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Jesús Alejandro Navarro-Acosta1 ·Edgar O. Reséndiz-Flores2
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Abstract This work presents an improved fault detection
by reference space optimization and simultaneous feature
selection applied in a manufacturing complex process of
automotive pedals components. Support vector data descrip-
tion (SVDD) one-class classification method uses a hyper-
sphere with the minimum volume to find an enclosed
boundary containing almost all target objects. Gompertz
binary particle swarm optimization algorithm (GBPSO) is
applied to optimize kernel hyperparameters for SVDD and
simultaneously solve the feature selection problem. In order
to justify and validate the results, also the genetic algorithm
(GA) and binary particle swarm optimization algorithm
(BPSO) are presented to compare the performances of the
three approaches in terms of the misclassification function.
The experimental results showed that the proposed approach
can correctly select the influencing input variables in order
to achieve an efficient fault detection.
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1 Introduction

Obtaining an optimal level in product quality is one of
the greatest challenges that industry is continuously facing.
Nowadays, with advances in computer science and acqui-
sition technologies, organizations have the ability to easily
collect and store large databases for process analysis. Com-
plex processes are multivariate in nature, accordingly the
selection of relevant variables, it is a very important step to
carry out an efficient fault detection. This in order to per-
form an effective improvement of the processes. Traditional
statistical techniques have limitations as they make assump-
tions about characteristics of the data such as normality.
Furthermore, statistical correlation between the classes is
also sometimes ignored by these methodologies [1]. On the
other hand, artificial intelligence techniques have gained
great interest because they have proved efficiency in the
performance for fault detection using large data sets and
correlated features. One of the most useful classification
techniques is support vector machines (SVM) based on the
statistical learning theory. Hsu Chun-Chin et al. [2] pro-
pose to integrate independent component analysis (ICA)
and support vector machines (SVM) in order to develop
an intelligent fault detector for non-Gaussian multivariate
process. Since ICA has no orthogonality constraint, it can
be used to deal with a non-Gaussian process, then SVM
is applied for fault detection. SVM is also implemented
in order to perform fault detection in specific components
such as electrical devices. Hassen Keskes et al. [3] present
an intelligent system for broken-rotor-bar (BRB) diagno-
sis based on combination of both, stationary wavelet packet
transform (SWPT) and multiclass wavelet support vector
machines (MWSVM). The SWPT is used to extract the sen-
sitive feature related to the fault but it does not allow auto-
matic fault detection. In order to perform fault classification
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multi-class SVM is implemented. The accuracy and sta-
bility of this classifier rely on its hyperparameters setting.
Hence, to design an effective SVM classifier, the values
of the hyperparameters have to be chosen properly [4].
Moreover, standard classifiers show a poor performance
to deal with unbalanced data sets, i.e., when the larger
amount of data belongs to one class. While the remaining
classes count with few data. One-class classifiers have been
successfully applied in unbalanced data sets, Support vec-
tor data description (SVDD) is similar to the hyperplane
approach of support vector machine classifier which esti-
mates decision plane to separate the target objects with
maximal margin. However, instead of using a hyperplane,
SVDD uses a hypersphere with the minimum volume to
find an enclosed boundary containing almost all target data
excepting outliers. Similarly to SVM, the performance of
SVDD is strongly influenced by kernel parameter selection.
Different kernel parameter selection will result in different
performance of SVDD reference space [5]. Several meth-
ods have been used for setting kernel hyperparameters such
as grid search and cross validation. Recently, metaheuris-
tic methods, e.g., ants colony optimization (ACO), genetic
algorithm (GA), and particle swarm optimization (PSO),
have been applied in order to optimize kernel hyperparam-
eters successfully and thus achieve good performance in
classification tasks. However, in most applications of AI
techniques, the selection of relevant features is omitted,
being this a basic requisite for effective process improve-
ment in manufacturing [6]. In order to deal with this issue,
Mahalanobis-Taguchi system (MTS) is a relatively new col-
lection of methods proposed for behavior patterns diagnosis
and prognosis corresponding to multivariate data sets. MTS
is mainly developed within four steps: (1) the building of
the Mahalanobis space (MS), (2) MS validation, (3) identi-
fication of useful variables, and (4) prediction and system
diagnosis [7]. MTS method is a combination of the Maha-
lanobis distance and Taguchi’s design of experiments. In
MTS, the Mahalanobis distance (MD) corresponding to the
data is computed and a measurement scale is constructed,
then orthogonal arrays and signal to noise ratio (SNR)
are used to optimize the system with the minimum num-
ber of variables [8]. However, there are still some disputes
to the method of reference space optimization in tradi-
tional MTS, where the orthogonal arrays and SNR are used
[9]. Fractional factorial designs and SNR have been criti-
cized for its limitations in dimensionality reduction, even
more when process presents multi-collinearity. Mahalanobis
distance (MD) is ineffective since the covariance matrix
turns almost singular and the inverse matrix is invalid [10].
This paper presents an improved fault detection by refer-
ence space optimization and simultaneous feature selection
applied in a manufacturing complex process of automotive

pedals components. Gompertz binary particle swarm opti-
mization algorithm (GBPSO) is applied to optimize Kernel
hyperparameters for SVDD and simultaneously solve the
feature selection problem. The rest of this paper is organized
as follows. Section 2 briefly reviews of relevant techniques.
Proposed 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. A list of acronyms and notation is presen-
ted in Table 1.

