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In modern manufacturing systems, online sensing is being increasingly used for process monitoring and fault diagnosis. In many
practical situations, the output of the sensing system is represented by time-ordered data known as profiles or waveform signals. Most
of the work reported in the literature has dealt with cases in which the production process is characterized by single profiles. In
some industrial practices, however, the online sensing system is designed so that it records more than one profile at each operation
cycle. For example, in multi-operation forging processes with transfer or progressive dies, four sensors are used to measure the
tonnage force exerted on dies. To effectively analyze multichannel profiles, it is crucial to develop a method that considers the
interrelationships between different profile channels. A method for analyzing multichannel profiles based on uncorrelated multilinear
principal component analysis is proposed in this article for the purpose of characterizing process variations, fault detection, and fault
diagnosis. The effectiveness of the proposed method is demonstrated by using simulations and a case study on a multi-operation
forging process.
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1. Introduction

Online sensing is being increasingly used for process
monitoring and fault diagnosis in modern manufacturing
systems. In many practical situations, the output of an auto-
matic sensor is represented by spatial- or time-ordered data
known as profiles or waveform signals. Examples of profile
data include the roundness profile of a machined part mea-
sured at different sampling angles in a lathe-turning pro-
cess (Colosimo et al., 2008; Moroni and Pacella, 2008) and
the ram force signals used to press valve seats into engine
heads in an engine head assembly process (Paynabar and
Jin, 2011).

There is extensive research on modeling and monitoring
of linear profiles reported in the literature. For example,
see the work of Kang and Albin (2000), Kim et al. (2003),
Mahmoud and Woodall (2004), Gupta et al. (2006), Zou
et al. (2006), Mahmoud et al. (2007), and Jensen et al.
(2008). However, in most practical situations, the output
of a sensor is represented by a nonlinear profile. There is
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increasing research interest in developing effective tech-
niques for process monitoring and fault diagnosis using
nonlinear profile data. Gardner et al. (1997) and Walker
and Wright (2002) utilized spline regression to model and
analyze nonlinear profile data. For the purpose of moni-
toring and faults diagnosis, Jin and Shi (2001) proposed a
classification scheme for nonlinear profiles using wavelets.
Williams et al. (2007) used a four-parameter logistic
regression and smoothing spline to model and monitor the
dose–response profiles of a drug. Paynabar et al. (2012)
used a nonlinear parametric regression model to develop
a robust leak-testing procedure for transmission systems.
To monitor nonlinear profiles in Phase I, Ding et al.
(2006) considered each profile as high-dimensional data
and applied Principal Component Analysis (PCA) and
independent component analysis to reduce the dimensions
of the nonlinear profiles. For the purpose of dimension re-
duction, Jung et al. (2006a, 2006b) proposed wavelet-based
threshold methods based on multiple samples of profiles
collected from a single sensor. They also employed the ex-
tracted wavelet features to detect different types of faults in
a process. Zou et al. (2008) applied local linear smoothers
to monitor nonlinear profiles. Zou et al. (2009) applied the
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Fig. 1. Forging process generating multichannel signal data: (a) (left panel): A forging machine with four strain gauges and (b) (right
panel): a sample of four-channel profiles.

generalized likelihood ratio test to develop a monitoring
procedure for nonlinear profiles modeled by local linear
kernel smoothing. Furthermore, in order to account
for profile-to-profile variations in profile modeling and
monitoring, Mosesova et al. (2006) and Jensen and Birch
(2009) used nonlinear parametric mixed-effect regression.
Paynabar and Jin (2011) further addressed this problem
by developing a wavelet-based mixed-effect model for
modeling nonlinear profiles and characterizing the profile
variations. To monitor nonlinear profiles, Qiu et al. (2010)
developed mixed-effect models based on kernel regression.

Most of the work reported in the literature dealt with
cases in which the underlying process performance was re-
flected by individual profiles. In some industrial processes,
however, multiple sensors have to be used to capture the
overall system responses. For example, in multi-operation
forging processes with transfer or progressive dies, in or-
der to measure the total press tonnage force exerted on
all dies, multiple sensors are used. As shown in Fig. 1(a),
four strain gauge sensors are installed on the four uprights
of a forging press, and each sensor records the tonnage
force profile at the predefined equal sampling interval of
a rotational crank angle. In Fig. 1(b), one sample of par-
tial tonnage profiles corresponding to each sensor during
a press stroke is depicted against the sampling data index.
Since such multiple profiles are recorded through different
sensor channels, they are called multichannel profiles in this
article.

