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Abstract   Early failure detection in motor pumps is an important issue in predic-

tion maintenance. An efficient condition-monitoring scheme is capable of provid-

ing warnings and predicting the faults at early stages. Usually, this task is ex-

ecuted by humans, but the logical progression of the condition-monitoring 

technologies is the automating the diagnosis process. To this end, intelligent diag-

nosis systems are used. Many researchers have explored artificial intelligence 

techniques to diagnose failures in general. However, all papers found in literature 

are related to a specific problem that can appear in many different machines. In 

real applications, when the expert analyzes a machine, not only one problem ap-

pears, but more than one problem may appear together. So, it is necessary to pro-

pose new methods to assist diagnosis, looking for a set of occurring faults. In this 

work, we describe methods to support motor pump failure diagnoses based on pa-

rametric net model and ANNs committees, and we propose methods to combine 

them. We describe a case study realized with a real dataset. The results obtained 

with these methods are encouraging. 
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1. Introduction 

Motor pump fault detection is an important issue in prediction maintenance. 

Traditional maintenance procedures in industry have taken two routes. The first is 

to perform fixed time interval maintenance, and the second is to simply react to 

the plant failure as and when it happens. However, predictive maintenance 

through condition monitoring has become a new route to maintenance manage-

ment. Researchers have studied a variety of machine faults, such as, unbalanced 

stator and rotor parameters, broken rotor bars, eccentricity and bearing faults, and 

different methods for fault identification have been developed [13,14]. These dif-

ferent methods are used effectively to detect the machine faults at different stages 

using different machine variables, such as current, temperature and vibrations. An 

efficient condition-monitoring scheme is capable of providing warning and pre-

dicting the faults at early stages. Monitoring systems obtain information about the 

machine in the form of primary data. Through the use of modern signal processing 

and analysis techniques, it is possible to give vital diagnostic information to 

equipment operator before it catastrophically fails. The problem with this ap-

proach is that the results require constant human interpretation of the primary data. 

The logical progression of the condition-monitoring technologies is developing 

methods and tools to guide and, as a next stage of validation and improvement of 

the classification models, automate the diagnosis process. To this end, intelligent 

systems are used. 

Artificial intelligent techniques, such as neural networks, fuzzy logic, expert 

system and genetic algorithm, have been employed to assist the diagnostic task to 

correctly interpret the fault data. Many researchers have explored these techniques 

to diagnose faults in induction motors, motor rolling bearings, and so on 

[8,13,14,15,19,23]. These papers describe diagnosis methods based on characteris-

tics extraction and neural networks models induction for each separated fail. How-

ever, all papers found in literature are related to a specific problem that can appear 

in many different machines. In real applications, when the expert analyses a ma-

chine, not only one problem appears, but more than one problem may also appear. 

Another important characteristic of this problem is that different features of the 

collected signals are analyzed for each problem [8]. Due to complexity of signals 

to be analyzed for diagnosis purposes and the number of possible faults, even the 

domain experts sometimes seems confused about the faults that are really occur-

ring. For this reason, it is necessary to propose new methods to assist diagnosis 

looking for many possible fails that can appear together. 

There are many peculiar characteristics in machinery diagnostic problems that 

turns it an interesting research problem from machine learning and pattern recog-

nition perspective. First, there are many signals captured from a machine that 

should be analyzed, which means that the method to be proposed to treat all the 

problems together should (a) be able to treat a large number of features, or (b) pre-

process the data to predict the fails. Second, problems which an instance can be 

labeled with more than one class are called multi-label problems, and the devel-
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opment of methods in artificial intelligence to treat this kind of problem is still be-

ing researched [7,11,18,20,22]. Third, to apply machine learning algorithms, such 

as artificial neural networks, support vector machines, and so on, it is necessary to 

have labeled instances of the domain to extract the model and predict future labels. 

In machinery failures, there are some faults that real instances can easily be ob-

tained, e.g. unbalance and misalignment; but there are some that cannot and can 

seriously damage the machine, e.g. cavitation and bearing problems. Unbalanced 

datasets turns difficult the process of inducing good classifiers [1]. All these rea-

sons let us put a lot of effort to try to solve early diagnostic of motor pump failures 

problem.  

In this work, we investigate a method, using an expert system based on a para-

metric net model [3], and we investigate a method for constructing an ANN com-

mittee for multi-label problems, both to assist fault diagnoses in motor pumps. The 

ANN committees that we propose, applied to our problem and to other multi-label 

problems are composed by ANNs specialized in each class, which can be seen as 

mini-experts of each class detection problem. Also, we propose a method to com-

bine both models – ANN committee and the parametric net model – to improve 

the diagnoses assistance. To evaluate these methods, we use a real dataset, col-

lected upon real functioning conditions of motor pumps used in real conditioning 

performance. Results using this combination method are encouraging. 

This paper is organized as follows. Section 2 briefly describes vibration signal 

analysis. Section 3 describes artificial intelligence techniques and methods used to 

support motor pump failure diagnoses. Section 4 describes the motor pump failure 

diagnosis domain and the real dataset we used to construct and/or evaluate our 

models. Section 5 describes the multi-label classification models constructed to 

assist motor pump failure diagnoses, including the parametric net model, the ANN 

committees and the method proposed to combine both previous methods. Section 

6 analyzes all the results obtained using all the constructed models. Finally, Sec-

tion 7 concludes this work, and describes ongoing and future work. 

2. Vibration Signal Analysis 

Motor pumps produce vibrations due to the rotating nature of their internal 

pieces. Accelerometers strategically placed in points next to the motor and the 

pump allows measuring the acceleration of the machine vibration over time. When 

applying FFT (Fast Fourier Transform [6]) on an acceleration vibration signal, 

collected over the time, a frequency spectrum of this signal is obtained. When in-

tegrating this frequency spectrum, a frequency spectrum of the velocity vibration 

signal is obtained. On the other hand, a method is applied on the time acquisition 

to obtain envelope frequency spectrum [15]. Each of these spectrums has impor-

tant features to be extracted, related to each fault. A vibration spectrum is a func-

tion where the domain is an interval of frequencies of the signal, and the range is 

the vibration values in the respective frequencies. Figure 1 shows a typical posi-
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tioning configuration of accelerometers on the equipment. In general, the orienta-

tions of the sensors follow the three main axes of this kind of machine, e.g. vertic-

al, horizontal and axial. 

 

Figure 1 . Motor pump with extended coupling 

between motor and pump. The accelerometers are 

placed along the main directions to capture specif-

ic vibrations of the main axes. (H=horizontal, 

A=axial, V=vertical) 
 

 

The presence of any type of machine faults causes change in mechanical and 

electrical forces that are acting in the machine [19]. The degree of change depends 

upon the nature and intensity of the fault. These forces change the machine vibra-

tion. The change in machine vibration is the excitation of some of the vibration 

frequency harmonics. We call frequency harmonics the multiple frequencies of the 

motor pump rotational frequency. Some of machine faults can be directly related 

to the vibration harmonic. Table 6.0, “Illustrated Vibration Diagnostic Chart”, in 

[16], shows how to analyze signals, searching for mechanical and electrical faults. 

