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Abstract

In this paper, we evaluate multivariate pattern matching methods for the Tennessee Eastman (TE) challenge process. The pattern
matching methodology includes principal component analysis based similarity factors and dissimilarity factor of Kano et al., that com-
pare current and historical data. In our similarity factor approach, the start and end times of disturbances are not known a priori and the
data are compared by moving a window though the historical data. Comparisons with methods used in earlier case studies of the TE
challenge process show advantages of using the proposed similarity factor approach.
� 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

The detection and diagnosis of abnormal conditions in
industrial plants is important for several reasons that
include reducing variability in product quality, detecting
equipment wear or instrument malfunction, and ensuring
plant safety. Large industrial plants commonly store thou-
sands of process variables as often as every second in his-
torical databases. A vast historical database potentially
contains valuable information that can assist the analysis
of abnormal conditions and help diagnose process faults.
In particular, locating similar (but not necessary identical)
conditions in the historical data can be very useful in the
diagnosis of an abnormal condition. By having access to
data for several previous occurrences, it is more likely that
a person familiar with the process can discern important
patterns and identify the underlying cause(s) for the abnor-
mal condition.
0959-1524/$ - see front matter � 2005 Elsevier Ltd. All rights reserved.
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This paper is concerned with the following important
and widespread pattern matching problem. Suppose that
it is desired to analyze an abnormal condition which is rep-
resented by multivariate time-series data for key process
variables (e.g., measurements of controlled and manipu-
lated variables for several interacting control loops). The
objective is to locate similar, previous episodes (if they
exist) in a large historical database, using an unsupervised
learning technique. The proposed method does not require
a process model, training data, or planned experiments.
Instead, the analysis is based on historical operating data
which may be compressed [1].

In previous publications [1–4], the authors have devel-
oped and evaluated an automated pattern matching tech-
nique that requires only minimal information from the
user. In particular, the user only has to supply two items
of information that characterize the abnormal situation:
the process variables of interest and their measurements
for the duration of the abnormal situation. This data is
referred to as the snapshot data. The proposed pattern
matching technique involves sliding a window of fixed
length through the historical data and comparing the
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snapshot data to each window of historical data. The
comparison is based on similarity factors from principal
component analysis (PCA). Because PCA models are
empirical in nature, no plant models or special plant tests
are necessary in applying this approach. Unlike standard
PCA analysis for process monitoring, no ‘‘calibration
data’’ are required. The effectiveness of the proposed pat-
tern matching technique has been demonstrated in simula-
tion studies for a nonlinear exothermic continuous stirred
tank reactor [2], a nonlinear batch fermentation [4], and
compressed historical data [1]. The proposed method has
also provided the basis for a new assessment technique
for model predictive control systems [5,6].

In this paper, we apply the pattern matching method to
the Tennessee Eastman challenge process [7]. Unlike previ-
ous applications, the Tennessee Eastman challenge process
includes plant disturbances that have different durations. It
is an important and appropriate application for evaluating
the pattern matching approach for the following reasons:
(1) it resembles an actual chemical plant, (2) it has large
number of process variables compared to the CSTR and
fermentation examples, (3) it is a highly nonlinear and
open-loop unstable plant, (4) it has process units that inter-
act with each other, and (5) it has served as a case study in
several previous papers on process monitoring and fault
detection [8–14].

This paper demonstrates that the proposed pattern
matching approach can also be used with other similarity
factors such as the dissimilarity factor [12] and similarity
factors based on the T2 and Q statistics [2]. The paper com-
pares pattern matching for the Tennessee Eastman chal-
lenge process for a variety of similarity factors. In Section
2 we describe the Tennessee Eastman challenge process
and the historical database generated for this research.
Then previous publications concerned with detecting and
diagnosis faults for the TE process are reviewed in Section
3. Our pattern matching method is described in Section 4
followed by the simulation results themselves in Section 5.
Finally, the conclusions for this research are presented in
Section 6.

2. Tennessee Eastman challenge process

The Tennessee Eastman (TE) challenge process is a con-
trol problem for a hypothetical chemical plant that has
been provided by the Tennessee Eastman company. Downs
and Vogel [7] describe the process, the control objectives,
suggestions for potential applications and details for using
a simulation of the process. They note that the simulation
is very similar to an actual plant.

