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RESEARCH PAPER

Multiple profiles sensor-based monitoring and anomaly detection
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aDepartment of Industrial Engineering, Tsinghua University, Beijing, China; bSchool of Computing, Informatics, and Decision Systems
Engineering, Arizona State University, Tempe, Arizona; cSamsung Electronics, Suwon, South Korea; dH. Milton Stewart School of
Industrial and Systems Engineering, Georgia Institute of Technology, Atlanta, Georgia

ABSTRACT
Generally, in an advanced manufacturing system hundreds of sensors are deployed to measure key
process variables in real time. Thus it is desirable to develop methodologies to use real-time sensor
data for on-line system condition monitoring and anomaly detection. However, there are several chal-
lenges in developing an effective process monitoring system: (i) data streams generated by multiple
sensors are high-dimensional profiles; (ii) sensor signals are affected by noise due to system-inherent
variations; (iii) signals of different sensors have cluster-wise features; and (iv) an anomaly may cause
only sparse changes of sensor signals. To address these challenges, this article presents a real-time
multiple profiles sensor-based process monitoring system, which includes the following modules: (i)
preprocessing sensor signals to remove inherent variations and conduct profile alignments, (ii) using
multichannel functional principal component analysis (MFPCA)–based methods to extract sensor fea-
tures by considering cluster-wise between-sensor correlations, and (iii) constructing a monitoring
scheme with the top-R strategy based on the extracted features, which has scalable detection power
for different fault patterns. Finally, we implement and demonstrate the proposed framework using
data from a real manufacturing system.

KEYWORDS
data fusion; functional PCA;
multichannel profile
monitoring; statistical
process control

1. Introduction

Advanced automatic data collection and inspection tech-
nologies, which generate large amounts of high-dimen-
sional data streams from multiple sensors characterizing
the process, have been widely adopted in manufacturing
nowadays. Those multiple sensor data provide opportu-
nities for on-line process monitoring and anomaly detec-
tion. However, several challenges should be addressed to
develop such an on-line monitoring system.

The first and most crucial challenge is how to pro-
cess high-dimensional, cross-correlated streaming
data. These high-dimensional data streams lead to a
large number of process parameters to be estimated
and consequently require a very large in-control (IC)
reference sample size. However, only limited reference
samples can be gathered in a manufacturing process.
When the data dimension is larger than the reference
sample size, we face the curse of dimensionality: it is
prohibitive to estimate the joint process distribution,
or even its covariance matrix, with limited reference
samples. At this point traditional multivariate statis-
tical process control (SPC) methods, such as the

Hotelling T2 chart, will become infeasible, which trig-
gers high demand for new SPC methods.

The second challenge is that multiple variation pat-
terns exist in a manufacturing process. For example, if
the process is self-controlled, sensor signals of differ-
ent products (samples) may be unsynchronized and
may have different time lengths due to sample-to-
sample variations. Meanwhile, the manufacturing
equipment may undergo long-term drifts: sensor sig-
nals of the first and consequent products may be at
different levels even though all the products are within
the prespecified tolerances (i.e., in control). As such,
we need to consider how to preprocess raw sensor sig-
nals to remove these system-inherent variations for
accurate comparison and analysis.

The third challenge is that a complicated correl-
ation structure typically exists among high-dimen-
sional streaming data. First, data produced by each
sensor are nonstationary and strongly auto-correlated,
which can be regarded as profile (functional) data
with within-sensor (within-profile) correlations over
time. Since traditional SPC schemes assume that the
collected data are independent and identically
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distributed (i.i.d.), these SPC schemes cannot be
applied here directly. Second, on the one hand, sen-
sors from the same source may have similar features
(i.e., be cross-correlated). Although monitoring each
sensor separately could reduce data dimensionality,
this method neglects sensor cross-correlations and will
eventually sacrifice the detection power. In other
words, while separate monitoring might still be useful
for detecting change patterns occurring in each single
sensor profile, this method is ineffective in detecting
changes of sensor cross-correlations. On the other
hand, sensor profiles from different sources can show
quite different features. Since different data features
require particularly tailored analysis methods, different
control charts should be designed separately to fit dif-
ferent data features. Therefore, it may be suboptimal
if we directly monitor all sensors jointly using one
unique control chart without considering data feature
difference. With this in mind, we need to strike a bal-
ance between separate and joint monitoring of mul-
tiple sensor profiles.

The last but not the least challenge is that only a
small number of sensor profiles will be influenced or
shifted when the manufacturing process goes out of
control. Since the influenced sensors or signals are
sparse among the high-dimensional process data, the
challenges in change detection is increased. Monitoring
all sensor profiles without an effective sensor-selection
technique may result in detection power losses.

In summary, it is a challenging task to design a
unified scheme to monitor multiple sensor profiles.
This article will address those challenges and develop
a monitoring system. The following subsections will
provide a motivation example, a literature review, and
a summary of our contributions.

1.1. A motivation example

We use real sensor data from an advanced manufac-
turing process as an example to illustrate the afore-
mentioned challenges. The manufacturing equipment
has 26 sensors, denoted as V1 to V26, that record val-
ues of different process variables such as electricity,
liquid/gas flow rate, pressure, and so on. Figure 1
shows profiles of six selected sensors over 52 samples
from six different product lots. First, it is clear that
profile lengths vary from sample to sample, indicating
the un-synchronization problem for different samples
due to the self-controlled process.

Second, all the profiles have smooth patterns over
time, which show their strong within-profile correla-
tions. To better demonstrate this point, we first do

data alignment for different samples and then calcu-
late signal correlations of different time points (i.e.,
within-profile correlations) for every sensor. Figure 2
shows the within-profile correlation structure of V1,
V6, and V14. In particular, all these sensors show
strong within-profile correlations, and correlations of
different sensors are quite different. This indicates
that different sensors are driven by different system
mechanisms and illustrate different features, which
will be explained later in more detail.

Third, besides within-profile correlations, different
sensors have complex interprofile relationships. As
shown in Figure 1, certain sensors, such as V1 and
V26, share similar profile features. This is because
these sensors measure some physically related process
variables and are located near to each other. However,
some other sensors, such as V2 and V12, have profiles
with quite different features. This is because that these
sensors are located in different places or measure dif-
ferent process variables. The feature similarity can be
evaluated to some degree by sensor cross-correlations.
Sensors with similar features have strong cross-corre-
lations, while sensors with different features have
weak ones. Consequently, as the number of sensors
increases the chance that all sensors are strongly cor-
related becomes quite small, especially for high-
dimensional cases. In other words, these multiple
(multichannel) profiles can be naturally regarded as
multimode data or mixture data. To make this point
more explicit, for every sensor we first synchronize
profiles of all the samples to the same length using
dynamic time warping (Keogh and Ratanamahatana
2005). Then we take the average of the synchronized
profiles to get the template profile of every sensor. We
subtract the sensor template profile from the
synchronized profile to get the corresponding residual
profile for each sensor. Finally, we use these residual
profiles to calculate cross-correlations of these 26 sen-
sors. From Figure 3 we can see that the cross-correla-
tions have a blocky structure, based on which sensors
can be naturally divided into several clusters with
strong within-cluster cross-correlations. Furthermore,
Figure 4 presents the residual profiles of V1. They
have significant time-dependent variance. This is prin-
cipally caused by fabrication “on-off” operations that
lead sensor signals to change drastically at some spe-
cific time points where larger fluctuations are expected
than at other time points.

