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Abstract This work presents a comparison among four
methodologies for fault detection and feature selection
applied to dimensional quality control in an automobile
motor-head machining process. Three of them are based on
the Mahalanobis Taguchi System (MTS) while the fourth
one uses Support Vector Data Description (SVDD) one-
class classification in order to build an hypersphere with
the minimum volume with an enclosed boundary containing
almost all target objects. Moreover, Gompertz binary par-
ticle swarm optimization (GBPSO) algorithm is applied to
optimize kernel hyperparameters in SVDD and simultane-
ously solve the feature selection problem.
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1 Introduction

The use and development of efficient strategies for dimen-
sional reduction on the characteristics for processes quality
in order to gain a substantial improvement at the moment
of fault detection is crucial. In this aspect, one of the
methodologies extensively used is the Mahalanobis-Taguchi
System (MTS). MTS is a method proposed by Genichi
Taguchi and it does not require statistical assumptions [4,
29]. MTS is proposed as a method of predicting and diag-
nosing system performance using multivariate data in order
to make quantitative decisions with the construction of a
multivariate measurement scale using an analytical method.
The original version of the Mahalanobis-Taguchi System
using orthogonal arrays (OA’s) had a wide range of appli-
cations since its inception but it has not been without
criticism [29]. One of the aspects been criticized is the
use of OAs and Signal to Noise Ratio (SNR) for opti-
mal dimensional reduction in order to perform an effec-
tive diagnosis. This has resulted in research to implement
new strategies to achieve optimal reduction variables like
a Binary particle swarm optimization [17, 22] and Gom-
pertz binary particle swarm optimization algorithm [20].
Likewise, machine learning techniques have been applied
succesfully in order to perform fault detection in multivari-
ate complex processes which have in common presence of
noise and correlated features using large data sets. Based
on the statistical learning theory, Support Vector Machines
(SVM) is an automatic learning algorithm used for the
binary classification and regression of high-dimensional
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data sets able to deal with highly correlated variables. How-
ever, standard binary classifiers show a not satisfactory and
poor performance when data sets are unbalanced. Simi-
larly to the hyperplane approach of SVM, Support Vector
Data Description (SVDD) estimates a decision hypersphere
with the minimum volume to find an enclosed boundary
containing only target data in order to perform one class
classification dealing in this manner with the unbalanced
data sets problem. This paper presents a comparison among
four methodologies for fault detection and feature selection
applied to dimensional quality control in an automo-bile
motor-head machining process. Gompertz binary particle
swarm optimization algorithm (GBPSO) is applied to opti-
mize kernel hyperparameters for SVDD and simultaneously
solve the feature selection problem. In order to validate the
results, also the original MTS, BPSO-MTS, and GBPSO-
MTS are presented to compare the performances of the four
approaches in terms of the misclassification function. The
rest of this paper is organized as follows: Section 2 presents
the corresponding background of relevant techniques. The
different methodologies are presented in Section 3. Exper-
iments on a real multivariate complex process are shown
in Section 4. Finally, in Section 5, conclusions and future
works are given.

2 Background

2.1 Mahalanobis-Taguchi System applications

The MTS has been applied in many fields, in particular in
the automotive, metal/mechanics and medical branches. The
original version of MTS was applied for the first time in a
medical diagnosis case and a fire alarm system. The medical
diagnosis case is illustrated by taking 17 conditions or fea-
tures in order to determine a person health. It was found that
only 8 variables are considered for diagnostics in the future.
The case of fire alarm system was conducted by the Elec-
trical Communication University of Japan. According to the
international standards, there are different types of fire sit-
uations. A fire alarm system should recognize all these fire
situations. Hence, MTS was applied to improve the process
monitoring and to improve the functioning of the sensor sys-
tem by minimizing the false alarms [25]. The application
of a MTS-based approach for monitoring and fault iden-
tification in chemical processes is presented in [23]. They
use stepwise multiple regression analysis instead of orthog-
onal arrays. MTS is compared to other methods in [28]; the
results show that the MTS has better accuracy rate in pre-
dicting the discriminant analysis or stepwise discriminant
analysis regardless of the complete model or the reduced
model. MTS has been used also for multiclass problems,
this is the so called Multiclass Mahalanobis-Taguchi System