The schematic for the TE process is presented in Fig. 1.
The process produces two products, G and H, from four
reactants A, C, D and E. A byproduct, F, is also produced.
There is an inert component, B, present in the reacting mix-
ture which enters mainly through the C stream (stream 4)
and in trace amounts through the A feed stream (stream
1). The plant has a total of seven operating modes that
include a base operating condition. The plant simulation
provides a total of 41 measurements and 12 manipulated
variables. This paper considers only the base operating
condition and base control strategy proposed by McAvoy
and Ye [15]. Other control schemes and identification stud-
ies for the plant have been reported [16–20], but only the
‘‘Base Control Strategy’’ of McAvoy and Ye [15] is consid-
ered here.

McAvoy and Ye [15] presented a strategy for controlling
the plant using PI controllers for the base operating mode
that is shown in Fig. 1. Their base control strategy uses 11
of the 12 manipulated variables; the 12th variable (reactor
agitator speed) is a free manipulated variable. In this paper,
the agitator speed is held constant. The multiloop PI con-
trol scheme facilitates setpoint changes for the nine con-
trolled variables and is able to handle 20 different types
of disturbances. The 20 disturbances (IDV(1)–IDV(20))
and four setpoint changes (SP(1)–SP(4)) are specified by
Downs and Vogel [7]. The details of the simulation and
its Matlab/Simulink implementation can be found in [3].

2.1. Historical data

The historical database for the TE process was gener-
ated by simulating the plant for a period of 3000 days or
approximately 8 years, 2 months, and 20 days. This simula-
tion resulted in over 4.32 million measurements for each of
the 52 variables (41 measured variables + 11 manipulated
variables). The historical data contained a total of 386
instances of the 20 disturbances IDV(1)–IDV(20), a total
of 80 instances of the four setpoint changes SP(1)–SP(4),
as well as normal operation. Thus, a total of 24 operating
conditions and normal operation were simulated in the his-
torical data. These operating conditions are described in
Table 1. Different random number sequences for process
and measurement noise were used for each simulation.
Gaussian process and measurement noise are included in
the standard TE program code.

The historical database was generated in the following
manner. The maximum duration of any operating condi-
tion was specified to be 96 h. Then a ‘‘relaxation period’’
of 48 h was simulated to allow the process to return to nor-
mal operation. Thus, the total time period for a distur-
bance or setpoint change, including the relaxation period,
was 144 h. For disturbances whose maximum duration
was restricted to less than 96 h (cf. Table 1), the process
was returned to normal operation at the end of the distur-
bance. Normal plant operation was then simulated until
t = 96 h and for an additional 48 h of the relaxation period.
For example, for disturbance IDV(20) the maximum dura-
tion is 8 h, as indicated by Table 1. The disturbance was
simulated for 8 h and then normal operation occurs for
136 h (= 96 � 8 + 48 h). The magnitude of each distur-
bance was determined by the TE program code.

For each 144 h operating period, the operating condi-
tion (i.e., disturbance, setpoint change, or normal opera-
tion) to be simulated, was chosen randomly. In general,
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Fig. 1. Tennessee Eastman challenge process schematic with the base control strategy of McAvoy and Ye [15].
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the faults and disturbances occurred one at a time (i.e., no
simultaneous faults). However, two simultaneous distur-
bances are considered in Section 5.1. The simulation gener-
ated 466 periods of abnormal operation and 34 periods of
normal operation during the period of 3000 days.

Remark. In the industry, historical data is archived by data
historians that usually compress the data to reduce storage
space. For example, data may be archived using a popular
data compression method such as box car, or simply
averaged. Although, data compression is an important
issue for pattern matching, it is outside the scope of this
paper. A previous paper [1] has demonstrated that unsu-
pervised pattern matching strategy works well for com-
pressed data. A discussion of the impact of data
compression on key statistics such as mean, variance etc.
and pattern matching can be found in [1,21].
3. Previous work

The Tennessee Eastman challenge process has provided
a challenging case study for many applications of process
control and monitoring methodologies. Raich and Çinar
[8–11] evaluated monitoring and fault diagnosis techniques
for the TE process. They developed innovative methods for
discriminating between different types of faults and distur-
bances using standard PCA metrics such as the Q and T2

statistics and the PCA similarity factor of [22]. Their
approach relied on building PCA models using representa-
tive data for each type of disturbance or fault that was con-
sidered. Using the PCA similarity factor approach, they
obtained an average of 54% accuracy for correctly diagnos-
ing the process faults.