2 Background

2.1 Support vector data description

Unlike other classification techniques such as PCA and
LDA, support vector methods are free of statistical assump-
tions and are capable to deal with non linearly separable
classification in high-dimensional spaces. On the other
hand, artificial neural networks (ANN) are computational
models inspired by the nervous system of living beings and
can be employed in several problems related to engineering
and sciences such as pattern recognition and fault detec-
tion [11]. As two different algorithms, SVM and ANN share
the same concept using linear learning model for pattern
recognition. Using the gradient descent learning algorithm,
ANN intends to converge to local minima. As a result, it
suffers from the over-fitting problem. On the other hand,
SVM tends to find a global solution during the training
as the model complexity has been taken into consideration
as a structural risk in SVM training. In other words, ANN
minimizes only the empirical risk learnt from the training
samples, but SVM considers both this risk and the structural
risk. Consequently, the training results from SVM have bet-
ter generalization capability than those from ANN [12]. In
practice, the problem of data description can be used for a
classification problem where one of the classes is sampled
very well, while the other class is severely undersampled. In
this scenario, classifiers such SVM and ANN can have good
accuracy on the majority class but very poor accuracy on
minority class(es) due to the influence that the larger major-
ity class has on traditional training criteria [13]. Support
vector data description (SVDD) is similar to the hyperplane
approach of support vector machines classifier which esti-
mates a decision plane to separate the target objects with
maximal margin. The goal of SVDD is to find a closed
spherical boundary around the given data points. In order
to avoid the influence of outliers, SVDD actually faces the
tradeoff between two conflicting goals, i.e., minimizing the
radius while covering as many data points as possible. The
boundary is solely determined by support vector points and
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Table 1 Acronyms and notation

Acronyms

ACO Ants colony optimization

ANN Artificial neural networks

BPSO Binary particle swarm optimization

db5 Daubechies 5

DE Differential evolution

GA Genetic algorithms

GBPSO Gompertz binary PSO

ICA Independent analysis

HSA Harmony search algorithm

KKT Karush-Kuhn-Tucker conditions

LDA Linear discriminant analysis

MD Mahalanobis distance

MOPSO Multi-objective PSO

MPSO Modified PSO

MS Mahalanobis space

MTS Mahalanobis-Taguchi system

MWSVM Multi-class wavelet SVM

PCA Principal component analysis

PSO Particle swarm optimization

RBF Radial basis function

SVDD Support vector data description

SNR Signal to noise ratio

SVM Support vector machines

SVs Support vectors

SWPT Stationary wavelet packet transform

Notation

n Number of observations

p Number of features

{xi} SVDD training vector

a Sphere center

R Sphere radius

ξi , ξp Slack variables

C Trade-off parameter

s RBF parameter

αi , αj , αp , αq Lagrange multipliers

z Observation to be classified with SVDD

K (·, ·) Kernel function

yi i-th particle of the swarm

vi Velocity of the i-th particle

c1 and c2 Acceleration coefficients

φ1 and φ2 Random variables in [0, 1]
r Quasi random number in [0, 1]
a, b, c Gompertz function parameters

k GBPSO current iteration

N Maximum number of iterations

W(t) Raw signal

Table 1 (continued)

ε(t) Centered Gaussian white noise

�ε Unknown covariance matrix

ψ Wavelet function

J Decomposition level

xf Case study variables

xC Coding vector for C

xs Coding vector for s

xp GBPSO-SVDD particle

β Multi-objective function weights

pselected Variables selected by GBPSO-SVDD

Pc GA crossover probability

Pm GA mutation probability

SVDD allows us to summarize a group of data points in a
robust way [14].

We assume vectors x are row vectors. We have a training
set {xi}, i = 1, . . . , n for which we want to obtain a descrip-
tion. We further assume that data shows variances in all
feature directions. To start with the normal data description,
we define a model which gives a closed boundary around
the data: an sphere. The sphere is characterized by center a
and radius R > 0. We minimize the volume of the sphere
by minimizing R2 and demand that the sphere contains all
training objects xi [15].

Analogous to the support vector classifier, we define the
error function to minimize:

min F(R, a, ξi) = R2 + C
∑

i
ξi

s.t. ‖xi − a‖2 ≤ R2 + ξi, ξi ≥ 0 ∀i (1)

where ξi are slack variables, and the parameter C controls
the trade-off between the volume and the errors [16]. If C is
too large, then the classification accuracy rate is very high
in the training phase, but very low in the testing phase. If C

is too small the classification accuracy rate is unsatisfactory,
making the model useless [17].