(MMTS), this extension of MTS is developed for simul-
taneous multiclass classification and feature selection. In
MMTS, the multiclass measurement scale is constructed by
establishing an individual Mahalanobis space for each class.
A real case about gestational diabetes mellitus is studied
and the results indicate the practicality of MMTS in real-
world applications [24]. There have been applications of
the integration of a Neural Network-MTS. In the proposed
integrated approach, there exists the following differences
with respect to the original MTS: It is not influenced by the
multicollinearity problem, the Mahalanobid Distance (MD)
computation is an iterative process, and the output signals
for normal and abnormal groups have a target value of 0 and
1, respectively. Finally, validation of the separation between
output signals for normal and abnormal groups is constantly
achieved with testing data sets. It gives flexibility for differ-
ent applications [18]. In [17], a mathematical model for an
optimal variable screening is proposed and solved by binary
particle swarm optimization (PSO). In conclusion it was
noted that this hybrid MTS-PSO achieves the greatest reduc-
tion in multidimensional approach system with respect to
SNR. MTS has been integrated to Adaptive Resonance The-
ory Neural Network for parameter selections in a dynamic
product design system (DPDS). The utility of the algorithm
is assessed in two dimensions: the MTS shows how indi-
vidual product parameter dimensions are selected and the
ARTN links parameter selection decisions across two dif-
ferent time lines and it can be used to focus on DPDS and
to identify product architecture dimensions that are criti-
cal for a DPDS [1]. In [21], two alternative optimization
methods to the use of OAs in the dimensional reduction vari-
ables are compared. The results show that BPSO is faster
with respect to speed of convergence to the optimal solu-
tion. Regarding dimensional reduction, different scenarios
were analyzed. Later on in [22], the optimization prob-
lem in reducing variables is solved by applying GBPSO,
likewise it was compared against BPSO and NBACO algo-
rithms. The results show that the GBPSO is faster to find
the optimal that the BPSO and NBACO. The success rate is
100% for GBPSO in all three cases. A new variant of MTS
was developed in [10] proposing a feature selection pro-
cess that explores a new goodness measure of the model in
terms of conditional probability of state system in the subset
of variables. The current research presents a methodology
for classification based on Mahalanobis Distance (MD) and
Association Mining using Rough Sets Theory (RST). In
[9], the application of artificial bee colony (ABC) optimiza-
tion for features selection in MTS is explored. The optimal
subset of features is obtained via the stochastic search mech-
anism of binary ABC. Results are compared with those
obtained from two other meta-heuristic techniques, namely
genetic algorithm and particle swarm optimization. In [19],
Bees Algorithm is deployed replacing the conventional OAs
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as the optimization technique in MTS. The purpose of BA
algorithm in the fusion strategy is to determine the maxi-
mum SNR value among the different sets of variables. The
optimization problem in reducing variables for the area of
laser welding is solved with the application of GBPSO and
compared against NBACO algorithm in [20]. The results
show that the GBPSO is faster to find the optimum, although
both algorithms achieve the optimum value. Moreover, it is
the first time that MTS-GBPSO is applied to a laser welding
process.

2.2 Support vector data description

Unlike other popular fault detection approaches such as
Principal Component Analysis (PCA), Linear Discriminant
Analisis (LDA), and the various types of control charts,
support vectors methods are able to deal with non linearly
separable classification in high dimensional settings in order
to perform a robust fault detection procedure since no sta-
tistical assumptions are needed. However, in practice, it
is common to have few training samples of the faults to
be detected (minority class), under this conditions classi-
fiers such as SVM and some others are accurate on the
main class but they show very poor accuracy on minority
class(es) [7]. Support Vector Data Description (SVDD) esti-
mates a decision hypersphere with the minimum volume
to find an enclosed boundary containing only target data
in order to perform one class classification and thus deal
with the unbalanced data problem. Among the wide range
of SVDD applications Guocheng Xie et al. (2013) pro-
pose the multiclass hypersphere using support vector data
description (HSMC-SVDD) in order to improve the clas-
sification accuracy and training speed when the categories
have been increased to more than two classes. First, a fea-
ture extraction procedure is performed (kurtosis, energy, and
correlation). After Nonlinear Principal Component Analy-
sis (KPCA) is implemented to reduce the dimensionality
of the data, finally, it develops the hypersphere multiclass
support vector data description for diagnosis. Testing is per-
formed on a total of 322 medical images for diagnosis of
normal masses, benign masses, or malignant masses [30].
Dong Wang (2013) propose a combination of support vector
data description (SVDD) and K-means method for pattern
classification. Since K-means representation is too terse
and it does not take into account the non-uniform distri-
bution of cluster size. Intuitively, those clusters containing
more data are likely to be part of the features with higher
influential power compared to the smaller ones. Therefore,
SVDD is applied in order to measure the density of each
cluster resulted from K-means clustering [27]. Furthermore,
the choice of some parameters for SVM-based methods
(such as kernel) is of vital relevance for the method per-
formance. Bounsiar et al. (2014) present the research of an