The topic of data fusion for application in process moni-
toring applications and fault diagnosis studies using multi-
sensor data have been extensively studied in literature. For
example, Gao and Durrant-Whyte (1994), Basir and Yuan
(2007), Mosallaei et al. (2007), and Quan et al. (2010),
among others, have proposed different methods for sen-
sor fusion with application to fault diagnosis. However, the

sensor data structure used in those articles is different from
that used in this article. In this article, each profile signal
is represented as a vector of data points measured by each
sensor (channel) during each repetitive operating cycle; i.e.,
each sample of p-channel profile signals contains p vectors
of profile data. In contrast, in the discussed articles, each
sample of p-sensor data includes p scalar observations; i.e.,
each sensor has one single data point. Therefore, the tech-
niques and methods presented in the existing literature can-
not be simply applied to our data. There is little research
in the literature on analyzing multichannel profile data. In
most existing research, multichannel profiles were repre-
sented as one aggregated tonnage profile through adding
up all channels’ signals (see, for example, the work by Kim
et al. (2006) and Lei et al. (2010)). Although the aggre-
gated tonnage profile represents the total tonnage force,
some valuable cross-correlation information among chan-
nels is lost due to the aggregation of all the channels. An
alternative approach for dealing with multichannel profiles
is to analyze each profile individually. This approach, again,
fails to consider the interrelationship among the multichan-
nel profiles. For example, as will be discussed later in the
case study section, the interrelationship among the four
channels’ monitoring tonnage profiles can provide useful
diagnostic information about process faults. However, such
information cannot be captured if profiles are analyzed one
at a time. Therefore, the objective of this article is to develop
an effective method that can analyze multichannel profiles
by considering the interrelationship among all channels
simultaneously.

PCA has been widely used as an effective tool for dimen-
sion reduction and variation characterization of nonlinear
profiles. However, regular PCA cannot be directly applied
to multichannel profiles since there are four profile chan-
nels in each data sample. One approach to overcome this
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issue is to combine multichannel profiles and turn them
into one high-dimensional vector. For example, a sample
of p-channel sensing signals with each channel signal of
size m would turn into a vector of size mp × 1. Henceforth,
this method is referred to as Vectorized-PCA (VPCA). Al-
though VPCA has been used in different applications such
as image processing applications (see, for example, Bharati
and MacGregor (1998) and Bharati et al. (2004)), there
are several issues in using VPCA for tensor data such as
multichannel profiles. The computational complexity and
memory demands of VPCA are higher than regular PCA
since the dimension of the covariance matrix significantly
increases due to the increase of data dimensions induced
by vectoriziation. Moreover, this approach breaks the cor-
relation structure in the original data and loses potentially
more compact or useful representations that can be ob-
tained in the original form (Ye et al., 2004). Lu et al. (2008)
introduced the Multilinear PCA (MPCA) formulation as
an alternative to VPCA. MPCA is a multilinear dimension-
ality reduction and feature extraction method. This method
operates directly on the multi-dimensional data rather than
on the vectorized version of them; hence, MPCA is natu-
rally applicable to data with the matrix or higher-order
tensor representation. The principal components obtained
from MPCA, however, are correlated contrary to regular
PCA. To overcome this issue, Lu et al. (2009) proposed
Uncorrelated MPCA (UMPCA). In this method, in ad-
dition to the tensor-to-vector projection used in MPCA,
a zero-correlation constraint is enforced on the produced
features. Although there is some exploratory research on
the applications of UMPCA to image processing and com-
puter vision (Lu et al., 2009), very little research could be
found in the literature on using the UMPCA technique for
analyzing multichannel nonlinear profiles for the purpose
of fault detection and diagnosis. Unlike VPCA, UMPCA
does not break the tensor structure of multichannel profile
data and hence can preserve potentially more compact and
useful interpretations than those that can be obtained in the
vectorized representation form of VPCA. Furthermore, as
will be shown in both simulations and the case study, in
VPCA, if there is any large variation pattern in one of the
profile channels, this variation may affect multiple eigen-
vectors, which can mask the variation patterns and delude
the interrelationship of other channels. However, this issue
does not occur in UMPCA as it directly works with tensor
data. It is known that analyzing multichannel nonlinear
profiles is much more challenging than analyzing single-
channel profiles because of the additional complexity due
to the interrelationship among multiple channels. There-
fore, the main goal of this article is to propose a UMPCA-
based approach for analyzing multichannel profiles that
considers the interrelationship of different profile channels.
The proposed approach provides a set of extracted fea-
tures that can be effectively used to characterize process
variations and fault diagnosis. The effectiveness of the pro-
posed method is shown via both Monte Carlo simulations

and a real-world case study in a multi-operation forging
process.

The rest of this article is organized as follows. In Section
2, the method for analysis and dimension reduction of mul-
tichannel nonlinear profiles using UMPCA is presented.
VPCA is also reviewed in this section. In Section 3, us-
ing Monte Carlo simulations, the performance of UMPCA
and VPCA in modeling and characterizing the variations of
multichannel profiles are evaluated and compared. Section
4 is devoted to a real case study of a multi-operation forging
process. In this section, the proposed method is applied to
multichannel nonlinear tonnage profiles for the purpose of
variation characterization and fault diagnosis. Finally, the
article is concluded in Section 5.

2. Dimension reduction of multichannel profiles using
UMPCA and VPCA

In this section, the implementation of UMPCA and VPCA
for the purpose of dimensionality reduction in multichan-
nel nonlinear profiles is presented. The basic concepts of
the multilinear algebra used in UMPCA are also reviewed.
Readers interested in the theory behind the mathemati-
cal development of UMPCA based on multilinear singu-
lar value decomposition are referred to Lathauwer et al.
(2000a, 2000b) and Kolda (2001). The algorithm we use in
this article for extracting uncorrelated features from tensor
data is based on the theories presented in those articles.