Using Lagrange multipliers:

L(R, a, αi, γi, ξi) = R2 + C
∑

i
ξi −

∑
αi

{
R2 + ξi −

(
‖xi‖2 − 2a · xi + ‖a‖2

)}
−

∑
i
γiξi (2)

Solving KKT conditions, the dual form can be described as

min
∑

i
αi (xi , xi ) −

∑
i

∑
j
αiαj

(
xi , xj

)

s.t. 0 ≤ α ≤ C (3)

When an object xi satisfies the inequality ‖xi − a‖ <

R2 + ξi , the constraint is satisfied and the corresponding
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Lagrange multiplier will be zero (αi = 0). For objects sat-
isfying the equality, ‖xi − a‖ = R2 + ξi and the Lagrange
multiplier will become unequal to zero (αi > 0). Only
objects xi with αi > 0 are needed in the description and
these objects will therefore be called the support vectors of
the description (SVs) [18].

To test an object z, the distance to the center of the sphere
has to be calculated. A test object z is accepted when this
distance is smaller or equal than the radius:

‖z − a‖2 = (z · z) − 2
∑l

i=1
αi (z · xi )

+
∑l

i=1

∑l

j=1
αiαj

(
xi · xj

) ≤ R2 (4)

Note that in Eqs. 3 and 4, objects xi only appear in the form
of inner products with other objects (xi · xj ). Analogous to
SVM the inner products can be replaced by a kernel function
to obtain more flexible methods:

min
∑

i
αiK (xi , xi ) −

∑
i

∑
j
αiαjK

(
xi , xj

)

s.t. 0 ≤ α ≤ C (5)

Where K
(
xi , xj

)
is a kernel function to compute the inner

product of mapped vectors and αi represents the Lagrange
multipliers. An ideal kernel function would project the
target data onto a bounded, spherically shaped area in
the feature space and the outliers outside of this area.
Then, the hypersphere model would fit the data [19]. The
most frequently kernel functions are the polynomial, sig-
moid, and radial basis kernel function (RBF). The RBF is
generally applied most frequently, because it can classify
multi-dimensional data, unlike a linear kernel function. This
kernel is independent of the position of the data set with
respect to the origin; it only uses the distances between
objects. Using the Gaussian kernel, the influence of the
norms of the objects is avoided [20]. Additionally, the RBF
has fewer parameters to set than another kernel functions. In
RBF kernel (6), parameter s affects the partitioning outcome
in the feature space. An excessively large value for this
parameter results in over-fitting, while a disproportionately
small value leads to under-fitting [21].

K(xi − xj ) = exp
(
− ∥∥xi − xj

∥∥2
/s2

)
(6)

2.1.1 SVDD with negative examples

When negative examples (objects which should be rejected)
are available, they can be incorporated in the training to
improve the description. In contrast with the training (target)
examples which should be within the sphere, the negative
examples should be outside of it [22]. This data descrip-
tion now differs from the normal support vector classifier
in the fact that the SVDD always obtains a closed bound-
ary around one of the classes (the target class). The support

vector classifier just distinguishes between two (or more)
classes and cannot detect outliers which do not belong to
any of the classes.

The target objects are enumerated by indices i, j and the
negative examples by p, q. For further convenience assume
that target objects are labeled yi = 1 and outlier objects
are labeled yp = −1. Again, we allow for errors in both
the target and the outlier set and introduce slack variables ξi

and ξp:

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 (7)

ξi ≥ 0, ξp ≥ 0 ∀i, p. These constraints are again incorpo-
rated in Eq. 7 and the Lagrange multipliers αi , αp, γi , γp

are introduced:

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]

(8)

with αi ≥ 0, αj ≥ 0, γi ≥ 0, γi ≥ 0.
Solving KKT conditions:

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) (9)

Finally, let us define new variables α′
i = yiαi where index i

now enumerates both target and outlier objects. The SVDD
with negative examples is identical to the normal SVDD.