The methodology proposed by the authors [2,3] differs
from that of Raich and Çinar [10,11] because the focus
of this paper is pattern matching rather than fault diagno-
sis. Consequently, it is not assumed that training data for
faults are available a priori. Also, Raich and Çinar
[10,11] calculated PCA metrics for each sample in the cur-
rent dataset while the proposed pattern matching method-
ology is based on comparing two sets of data and
characterizing their degree of similarity. Furthermore, the
proposed pattern matching strategy requires neither train-
ing data nor a priori knowledge about the process or the
start and end times of different disturbances.

Other researchers have also considered detection and
diagnosis of faults and disturbances for the TE challenge
process. Kano et al. [12,14] applied multivariate statistical
control techniques using a moving window, principal com-
ponent analysis (MPCA) method and the dissimilarity fac-
tor [23]. Their MPCA method is based on detection of
changes in the correlation between variables by monitoring



Table 1
Operating conditions of the TE plant with the base control strategy

Op ID Operating condition Description

N Normal operation No disturbances or setpoint changes
1 IDV(l) Step in A/C feed ratio, B composition constant
2 IDV(2) Step in B composition, A/C ratio constant
3 IDV(3) Step in D feed temperature (stream 2)
4 IDV(4) Step in reactor cooling water inlet temperature
5 IDV(5) Step in condenser cooling water inlet temperature
6 IDV(6) A feed loss (step change in stream 1). Switch pressure controller to purge stream and reduce

production rate by 23.8%. Maximum disturbance duration = 72 h
7 IDV(7) C header pressure loss-reduced availability (step change in stream 4)
8 IDV(8) Random variation in A–C feed composition (stream 4)
9 IDV(9) Random variation in D feed temperature (stream 2)
10 IDV(10) Random variation in C feed temperature (stream 4)
11 IDV(11) Random variation in reactor cooling water inlet temperature
12 IDV(12) Random variation in condenser cooling water inlet temperature
13 IDV(13) Slow drift in reaction kinetics. Maximum disturbance duration = 48 h
14 IDV(14) Sticking reactor cooling water valve
15 IDV(15) Sticking condenser cooling water valve
16 IDV(16) Unknown disturbance. Maximum disturbance duration = 48 h
17 IDV(17) Unknown disturbance. Maximum disturbance duration = 48 h
18 IDV(18) Unknown disturbance. Maximum disturbance duration = 12 h
19 IDV(19) Unknown disturbance
20 IDV(20) Unknown disturbance. Maximum disturbance duration = 8 h
21 SP(1) Production rate change (step down 15%)
22 SP(2) Product mix change (50/50 to 40/60)
23 SP(3) Reactor operating pressure change (step down by 60 kPa)
24 SP(4) Purge gas: Component B change (step up 2%)
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the smallest eigenvalue of a subspace transformation
matrix. They also evaluated the effectiveness of wavelet-
based multiscale PCA [24] for fault detection and found
the multiscale dissimilarity factor and multiscale PCA
methods to be superior to conventional PCA methods.
Their multiscale PCA method produced a disturbance
detection rate of 61% while the dissimilarity factor pro-
duced a detection rate of 64%. The methodology proposed
in this paper is focussed on locating similar patterns for the
TE process in the historical database and not only detect-
ing disturbances. Thus, it is different from the methodology
of Kano et al. [12,14].

Russell et al. [13] used canonical variate analysis (CVA)
to detect disturbances for the TE process. Their method
relies on monitoring a residual-based CVA statistic for
fault detection. The average fault detection rate using this
method was 58% for CVA-Q and 82% for CVA-T2 moni-
toring statistics, respectively. Russell et al. [13] were con-
cerned with fault detection while this paper focusses on
matching patterns in historical data. Also, their method
relies on estimating CVA models that require system exci-
tation, while the our approach does not and is based on
PCA models. Juricek et al. [19] applied a CVA-based sub-
space identification method to the TE challenge process.

Kassidas et al. [25] proposed an off-line fault diagnosis
method based on dynamic time warping and pattern recog-
nition principles, and applied their method to the TE chal-
lenge process. Their method is designed to classify faults
independently of the magnitude, duration, direction, and
plant production levels. This method is not designed to
classify stochastic disturbances and requires a priori
knowledge of start and end times of disturbances. By using
their method in combination with PCA for dimensionality
reduction, Kassidas et al. [25] obtained promising results
for fault classification of the TE deterministic faults.
Although their proposed methodology is intended for fault
diagnosis, it could potentially be modified for matching
patterns. However, the significant increase in computa-
tional complexity for large historical databases would
remain a challenging problem.