2.1. Basic notations and definitions

Consider a set of n samples (sample index k = 1, 2, . . .,
n) of p-channel profile (sensor or channel index j = 1, 2,
. . ., p), in which each channel sensing profile consists of m
measured values (data index i = 1, 2, . . . , m). Therefore,
the kth sample of multichannel signals can be represented
by matrix Vk(i, j ) ∈ �m×p. In multilinear algebra, a matrix
can be considered to be a second-order tensor. A dth-order
tensor in multidimensional space is a d-dimensional vector
with d indices and

∏d
r=1 tr components, where tr is the

length of the vector in the dth dimension. Each index of a
tensor corresponds to one dimension of space (Lu et al.,
2008). Generally speaking, tensors are generalizations
of matrices in three- or higher-dimensional space. By
definition, the l-mode vector of Vk(i, j ) is defined as the
vector obtained by varying the lth index in (i, j) while
keeping all other indexes fixed; i.e., each row vector and
column vector can be generally called the l-mode vector
(l = 1, 2) of Vk(i, j ). Therefore, the 1-mode vectors
of Vk(i, j ) are m-dimensional vectors represent the jth
channel sensing signal (i.e., the jth column vector of
Vk(i, j )) of sample k and are obtained by varying the
first index i (i = 1, . . . , m) and fixing the second index
j. The 2-mode vectors of Vk(i, j ) are the p-dimensional
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vectors that represent ith row vector of Vk(i, j) of sample
k and are obtained by varying the second index j and
fixing the first index i. That is, the elements of the kth
2-mode vector correspond to the data measured by all
sensors at measurement index j of sample k. Further-
more, the l-mode (l = 1, . . ., d) product of the tensor
S ∈ �I1×I2×···Id by matrix U ∈ �Jl×Il denoted by S ×l U
is obtained by (S×l U)(i1, i2, . . . , il−1, jl , il+1, . . . , id ) =∑Il

il=1 S(i1, i2, . . . , il , . . . , id )U( jl , il ). The scalar product
of two matrices A, B ∈ �I1×I2 is defined as 〈A, B〉 =∑

i1

∑
i2

A(i1, i2)B(i1, i2). Another useful operation is the
Tensor-to-Vector Projection (TVP). A TVP consists of
multiple Elementary Multilinear Projections (EMPs),
which are composed of unit projection vector per mode
(Lu et al., 2009). An EMP projects a tensor to a scalar.
For example, let {u(1)T

, u(2)T} with ‖u(l)‖ = 1 be an EMP
for matrix Vk, where ‖‖ denotes the Euclidean norm
and superscript T indicates the transpose operation.
The EMP projects matrix Vk to a scalar y denoted by
y = Vk ×2

l=1 {u(1)T
, u(2)T} = Vk ×1 u(1)T × 2u(2)T = 〈Vk, U〉,

where U is the outer product of u(1) and u(2) denoted by
U = u(1) ◦ u(2). Suppose there are R available EMPs for
matrix Vk which can be represented as {u(1)T

r , u(2)T

r }R
r=1.

In this case, the TVP of matrix Vk to a vector y can be
obtained by y = Vk ×2

l=1 {u(l)T

r }R
r=1, where the rth element

of vector y is y(r ) = Vk ×1 u(1)T

r ×2 u(2)T

r . The basis tensors
×2

l=1{u(l)T

r }R
r=1 are called eigentensors in the literature (Lu

et al., 2009).

2.2. Uncorrelated MPCA

Recently, there has been an increasing research interest in
generalizing PCA to tensor objects without changing the
structure of the tensor. MPCA, introduced by Lu et al.
(2008), is a multilinear dimensionality reduction and fea-
ture extraction method, which can be applied to tensors.
The projected tensors obtained from MPCA, however, are
correlated contrary to regular PCA. To overcome this issue,
Lu et al. (2009) proposed UMPCA, in which a TVP pro-
jection is used for projection. In this subsection we review
the UMPCA method proposed by Lu et al. (2009).

The derivation of the UMPCA algorithm follows
the classic PCA derivation of successive variance
maximization (Jolliffe, 2002). A number of elemen-
tary multilinear projections are solved one by one
to maximize the captured variance with an enforced
zero-correlation constraint. To formulate the UMPCA
problem, let {yk(r ); k = 1, 2, . . . , n} denote the set of
rth principal components for all signal samples, where
yk(r ) = Vk ×2

l=1 {u(l)T

r }R
r=1 is the projection of the kth

sample using the rth EMP. Let {gr ∈ �m; r = 1, 2, . . . , R}
denote the set of coordinate vectors. Therefore, the kth pro-
jected sample signal using the rth EMP is equivalent to the
kth element of the rth coordinate vector; i.e., yk(r ) = gr (k).
Accordingly, the total scatter of the transformed profiles

denoted by Sr can be obtained by

Sr =
n∑

k=1

(yk(r ) − ȳr )2, (1)

where ȳr is the sample mean of projected profiles using the
rth EMP. The UMPCA seeks a set of EMPs to maximize
the variance of projected profiles in each EMP, while the
obtained principal components are uncorrelated. The
mathematical formulation of UMPCA can be written as{

u(l)T

r , l = 1, 2
}

= arg max
u(l)T

r

Sr

subject to

{
u(l)T

r u(l)
r = 1 for all r = 1, 2, . . . , R

gT
r gs = 0 for all r and s; r 
= s.