Finally, to demonstrate system-inherent variations,
Figure 5 shows profiles of V4 over the 52 samples,
where sample colors have been arranged to change
from light blue (first sample) to purple (last sample)
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Figure 1. The six selected sensor profiles over 52 samples. (a) V1 (b) V2 (c) V6 (d) V12 (e) V14 (f) V26.
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according to the actual sample production start time.
Obviously there is a long-term drift from the begin-
ning to the end of the production process that shifts
the profiles downward. This drift may be caused by
the change of equipment status due to the environ-
mental disturbance over time; hence, it should be
regarded as normal operations to be taken into
account in the monitoring scheme.

1.2. Literature review

In early works of profile data monitoring, Jin and Shi
(1999, 2001) proposed to use wavelets to extract fea-
tures of stamping tonnage signals for on-line fault
detection. Since then the topic of profile monitoring
has received more and more attention. The current
literature can be generally classified into two major
categories according to profile shape complexities: lin-
ear and nonlinear profile monitoring. For linear pro-
files, linear regression models are usually used to
represent profile data, and regression coefficients are
used for monitoring (Mahmoud and Woodall 2004;
Zou, Tsung, and Wang 2007). However, these models

assume i.i.d. measurement noises within a profile.
Later, to further effectively account for within-profile
correlations, Jensen, Birch, and Woodall (2008)

Figure 2. The within-profile correlations of V1, V6, and V14. (a) V1 (b) V6 (c) V14.

Figure 3. The cross-correlation structure of different sensors.
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proposed a linear mixed-effects model. For nonlinear
profiles, nonparametric regression methods have been
commonly used in profile monitoring, such as the
spline regression (Walker and Wright 2002), the wavelet
regression (Zhou, Sun, and Shi 2006), and the local lin-
ear smoothers (Zou, Tsung, and Wang 2008). Qiu, Zou,
and Wang (2010) and Paynabar and Jin (2011) intro-
duced nonlinear mixed-effects models that also consid-
ered within-profile correlations. Beyond these models,
Ding, Zeng, and Zhou (2006) considered dimension

reduction and data-clustering techniques for Phase I
monitoring of nonlinear profiles. For more detailed dis-
cussions about related methods, please refer to
Noorossana, Saghaei, and Amiri (2011) and Woodall
(2007) for a comprehensive review. However, the litera-
ture mentioned above focuses only on process with a
univariate profile. Though for multichannel profiles we
may apply these methods to every channel separately,
this completely ignores cross-correlations of multiple
channels and weakens the detection power.

Figure 4. The residual profiles of V1.

Figure 5. Long-term drift of V4.
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In the literature, few studies have been conducted
on monitoring multiple profiles simultaneously. For
linear profiles with explanatory variables, Noorossana
et al. (Noorossana, Eyvazian, Vaghefi 2010;
Noorossana, Eyvazian, Amiri et al. 2010) and
Ghashghaei and Amiri (2016) proposed several moni-
toring schemes based on the ordinary least square
method. Zou, Ning, and Tsung (2012) proposed a
LASSO-based monitoring scheme. For nonlinear pro-
files, and since signals are usually high-dimensional,
dimension-reduction methods are normally applied
first to reduce data dimensionality. For example, Kim
et al. (2006) introduced a multichannel profile moni-
toring scheme using principal curves. Paynabar, Jin,
and Pacella (2013) proposed to use uncorrelated mul-
tilinear principal component analysis (UMPCA) for
feature extraction and fault detection. Later, Grasso,
Colosimo, and Pacella (2014) compared multiple
PCA-based methods, such as multilinear PCA
(MPCA) and vectorized PCA (or multiway PCA,
shortened as VPCA), for monitoring. Recently,
Paynabar et al. (2016) further applied functional data
analysis to profile monitoring and constructed a
change-point model based on multichannel functional
PCA (MFPCA). However, all these aforementioned
methods typically assume that multichannel profiles
have strong cross-correlations with similar features
and cannot effectively handle profiles with different
features. This is because their extracted PCA loadings
would mix different features together. Consequently,
these methods’ monitoring performances will deterior-
ate severely (as demonstrated in our case study). To
our best knowledge, so far no monitoring scheme has
been developed for profiles with different features
from either a statistical or practical perspective.

1.3. Our contributions

Motivated by the previous work, the goal of this
research is to design a systematic framework for on-
line monitoring of high-dimensional streaming data in
a manufacturing system. Our contributions are sum-
marized here: (1) We propose a preprocessing frame-
work for manufacturing data considering their
characteristics. In particular, for the product fabrica-
tion time variation problem, unless directly using
naive interpolation methods (Lee et al. 2011), which
brutally break profile patterns for different samples,
we propose using dynamic time warping to ensure the
patterns are maximally preserved and the additional
noise is minimally introduced. For long-term drift
removal, we propose a fixed-effects model to

automatically learn drifting sensors, drifting time, and
drifting magnitudes. (2) After preprocessing, we pro-
pose a sensor clustering algorithm according to the
sensor cross-correlation structure. Based on this algo-
rithm, sensors within each cluster have strong correla-
tions, while sensors between clusters have no (or
weak) correlations. In this way we gather sensors with
similar features together as a cluster and get several
clusters with different features. (3) Since there is no
more within-cluster feature difference, we can monitor
sensor data within a cluster together and monitor
each cluster respectively. In particular, MFPCA is
applied to sensors of each separate cluster to extract
their shared features. Then the MFPCA scores
together with the residuals are used to construct local
monitoring statistics to detect local changes in this
cluster. (4) Finally, we propose a data-fusion strategy
to incorporate these local monitoring results together
as the final monitoring statistic. Specifically, this stat-
istic is based on the top-R rule (i.e., the sum of the
largest R local monitoring statistics (Mei 2011)). This
top-R rule can not only filter out in-control noise and
increase detection sensitivity but also allow for scal-
able detection power for different change patterns and
can assist the diagnostic procedure after an abnormal
signal is triggered. The overview of the procedure is
shown in Figure 6.

The remainder of this article is organized as follows:
Section 2 presents the data-preprocessing methods;
Section 3 presents the monitoring scheme based on
sensor clustering and data fusion; Section 4 evaluates
the charting performance using some numerical studies
in a manufacturing process; finally, Section 5 concludes
this article with some discussions about future work.

2. Data preprocessing

In this section we will discuss data preprocessing to
address two issues: data alignments of multiple pro-
files and long-term drift removal. Here we denote i ¼
1; :::;N; j ¼ 1; :::; P; and t ¼ 1; :::;Ti for the indices
of different samples, sensors, and time points, respect-
ively. For example, Yijt indicates the scalar value of
the jth sensor at the tth time point of the ith sample.
It should be noted that since the raw profiles of differ-
ent samples may be unsynchronized, Ti are different
for different samples.

2.1. Data synchronization

As mentioned in Section 1, profile data has
unsynchronized different lengths for different samples
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due to the self-controlled process in the manufactur-
ing process. In this section, for every sensor j we
would like to synchronize the time stamp of the ith
sample by comparing its signals Yijt; t ¼ 1; :::;Ti with
the reference sample denoted by Y1jt; t ¼ 1; :::;T1

(here we set the first sample as the reference) using
dynamic time warping (DTW; Keogh and
Ratanamahatana 2005). To align these two sequences
using DTW, we first construct a T1-by-Ti distance
matrix where the (t1; tiÞ element corresponds to the
square distance: d t1; tið Þ ¼ Y1jt1�Yijtið Þ2. DTW aims to

solve the optimal path tl1; t
l
i

� �
l¼1;:::;L that minimizes the

warping cost:

DTW Y1j;Y ijð Þ ¼ min
nXL

l¼1
d tl1; t

l
i

� �o
;

where ðtl1; tliÞ is the index of the lth element on the
alignment path for the ith sample.

