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Abstract. This paper discusses and analyzes the performance of a technique for classifying
possible faults (lack of lubrication, lack of adjustment and malfunction of a component) that
can occur in an electromechanical switch machine, which is an equipment used for handling
railroad switches. Aiming to better classify these faults, the type-1 and non-singleton fuzzy logic
system trained by Hestenes and Stiefel’s conjugate gradient method is presented. The perfor-
mance of the proposal is compared with four classifiers reported in the literature (Bayes based,
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multilayer perceptron neural network, type-1 and singleton fuzzy logic system trained by steep-
est descent method and type-1 and singleton FLS trained by the Conjugate Gradient method),
demonstrating higher accuracy and faster convergence speed. Based upon the attained results,
the proposed model enables the railway company to adopt solutions to achieve operational
excellence.

Keywords: Fuzzy Logic Systems, Non-singleton, Conjugate Gradient Method

1 INTRODUCTION

A railroad switch is an electromechanical equipment that allows railway trains to be guided
from one track to another, such as at a railway junction. A Switch Machine (SM) is an equip-
ment used for handling railroad switches. Among all possible faults that can occur in an elec-
tromechanical switch machine, the three main ones are: lack of lubrication, lack of adjustment
and malfunction of a component. This become a more complicated problem due to the increase
of Brazilian railroad sector, which results in more use of SM’s as well as its real time operation,
monitoring, and diagnosis become of vital importance, especially with respect to predictive
maintenance.

Researches on SMs have been in evidence in recent years, since they are important equip-
ments that must be constantly monitored to avoid accidents. For example, [1] describes a strat-
egy and a technical architecture for prognosis and health management (PHM) of a SM. Feature
extraction techniques and Principal Component Analysis (PCA) have been used in the assess-
ment of the machines’ health. In turn, [2] makes use of a Support Vector Machine (SVM) in an
online SM condition monitoring system based on current measurements trends to detect faults
at their earliest stage or even before they occur. Wavelet Transforms and SVMs are used in [3],
which also shows that electrical active power can be used as a parameter for condition moni-
toring systems for SMs. This technique has shown a high degree of accuracy. Also [4] applies
expert system for fault identification in a SM, when the failure modes are not easily separable.
A technique for the detection of gradual failure in a SM is described in [5]. Data were collected
from tests on a common point mechanism and a Kalman Filter was used for pre-processing
those data. Other works such as [6] and [7] present alternative techniques related to unsuper-
vised and semi-supervised fault detection and identification in industrial plants based on the
analysis of the control and error signals. A common aspect of all previous works is the focus on
the detection of the existence of a fault, and not on classifying different types of faults, such as
those contemplated in this work. Classification of specific types of faults (lack of lubrication,
lack of adjustment and malfunction of a component) and the normal condition by monitoring
the motor current of switch machine in the railroad was introduced in the literature by Aguiar et
al. [8] [9]. The authors in [8], using the same data set, showed that the type-1 and singleton FLS
trained by the Conjugate Gradient method can offer higher convergence speed and classification
ratio than the Steepest Descent method.

This paper discusses and analyzes the performance of a technique for classifying typical
kind of faults (lack of lubrication, lack of adjustment and malfunction of a component) that can
occur in an electromechanical switch machine, which is a equipment used for handling railroad
switches. To do so, we introduce the type-1 and non-singleton fuzzy logic system trained by the
Hestenes and Stiefel’s conjugate gradient method (i.e., 2nd-order information). Combinations
of feature extraction techniques based on higher-order statistics, feature selection technique
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based on Fisher’s discriminant ratio, and four classifiers (Bayes based [10], multilayer percep-
tron neural network [11], type-1 and singleton FLS [12] trained by steepest descent method
and type-1 and singleton FLS [8] trained by the Conjugate Gradient method method ) show the
effectiveness of proposed technique when a dataset, which addresses the possible faults in SM,
is considered. The dataset, which is constituted by measures of faults and normal conditions
of SM and provided by company in the Brazilian railway sector, named MRS Logı́stica S.A.
(https://www.mrs.com.br/), is a part of a multi-years project that has the objective of
introducing this functionality in 100% of 624 SMs belonging to this company. Additionally,
the reported results show that the type-1 and non-singleton FLS trained by the Hestenes and
Stiefel’s conjugate gradient method can offer higher convergence rate and performance for a
limited number of epochs than the type-1 and singleton FLS. Finally, but not the least, based
upon the attained results, the proposed technique enables the railway company to adopt solu-
tions to achieve operational excellence.

