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Spatio-temporal Pattern Modeling for Fault
Detection and Classification in Semiconductor

Manufacturing
Hyung Jin Chang, Dong Sung Song, Pyo Jae Kim, and Jin Young Choi

Abstract—This paper proposes a new approach to modeling
the sequential flow characteristics of data patterns for detecting
and classifying faulty processes in semiconductor manufacturing.
Unlike conventional methods, which consider the spatial pattern
distributions, the proposed approach models the spatial patterns
local in time, transition time, staying time, and the sequential
ordering of the local patterns through the process. To model
these spatio-temporal patterns, we develop a sequential version
of support vector data description (SVDD). This improves the
precision of fault detection and easily detects the process start/end
points; the moment a fault occurs can be captured immediately
by checking the process start/end point based on the sequential
order of SVDD. The detection of the moment a fault occurs is
useful in analyzing the source of the fault.

Index Terms—Spatio-temporal pattern, fault detection, pattern
recognition, sequential support vector data description, start/end
point detection.

I. INTRODUCTION

OVER the past few decades, the semiconductor industry
has grown an average of 15% per year. This steady

growth is a result of a continuous reduction in the cost per
function of 25%-30% per year [1]–[3]. To improve wafer
productivity and reduce production costs, the semiconductor
industry demands automation of the process technology. One
of the most important research area toward that end is fault
detection and classification (FDC) [3]–[6], which refers to an
automated process control technology which conducts process
fault detection and diagnosis of error sources. Generally, in
FDC, faulty process detection is conducted first and fault
source classification follows. Up to date, faulty process detec-
tion research has used a variety of statistical approaches and
research on classification of causes of process abnormality af-
ter the detection, methodology based on probabilistic modeling
has been used in addition to statistical approaches. Research
is now under way to execute fault detection and classification
simultaneously.
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Univariate statistical methods, such as Shewhart control
chart [7], cumulative sum (CUSUM) [8], and the exponentially
weighted moving average (EWMA) [9], are commonly used
in the semiconductor industry because of their simplicity
[10]–[12]; however they are not adequate for large amounts
of nearly real-time data analysis the huge number of charts
creates a high maintenance effort and produces false alarms
[13].

Multivariate statistical methods have drawn increasing in-
terest in semiconductor manufacturing [1], [5], [14] as more
and different sensing data becomes available. The sensor mea-
surements are highly correlated because of the physical and
chemical principles governing the process operation. Principal
component analysis (PCA), Fisher linear analysis (FLA) [15],
and partial least squares (PLS) [16] based methods have been
applied successfully in actual applications [17]–[20]. However,
further research issues remain due to the unique characteristics
of semiconductor manufacturing processes, such as the non-
linearity of data and time varying properties. Several methods
have been presented to handle the time varying characteristics.
The wavelet method [21] analyzes process data in a frequency
space to detect abnormalities. Recursive PCA (RPCA) [22],
[23] detects faulty processes by updating the PCA model
through various processes. PCA and k-nearest neighbor (kNN)
are used hierarchically in PC-kNN [14]. First, PCA is applied
to the original batch process data and then kNN is applied to
the principal subspace to perform fault detection. Unfolding
process data into several clusters as time sequences is used in
multi PCA (MPCA), parallel factor analysis (PARAFAC) and
trilinear decomposition (TLD) [24]. However, the unfolding
dramatically increases the number of variables, requiring a
significant number of batches to build a reliable PCA model
and the methods are sensitive to slow parameter drifts over
long periods.