Furthermore, we constrain the search space by the
Sakoe-Chiba band constraint, that is,

tl1�tli
�� �� � max 0:2T1; 0:2Ti; T1�Tij jð Þ; l ¼ 1; :::; L;

such that the optimal path is not too far from the
diagonal line, as shown in Figure 7. The optimal path
can then be found efficiently by dynamic program-
ming. Finally, the optimal path provides a mapping
from the ith sample to the reference sample such that
ðtl1; tliÞl¼1;:::;L is the optimal path that achieves the min-
imal warping cost. Therefore, profiles of each sample
can be aligned with those of the reference sample. In
Figure 8 we show one example of how DTW can syn-
chronize profiles of different samples.

2.2. Removing long-term drift

As shown in Figure 5, long-term drift magnitude varies
in different time segments even for the same sensor.
This phenomenon motivates us to estimate long-term
drifts for different time segments separately. Generally,
the long-term drift depends on the system status,
which is influenced by the “on-off” operations. With
this in mind, we may treat the time points between
two sequential “on-off” operations as a nature segment.
Specifically, after synchronization all samples share the
same time length T. These T time points can be sepa-
rated into M steps, with Yijt given by

Yijt ¼ ljt þ bijm þ �ijt; m ¼ 1; :::; M; [1]

where m denotes the corresponding segment to which
the tth time point belongs. We define tm as the last
time point of the mth segment (i.e., for the mth seg-
ment of the profile, tm�1 < t � tm; m ¼ 1; :::; M
with t0 ¼ 0). In Eq. [1], ljt is the template signal of
the jth sensor at the tth time point. bijm is assumed to
be the constant drift of the jth variable in the mth time

Figure 7. Dynamic time-warping procedure.

Figure 6. An overview of the developed monitoring system.
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segment of the ith sample, with respect to the template
signals. �ijt denotes the remaining individual signal for
t ¼ 1; :::;T; following a distribution with mean zero
and variance r2jt. Following Lee et al. (2011), we apply
the weighted least squares (WLS) method to estimate
parameters ljt and bijm by minimizing the weighted
sum of squared errors (WSSE), that is,

minljt ;bijm WSSEjm ¼
PN

i¼1

Ptm
t¼tm�1þ1

1
r2jt

Yijt�ljt�bijm
� �2;

s:t:
PN

i¼1 bijm ¼ 0;

[2]

for j ¼ 1; :::P; m ¼ 1; :::;M; separately. Eq. [2] can be
solved in a close-form following the same approach in
Lee et al. (2011). However, one limitation of this

approach in Lee et al. (2011) is that the estimated b̂ijm
is not necessarily the long-term drift because it only
denotes the constant difference of the ith sample from
the template profile in the mth segment caused by sam-
ple-to-sample variations. Meanwhile, the true long-term

drift b̂ijm should be a drift and expected to be mono-
tone. In other words, the cumulative drift magnitude

between neighbor samples,
PN

i¼2 ðb̂ijm � b̂ i�1ð ÞjmÞ
��� ��� ¼

b̂Njm�b̂1jm
��� ���, should be large enough when the true

long-term drift exists. Therefore, we propose to apply

hard thresholding to the estimated b̂ijm, as

b
�
ijm ¼ b̂ijm ; if b̂Njm�b̂1jm

��� ���>sjm
0; otherwise

;

(
[3]

where sjm is the threshold related to the variance of

b̂ijm: In our study, we find that sjm ¼ 3� std ðb̂ijmÞ
works very well in practice.

When r2jt is unknown, we can estimate it by r̂2
jt ¼

PN
i¼1

Yijt�l̂ jt�b
�

ijm

� �2

N : Furthermore, it should be noted
that when “on-off” operations do not change the pro-
file too much we may combine several sequential seg-
ments as one for analysis. From the data-driven
perspective, we may redefine the segments by setting
ftmjr̂2

jtm > sg as segment boundaries, where s is a pre-

specified threshold. In this article we
set s ¼ 3�medianðr̂2

jtÞ and then iterate the above

procedure to estimate b̂ijm, b
�
ijm, r̂

2
jt; and tm: It should

be noted that M can change in different iteration
steps. This estimation algorithm converges empirically
in our numerical studies.

We demonstrate the efficiency of this algorithm
using V2 as an example. Figure 9(a) shows the profiles
of V2 in one processing step before removing the long-
term drift, from which we can clearly see that these
profiles have a long-term mean drift because t ¼ 50.
After iterating the algorithm until convergence, four
segment boundaries satisfying ftmjr̂2

jtm > sg are identi-
fied as t1 ¼ 50; t2 ¼ 51; t3 ¼ 52; and t4 ¼ 86 (shown
by the vertical dashed lines in Figure 9(a)). However,
only the last two segments ½52; 86� and 86; 304½ � have
nonzero b

�
ijm to be removed, as shown in Figure 9(b).

The final sample profiles after removing the drifts b
�
ijm

are shown in Figure 9(c).

3. Multichannel profile monitoring formulation

In this section, we will introduce the multichannel
profile monitoring scheme in detail. We treat a profile
as a function and adopt functional data analysis

Figure 8. Effect of alignment by DTW on V2. (a) Sample profiles before alignment (b) Sample profiles after alignment.
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(FDA) for data description and monitoring. In par-
ticular, we consider the aligned profile data of the ith
sample of the jth sensor as a continuous function
Yij tð Þ with respect to t 2 T ¼ a; b½ �, where a; b½ � is
the manufacturing time interval. The observations
Yijt; t ¼ 1; :::;T are discrete sensing observations of
the function at T sampling time points t ¼ 1; :::;T.
According to Eq. [1], after removing the long-term
drift Yij tð Þ can be formulated as

Yij tð Þ ¼ lj tð Þ þ �ij tð Þ; i ¼ 1; :::N; j ¼ 1; :::; P; [4]

where lj tð Þ is the function of the template profile of
the jth sensor solved in Eq. [2] and �ij tð Þ is the sto-
chastic error with E �ij tð Þ

� �
¼ 0. Then, profile data of

all the sensors can be denoted as
Y iðtÞ ¼ Yi1 tð Þ; :::;YiP tð Þ½ �, with l tð Þ ¼ ½l1 tð Þ; :::; lPðtÞ�

and ε;i tð Þ ¼ �i1 tð Þ; :::; �iP tð Þ½ �. Our goal is to sequen-
tially monitor distributional changes of l tð Þ.

When the process is in-control, assume that there
are m0 i.i.d. reference samples Y�m0þ1 tð Þ; :::; Y0 tð Þ
(or IC samples interchangeably). Then, in the sequen-
tial monitoring stage, the subsequent ith on-line test-
ing sample after preprocessing (i.e., Y i tð Þ) is assumed
to follow a change-point model

Y i tð Þ ¼
l0 tð Þ þ �i tð Þ; for i ¼ 1; :::; s;
l1 tð Þ þ �i tð Þ; for i ¼ sþ 1; :::;

�
[5]

where s is the unknown change point and
l0 tð Þ and l1 tð Þ are the IC and OC mean (template)
functions. We aim to detect the OC situation as soon
as possible and estimate the change point s as accur-
ate as possible.