2 PROBLEM FORMULATION

Among all possible faults that can occur in an electromechanical switch machine, the three
main ones are lack of lubrication, lack of adjustment and malfunction of a component. The
system developed in this work is able to identify those faults by monitoring the current of
the SM motor. The system makes it possible to reduce the impact on trains operation and
on preventive maintenance, since interventions shall be carried out only when deviations are
observed in the equipment.

The system responsible for identifying the type of failure shall:

• reduce the number of unproductive hours in maintenance, due to the knowledge of failures
before moving the maintenance team to the location;

• reduce the number of recurrent preventive interventions;

• increase productivity of rail operations, given the reduction in frequency and time of
operational maintenance;

• reduce the TST (Time Stopped Train) index through the increase of the Mean Time Be-
tween Failures (MTBF).

Let x ∈ RN×1 a vector constituted by a sample signal of current of SM motor. Fig. 1 shows
the paradigm used for the classification of events. In the block “Feature Extraction”, pl, pa, pc
and pn refer respectively to lubrication, adjustment, component and normal operation feature
vectors. The block “Feature Selection” provides selected features Kpl, Kpa, Kpc and Kpn from
pl, pa, pc and pn, respectively. The block “Classification” applies one of the classification
techniques to obtain the output vector s, thereby identifying the type of fault.

The classification of events in the component x can be formulated as a simple decision
between hypotheses related to the occurrence of the events covered in this work, as shown
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Figure 1: Block diagram of the scheme for classification of events.

below:

Hx,0 : x = xlub,

Hx,1 : x = xadj,

Hx,2 : x = xcomp,

Hx,3 : x = xnorm.

(1)

The vectors xlub, xadj , xcomp and xnorm denotes the lubrication, adjustment, component and
normal operation events, respectively. Four independent classifiers are developed, one for each
possible event, since multiple events can occur simultaneously. The characteristics of each
block in Fig. 1 will be presented in the following sections.

2.1 Feature extraction based on Higher-Order Statistics

Some contributions as [13], related to problems of detection, classification and identifica-
tion of disturbances in electrical systems, have reported significant results obtained through the
use of higher-order statistics (HOS). This is because HOS-based techniques are better suited to
non-Gaussian processes and nonlinear systems, when compared to those that employ second-
order statistics.

Given a stationary random process {z[n]}, such that E {z[n]} = 0, the cumulants of the
second, third and fourth order can be computed as [14]:

c2,z[i] = E {z[n]z[n+ i]} , (2)

c3,z[i] = E
{
z[n]z2[n+ i]

}
, (3)

and

c4,z[i] = E
{
z[n]z3[n+ i]

}
− 3c2,z[i]c2,z[0], (4)

where E{·} denotes the expected value operator and i is the ith lag.
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Assuming that {z[n]} is an L-length random process, then equations (2) - (4) can be
stochastically approximated by the following expressions

ĉ2,z[i] ∼=
2

L

L/2−1∑
n=0

z[n]z[n+ i], (5)

ĉ3,z[i] ∼=
2

L

L/2−1∑
n=0

z[n]z2[n+ i], (6)

and

ĉ4,z[i] ∼=
2

L

L/2−1∑
n=0

z[n]z3[n+ i]− 12

L2

L/2−1∑
n=0

z[n]z[n+ i]

L/2−1∑
n=0

z2[n], (7)

where i = 0, 1, ..., L/2− 1.