For instance, in this table, is described that when mass unbalance is present in a 

machine: 

 

“Force Unbalance will be in-phase and steady. Amplitude due to 

unbalance will increase by the square of speed below first rotor criti-

cal (a 3X speed increase = 9X higher vibration). 1X RPM always 

present and normally dominates spectrum. Can be corrected by 

placement of only one balance correction weight in one plane at Rotor 

center of gravity (CG). Approx. 0 degree phase difference should exist 

between OB & IB horizontals, as well as between OB & IB verticals. 

Also, approx. 90 degrees phase difference between horizontal and ver-

tical readings usually occurs on each bearing of unbalanced rotor 

(+30degrees).” [16]. 

 

With this description there is a picture showing the format of the frequency spec-

trum, as shown in Figure 2. The main difficult in the descriptions were to find 

what features the unbalance problems, for instance, such as mass unbalance, have 

in common. Sections of knowledge acquisition with the domain experts were help-

ful in this way. In Section 4 we detail the domain and the used dataset, as well as 

the features extracted for each fault. 

In the next section, we describe some machine learning concepts and multi-

label problems, describing how artificial intelligence and machine learning com-

munities treat this kind of problems.  
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Figure 2 . Format of the velocity frequency spectrum when Mass Unbalance is present in a machine 

3. Artificial Intelligence Techniques Used to Support Failure 

Diagnosis 

3.1. Machine learning and multi-label problems 

In traditional classification tasks, we typically have single-label problems. In 

these cases, a training dataset T is a set of N classified instances, also called exam-

ples, {(x1,y1),...,(xN,yN)} for some unknown function y=f(x). The xi values are typi-

cally vectors of the form (xi1,xi2,...,xim) whose components are discrete or real val-

ues, called features or attributes. Thus, xij denotes the value of the j-th feature Xj 

of xi. In what follows, the i subscript will be left out when implied by the context. 

For classification purposes, the y values are drawn from a discrete set of L classes, 

or labels, i.e. y ∈ C = {c1, c2,...,cL}. Given a set S ⊆ T of training examples, a 

learning algorithm induces a classifier h, which is a hypothesis about the true un-

known function f. Given new x values, h predicts the corresponding y values.  

In single-label problems, as presented in traditional classification tasks, classes 

are mutually exclusive by definition [12]. The goal is to find the classifier h ∈ H 

that maximizes the probability of h(x) = y, where  y ∈ C is the ground truth label 

of x, i.e., y = argmaxiP(ci|x). Classification errors occur when the classes overlap 

in the selected feature space. However, in some classification tasks, it is likely that 

some data belongs to multiple classes, causing the actual classes to overlap by de-

finition. In text categorization, documents may belong to multiple genres [20]. In 

failure diagnosis, equipments may present more than one failure at the same time. 

When preparing the datasets, in which each instance has more than one class asso-

ciated to it, most researchers either avoid the instances with more than one label or 

consider the combination of the classes as a new class, i.e., cC+1 should be, for in-

stance, “c1+ c2”. The last method is unrealistic since the number of classes should 

considerably increase, and the data in such combined classes is usually sparse. 

The more realistic method is to consider that the training dataset is a set of N 

classified instances {(x1,Y1),...,(xN, YN)}, where Yi are sets of labels, and each label 

is a class from the set C. In this case, the goal of learning is to produce a classifier 

h that predicts a set of labels Yi. If Y is the associated label set for x, then a suc-

cessful learning algorithm will tend to associate a set of labels H to x that belongs 

to Y with higher probability than those not in Y. To accomplish this task, a com-
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mon technique has been to decompose the multi-class, multi-label problem into 

multiple, independent binary classification problems (one per category) [20].  We 

say a learning algorithm learns a concept c if this algorithm can induce a binary 

classifier that classifies an instance x as positive when x the concept c is positive 

for x, and classifies as negative when it is not. Multi-label data is used more than 

once when training each binary classifier, using each instance as a positive exam-

ple of each of the classes to which it belongs. For example, consider an instance x1 

labeled with the set {c1,c3}, and another instance x2 labeled with {c1, c2}. So, to 

construct the dataset used to learn the concept c1, x1 is labeled as positive instance 

of c1 class, as well as x2. On the other hand, to learn concept c2, x1 is labeled as 

negative instance, while x2 is labeled as positive instance; and to learn concept c3, 

x1 is labeled as positive instance, while x2 is labeled as negative instance. 

In multi-label problems, such as text categorization and failure diagnoses using 

vibration signals, there are usually a large number of features to be used to induce 

the classifier. As described in Section 2, there are many vibration signals that may 

be analyzed. Each signal is composed by hundreds or thousands of points. Consi-

dering all the possible 10 (ten) points and the 3 (three) possible generated spec-

trums for each point (velocity, acceleration and envelope), there is a total of 30 

generated spectrums, and 30 thousand points. So, each instance is composed by 

approximately 30 thousand values. To turn possible to induce a classifier, it is ne-

cessary to reduce the data. So, feature extraction is necessary in these cases. For 

each binary classifier, different characteristics are extracted. Thus, if someone ar-

gues that instances with more than one class receives too much weight, in fact the 

features used for each class are different to each problem, and so each instance is 

used in different ways to each base-classifier. 

3.2. A parametric net model for multi-label problems 

In this section, we describe a parametric net model proposed in [3] for multi-

label problems. Until the late ‘80s, the most popular approach to classification 

problems was a knowledge engineering one, consisting in manually defining a set 

of rules encoding expert knowledge on how to classify documents under the given 

categories. In the ‘90s, this approach has increasingly lost popularity in favor of 

the machine learning paradigm, - a general inductive process automatically builds 

a general hypothesis to classify new instances, based on instances previously la-

beled by some domain expert [17,18]. However, there are some problems that la-

bel attributed to the instances are not 100% guaranteed that are true, or there are 

unbalanced classes, which difficult the induction model process [1]. In other cases, 

such as resonance faults in motor pumps, there is not any clue of the features that 

directly interfere in diagnoses problems, which turns difficult the process of induc-

ing a classifier to this concept. In these cases, it is interesting to construct an ex-

pert system, which contains the knowledge of the expert domain, represented in a 
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parametric net, to (a) classify new instances with a set of labels; and (b) validate 

the available instances.  

Parametric nets are used to inference logical facts, supporting decision making. 

They are used to represent knowledge domain. In a parametric net, the parameters 

represent the problem features, domain properties, or decisions that must have 

made during the reasoning process. The various parameters of a knowledge base 

are inter-connected. These are directed connections, because they represent the 

dependency between parameters and define the logic precedence of the parameters 

instantiation. The parameter values represent the actual state of the problem being 

solved. Figure 3 shows an example of a parametric net, which will be described in 

what follows. 