Gertler et al. [26] and Huang et al. [27] used structured
PCA residuals and parity relations for isolation of faults
for the TE process. This method is based on supervised
learning of fault characteristics by observing the structure
of the residuals for each type of fault being diagnosed. It
also requires expert knowledge about the interactions
between process variables. Huang et al. [27] achieved a
fault isolation rate of 50%.

Oh et al. [28] used pattern recognition methods and
shape primitives to match patterns. The biggest limitation
of this method is the use of shape primitives for describing
the features of a signal. The shape primitives approach
does not capture the behavior of noisy multivariate time-
series data, especially when there is a large number of
process variables that are highly correlated. The shape
primitives are particularly sensitive to noise levels, fault
magnitudes, and fault durations.

Chiang et al. [29,30] used Fisher�s discriminant analysis
(FDA), PCA and partial least squares (PLS) methods for
fault detection and diagnosis. Their method relied on using
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the standard Q and T2 statistics for detecting and identify-
ing faults. Separate PCA models were constructed based on
TE response data collected for each specific fault. Then Q

and T 2 statistics were calculated for each PCA model to
predict which fault(s) were most likely to occur. This
approach assumes that representative data for each fault
are available, which is a restrictive assumption for many
practical problems. They also used a PLS approach where
representative data for each fault were used to ‘‘train’’ a
PLS model to identify a fault. The predicted data (Y) for
this approach were the fault classes while the predictor data
(X) were the unfolded measurement data for the corre-
sponding fault. They obtained an average misclassification
rate of 20% using a combination of FDA and PCA, 58%
using PLS, and 60% using PCA.

The approach considered in this paper has some key dif-
ferences compared to the methodology of Chiang et al.
[29]. The proposed pattern matching approach is unsuper-

vised while Chiang et al. [29] use a supervised fault diagno-
sis approach. For the proposed approach, we assume that
the start and end times of the fault conditions are
unknown, while Chiang et al. [29] use datasets where the
fault condition is known to occur a priori at the beginning
of the dataset. Also, the focus of the paper is on pattern
matching in a historical database while Chiang et al.
[29,30] were concerned with fault diagnosis.

4. Pattern matching approach

The authors have developed a new pattern matching
approach using similarity factors in [1–4,31]. The approach
requires specification of a snapshot dataset, S, that serves
as a template for searching the historical database. The
snapshot specifications consist of: (i) the relevant process
variables, and (ii) duration of interest. These specifications
can be arbitrarily chosen by the user; no special plant tests
or pre-imposed conditions are necessary. Patterns similar
to the snapshot dataset are located from the historical data
by sliding a window of fixed length through the historical
data and similarity factors are calculated for each instance
of the moving window, H. The historical data windows
with the largest values of the similarity factors are col-
lected in a candidate pool and are rank ordered. The indi-
vidual data windows in the candidate pool are called
records. After the candidate pool has been formed, a per-
son familiar with the process can then perform a more
detailed examination of the records. The details of the
moving window approach for pattern matching are pro-
vided by [2].

4.1. Pattern matching using similarity factors

Pattern matching in historical data involves compari-
sons of two different datasets. In this paper, we are con-
cerned with pattern matching based on multivariate
statistical methods, especially principal component analysis
(PCA). Background material on PCA and its applications
for process monitoring and fault detection are available
in books [30,32] and survey papers [33–36].

Several similarity factors may be used for comparison of
two multivariate time-series datasets. Ref. [2] contains a
detailed description of these similarity factors.

Singhal and Seborg [2] used the PCA similarity factor
(SPCA), the distance similarity factor (Sdist) and Kano�s dis-
similarity factor (DF) for pattern matching. The standard
PCA similarity factor, SPCA, does not account for the var-
iance explained by each principal component (PC) and
weights each PC equally in the similarity calculation [22].
A more informative measure of the similarity between
two datasets should take into account the variance
explained by each principal component direction. Conse-
quently, a modified PCA similarity factor, Sk

PCA, was pro-
posed by Johannesmeyer [31,37] that weights each
principal component by the square root of its correspond-
ing eigenvalue. The modified PCA similarity factor for two
datasets S and H is calculated as,

Sk
PCA,

Pk
i¼1

Pk
j¼1 kS

i k
H
j

� �
cos2hijPk

i¼1k
S
i k

H
i

ð1Þ

where, k is the number of PCs such that k PCs explain at
least 95% variance in each dataset. kS and kH are the eigen-
values of STS and HTH, respectively. In Eq. (1) the cosine
squared of the angle between the ith PC of S and the jth PC
of H is weighted by the product of the corresponding
eigenvalues.

