in Section 6 the final conclusions and future works are presented.
2. CONFIDENCE VALUE DEFINITION
A device used to implement an intelligent maintenance system, the Watchdog AgentT M (WA) has a variety of tools to
the assessment and prediction of equipments performance through multi sensor analysis.
The performance assessment of parts/equipments done by the WA is made extracting degradation features of devices
connected to it. From the reading of temperature, vibration, or force, for example, give by sensors installed in the devices
a performance indicator, called Confidence Value (CV), is computed.
The CV is a quantitative indicator of the quality of a system. It is determined from the analysis of performance signals
observed during the normal behavior of the equipment and those recently observed. CV varies from zero to one, where
a higher value indicates a performance that is closer to the normal. As the equipment degrades, the current performance
signals differ from those of normal behavior, reducing the CV.
Fig. 1 presents the CV concept. The values were obtained through time/frequency distributions of the load readings
from the shaft of an automotive process (Johnson et al., 2006).

Figure 1. Concept of Confidence Value.
The performance prediction may be done through the modeling and surpassing of the current behavior, that is, by
comparing current and previous signals read from the equipments.
Several algorithms have been developed to perform the performance assessment of a system. These algorithms include
signal processing methods, features extraction, and sensor fusion (Quispe, 2005). In this paper, we will show the achieved
results with the performance assessment methods.
3. WATCHDOG TOOLBOX
With the intention to evaluate and predict the performance of the equipment in different conditions, taking into account
the signal nature, processing speed, available processor and memory resources, the Watchdog Agent TM presents an open
architecture.
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The Watchdog Agent has an interface implemented in Matlab, known as Watchdog Toolbox. The Watchdog Toolbox
is a software that has as input the readings of sensors installed in a system and has as output the current degradation level
of the system.
The Watchdog Toolbox has four main modules: signal processing, feature extraction, performance evaluation and
sensor fusion (Johnson et al., 2006). The tools embedded into this device make it possible the quantification, evaluation
and prediction of the degradation level of key parts of machines, offering the physical possibility of monitoring and
managing the equipment life-cycle.
Fig. 2 shows the main window of the Watchdog Toolbox. The toolbox packet has two main groups: data manipulation
and performance assessment.

Figure 2. Watchdog Agent Toolbox main window..
The data manipulation function is used to process the signal and extract performance features. Data manipulation tools
use data which define the normal behavior of the equipment, as well as test data. The performance assessment function
performs the fusion of the information from the various sensors and calculates the CV.
The signal processing tools implemented in the Watchdog are based on the Fourier Transform, Short-Time Fourier
Transform and Wavelet Transform. While Logistic Regression and Statistical Pattern Recognition are tools for performance assessment.
3.1 Affinity Analysis
A function added to the Watchdog Toolbox which allows to compute the affinity measure, ρ, is done by:
!
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In Eq.(1): µ1 is the average of signatures describing normal behavior, µ2 is the average of signatures describing faulty
behavior, Σ1 is the covariance of normal behavior signatures, Σ2 is the covariance of faulty behavior signatures, and
Σ = (Σ1 + Σ2 )/2.
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This equation measures how far is a data set from another data set. Ideally, normal data should produce Confidence
Values near one, and faulty data should produce Confidence Values near zero. Lower values for the affinity measure
indicate a greater separation between the data sets and a better localization of signatures in each kind of behavior, normal
or faulty.
3.2 Data Configuration
After obtaining normal behavior data from a sensor, the user should place these data in a specific folder (C:\WatchdogData\Dados\Normal, for example). If the user chooses the Logistic Regression method in the performance assessment,
faulty data should also be provided and placed in a specific folder, as for the normal data (C:\WatchdogData\Dados\Falta).
The user should also place test data (data recently read from sensors) in a specific folder, as previously done for normal
and faulty data, to be analyzed, and select those folders and the processing/extraction and performance assessment tools
in the main window of the Watchdog Toolbox.
Moreover, the user should also define the folders where the resulting signal features and CV should be saved (C:\WatchdogData\Resultados, for example). The Watchdog Toolbox also has some statistical tools, as mean value and variance,
for example, which could be used to improve the performance evaluation depending on the application.
Finally, in the white noise case, that could have a high level in a stochastic process (as the wear out of a tool or
machine, or the shaft vibration of a generator) it can be difficult to interpret CV performance. An option for smoothing
the CV was also added to the Toolbox. This option improves the CV visualization, since it uses a moving average filter in
a way that the Toolbox output can be easily interpreted.
4. CASE STUDY
The case study presented here in uses data from opening and closing movements of a valve. These data came from a
load cell installed in an electronic valve of Coester Automação S.A.
Coester is a company situated in São Leopoldo, Rio Grande Sul, Brazil, which manufactures electronic actuators and
gearboxes, besides other integrated solutions for valves automation. The performance of the shaft movement control of
a valve done by an electric actuator is dealt with in this paper. Electrical actuators are electrical and mechanical devices
which allow the control of valves, dampers, floodgates and similar equipments.
Fig. 3 presents the actuator and the valve together.

Figure 3. 3D example of a valve and a Coester actuator [yielded by Coester Automação S.A.].
Data come from a load cell that measures the torque exerted by the actuator in the valve and from a potentiometer that
measures the opening/closing movements of the valve connected to the actuator. The torque ranges depend on the model
used, and can reach up to 500 Nm. Potentiometer data correspond to the percentage of opening/closing of the valve and
may vary from 0 to 100%.
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Fig. 4 presents a diagram of the torque and position data acquisition process.