2.2 Particle swarm optimization

Particle swarm optimization (PSO) is a population-based
search algorithm based on the simulation of the social
behavior of birds, bees, or a school of fishes [23]. This
algorithm intents to graphically simulate the graceful and
unpredictable choreography of a bird folk. Each individual
within the swarm is represented by a vector in a multi-
dimensional search space. This vector has another assigned
velocity vector which determines the next movement of the
particle. Each particle updates its velocity based on the cur-
rent velocity and the best position it has explored so far and
also based on the global explored best position by the entire
swarm [24]. Unlike other evolutionary algorithms (such
as GA and DE), PSO is pretty simple and does not con-
tain crossover, mutation operations and particles are never
substituted by other individuals during the run, which can
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help to reduce the model complexity [25, 26]. In [27], the
computational effort required by PSO to arrive to such high-
quality solutions is less than the effort required to arrive
at the same high-quality solutions by the GA. The com-
putational efficiency superiority of PSO over the GA is
statically proven with a 99% confidence level in seven out of
the eight test problems investigated. While Bassam Alkindy
et al. conlcude that PSO often produces better bootstraps
that GA in several tested problems [28]. Several researches
have been done in order to compare PSO with other popu-
lar metaheuristics such as ants colony optimization (ACO)
and firefly algorithm. In [29] and [24], PSO shows better
performance than ACO for solving several combinatorial
optimization problems. In this context, Saibal K. Pal et al.
implemented PSO and firefly algorithm in order to find
optimal solutions of noisy non-linear continuous mathemat-
ical models. PSO seems to be better in terms of speed of
convergence. This might be due to the effect from generat-
ing the completely different random numbers to be used in
the iterative procedures of the algorithm. Firefly algorithm
has some disadvantage such as getting trapped into sev-
eral local optima [30]. PSO has been implemented in order
to solve several industrial problems, in [31] Javad Sadeghi
et al. propose PSO to find the order quantities along with
the number of shipments received by retailers and vendors
such that the total inventory cost of the chain is minimized.
In the proposed PSO algorithm, a genetic algorithm (GA)
with an improved operator, namely the boundary opera-
tor, is employed as a local searcher to turn it to a hybrid
PSO. The local searcher is used in the stage of generating
particles in PSO such that GA presents a feasible solution
and then PSO improves it to obtain better solutions. Seyed
Mohsen Mousavi et al. [32] employed PSO algorithm to
solve a multi-product multi-period inventory control prob-
lem under inflation and discount. The objective is to find the
optimal number of boxes of the products in different peri-
ods to minimize the total inventory cost, PSO parameters
are tuned using a Taguchi procedure. In [33], the design of a
two-echelon distribution supply chain network for the sea-
sonal products with multiple vendors (manufacturers) and
buyers (retailers), and a set of ware houses for each ven-
dor are considered. A modified particle swarm optimization
(MPSO) is applied in order to find out the optimal locations
of the potential vendors in addition to the quantity ordered
by the buyers so that the total inventory cost is minimized.
In MPSO, a penalty function approach is used for those par-
ticles that do not satisfy all the constraints given for the
problem. Madjid Tavana et al. [34] proposed a new version
of multi-objective particle swarm optimization (MOPSO),
which incorporates a velocity constraint mechanism to han-
dle the difficulties of other MOPSOs when facing some
multi-frontal problems. This in order to design a X-bar con-
trol chart with multiple and often conflicting objectives,

including the expected time the process remains in statisti-
cal control status, the type-I error, and the detection. Seyed
Mohsen Mousavi et al. [35] implement PSO and harmony
search algorithm (HSA) in order to find the optimal ordered
quantities of products such that not only the total inven-
tory cost but also the required storage space (considered as
a fuzzy number) to store the products is minimized. The
parameters of both algorithms are tuned by the Taguchi
method, and the results indicate that while both HSA and
PSO were able to solve the single and bi-objective inventory
control problem efficiently.

The PSO was originally developed for continuous valued
spaces but many problems are, however, defined for discrete
valued spaces where the domain of the variables is finite.

2.2.1 Binary PSO

In 1997, J. Kennedy and R. C. Eberhart [36] introduced
a discrete binary version of PSO for discrete optimization
problems. In binary PSO (BPSO), each particle represents
its position in binary values where each particle value can
then be changed from one to zero or vice versa. In BPSO,
the velocity of a particle is defined as the probability that
a particle might change its state to 1. A novel binary PSO
algorithm has been proposed by Kahanesar et al. in [37]. In
novel binary PSO, the velocity of a particle is the proba-
bility to change its previous state to its complement value,
rather than the probability of change to 1. In this new defi-
nition, the velocity of particle and also its parameters have
the same role as in continuous version of the PSO.

Consider a d-dimensional search space and the i-th par-
ticle of the swarm is denoted as yi = (yi1, yi2, ..., yid)t

whose velocity is vi = (vi1, vi2, ..., vid)t . Thus, the mathe-
matical equations that guide particle’s dynamics in standard
continuous PSO are the following:

vi (t + 1) = wvi (t) + c1φ1(pibest − yi (t))

+ c2φ2(pgbest − yi (t))

xi (t + 1) = yi (t) + vi (t + 1)

where c1 and c2 are acceleration coefficients attached with
cognitive and social components of a particle velocity, and
φ1 and φ2 are random variables with uniform distribution
between 0 and 1. pibest and pgbest are the best local and
global particle positions so far, respectively. w denotes the
inertia weight which shows the effect of previous velocity
vector on the new vector [38]. The main difference between
continuous and the first binary version of PSO is the way
that velocities are changed in order to update particle posi-
tions. The binary version needs a function to generate values
in the binary set {0, 1} which are the only possible parti-
cles states; therefore, the sigmoid function is used in order
to decide the probability of generating such binary numbers.
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This function is applied bitwise in a given particle and is
defined as follows:

sigm(vik) = 1

1 + e−vik
(10)

The corresponding particle position is updated based on the
following rule:

yik(t + 1) =
{

1 if r < sigm(vik)

0 otherwise

where r is a quasi random number selected from a uniform
distribution in [0, 1].