Figure 9. Remove the long-term drift of V2. (a) Original profiles (b) Estimated drift (c) Profiles after removing the drift.
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As discussed earlier, sensor profiles from the same
source have similar features and are cross-correlated.
Thus, it is intuitive to consider their correlation struc-
ture and use multivariate SPC schemes for joint moni-
toring. However, sensor profiles from different
sources have different features and can be regarded as
different clusters. Therefore, it is not effective to con-
struct a universal monitoring scheme without consid-
ering feature difference. Furthermore, due to the
sparsity of OC variables, jointly monitoring all sensors
without selecting correlated clusters may dilute detec-
tion power. As Figure 3 shows, the 26 sensors are
sparsely correlated with a clusterwise correlation
structure. This clusterwise structure naturally moti-
vates us toward the idea of divide and conquer. With
this in mind, we propose a monitoring scheme based
on sensor clustering and fusion. Its key idea is to
first partition multiple sensors into several sensor
clusters so that sensors in the same cluster share
similar features and feature difference only exists in
different clusters. Then we construct local monitor-
ing statistics for each sensor cluster separately by
taking advantage of the local correlation structure.
Finally, these local monitoring statistics are fused
together by summing up the largest R local test stat-
istic for final decision-making. In this way, the
united monitoring scheme can, on the one hand,
take into account both feature similarity and feature
difference. On the other hand, it can filter out IC
noise without scarifying detection power too much
and therefore improve detection power for sparse
changes. Furthermore, it is convenient for us to iden-
tify the set of potentially changed sensors by select-
ing sensors whose groups are included in the largest
R local test statistic. This divide and conquer idea
has been successfully used in some other SPC
schemes (Zhang, Chen, and Zou 2016).

3.1. Sensor clustering

In this subsection we will discuss how to cluster
multichannel profiles based on m0 reference samples
Y�m0þ1 tð Þ; :::; Y0 tð Þ: As mentioned in Section 1.1,
sensor profiles can be naturally clustered according to
their cross-correlation matrix. Therefore, here we
adopt the agglomerative hierarchical correlation clus-
tering method, which begins with treating each sensor
as a separate cluster and then successively merging
them into larger clusters according to sensor correla-
tions. In each step of hierarchical clustering the algo-
rithm finds the closest pair of clusters and then
merges them into a new parent cluster. This is

repeated until only one cluster is left after
P � 1 iterations, where P is the number of sensors.
Here the Pearson’s correlation is used to measure the
similarity between different sensors, which can be esti-
mated as

qjj0 ¼ P0
i¼�m0þ1

PT
t¼1 Yijt � Yjt

� �
Yij0t � Yj0t
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP0
i¼�m0þ1

PT
t¼1 Yijt�Yjt

� �2q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP0
i¼�m0þ1

PT
t¼1 Yij0t�Yj0t

� �2q ;

[6]

for j; j0 ¼ 1; :::; P, where Y jt ¼ 1
m0

P0
i¼�m0þ1 Yijt. Then

the distance (dissimilarity) between different sensors
is defined as

djj0 ¼ 1�jqjj0 j; j; j0 ¼ 1; :::; P: [7]

We can see that the more correlated the two sen-
sors are, the shorter their distance will be. In addition
to the distance between two sensors, cophenetic dis-
tance with the average linkage (i.e., D r; kð Þ ¼PNr

v2r

PNk
u2k dvu

NrNk
) is used to measure the between-cluster

distance of clusters r and k, where Nr and Nk are the
number of sensors in clusters r and k. Then in every
step, according to D r; kð Þ; we can select the two
most similar clusters and merge them into one. This
sequential merging procedure can be drawn as a den-
drogram, based on which we can finally get the sensor
information of every cluster given a prespecified num-
ber of clusters, G.

The optimal choice of G will balance model accur-
acy and complexity. In general, a small G leads to
larger clusters, less estimation accuracy, and low com-
plexity. The reverse is also true. In real applications,
the choice of G can depend on some prior domain
knowledge. For example, in our case study the opti-
mal G¼ 16 is selected based on the domain know-
ledge that the minimum correlation between two
sensors in the same cluster is no smaller than 0.2. In
general, when no G is preferred in advance some clus-
tering diagnostic methods, such as the elbow method
of Thorndike (1953) or the GAP statistic of
Tibshirani, Walther, and Hastie (2001) could be used
to choose G.

3.2. Multichannel functional PCA–based local
anomaly detection

After sensor clustering, assume that we have G clus-
ters in total with each cluster having pg sensors, where
g ¼ 1; :::;G. Then the profile data for each cluster can
be denoted as Yg

i tð Þ ¼ Yi1 tð Þ; :::; Yipg tð Þ
	 


, with the
corresponding template profile lg tð Þ ¼ l1 tð Þ; :::;
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lpg tð Þ� and stochastic error �
g
i tð Þ ¼ �i1 tð Þ;½ :::; �ipg tð Þ�;

i ¼ 1; :::;N. Then we discuss how to construct
local monitoring statistics for Yg

i tð Þ to detect
changes of lg tð Þ; g ¼ 1; :::;G separately. In the next
subsection we will address how to fuse the G local sta-
tistics together as the final monitoring statistic to
detect changes of l tð Þ.

A straightforward monitoring statistic for Yg
i tð Þ is

to apply the traditional parametric or nonparamet-
ric SPC methods. However, in many situations the
total number of grid time points (i.e., T � pg) is
much larger than the number of IC reference sam-
ples, m0. We thus suffer from the curse of dimen-
sionality. Hence it is usually important to perform
dimension reduction before the monitoring step.
One fundamental technique is to use functional
PCA (FPCA) to extract a few major and typical fea-
tures from the functional data. FPCA has been
applied in univariate Phase I profile monitoring in
Yu, Zou, and Wang (2012). Recently, Paynabar
et al. (2016) extended FPCA to multichannel pro-
files as MFPCA by appropriately addressing their
cross-correlations.

In particular, Paynabar et al. (2016) assumed that
Yg

i ðtÞ can be represented by a set of orthonormal
Eigen functions as follows,

Yg
i tð Þ ¼ l

g
0 tð Þ þ

X1
k¼1

n
g
ikv

g
k tð Þ; [8]

with an explicit form n
g
ik ¼

Ð b
a ðY

g
i tð Þ�l

g
0 tð ÞÞvgk tð Þdt,

where vgk �ð Þ; k ¼ 1; 2; :::1 are the Eigen functions of
the covariance function of Yg

i tð Þ (i.e., cg t; sð Þ ¼
E ðYg tð Þ�l

g
0 tð ÞÞðYg sð Þ�l

g
0 sð ÞÞ

	 

Þ with the correspond-

ing Eigen values kgk; k ¼ 1; 2; ::: 1. In particular,
cg t; sð Þ can be estimated using the m0 reference sam-
ples as

ĉgðt; sÞ ¼
1
m0

X0

i¼�m0þ1

Xpg

j¼1
Yg
ij tð Þ � lg0j tð Þ

� �
Yg
ij sð Þ � lg0j sð Þ

� �
:

[9]

When lg0jðtÞ is unknown in practice, we substitute
it with its estimate l̂g

0j tð Þ ¼
P0

i¼�m0þ1 Y
g
ij tð Þ=m0 using

the historical reference data. Then the corresponding
estimators of vgk �ð Þ & kgk are defined asðb
a
ĉg t; sð Þ v̂gk sð Þds ¼ k̂

g
kv̂

g
k tð Þ; t 2 T ; k ¼ 1; 2; :::;1:

[10]

Under some mild conditions, ĉg t; sð Þ; v̂gk tð Þ;
and k̂

g
k are consistent estimators of cg t; sð Þ; vgk tð Þ;

and kgk (Paynabar et al. 2016).

