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Abstract—Nowadays, profile data mining techniques fa-
cilitate effective process monitoring, quality control, fault
diagnosis, etc., with considerable benefits to manufactur-
ing industry. However, regarding the complex system in
modern manufacturing industry, there are two significant
challenges for application development based on profile
data mining. First, the staggering data volume leads to
high memory and computational requirements. Second,
the noisy signals in collected data may deteriorate use-
ful information and model performance. This article pro-
poses a novel algorithm for profile data mining called pro-
file abstract, which simultaneously enables profile data
compression and segmentation. The proposed algorithm
mainly considers the scenario of fault diagnosis and can
be utilized as a pre-processing step to address the above
challenges. Profile abstract seeks to find a subset of raw
data or a group of models as representatives that preserve
the essential characteristics of raw data. Finding the data
representatives helps reduce data redundancy while main-
taining the model performance. Model representatives as-
sist in describing the complex pattern of the profile, which
can be used for pattern-based data segmentation. After
data segmentation, information gain is adopted to deter-
mine the critical primitives for model improvement. In this
article, validation of the proposed method’s superiority is
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performed with two datasets from a real production line and
one simulation dataset.

Index Terms—Data compression, fault diagnosis,
optimization, primitive extraction, profile data, subset
selection.

I. INTRODUCTION

W ITH the ever-accelerating progress of sensing technol-
ogy and introduction of Internet of Things into manufac-

turing industry, modern manufacturing facilities are becoming
data-rich environments with massive amounts of data streams
from various in-process sensors [1]. The in situ sensor mea-
surements collected from multistage manufacturing operational
cycles are usually spatial and time-dependent functional curves,
which are also referred to as profile data [2]. Analysis of such
large-scale sensor data can yield valuable information such as
identification of patterns indicative of abnormal processes and
appropriate corrective action suggestions, which facilitates ef-
fective process monitoring, quality control and predictive main-
tenance, with considerable benefits to manufacturing industry
[3], [4], [5].

Profile-based method carves out the approaches to locate
defects or anomalies in a full trace-wise perspective, of which
time series classification (TSC) is an important problem for
fault diagnosis in industrial scenarios such as semiconductor
manufacturing [6], [7], [8], additive manufacturing [9], [10], and
machining process [11], etc. While TSC is well-studied in the
machine learning (ML) area, solving it for the complex physical
system in modern manufacturing industry yet still involves
two significant challenges. The first challenge arises from the
staggering volume of profile data, so the algorithms usually
suffer from increased memory and computational requirements.
Furthermore, huge data volume challenges data transmission
and model deployment in shop floor environments [12]. Second,
raw profile data usually contain useless, redundant, or noisy
signals, swamping the critical information. Take Fig. 1 as an
example. The evident differences between normal and abnormal
profiles only exist in some subsequences. It is desirable to
extract critical primitives related to profile status (normal and
abnormal), such as structural features or subsequences [13].

Data compression has not been thoroughly investigated with
regard to profile data mining in industrial scenarios. Data
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Fig. 1. Example of normal and abnormal profiles for the 405 nm
parameter (left) and the 520 nm parameter (right) in the wafer database
[14].

compression techniques represent a resource with the potential
to reduce the cost associated with the transmission, storage, and
computation of data series by obtaining a reduced or compressed
representation of the data which is much smaller in volume
than the original data [15]. They are generally grouped into
three categories, i.e., model-driven algorithms, signal processing
tools, and data-driven ML algorithms. Compared to model-
driven algorithms like compressed sensing and signal processing
tools like Fourier transform and wavelet transform, ML and
emerging deep learning algorithms compress data adaptively
based on the data properties [16], [17]. However, when applying
these methods to profile data, they are mainly adopted to reduce
variable numbers rather than instance numbers of trace, so it
is hard to track sensor channels with faulty information after
multisensor information fusion. Furthermore, it is challenging to
combine subject matter expertise with these methods to improve
interpretability.

Primitive extraction is another critical problem in TSC, which
aims to locate vital information and improve model robustness.
Time series shapelets is a well-known time series data mining
primitive [18]. By extracting time series subsequences that are
maximally representative of a type as shapelets, a time series
shapelet classification method has been applied in various indus-
trial scenarios [19], [20], [21]. However, time series shapelets
learning methods are time-consuming and incapable of consider-
ing functional patterns or within-profile correlation in time series
data, which weakens the interpretability of the results obtained.
Another frequently applied technique for primitive extraction is
data segmentation, which aims to segment time series data when-
ever the data pattern changes and then extract the representative
values to depict each segment pattern. However, the data pattern
does not always change when the process step changes. Some
researchers attempt to use ML method for pattern-based data
segmentation [22], [23]. Wilson [24] gave a detailed review of
the existing approaches for data segmentation. To the author’s
experience, data segmentation is a more flexible approach for
primitive extraction, as we can evaluate the information of each
segment to identify the critical subsequences as the primitives.
Furthermore, it is more intuitive to incorporate expert knowl-
edge into the feature design and extraction process in the case
[25]. However, the existing data segmentation methods, usually
rule-based scenario-specific approaches, are sensitive to outliers.
They tend to give more breakpoints for highly volatile data,
which weakens the interpretability of critical segments. Besides,
most data segmentation methods only consider handling the
univariate signal, leading to the high computational and time
cost when dealing with multivariate signals.