 

Figure 3 . Sample of a parametric 

net. Dot lines represent link be-

tween primitives and derived pa-

rameters; regular lines represent 

link between one primitive or de-

rived parameter and another de-

cided parameter. Derived parame-

ters are optional. Values of the 

domain are attributed to the pri-

mitive parameters. 

 

In its basic version, proposed in [9] to Active Document Design (ADD), and il-

lustrated in Figure 3, the parameters belong to one of three categories: primitive, 

derived or decision. Primitive parameters normally are the representation of the 

problem requisites. In general, these values are informed by the user during the 

reasoning process. Values of derived parameters are calculated based on values of 

other parameters. A value is chosen to a decided parameter from a set of alterna-

tives of the attribute. The set of alternatives is filtered by constraints that represent 

conditions to be satisfied by values that come from the parameters connected to 

the decided parameter. The constraints are represented by rules. The rules has the 

form “if <body> then update weight wk with (positive or negative) value”, where 

<body> is a set of conditions as primitive <operator> value, and <operator> 

may be >, <, ≤, ≥ and =. At the end of the reasoning process, all the alternatives 

are compared, and one alternative is chosen as an answer to the problem being 

solved. One common way to decide what is the best alternative is weighting each 

alternative. An evaluated criterion represents the value to be added to an alterna-

tive. The alternative with the maximum weight at the end of the evaluation criteria 

is selected as the best alternative.  

In domains where the features can be seen as different instantiations of a set of 

abstract features, each instance may increment or decrement the weight of an al-

ternative. For example, in machine analyses using vibration signal, each signal 

captured in one different position of the machine is an instantiation of the possible 
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vibration harmonics used to analyze the machine, and the intensity of each vibra-

tion harmonic value in each signal may reinforce or weaken an alternative.  

Figure 3 illustrates how the signals are instances of abstract features. So, to 

adapt the model to offer more than one alternative, each abstract feature set instan-

tiation is shown to the model, which may influence positively or negatively the al-

ternatives. Again, in vibration analyses, each signal in frequency domain is pre-

processed, and values related to each important vibration harmonic are extracted. 

Then, each set of vibration harmonic values, extracted from each signal, is shown 

to the model, and each alternative weight may be updated if the values obey the 

set of constraints. At the end of the process, all alternatives with positive weights 

are considered as possible classes, offering multi-label classification. The positive 

weights of each class can be normalized to the interval 0 to 1, and values from 0 to 

1 are related to each alternative, which can be used to help the expert to decide 

what is the best class (alternative). 

3.3. Artificial Neural Networks and Backpropagation 

Algorithm 

Many Artificial Neural Network architectures are available [10]. The 

architecture is chosen based on the kind of problem that should be solved. Since in 

this work we consider a classification problem, it is indicated the Multilayer 

Perceptron (MLP). The MLP is formed by at least 3 (three) layers: an input layer, 

an output layer, and one or more intermediate layers. Each element of the output 

layer on our neural network model produces the output O

i
y  of the ith processing 

element, as defined in Equation 1, where H

ij

O

ij wandw  represent the connection 

weights between processing elements i and j in output and hidden layers, 
K

I  

represents the input of the kth processing element and f represents the transfer 

function for processing elements. If we express the overall action of the neural 

network by ϕ then ( )( )txty ϕ=)(  where x(t) is a sample of the data to be 

classified. The learning algorithm used for training the networks in this work is 

back propagation, which updates the weights using the error rate calculated on the 

network output with the desired output (label). 
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3.4. Evaluating multi-label models 

Evaluating multi-label hypotheses is different from evaluating classic single-

label hypotheses [2,22]. In multi-label classification, evaluation is more complex, 

since a result can be fully or partly correct or totally wrong. For instance, suppose 

an example x that belongs to classes c1 and c2. We say that the classification is to-

tally correct if the output from a multi-label classifier h is {c1,c2}; it is partly cor-

rect if the output from h is {c1}, {c1,c3} or {c1,c3,c4}; and is totally wrong if the 

output from h is {c3,c4}. Considering that xY  is the set of true labels for an exam-

ple x, and xP  is the set of predicted labels from a multi-label classifier h to be 

evaluated, [22] defines multi-label class recall and precision measures on a dataset 

D as defined in Equation 2 and 3, respectively, where 1=c

xH if xYc ∈  and 

xPc ∈ , 0 otherwise; 1
~

=c

xY if xYc ∈ , 0 otherwise; and 1
~

=c

xP if xPc ∈ , 0 

otherwise. This evaluation measures the performance of the system based on each 

base class, which is consistent with the fact the latter performance reflects the 

former one. 

 

∑

∑

∈

∈=

Dx

c

x

Dx

c

x

c
Y

H

recall ~
 

(2)

∑

∑

∈

∈=

Dx

c

x

Dx

c

x

c
P

H

precision ~
 

(3)

 

To evaluate the power of prediction of classifiers, there are statistical methods 

to estimate error rate in unseen examples. The most used is k-fold cross-validation 

[2,17]. The main problem with k-fold cross-validation is time consuming. Another 

problem is related to complexity in evaluating committees [4]. [17] discuss statis-

tical tests for evaluating a discrete-valued hypothesis. If the set of available in-

stances is large, which is the case in our study, it is not necessary the use of me-

thods such as k-fold cross-validation. In this case, a confidence interval for an 

estimator of h performance can be calculated, using only a test set unused in train-

ing phases. It should be observed that larger the number of examples, lower is the 

confidence interval. The confidence interval is given by Equation 4, where Ntest is 

the number of examples in test dataset, and error(h) is the error rate of hypothesis 

h calculated on the test dataset. A confidence interval CI of an estimator, such as 

error rate of h, means that, for a new dataset S’ to be classified by h, the error rate 

of h on S’ is in the interval CI with 95% confidence level. [17] shows that calcu-

lating CI is possible since the estimator is a random variable that obeys the Bi-
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nomial distribution. Extending this concept to recall and precision quality estima-

tors, CI can be calculated in the same way. 

 

testN

errorerror
error

))(1)((
96.1)(

hh
h

−
±  

(4)

 

In the next section,  we describe motor pump failure diagnosis domain and the 

dataset used in our case study, composed by real data. 