Among the multivariate statistical methods, Hotelling T 2

[25]–[27] is widely used in the semiconductor industry [5],
[13], [28]. Hotelling T 2 is a statistical decision method that
calculates the T 2 statistic value, which serves as a threshold
for distinguishing normalfrom abnormal processes. To detect
an abnormal process, it reduces the training data dimension
using PCA, uses statistics to set a normal/abnormal decision
threshold, and then makes the decision. This method is simple
and efficient, however, if the distribution model of the target
data (training data) is not simple, such as a Gaussian distribu-
tion, the normal/abnormal decision threshold covers a larger
area than the actual area an abnormal process would appear
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in, leading to a high incidence of missed faults.
Recently, researches for FDC using discriminative classifi-

cation methods have been conducted actively. Several methods
using artificial neural network (ANN) [15], [29]–[34] have
shown good FDC results for various processes. Also the
applications of support vector machine (SVM) [35] in FDC
have made a lot of achievements [36]–[39]. SVM can effec-
tively solve the learning problems of small sample size, high
dimension, nonlinearity and overcome the disadvantages of the
difficult determination of reasonable ANN learning structure
and the existence of local optimum [40], [41]. However, in
many cases, abnormal data which are necessary for training
binary classification are expensive to collect and very rare.
So, the two-class classification methods (etc. ANN and SVM)
may not be effective for FDC. For this one-class classification
problem, support vector data description (SVDD) is proposed
[42]. The SVDD is a specified SVM [35] for one-class
classification that successfully describes non Gaussian data
[42]–[45].

Most of the conventional methods mentioned handle spatial
patterns and their distributions, whereas they apply a simple
decision criterion [46], [47]. This paper proposes a spatio-
temporal pattern classification approach for accurate detec-
tion of faulty processes. To model this type of process, we
developed a new sequential SVDD classifier. The proposed
sequential version is designed to model the sequential flow
of process data and characteristic areas of flow. Both the
description boundaries and sequential relations among SVDDs
are modeled to monitor the process status. SVDD handles the
nonlinear and non Gaussian data characteristics and sequential
modeling handles the sequential characteristics.

First, a PCA algorithm conducts feature extraction and
dimension reduction on the original sensory data; the pro-
cessed feature data are plotted in two dimensional space to
better visualize the process flow. Then the featured areas
that are critical in discerning normal/abnormal status are se-
lected either automatically or manually reflecting the empirical
knowledge of a professional engineer with semiconductor line
management experience. A training algorithm configures a
sequential classifier that describes the selected data areas with
the SVDD and their sequential relationships with a Gaussian
distribution. This essential local information and relational
modeling describes the characteristics of all of the process data
excluding redundant details. Checking the sequential order
of SVDDs can simultaneously detect the process start/end
points and the moment the fault occurred. This temporal
fault information is useful for diagnosis of fault sources.
The performance of the proposed algorithm was evaluated
by experiments with data obtained from a semiconductor
manufacturing line.

The rest of this paper is organized as follows: Section II
provides brief preliminary discussions of the PCA and SVDD;
Section III presents the proposed framework for process
fault detection using sequential SVDD; Section IV presents
experimental results using actual process data , comparing
our proposed method with the Hotelling T 2 based method
[13], [26]; and Section V provides the conclusions and some
discussions.

II. PRELIMINARIES

A. PCA

PCA [15] is a well-known statistical method for extracting
features from data distribution. Let x ∈ Rd be the original
vector representation of a datum, where d corresponds to
the dimension of the data space. When n data x1,x2, ...,xn

are given, dimension reduction is achieved by projecting the
data into a low-dimensional feature space. Projection of n
d-dimensional data into an r-dimensional feature space is
conducted by multiplying a transformation matrix W ∈ Rd×r

with the data as follows:

fi = Wxi i = 1, ..., n. (1)

where r and fi ∈ Rr denote the feature dimension and r-
dimensional feature for the original data xi, respectively. To
reduce the dimensions, the feature dimension r should be less
than the data dimension d, i.e., r < d.

The goal of PCA is to find a basis vector w∗ such that

w∗ = argmax
w

wT Aw, (2)

where w ∈ Rd is a unit vector ∥w∥ = 1 and A =
1
n

∑n
i=1[xi − mn][xi − mn]

T is the auto-covariance matrix of
each component in xi ∈ Rd. mn = 1

n

∑n
i=1 xi is a mean

vector of n data vectors.
The w∗ is the first principal axis w1 of xi for i = 1, 2, ..., n.