This article aims to develop a novel algorithm for time series
data compression and primitive extraction simultaneously. It
is worth noting that, while primitives can significantly reduce
data volume and computational cost, data compression is still
necessary for data storage or other purposes that require the char-
acteristics of the entire set to be preserved. In this article, subset
selection is used to overcome the above challenges and limita-
tions of the existing methods by finding a representative subset
from a large number of raw data points. A typical example of
subset selection is keyframe selection for video summarization.
Similarly, this article aims to select a smaller, easy-to-manage
set of representatives, which acts as a summary of subsequences
within the profile. Generally, the selected representatives can be
a set of data points or models.

Subset selection has remained a research blind spot in the
industrial area. Inspired by Elhamifar et al. [26], we consider
the problem of finding representatives, given pairwise dissim-
ilarities between the elements of a given source set X and
a target profile Y , in an unsupervised framework. To find a
few representatives from X that depict the target profile Y , we
propose an optimization algorithm based on simultaneous sparse
recovery called profile abstract. We formulate the problem as
a linear programming model with constraints to consider the
time-series characteristic. The solution determines representa-
tives and the mapping relationship between each point to its
representative. Profile Abstract algorithm can simultaneously
be used for data compression and segmentation, which can
serve as a preprocessing step before fault diagnosis modeling.
Finding data representatives help eliminate redundant or re-
peated data points within signals and reduces storage and com-
putation overhead while maintaining the model performance.
Model representatives can be used for pattern-based data seg-
mentation considering the within-profile correlation. After data
segmentation, we propose an information gain-based algorithm
to evaluate the importance of each segment and determine the
critical primitives for TSC modeling with improved accuracy.
The reader will immediately see that this method has many
potential advantages over current methods, as well as its intended
contributions.

1) A subset selection-based algorithm, called profile ab-
stract, is specially designed for multivariate profile sum-
marization and segmentation after revealing the chal-
lenges in fault diagnosis modeling.

2) Profile abstract can perform data compression by reduc-
ing data redundancy significantly while maintaining the
model performance. It can ease the data transmission,
storage, and computational requirement, improving the
efficiency of model development and deployment.

3) Profile Abstract offers a more effective and reliable data
segmentation approach that can detect and handle out-
liers.

4) We design an alternative, more straightforward segment
importance evaluation method for primitive extraction,
improving the model performance.

5) Profile Abstract is formulated as a convex optimization
problem, which can be efficiently solved by most standard
convex solvers, such as CVX, Gurobi, etc.
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The rest of this article is organized as follows: Section I
introduces related works and highlights the problem encoun-
tered in manufacturing process. Sections II and III elaborate
the proposed Profile Abstract algorithm for data compression
and primitive extraction. In Section IV, two case studies from
the real manufacturing industry are demonstrated to validate the
proposed method. Finally, Section V concludes this article.

II. PROFILE ABSTRACT

In this section, we will first introduce our proposed profile
abstract algorithm, which aims to find data representatives from
the raw profiles as compressed data. First, we formulate the
problem as a linear programming model. Then, the solution finds
a set of data points as representatives from the profile along with
the membership of each point to each representative.

A. Problem Statement

Suppose there is a multivariate profile T = [t1, t2, . . . , tM ]
of lengthM , which is a discrete time series. The pairwise dissim-
ilarity between every two points ti and tj in the profile is denoted
as {dij}i=1,...,M

j=1,...,M , which represents how well ti represents tj ,
i.e., ti can be the representative of tj if dij is small enough. We
can arrange the pairwise dissimilarity into a matrix of the form

D
Δ
=

⎡
⎢⎣
dT

1
...

dT
M

⎤
⎥⎦ =

⎡
⎢⎣
d11 · · · d1M

...
. . .

...
dM1 · · · dMM

⎤
⎥⎦ ∈ RM×M (1)

where di ∈ RM denotes the ith row of D. Given D, we aim
to find a few points from T , representing the whole profile to
achieve data compression. It is noticed that we also can work
with similarity {sij}i=1,...,M

j=1,...,M , by simply setting dij = −sij .
Thus, some kernel functions can also be used to construct the
pairwise dissimilarity.

To guarantee the representatives are capable of well present-
ing the whole profile, the following requirements should be
met: each point can only be represented by itself or the points
shown before, called causality constraint; each point can only
correspond to one representative, called uniqueness constraint;
and the representative can only present a continuous segment,
called continuity constraint.

B. Profile Abstract Algorithm

Given D, the goal of the profile abstract is to select a subset
of the raw profile data as representatives. Inspired by the frame-
work of the DS3 algorithm [26], an assignment variable zij is
introduced as an indicator of whether tj can be represented by
ti, which equals 1 when it is true and equals 0 otherwise. We
denote the matrix of all assignment variables by

Z
Δ
=

⎡
⎢⎣
zT

1
...

zT
M

⎤
⎥⎦ =

⎡
⎢⎣

z11 · · · z1M
...