4. Motor Pump Failure Diagnosis Domain and the Dataset 

Used in our Case Study 

To construct the ANNs and to validate the techniques used to diagnose motor 

pump failures, we need to use data previously labeled by domain experts. In our 

case studies, we used data collected from many motor pumps installed on off-

shore platforms over the Brazilian coast. Also, there were examples collected from 

the same machine in different times. The type of motor pump considered in our 

study has the following characteristics: horizontal centrifuge with one stage (one 

rotor), direct coupling without gear box, and actuated by AC induction squirrel 

cage motor. The faults pointed by the expert domains to be considered in our 

study are unbalance, misalignment, electric, hydraulic, cavitation, turbulence, 

bearing faults, looseness and resonance. Figure 1 shows the points on motor pump 

where specific vibrations are captured. An acquisition of a motor pump is a collec-

tion of signals, collected on the positions shown in Figure 1 in a small period of 

time. An acquisition is formed by a maximum of 10 acceleration frequency spec-

trums collected over the time – since there are 10 positions to be read –, which are 

used to generate 30 different vibration spectrums, obtained using 3 (three) differ-

ent techniques on the time acquisition. As mentioned before, since an accelerome-

ter is used to collect the signal, the first obtained signal is an acceleration vibration 

signal.After applying FFT (Fast Fourier Transform [6]) on this signal, we obtain a 

frequency spectrum of this acceleration vibration signal. When integrating this 

frequency spectrum, a frequency spectrum of the velocity vibration signal is ob-

tained. On the other hand, a method is applied on the time acquisition to obtain 

envelope frequency spectrum [15]. Each of these spectrums has important features 

to be extracted, related to each fault.  

Unbalance, misalignment, looseness and electric faults occur in low frequency, 

i.e., in harmonic frequencies, varying from 0 to 10 times the machine rotational 

frequency. Features related to these problems must be extracted from velocity vi-

bration signal. Cavitation and turbulence faults are related to features extracted 

from both velocity and acceleration vibration signals. Bearing faults are related to 

features extracted from envelope signals. These pieces of information about motor 

pump diagnoses vibration are extracted from Table 6.0, “Illustrated Vibration Di-
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agnostic Chart”, in [16], and were explained and detailed by domain experts. 

Summarizing what is described in this table, misalignment is characterized by 

high vibration in 1x, 2x and 3x rotational frequency (FR), which in our cases are 

20Hz, 30 Hz and 60Hz, depending on the machine. Unbalance is characterized by 

vibration changes in 1xFR. Looseness is characterized by changes in sub-

harmonics (0.5x, 1,5x, 2.5x, 3.5x and 4.5x) and harmonics (1x, 2x, 3x and 4x) of 

the rotational frequency. Finally, electrical failures are characterized by electrical 

line frequency, which is normally 60Hz. A problem related to detection of elec-

trical failures using electrical line frequency is when electrical line frequency is 

equals to 1x or 2x rotational frequency. Bearing problems are related to bearing 

element frequencies. Because these frequencies are higher than rotational frequen-

cy and are difficult to be detected in acceleration or velocity vibration signal, these 

problems are detected using envelope signals. Cavitation and turbulence are cha-

racterized by noise in low (0 to 33Hz) and high frequencies, what means that ve-

locity and acceleration vibration signals are used. 

A report containing all faults found in each acquisition was also available. We 

could observe that each acquisition had more than one fault in many cases. This 

fact motivated the use of techniques for multi-label diagnoses. According to do-

main experts, a fault could sometimes mask another one. Based on knowledge ac-

quisition sessions with the domain expert and on the available material about the 

studied domain, we concluded that we should propose and/or explore existing me-

thods to multi-label problems, since many acquisitions have more than one asso-

ciated fault, which could not be discarded, mainly because instances that belongs 

to some classes, such as electric faults, are not so common.  

Initially we had a total of 1400 acquisitions (examples). We divided this initial 

dataset into two datasets, one containing 1000 instances for training and another 

containing 400 instances for test. Table 1 shows the number of acquisitions on the 

available datasets and the number of instances considered positive for each class.  

5. Multi-label Classification Models Constructed to Assist 

Motor Pumps Failure Diagnostic 

In this section, we described the constructed parametric net model that classi-

fies an instance with multi-labels; the ANN committees also constructed to this 

purpose, and a method to combine both class of models. In what follows, we de-

scribe advantages and disadvantages of each model, as well as the benefits of 

combining both. To test each method, we implemented all of them in ADDRPD 

system, including the algorithm to construct and apply each model (parametric net 

model, ANNs, committees, and so on). 
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Failure # Ex. # Pos. Ex. % Pos. 

Ex. 
# Neg. Ex. % Neg. 

Ex. 

Misalignment 400 113 28,25% 287 71,75% 

  1000 566 56,60% 434 43,40% 
  1400 679 48,50% 721 51,50% 

Unbalance 400 82 20,50% 318 79,50% 

  1000 325 32,50% 675 67,50% 
  1400 407 29,07% 993 70,93% 

Shaft Looseness 400 33 8,25% 367 91,75% 

  1000 77 7,70% 923 92,30% 
  1400 110 7,86% 1290 92,14% 

Base Looseness 400 29 7,25% 371 92,75% 

  1000 115 11,50% 885 88,50% 
  1400 144 10,29% 1256 89,71% 

Electrical 400 125 31,25% 275 68,75% 
  1000 70 7,00% 930 93,00% 

  1400 195 13,93% 1205 86,07% 

Turbulence 400 82 20,50% 318 79,50% 
  1000 119 11,90% 881 88,10% 

  1400 201 14,36% 1199 85,64% 

Cavitation 400 36 9,00% 364 91,00% 
  1000 68 6,80% 932 93,20% 

  1400 104 7,43% 1296 92,57% 

Bearing Problems 400 12 3,00% 388 97,00% 
  1000 298 29,80% 702 70,20% 

  1400 310 22,14% 1090 77,86% 

Table 1. Number of examples in each class and distribution of positive and negative instances in 

each dataset. 

5.1. A Parametric Net Model Constructed to Assist Motor 

Pumps Failure Diagnostic 

Model Construction: All of the features that mainly defines a class, as de-

scribed in Section 4, was used to construct constraints of the failure decision pa-

rameter. The parametric net model that aims to classify spectrum sets into a set of 

classes has one decision and many primitive parameters. Each fault is an alterna-

tive of the failure decision parameter of the parametric net. 

Since vibration harmonics are what influence each alternative, each one is a 

primitive parameter. The primitives considered are vibration values in harmonic 

(1X, 2X,…) and sub-harmonic (0.5X, 1.5X,…) of the rotational frequency in r.p.s; 

RMS calculated in harmonic and inter-harmonic frequencies; BPFO – Ball Pass 

Frequency Outer –, BPFI – Ball Pass Frequency Inner –, BSF – Ball Spin Fre-

quency – and FTF – Fundamental Train Frequency – frequencies, which are re-

lated to bearing rotational frequencies; electrical frequency; and pole frequency. 