(2)

The EMP {u(l)T

r , l = 1, 2} contains two sets of parame-
ters, in which each set relates to one mode. To accurately
obtain the rth EMP, it is necessary to determine u(1)

r and
u(2)

r simultaneously such that the total scatter matrix of Sr
is maximized. However, in multilinear algebra, there is no
closed-form solution for this problem except for the case
that we deal with one-channel profile (R = 1), in which the
UMPCA boils down to the regular PCA. Therefore, an ap-
proximate iterative approach that considers one mode at a
time is used to determine each EMP. This approach breaks
down the problem to as many sub-problems as the num-
ber of modes and solves each sub-problem to determine
u(l)

r given the sets of vectors in the other mode. Detailed
information about this approach can be found in Lu et al.
(2008, 2009).

2.3. VPCA

VPCA is a generalization of PCA to tensor data, which
applies the regular PCA to a tensor object reshaped into
a vector. In the case of multichannel profiles, matrices
Vk ∈ �m×p; k = 1, 2, . . . , n can be reshaped into a vec-
tor xk ∈ �mp×1; k = 1, 2, . . . , n. Therefore, using this no-
tation, all signal samples can be represented in a matrix
form as X ∈ �n×mp; X = [xT

1 , xT
2 , . . . , xT

n ]T. Then, the regu-
lar PCA is applied to matrix X. Since signal data in X are
centered, it suffices to solve the following decomposition
problem: {

XXTe = (n − 1)τe
eTe = 1

, (3)

where e is an eigenvector and τ is an eigenvalue of the
covariance matrix of X. The eigenvectors corresponding to
the w largest eigenvalues, denoted by eq , q = 1, 2, . . . , w,
are selected to form the transformation matrix E, where w

is the desired dimension of the transformed space. Hence,
the transformed signal samples can be obtained by

Z = XE, (4)
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where Z ∈ �n×w is the matrix of the transformed profile
samples with each row representing one sample, and E ∈
�mp×w; E = [e1, e2, . . . , ew].

3. Performance comparison between UMPCA and
VPCA using simulations

In this section, using Monte Carlo simulations, the per-
formance of UMPCA and VPCA in characterizing the
variations of multichannel profiles is evaluated and com-
pared to each other. For this purpose, we consider a multi-
operation forging process with four strain gages to record
four-channel pressing force signals (Lei et al., 2010). Sup-
pose that in this process a four-channel profile ( p = 4) is
recorded at each cycle time and each profile consists of 175
(m = 175) data points. We generate 250 (n = 250) random
profiles for each channel in this study. In order to investi-
gate the effectiveness of UMPCA and VPCA in modeling
the variations of multichannel profiles and interrelation-
ship among them, two scenarios simulating two different
variation patterns are studied. In the first scenario, the pro-
file channels are randomly generated so that the variation
magnitude is the same across all profile channels. In other
words, in this scenario all profile channels have the same
importance. In the second scenario, however, the variance
of channels 1 and 2 is five times larger than the variance
of other channels. That is, the variances of the first two
channels are dominant. Furthermore, to include the inter-
relationship of profiles in both scenarios, profile channels 1
and 3 are considered to be correlated with profile channels
2 and 4, respectively. Conversely, profile channels 1 and 2
are considered to be independent of profile channels 3 and
4, respectively.

To simulate profile channels under the described scenar-
ios, random effect (RE) models are used. Four RE models
with B-spline basis are utilized to generate random non-
linear profile data for each scenario. In the RE model,
there exists an RE corresponding to each model coefficient
(Demidenko, 2004). The RE models used in simulations
can be represented by

y(k)
i = X(k)(β(k) + b(k)

i

) + ε
(k)
i , i = 1, 2, . . . , n;

k = 1, 2, 3, 4, (5)

where y(k)
i is the m × 1 vector of profile data for chan-

nel k, X is an m × t B-spline basis matrix of the regressor
(time in our case); β(k) is the t × 1 vector of fixed-effects
coefficients for profile channel k; b(k)

i ∼ MVN(0, D(k)) is the
t × 1 vector of random effects coefficients for profile chan-
nel k, where D(k) is a t × t diagonal positive definite matrix;
and ε

(k)
i ∼ MVN(0, Iσ 2

ε (k)) is the m × 1 vector of random
noises for profile channel k, which is assumed to be in-
dependent of b(k)

i . Also, I(k) is an m × m identity matrix,
and σ 2

ε (k) is the variance of random noises for profile
channel k.