. . .
...

zM1 · · · zMM

⎤
⎥⎦ ∈ RM×M (2)

where zi ∈ RM denotes the ith row of Z. In this optimization
problem, two goals are considered, which are the same as the

DS3 algorithm. First, a lower encoding cost is desired, which
means that the subset can represent the whole profile well. If
ti is selected as a representative of tj , the cost of encoding
tj via ti is defined as zijdij ∈ {0, dij}. Hence, the cost of
encoding the profile by a subset can be quantified as Lcost =∑M

i

∑M
j zijdij . Secondly, the number of representatives is

supposed to be as small as possible, which equals the number
of non-zero rows in Z matrix. It can be further formulated as
Lnumber =

∑M
i=1 I(‖zi‖p), where ‖ · ‖p is the p-norm and I(·) is

an indicator function that equals 1 when its argument is positive
and equals 0 otherwise.

According to these two goals, the subset selection can be taken
as a tradeoff between representative ability, which corresponds
to a small Lcost, and small subset, which corresponds to a small
Lnumber. Given that a small Lcost means a big Lnumber, and vice
versa, a regularization parameterλ > 0 is used to set the trade-off
between these two terms, and then the following optimization
program can be obtained

min
{zij}

M∑
i=1

M∑
j=1

zijdij + λ

M∑
j=1

I (||zi||p)

s.t. zij ∈ {0, 1} , ∀i, j. (3)

However, the minimization in (3) is nonconvex as it involves
counting the number of non-zero rows in Z. For the efficient
implementation, the objective function (3) is further formulated
as follows:

min
{zij}{bi}

M∑
i=1

M∑
j=1

zijdij

s.t.

M∑
j = 1

zij −A1bi ≤ 0 ∀i;
M∑
i=1

bi ≤ τ

zij ∈ {0, 1} , ∀i; j, bi ∈ {0, 1} ∀i (4)

where bi is an auxiliary variable used to count the number of rep-
resentatives or non-zero rows in Z, and A1 is a big number, e.g.,
if ti is selected as a representative,

∑M
j=1 zij ≥ 1 and bi = 1.

Thus, we can get the number of representatives by directly
calculating the sum of vector b = [b1, . . . , bM ]. Compared with
the optimization problem in (3), the optimization in (4) does
not balance the encoding cost and number of representatives via
λ, instead it directly enforces a specific number τ of represen-
tatives, which makes it a linear programming problem can be
solved easily.

To guarantee the representatives capable to present the profile
well, there are three main constraints that should be considered
as follows.

1) Considering the profile data is a type of sequential data,
each point can only be represented by itself or the points
shown before, called causality constraint, that is

zij = 0, if, i > j. (5)
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2) Each point can only correspond to one representative,
called uniqueness constraint, that is

M∑
i=1

zij = 1 ∀j (6)

3) The representative can only present a continuous segment,
called continuity constraint, that is

zi′j′ = 0 ∀i′ < i, j′ ≥ j, if, zij = 1. (7)

Uniqueness constraint has already been considered in the DS3
algorithm, and the other two constraints are proposed in this arti-
cle. However, compared with classic allocation or transportation
problems, causality and continuity constraints bring challenges
to solving the optimization problem in practice. Therefore, some
transformations to the original forms of these two constraints are
performed. For causality constraint (5), instead of considering a
constraint to variable zij , we add an extra penalty to the elements
in the dissimilarity matrix D in the following way

d′ij =
{

dij if i ≥ j

dij +A2 if i < j
(8)

where A2 is a big number.
Continuity constraint (7) is re-formulated by introducing a

big number A3, which is

zi′j′ ≤ (1− zij)×A3 ∀i′ < i, j′ ≥ j (9)

which equals to the following constraint form:

zij +
1
A3

i−1∑
i′= 1

M∑
j′= j

zi′j′ ≤ 1 ∀i > 1, j ≤ i. (10)

Thus, we obtain the following optimization program:

min
{zij}{bi}

M∑
i=1

M∑
j=1

zijd
′
ij

s.t.

M∑
j=1

zij −A1bi ≤ 0 ∀i,
M∑
i=1

bi ≤ τ ,

M∑
i=1

zij = 1 ∀j

zij +
1
A3

i−1∑
i′= 1

M∑
j′= j

zi′j′ ≤ 1 ∀i > 1, j ≤ i

zij ∈ {0, 1} ∀i, j, bi ∈ {0, 1} ∀i. (11)

The above optimization program keeps the general form of the
linear programming problem, which can be efficiently solved by
most standard optimization solvers. One can get representative
indices from the non-zero rows of the solution Z∗. It is essential
to note the following details for the implementation of the profile
abstract algorithm.