The novel binary version of PSO proposed by Khane-
sar et al. employs the following modified particle position
updating rule:

yik(t + 1) =
{

1 − yik(t) if r < sigm(vik)

yik(t) if r > sigm(vik)

2.2.2 Gompertz binary PSO

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

Gmpz(x) = aebecx

(11)

where a is the upper asymptote fixed as a = 1; b, c are
negative numbers which control the x displacement and the
growth rate, respectively. Their behavior has been already
analyzed in [39] 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

)

where k, N denote the current and maximum number of
iterations, respectively.

2.3 Genetic algorithm

GA that was formally introduced in 1975 by John Holland
[40] is one of the most commonly used population-based
metaheuristic to solve various complicated optimization
problems using techniques inspired by natural evolution,
such as selection, crossover, and mutation that are repeat-
edly applied to a population of binary strings that represent
potential solutions. The evolution usually starts from a pop-
ulation of randomly generated individuals and happens in
generations. In each generation, the fitness of every indi-
vidual multiple individuals are stochastically selected from
the current population (based on their fitness) and modified
(recombined and possibly randomly mutated) to form a new
population. The new population is used in the next iteration

of the algorithm. Commonly, the algorithm terminates when
either a maximum number of generations has been produced
or a satisfactory fitness level has been reached for the popu-
lation [41]. The following is a brief description of the steps
involved in this algorithm:

• Initializing and evaluating: a population of chromo-
somes is generated randomly and each chromosome
represents a possible solution. After generation of the
chromosomes, each chromosome is evaluated using an
objective function.

• Crossover operator: A crossover operation is used to
generate new solutions. For a crossover probability of
Pc, a uniform random number between 0 and 1 is first
selected for each chromosome. If Pc is less than the
random number, the chromosome is selected for the
crossover operation.

• Mutation operator: Those chromosomes that are not
selected for the crossover operation have chance to be
selected in the mutation operator. For a mutation prob-
ability of Pm, a uniform random number between 0 and
1 is first selected for each chromosome. If Pm is less
than this, the chromosome is selected for the mutation
operation.

• Selection: While some chromosomes are selected for
the crossover operation and some others for the muta-
tion operator, the rest are selected from the elitism
process.

• Stopping criterion: The stopping criterion of GA and
GBPSO in this research is when both reaching a specific
number of generations.

For specific details, see [32, 42–46].

2.4 Wavelet denoising

The power of wavelets is mainly due to the fact that they
represent a uniform and easy way of extracting time vary-
ing frequency components. This information can be used
for effective denoising or compressing which is accom-
plished in a totally different way to conventional filtering or
compressing methods. The main concept of these methods
is that spurious signals (like noise) that corrupt the useful
information have small coefficients and hence by ignoring
them, during the inverse wavelet transform, it is possible
to remove them while inflicting minimum distortion on
the signal [47]. However, multivariate signals produced in
various applied fields must to be analyzed by appropriate
methods. Consider the following p-dimensional model:

W(t) = g(t) + ε(t), t = 1, ..., n. (12)

Where W(t), g(t) and ε(t) are vectors of size 1×p and ε(t)

is a centered Gaussian white noise with unknown covariance
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matrix E
(
ε(t)T ε(t)

) = �ε. Each component of W(t) is of
the previous form (12), for 1 ≤ i ≤ p:

Wi(t) = gi(t) + εi(t), t = 1, ..., n. (13)

Where gi belongs to some functional space. The covariance
matrix �ε, supposed to be positive definite, captures the
stochastic link between the components of W(t) and mod-
els the spatial correlation. A multivariate wavelet denoising
using principal component analysis is presented in [48].
The idea is to use PCA, not to discover new variables
which could be of interest, but to kill unsignificant principal
components to obtain an additional denoising effect.

3 Proposed methodology for fault detection
and feature selection

In this work, reference space optimization and simultane-
ous feature selection are implemented for improving fault
detection tasks. The goals are the maximization of 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 hyperparameter set-
ting. This study applies an RBF kernel function for SVDD
model to obtain the optimal solution. Thus, parameters C

and s must be set properly. On the other hand by finding the
relevant subset of features, we can detect the variables that

contribute for quality defects, being this a basic requisite
for effective process improvement in manufacturing. The
proposed methodology (Fig. 1) is mainly developed within
three steps: (1) Data preprocessing: firstly the raw data are
acquired, for computational purposes a data structuring pro-
cedure is performed. After that, the normal and faulty data
sets are developed, normal set are the observations conform-
ing to specifications, while faulty set are observations those
not conforming to specifications. Then multivariate signal
denoising (multivariate wavelet denoising) is applied. This
preprocessing is carry out in order to increase the accuracy
of fault detection model. (2) Learning: training of the system
for fault detection, with reference space optimization and
feature selection is performed (GBPSO-SVDD). (3) Moni-
toring and testing: testing new data with reduce feature set
for fault detection (SVDD fault detection).