We used the sample average of a segment of tonnage
profile data in the forging process, to be discussed in the next
section, to determine the profile means in the RE model
(5); i.e., X(k)β(k). A B-spline basis with a degree of three is
exploited as the fixed-effect basis. The matrix of fixed-effect
coefficients used for simulation is

B = [
β(1)β(2)β(3)β(4)]

=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

111.22 87.15 108.94 105.93
122.65 104.72 112.85 123.41
159.15 122.40 145.49 143.20
192.60 159.30 159.03 160.75
166.48 137.45 154.08 146.87
144.58 127.45 137.08 128.37

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

In scenario 1, var(b(1)
i j ) = var(b(2)

i j ) = var(b(3)
i j ) = var(b(4)

i j )

= 10, whereas in scenario 2, var(b(1)
i j ) = var(b(2)

i j ) = 5var

(b(3)
i j ) = 5var(b(4)

i j ) = 10. In both scenarios, σ 2
ε (k) = 1,

corr(b(1)
i j , b(2)

i j ) = −corr(b(3)
i j , b(4)

i j ) = 0.9, and other pairs

of corr(b(k1)
i j , b(k2)

i j ) = 0; k1 
= k2, where corr(a1, a2) rep-
resents the Pearson correlation coefficient of a1 and a2

and b(k1)
i j ; j = 1, 2, . . . , m are the elements of b(k1)

i . The
overlapped nonlinear profile samples generated using
scenario 2 are depicted in Fig. 2.

After generating profile samples, both UMPCA and
VPCA were applied to the generated data using the proce-
dures described in Section 2. In UMPCA, the eigentensors
corresponding to the rth EMP, Ur ∈ �175×4; r = 1, 2, 3, 4,
were obtained by u(1)

r ◦ u(2)
r , where u(1) ∈ �175×1 and u(2) ∈

�4×1. Figure 3(a) shows Ur , r = 1, 2, 3, 4, obtained from
the generated profile data under scenario 1. Each column
of Ur corresponds to one profile channel. The relative im-
portance of the rth EMP denoted by cr is defined as the
ratio of the variance of transformed profiles using the rth
EMP to the total variance of transformed profiles using
all of the EMPs and calculated by cr = Sr/

∑4
r=1 Sr . These

values are 0.4901, 0.4572, 0.0314, and 0.0213 for the four
EMPs, respectively. Based on the cr values, the first two
eigentensors are the most important eigentensors that are
shown in Fig. 3(a). As can be seen from Fig. 3(a), the
eigenvectors corresponding to the first EMP show a strong
negative correlation between channels 3 and 4, whereas
those corresponding to the second EMP indicate a strong
positive correlation between channels 1 and 2 (eigenvectors
of these channels are overlapped in the plot). The abso-
lute correlation coefficients in both cases are larger than
0.95 with corresponding p-values less than 0.0001, which
indicates significant correlation between the eigenvectors of
channels 3 and 4 and channels 1 and 2. The relative impor-
tance values for the first and second EMP are close to each
other, meaning that the variances of the profile channels are
similar. These results are exactly compatible with the data
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Fig. 2. Multichannel overlapped profile samples randomly generated under scenario 2.

Fig. 3. UMPCA and VPCA results for simulation scenario 1: (a) (top panel) important eigentensors in UMPCA and (b) (bottom
panel) important eigenvectors in VPCA.
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Fig. 4. UMPCA and VPCA results for simulation scenario 2: (a) (top panel): important eigentensors from UMPCA and (b) (bottom
panel): important eigenvectors in VPCA.

generation model, thus implying that UMPCA can ef-
fectively extract information about multichannel profiles.
Another interesting observation from Fig. 3(a) is that the
eigenvectors of channels 1 and 2 and channels 3 and 4 are
close to zero in the first and second EMP, respectively. This
means that the variation patterns of these channels can be
decoupled by using the first two EMPs. As discussed later
in the case study section, this property can help us study
the condition of the forging machine.

Furthermore, the matrix of the first four eigenvectors,
E4 ∈ �700×4, was obtained by applying VPCA to the gen-
erated profile under scenario 1. Each eigenvector contains
175 × 4 data points, and each segment containing 175 data
points corresponds to one profile channel. These eigenvec-
tors are depicted in Fig. 3(b); each subplot represents one
eigenvector and they are sorted in descending order of their
relative importance from top to bottom. The relative im-
portance c′

r can be calculated as c′
r = S ′

r /
∑4

r=1 S ′
r , where S ′

r
is the rth diagonal element of matrix ET

4 XXE4. These values
are 0.3076, 0.3030, 0.1993, and 0.1901 for the four eigen-
vectors, respectively. Since all values of relative importance
are large, all eigenvectors obtained from VPCA are plot-
ted. As can be seen from the two top subplots of Fig. 3(b),
the VPCA eigenvectors of profile channels 1 and 2 show a
similar variation pattern to those obtained from UMPCA.
However, as opposed to UMPCA, the relative importance
values of eigenvectors 3 and 4 are large and reflect a signif-
icant variation pattern, as can be seen in Fig. 3(b). That is,

the large variances of REs could not be completely captured
by the two first sets of eigenvectors, and more eigenvectors
are needed to fully characterize the variation pattern of
multichannel profiles. This implies that UMPCA is more
parsimonious than VPCA in terms of the number of fea-
tures required to capture the majority of variations. This
is because VPCA breaks the structure of the original data
by reshaping them into vectors and loses potentially more
compact or useful representations that can be obtained in
the original form.