The form of Eq. [8] indicates that all the pg profiles
share a common set of Eigen functions, and their
cross-correlations are essentially described by the cor-
relations of n

g
ik. In particular, we assume

n
g
ik 2 R

pg follows a pg-dimensional normal distribu-
tion with mean zero and covariance matrix R

g
k, which

can be estimated using the m0 reference samples as

R̂
g
k ¼

1
m0

X0

i¼�m0þ1

ðb
a

Yg
i tð Þ�l

g
0 tð Þ

� �
v̂gk tð Þdt

�
ðb
a

Yg
i tð Þ�l

g
0 tð Þ

� �T
v̂gk tð Þdt:

[11]

Furthermore, since n̂
g
ik is the projection of

ðYg
i tð Þ�l

g
0 tð ÞÞ to the kth Eigen function, it is an ideal

indicator that reflects the difference between the ith

sample Yg
i tð Þ and l

g
0 tð Þ. In particular, n̂

g
ik shows the

amount of deviation of the ith sample from the kth vari-
ation mode. If Yg

i tð Þ is out of control,

n̂
g
ik!dN

Ð b
a l

g
1 tð Þ�l

g
0 tð Þ

� �
v̂gkðtÞdt;R

g
k

� �
(Paynabar et al.

2016). In this way we can construct a hypothesis test

using n̂
g
ik. Here we choose the largest n; k ¼ 1; :::; d for

monitoring. To further improve the detection perform-
ance on small mean shifts, we adopt the exponential
weighted moving average (EWMA) strategy and define

Xg
i tð Þ ¼ 1�wð ÞXg

i�1 tð Þ þ wYg
i tð Þ; (12)

zgik ¼
ðb
a

Xg
i tð Þ�l

g
0 tð Þ

� �
v̂gk tð Þdt; k ¼ 1; :::; d; [13]

where Xg
0 tð Þ¼ 0 and w is the exponential weighting

parameter. In practice, the common choice of w is in
the interval ½0:05; 0:2�. Thus, the final test statistic for
the ith on-line sample is defined as

Zg
i ¼

Xd

k¼1
zgTik R̂

g
k

� ��1
zgik: [14]

It should be noted that Zg
i can detect only changes

that are captured by v̂gk tð Þ; k ¼ 1; :::; d. For changes
that are captured by higher-order projections such as
v̂gk tð Þ; k ¼ d þ 1; :::; we propose a corresponding
residual chart for Zg

i similar to the residual chart of
traditional PCA-based monitoring schemes (Jackson
and Mudholkar 1979): Specifically, we calculate the
residual of the approximation of Yg

i tð Þ using the first
d Eigen functions

egi tð Þ ¼ Yg
i tð Þ �

Xd

k¼1
n̂
g
ikv̂

g
k tð Þ; [15]

and its EWMA form as

rgi tð Þ ¼ 1�wð Þrgi�1 tð Þ þ wegi tð Þ; [16]

with rg0 tð Þ ¼ 0. Then we construct the residual chart
for the ith sample using the square of the norm of

354 C. ZHANG ET AL.



rgi tð Þ as
Qg

i ¼
Xpg

j¼1
jjrgijjj

2 ¼
Xpg

j¼1

ðb
a

rgij tð Þ
n o2

dt: [17]

For a cluster with a single sensor (i.e., pg ¼ 1),
MFPCA degenerates to the traditional FPCA. Then
the procedure above (Eqs. [8]–[17]) is a Phase II con-
trol chart for univariate profile based on FPCA, which
is the counterpart of the Phase I control chart of Yu,
Zou, and Wang (2012).

3.3. Information fusion via top-R thresholding rule

Suppose that we have divided all the P sensors into G
clusters and calculated Zg

i ;Q
g
i g; g ¼ 1; :::;G

�
. The

next problem is how to combine these local monitor-
ing statistics for each cluster to produce a global mon-
itoring statistic to detect OC conditions as quickly as
possible, subject to a prespecified systemwise false
alarm rate. An intuitive way to construct the global
monitoring statistic is to sum all local monitoring sta-
tistics together (Mei 2010). However, though this glo-
bal monitoring statistic usually performs well for
small mean shifts among all the sensors, it is not suit-
able for the case of mean shifts that occur only in a
few sensors, due to the additional noise introduced by
the local monitoring statistics for unchanged sensors.
As a complementary therapy, the maximum chart
(Tartakovsky et al. 2006) aims to detect large but
sparse shifts by selecting only the largest local moni-
toring statistic. However, this selection clearly displays
its poor performance if more than one sensor
changes. Mei (2011) and Liu, Mei, and Shi (2015) pro-
posed a top-R rule to balance between the sum and
the maximum chart by summing the largest R local
monitoring statistics as the global monitoring statistic.
Furthermore, this top-R rule is particularly effective
when we have some prior domain knowledge that, at
most, R out of G data streams will be affected by an
abnormal event. Motivated by this, we propose to fuse
the G local monitoring statistics with the top-R rule.
However, since pg are different for different clusters, we
need to normalize these local monitoring statistics first

as Z
�g

i ;Q
�g

i g; g ¼ 1; :::;G;
n

to make them share the
same mean zero and standard deviation one, that is,

Z
�g

i ¼
Zg
i �E Zg

i

� �
std Zg

i

� � ; Q
�g

i ¼
Qg

i�E Qg
i

� �
std Qg

i

� � : [18]

Then we rank the test statistics Z
�ð1Þ
i � ::: � Z

�ðGÞ
i ,

Q
�ð1Þ
i � ::: � Q

�ðGÞ
i and propose to fuse these monitoring

statistics as

Ti ¼
XR

r¼1
Z
� rð Þ
i ; Wi ¼

XR

r¼1
Q
� rð Þ
i : [19]

Then, if Ti > hT or Wi > hW the monitoring
scheme triggers an OC alarm for the ith sample. Here
hT and hW are the control limits according to the pre-
specified systemwise IC average run length (ARL0). In
particular, we set hT and hW by simulation to ensure
that the separate T chart and W chart have the same
IC ARL, which is almost equal to 2 �ARL0; in the
meantime, the joint T and W chart has the IC ARL
equal to ARL0:

In general, the choice of R depends on the specific
OC scenario of most interest. As mentioned in Mei
(2011) and Liu, Mei, and Shi (2015), a larger R leads
to a better detection performance for global anomaly
patterns that may occur in a lot of sensors but with
small magnitudes, while a smaller R results in a better
detection performance for extreme anomaly patterns
that occur in only few sensors but with
large magnitudes.

4. Case study

In this section we revisit the manufacturing process in
Section 1 and use it as a case study to illustrate the
proposed monitoring framework. As mentioned ear-
lier, P ¼ 26 sensors of different types, denoted as V1
to V26, are used to monitor the process. There are 46
IC samples in the data set. We first applied DTW to
remove the nonsynchronization effect for different
samples; after, the samples have the time length
T ¼ 58. Then we removed the long-term drift using
the data-driven approach proposed in Section 2.2.

To construct the monitoring scheme, we first clus-
tered the sensors. Figure 10 shows the hierarchical
clustering dendrogram of the 26 sensors with the y
axis as the cophenetic distance between different clus-
ters. Based on the dendrogram, we divided the 26 sen-
sors into several clusters to ensure that the minimum
correlation between two sensors in the same cluster
was larger than 0.2. Finally, 16 clusters were achieved
as

f23; 20; 21ð Þ; 25; 3; 4ð Þ; 24; 19; 6; 7; 9; 10ð Þ; 5; 8ð Þ;
1; 26; 22; 2; 18; 11; 14; 16; 17ð Þ; 12; 13; 15ð Þg;

where sensors inside each pair of parentheses belong
to the same cluster and sensors without parentheses
are individual clusters. By reordering the sensors, the
strong within-cluster correlations and weak between-
cluster correlations are clearly shown in Figure 11.
We also considered two other extreme scenarios with
G ¼ 1 or G ¼ 26 for mere comparison, not
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recommendation. In particular, the chart with G ¼ 1
treats all sensors as one cluster, which is the exact
monitoring scheme based on MFPCA (an extension
of Paynabar, Qiu, and Zou 2016 to Phase II). The
chart with G ¼ 26 treats every single sensor as a clus-
ter, which is the monitoring scheme based on FPCA
for every sensor separately (an extension of Yu, Zou,
and Wang 2012 to Phase II). As to the number of R

in the monitoring scheme, according to the engineer-
ing domain knowledge we knew that the maximum
number of changed sensors is not larger than 10.
Therefore, we set R ¼ 1; 2; 3; 6; 8; 10; 26gf separately
for G ¼ 26, R ¼ 1; 2; 3; 6; 16gf separately for G ¼ 16,
and R ¼ 1 for G ¼ 1. In particular, R ¼ 1 corre-
sponded to the maximum chart, and R ¼ G corre-
sponded to the sum chart. Furthermore, we also

Figure 10. Hierarchical clustering for sensors.