Then, by removing the data component in the w1 direction and
solving the above problem again, we obtain an additional w∗

which is orthogonal to w1. This is called the second principal
axis w2. The other principal axes and principal components,
noted wk for k = 3, 4, ..., r, are similarly achieved. Then the
transformation matrix is determined by

WT = [w1,w2, ...,wr]. (3)

Determining the reduced dimensions requires checking the
percentage of data information that must be preserved. The
amount of preserved information is measured by the cumula-
tive variance ratio [15].

B. Support Vector Data Description (SVDD)

The SVDD [43] is a well-known one-class classification
algorithm. This algorithm attempts to find the smallest hyper-
sphere in the feature space that contains almost every target
example. The hypersphere becomes a decision boundary for
classification. By assuming a hypersphere with center a and
radius R, the cost function is defined as:

L(R,a, ξ) = R2 + C
n∑

i=1

ξi. (4)

where ξi is a slack variable such that ξi ≥ 0, and regularization
parameter C(0 ≤ C ≤ 1) controls the trade-off between false
positive (type-I error) and the false negative (type-II error). As
the C is closer to 1, false positive, which means the error data
are placed inside of the decision boundary, is increased and
false negative, which means the target data are placed outside
of the decision boundary, is decreased. Also Eq. (4) should
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be minimized under the following constraints in feature space
(ϕ(·) maps data xi into feature space.):

∥ϕ(xi)− a∥2 ≤ R2 + ξi, ξi ≥ 0, ∀i. (5)

Constraints can be incorporated into the cost function by using
Lagrangian multipliers:

L(R,a, αi, γi, ξi) = R2 + C
∑
i

ξi (6)

−
∑
i

αi{R2 + ξi − (K(xi,xi)− 2a · ϕ(xi) + ∥a∥2)}

−
∑
i

γiξi,

αi ≥ 0, γi ≥ 0.

Here K(xi,xj) = ϕ(xi) · ϕ(xj) is a kernel function used to
describe arbitrary boundaries, as depicted in Fig. 1(b). In this
paper, we use a Gaussian kernel:

K(xi,xj) = exp(−∥xi − xj∥2

σ2
). (7)

L should be minimized with respect to R, a, ξi and
maximized with respect to αi, γi. After setting the partial
derivatives of L to zero, we obtained the following dual
objective function

max
α

L(α) = max
α

n∑
i=0

αiK(xi,xi)−
n∑

i,j=0

αiαjK(xi,xj).

(8)
which is subject to

n∑
i=1

αi = 1. (9)

a =
n∑

i=1

αiϕ(xi). (10)

0 ≤ αi ≤ C. (11)

We can solve this optimization problem with a quadratic
programming (QP) solver. The data xi with 0 < αi < C
are called support vectors (SVs). The data xi with αi = C are
outliers, and the data xi with αi = 0 are inliers.

To test data z, the distance D(z) to the center a of the
sphere is used to make the decision.

D(z) = ∥z− a∥2 (12)

= K(z, z)− 2
n∑

i=0

αiK(z,xi) +
n∑

i,j=0

αiαjK(xi,xj).

When the distance is smaller than, or equal to, radius R, then
the test data z is determined to be an inlier or support vector.
Otherwise, it is classified as an outlier as shown in Fig. 1.
Only using the support vector xs, we can calculate the radius
R by R = D(xs). Thus, we easily determine whether a test
pattern is an inlier or outlier using equation (4) and R.

Inlier 

Support Vector 

Outlier 

Decision 

Boundary 

(a) (b) 

a 

R 

z 
D(z) 

Fig. 1. (a) SVDD in two-dimensional feature space. The markers ⊗ represent
support vectors, ◦ inliers, and ⊙ outliers, respectively. The decision boundary
is a linking line of support vectors, and this boundary separates inliers and
outliers. (b) SVDD trained result (C = 1.0, σ = 3.6).
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Fig. 2. Fault process detection algorithm.