Figure 4. Aquisição dos dados de posição e torque da válvula.
Through the actuator motor system, there is a transfer of the effort suffered to the load cell. In its turn, the load
cell deforms and sends an analog signal proportional to the converted effort to the controller board of the PLC, which
processes these signals. The control software evaluates the effort value and verifies if it should turn off the motor and
generate an alarm signal, for example. The effort and position during movement data are saved in memory for analysis
and visualization.
Fig. 5 shows five opening/closing curves of the valve obtained through the load cell.

Figure 5. Opening/closing torque curves of the valve.
For this data set, the features were extracted using a Fourier based analysis, analyzing the fundamental frequencies
of the signal. The computation of performance was made by statistical pattern recognition method. The option ”Feature
Level“, see Fig. 2, was chosen for all the tests described in the sequence.
4.1 Definition of Tests
The opening/closing torque curves seen in Fig. 5 represent normal behavior situations. To perform the analysis and
to verify the confidence value it is necessary a data set representing a faulty behavior. These faulty data were obtained
through the addition of an increasing value of torque in normal values until they reach 80 Nm (maximum torque allowed
to the valve). These data represent a situation normally found in the field, as the performance degrades until the failure.
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Having normal and faulty behavior data, it is enough to fill in the test folder. Thus, according to the different data
sequences chosen to fill the folder, files representing normal behavior plus files representing faulty behavior, three different
tests were performed:
1. 50 normal data files plus 50 faulty data files;
2. 50 faulty data files, plus 100 normal data files;
3. 100 normal data files, 50 faulty data files, and 30 normal data files.
As the position of the faulty data changes in the test folder, the respective Confidence Value will also change. Thus, it
is expected to obtain three very different curves for the CV. In the first test, the CV should start with a value close to one.
From the cycle number, CV should gradually decrease. In the second test, the CV should have an initial value near zero,
and from cycle 50, the value should gradually increase. Finally, in the last test, CV should also start with a value near one,
then from cycle number 100 it should gradually decrease and from cycle 150 it should start do increase again.
It is worth saying that the last test represents a common situation found in the field. It is similar to the behavior
expected after the verification of some defect and the replacement of a part or component, with the valve returning to its
normal condition of use.
5. RESULTS
In the following curves, it is possible to visualize and compare the Confidence Value in the three tests described
previously. It is possible to observe the performance degradation as the torque value increases, or the performance retake
as the values are getting normal.
Fig. 6 shows the Confidence Values for the first test (50 normal data files, 50 faulty data files).

Figure 6. CV calculated for test 1.
Fig. 7 shows the CV obtained for the second test (50 faulty data files, 100 normal data files).

Figure 7. CV calculated for test 2.

Procedings of COBEM 2007
c 2007 by ABCM
Copyright °

19th International Congress of Mechanical Engineering
November 5-9, 2007, Brasília, DF

Fig. 8 shows CV obtained in the third test (100 normal data files, 50 faulty data files, 30 faulty data files).

Figure 8. CV calculated for test 3.
As it can be seen in Fig. 6, 7 and 8, the analysis based in Fourier Transform and in the statistical pattern recognition
have presented good results in the three cases.
5.1 Affinity Analysis Results
The affinity measures results calculated for each case, considering the behavior of the system actuator/valve and the
result ff its confidence value, are shown in Tab.1.
Table 1. Measure of affinity for the tests.

Behavior
Confidence Value

Test 1
0.065955
0.860714

Test 2
0.29052
0.75517

Test 3
0.063077
0.767921

From Tab. 1, it could be observed that test 3 obtained the smaller value for the affinity measure, so it was the case that
presented the best separation between normal and faulty behavior. However, the affinity measure for the confidence value
had a high value in the three cases, showing up that another method for feature extraction or performance assessment
could present better results.
6. CONLUSIONS
The Watchdog Toolbox has been developed by the Industry/University Cooperative Research Center on Intelligent
Maintenance Systems (IMS) and has now been used at the Federal University of Rio Grande do Sul and IMS Center Brazil
to validate this new concept in maintenance. The torque data, yielded by Coester, pioneer company in the implantation of
this kind of maintenance, allowed performing a precise diagnostic for the valve degradation and a correct analysis about
the Watchdog Toolbox utilization.
The Watchdog Toolbox makes it possible to easily obtain the Confidence Values using all the possible combinations
of tools for assessment and data manipulation. It helps to determinate which is the best combination for a particular
application. Moreover, affinity analysis can be used to determie which is the best combination of tools for a specific
application and which is the best range for the expected behavior, normal or faulty.
It was observed that the Watchdog Toolbox is capable of evaluating the performance of an equipment, specially the
Coester valve, in several situations. The Watchdog Toolbox modules allow different signal processing, features extraction,
performance assessment and sensor fusion methods to be used. Moreover, other feature extraction and performance
assessment methods can be easily added to the Watchdog Toolbox.
As future works it could be mentionned: to deepen the study of the Watchdog Toolbox; to acquire more data sets from
the valves, to perform more tests and analysis, to simulate, analyze and classify the failures. Failure classification could
be performed using artificial intelligence methods, as neural networks, Markov models and Fuzzy Logic, for example.
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