appropriate kernel to be implemented in One-Class Classi-
fication (OCC) problems. This research is justified because
many authors assume that kernels used in standard binary
SVM classification are also appropriate to one-class classi-
fication. The study presents a breastcCancer classification
(benignant or malignant). In this particular case, the radial
basis function kernel give satisfactory OCC performance
while other kernel functions such as polynomial or sig-
moidal kernels are not suitable [3]. Benkedjouh et al (2012)
present a method for fault diagnosis and pronosis of bear-
ings based on Principal Component Analysis (PCA) and
Support Vector Data Description (SVDD). The purpose of
the paper is to transform the monitoring vibration signals
into features that can be used to track the health condi-
tion of bearings and to estimate their remaining useful life
(RUL) [2].

3 Methodologies

3.1 Mahalanobis-Taguchi System

Mahalanobis-Taguchi System (MTS) has gained great inter-
est in the industrial and scientific community since it has
shown to be an effective method for fault detection, diagno-
sis and data classification when applied to multivariate data
sets [8, 29]. Usually MTS is implemented in several steps
which are described next:

– Mahalanobis space construction: data collection cor-
responding to the multivariate process takes place
where the healthy population is defined and the corre-
sponding Mahalanobis distance is computed as follows:

MD = 1

p
(ZtC−1Z)

where

Z = column vector of standarized variables

C = correlation matrix

p = number of variables

– Mahalanobis space validation: the unhealthy pop-
ulation is set and the corresponding MDs are also
computed.

– Identification of useful variables: In this stage,
the estimate S/N analysis for the system using the
unhealthy group Mahalanobis distances is done. A
robust design in order to reduce the number of impor-
tant features needed to measure and maintain / improve
the S/N analysis is applied where factors are the number
of original variables and the number of levels namely
are chosen as two, i.e., it might or might not include the
variable in the calculation of Mahalanobis distances in
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order to improve the efficiency of the system. The posi-
tive gains indicate that the variable is useful [8]. Using a
larger signal-to-noise ratio is better which is calculated
in the following way:

S/N+ = −10 log

⎡
⎣

(
1

t

) t∑
j=1

(
1

MDj

)2
⎤
⎦

where

t = number of replicas

At this point, the best criterion of variables selection
must hold in order to avoid a mistaken classification,
that is to say, in order to avoid the wrong identifica-
tion of healthy observations in unhealthy and vice versa
[17].

– Prediction and future diagnosis: A new data set is
obtained and the corresponding MDs are computed. A
control limit CL is defined in terms of the healthy data
set. In case the new MDs values overpass the limit CL,
the measured information is considered as unhealthy.
An appropriate definition of CL is crucial in order
to avoid false alarms which imply a great loss in the
system [31].

1) Optimum dimensional reduction

The use of orthogonal arrays in the classical form of MTS
does not provide an optimal variable selection; therefore,
an interesting modification has been proposed where a mis-
classification problem is considered in order to optimize the
real impact of the selected variables and in this way, the
important variables in the process are detected in an optimal
manner [17]. The optimization problem which is going to
substitute the orthogonal arrays approach is stated in terms
of the following two misclassification concepts

1. Classifying healthy observations as unhealthy
2. Classifying unhealthy observations as healthy

The total misclassification is calculated as follows,

w1 = c1

c1 + c2
, w2 = c2

c1 + c2

Considering these, the main objective function of the total
weight is defined as follows:

T WFM = w1
ne

1

n1
+ w2

ne
2

n2

where

ne
1 = number of healthy observations

classified as unhealthy

ne
2 = number of unhealthy observations

classified as healthy

n1 = number of healthy observations

n2 = number of unhealthy observations

c1 and c2 denote associated costs due to misclassification 1
and 2, respectively. Moreover,

ne
1 =

n1∑
j=1

MD1
j s.t MD2

1 ≤ MD1
j

ne
2 =

n2∑
j=1

MD2
j s.t MD2

n1
≤ MD2

j

where the following ordering should hold

MD1
1 ≤ MD1

1 ≤ · · · ≤ MD1
n1

MD2
1 ≤ MD2

2 ≤ · · · ≤ MD2
n2

Regarding the mathematical formulation for selection crite-
ria, a multi-objective program is stated as follows:

f1(x) =
(

w1
ne

1

n1
+ w2

ne
2

n2

)
, f2(x) = pselected

p

Subject to:

p∑
i=1

xi ≤ p,

p∑
i=1

xi = pselected, f1(x) ≤ f max
1

where x = (x1, x2, ..., xp)t is a p-dimensional vector and

xi =
{

0 if variable i is not selected
1 if variable i is selected

Finally, the objective function to be minimized reads:

f (x) = αf1(x) + βf2(x) (1)

This corresponds to a weighted mixture of binary integer
programming where α and β are some predefined weights.
With this model, those significant variables in the process
are detected in an optimal way in order to monitor and
control any multivariate system.

2) Binary PSO (BPSO)

Particle swarm optimization (PSO) is already a well-known
algorithm developed by Kennedy and Eberhart, 1995 [11].
This is an stochastic searching technique based on particles
population (swarm) that moves within a searching space in
a parallel manner in order to find the optimal solution of an
objective function.

A particles swarm has to be define in PSO,

S = (x1, x2, , xN)

where N is the number of particles (possible solutions)

xi = (xi1, xi2, , xiP ), i = 1, 2, , N
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In a similar manner, a velocity vector has to be assigned
to each particle which allow the particle to move in the
searching space,

vi = (vi1, vi2, , viP ), i = 1, 2, , N

The optimization problem must be solved in a binary set-
ting; thus, a binary version of PSO is needed. Kennedy and
Eberhart (1997) proposed a binary version of PSO in order
to deal with discrete binary variables where the particle
velocity is understood in a slightly different manner, i.e., it
represents the bit probability of change for each element in
the binary particle array [12]. In order to model this proba-
bility, the Sigmoid function is used to normalize all values
in the range [0,1].

sig(vij (t)) = 1

1 + e−vij (t)
(2)

The best particle and overall positions are updated by com-
paring the swarm values. The velocity vector in the binary
PSO algorithm is denoted as V c

i which at the same time it is
computed in terms of V 1

i and V 0
i which are the probabilities

of the particle bit change to 1 and 0, respectively, i.e,

V c
i =

{
V 1

i if xij = 0
V 0

i if xij = 1

P b
i and P g positions are updated as in the traditional PSO

and the bits carried by them are used to update V 0
i and V 1

i ,
with the rules described in the work of Pal and Maiti [17].
Once the new velocity V c

i is computed, the obtained scalar
is mapped to a value Vij ∈ [0, 1] by a Sigmoid function.
Once V c

i is obtained, the next state of the particle is updated,

xik(t + 1) =
{

1 − xij (t) if r < sigm(vij )

xij (t) if r > sigm(vij )

In this paper, we refer to this novel binary version of PSO
as BPSO.

3) Gompertz BPSO (GBPSO)

The GBPSO algorithm is mainly based on the idea of replac-
ing the sigmoid function as used in the BPSO for generating
binary numbers by the Gompertz function given by

Gmpz(vij (t)) = aebe
cvij (t)

(3)

where a is the upper asymptote usually taken as a = 1,
while b and c are negative numbers controlling the vij (t)

displacement and the growth rate, respectively. GBPSO has
been already studied in [5] where the following forms are
proposed to be used:

b(t) = −
(

0.2 + (2.0 − 0.2) · k

N

)

c(t) = −
(

0.2 + (1.5 − 0.2) · k

N

)

k and N denote the current and maximum number of
iterations, respectively. Considering this formulation, the
position of the particle is updated using by the following
expression,

xij (t + 1) =
{

1 − xij (t) if r < Gmpz(vij (t)

xij (t) another case

3.2 Support vector data description with gompertz
BPSO

This strategy carry out reference space optimization and
simultaneous feature selection in order to improve fault
detection tasks. The goals are the maximization of a model
performance and the minimization of the number of used
features. The accuracy and stability of the SVDD one-class
classifier for fault detection rely on its hyperparameters set-
ting. This study applies an RBF kernel function for the
SVDD model to obtain the optimal solution. Thus, param-
eters C and s must be set properly. Moreover, the variables
that contribute for quality defects can be detected by finding
the relevant subset of features.