Remark. In this paper, we use k PCs that describe at least
95% variance in both S and H. This approach is simple and
computationally inexpensive compared to more rigorous
methods such as cross-validation and using prediction
errors to determine the number of PCs [38]. The reader
may also use our approach of determining k from the
amount of variance explained but choose the variance
cutoff based on the signal to noise ratio.
4.2. Performance measures for pattern matching

Two important metrics are proposed to quantify the
effectiveness of a pattern matching technique. But first, sev-
eral definitions are introduced:

NP: The size of the candidate pool. NP is the number of
historical data windows that have been labeled ‘‘similar’’
to the snapshot data by a pattern matching technique.
The data windows collected in the candidate pool are
called records.
N1: The number of records in the candidate pool that
are actually similar to the current snapshot, i.e., the
number of correctly identified records.
N2: The number of records in the candidate pool that
are actually not similar to the current snapshot, i.e.,
the number of incorrectly identified records. By defini-
tion, N1 + N2 = NP.
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NDB: The total number of historical data windows that
are actually similar to the current snapshot. In general,
NDB 5 NP.

The first metric, the pool accuracy p, characterizes the
accuracy of the candidate pool:

p,
N 1

NP

� 100% ð2Þ

A second metric, the pattern matching efficiency g, charac-
terizes how effective the pattern matching technique is in
locating similar records in the historical database. It is de-
fined as:

g,
N 1

NDB

� 100% ð3Þ

When the pool size NP is small (NP < NDB), then the effi-
ciency g will be small because N1 6 NP. A theoretical max-
imum efficiency, gmax, for a given pool size NP can be
calculated as follows:

gmax,

NP

NDB
� 100% for NP < N DB

100% for NP P NDB

(
ð4Þ

Because an effective pattern matching technique should
ideally produce large values of both p and g, an average
of the two quantities (n) is used as a measure of the overall
effectiveness of pattern matching:

n,
p þ g

2
ð5Þ

In pattern matching problems, the relative importance of p

and g metrics is application dependent. For example, a
busy engineer may want to locate a small number of previ-
ous occurrences of an abnormal situation without having
to waste valuable time in evaluating incorrectly identified
records (false positives). In this situation, a large value of
p is more important than a large value of g, and NP should
be small (e.g., Eqs. (2)–(5)). In other types of applications,
it might be desirable to locate most (or even all) previous
occurrences of an abnormal situation, for business or legal
reasons. This type of situation could arise during the inves-
tigation of a serious plant accident or after the recall of a
defective product. Here, g is more important than p and
a relatively large value of the candidate pool size, NP, is
acceptable.

Remarks. The proposed pattern matching methodology
uses PCA to calculate the degree of similarity between
multivariate time-series datasets. A limitation of the
proposed method is that a PCA model is a linear and
static representation of the correlation between variables,
while the data may represent nonlinear and dynamic
processes. Thus, it is possible that for highly nonlinear and
autocorrelated processes, the proposed methodology may
not be very effective in matching patterns. However, in the
present case study of the Tennessee Eastman challenge
process, and in related case studies of a nonlinear chemical
reactor and batch fermentation [2–4], the standard PCA
similarity factor provided very effective pattern matching.
Dynamic PCA [39] may be used to include the effects of
autocorrelation, but preliminary results have not indicated
any significant improvement of dynamic PCA over the
standard PCA similarity factor.
5. Results and discussion

In this section, the performance of different pattern
matching techniques for the TE case study are compared.
As mentioned in Section 4, a data window having the same
size as the snapshot data was moved through the historical
database at a window movement rate of w � m/10 data
points, where m is the length of the snapshot data window.
For example, for disturbance IDV(1), m = 5761 and
w = 576. The ith moving window of the historical data
was denoted as Hi. Each snapshot dataset (S) was scaled
to zero mean and unit variance. When the snapshot data S

were compared to a data window Hi, the historical data
were scaled using the scaling factors for the snapshot data.
Similarity factors were then calculated for each Hi. The
similarity factors were then sorted in decreasing order to
create a rank-ordered list of the historical data windows.
Historical data windows that were closer than m observa-
tions from each other were eliminated from the candidate
pool, as described by [2]. After the entire database was ana-
lyzed for one set of snapshot data, the analysis was
repeated for a new snapshot dataset. A total of 25 different
snapshot datasets, one for each of the 25 operating condi-
tions in Table 1, were considered. In this paper we present
results for pattern matching using individual similarity fac-
tors only. Scatter-plots or a linear combination may be
considered to combine multiple similarity factors [2].