III. PROPOSED FRAMEWORK FOR PROCESS FAULT
DETECTION

A. System Overview

Abnormal processes occur unexpectedly and their costs to
manufacturing are high. It is impossible to model all of the
fault process patterns, as too many things can trigger an
abnormal process; thus, we designed our fault detection system
to detect faulty processes after training with normal process
data.

The proposed fault detection system is placed between
sensors and manufacturing equipment. The system receives
data from self plasma optical emisson spectroscopy (SPOES)
sensors and determines if the current process has a fault. To
develop decision criteria, training is performed with normal
process data before testing. In the test step, the system makes
decisions using the training results and the test results are fed
back to the semiconductor manufacturing equipment. Fig. 2
shows the overall system flow.

B. Process Data Characteristics

Manufacturing process data are basically combinations of
sequential flow patterns. Similar data patterns appear peri-
odically and the value levels are similar. The transition time
and transition order between data are important characteristics
for detecting faulty processes. As shown in Fig. 3, there
are suspended periods even in normal process data, when
the values are abnormal compared to normal process values.
Although normal and abnormal values are mixed, the process
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Suspending Period  Normal Process Period 

Fig. 3. Process data are a periodic sequence. The transition time and shape
of data is cyclic with irregular suspended periods in a normal process data
sequence. These suspended periods are caused by reasons such as chamber
cleaning or changing the material. Data from a suspended period causes many
false alarms.

should be classified as normal. To model this characteristic,
we developed a sequential SVDD, which can represent the
timing and ordering properties as well as spatial patterns.

C. Fault Detection using Sequential SVDD

We propose a sequential data classifier using SVDD for
FDC in dynamic processes. The original SVDD provides good
classification performance for one-class problems; however it
is inappropriate for dynamic data. Because SVDD identifies a
whole boundary of training data, it ignores the dynamics of
sequential data, such as the relative positions, transition time
between data, periodicity, and data transition direction.

To represent the dynamics of data with a static SVDD
classifier, we compose a sequential chain of SVDDs. Usually,
in sequential data, the start/end data positions and corner
position are important in describing the sequence. These
important data regions are described by this SVDD method.
Normal manufacuring process data are periodic and show
similar trajectory patterns. If a data sequence is outside of
the regular description region or passing the region too late,
the sequence becomes abnormal.

1) Preprocessing and dimension reduction: Sensory data
must be preprocessed before being used as training input,
because process drift can occur as the process flows or after
chamber cleaning. Thus, we scale the data from zero to one
and use mean centering. The dimensions of sensory data is
usually large, but most of it is redundant, we use PCA to
reduce the dimensions. Let the original process data be xp

and the PCA transformation matrix be W , obtained by (3),
and the reduced dimensional data be fp. Then,

fp = W × xp (13)

2) Selecting Gate region in process data: Manufacturing
processes, include specific important and necessary operations
for producing quality products. Generally important process
sections are revealed as radical changes in sequential data,
because the physical and chemical characteristics of material
or the use of chemical gases changes dramatically during
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Fig. 4. Examples of sequential SVDD. The start/end and corner points are
notated as Gk in Fig. 4(a), and Fig. 4(b) shows sequential data passing each
Gk as time flows.
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Fig. 5. Automatically selected Gate regions (red regions) by checking
curvature.

the process. They appear periodically in the same region
of the sequence as process repeats. We define each SVDD
description region as Gate. Espesially we call the description
of the start/end position data as Start/End Gate(G0); the
other Gates are numbered sequentially as Gate(Gk). Fig. 4
shows an example of a sequential SVDD.

The drastic material characteristic change appear as a
peak or sudden level change of graph. Using these graphical
features, important sections of a process can be selected
automatically or manually.