1) The number of representatives τ is a user-defined pa-
rameter that determines how much information is pre-
served in the representatives. The optimal objective value
obtained from (11), which is the cost of encoding the

whole profile with representatives, quantifies the informa-
tion loss. Smaller encoding cost means that the selected
representatives retain more information from the original
set. Thus, the smaller τ is favorable while keeping the
encoding cost lower. A sensitivity analysis is presented
in the experiments with details for parameter effect.

2) Since multiplying D by the same scalar does not affect
the solution of (11), we scale dissimilarities in the exper-
iments so that the maximum absolute entry of D is 1.

3) For online monitoring, we will only process a base-
line sample from the datasets, deriving a template for
streaming-in time series signals.

4) In the case study, all the optimization programs are
solved by Gurobi optimizer version 9.1.12 with MATLAB
R2020b.

Remark 1: The optimal solution Z∗ in (11) not only indi-
cates the elements of X that are selected as representatives,
but also contains information about the membership of Y to
representatives. z∗ij corresponds a hard assignment of tj to
representatives. Hence, we can obtain a clustering of the target
profile Y , e.g., a partitioning of Y into τ groups corresponding
to τ representatives. Moreover, clustering algorithms such as
K-means, DBSCAN, assume that all the samples in the set
are independent of each other. Profile abstract ensures that
the elements in one cluster are adjacent on the timeline as it
considers time-series characteristics by causality and continuity
constraints. This characteristic brings an opportunity to solve the
problem of modeling and segmentation of time-series data from
a clustering perspective, which has important applications, such
as learning and segmentation of human activities [27], learning
nonlinear dynamic models, and inverse modeling of complex
motor control systems [28], and working regimes identification
in the manufacturing process, etc. Thus, Profile Abstract can
also be used for pattern-based data segmentation for time series,
which will be discussed in the following section.

III. PRIMITIVE EXTRACTION

In this section, we will use model representative extracted by
the profile abstract algorithm to achieve pattern-based segmen-
tation. Then, the critical primitives are determined by assessing
the importance of each segment. Besides, we show that our
algorithm can deal with outliers within the profile.

A. Data Segmentation With Model Representatives

Considering the clustering guarantees of the proposed profile
abstract algorithm, it can perfectly solve the problem of pattern-
based data segmentation. Model representative is used as it can
recognize and describe more complex structural patterns. We
aim to find a few models representing the whole profile to achieve
data segmentation.

Let us denote by T = [t1, t2, . . . , tM ] the given baseline
profile for the derivation of data segmentation template. ti ∈ RN

denotes the vector of the observation recorded at ith time point.
We use tni to denote the nth variable reading at the ith point.
Then, sn = {tni }i=1,...,M represents the nth variable of the
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Algorithm 1: Profile Abstract With Model Representatives
for Data Segmentation.

T . Based on the notation, the proposed algorithm for data
segmentation can be described as follows.

In Algorithm 1, the pseudocode in Section I generates the
source model set X as candidates. For each data point tni in sn
and its K nearest neighbours, we learn a model with parameter
θn
i by using their time index x and data value y. The model type

f can be selected based on the data properties or subject matter
expertise. For simplicity, we suppose to use the one-dimensional
affine model with parameter θn

i = (αn
i , β

n
i ) here. Section II

constructs the dissimilarity matrix for subsequent selection. For
each variable sn, we set the source set Xn = {θn

i }i=1,...,M
and the target set Yn = {tnj }j=1,...,M

. Then, we compute the
pairwise dissimilarity between each model θn

i and each data
point (xj , t

n
j ) by using the loss function, as dnij = 	θn

i
(tnj ) =

‖(αn
i xj + βn

i )− tnj ‖, corresponding to the affine model here.
The dissimilarity matrix for each variable can be obtained. In
Section III, we take the mean of all the dissimilarity matrix
Dn for information fusion. Then, the profile abstract algorithm
proposed in Section II.B can be used to determine the model
representatives through the optimal solution Z∗, and a contin-
uous subsequence represented by a model can be regarded as a
segment.

It is essential to note the following details for the implemen-
tation of the data segmentation algorithm: K represents the
number of the nearest neighbors for source model learning.
From the author’s experience, K can be determined in the
range [3, 10], because each model only needs to describe the
local pattern surrounding each data point; and τ represents
the number of representatives, which has been discussed in
Section II-B.

B. Dealing With Outliers

We will demonstrate in this section that our data segmentation
method can effectively deal with outliers in profile data. Gen-
erally, there will always be outliers within the profile, which
can also be regarded as a kind of pattern. The outliers cannot
be explained efficiently by any of the models in the source
set X, e.g., having a large representation error. However, the
optimization program (11) requires every element in the profile
to be encoded, enforcing the outliers to be represented by X
often results in the selection of undesired representatives. Then,
the interpretability of each segment will be weakened. In such
cases, we aim to detect outliers and allow the optimization not
to encode outliers via representatives to ensure that segmen-
tation results are more reasonable. The detected outliers and
selected model representatives can be combined to describe the
overall structural pattern of the profile. To achieve this goal, we
introduce a new optimization variable ej ∈ {01}, whose value
indicates if tj is outlier. We propose to solve

min
{zij}{bi}{ej}

M∑
i=1

M∑
j=1

zijd
′
ij +

M∑
j=1

ωjej

s.t.