Also, there are primitives that give to the model characteristics of the capturing 

position: velocity, acceleration, envelope, radial, axial, motor and pump, and they 
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are set to true or false depending on the signal. E.g., if the spectrum is  deriving 

from a signal captured in position 1V and is the velocity spectrum which is being 

analyzed, then velocity is set to true, where as acceleration and envelope are set to 

false; radial is set to true
1
 where as axial is set to false; and motor is set to true 

where as pump is set to false. Each combination of states of the primitive parame-

ters may punctuate a value off the decision. These combinations can be seen as if-

then rules [17], in which the “then” part punctuates a class, instead of classifying 

an instance. Our model is composed by 34 different rules. Some examples of rules 

are shown in Table 2. In this table, the “then” part of each rule updates w(Fault), 

where Fault is one of the possible faults considered in the domain. 

 

If Is Velocity? = true and Has Peak 1xRF? = true and Peak in 1xRF? = true  

and (RMS 1xRF) / RMS ∈ (0.75;1.00] 

then update w(Misalignment) with +5 

If Is Velocity? = true and Is Axial? = true and Peak in 1xRF? = true 

then update w(Misalignment) with +2 

If Is Velocity? = true and Is Motor? = true and Is Radial? = true and Peak in 2xLF?= true 

then update w(Electric) with +2 

… 

Table 2. Some rules that compose the parametric net model. 

Model Application: As mentioned before, to analyze a motor pump, ten acce-

leration signals in frequency domain are captured (one signal per point). Applying 

the mentioned operators, 30 signals are obtained. The model has all alternative 

weights w(Fault) initialized with 0. Each velocity, acceleration and envelope spectrum 

of each point is shown to the model, which may increment the weight of each al-

ternative. At the end of this process, all alternatives that have positive weights 

(greater than zero) are normalized to the range 0-1, which are shown to the ana-

lyst. In this way, the parametric net model classifies each instance with more than 

one class. 

An example from the available dataset: We implemented a computational 

system, called ADDRPD2, to help the analyst in all of the analysis process. Time 

signals of a specific motor pump are imported to the system. All transformations – 

FFT, envelope method, and so on – are applied and the resulting frequency spec-

trums are shown to the user. In this case, we are analyzing only one instance, 

which was labeled by the expert having only one problem: unbalance. However, 

when the parametric net was applied to the instance, three faults were diagnosed: 

unbalance (0.46), misalignment (0.44) and looseness (0.10). When showed to the 

expert domain, he explained that it is true that the three problems appears in the 

machine, however unbalance is the most problematic fault in that case. The expert 

                                                        
1 Signals read in H (horizontal) position are also considered radial. 

2 ADDRPD is a proprietary system and, because of this fact, there is not any technical ref-

erence about it. However, in http://www.addlabs.uff.br there are some details about the 

project, in Portuguese. 
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analysis was basically based on Figure 4. In this figure, frequency spectrums of 

the example used to illustrate the application of the parametric net model are 

shown. 

 
(a) 

 
(b) 

Figure 4 . Velocity (RMS/s) per rotational frequency harmonics signals, showing 

high vibration and lower peaks in rotational frequency harmonics (a) captured at 

1H and (b) captured at 2A. 

Both signals showed in Figure 4 are velocity per frequency signals, however 

Figure 4 (a) was captured at radial direction, where as Figure 4 (b) was captured at 

axial direction. So, since both has high peak vibration at 1X, this represents that 

unbalance is the most representative failure in the motor pump. But the signal 

shown in Figure 4 (b) is from axial direction, which highly indicates misalignment 

failure, and the lower peaks at harmonic frequencies weakly indicate looseness. 

The analysis shows that the parametric net joint to visual tools is an efficient way 

of analyzing motor pumps to diagnose their failures. 

Results using this parametric net model: We applied the parametric net 

model on the dataset containing 400 instances, as described in Section 4. Table 3 

shows the confidence interval obtained for precision and recall measures on the 

mentioned dataset. In this table, we can observe that turbulence has the lowest re-

call and looseness has the lowest precision rate. In dataset description, the distri-

bution of the instances in classes shows shafting and base looseness. Our parame-

tric net model only classifies an instance as looseness, not specifying the type of 

looseness the class is, as modeled with the expert. So for matter of evaluation, 

shafting and base looseness are labeled as looseness. 

  Recall Precision 

Unbalance 48.80% ± 4.9% 54.10% ± 4.9% 

Misalignment 49.60% ± 4.9% 51.40% ± 4.9% 

Electrical 28.80% ± 4.9% 80.80% ± 4.9% 

Turbulence 1.20% ± 1.1% 50.00% ± 4.9% 

Resonance 97.30% ± 1.6% 10.10% ± 3.0% 

Bearing 41.80% ± 4.8% 57.60% ± 4.8% 

Looseness 83.30% ± 3.7% 17.30% ± 3.7% 

Table 3. Recall and precision values for each class using the constructed parame-

tric net model on the test dataset, with 400 examples. 
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5.2. An Artificial Neural Network Committee Model to 
Assist Motor Pumps Failure Diagnoses 

ANNs construction: The same ANNs were used to compose the committees 

we describe in what follows. Each ANN, or hci, was induced using Back 

Propagation algorithm. All ANNs has 3(three) layers. The input layer has the same 

number of neurons of the number of features used for each ANN, as shown in 

Table 4, which is described next. The output layers has two neurons, one 

indicating that the example belongs to the class that the ANN is specialized in, and 

the other one indicates that the example does not. The threshold is 0.5. If both 

neurons outputs values lower than 0.5, the ANN does not recognize the example 

as belonging to the class. The number of neurons in hidden layer of each ANN is 

15. This number was determined after many tests. 

Table 4 shows the features extracted from the 30 spectrums for each ANN (bi-

nary classifier) of each class. The name of the features is given by the feature to be 

extracted from a spectrum, followed by the spectrum that must be used. These 

pieces of information are separated by “–”. Before “–”, nX means the vibration 

value on n times the rotational frequency of the motor pump, where n ∈ {0.5, 1, 

1.5, 2, …}. Noise_ freq1_ freq2 means calculating the median of the spectrum only 

considering the interval [freq1, freq2] on domain spectrum. nBPF means n times 

Blades Pass Frequency, given by the number of blades of the pump of a motor 

pump. RMS_freq1_freq2 means calculating RMS of the spectrum in the interval 

[freq1, freq2] on domain spectrum. Norm_i means the RMS normalization calcu-

lated to a spectrum. i varies from 1 to 8. These ranges were proposed by [16] to be 

used in machine failure detection. Given that RMS is the RMS calculated consi-

dering the entire spectrum and RMS_ f1_ f2 means RMS calculated in the interval 

f1 x frotational Hz to f2 x frotationalHz, Table 5 shows what means Norm_i, i = 1,…,8. 