Figure 11. The correlation structure of reordered sensors based on the clustering result.
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compared our clustering-based monitoring schemes
with three other state-of-the-art methods for multi-
channel profile monitoring, including the uncorrelated
multilinear PCA (UMPCA)–based monitoring scheme
(Paynabar, Jin, and Pacella 2013), the multilinear PCA
(MPCA)–based monitoring scheme (Grasso,
Colosimo, and Pacella 2014), and the vectorized PCA
(VPCA)–based monitoring scheme (Nomikos and
MacGregor 1995).

To evaluate the chart performance we purposely
generated some OC patterns with different shift mag-
nitudes from the IC samples as OC samples for test-
ing. These generated OC patterns mimicked the true
anomaly patterns in the manufacturing process.
Specifically, we considered the following four types of
OC shift patterns:

	 Mean shift in sensor j 2 f5; 6; 7; 8; 9; 10; 16; 17g of

magnitude d�
PT

t¼1 r̂jt=T
� �

in the entire time

duration (i.e., l1;j tð Þ ¼ l0;j tð Þ þ d� ð
PT

t¼1 r̂jt=TÞ
for t 2 ð0; 58�) where r̂jt is the estimated standard
division of the jth sensor at t.

	 Slope shift in sensor j 2 f14; 16; 17g of magnitude
d� sjðtÞ in the entire time duration (i.e., l1;j tð Þ ¼
l0;j tð Þ þ d� sjðtÞ for t 2 ð0; 58�Þ where sjðtÞ is a
prespecified slope change pattern for the jth sensor
at time point t: Here we determine sjðtÞ from real
OC samples in the process.

	 Spike shift in sensor j 2 f2; 14; 16; 17g at the time
point t ¼ 51 of magnitude d� ð

P46
i¼1 jjY ijjj2 =46Þ

(i.e., l1;j 51ð Þ ¼ l0;j 51ð Þ þ d� ð
P46

i¼1 Y ijj jj j2 =46ÞÞ
where jjY ijjj2 is the square of the l2 norm of the
jth sensor in the whole time duration for the ith
IC sample.

	 Joint shift in sensor j 2 f5; 6; 7; 8; 9; 10; 16; 17g:
fluctuation in sensor j 2 f5; 7; 9; 16; 17g in the
time interval t 2 20; 58½ � of magnitude
d ði:e:; l1;ij tð Þ ¼ l0;ij tð Þ þ sij tð ÞÞ where
sij tð Þ � Nð0; d� ð

P58
t¼20 r̂jt=39ÞÞ; constant mean

shift in sensor j 2 f6; 8; 10g in the time interval
t 2 20; 58½ � of magnitude d� ð

P58
t¼20 r̂jt=39Þ

(i.e., l1;j tð Þ ¼ l0;j tð Þ þ d� ð
P58

t¼20 r̂jt=39Þ).

Illustrations of these generated OC patterns are
shown in Figure 12. (It should be noted that the shift
sizes d in the figure are magnified more than those in
the simulation, for simple illustration purpose.) We
considered two EWMA parameters, w¼ 0:1 and
w¼ 0:05; separately. For each w, we tuned the corre-
sponding control limits, hT and hQ, for every chart to
make their ARL0 ¼ 200: Then we evaluated the OC

performance of different charts by simulation. In par-
ticular, in every simulation replication we randomly
drew m0 ¼ 100 IC samples with replacement as refer-
ence samples from the 46 IC samples, then we drew
the subsequent samples from the generated OC sam-
ples sequentially as on-line testing samples: The moni-
toring scheme ran until an OC alarm was generated,
and the corresponding run length of this replication
was recorded. This procedure was replicated 2,000
times, and the estimated OC ARL and the standard
deviation of run length (SDRL) for different charts are
reported in Table 1 and Table 2 for w¼ 0:1; and
Table 3 and Table 4 for w¼ 0:05:

We can see that, in general, the charts with G ¼ 16
perform the best for detecting these four change pat-
terns, followed by those with G ¼ 26, while the charts
with G ¼ 1 have the poorest results. As stated previ-
ously, this is because the charts with G ¼ 1 fail to
capture features of different sensor clusters since they
assume all sensors come from the same cluster. On
the contrary, by treating every profile separately the
charts with G ¼ 26, though they successfully capture
different features from each sensor, are unable to cap-
ture sensor cross-correlations. Finally, we observe that
the proposed charts with G ¼ 16 can make a tradeoff
between G ¼ 1 and G ¼ 26 to achieve the best results.
Furthermore, among the charts with G ¼ 16, those
with R close to the number of clusters that include
the changed sensors give the best results, such as R ¼
3 for the mean shifts and the joint shifts, R ¼ 1 for
the slope shifts, and R ¼ 2 for the spike shifts. This is
because the charts with a smaller R (such as the max-
imum chart in the extreme case) fail to select all the
changed sensor(s). However, the charts with a larger
R (such as the sum chart) may dilute the detection
power by involving too many unchanged sensors.
This phenomenon also occurs in the charts with G ¼
1 or G ¼ 26. In practice, we may adjust R according
to the domain knowledge and to achieve the optimal
detection power, which demonstrates the flexibility
and efficiency of the top-R rule. As to the other three
charts: without considering sensor feature difference
(i.e., MPCA, VPCA, and UMPCA) they perform very
unsatisfactorily. In particular, for the slope shift and
joint shift, all these three charts loss their detection
power. For the other two shifts, though MPCA per-
forms comparably better than the other two charts, its
detection power is still much worse than our proposed
method. Furthermore, UMPCA generally has the
worst performance among all the charts. This is due
to its inherent limitation that the maximum number
of PCs that can be extracted is no more than
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min gk;m0; T
�

. As a result, the explained data vari-
ation by UMPCA is very limited, rendering its poor
performance for modeling and detection.

Furthermore, all the charts with w ¼ 0:05 have bet-
ter detection power for smaller shifts, while all the
charts with w ¼ 0:1 perform better for larger shifts.
This is consistent with the performance of general
EWMA-type charts. In practice, the selection of w

mainly depends on the expected true mean shift that
we would like to detect.