A similar analysis was carried out for the generated pro-
file data under scenario 2 and the results are presented in
Fig. 4. The relative importance values for UMPCA are
0.7905, 0.1496, 0.0461, and 0.0138. Therefore, eigenvectors
corresponding to the two first EMPs are plotted in Fig. 4(a).
In the first subplot in Fig. 4(a), the eigenvectors of channels
1 and 2 are overlapped, which indicates a strong positive
correlation between two profile channels with the absolute
correlation coefficient larger than 0.98 and p-value less the
0.0001. The eigenvectors of channels 3 and 4 show no varia-
tion pattern in the first EMP. However, the second subplot
in Fig. 4(a) shows a strong negative correlation between
profile channels 3 and 4 with an absolute correlation co-
efficient larger than 0.98 and p-value less the 0.0001 and
no variation pattern in channels 1 and 2. Moreover, the
relative importance of the first EMP is almost five times
larger than that of the second EMP, which implies that vari-
ances in profile channels 1 and 2 are much larger than the
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Fig. 5. (a) (left panel): Shape of workpieces at each operation and (b) (right panel): overlapping samples of aggregated tonnage profiles
for normal and missing operations.

variances in profile channels 3 and 4. These results are ex-
actly compatible with the data generation model, in which
the profile data are generated so that channels 1 and 2 are
highly positively correlated, channels 3 and 4 independent
of channels 1 and 2 are highly negatively correlated, and
the variances of channels 1 and 2 are five times larger than
variances of channels 3 and 4. Additionally, the first and
second EMPs characterize the variations of channels 1 and
2 and channels 3 and 4 separately, which could be useful in
fault diagnosis.

Furthermore, VPCA was applied to the generated pro-
file data in scenario 2. Relative importance values for
VPCA are 0.4785, 0.2523, 0.2107, and 0.0585. The first
three sets of eigenvectors are plotted in Fig. 4(b). Sim-
ilar to UMPCA, the first subplots of Fig. 4(b) indicate
a high positive correlation in channels 1 and 2 and no
variation pattern in channels 3 and 4. However, as op-
posed to UMPCA, in the second and third sets of eigen-
vectors, only variation patterns of channels 1 and 2 are
seen to be significant. In other words, the variations and
interrelationship of channels 3 and 4 cannot be captured
by VPCA. This is because in VPCA, the very large vari-
ations of channels 1 and 2 cannot be completely mod-
eled by the first set of eigenvectors and are propagated
in all sets of eigenvectors that can mask the variation pat-
terns and interrelationship of other channels with smaller
variances.

Based on the results obtained from the analysis of dif-
ferent simulation scenarios, it can be concluded that the
UMPCA method is more efficient and precise than VPCA
in summarizing and characterizing the variations in multi-
channel profiles.

4. Case study: variation characterization and fault
diagnosis using multichannel tonnage profiles

In this section, we analyze multichannel tonnage pro-
file data of a multi-operation forging process using both
UMPCA and VPCA. In a multi-operation forging process,
multiple dies work in a forging machine to produce a part.
Each die performs one operation at each stroke as shown in
Fig. 5(a). In this figure, intermediate workpieces after each
operation of the selected forging process are shown. As
described in the Introduction, there are four strain gauge
sensors, one on each column of the press machine, that
measure the force of the press uprights. Therefore, a four-
channel profile is recorded for each stroke of the operation.
These profiles provide rich information about the prod-
uct quality and process conditions. Despite the previous
research, which analyzed either the aggregated profile ob-
tained from the summation of the four profile channels
or each profile channel individually, we used UMPCA to
examine these multichannel profiles, simultaneously.

In the four-channel profile data, each profile contains in-
formation about the force of the press machine during each
stroke, which includes five different operations as shown in
Fig. 5(a). Therefore, each profile can be divided into a few
segments, which specify the working boundary of each op-
eration. In each segment, only a few operations are active;
that is, the force profile in each segment corresponds to
active stations. Lei et al. (2010) developed a change-point
detection method based on wavelets to determine segment
boundaries. Based on their method, each tonnage profile
can be divided into nine segments. Table 1 shows the time
interval corresponding to each segment of a profile.

Table 1. Tonnage profile segments

Segment

1 2 3 4 5 6 7 8 9

Time interval [1,153] [154,212] [213,296] [297,447] [448,560] [561,635] [636,816] [817,865] [866,1200]
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Fig. 6. UMPCA and VPCA results for segment 1: (a) (left panel): eigenvectors from UMPCA and (b): (right panel): eigenvectors
from VPCA.