3.2.1 Support vector data description

Consider now that a given data set contains N data objects
{xi}, i = 1, ..., n. A closed spherical boundary, described
by center a and radius R > 0, around the given data must
be defined for the target data description. Since the sphere
of interest should cover as many data points as possible, the
volume of the sphere is minimized over R2 [13]. Thus, the
error function to be minimized reads:

min F(R, a, ξi) = R2 + C
∑

i
ξi

s.t. ‖xi − a‖2 ≤ R2 + ξi, ξi ≥ 0 ∀i (4)

where ξi denotes slack variables, C controls the trade-off
between the volume and the errors. Moreover, if C is too
large then we obtain an overfitting model ineffective for the
testing phase [6].

Using Lagrange multipliers, the following functional
arises:

L(R, a, αi, γi, ξi)=R2+C
∑

i
ξi −

∑
αi

×
{
R2+ξi −

(
‖xi‖2−2a·xi +‖a‖2

)}

−
∑

i
γiξi (5)

and the corresponding dual form reads:

min
∑

i
αi (xi , xi ) −

∑
i

∑
j
αiαj

(
xi , xj

)

s.t. 0 ≤ α ≤ C (6)

For samples satisfying the equality ‖xi − a‖ = R2 + ξi , the
Lagrange multiplier will become unequal to zero (αi > 0).
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Those vectors xi with αi > 0 are needed to support the
hypersphere; thus, they are called the support vectors of the
description (SV) [32].

To determine whether a test sample z is within the hyper-
sphere, its distance to the center of the hypersphere has to be
calculated. A test sample z is accepted when this distance is
smaller than the radius [2], i.e.,

‖z − a‖2 = (z · z) − 2
∑l

i=1
αi (z · xi )

+
∑l

i=1

∑l

j=1
αiαj

(
xi · xj

) ≤ R2 (7)

A kernel function is used in place of the inner products in
Eqs. 6 and 7 which help to design more flexible methods:

min
∑

i
αiK (xi , xi ) −

∑
i

∑
j
αiαjK

(
xi , xj

)

s.t. 0 ≤ α ≤ C (8)

where K
(
xi , xj

)
is a kernel function and αi represents the

Lagrange multipliers [15]. One of the most used kernel is the
radial basis kernel function (RBF). This kernel is indepen-
dent of the position of the data set with respect to the origin,
it only use the distances between objects [26]. In RBF kernel
(9), over/under-fitting depends on values of s [14].

K(xi − xj ) = exp
(
− ∥∥xi − xj

∥∥2
/s2

)
(9)

3.2.2 SVDD with negative examples

When minority classes examples are available (negative
examples), they can be used in the training phase to improve
the reference space, i.e., these examples must be outside of
the hypersphere [16]. Indices i, j are used to identify target
vectors while indices p, q are used for negative examples p,
q. Furthermore, yi = 1 and yp = −1 denote labels for target
and outlier objects, respectively. Relaxing the target as well
as the outlier set by allowing some errors and introducing
the slack variables ξi and ξp, then the problem becomes:

min F(R, a, ξi, ξp) = R2 + C1

∑
i
ξi + C2

∑
p

ξp

s.t. ‖xi − a‖2 ≤ R2 + ξi,
∥∥xp − a

∥∥2 ≥ R2 − ξp (10)

ξi ≥ 0, ξp ≥ 0 ∀i, p. Replacing these constraints in
Eq. 10 introducing Lagrange multipliers αi , αp, γi , γp the
following functional is defined:

L
(
R, a, ξi, ξp, αi, αp, γi, γp

)

= R2+C1

∑
i
ξi +C2

∑
p

ξp

−
∑

i
γiξi −

∑
p

γpξp −
∑

i
αi

[
R2+ξi −(xi −a)2

]

−
∑

p
αp

[(
xp−a

)2−R2+ ξp

]
(11)

with αi ≥ 0, αj ≥ 0, γi ≥ 0, γi ≥ 0.
The corresponding dual form reads:

min L =
∑

i
αi (xi · xi ) −

∑
p

αp

(
xp · xp

)

−
∑

i

∑
j
αiαj

(
xi · xj

) + 2
∑

p

∑
j
αpαj

× (
xp · xj

) −
∑

p

∑
q
αpαq

(
xp · xq

)
(12)

By defining new variables α′
i = yiαi where index i refers to

target and negative vectors. SVDD with negative examples
solves in the same manner as the standard SVDD does.