The pattern matching results for the SPCA method and
different values for the candidate pool size, NP are pre-
sented in Fig. 2. The values of p, g and n in Fig. 2 are aver-
age values for the 25 snapshot datasets. For small values of
NP, the accuracy p is over 80% while the pattern matching
efficiency g is very low but close to its theoretical maximum
value, gmax. As NP increases, p decreases and g increases,
but their average, n, shows a maximum at a value of
NP = 18. Consequently, this value is considered to be the
optimum value for NP. The average pool accuracy for the
optimum value of NP is 68%.

Detailed pattern matching results for individual snap-
shots are shown in Table 2, while the misclassifications
are presented in Table 3. The shaded numbers along the
diagonal are the correctly classified operating periods from
the historical data and the boxed numbers are the misclas-
sified ones. For example, if operating condition #2 was the
snapshot dataset, then out of 18 records in the candidate
pool, 16 were actually #2 while two records were normal
operation.

Operating conditions #3–5 and 15 are difficult to locate
in the historical database, while other operating conditions



0 5 10 15 20 25 30 35 40
0

10

20

30

40

50

60

70

80

90

100

N
P

%

p
η
η

max

ξ

Fig. 2. Pattern matching results using SPCA for different values of the
candidate pool size, NP.

A. Singhal, D.E. Seborg / Journal of Process Control 16 (2006) 601–613 607
such as #1, 2, 6, 8, 10, 11, 17, 19 and 22 have a high pool
accuracy, p. Chiang et al. [30] also found that misclassifi-
cation rates using dynamic PCA and Fisher discriminant
analysis for operating conditions #3 and #15 were very
high, while those for operating conditions #4 and #5
were acceptable. Raich and Çinar [10] were unsuccess-
ful in distinguishing operating-condition #3 from other
Table 2
Detailed pattern matching results for the Tennessee Eastman case study using

Op ID NDB m w N1 N2

Average 20 NA NA 12 6

N 34 5761 500 14 4
1 18 5761 500 18 0
2 18 5761 500 16 2
3 26 5761 500 1 17
4 21 5761 500 0 18
5 21 5761 500 2 16
6 16 4321 500 16 2
7 15 5761 500 8 10
8 16 5761 500 16 2
9 20 5761 500 10 8
10 20 5761 500 18 0
11 18 5761 500 16 2
12 16 5761 500 12 6
13 21 2881 250 7 11
14 25 5761 500 11 7
15 21 5761 500 3 15
16 18 2881 250 14 4
17 20 2881 250 18 0
18 18 721 100 15 3
19 21 5761 500 18 0
20 17 481 50 13 5
21 19 5761 500 16 2
22 17 5761 500 16 2
23 19 5761 500 14 4
24 25 5761 500 12 6
operating conditions using SPCA. However, they were
able to distinguish this disturbance successfully from nor-
mal operation using PCA based monitoring methods,
namely, the standard Q statistic and the combined dis-
criminant.

In Table 3 the numerical values in the second column
indicate that many of the operating conditions are misclas-
sified as the normal operation. An insight into the reasons
for the misclassifications can be obtained by observing the
SPCA values for different pairs of operating conditions.
Fig. 3 shows the SPCA values in grayscale when the operat-
ing condition in the first column is considered to be the
snapshot dataset for the purposes of scaling. It is clear
from Fig. 3 that the normal operation is very similar to
operating conditions #3–5 and #15. Also, operating condi-
tion #3 is misclassified with operating conditions #5 and
#15 because of high SPCA values between them (cf. Table
3 and Fig. 3).