3.1 Multivariate wavelet denoising

Let Xh ∈ R
n×p be the normal data set with p features and

n number of observations. For Xh = F(t) + ε(t) apply a
multivariate wavelet denoising using principal component
analysis in order to increase the accuracy of fault detection
model. F is the signal to be recovered and ε is a spatially
correlated noise. For this procedure, it is necessary to choose
the wavelet function ψ , decomposition level J and select
the appropriate number of useful principal components. For
specific details, see [48]. After data denoising, the learning
phase is performed applying GBPSO-SVDD.

Fig. 1 Methodology
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Fig. 2 GBPSO-SVDD particle

3.2 GBPSO-SVDD 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 variable i is not selected
1 if variable i is selected

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

respectively. Thus GBPSO-SVDD particle is xp = xC ∪
xs ∪ xf , see Fig. 2. For reference space optimization and
simultaneous feature selection, it is necessary to solve the
following optimization problem:

min f (xp) = βf1(xp) + (1 − β)
pselected

p
(14)

Fig. 3 GBPSO-SVDD diagram

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 measure with
selected hyperparameters and subset features. The complexity

Table 2 Variables description

Description

x1
f [F◦], Nozzle 1

x2
f [F◦], Nozzle 2

x3
f [Percent], heating power zone 1

x4
f [Percent], heating power zone 2

x5
f [Percent], heating power zone 3

x6
f [Percent], heating power zone 4

x7
f [Percent], heating power zone 5

x8
f [Percent], heating power zone 6

x9
f [in], mold position value

x10
f [in], opening run

x11
f [US ton], closing force peak value

x12
f [US ton], closing force real value

x13
f [s], mold protection time

x14
f [F◦], oil temperature

x15
f [F◦], traverse

x16
f [s], cooling time

x17
f [psi], backpressure

x18
f [in3], volume end screw

Holding pressure

x19
f [psi], holding pressure

x20
f [in3/s], dosage power

x21
f [psi], pressure at Switchover

x22
f [s], cycle time

x23
f [lbf-ft], mean spin

x24
f [lbf-ft], peak value at spin

x25
f [psi], specific injection pressure

x26
f [in3], dosage volume

x27
f [in3], injection volume

x28
f [s], dosing time

x29
f [s], injection time

x30
f [F◦], cylinder zone 1

x31
f [F◦], cylinder zone 2

x32
f [F◦], cylinder zone 3

x33
f [F◦], cylinder zone 4

x34
f [ft/s], revolutions

x35
f [Wh], injection work

x36
f [in3], switching volume
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Fig. 4 Wavelet denoising over
back pressure signal (x17

f )

of this problem is NP-hard since the resulting formulation
(14) is a mixed binary integer programming problem and
most of the best known single-objective polynomial solv-
able problems like the shortest path or minimum spanning
tree become NP-hard when at least two weight functions
have to be optimized at the same time [49, 50].

3.3 Training SVDD for fault detection

SVDD is extended to training with negative examples. In
order to perform fault detection, the used metric is the radius
(R2) of the sphere. When an observation z is tested, the dis-
tance to the center of the sphere has to be calculated. This
observation is rejected when its distance is greatest than
R2, then a fault is detected. To improve the SVDD model
for fault detection, parameters C and s must be properly
selected. In addition to finding relevant variables, feature
selection procedure allows to obtain a free model of redun-
dant information. To perform this tasks simultaneously, it is
need to have an optimization criteria. Thus, let us introduce
the misclassification concept.

Table 3 Possible values for C and s

Coded vectors xC , xs Value C Value s

000 0.0001 1

100 0.001 10

010 0.01 50

110 0.1 100

001 1 200

101 10 300

011 100 400

111 150 450

3.3.1 Misclassification

In the context of developing a fault detection model, it is
desirable that the resulting measurement scale should give
minimum misclassification. Misclassification is defined as
a false alarm caused by wrongly identifying an observa-
tion with a class or category when it actually belongs to a
different group. There are two types of misclassification:

• Classifying normal observation as faulty
• Classifying faulty observation as normal

Thus, a function to measure the total misclassification is

f1(xp) = a1
oe

1

o1
+ a2

oe
2

o2
(15)

where

oe
1 = number of normal observations

classified as faulty
oe

2 = number of faulty observations
classified as normal

o1 = number of normal observations
o2 = number of faulty observations
a1 = b1/(b1 + b2)

a2 = b2/(b1 + b2)

Table 4 Optimal values of fitness function

Algorithm a1 = 0.05 a1 = 0.95 a1 = 0.5

a2 = 0.95 a2 = 0.05 a2 = 0.5

SVDD 0.0554 0.0811 0.0865

GA-SVDD 0.0520 0.0450 0.1017

BPSO-SVDD 0.0433 0.0394 0.0438

GBPSO-SVDD 0.0135 0.0135 0.0135
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Table 5 Success percentage

Algorithm a1 = 0.05 a1 = 0.95 a1 = 0.5

a2 = 0.95 a2 = 0.05 a2 = 0.5

GA-SVDD 40 50 50

BPSO-SVDD 50 50 60

GBPSO-SVDD 100 100 100

b1 and b2 are costs associated with misclassifications 1 and
2, respectively [51].