The automatic method calculates the curvature [48] of a
sequence and sets all large curvature regions as Gates. The
peak of process graph is represented as a high curvature curve
in projected data onto PC1 and PC2. In Fig. 5, high curvature
data of fp are mark as red and we set the regions as Gate
region.

Manually selecting Gate region is also possible in our algo-
rithm. Actually manual selection by a skilled manufacturing
expert is more preferable, because his or her empirical knowl-
edge optimizes selection of the Gate region. As mentioned
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(a) (b) 

(c) 

Fig. 6. Monitoring program. (a) Sequence PC1 and PC2. The Gate region
can be selected manually in this panel. (b) Projected sequence onto PC1 and
PC2 axes. The Gate region can be selected manually in this panel as well.
(c) Displaying trained SVDD boundaries of Gate regions.

Fig. 7. Manual Gate selection in monitoring system window. The selection
can be done in window (a) or (b). In this manufacturing process, there were
3 times major gas changes for each period. So we choose 3 regions as Gate.

above, critical process is easily checked in process graph
and the distinct parts appear repeatedly. Fig. 6 shows our
implemented monitoring system, an user or expert can easily
select Gate region simply dragging critical parts in Fig. 6 (a)
or (b) window. Fig. 7 shows the Gate region selection and
its compatible results. The Start/End Gate region should be
marked separately in either method.

3) Princical Checkpoints for sequential SVDD: Our
proposing sequential SVDD classifier makes a decision simply
by checking four Checkpoints (CPs).

1) Gate entering flag F(Gk) = T/F (True/Fail).
2) Gate transition order set OT.
3) Gate-to-Gate transition time Tt(Gk, Gk+1).
4) Gate staying time Ts(Gk).
The first CP describes spatial location of data. When a

process datum falls into Gate i, then F(Gi) = T , otherwise
F(Gi) = F . The second CP is an ordered Gate index set of
the sequence of Gate flagged as ”T”. So, CP 2) plays a role
of giving chronological characteristics to spatial data and links
separated Gates. CP 3) and 4) makes temporal boundaries and
descriptions of linking Gates.

4) Training sequential SVDD: As shown in Fig. 2, training
is performed before testing to model normal process for use

in testing. In the data-training step, each Gate region data are
trained by static SVDD training equation(8), and the Gate
transition order OT is made by adding the Gate index when
F(Gk) = T . If any Gp is checked that a sequential process
datum xp enters into the boundary of the description region
(which means D(Wxp) = ∥Wxp − a∥2 ≤ R2), F(Gp) = T
and Ts(Gp) = 0 . l times later, if F(Gp) becomes F , then the
staying time Ts(Gp) = l and Gate transition time Tt(Gp, Gq)
begins incrementing until the other F(Gq) = T is checked.
Then the Gate sequence set OT becomes OT = {Gp, Gq}.

If K Gates are generated, Tt(Gk, Gk+1) and Ts(Gk)
are modeled as a normal distribution and trained for N
periodic data sets. In general, exponential distribution is used
for life time attribute modeling and Laplacian distribution is
appropriate for modeling general communication delay time
[49]. However, unlike the typical time modeling situation,
the manufacturing process has a periodic property which
means similar data value appears in some fixed time interval
with some variance [47]. So we model the temporal attribute
with normal distribution which models temporal mean and its
variance.

The staying time distribution ηSk and transition time distri-
bution ηTk,k+1 are modeled as normal distributions, N(µS

k , σ
S
k )

and N(µT
k,k+1, σ

T
k,k+1) respectively, for k = 0, 1, ...K − 1 (if

k + 1 = K, then k + 1 = 0). Given N training data, if the
nth datum stays at Gk during Tn

s (Gk), and its transition time
from Gk to Gk+1 is Tn

t (Gk, Gk+1), then we train each model
parameter with these data.