After “–”, there are always 4 (four) characters. The first character is in the set 

{1,2,3,4,M,B,A}. 1, 2, 3 and 4 means the position of the motor pump to be used; 

M means the feature is extracted from spectrums considering only the points on 

the motor of a motor pump (points 1 and 2 in Figure 1); B means the feature is ex-

tracted from spectrums considering only the points on the pump of a motor pump 

(points 3 and 4 in Figure 1); A means the feature is extracted from spectrums con-

sidering all the points on the motor pump (points 1, 2, 3 and 4). The second cha-

racter is in the set {H,V,X,R}. H/V/X means the direction of the spectrum – hori-

zontal, vertical or axial, respectively; R means to take one of the radial directions 

– H or V. The third character is in the set {T,F}. T means time-domain signal; F 

means frequency spectrum. Time-domain signal were never used. Finally, the 

fourth character is in the set {V,A,E}. V means velocity-range spectrum; A means 

acceleration-range spectrum and E means envelope-range spectrum. When M or B 

are put into the name feature, it means that the spectrum with higher RMS must be 

the one to be used, due to spectrums with higher RMS better represent the prob-

lem to be diagnosed. 
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M
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e
n
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RMS-ARFV, 1X-ARFV, 2X-ARFV, 3X-ARFV, 4X-ARFV, 5X-ARFV, 1X-AAFV, 1X-

MRFV, 1X-BRFV, 2X-MRFV, 2X-BRFV, 3X-MRFV, 3X-BRFV, 4X-MRFV, 5X-MRFV, 

Norm_1-MRFV, Norm_1-BRFV, Norm_2-MRFV, Norm_2-BRFV, Norm_3-MRFV, 

Norm_3-BRFV, Norm_4-MRFV, Norm_4-BRFV, Norm_5-MRFV, Norm_5-BRFV, 

Norm_6-MRFV, Norm_6-BRFV, Norm_7-MRFV, Norm_7-BRFVNorm_8-MRFV, 

Norm_8-BRFV 

U
n

b
al

a
n

ce
 1X-MVFV, 1X-BVFV, 1X-MHFV, 1X-BHFV, 2X-MVFV, 2X-MHFV, 2X-BHFV, RMS-

MHFV, RMS_0_0.8-BRFV, 1BPF-BRFV, Norm_1-MRFV, Norm_1-BRFV, Norm_2-

MRFV, Norm_2-BRFV, Norm_3-MRFV, Norm_3-BRFV, Norm_4-MRFV, Norm_4-BRFV, 

Norm_5-MRFV, Norm_5-BRFV, Norm_6-MRFV, Norm_6-BRFV, Norm_7-MRFV, 

Norm_7-BRFV, Norm_8-MRFV, Norm_8-BRFV 

E
le

ct
ri

ca
l 

1FR-MRFV, 2FR-MRFV, 1X-MAFV, 1X-MRFV, 2X-MAFV, 2X-MRFV, 3X-MRFV, 4X-

MRFV, 5X-MRFV, RMS-MRFA, RMS-MRFV, 1FPB-MRFV, 1FPB_MINUS_FP-MRFV, 

1FPB_PLUS_FP-MRFV, 1FP-MRFV, Norm_1-MRFV, Norm_1-BRFV, Norm_2-MRFV, 

Norm_2-BRFV, Norm_3-MRFV, Norm_3-BRFV, Norm_4-MRFV, Norm_4-BRFV, 

Norm_5-MRFV, Norm_5-BRFV, Norm_6-MRFV, Norm_6-BRFV 

B
as

e 
L

o
o

se
-

n
es

s 

0.5X-MRFV, 0.5X-BRFV, 1.0X-MRFV, 1.0X-BRFV, 2.0X-MRFV, 2.0X-BRFV, 4.0X-

BRFV, RMS_0_0.8-BRFV, RMS_0_0.8-MRFV, RMS_1.2_1.8-MRFV, RMS-MAFV, 

Norm_2-MRFV, Norm_2-BRFV, Norm_5-MRFV, Norm_5-BRFV, Norm_6-MRFV, 

Norm_6-BRFV, Norm_7-MRFV, Norm_7-BRFV, Norm_8-MRFV, Norm_8-BRFV 

S
h

af
ti

n
g
 

L
o

o
se

n
es

s 0.5X-MRFV, 0.5X-BRFV, 1X-MRFV, 1X-BRFV, 2X-MRFV, 2X-BRFV, 4X-BRFV, 

RMS_0_0.8-BRFV, RMS_0_0.8-MRFV, RMS_1.2_1.8-MRFV, RMS-MAFV, Norm_2-

MRFV, Norm_2-BRFV, Norm_5-MRFV, Norm_5-BRFV, Norm_6-MRFV, Norm_6-BRFV, 

Norm_7-MRFV, Norm_7-BRFV, Norm_8-MRFV, Norm_8-BRFV 

B
ea

ri
n

g
 P

ro
b
le

m
s 

1X-MRFV, 1X-ARFV, 2X-MRFV, 2X-ARFV, 3X-MRFV, 3X-BRFV, 3X-ARFV, RMS-

ARFE, 1BPFI-ARFE, 2BPFI-ARFE, 3BPFI-ARFE, 1BPFO-ARFE, 2BPFO-ARFE, 3BPFO-

ARFE, 1BSF-ARFE, 2BSF-ARFE, 3BSF-ARFE, 1FTF-ARFE, 2FTF-ARFE, 3FTF-ARFE, 

Norm_1-MRFV, Norm_1-BRFV, Norm_2-MRFV, Norm_2-BRFV, Norm_3-MRFV, 

Norm_3-BRFV, Norm_4-MRFV, Norm_4-BRFV, Norm_5-MRFV, Norm_5-BRFV, 

Norm_6-MRFV, Norm_6-BRFV, Norm_7-MRFV, Norm_7-BRFV, Norm_8-MRFV, 

Norm_8-BRFV 

T
u

rb
u

le
n

ce
 Noise_0_1-BRFV, Noise_0_2-BRFV, Noise_0_3-BRFV, Noise_0_4-BRFV, Noise_0_5-

BRFV, Noise_0_10-BRFV, 1.0X-BRFV, 2.0X-BRFV, 3.0X-BRFV, 4.0X-BRFV, 5.0X-

BRFV, 1BPF-BRFV, 2BPF-BRFV, 2BPF-BRFV, RMS_0_1BPF-BRFV, RMS_1BPF_INF-

BRFV, RMS-BRFV, Norm_1-BRFV, Norm_2-BRFV, Norm_3-BRFV, Norm_4-BRFV, 

Norm_5-BRFV, Norm_6-BRFV, Norm_7-BRFV, Norm_8-BRFV 

C
av

it
at

io
n
 Noise_0_1-BRFV@B421, Noise_0_2-BRFV, Noise_0_3-BRFV, Noise_0_4-BRFV, 

Noise_0_5-BRFV, Noise_0_10-BRFV, 1.0X-BRFV, 2.0X-BRFV, 3.0X-BRFV, 4.0X-BRFV, 

5.0X-BRFV, 1BPF-BRFV, 2BPF-BRFV, RMS_1BPF_INF-BRFV, RMS-BRFV, Norm_1-

BRFV, Norm_3-BRFV, Norm_4-BRFV, Norm_5-BRFV, Norm_6-BRFV, Norm_7-BRFV, 

Norm_8-BRFV 

Table 4. Features used to induce each base (binary) ANN classifier. 
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Norm_1 = 
RMS

40.0_0_RMS  Norm_5 = 
RMS

15.3_85.2_RMS  

Norm_2 = 
RMS

85.0_40.0_RMS  Norm_6 = 
RMS

15.4_85.3_RMS  

Norm_3 = 
RMS

15.1_85.0_RMS  Norm_7 = 
RMS

15.5_85.4_RMS  

Norm_4 = 

RMS

15.2_85.1_RMS  Norm_8 = 

RMS

15.6_85.5_RMS  

Table 5. Definition of Norm_i, i = 1,…,8. 