3.2.3 SVDD-GBPSO for reference space optimization
and simultaneous feature selection

Let xf = (x1
f , x2

f , ..., x
p
f )t be a p dimensional vector where

xi
f =

{
0 if variablei is not selected
1 if variablei is selected

and xC and xs ∈ R
3 are coded vectors for C and s values,

respectively. Thus, a GBPSO particle is defined as xp =
xC∪xs∪xf , see Fig. 1. For reference space optimization and
simultaneous feature selection, the optimization problem (1)
becomes:

min f (xp) = αf1(xp) + β
pselected

p
(13)

subject to:
p∑

i=1

xi
f ≤ p,

p∑
i=1

xi
f = pselected, f1(xp) ≤ f max

1

where f1(xp) is the SVDD performance with selected
hyperparameters and optimal subset features. Figure 2
shows how SVDD-GBPSO solves reference space opti-
mization and simultaneous feature selection problem, this
approach was taken from [2].

4 Case of study: machining process
of the motor-head

The methodologies described in the previous section have
been applied to dimensional quality control on an automo-
bile motor-head machining process where 12 characteristics
are taken into account. Due to the number of involved fea-
tures in the process the original MTS can be applied as
well as the hybrid methodologies described above. In order

Fig. 1 SVDD-GBPSO Particle
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Fig. 2 SVDD-GBPSO diagram

to build up the Mahalanobis space, 189 healthy and 16
unhealthy observations were collected. Table 1 presents the
considered variables and their corresponding description.

Table 1 Variables description

Variable Description

x1 187-VERTICAL 6MM HOLE 506R INT SIDE

x2 188-TRANSVERSAL 6MM HOLE 506R INTSIDE

x3 191-VERTICAL 6MM HOLE 507R EXH SIDE

x4 192-TRANSVERSAL 6MM HOLE 507R EXH SIDE

x5 229-LONG.HOLE 124L CAM.L.ADM. REAR 7MM
HOLE

x6 230-TRANS .HOLE 124L CAM.L.ADM. REAR 7MM
HOLE

x7 205-LONG.HOLE 124L CAM.L.ADM. REAR 4MM
HOLE

x8 206-TRANS .HOLE 124L CAM.L.ADM. REAR 4MM
HOLE

x9 235-LONG.HOLE 123L CAM.L.ADM.MIDDLE 7MM
HOLE

x10 236-TRANS .HOLE 123L CAM.L.ADM. MIDDLE 7MM
HOLE

x11 213-LONG.HOLE 123L CAM.L.ADM.MIDDLE 4MM
HOLE

x12 214-TRANS .HOLE 123L CAM.L.ADM. MIDDLE 4MM
HOLE

The combinatorial problem for variable screening was
solved with swarm intelligence based optimzation algo-
rithms MTS-BPSO, MTS-GBPSO, SVDD-GBPSO, and
MTS with orthogonal arrays. The obtained results from
phases 1 and 2 are presented below in Fig. 3 which shows
that the distances of the “unhealthy” group (red) are greater
than the distances of the “healthy” group (blue), validat-
ing in this way our Mahalanobis space in a correct manner.
Moreover, Table 2 depicts the average of the Mahalanobis
distances corresponding to both groups as well as the
ranges. An orthogonal array L16 has been used in order
to resolve the variable/characteristics screening problem
where the variables were assigned consecutively in the first
12 columns of the orthogonal array considering the S/N
ratios in order to identify which variables have significant
impact on process. Table 3 shows the obtained detected
variables, in particular x2, x5, x8, which present a positive
gain.

We have consider three main configurations in the objec-
tive function definition: (1) ω1 = ω2 = 0.5, (2) ω1 =
0.95, ω2 = 0.05, and (3) ω1 = 0.05, ω2 = 0.95 which rep-
resent the percentage of importance corresponding to each
misclassification function. The weights of the fitness func-
tion are fixed to α = β = 0.5. The number of particles in
the swarm for the considered optimization algorithms is 50
and the maximum number of iterations is set to 80.