Another reason why operating conditions #3–5 are mis-
classified as normal operation is that each simulated oper-
ating condition in the historical data is flanked by normal
operation on both sides (before and after the fault). Thus,
with a moving window approach, a combination of a sim-
ilarity factor value and the existence of normal operation
on both sides of each fault results in the misclassifications
being biased towards normal operation. The opposite
effect is not seen where normal operation is misclassified
with these fault conditions because there are more normal
operating periods in the historical data and the pattern
the SPCA method (NP = 18)

p (%) g (%) gmax (%) n (%)

68 64 90 66

78 41 53 59
100 100 100 100
89 89 100 89

6 4 69 5
0 0 86 0

11 10 86 10
89 100 100 94
44 53 100 49
89 100 100 94
56 50 90 53

100 90 90 95
89 89 100 89
67 75 100 71
39 33 86 36
61 44 72 53
17 14 86 15
78 78 100 78

100 90 90 95
83 83 100 83

100 86 86 93
72 76 100 74
89 84 95 87
89 94 100 92
78 74 95 76
67 48 72 57
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Fig. 4. Pattern matching results using Sdist for different values of NP.

Table 3
Detailed misclassification results for Table 2 (candidate pool size NP = 18)

OpID N 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
N 14 0 0 0 0 2 0 0 0 0 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0
1 0 18 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
2 2 0 16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
3 13 0 0 1 0 3 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
4 12 0 0 3 0 0 0 0 0 0 0 0 0 0 0 3 0 0 0 0 0 0 0 0 0
5 11 0 0 1 0 2 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 0
6 2 0 0 0 0 0 16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 9 0 0 0 0 0 0 8 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
8 2 0 0 0 0 0 0 0 16 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
9 7 0 0 1 0 0 0 0 0 10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

10 0 0 0 0 0 0 0 0 0 0 18 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 2 0 0 0 0 0 0 0 0 0 0 16 0 0 0 0 0 0 0 0 0 0 0 0 0
12 5 0 0 0 0 0 0 0 0 1 0 0 12 0 0 0 0 0 0 0 0 0 0 0 0
13 11 0 0 0 0 0 0 0 0 0 0 0 0 7 0 0 0 0 0 0 0 0 0 0 0
14 4 0 0 0 3 0 0 0 0 0 0 0 0 0 11 0 0 0 0 0 0 0 0 0 0
15 12 0 0 0 0 3 0 0 0 0 0 0 0 0 0 3 0 0 0 0 0 0 0 0 0
16 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 14 0 0 0 0 0 0 0 0
17 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 18 0 0 0 0 0 0 0
18 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 15 0 0 0 0 0 0
19 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 18 0 0 0 0 0
20 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 13 0 0 0 0
21 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 16 0 0 0
22 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 16 0 0
23 2 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0 14 0
24 4 0 0 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 12

Fig. 3. Matrix of SPCA values for different operating conditions. SPCA

values P 0.95 are crossed out.
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matching approach locates those periods first. This situa-
tion may be remedied by reducing the length of the snap-
shot. By making the snapshot dataset smaller, m becomes
smaller which increases the chances of the moving win-
dow falling correctly in the middle of the historical fault
condition. Also, proper selection of process variables
in the snapshot data may improve the pattern match-
ing results [40,41]. This pre-processing of the snapshot
data before pattern matching is proposed as future
research.

Next, Sdist was used for pattern matching. The effect of
NP on pattern matching using Sdist is presented in Fig. 4.
The optimum value of NP for the Sdist method is 14. The



Table 4
Detailed pattern matching results for the Tennessee Eastman case study using the Sdist method (NP = 14)

Op ID NDB m w N1 N2 p (%) g (%) gmax (%) n (%)

Average 20 NA NA 6 8 42 31 72 36

N 34 5761 500 9 5 64 26 41 45
1 18 5761 500 14 0 100 78 78 89
2 18 5761 500 11 3 79 61 78 70
3 26 5761 500 1 13 7 4 54 5
4 21 5761 500 4 10 29 19 67 24
5 21 5761 500 1 13 7 5 67 6
6 16 4321 500 10 4 71 63 88 67
7 15 5761 500 8 6 57 53 93 55
8 16 5761 500 1 13 7 6 88 7
9 20 5761 500 3 11 21 15 70 18
10 20 5761 500 2 12 14 10 70 12
11 18 5761 500 0 14 0 0 78 0
12 16 5761 500 1 13 7 6 88 7
13 21 2881 250 4 10 29 19 67 24
14 25 5761 500 0 14 0 0 56 0
15 21 5761 500 0 14 0 0 67 0
16 18 2881 250 0 14 0 0 78 0
17 20 2881 250 14 0 100 70 70 85
18 18 721 100 9 5 64 50 78 57
19 21 5761 500 0 14 0 0 67 0
20 17 481 50 4 10 29 24 82 26
21 19 5761 500 9 5 64 47 74 56
22 17 5761 500 14 0 100 82 82 91
23 19 5761 500 14 0 100 74 74 87
24 25 5761 500 14 0 100 56 56 78
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Fig. 5. Pattern matching results using Sk
PCA only for different values of NP.
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detailed results for individual operation conditions for
NP = 14 are presented in Table 4. A comparison of Tables
2 and 4 indicates that SPCA provides much better pattern
matching than Sdist. However, pattern matching based on
Sdist produces better results for operating condition #4
compared to SPCA. There is no significant improvement
in pattern matching for operating conditions #3, 5 and
15 using Sdist.