An alternative approach would be [15]:

c̃2,z[i] ∼=
1

L

L−1∑
n=0

z[n]z [mod(n+ i, L)] (8)

c̃3,z[i] ∼=
1

L

L−1∑
n=0

z[n]z2 [mod(n+ i, L)] (9)

and

c̃4,z[i] ∼=
1

L

L−1∑
n=0

z[n]z3 [mod(n+ i, L)]

− 3

L2

L−1∑
n=0

z[n]z [mod(n+ i, L)]
L−1∑
n=0

z2[n], (10)

where i = 0, 1, ..., L− 1 and mod(·) is the modulus operator.

Thus, for each s it is possible to obtain a feature vector given by

pH = [ĉ T
2,z c̃ T

2,z ĉ T
3,z c̃ T

3,z ĉ T
4,z c̃ T

4,z]
T , H = 0, 1, (11)

where H = 0 is the class without disturbance, whereas H = 1 is a class with disturbance,
ĉ2,z = [ĉ2,z(0), · · · ,
ĉ2,z(L/2− 1)]T , c̃2,z = [c̃2,z(0), · · · , c̃2,z(L− 1)]T , ĉ3,z = [ĉ3,z(0), · · · , ĉ3,z(L/2− 1)]T , c̃3,z =
[c̃3,z(0), · · · , c̃3,z(L−1)]T , ĉ4,z = [ĉ4,z(0), · · · , ĉ4,z(L/2−1)]T and c̃4,z = [c̃4,z(0), · · · , c̃4,z(L−
1)]T .

2.2 Feature selection based on Fisher’s discriminant ratio
Recent works, such as [13], have used Fisher’s discriminant ratio (FDR) for feature selec-

tion, since it is simple and provides satisfactory results. In this methodology, Kp features are
selected in order to build the vector pH with length 9L

2
, due to ĉ2,z, ĉ3,z and ĉ4,z having length

L/2 and c̃2,z, c̃3,z, c̃4,z having length L. This makes the classifier complexity quite low. This
pre-processing step is always executed before the classification stage. For a problem involv-
ing only two distinct classes associated with vectors with elements normally distributed and
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uncorrelated, it is defined as [10]:

FFDR = Λµ0,µ1Λ
−1
σ , (12)

where Λσ = diag{σ2
0,0 + σ2

1,0, σ
2
0,1 + σ2

1,1, . . . , σ
2
0, 9L

2
−1

+ σ2
1, 9L

2
−1
} is a diagonal matrix formed

by the vector covariance associated with each class, and Λµ0,µ1 = diag{(µ0,0 − µ1,0)2, (µ0,1 −
µ1,1)2, . . . , (µ0, 9L

2
−1 − µ1, 9L

2
−1)2} is the diagonal matrix composed by their average vectors.

Note that vFDR ∈ R
9L
2
×1 is a vector of elements from the main diagonal of FFDR, such

that vFDR(0) ≥ vFDR(1) ≥ . . . ≥ vFDR(9L
2
− 1). The Kp selected features, corresponding to

the Kp first elements of the vector vFDR, will form vectors Kpl, Kpa, Kpc or Kpn.

2.3 Classifiers

The classifiers used in this work are described as follows.

Bayes Classifier

Consider two possible classesH0 eH1 and a vector xp ∈ RKp×1 formed by Kp parameters
pH, obtained through Equation (12). This vector x has a priori probability to be classified
into one of two classes, given by P (H0) and P (H1). The conditional likelihood functions are
denoted by p (x|H0) and p (x|H1). According to [10], Bayes rule gives:

P (H0|x) =
p(x|H0)P (H0)

p(x)
(13)

and

P (H1|x) =
p(x|H1)P (H1)

p(x)
, (14)

Assuming now that the a priori probability of both classes occurring is equal, i.e. P (H0) =
P (H1) = 1/2, and that the likelihood function has a Gaussian distribution, the following equa-
tion applies:∣∣∑

0

∣∣ 12 e− 1
2

(x−µ1)TΣ−1
1 (x−µ1)∣∣∑

1

∣∣ 12 e− 1
2

(x−µ0)TΣ−1
0 (x−µ0)

R 1 (15)

The proposed classifier is based on the Maximum Likelihood criterion and, given a vector
x, the determination of which class it corresponds to will depend on the result of this inequality.