M∑
j=1

zij −A1bi ≤ 0 ∀i;
M∑
i=1

bi ≤ τ

M∑
i=1

zij + ej = 1 ∀j

zij +
1
A3

i−1∑
i′=1

M∑
j′=j

zi′j′ ≤ 1 ∀i > 1, j ≤ i

zij ∈ {0, 1} ∀i, j, bi ∈ {0, 1} ∀i, ej ∈ {0, 1} ∀j. (12)

When ej = 0, we have
∑M

i=1 zij = 1. Thus, tj is an inlier and
must be encoded by the candidate models. On the other hand, if
ej = 1, we have

∑M
i=1 zij = 0. Hence, tj is an outlier and will

not be encoded by the model. The weight ωj > 0 puts a penalty
on the selection of tj as an outlier.

One possible choice for the weight is to set ωj as a constant
for all j, which results in one additional regularization parameter
with regard to (11). Another choice for the outlier weights is to
set

ωj = e−ζ
minidij

γ (13)

for nonnegative parameter ζ and γ. In other words, when there
exists a model that can well represent tj , the likelihood of tj
being an outlier should decrease, i.e., ωj should increase, and
vice versa.

C. Segment Importance Evaluation

After the segmentation, we must evaluate the importance of
each segment based on some metrics to determine the critical
primitive for classification modeling. Information gain is used
to evaluate the importance of each segment.
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Algorithm 2: Segment Importance Evaluation Via Informa-
tion Gain.

Input: Segment set SG = {ST i}i=1,...,Q
Label c = {ci}i=1,...,Q

Output: Information gain IG
for each ST i in SG

disti = EuclideanDist(ST i,ST baseline)
end for
dth ← OptimalSplitPoint(dist, c)
SG1 ← ∅, SG2 ← ∅

for each disti in dist
if disti < SplitDist

SG1 ← SG1 ∪ ST i

else
SG2 ← SG2 ∪ ST i

end if
end for
return IG = I(SG)− Q1

Q I(SG1)− Q2
Q I(SG2) // (15)

Let us denote by DS = {T i, ci}i=1,...,Q the given TSC
dataset. Q is the total number of samples and ci ∈ {12} rep-
resents the class label for the ith sample considering the binary
classification problem. After the segmentation, the set of each
segment can be denoted by SG = {ST i, ci}i=1,...,Q, and the
ST i represents the subsequence corresponding to this segment
in the ith sample. Given that the proportion of samples in classes
1 and 2 is p1 and p2 separately, the entropy of SG is defined as

I (SG) = −p1log2p1 − p2log2p2. (14)

If we divide theSG into two subsetsSG1 andSG2 based on a
certain splitting strategy and the number of samples in SG1 and
SG2 are Q1 and Q2, respectively. The information gain from
this splitting strategy is defined as

IG = I (SG)− Q1

Q
I (SG1)− Q2

Q
I (SG2) . (15)

Based on the above notation, the proposed algorithm for
segment importance evaluation can be described as

First, the algorithm calculates the Euclidean distance be-
tween each sample ST in the set SG and the baseline sample
ST baseline. Based on the set of distancesdist = {disti}i=1,...,Q
and the label vector c, we can choose an optimal distance
threshold dth as the best splitting strategy with the highest
information gain by using a histogram. Then, it can split SG
into SG1 and SG2, such that for every subsequence ST 1, i

in SG1, EuclideanDist(ST i,ST baseline) < dth and for every
subsequence ST 2, i inSG2, EuclideanDist(ST i,ST baseline) ≥
dth. Finally, we can get the information gain IG for this segment
setSG, and the segments with the higher information gain can be
considered as the critical primitives. This evaluation method can
also be used for the multiclass problem using the one versus rest
mechanism. Then more distance thresholds can be determined
to split the original set.

IV. EXPERIMENTAL CASE STUDIES

To verify the performance of the Profile Abstract algorithm
for data compression and primitive extraction, experiments are
conducted on two datasets, including dataset I from University
of Cincinnati and dataset II from Carnegie Mellon University
(CMU). We design a flow chart for TSC modeling with data
compression and primitive extraction using the profile abstract
algorithm, as shown in Fig. 2.

For data compression, one baseline profile is selected to derive
a compression template first. Typically, the normal profiles after
maintenance activity are regarded as the candidates of the base-
line profile. Using the profile abstract algorithm, we can get the
indexes of the selected representative points in the raw profile,
which is used as a compression template. It can be applied to
all other input profiles. Dynamic time warping (DTW) is used
to handle the time variation, aligning the time steps between the
baseline and input profiles. The time complexity of computing
DTW is O(m ∗ n), where m and n represent the length of each
sequence. Then, the indexes of the representative points in each
input profile can be obtained. After the data compression, the
compressed multivariate profiles will be flattened to feature
vectors. The last step is fault diagnosis modeling based on
TSC. TSC modeling is well discussed in prognostics and health
management. We consider using common models for the present
case because it can simplify the experiment setup and verify the
effectiveness of the proposed algorithm. In this article, support
vector machine (SVM) with Gaussian Kernel is used to build
the TSC model for profile-based fault diagnosis.