Initially, all the features together were considered for all base classifier. After, 

using Pearson’s correlation to select features correlated to the class feature for 

each ANN, we selected features with correlation absolute value larger than 0.1. It 

is interesting to observe that none of the features presented correlation higher than 

0.5. 

Committees construction: The simplest method to construct an ANN 

committee for multi-label problems, which we call All-in-One Committee, follows 

two steps: (1) induce an ANN, for each class, i.e. hci, i = 1,…L; and (2) consider 
the classification of each classifier hci, specialized in one (or possibly more) 

class(es), and a classification for a new instance is the set of all classes which 

ANNs set as positive instance. For instance, an example x is labeled as unbalanced 

and looseness if both ANN binary specialized classifiers classified the instance as 

positive, and the others classified as negative. We call All-in-one committee 

because all binary classifiers that composes the committee labels an instance. 

Figure 5 illustrates how a committee h* constructed with this method classifies an 

instance x. 

 

 

Figure 5 . All-in-one Committee illustration. 

 

Exploring the domain experts knowledge, however, we could observe that there 

is a hierarchical process to diagnose low vibration problems. For instance, a class 

c2 is given to an example if c1 was not given. These types of committees are also 
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called hierarchical ensembles [12]. In these cases a hierarchy is respected to clas-

sify a new instance. This hierarchy can be seen as a tree of binary classifiers. In 

this case, a binary classifier, that classifies examples as positive or negative of a 

class ci, called hci, which is a node below another binary classifier hcj, is only used 

to classify new instance x if hcj classifies x as negative. 

The expert domain signalized that the set of misalignment features are con-

tained into the set of loosenes and electrical features. So, the expert only classifies 

an instance as belonging to misalignment class if electrical, looseness and unbal-

ance classes are discarded. Thus, we combined our ANNs into a semi-hierarchical 

ensemble considering this description. The order of classifiers is unbalance, elec-

trical, shaft looseness, base looseness and misalignment. We first test if unbalance  

ANN classifies an instance x positive. If negative, we test with electrical ANN. If 

negative, we test with looseness ANN. If negative, we test with misalignment 

ANN. If one of these ANNs label the instance as positive, the other ANNs are not 

used. Only turbulence, cavitation and bearing ANNs are always tested in this case. 

Note that using hierarchical ensemble, multi-label classification is not possible. 

However, in our case, we still have a multi-label problem because there are some 

ANNs that are always used. The resulting committee is called Semi-Hierarchical 

Committee. The Semi-Hierarchical Committee constructed using the expert know-

ledge is shown in Figure 6. 

Since different features are extracted for each different binary classifier, one 

should ask how a new instance x is classified by the committees. The all-in-one 

committee is run in direct way: the features are extracted from x for each base (bi-

nary) classifier and each binary classifier is tested. The semi-hierarchical commit-

tee is run in hierarchical way: the features are extracted to the first binary classifier 

(unbalance) – hunbalance – and the classifier classifies x. If hunbalance(x) is negative, 

than the features are extracted to the second binary classifier (electrtical), and hun-

balance classifies x. This process is repeated until the last binary classifier.  

Results: Table 6 shows the results using the all-in-one and the semi-

hierarchical committee. In this table, we can observe that shafting looseness 

presents lower recall rate when compared to hierarchical committee. This is due to 

the fact that the ANN induced for shafting looseness present high error rate in pos-

itive class. However, the training set available has few number of shafting loose-

ness cases. The recall rate is improved in hierarchical committee. When compared 

to the parametric net model results, we can consider that the results are similar. An 

advantage to ANN committees is related to classifying cavitation faults, which 

presents encouraging results, when considering the number of instances of cavita-

tion and shafting looseness classes, as can be verified in Table 6. 

To try to explore advantages of both methods, we combined both in a meta-

hierarchical model. This method is proposed in the following section. 
 

 

 



 

 

 

1
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Figure 6 . Semi-hierarchical Committee using expert knowledge. 
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 All-in-one Committee Hierarchical Committee 

 Recall Precision Recall Precision 

Unbalance 69.5% ± 4.5% 47.1% ± 4.9% 42.7% ± 4.8% 66.0% ± 4.6% 

Misalignment 85.8% ± 3.4% 38.8% ± 4.8% 35.42% ± 4.7% 39.2% ± 4.8% 

Electrical 60.8% ± 4.8% 84.4% ± 3.6% 47.2% ± 4.9% 92.2% ± 2.6% 

Turbulence 28.0% ± 4.4% 48.9% ± 4.9% 40.2% ± 4.8% 53.2% ± 4.9% 

Cavitation 8.3% ± 2.7% 37.5% ± 4.7% 33.3% ± 2.7% 31.6% ± 4.6% 

Bearing 36.3% ± 4.7% 39.3% ± 4.8% 44.0% ± 4.9% 36.4% ± 4.7% 

Shafting 

Looseness 

9.1% ± 2.8% 27.3% ± 4.4% 21.2% ± 4.0% 21.2% ± 4.0% 

Base Loose-

ness 

48.3% ± 4.9% 22.6% ± 4.1% 13.8% ± 3.4% 15.4% ± 3.5% 

Table 6. Recall and precision values for each class using All-in-One and Semi-

Hierarchical Committee methods. 

 

5.1. SHiPaN – A method for combining multi-label models 

Resonance problem may occur in any frequency of a velocity vibration spec-

trum. When a high peak in vibration spectrum is detected, and all of the other fail-

ures are discarded, resonance is the prime failure to be investigated. In this case, it 

is very difficult to induce an ANN to resonance problem, since there is not any 

clue about in what feature (frequency) it appears. On the other hand, cavitation 

problem can be predicted by the ANNs committees, whereas looseness can be de-

tected in specific classes. Because of the capability of each model  to treat better 

some faults, or do not treat at all, we propose a method for combining both multi-

label models, described in Sections 5.1 and 5.2, that we called SHiPaN. In this 

method, a new instance is firstly classified by an ANN committee. If the classifi-

cation does not return any class, then the parametric net model classifies the in-

stance. Figure 7 shows how these methods are sequentially used in classification 

task.  