MLP Neural Network

Given vectors xp,i, with i = 1, 2, ..., Nx samples, constituted by Kp extracted features from
vectors px,i, then the equations of an MLP neural network with Kp inputs, one hidden layer and
one output layer, are the following:

si = AT

xp,i

1

 (16)

qi = ϕ(si), (17)
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and

yrn,i = ϕ

BT

 qi

1

 , (18)

where A ∈ R(Kp+1)×Nq and B ∈ R(Nq+1)×1 represent the weights between the input and hidden
layers and between the hidden and output layers, respectively; Nq is the number of processors
in the hidden layer and yrn,i is the output of the MLP neural network associated to the vector
xp,i. In addition, ϕ(·) is a monotonically increasing function, which is considered here as a
hyperbolic tangent sigmoid.

By concatenating the column vectors of matrices A and B, the following weight vector is
obtained:

w = [aT bT ]T , (19)

where aT and bT are the results for the concatenation of column vectors of matrices A and B,
respectively. The optimal vector w, given by (wo), can be obtained by solving:

wo = min
w
J(w), (20)

where

J(w) =
1

2Nx

Nx∑
i=1

(yrn,i − yd,i)2 (21)

is the cost function, and yd,i is the ith desired output of the MLP neural network. Note that
yd,i = 1 means that the parameter vector xp,i is associated with the occurrence of the event. On
the other hand, yd,i = −1 states that the parameter vector xp,i is associated with the absence of
the event.

The Levenberg-Marquardt (LM) training method [16] [17] has been adopted for MLP neu-
ral network.

3 TYPE-1 AND NON-SINGLETON FUZZY LOGIC SYSTEM CLAS-
SIFIER
Considering non-singleton fuzzification, max-product composition, product implication,

height defuzzifier and gaussian membership functions, the output of a type-1 and non-singleton
FLS is [12]:

fns(x) =
∑M

l=1
θlφl(x), (22)

where φl(x) is called fuzzy basis function (FBF) [12], that is given by:

φl(x) =

∏p
k=1 µFl

k
(xk)∑M

l=1

∏p
k=1 µFl

k
(xk)

=

∏p
k=1 exp

− 1
2

 x
(q)
k

−m
Fl
k

σ2
Fl
k

+σx
2
Fl
k


2

∑M
l=1

∏p
k=1 exp

− 1
2

 x
(q)
k

−m
Fl
k

σ2
Fl
k

+σx
2
Fl
k


2


,
. (23)
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where x ∈ RKp is the vector constituted by the features selected with FDR,
∏

denotes the
product operator, mF lk

and σF lk are the mean and standard deviation associated to the k-th input
feature of the l-th rule, and θl is the weight associated with the l-th rule, l = 1, . . . ,M . We refer
to the standard deviation associated to each input membership function as σx. The subscript
“ns” in fns(x) makes it clear that this is a type-1 and non-singleton FLS.