The flow of the TSC modeling with primitive extraction
is similar. With the selected baseline profile, a segmentation
template can be derived, and then DTW is used to generalize
the segmentation template to all the input profiles. After seg-
mentation, information gain is used to evaluate the importance
of each segment to determine the primitives for TSC modeling.
At last, the selected primitives are flattened to the vectorized
input for SVM modeling. Meanwhile, other typical algorithms
for data segmentation are also implemented for benchmarking
to illustrate the performance.

A. Boring Process in Automotive Manufacturing Industry
(Univariate Analysis)

1) Data Description: The boring process in the automotive
manufacturing industry is investigated in the first case study.
The dataset is collected from the real boring machine in a major,
domestic automotive facility, which includes the spindle load
signals with 3000 boring process cycles within two weeks. The
equipment degradation is mainly caused by the boring tool wear,
and 25 boring tools were worn out during these two weeks. To
create a manageable dataset for method validation, we randomly
selected 100 cycles right after the tool change, which are labeled
as normal, and another 100 cycles priors to the tool change that
are labeled as faulty, indicating that the boring tool is completely
worn out. The in-between degradation stage is represented by
the cycles from 100 cycles in the middle of the tool life, which
are also included as the third class. It represents the medium
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Fig. 2. Flow chart of the TSC modeling in the experiments.

Fig. 3. Data compression results for the baseline run. (a) η = 60%.
(b) η = 30%.

 

Fig. 4. Mean classification accuracy rates on test folds, using a three-
fold three-repeat cross-validation procedure and the optimal objective
value obtained from the optimization program for each fraction.

status of the boring tools. More details about this dataset can be
found in [29].

2) Data Compression: Fig. 3 shows a typical example of
the spindle load signal from one operation cycle, which is used
as the baseline profile for data compression. Its corresponding
data representatives selected by our algorithm are also given in
the figure. η represents the fraction of selected points from the
profile, which is used to determine the number of data repre-
sentative points, i.e., τ = int(ηM). We can see that the subse-
quences with greater fluctuations require more data representa-
tives to encode, but fewer data representatives are needed for the
flat segment.

Fig. 4 shows the mean classification accuracy rates on test
folds from three-fold cross-validation and the optimal objective
value obtained from the optimization program, i.e., the cost of
encoding the profile with representatives. We experimented with
changing the fraction η of the representatives extracted from the
profile. 100% fraction of the elements means the raw profile
without compression. As the results show, decreasing the value

TABLE I
SUMMARY OF TIME SERIES SEGMENTATION APPROACHES

of η, i.e., having fewer representatives from the profile data,
has no significant effect on the classification results. As long as
the encoding cost is small, which means that the information
retained by the representatives is sufficient, the classification
model performance will be maintained. It demonstrates that
the data representatives help to compress the data redundancy
effectively by reducing the data length. However, if the encoding
cost increases, the representatives will lose part of critical infor-
mation, leading to the deterioration of the classification model
performance. Thus, the encoding cost can be used to determine
the optimal fraction η for data compression. In this case, we can
compress the dataset to 60% of its original size based on the
encoding cost.

3) Primitive Extraction: Because data representatives cannot
describe the more sophisticated structural patterns, model rep-
resentatives are used to segment the data and extract the critical
primitives for accuracy improvement.

Some typical algorithms for data segmentation are given in
Table I to show the superiority of the profile abstract algo-
rithm. Apart from the proposed algorithm, data segmentation
algorithms are generally grouped into two categories based on
the segmentation principle. Piecewise aggregate approximation
(PAA) is the simplest to implement, which divides the data into
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Fig. 5. Overall fitting error of the different time series segmentation
algorithms with the changing number of segments.

equal lengths. Piecewise linear approximation (PLA) divides
the data into several segments by fitting a linear model for
each segment. Perceptually important points (PIP) and pruned
exact linear time (PELT) segment the data by finding the impor-
tant points sequentially. Profile abstract achieves pattern-based
segmentation based on a novel principle, with many potential
benefits.

The work in [23] and [30] and considering most data segmen-
tation approaches are developed based on linear models, we
can perform a linear fitting to each segment after segmentation
and check if the segmentation results from each algorithm are
reasonable based on the overall fitting error, which is defined as

Error =
Nseg∑
j=1

SSE
(
T j , T̂ j

)
(16)

where T j is the jth segment and T̂ j is the corresponding
fitted curve. Nseg refers to the total number of segments for
the profile data, and SSE represents the sum of squared error.
We have experimented with various numbers of segments for
each algorithm because we are unable to determine the optimal
setting in advance. The fitting error will keep decreasing as the
number of segments increases. Then, the number of segments
at the “breakpoint” in the error curve will be the optimal one
because the error converges here.