5. Concluding remarks

Though anomaly detection in manufacturing has been
studied extensively in the literature, the following
three challenges associated with efficient real-time

Figure 12. Illustration of the generated OC patterns. (a) Mean shift of V9 with d ¼ 5 (b) Slope shift of V12 with d ¼ 0:2 (c) Spike
shift of V2 with d ¼ 0:2 (d) Joint shift: fluctuation of V5 with d ¼ 5 (e) Joint shift: mean shift of V6 with d ¼ 5.
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monitoring for manufacturing process variables have
yet to be addressed due to large system variation,
complex sensor correlation structure, different sensor
features, and sparse OC change patterns. This article
presented a monitoring framework to fill in this gap.
Specifically, we first proposed data preprocessing
methods to remove system-inherent variations, includ-
ing the product fabrication time unsynchronization
and manufacturing equipment long-term drift. Then,

to deal with sensor feature difference, we divided the
sensors into several clusters according to their correl-
ation structures. In this way, sensors in the same clus-
ter share common features and sensors in different
clusters have different features. Then, for each cluster
we used MFPCA to extract the common features and
construct local monitoring statistics based on the
MFPCA scores and residuals, so to detect local
changes in each cluster. Collectively, with the top-R

Table 1. OC ARL and SDRL in detecting slope shifts and mean shifts when m0 ¼ 100 and w ¼ 0:1.

G¼ 26 (FPCA) G¼ 16 G¼ 1
(MFPCA)

Other methods

d R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 8 R¼ 10 R¼ 26 R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 16 R¼ 1 MPCA VPCA UMPCA

IC 0 204 197 200 206 204 207 193 197 193 197 199 196 193 200 197 200
165 159 161 158 157 157 151 162 159 159 157 150 158 197 178 177

slope 0.01 32.8 18.2 19.8 31.1 34.9 29.6 41.2 24.7 52.1 89.9 91.0 97.0 194 222 188 187
29.1 10.2 11.5 23.9 29.1 20.7 30.9 58.0 60.9 103.8 25.1 28.4 155 201 176 171

0.02 5.14 4.55 4.36 4.90 5.81 5.73 6.90 4.63 6.51 7.05 8.80 12.7 190 206 174 203
2.05 1.79 1.79 1.97 2.43 1.93 2.22 2.39 3.28 3.79 2.45 3.47 153 195 163 178

0.03 2.38 2.11 2.11 2.64 2.69 2.55 3.43 2.33 2.66 3.08 3.87 5.61 179 203 160 183
0.86 0.83 0.81 1.08 1.05 0.79 0.89 1.02 1.29 1.50 1.27 1.65 151 196 158 168

0.04 1.46 1.46 1.36 1.59 1.76 1.70 2.23 1.47 1.68 1.96 2.34 3.28 87.7 199 108 178
0.66 0.61 0.54 0.65 0.62 0.60 0.65 0.68 0.83 1.01 0.56 0.78 89.6 195 117 170

0.05 1.08 1.08 1.08 1.22 1.31 1.24 1.63 1.12 1.27 1.33 1.69 2.23 23.4 197 84.1 189
0.28 0.27 0.29 0.45 0.53 0.43 0.56 0.34 0.52 0.50 0.52 0.84 14.3 188 99.8 174

mean 0.5 32.1 16.0 13.5 13.0 13.7 14.7 17.9 13.5 12.0 12.6 15.0 18.3 191 180 192 179
21.6 6.74 5.19 4.81 5.17 6.03 7.01 5.12 4.61 5.40 7.25 8.30 153 181 178 167

1 4.98 3.70 3.59 3.52 3.55 3.71 4.79 3.59 3.34 3.29 3.63 4.87 133 79.6 174 187
1.51 0.89 0.84 0.83 0.84 0.74 1.21 0.87 0.90 0.93 1.18 1.44 129 101 169 172

1.5 2.70 1.91 1.89 1.88 1.87 1.87 2.55 1.91 1.88 1.84 1.87 2.56 18.2 28.2 153 153
0.61 0.29 0.31 0.33 0.34 0.33 0.61 0.29 0.33 0.37 0.47 0.65 13.2 23.8 156 155

2 1.89 1.00 1 1 1 1.01 1.75 1 1 1 1.19 1.72 8.38 13.7 141 134
0.32 0.05 0 0 0 0.08 0.43 0 0 0 0.39 0.45 3.46 7.98 150 147

2.5 1 1 1 1 1 1 1.01 1 1 1 1 1.15 5.40 8.93 118 118
0 0 0 0 0 0 0.08 0 0 0 0 0.35 1.99 4.41 132 132

3 1 1 1 1 1 1 1 1 1 1 1 1 3.96 6.80 90.4 97.9
0 0 0 0 0 0 0 0 0 0 0 0 1.33 3.06 113 123

Table 2. OC ARL and SDRL in detecting spike shifts and joint shifts when m0 ¼ 100 and w ¼ 0:1.

G¼ 26 (FPCA) G¼ 16 G¼ 1
(MFPCA)

Other methods

d R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 8 R¼ 10 R¼ 26 R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 16 R¼ 1 MPCA VPCA UMPCA

spike 0.01 46.9 19.4 16.5 21.5 21.5 26.9 32.7 17.2 15.1 18.1 23.0 23.0 197 220 201 184
36.6 8.16 6.72 10.4 10.2 15.3 19.3 7.0 6.1 7.8 13.2 13.2 159 201 182 169

0.02 5.28 4.22 3.83 4.47 4.44 4.91 6.59 3.87 3.63 4.00 4.63 4.63 196 204 203 205
1.44 1.13 1.02 1.24 1.28 1.38 1.75 0.94 0.88 1.27 1.54 1.54 6.61 194 181 179

0.03 2.75 1.97 1.88 2.31 2.29 2.53 3.45 1.89 1.84 1.89 2.45 2.45 204 211 195 186
0.57 0.41 0.33 0.65 0.65 0.66 0.73 0.32 0.36 0.43 0.72 0.72 2.10 198 176 170

0.04 1.87 1.55 1.34 1.62 1.64 1.72 2.01 1.28 1 1.43 1.69 1.69 192 202 193 182
0.34 0.50 0.48 0.49 0.48 0.45 0.42 0.45 0 0.50 0.46 0.46 0.93 197 176 170

0.05 1 1 1 1 1 1 1.74 1 1 1 1 1 175 217 203 181
0 0 0 0 0 0 0.44 0 0 0 0 0 0.59 194 178 172

joint 0.5 195 191 190 200 196 191 165 183 173 190 84.0 71.4 171 218 185 188
163 155 155 156 156 191 140 158 153 157 146 75.8 146 197 177 171

1 36.2 19.8 17.8 21.6 22.0 25.1 26.6 10.2 12.0 27.4 7.7 10.3 94.5 169 181 203
22.3 8.70 7.39 10.6 11.0 25.1 15.7 3.8 5.5 24.9 24.5 5.6 105 174 166 181

1.5 8.46 6.91 6.51 6.30 5.91 6.25 8.69 3.90 4.38 2.47 2.58 4.06 25.9 118 153 182
2.66 2.34 2.12 2.15 2.24 6.25 3.30 1.20 1.57 2.05 4.08 1.87 27.1 140 152 167

2 4.42 3.40 2.68 2.03 1.83 2.10 3.94 1.87 1.58 1.01 1.02 1.78 6.47 66.4 110 180
1.35 1.37 1.32 0.90 0.74 2.10 1.49 0.50 0.58 0.10 1.56 0.74 6.16 78.2 121 173

2.5 1.73 1.02 1 1 1 1 1.76 1 1 1 1 1.01 1.37 37.1 72.8 183
1.02 0.16 0 0 0 1 0.72 0 0.04 0 0.68 0.09 0.94 34.2 84.1 169

3 1.02 1 1 1 1 1 1.01 1 1 1 1 1 1 20.6 50.5 177
0.13 0 0 0 0 1 0.09 0 0 0 0.03 0 0 12.7 54.8 170
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rule, these local monitoring statistics are fused
together as a global monitoring statistic that can have
efficient and scalable detection power for sparse OC
patterns. Finally, a case study with real data from a
manufacturing process demonstrated the efficacy of
the proposed framework in terms of OC ARL.