Given a set of input-output pairs (x(q) : y(q)), where q denotes the qth iteration and each
iteration consists of the presentation of all samples, the problem consists, in fact, of minimizing
the following cost function [12]:

J(w(q)) =
1

2

[
fns(x

(q))− y(q)
]2
. (24)

The result is

mF lk
(q + 1) = mF lk

(q)− α
[
fns(x

(q))− y(q)
]
×

· · ·
[
θl (q)− fns(x(q))

]( x
(q)
k −mFl

k

σ2

Fl
k

+σx2
Fl
k

)
φl(x

(q))
, (25)

σF lk(q + 1) = σF lk(q)− α
[
fns(x

(q))− y(q)
]
×

· · ·
[
θl (q)− fns(x(q))

]
σF lk(q)

[
x
(q)
k −mFl

k
(q)

σ2

Fl
k

(q)+σx2
Fl
k

(q)

]2

φl(x
(q)),

(26)

θl(q + 1) = θl(q)− α
[
fns(x

(q))− y(q)
]
φl(x

(q)), (27)

and

σxF lk(q + 1) = σxF lk(q)− α
[
fns(x

(q))− y(q)
]
×

· · ·
[
θl (q)− fns(x(q))

]
σxF lk(q)

[
x
(q)
k −mFl

k
(q)

σ2

Fl
k

(q)+σx2
Fl
k

(q)

]2

φl(x
(q))

. (28)

Note that α is the stepsize used to update parameters from type-1 and non-singleton FLS.

3.1 Hestenes and Stiefel’s Conjugate Gradient method for the type-1 and
non-singleton FLS

Optimization based on the conjugate gradient was originally proposed in [18]. The initial
goal was to solve an unrestricted quadratic problem, but it was soon extended to more general
cases. This method can be considered from two points of view: as a method of descent with
exact line search or as a method of solving linear systems based on a process of orthogonaliza-
tion.
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From (24), it is known that w(q) and∇J(w(q)) denote, respectively, the parameters and the
gradient vector of a type-1 and non-singleton FLS (see (25) to (28)) given by:

w(q) =[
mF 1

1
(q), . . . ,mF 1

P
(q), . . . ,mFM1

(q), . . . ,mFMP
(q),

σF 1
1
(q), . . . , σF 1

P
(q), . . . , σFM1 (q), . . . , σFMP (q),

θ1(q), . . . , θM(q),

σxF 1
1
(q), . . . , σxF 1

P
(q), . . . , σxFM1 (q), . . . , σxFMP (q),

]T
(29)

and

∇J(w(q)) =[
∇m

F1
1

(q)J(w(q)), . . . ,∇m
F1
P

(q)J(w(q)), . . . ,∇m
FM1

(q)J(w(q)), . . . ,∇m
FM
P

(q)J(w(q)),

∇σ
F1
1

(q)J(w(q)), . . . ,∇σ
F1
P

(q)J(w(q)), . . . , ∇σ
FM1

(q)J(w(q)), . . . ,∇σ
FM
P

(q)J(w(q)),

∇∇θ1(q)J(w(q)),...,∇θM (q)(q)
J(w(q)), . . . , ∇σxF1

1
(q)J(w(q)), . . . ,∇σxF1

P
(q)J(w(q)), . . . ,

∇σxFM1
(q)J(w(q)), . . . ,∇σxFM

P
(q)J(w(q))

]T
.

(30)

The first-order derivative of J(w(q)) with regard to parameters mF lk
(q), σF lk(q) and θl(q),

are:

∇m
Fl
k

(q)J(w(q)) =
[
fns(x

(q))− y(q)
]
×
[
θl(q)− fns(x(q))

]
φl(x

(q))aF lk(q), (31)

∇σ
Fl
k

(q)J(w(q)) =
[
fns(x

(q))− y(q)
]
×
[
θl(q)− fns(x(q))

]
φl(x

(q))bF lk(q), (32)

∇θl(q)J(w(q)) =
[
fns(x

(q))− y(q)
]
φl(x

(q)), (33)

∇σxFl
k

(q)J(w(q)) =
[
fns(x

(q))− y(q)
]
×
[
θl(q)− fns(x(q))

]
φl(x

(q))cF lk(q), (34)

where l = 1, . . . ,M e k = 1, . . . , p. Note that

aF lk(q) =
x
(q)
k −mFl

k

σ2

Fl
k

+σx2
Fl
k

, (35)

bF lk(q) =σF lk(q)