Fig. 5 shows the overall fitting error of the different algo-
rithms. We can see that the proposed algorithm has the lowest
error when the error converges. The main reason is that outliers
within the signals can be detected and kept from interfering with
the segmentation process using the proposed Profile Abstract
algorithm. In comparison, we can see that PLA and PELT both
tend to give more breakpoints to achieve a lower fitting error.
The results demonstrate the effectiveness and superiority of
Profile Abstract for data segmentation. It has high robustness
to outliers, thus ensuring that a reasonable segmentation result
can be generated. Another main advantage of profile abstract
is that it can be used for multivariate analysis, which will be
investigated in the second case.

Fig. 6 shows the segmentation results for the baseline run
by using profile abstract. The selected model representatives
are shown, which can describe the fundamental pattern of the
baseline profile. Some points are regarded as outliers. It is
noticed there are two categories of points that are identified as
outliers by our algorithm. The first type of outliers exists in the
flat segment, which is an observation that lies at an abnormal

Fig. 6. Segmentation results for the baseline run.

Fig. 7. Optimal objective value obtained from the optimization program
for the different number of model representatives.

Fig. 8. Information Gain of each segment.

distance from other surrounding points. The first few points
during a pattern change are the second type of outliers, which al-
ways have an abrupt shift. We can describe the overall structural
pattern of the profile based on the detected outliers and selected
model representatives. Using model representatives, the profile
is reasonably segmented, where the segmentation points shown
in the figure are the ending points of each segment. It should
be noted that the outliers will be involved in further analysis,
which will not lead to information loss. The optimal objective
value in Fig. 7 is the same as that shown in Fig. 4. It is the
cost of encoding the whole profile with representatives obtained
from the solution of the optimization program (12). Similar to
data compression, the optimal segment number is determined
by the optimal objective value (encoding cost) obtained from
the optimization program. As the number of representatives
increases, we can check whether the encoding cost converges
and thus decide the optimal number of representatives. Fig. 7
indicates that the optimal segment number for this case is 5.

Fig. 8 visualizes the information gain of the obtained five
segments. One can easily see that segments #1, #4, and #5
cannot contribute any valuable information for classification
modeling, which can be directly excluded in the data analysis.
Thus, segments #2 and #3 are selected as the critical primitives,
which can be used for further classification modeling.

Table II gives that the critical primitives determined by the
proposed method can significantly improve the classification
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TABLE II
MEAN CLASSIFICATION ERROR RATES ON TEST FOLDS, USING A

THREE-FOLD THREE-REPEAT CROSS-VALIDATION PROCEDURE

Fig. 9. Mean classification accuracy rates on test folds, using a three-
fold three-repeat cross-validation procedure and the optimal objective
value obtained from the optimization program for each fraction.

model performance. We also attempted to extract primitives
from the data representatives after data compression and then
perform the same classification verification. The results show
that the primitive extracted from the data representative also can
achieve high classification accuracy, which further proves the
effectiveness of the proposed method for data compression and
critical primitive extraction.

B. Wafer Fabrication Process in Semiconductor Industry
(Multivariate Analysis)

1) Data Description: The wafer fabrication process in the
semiconductor manufacturing industry is investigated in the
second case study to verify the effectiveness of our proposed
method for processing multivariate profiles. This dataset is a
collection of in-line process control measurements recorded
from an etching process that is donated by CMU. Six sensor
channels are given by domain experts as being critical for process
monitoring, including: radio frequency forward power; radio
frequency reflected power; chamber pressure; 4.5 nanometer
(nm) emission; 520 nanometer (nm) emission; and direct current
bias. Considering the low correlation of chamber pressure with
the other sensor channels, chamber pressure is excluded from
the original data set in this article. The faulty samples in this
dataset refer to the wafer fabrication cycles with abnormalities.
More details about this dataset can be found in the research of
[14]. In this case, we will verify the effectiveness of our proposed
algorithm on multivariate analysis.

2) Data Compression: Fig. 9 verifies the effectiveness of our
proposed profile abstract algorithm for data compression on
multivariate profile data. The mean classification accuracy on
test folds and the cost of encoding the profile with representatives
are given. Similar results to the first case study can be obtained.
As long as the encoding cost is small enough and the information
retained by the representatives is sufficient, the classification

Fig. 10. Segmentation results for the golden wafer run. (a) Radio
frequency forward power. (b) Radio frequency reflected power. (c) 4.5
nanometer (nm) emission. (d) 520 nanometer (nm) emission. (e) Direct
current bias.

model performance will be maintained. In this case, we can
compress the dataset to 30% of its original size based on the
encoding cost.

3) Primitive Extraction: Fig. 10 verifies the effectiveness of
the proposed method for multivariate profile data segmentation
with model representatives. The number of representatives is
determined as 7 based on the optimal objective value. The
segmentation results for each sensor channel of the baseline
wafer run are shown. The multivariate profile is also reasonably
segmented based on the structural pattern. It should be noted
that sensor #1 may need fewer representatives to depict its
whole patterns. In this case, however, we attempted to divide
the manufacturing process into several stages using multivariate
analysis, and we treated the multivariate profile as a whole. Thus,
we need to determine the representative number based on all
the sensor channels. In real-world applications, the users can
decide the segmentation way (univariate or multivariate) based
on the scenarios and demands. Besides, outliers within each
sensor channel can be accurately located so as to avoid affecting
segmentation results.