µS
k =

1

N

N∑
n=1

Tn
s (Gk). (14)

σS
k =

√√√√ 1

N

N∑
n=1

(Tn
s (Gk)− µS

k )
2. (15)

µT
k,k+1 =

1

N

N∑
n=1

Tn
t (Gk, Gk+1). (16)

σT
k,k+1 =

√√√√ 1

N

N∑
n=1

(Tn
t (Gk, Gk+1)− µT

k,k+1)
2. (17)

5) Testing sequential SVDD: To test a new process data, di-
mension reduction is conducted by multiplying the PCA trans-
formation matrix, and then fault detection is carried out with
the trained normal process model(F(Gk), OT, Tt(Gk, Gk+1),
Ts(Gk)). CP 1) can be checked easily by (12). If a datum is
classified as an inlier, the flag F(Gk) becomes T . CP 2) can be
checked by just comparing the Gate sequence order OT with
the trained result. If F(Gk) is triggered to ”T” as the order of
OT, then CP 2) becomes ”True”, otherwise it is ”Fail”. CPs
3) and 4) are tested by
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Algorithm 1 Testing step of sequential SVDD
1: procedure TESTING CURRENT DATA xp(t)(W , normal

process model(F(Gk),OT,Tt(Gk, Gk+1),Ts(Gk)))
2: Dimension reduction (13) fp(t) = W × xp(t)
3: Test CP 1) about all GATEs with fp(t) by (12)
4: if All F(Gk) becomes F from F then
5: Increase time counter l ++
6: if Test CP 3) (l ≥ max(Tt(Gk, Gk+1))) then
7: Test result is ABNORMAL
8: else
9: Test result is NORMAL

10: end if
11: else if One of F(Gk) becomes T from F then
12: Check the CP 4) using time counter l
13: Reset l = 0
14: if CP 4) returns True then
15: Test result is NORMAL
16: else
17: Test result is ABNORMAL
18: end if
19: else if One of F(Gk) becomes F from T then
20: Test CP 2) whether the order of GATE is correct
21: if CP 2) returns True then
22: Check the CP 3) using time counter l
23: Reset l = 0
24: if CP 3) returns True then
25: Test result is NORMAL
26: else
27: Test result is ABNORMAL
28: end if
29: else
30: Test result is ABNORMAL.
31: end if
32: else if One of F(Gk) becomes T from T then
33: if Test CP 4) l ≥ Ts(Gk) then
34: Test result is ABNORMAL
35: Increase time counter l ++
36: else
37: Test result is NORMAL
38: Increase time counter l ++
39: end if
40: end if
41: return Test result
42: end procedure

CP3) (18)

=

True exp(− (Ts(Gk)−µS
k )2

2σS2
k

)/
√
2πσS2

k < PS
thres.

Fail otherwise .

CP4) (19)

=


True exp(− (Tt(Gk,Gk+1)−µT

k,k+1)
2

2σT2
k,k+1

)/
√
2πσT2

k,k+1

< PT
thres.

Fail otherwise .

Start/End 

Gate 

Gate 1 Gate 3 

Gate 2 

Gate 1 Gate 3 

Gate 2 

Gate 1 Gate 3 
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Fig. 8. Examples of fault sequences that can be detected by sequential
SVDD. (a) A normal sequence. The sequence starts at the Start/End Gate,
passes Gate 1 to 3, and returns to the Start/End Gate. (b) A missing Gate
fault. The sequence misses Gate 3. (c) An inverse order sequence. (d) An
abnormal transition time captured by sequential SVDD.

The PS
thres and PT

thres are experimentally defined threshold.
The test sequence is normal if all CPs are successfully satisfied
”True” state. This CP test scheme enables our algorithm to be
applied to on-line process monitoring. The overall process of
testing step is given in Algorithm1

Fig. 8 shows the abnormal cases that the sequential SVDD
classifier can detect. These are similar to process faults that
occur occasionally, such as process level drift, a missing
process step, wrong process sequence and irregular process
time.