[
x
(q)
k −mFl

k
(q)

σ2

Fl
k

(q)+σx2
Fl
k

(q)

]2

(36)

and

cF lk(q) =σxF lk(q)

[
x
(q)
k −mFl

k
(q)

σ2

Fl
k

(q)+σx2
Fl
k

(q)

]2

(37)

The equations for training type-1 and non-singleton differ from those applied to type-1 and
singleton due to the presence of σx, which model the uncertainty associated with input.
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The algorithm that summarizes the use of a Conjugate Gradient method for training the
type-1 and non-singleton FLS consists of the steps presented in Fig. 1, where α ∈ R |0 < α ≤ 1
is the stepsize. βHS is Hestenes and Stiefel’s scale factor [18],[8] and is given by:

βHS (q) =
gT (q + 1)ζ(q)

dT (q)ζ(q)
, (38)

where ζ(q) = g(q + 1)− g(q). The index HS refers to Hestenes and Stiefel;

Aiming at a better performance of the training algorithm, α(q) and βHS (q) have been
restricted to previously tested values, being α = 10−4 and βmax = 5 .

Input
l: Number of rules of the type-1 and non-singleton FLS;
k: Number of parameters of the type-1 and non-singleton FLS;
η: Step-size;
βmax: Restrictive value for βHS ;
αmax: Restrictive value for α;
nn: Number of epochs;
nnmax: Maximum number of epochs;
N : Number of samples;
p: Number of extracted parameters;
Output
performance: Performance of type-1 and non-singleton FLS;
begin

while nnmax > nn do
for q = 1 to N do

for l = 1 to M do
for k = 1 to p do

To calculate equations (22), (31), (32), (33) and (34)
end

end
if y(x(q)) > 0 then

y(q) = 1
else

y(q) = −1
end
To calculate equations (29) and (30)
if q = 0 then

g (0) = −∇J(w(0))
d (0) = −g (0)

else
g (q) = −∇J(w(q))
d (q) = −g (q)

βHS (q) =
gT (q+1)ζ(q)

dT (q)ζ(q)

if 0 < βHS (q) < βmax (q) then
d(q + 1) = −g(q + 1) + βHS (q)d(q)

else
d(q + 1) = −g(q + 1)

end
end
To update mF l

k
(q), θl(q), σF l

k
(q) and σxF l

k
(q) from w(q+1)

end
performance (%) = (type, nn) = 100× (find (yd − y) == 0)/N

end
end
Algorithm 1: Type-1 and non-singleton FLS trained by Hestenes and Stiefel’s Conjugate Gra-
dient algorithm that makes use of equation (38).
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4 EXPERIMENTAL RESULTS

The performance analysis made use of measured data provided by MRS Logı́stica, which
the signal consists of current signal [A] against time sampled through four channels of an in-
dustrial data acquisition board. The sampling rate was of 100 Hz in a period of 2 seconds.
The acquired signals fall within the following four classes: lack of lubrication, lack of adjust-
ment, malfunction of a component and normal operation. As normal operation occurred mostly,
the original data had to be balanced. Eventually, there were 1376 signals for each of the four
classes. In addition, two outliers were removed for lubrication class, resulting in only 0.145%
of incorrect signals. Due to the low number of outliers, no evaluation was performed without
the outlier removal step. No tests were performed including outliers in the training stage of the
method. A sample example of the signals can be seen in Fig. 2.
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Figure 2: Signals referring to used classes.

The Fig. 3 shows an example of values obtained for the FDR for the event lubrication. In
this case, five parameters with the highest values of FDR were selected. After evaluating the
performance with Kp = 1, 2, 3, 4 and 5 features extracted from FDR, we chose Kp = 3, since it
provides the best performance in terms of accuracy and convergence speed. Therefore, all other
available features (12,384) were not considered in the classification block.