 

 
Figure 7 . SHiPaN – A method for combining multi-label models. 
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Table 7 shows the results obtained using this method. Turbulence, cavitation 

and bearing concepts present the same recall and precision values because they do 

not belong to the hierarchy of classes in the Semi-Hierarchical Committee. Be-

cause the parametric net model classifies instances only as looseness, which is a 

concept that embraces the more specific concepts – shafting and base looseness –, 

we consider that a base or shafting looseness classification are also looseness clas-

sification. We can observe that looseness has better results than shafting and base 

looseness and, moreover, in combined methods, looseness present better results 

than using only the parametric net model, as can be observed in Table 3. 

 
 All-in-one Committee + Parametric Net 

Model 
Semi-Hierarchical Committee + Parametric 

Net Model 

 Recall Precision Recall Precision 

Unbalance 46.3% ± 4.9% 47.1% ± 4.9% 46.3% ± 4.9% 47.1% ± 4.9% 

Misalignment 71.7% ± 4.4% 42.2% ± 4.8% 39.8% ± 4.8% 39.8% ± 4.8% 

Electrical 48.0% ± 4.0% 90.9% ± 3.9% 47.2% ± 4.9% 90.8% ± 2.8% 

Turbulence 40.2% ± 4.8% 53.2% ± 4.9% 40.2% ± 4.8% 53.2% ± 4.9% 

Cavitation 33.3% ± 4.6% 31.6% ± 4.6% 33.3% ± 4.6% 31.6% ± 4.6% 

Resonance 32.4% ± 4.6% 25.0% ± 4.2% 32.4% ± 4.6% 25.0% ± 4.2% 

Bearing 46.2% ± 4.9% 37.2% ± 4.7% 46.2% ± 4.9% 37.2% ± 4.7% 

Shafting 

Looseness 

21.2% ± 4.0% 20.0% ± 3.9% 21.2% ± 4.0% 21.2% ± 4.0% 

Base Loose-

ness 

20.7% ± 4.0% 15.4% ± 3.5% 13.8% ± 3.4% 15.4% ± 3.5% 

Looseness 45.8% ± 4.9% 24.5% ± 4.2% 37.3% ± 4.7% 23.2% ± 4.1% 

Table 7. Recall and precision values for each class using All-in-One and Semi-

Hierarchical Committee methods, combined with the constructed Parametric Net 

Model. 

6. Analysis of the obtained results 

To summarize the results obtained in all methods, we plot recall and precision 

in separated graphics. Figure 8 shows precision values for all methods in each 

class, and Figure 9 shows recall values, all obtained on the test dataset, as men-

tioned before. In Figure 8, we can observe that Semi-Hierarchical Committee + 

Parametric Net Model and All-in-One Committee + Parametric Net Model me-

thods are among the best results to Unbalance, Electrical, Turbulence, Resonance 

and Looseness classes; the Parametric Net Model alone only wins in Bearing 

class, and All-in-One Committee wins in Cavitation, Base Looseness and Shafting 

Looseness classes. An interesting information we can obtain in this plot is that in 

general, the combined methods elevates the precision of the methods classifying 

alone, as expected. 

In Figure 9, we can observe that Semi-Hierarchical Committee + Parametric 

Net Model and All-in-One Committee + Parametric Net Model methods are 
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among the best results to Turbulence, Cavitation, Bearing and Shafting Looseness 

classes; the Parametric Net Model alone wins in Resonance and Looseness 

classes, and All-in-One Committee wins in Unbalance, Misalignment, Electrical 

and Base Looseness. However, the Parametric Net Model is very low precise to 

Resonance and Bearing, which means that this model is classifying to many in-

stances in this class. So, we can say that the methods that combine the ANNs 

committee with the Parametric Net Model presents better results than the methods 

classifying alone.  

We consider that very good results were obtained for Electrical faults in both 

plots. This fact is more evident when considering the number of instances in train-

ing dataset – 70 examples, representing 7% of the entire training dataset. We can 

consider the results in Bearing and Turbulence faults even better if we also con-

sider the number of instances in the training dataset – 29,8% and 11,9%, respec-

tively –, which is not the case with Unbalance and Misalignment – 32,5% and 

56,6%, respectively. Particularly, Misalignment is better classified by Parametric 

Net Model alone, which may indicate that the ANN for Misalignment needs ad-

justments in feature selection. However, we must consider that this class is the one 

that more overlaps the other ones, what turns difficult the process of inducing this 

neural network. 

7. Conclusions and Future Work 

In this work, we describe three methods to diagnose motor pump failures, 

based on parametric net model and ANNs committees, and we propose two me-

thods to combine these three methods, to assist fault diagnosis. We present a pa-

rametric net model we developed for a special type of motor pump – horizontal 

centrifuge with one stage (one rotor), direct coupling without gear box, and  

 

 
Figure 8 . Precision values obtained on test dataset for all multi-label methods. 
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Figure 9 . Recall values obtained on test dataset for all multi-label methods. 

 

actuated by AC induction squirrel cage motor. We also present the features used to 

induce the ANNs binary classifiers. They are called binary classifiers because 

each ANN classifies a unique class (fault) of the domain as positive or a negative 

instance. Each ANN can be seen as mini-experts, each one specialized in one 

class. To evaluate the models, we present the results obtained from a datased of 

signals captured from motor pumps used in real world. The results were consi-

dered encouraging because the distribution of the instances in classes is unba-

lanced and, moreover, the class with more instances overlaps other classes. Our 

method was implemented in a computational system that will help to classify new 

instances. These new labeled instances can help to improve our method. 

There are two main contributions of this work. One is related to using a type of 

knowledge representation – parametric nets – as classifier, which can be compared 

to models constructed using traditional machine learning algorithms. Other contri-

bution is related to combining both classifiers, since parametric nets allow larger 

capacity of knowledge representation, although ANNs has higher prediction accu-

cary. 

Ongoing work includes improving our ANNs, as well as combining the base 

models in different ways. The use of SVMs [21] – Support Vector Machines –,a 

group of supervised learning methods, based on statistical learning theories, that 

can be applied to classification or regression problems, was not discarded, though 

preliminary results did not show better results than ANNs. Also, we are exploring 

how using semi-hierarchical models in other applications without considering ex-

pert knowledge acquisition. 

To compose both committees, we induce the ANNs in the same way, i.e., the 

same dataset is used for each class. This is an important question because, in hie-

rarchical committee, the positive examples used to induce the binary classifier on 

the topper positions of the hierarchy should not be used to induce the binary clas-

sifiers that are below in the hierarchy. This logic is the same used to induce hypo-
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theses formed by ordered or unordered rules [2,17]. However, we maintained the 

dataset to compare the results with the simplest composing method. We intend to 

explore this induction method in future work.  
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