IV. EXPERIMENTAL RESULTS

To demonstrate the efficiency of our proposed method, we
performed fault detection using actual industrial semiconduc-
tor manufacturing process data. We used a SPOES sensor to
obtain the process data. The spectral range of the sensory data
is from 200 to 850nm, and the dimension of each process
datum is 417. One datum point is collected every 200 ms.
Data set 1 was collected for five days and consists of 129 nor-
mal process sequences and 21 faulty process sequences. Each
process sequence contains 14400 data points with dimension
of 417 (R417×14400). Data set 2 contains 200 faulty process
sequences obtained over five days; Data set 3 consists of 45
abnormal process sequences collected over two days. We used
tow normal sequences randomly chosen from Data set 1 to
train the PCA and sequential SVDD; the remaining sequences
were used for testing. We implemented our system as shown
in Fig. 6, and performed experiments.

We compared the classification performance of our al-
gorithm with various methods. The multivariate statistical
approach method, such as T 2 and Q statics method [26],
is widely used in industry and is conceptually similar to our
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TABLE I
DATA SET INFORMATION

# of normal data # of abnormal data Total

Data set 1 129 21 150
Data set 2 0 200 200
Data set 3 0 45 45

PCA 

Principal Component 1 

Principal Component 2 

Principal Component3 

P
C

 2
 

PC 1 

63.5% 

4.3% 

Original Process Data 
Principal Component 

& Cumulative Variance Ratio 

(a) (b) (c) 

29.8% 

Fig. 9. Dimension reduction using PCA. (a) The original 417 dimensional
sensory data. (b) Projected data onto principal components (PCs). The
cumulative variance ratio implies how much information the PC contains.
(c) Projected data onto PC1 and PC2.

proposed method in that it finds the statistical boundary of
normal data. Famous non parametric methods, such as parzen
window [15] and k-nearest neighbor (kNN) [1], are tested for
fault process classification. Also discriminative classification
based algorithms (ANN, SVM, SVDD methods), which are
basically same as our method but not considering temporal
properties, are compared.

A. Dimension Reduction and Gate Region Training

First we performed data dimension reduction from 417
dimension to 2 dimension regardless of classification method.
The dimension of the original sequential process data is 417.
This is too large and many dimensions are redundant. PCA
finds new principal axes that represent the characteristics of
the data distribution without information loss. As shown in
Fig. 9, the first principal component (PC) contains 63.5% of
the original information and the second PC has 29.8%; thus,
93.3% of original information can be expressed only using
two PCs (two dimensional data). In our experiment, we use
data sets reduced from 417 to two dimensions for training and
testing.

Fig. 10 shows manually selected Gate region data (colored)
and SVDD trained results. We used C = 1 for the regulariza-
tion parameter, which means that the SVDD allows no outliers,
and the σ values of the kernel function are set experimentally
so that they do not enclose the data too tightly.

B. Faulty Process Detection Result

We conducted a fault detection test for
Data sets 1, 2, and 3. To simulate a real manufacturing

Start/End 

Gate 

Gate 1 Gate 2 

(a) (b) 

(c) (d) 

Time 
Time 

P
C

 1
 

P
C

 1
 

PC 2 

P
C

 1
 

P
C

 1
 

PC 2 PC 2 

Fig. 10. Sequential SVDD trained result. (a) Process data projected onto PC
1. (b) A 3-dimensional description of PC 1 and PC 2 values as time flows.
(c) Selected Gate regions. (d) Sequential SVDD trained Gate regions.

process data collection, the test was conducted about a
sequentially picked process datum. Randomly chosen two
normal sequences and two abnormal sequences among
Data set 1 are used for training binary classifiers (Parzen
Window, kNN, ANN, and SVM) and only two normal
sequences are used for training T 2, Q statics, SVDD, and
proposed method.

For all data sets, our proposed method achieved better de-
tection performance than other methods. Although the training
set is small and consists only of normal data, we obtained
good classification results, as shown in Table II. Because of
the characteristics of the one-class classifier(SVDD), abnormal
data are unnecessary and the classifier can focus on describing
normal data. On the other hand, various abnormal data patterns
make the binary classifier be dithered.