The final configuration of the type-1 and non-singleton FLS is composed of four rules
(M = 4), two rules for the class that has the presence of the event and another two for the class
that does not have the presence of the event. The membership functions parameters were defined
heuristically from the calculation of means and variances of the feature vectors coefficients. The
MLP neural network hasKp = 3 inputs,Nq = 1 hidden layer with two processors and an output
layer with one output. Different configurations of the hidden layer were also evaluated, but the
best performance was obtained with two processors.

The experiments with the type-1 and singleton FLS and with the MLP neural network
considered 100 epochs for training. In the case of the FLS, the samples were divided equally
between training and test sets. In the case of the MLP neural network, 50% of the samples were
used for training, 25% for validation and 25% for testing.
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Figure 3: FDR obtained for lubrication.

4.1 Convergence Analysis

Simulations were performed with the algorithms for classification of faults assuming the
maximum number of epochs equals to 100. Figures 4, 5, 6 and 7 illustrate the convergence
of the FLS for each of the four classes. To facilitate the understanding acronyms are adopted.
Thus, we have the following situations: HS T1FLS NS refers to type-1 and non-singleton FLS
trained by the Hestenes and Stiefel’s conjugate gradient method; SD T1FLS NS refers to type-1
and non-singleton FLS trained by the Steepest Descent method; HS T1FLS S refers to type-1
and singleton FLS trained by the Hestenes and Stiefel’s conjugate gradient method [8] and SD
T1FLS S refers to type-1 and singleton FLS trained by the Steepest Descent method [9]. It can
be seen that the both HS T1FLS NS and SD T1FLS NS provide faster convergence ratio than
the previous methods reported in the literature.
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Figure 4: Convergence of type-1 and non-singleton FLS for lubrication.
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Number of epochs
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Figure 5: Convergence of type-1 and non-singleton FLS for adjustment.
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Figure 6: Convergence of type-1 and non-singleton FLS for component.
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Figure 7: Convergence of type-1 and non-singleton FLS for normal operation.

4.2 Performance Analysis

The final results for all techniques are shown in Table 1. The efficiency ρ is the arithmetic
mean of the classifiers performances for all events. We can note that the HS T1FLS NS is
promising, since it outperformed the techniques based on Bayes theory [9], SD T1FLS S [9]
and HS T1FLS S [2]. Moreover, it achieves a similar performance in [%] in comparison with
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multilayer perceptron neural network [9].

Table 1: Comparative performance in (%) of the classifiers adopted during the test phase.

Events Bayes [9] MLP [9]
SD

T1FLS S [8]

HS

T1FLS S [8]

SD

T1FLS NS

HS

T1FLS NS

Lack of lubrication 94.5 100 100 100 100 100

Lack of adjustment 98 100 97.5 97.5 98.5 99

Component malfunction 99 98.3 98.5 99.5 98.5 99.5

Normal Operation 98.5 100 99.5 100 100 100

Efficiency (ρ) 97,5 99,6 98,9 99,3 99,3 99,6

CONCLUSION

This work discussed the use of signal processing and computational intelligence techniques
in the classification of faults in SM. The extraction of HOS-based features and the selection of
reduced set of features by FDR have proved to be relevant and have contributed to a reduc-
tion in the dimensionality of the data to be presented to the classifiers. Additionally, Hestenes
and Stiefel’s Conjugate Gradient method for training type-1 and non-singleton FLS has been
introduced.

Results obtained through the use of real measured data revealed that the type-1 and non-
singleton FLS tuned by the Hestenes and Stiefel’s Conjugate Gradient method converges faster
and classification rates are better for a reduced number of epochs. All classifiers are attractive
options due to their mathematical simplicity.

Future works will be directed to the design of a prototype to be integrated into the existing
SM supervision system in the company MRS Logı́stica S.A.. It will be considered the devel-
opment of an approach to exclude outliers and the use of type-2 FLS in order to achieve better
results.
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