Fig. 11 visualizes the information gain of each segment.
It is noticed that each segment is also a multivariate pro-
file. Obviously, segments #1, #2, #3, and #7 are useless for
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Fig. 11. Information gain of each segment.

TABLE III
MEAN CLASSIFICATION ERROR RATES ON TEST FOLDS, USING A
THREE-FOLD THREE-REPEAT CROSS-VALIDATION PROCEDURE

classification modeling, which can be directly excluded in the
data analysis. Thus, segments #4, #5, and #6 are selected as the
critical primitives, which can be used for further classification
modeling.

Finally, Table III gives the classification error using profile
data input and primitive input, respectively. The results are very
similar to the first case study, demonstrating that the proposed
primitive extraction method also works well on multivariate
profiles. In summary, these two cases can draw the following
conclusion.

1) Profile abstract can work well on both univariate profiles
and multivariate profiles.

2) Profile abstract using data representatives is effective for
data compression, which can significantly reduce the data
redundancy while maintaining the model performance.

3) Profile abstract using model representative provide a ro-
bust data segmentation approach.

4) The proposed method for primitive extraction can signif-
icantly improve the classification model performance.

C. Simulation Data Analysis

The experimental signals from dataset I and dataset II are
similar and not representative enough, as both are rectangular
waves. Therefore, we consider more different waveforms in
this part to further test the performance of the proposed data
segmentation approach based on profile abstract. Three types
of waveforms are considered: Sawtooth wave; triangle wave;
and sine wave. For each type of waveform, we generate seven
periods of a wave with a fundamental frequency of 50 Hz. The
sample rate is 1 kHz, and two noise levels are considered. Then,
profile abstract is used to summarize their structural patterns and
perform data segmentation.

Figs. 12–14 verify the effectiveness of the proposed method
for these three waveforms. The results demonstrate that the
selected models can effectively describe their structural pattern
and perform reasonable segmentation. Even with relatively high
levels of signal noise, the algorithm remains effective.

Fig. 12. Segmentation results for Sawtooth waves. (a) SNR: 30db.
(b) SNR: 10db.

Fig. 13. Segmentation results for triangle waves. (a) SNR: 30db.
(b) SNR: 10db.

Fig. 14. Segmentation results for sine waves. (a) SNR: 30db. (b) SNR:
10db.

However, if the noise level is too high, the signal patterns will
be partially swamped. Then, the selected model representatives
may not describe the basic patterns of the signal well. The reason
is that profile abstract is a subset selection-based algorithm.
Subset selection attempted to preserve all the essential infor-
mation in the representative set, including noise components. In
this article, the data representatives are directly selected from
the raw signals, so the original noise is not filtered. The model
representatives are also generated using the raw data points with
noises. If the noise level is high, we may not be able to generate
high-quality model representatives. This should be a limitation
of profile abstract, and we recommend that data cleaning and
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filtering are conducted first before data compression and seg-
mentation to remove the noise component.

V. CONCLUSION

This article proposes a novel profile data mining algorithm
called Profile Abstract, which can simultaneously be used for
data compression and segmentation. The proposed algorithm
was developed based on subset selection, which aims to find
representatives that can efficiently encode the profile data. Given
pairwise dissimilarities, we formulate the problem as a lin-
ear programming model, which was solved by any common
solvers efficiently. Finding data representatives can effectively
compress the data redundancy by reducing the data length of
each profile in the dataset. Compared with the common data
compression techniques, profile abstract does not need to fuse
the sensor information, so we can still track each sensor channel
individually after compression. Finding model representatives
can be used for pattern-based data segmentation. After data
segmentation, an information gain-based algorithm was used to
evaluate the importance, determining the critical primitives for
model improvement. We also show that our algorithm has strong
robustness on the outliers within the profiles. The effectiveness
of the proposed method is demonstrated in case studies 1 and 2
by using public and proprietary data. Based on these case studies,
the following conclusions are reached.

1) Profile abstract using data representatives is effective for
data compression, significantly reducing the data volume
while maintaining the model performance. The datasets
in case studies 1 and 2 can be compressed to 60% and
30% of their original sizes, respectively.

2) Compared to other typical approaches, profile abstract
has the lowest overall fitting error, demonstrating its
robustness and superiority in data segmentation.

3) The proposed segment importance evaluation method
with information gain can locate the critical primitives
after data segmentation. Primitive input can increase TSC
accuracy by about 4% and 2%, respectively, in case
studies 1 and 2.

4) Profile abstract also works with different types of wave-
forms.

However, profile abstract is an unsupervised learning algo-
rithm. The selected data representatives preserve the essential
information rather than critical information of the raw data set.
For primitive extraction, an additional step by using information
gain is required to locate the important segments for primitive
extraction. In the future investigation, we plan to develop a
supervised profile abstract that can directly select the represen-
tatives with critical information. It can serve as a novel feature
extraction approach.
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