Figure 3 shows how GBPSO-SVDD solves reference
space optimization and simultaneous feature selection
problem.

4 Case of study: plastic injection moulding
of car pedals components

GBPSO-SVDD-based methodology for fault detection and
feature selection has been applied to the injection mould-
ing process of car pedals in a local automotive industry.
The process is carry out in a plastic injection machine
with the capability to produce four pieces per cycle and
save the relevant information in each run, i.e., the param-
eters used to produce such pieces are stored in a real time
database. Subsequently, the pieces are classified as good or
bad through several quality tests. The injection moulding
process involves 36 variables listed on Table 2. This features

are varied in nature including temperatures, pressures, dis-
tances and velocities. The collected database consists of 193
normal and 25 faulty observations.

4.1 Numerical results

In order to solve the different models in this research,
MATLAB (R2010a) and R project are used to code the
algorithms on a PC with RAM 4 GB and CPU 2.70 GHz.
In preprocessing stage, structuring data set is carry out,
then multivariate wavelet denoising using principal com-
ponents analysis is implemented in order to improve the
performance for fault detection. For this research, level
decomposition J is set to 10 and daubechies 5 (db5) wavelet
function ψ is applied. In order to select the appropriate num-
ber of principal components, Kaiser criterion is used. This
select the components corresponding to eigenvalues greater
than the mean of all the eigenvalues [52]. Figure 4 shows
the denoising procedure over the back pressure signal (x17

f ).
In learning phase, the combinatorial optimization

problem (14) has been solved using GBPSO-SVDD,
BPSO-SVDD, and GA-SVDD. Mainly, three configura-
tions have been considered for the objective function, i.e.,
(1) a1 = 0.05, a2 = 0.95, (2) a1 = 0.95, a2 = 0.05, and
(3) a1 = a2 = 0.5 which represents the importance (per-
centage) of each misclassification function. Since the same
importance is given to minimizing misclassification and
feature selection, the weight in the fitness function has been
taken as β = 0.5. The number of particles to conform the
particle swarm is 50, and the number of maximum iterations

Fig. 5 GBPSO, BPSO, and GA
convergence performance for
case 1
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Fig. 6 GBPSO, BPSO and GA
convergence performance for
case 2

Fig. 7 GBPSO, BPSO, and GA
convergence performance for
case 3

Table 6 Detected variables

Algorithm a1 = 0.05 a1 = 0.95 a1 = 0.5

a2 = 0.95 a2 = 0.05 a2 = 0.5

GA x21
f , x24

f x18
f , x28

f x10
f , x24

f

BPSO x22
f , x36

f x22
f , x27

f x36
f

GBPSO x20
f x20

f x20
f

Table 7 Selected hyperparameters

Algorithm a1 = 0.05 a1 = 0.95 a1 = 0.5

a2 = 0.95 a2 = 0.05 a2 = 0.5

GA C 0.01 0.1 1

s 450 1 1

BPSO C 0.0001 0.001 0.1

s 10 50 100

GBPSO C 0.0001 0.0001 0.0001

s 1 1 1
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Table 8 Computational time in learning phase (seconds)

Algorithm a1 = 0.05 a1 = 0.95 a1 = 0.5

a2 = 0.95 a2 = 0.05 a2 = 0.5

GA 995.10 980.90 975.80

BPSO 1303.10 1322.90 1388.10

GBPSO 1211.00 1290.20 1300.70

has been fixed to 80 and c1 = c2 = 2. The possible values
for C and s are depicted in Table 3. For genetic algorithm
Pc = 0.8, Pm = 0.2, the population size is 50 and the max-
imum number of iterations is equal to 80. This values have
been taken from [7, 37, 51], as well as result of exhaustive
tests. Tenfold cross validation is implemented to calculate
the misclassification values for GBPSO-SVDD, BPSO-
SVDD, and GA-SVDD. Also, standard SVDD (without
feature selection) was trained for fault detection in order to
compare the effectiveness of feature reduction procedure.
Table 4 shows the optimal values of the objective function
reached after the application of each algorithm while the
percentage of success for each case is reported in Table 5,
and this explains the percentage of runs that converges to
the same minimum from a total number which in our case
is 20. The corresponding convergence behavior for each
algorithm is depicted in Figs. 5, 6, and 7 for the different
fitness function configurations.