Also Fig. 11 shows some abnormal cases that the sequential
SVDD detected. Although there are a variety of abnormal
cases, our method successfully detected them all. Fig. 12
demonstrates the superiority of our method. The T 2 and Q
statics method [26] classifies both Figs. 12(a) and (d) as
normal, but (d) is an abnormal process. Our method suc-
cessfully detects all the faults because it considers the local
characteristics and relative sequential information as well as
the complete sequential distribution.

C. Process Start and End Point Detection

In addition to detecting faulty process data, our proposed
method successfully detected the process start and end points.
A normal process is typically periodic and starts from similar
process value. The start and end points are grouped as a
Start/End Gate in the training step; thus, a new process
starting point can be detected by capturing the moment the
process data returns to the Start/End Gate. Fig. 13 shows
a successfully detected process start position. Such temporal
information is useful for fault classification. Capturing the
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TABLE II
PROCESS CLASSIFICATION PERFORMANCE RESULTS FOR DATA SETS 1,2 AND 3.

Data Set 1 Data Set 2 Data Set 3

Classification Result Accuracy

(%)

Classification Result Accuracy

(%)

Classification Result Accuracy

(%)Normal Abnormal Normal Abnormal Normal Abnormal

T 2, Q statics [26] 110 38 88.4 0 200 100 0 45 100

Parzen Window [15] 143 3 87.7 9 191 95.5 4 41 91.1

kNN [1] 139 7 88.4 181 19 9.5 44 1 2.2

ANN [31], [32] 85 61 71.9 135 65 26.5 35 10 4.1

SVM [36] 118 28 95.2 70 130 65 1 44 97.8

SVDD [42] 80 66 69.2 0 200 100 0 45 100

Proposed 122 26 98 0 200 100 0 45 100

(a) (b) 

(d) (e) 

2 1 2 1 2 1 

3 

2 1 

3 

2 1 

Gate 2 

Start/End 

Gate 

Gate 1 

SE SE SE 1 2 SE SE 1 2 SE SE 1 2 SE SE 1 2 SE 

1 2 SE SE SE SE 1 2 2 1 2 2 1 2 SE SE SE SE 1 2 2 1 2 1 2  

2 1 22 1 22 1 2 1 22 1 2 1 1 

(f) 

Gate 2 

Start/End 

Gate 

Gate 1 

SE SE SE SE SE SE SE SE SE SE SE SE SE 

SE SE SE SE 

(c) 

640.8nm sensory data 

2 

640.8nm sensory data 

SE SE SE SE 

Fig. 12. (a), (b) and (c) show normal process data, and (d), (e) and (f) are abnormal process data. (a) and (d) are projected data and (c) and (f) are original
sensory data. T 2 and Q statics [26] classified (a) and (d) as a normal process because the values and statistical distributions are similar. Sequential SVDD
detected a subtle abnormality in the process by Gate checking. The normal transition sequence is OT = {SE, 1, 2, SE}, but the abnormal process did not
enter the Gate region correctly.

temporal position of a fault makes it easier to diagnose its
cause.

V. CONCLUSION

This paper proposed a fault detection and classification
method for semiconductor manufacturing using a sequential
SVDD classifier algorithm. After acquiring process state moni-
toring sensory data, it was reduced to the essential information
with a PCA algorithm and the information plotted in a 2
dimensional domain to better visualize process flow. Then the
data groups, which are critical in discerning normal/abnormal
conditions, were selected automatically or manually by reflect-
ing the empirical knowledge of a professional engineer with
experience in semiconductor line management. Training was
conducted separately for describing Gates with SVDD and
modeling the sequential relationships. Fault detection can be

executed in on-line manner by checking CPs of each newly
collected process datum. Our classifier can configure important
sub-process regions in more detail than the established T 2 and
Q statics method, decreasing the incidence of missed faults.
Auto detecting important points (such as start/end points) and
the moments faults occur in the process easily achieves fault
classification.
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