In this study, we consider one group of four-channel
tonnage profiles under normal production conditions that
consists of 306 samples and five fault groups of profiles un-
der different missing part conditions, each of which consists
of 69 samples. In each fault group, one part is missing in
one operation of the forging process. The overlapping sam-
ples of aggregated tonnage profiles for normal and each
fault group are depicted in Fig. 5(b). It should be noted
that in terms of between-profile variability, the stationar-
ity assumption (at least in a weak sense) is required for
both VPCA and UMPCA modeling. In terms of within-
profile variability, VPCA and UMPCA can also be ap-
plied if the stationarity assumption is violated, although
in the latter case the noise within a profile may result in a
lower performance of the approach. This means that de-
noising is a very important step of the approach. In this
article, prior to analyzing the multichannel tonnage pro-
files, each profile sample is de-noised using a wavelet-based
soft-thresholding method (Donoho and Johnstone, 1995).
There are two goals for this study. First, we are interested
in characterizing the process variation associated with the
press machine. For this purpose, we analyze segment 1 of
tonnage profiles under normal production conditions. The
second goal is to utilize the information of other segments
of multichannel tonnage profiles for the purpose of fault
detection and diagnosis.

In the first part of the case study, we apply UMPCA and
VPCA to the first segment of the tonnage profiles obtained
under normal conditions. This segment corresponds to the
pre-operation stage in which the die starts moving toward
parts to perform operations. Since there is no operation
involved in this segment of the profiles, analyzing this
segment data can provide us with useful information
about the condition of the forging machine and clearance
of the machine’s die. Both UMPCA and VPCA were
applied to profile data of segment 1. The eigentensors
and eigenvectors obtained from UMPCA and VPCA are
depicted in Figs. 6(a) and 6(b), respectively. The relative
importance values for UMPCA are 0.8458, 0.1036, 0.0412,
and 0.0094, whereas for VPCA these values are 0.7645,
0.1014, 0.0913, 0.0428. Only the first two important
eigenvectors are shown in Fig. 6.

As can be seen from Fig. 6(a), the first EMP indicates
that the variation patterns for channels 1 and 4 oppose
those for channels 2 and 3. By reference to Fig. 1(a), it is
clear that the sensors for channels 1 and 4 and for channels
2 and 3 are placed in the front and back side of the die,
respectively. Therefore, the first EMP plot implies that the
clearance between moving slides and press uprights may
not be uniform or the upper die weight is not uniformly
distributed over the upper moving bed, which causes the
opposite movement direction for the front and back side of
the upper dies. In other words, when the front side of the
upper die moves upward, the back side moves downward,
and vice versa. In the second EMP plot, the eigenvectors
of channels 3 and 4 are almost zero, whereas the eigenvec-
tors of channels 1 and 2 are non-zero. This implies that the
movement variations in the right side of the die are larger
than those in the left side of the die. Based on the relative
importance index, the third and fourth EMP are negligible.
On the other hand, as shown in Fig. 6(b), the eigenvec-
tors obtained from VPCA are not as informative as the
eigenvectors of UMPCA. Although the first set of eigen-
vectors obtained from VPCA is almost similar to those of
UMPCA, the second set of eigenvectors is much different
and indicates no clear result.

The goal of the second part of the case study is to uti-
lize the UMPCA and classification methods for detecting
strokes with missing parts and classifying their types. At
first, to reduce the dimensions of the four-channel tonnage
profiles, UMPCA was applied to the profile data under
normal production. The resulting principal components
(yk(r ) = Vk ×2

l=1 {u(l)T

r }R
r=1) were considered as features to

be used for further classification. The obtained eigenten-
sors from the normal profile data were used to calculate
the principal components and extract features from ton-
nage profiles of fault groups. Then, the extracted features
were used to implement Bayesian classifiers (Hastie et al.,
2009), which help not only detect the fault groups but to
detect the type of missing part. As shown in Fig. 5(b),
since the tonnage force for performing operations 2 and 3
is larger than the force of the other operations, the missing
parts corresponding to these two operations can easily be
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Fig. 7. Scatter plots across different fault groups for principal component extracted from UMPCA and VPCA methods using
segments 3 and 4.

detected even by visual inspection of a profile. Therefore,
we excluded these two faults from the analysis. For other
operations, the difference in the exerted force of full op-
erations and operations with missing part is so small that
if the whole tonnage profile is used, we may not be able
to detect the missing part operations. Therefore, for each
fault group, we focused on a segment in which the corre-
sponding operation was active. Segment 3 was selected for
fault groups 1 and 5, and segment 4 was selected for fault
group 4. In order to compare UMPCA with VPCA, the
same analysis was repeated using VPCA and the results of
two methods were compared.

Based on the relative importance index, the first two prin-
cipal components of each method were selected as features
for classification. The scatter plots of these principal com-
ponents for normal and fault groups are plotted in Fig. 7.