The objective function optimal values reached after
the application of MTS-BPSO, MTS-GBPSO, MTS-
Original, and SVDD-GBPSO is reported in Table 4. The
selected hyperparameters by SVDD-GBPSO are reported in
Table 5.

The optimization performance of the algorithms MTS-
BPSO, MTS-GBPSO, and SVDD-GBPSO for the consid-
ered three scenarios is depicted in Figs. 4, 5, and 6.
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Table 2 Mahalanobis space

Observations Average Range

Min Max

Unhealthy 10.5846 3.5517 29,8431

Healthy 0.9947 0.1869 1.9990

Table 3 Signal-to-noise/ratio

Level x1 x2 x3 x4 x5 x6

1 1.862 4.329 0.598 2.878 4.129 2.74

0 6.05 3.584 7.314 5.034 3.783 5.172

Gain −4.188 0.745 −6.716 −2.156 0.346 −2.432

Level x7 x8 x9 x10 x11 x12

1 3.477 4.782 3.439 2.913 3.606 3.037

0 4.436 3.13 4.473 4.999 4.306 4.875

Gain −0.959 1.652 −1.034 −2.086 −0.7 −1.838

Table 4 Results

Scenario Optimal Variables Success

ω1 = 0.5 ω2 = 0.5

MTS-Original 0.5763 x2, x5, x8 –

MTS-BPSO 0.31391 (x1, x3, x5, x6 55%

MTS-GBPSO 0.31391 x10, x11, x12) 41%

SVDD-GBPSO 0.1327 x1, x12 100%

ω1 = 0.05 ω2 = 0.95

MTS-Original 0.5606 x2, x5, x8 –

MTS-BPSO 0.31391 (x1, x3, x5, x6 56%

MTS-GBPSO 0.31391 x10, x11, x12) 54%

SVDD-GBPSO 0.0886 x3, x12 100%

ω1 = 0.95 ω2 = 0.05

MTS-Original 0.5920 x2, x5, x8 –

MTS-BPSO 0.27539 (x3 56%

MTS-GBPSO 0.27539 x10, x12) 100%

SVDD-GBPSO 0.0812 x12 100%

Table 5 Selected hyperparameters

Scenario C s

ω1 = 0.5 ω2 = 0.5 1 200

ω1 = 0.05 ω2 = 0.95 0.0001 1

ω1 = 0.05 ω2 = 0.95 0.0001 1
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5 Conclusions and future work

Four different methodologies for fault detection and feature
selection have been applied for dimensional quality control
on an automobile motor-head machining process. MTS-
Original, MTS-BPSO, and MTS-GBPSO have been suc-
cessfully implemented in order to perform optimal dimen-
sional reduction for an effective diagnosis. Furthermore,
SVDD-GBPSO approach carry out simultaneous reference
space optimization and feature selection in order to improve
the fault detection task. It was found that for this partic-
ular problem, the SVDD-GBPSO methodology achieves a
better performance for fault detection than the other three
algorithms in terms of misclassification values and num-
ber of selected features. The nature of the SVDD algorithm
allows the development of efficient models for classifica-
tion through the training process with optimal hyperpa-
rameters and the selected features, i.e, the optimization of
the reference space and feature selection procedure. MTS-
based methodologies only perform feature selection in an
optimal way while the construction of reference space is
based on Mahalanobis distance. Thus, the performance of
MTS-based methodologies for fault detection depend to a
large extent on the data prior classification into healthy
and unhealthy classes. On the contrary, the standard sup-
port vectors models such as SVDD algorithm are based on
Euclidean distance which is often sub-optimal especially in
high dimensions learning problems. As future work, we are
interested in the incorporation of the Mahalanobis distance
into the SVDD model construction in order to obtain a more
robust SVDD classifier. Moreover, testing the performance
of other recent metaheuristics such as Artificial Bee Colony
optimization, Charged System Search, and Intelligent Water
Drops in order to solve the involved combinatorial problem
is also of our interest.
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20. Reséndiz-Flores EO, López-Quintero ME (2017) Optimal identi-
fication of impact variables in a welding process for automobile
seats mechanism by MTS-GBPSO approach. Int J Adv Manuf
Technol 90(1):437–443
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