As it can be seen, SVDD without feature selection and
GA-SVDD present fewer performance for fault detection
(higher misclassification) than BPSO-SVDD and GBPSO-
SVDD algorithms. Although BPSO converge faster, this

converges to a local optimum whose value is greater than the
one reached by GBPSO. Furthermore, the influencing vari-
ables detected by BPSO and GA are not reliable due to the
bad convergence behavior of this approaches. The selected
variables and hyperparameters by these algorithms through
the solution of the combinatorial optimization problem as
well as the computational time for each case are reported in
Tables 6, 7, and 8, respectively.

Finally, for monitoring and testing phase new observa-
tions are collected only considering the variables selected
by GBPSO (x20

f in this case) since it reached the minimum
value for the objective function (Table 4) and enjoys of a
better percentage of success as it shown in Table 5 where
only GBPSO has 100% of success in all cases. Fifty obser-
vations were tested, from which measurements 21, 22, 23
are over the R2 value (see Fig. 8). This means the system has
detected a fault in these production runs. The computational
time in this phase was 2.428 × 10−4 s. Once the defec-
tive samples are identified from the subset of variables that
contribute for quality defects, it is possible to perform an
effective process improvement in order to avoid customers
complaints.

5 Conclusions and future works

A methodology for fault detection and feature selection
has been applied in a manufacturing complex process of
automotive pedals components. This uses the combination
of GBPSO and SVDD to perform a reference space opti-
mization and simultaneous feature selection. The number

Fig. 8 Fault detection chart
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of dimensional variables to be monitored has been reduced,
although further investigations should be done in order to
study the practical impact when different influencing vari-
ables combinations are chosen. It was found that for this
particular problem the GBPSO-SVDD achieves a better
performance for fault detection than algorithms such as
SVDD, GA-SVDD, and BPSO-SVDD. This shows that the
proposed methodology is efficient for fault detection and
selection of relevant features in order to perform an effec-
tive improvement of the manufacturing processes. Some
recommendations for future works consist of testing the per-
formance of other recent metaheuristics such as artificial
bee colony optimization, charged system search, and intelli-
gent water drops in order to solve the combinatorial problem
presented in this research as well as extending the model for
multi-fault classification.
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7. Reséndiz-Flores EO, López-Quintero ME (2016) Optimal identi-
fication of impact variables in a welding process for automobile
seats mechanism by MTS-GBPSO approach. Int J Adv Manuf
Technol 86:1–7

8. Ghasemi E, Aaghaie A, Cudney EA (2015) Mahalanobis Taguchi
system: a review. Int J Qual Reliab Manag 32:1–26

9. Yu-ping G, Long-sheng G, Xiang-lai C (2014) Optimization on
reference space of Mahalanobis-Taguchi system based on hybrid
encoding genetic algorithms. In: International conference on man-
agement science & engineering, pp 62–68

10. Su C, Hsiao Y (2009) Multiclass MTS for simultaneous feature
selection and classification. IEEE Trans Knowl Data Eng 21:
192–205

11. Nunes I, Hernane D, Andrade R, Bartocci L, dos-Reis S (2017)
Artificial neural networks: a practical course. Springer, Berlin

12. Ren J (2012) ANN vs. SVM: which one performs better in
classification of MCCs in mammogram imaging. Strathprints
Institutional Repository 26:144–153

13. Ganganwar V (2012) An overview of classification algorithms for
imbalanced datasets. Int J Emerg Technol Adv Eng 2:42–47

14. Wang D, Tan X (2013) Neural information processing. Springer,
Berlin

15. Lei L, Xiao-Dan W, Xi L, Ya-Fei S (2015) Hierarchical error-
correcting output codes based on SVDD. Pattern Anal Appl,
Springer 19:163–171

16. Shen F, Song Z, Zhou L (2013) Improved PCA-SVDD based mon-
itoring method for nonlinear process. In: 25th Chinese control and
decision conference. IEEE, pp 4330–4336

17. Deng N, Tian Y, Zhang C (2013) Support vector machines,
optimization based theory, algorithms, and extensions. Chapman

18. Yin G et al (2014) Online fault diagnosis method based on
Incremental Support Vector Data Description and Extreme Learn-
ing Machine with incremental output structure. Neurocomputing,
Elsevier 128:224–231

19. Liu J, Sun Y (2013) Multivariate statistical process monitoring
scheme with PLS and SVDD. In: International conference on
industrial engineering and engineering management, pp 57–70

20. Tax DMJ, Duin RPW (2004) Support vector data description.
Mach Learn 54:45–66

21. Lin S et al (2008) Parameter determination of support vec-
tor machine and feature selection using simulated annealing
approach. Appl Soft Comput 8:1505–1512

22. Mu T, Nandi AK (2009) Multiclass classification based on
extended support vector data description. IEEE Trans Syst Man
Cybern 39:1206–1216

23. Kennedy J, Eberhart R (1995) Particle swarm optimization. In:
IEEE international conference on neural networks, vol 4, pp 1942–
1948
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