Along with this direction, there are still several
valuable extensions. First, the current hierarchical
clustering algorithm treats every time point of a

profile as an independent observation without consid-
ering within-profile correlations. It is desirable to con-
struct a more advanced clustering algorithm taking
within-profile correlations into account. Second, the
current monitoring framework considers two separate
steps—sensor clustering and data fusion—to deal with
different sensor features. However, in some cases it
might not be so straightforward or distinguishable to
identify different clusters. With this in mind, it is of

Table 3. OC ARL and SDRL in detecting slope shifts and mean shifts when m0 ¼ 100 and w ¼ 0:05.

G¼ 26 (FPCA) G¼ 16 G¼ 1
(MFPCA)

Other methods

d R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 8 R¼ 10 R¼ 26 R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 16 R¼ 1 MPCA VPCA UMPCA

IC 0 204 197 201 202 201 202 201 198 203 199 196 198 202 201 201 202
158 165 164 164 175 174 182 167 168 165 163 156 158 199 186 180

slope 0.01 12.4 9.42 11.8 13.9 17.1 15.4 20.6 11.6 18.5 22.5 27.7 38.7 190 204 195 198
6.55 4.85 5.94 7.40 9.27 8.50 10.9 8.71 13.5 16.7 24.9 32.0 159 194 180 174

0.02 3.78 3.35 3.33 3.68 3.90 4.83 6.39 2.98 4.13 4.15 5.10 6.90 96.6 202 165 195
1.67 1.39 1.44 1.63 1.66 2.00 2.49 1.86 3.17 3.10 3.89 4.42 111 193 159 181

0.03 1.93 1.66 1.69 2.03 2.10 2.14 3.09 1.41 1.94 2.04 2.04 2.72 11.6 208 117 191
0.73 0.67 0.73 0.88 0.94 0.94 1.39 0.65 1.22 137 1.33 1.79 14.2 194 117 170

0.04 1.13 1.12 1.18 1.39 1.66 1.47 1.80 1.08 1.26 1.30 1.61 1.98 6.45 197 69.4 175
0.37 0.34 0.41 0.57 0.69 0.94 0.72 0.27 0.55 0.57 0.78 1.13 8.67 190 72.8 173

0.05 1.04 1.02 1.10 1.15 1.16 1.28 1.33 1.03 1.03 1.11 1.13 1.37 3.36 189 45.5 174
0.06 0.14 0.32 0.38 0.36 0.48 0.50 0.17 0.17 0.33 0.39 0.56 4.91 185 46.6 171

mean 0.5 13.0 10.0 9.51 9.60 9.74 9.83 12.2 12.3 10.4 10.0 11.4 13.9 176 121 94.4 185
6.30 4.55 3.84 3.74 3.94 3.98 4.66 6.11 4.62 4.75 5.55 6.45 160 137 102.3 170

1 3.87 3.14 2.78 2.74 2.83 2.90 3.62 3.54 3.28 3.03 3.26 3.91 150 39.7 27.3 180
1.33 0.99 0.66 0.67 0.81 0.85 1.09 1.26 1.03 0.99 1.26 1.49 154 34.8 22.7 168

1.5 1.87 1.81 1.80 1.73 1.73 1.67 1.84 1.81 1.78 1.72 1.76 2.09 82.5 18.5 13.0 130
0.34 0.39 0.39 0.44 0.45 0.46 0.47 0.39 0.42 0.45 0.53 0.69 125 10.9 8.60 136

2 1.40 1 1 1 1 1 1.33 1.19 1 1 1.16 1.53 23.4 11.5 8.17 107
0.49 0 0 0 0 0 0.47 0.40 0 0 0.36 0.50 48.1 3.83 4.97 127

2.5 1 1 1 1 1 1 1 1 1 1 1 1.04 11.5 7.87 5.38 89.5
0 0 0 0 0 0 0 0 0 0 0 0.19 8.68 3.83 3.09 110

3 1 1 1 1 1 1 1 1 1 1 1 1 8.03 5.67 4.31 66.3
0 0 0 0 0 0 0 0 0 0 0 0 5.77 2.55 2.37 91.6

Table 4. OC ARL and SDRL in detecting spike shifts and joint shifts when m0 ¼ 100 and w ¼ 0:05.

G¼ 26 (FPCA) G¼ 16 G¼ 1
(MFPCA)

Other methods

d R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 8 R¼ 10 R¼ 26 R¼ 1 R¼ 2 R¼ 3 R¼ 6 R¼ 16 R¼ 1 MPCA VPCA UMPCA

spike 0.01 14.4 10.8 10.6 10.9 11.8 12.4 16.2 11.5 10.1 10.8 13.2 16.3 12.9 199 206 192
7.03 5.08 4.40 4.66 5.22 5.60 6.49 4.68 4.51 5.06 6.17 6.92 6.47 189 187 173

0.02 4.21 3.30 3.14 3.26 3.40 3.60 4.70 3.18 3.06 3.16 3.64 4.47 3.96 192 201 198
1.33 1.06 0.99 1.01 1.09 1.19 1.37 1.05 0.99 1.09 1.40 1.51 1.35 185 185 182

0.03 2.11 1.77 1.73 1.74 1.74 1.78 2.48 1.79 1.77 1.72 1.84 2.43 2.12 191 198 190
0.60 0.42 0.44 0.451 0.44 0.47 0.68 0.41 0.42 0.44 0.57 0.72 0.68 186 178 173

0.04 1.65 1.01 1 1.01 1.18 1.33 1.72 1 1 1 1.38 1.67 1.53 202 197 187
0.48 0.08 0 0.07 0.38 0.47 0.45 0 0 0 0.48 0.47 0.49 185 180 178

0.05 1 1 1 1 1 1 1.05 1 1 1 1 1.10 1 196 189 179
0 0 0 0 0 0 0.22 0 0 0 0 0.29 0 186 175 168

joint 0.5 153 111 120 116 121 116 105 158 134 34.6 100 108 148 178 196 195
145 112 113 118 118 114 101 153 133 35.8 107 96.2 144 177 179 173

1 13.4 10.9 10.9 9.6 11.8 12.1 14.7 10.6 11.2 5.59 12.8 15.0 31.7 111 164 199
6.06 4.94 4.66 5.00 5.40 5.54 7.18 5.12 5.56 3.34 7.33 8.51 38.8 123 155 182

1.5 6.29 5.00 4.81 4.16 4.11 4.02 5.75 4.30 4.41 1.91 4.59 6.03 8.44 57.9 110 192
2.45 2.07 1.91 1.69 1.74 1.76 2.55 1.75 1.97 0.86 2.44 3.10 7.49 52.6 117 171

2 3.26 2.11 1.54 1.36 1.31 1.34 2.30 2.27 1.94 1.65 1.97 2.88 2.94 30.4 67.4 177
1.44 1.13 0.82 0.47 0.48 0.51 1.04 0.72 0.65 0 0.89 1.40 2.61 18.8 72.3 173

2.5 1.14 1.01 1 1 1 1 1.12 1.08 1 1 1.02 1.48 1.11 20.5 45.4 180
0.41 0.12 0 0 0 0 0.32 0.27 0 0 0.14 0.59 0.41 10.5 49.5 170

3 1 1 1 1 1 1 1 1 1 1 1 1 1 14.4 30.6 164
0 0 0 0 0 0 0 0 0 0 0 0 0 6.83 25.1 166
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interest to construct a uniform monitoring scheme
that can handle different sensor features directly. Last
but not least, diagnostics is equally important as
change detection. As such, we may consider develop-
ing a diagnostic procedure for the current monitoring
scheme, after an OC alarm is triggered.
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