As shown in Fig. 7, using both UMPCA and VPCA
methods, samples in fault group 1 are completely separable

from samples in the normal group. However, as can be
implied from Fig. 5(b), detecting and classifying missing
parts in fault groups 4 and 5 is more challenging since the
overall shape of tonnage profiles for these fault groups is
very similar to the profiles’ shape for the normal group.
Nevertheless, as can be seen in Fig. 7, using UMPCA,
the samples in fault group 4 can be completely detected.
Also, the extracted UMPCA features of fault group 5 are
reasonably separable from those of the normal group. In
contrast, because of the deficiencies of VPCA discussed
earlier, the principal components obtained from VPCA are
not correct features for separating fault samples in groups 4
and 5 from normal samples. The extracted features, shown
in Fig. 7, were further used to construct Bayes classifiers.
Let ωi ; i ∈ {N, F1, F4, F5} denote the group of profile data,
where N represents the normal group and F1, F4, and F5
represent three fault groups. Based on the Bayes formula,
the posterior probability for group i, i ∈ {N, F1, F4, F5},
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Fig. 8. Flow diagram of the developed procedure for detecting and classifying the missing parts in the multiple-operation forging
process.

denoted by P̂(ωi |y) is calculated as follows:

P̂(ωi |y) = f̂ (y|ωi )π̂i , (6)

where y is the vector of extracted features (principal com-
ponents), f̂ (y|ωi ) and π̂i respectively represent estimated
normal likelihood functions and empirically estimated
prior probabilities for group i. Since the principal compo-
nents are linear combinations of the original variables, it
is reasonable to assume that the principal components are
normally distributed.

As shown in Fig. 7, fault groups 1 and 5 can be detected
using segment 3, and fault group 4 can be separated us-
ing segment 4. Therefore, to effectively detect and classify
fault groups, we used a hierarchical structure to develop
the classification approach. The hierarchical classification
procedure is shown in the flow diagram of Fig. 8. First, two
Bayes classifiers were trained using segments 3 and 4 of the
profile data. In online monitoring, when an incoming signal
is recorded, principal component features are extracted for
segments 3 and 4. At the first level of hierarchy, the trained
classifier for segment 3 is used to detect fault groups 1 and
5. If the profile is classified as neither fault group 1 nor fault
group 5, it proceeds to the second level of the hierarchy, in
which they are classified as either fault group 1 or normal
profiles.

To evaluate the performance of each classifier, a 10-fold
cross-validation (Hastie et al., 2009) was used. Overall con-
fusion matrices obtained from these classifiers are reported
in Table 2 for both UMPCA and VPCA features. As ex-

pected, using both UMPCA and VPCA, fault group 1 can
be accurately detected and classified. However, for fault
groups 4 and 5, which are difficult faults to detect, the fea-
tures provided by UMPCA lead to much better results than
features obtained by VPCA. For fault 4, if UMPCA princi-
pal components are used, on average 92.75% of the missing
parts can be correctly detected and classified, whereas this
value for VPCA features is only 23.19%. Additionally, for
fault 5, UMPCA features are able to accurately detect and
classify all missing parts, whereas the features of VPCA are

Table 2. Confusion matrix of hierarchical Bayes classifiers for
UMPCA and VPCA features obtained from 10-fold cross-
validation

Classified as

Normal Fault 1 Fault 4 Fault 5

UMPCA
Actual

Normal 298 0 8 0
Fault 1 0 69 0 0
Fault 4 5 0 64 0
Fault 5 0 0 0 69

VPCA
Actual

Normal 291 0 15 0
Fault 1 0 69 0 0
Fault 4 53 0 16 0
Fault 5 69 0 0 0
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not able to detect this type of fault. In terms of false alarm
rate, the UMPCA features with a 2.61% error rate are also
slightly better than VPCA features with a 4.90% error rate.

5. Conclusions

In this article, based on UMPCA, we proposed a method
for effective analysis of multichannel profiles. In contrast
with existing methods, the proposed method not only uti-
lizes information on each profile channel but takes the in-
terrelationship among different profile channels into con-
sideration. A simulation study was conducted to evaluate
the performance of the proposed method and show its per-
formance superiority over VPCA. The results showed that
as opposed to UMPCA, VPCA fails to fully characterize
the profiles’ variations and their interrelationships. We also
applied both UMPCA and VPCA to a real case study of
a forging process for the purpose of variation characteri-
zation of a press machine and fault diagnosis. The results
indicated that UMPCA outperforms VPCA in not only de-
tecting the faulty operations with missing parts but also in
classifying the type of faults. Using UMPCA features, the
overall error of the trained classifier is 2.53%, whereas this
error for VPCA is 26.71%, which implies the superiority of
UMPCA over VPCA.

In this article, we considered the case of multichannel
homogenous profile data, where all sensors measure the
same variable. However, another important and challeng-
ing problem is the analysis of multi-sensor heterogeneous
profile data, in which various sensors measures different
variables. The problem of analyzing such profile data us-
ing UMPCA for the purpose of data fusion, monitoring,
and fault detection can be considered as a potential topic
for future research. Analysis of designed experiments, in
which the response variable is represented by multichannel
profiles, is an interesting and challenging topic that can be
pursued in the future.
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