The pattern matching results for Sk
PCA and different val-

ues of NP are presented in Fig. 5. The optimum size of the
candidate pool is 16 and the detailed results for this value
of NP are presented in Table 5. A comparison of Tables
2 and 5, and Figs. 2 and 5 shows that SPCA performs some-
what better than Sk

PCA for this case study.
The summary of pattern matching results for different

methods is presented in Table 6. It is clear from Table 6
that the SPCA and the dissimilarity factor methods [23] per-
form well, while the standard T2, Q and the combined dis-
criminant statistic similarity factors described in [2] are less
effective for this case study.

When the dissimilarity factor (DF) method was used for
pattern matching, the optimum NP was 18. The pattern
matching results for individual operating conditions for
NP = 18 are presented in Table 7. The DF method per-
forms slightly better than the SPCA method for the TE case
study, while the SPCA and Sk

PCA methods performed signif-
icantly better for the CSTR and fermentation case studies
[2–4]. A comparison of the pattern matching performance
of the SPCA and the DF methods is presented in Fig. 6.
The pattern matching results for these two methods are
very close as indicated by the p, g and n curves in Fig. 6.

From Tables 2 and 6, it is clear that the SPCA and the
DF methods provide the best pattern matching, while
the Sk

PCA method also produces good results. Although
the DF method produces the best pattern matching for this
case study, the SPCA method is a very close second. The



Table 5
Detailed pattern matching results for the Tennessee Eastman case study using the Sk

PCA method (NP = 16)

Op ID NDB m w N1 N2 p (%) g (%) gmax (%) n (%)

Average 20 NA NA 11 5 67 57 82 62

N 34 5761 500 9 7 56 26 47 41
1 18 5761 500 15 1 94 83 89 89
2 18 5761 500 14 2 88 78 89 83
3 26 5761 500 2 14 13 8 62 10
4 21 5761 500 0 16 0 0 76 0
5 21 5761 500 3 13 19 14 76 17
6 16 4321 500 16 0 100 100 100 100
7 15 5761 500 15 1 94 100 100 97
8 16 5761 500 15 1 94 94 100 94
9 20 5761 500 10 6 63 50 80 56
10 20 5761 500 15 1 94 75 80 84
11 18 5761 500 12 4 75 67 89 71
12 16 5761 500 7 9 44 44 100 44
13 21 2881 250 13 3 81 62 76 72
14 25 5761 500 10 6 63 40 64 51
15 21 5761 500 3 13 19 14 76 17
16 18 2881 250 15 1 94 83 89 89
17 20 2881 250 16 0 100 80 80 90
18 18 721 100 14 2 88 78 89 83
19 21 5761 500 10 6 63 48 76 55
20 17 481 50 6 10 38 35 94 36
21 19 5761 500 16 0 100 84 84 92
22 17 5761 500 10 6 63 59 94 61
23 19 5761 500 9 7 56 47 84 52
24 25 5761 500 12 4 75 48 64 62

Table 6
Comparison of pattern matching methods for the Tennessee Eastman challenge process case study

Method Optimum NP N1 N2 p g gmax n

T2 similarity factor (95% limit) 16 5 11 34 28 82 31
Q similarity factor (95% limit) 1 1 0 56 3 5 29
Combined discriminant 14 4 10 29 22 72 25
Dissimilarity factor 18 12 6 69 66 90 68
SPCA 18 12 6 68 64 90 66
Sk

PCA 16 11 5 67 57 82 62
Sdist 14 6 8 42 31 72 36
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computational effort required for the DF method is a fac-
tor of three times more than that required for the proposed
SPCA method. The proposed SPCA method takes an average
of 30 min for each snapshot dataset to sweep through the
entire historical database on a Pentium 4/1.7 GHz com-
puter with 512 MB of RDRAM and running MATLAB

TM6.1
on Windows XP�. By contrast, the DF method takes an
average of 91 min for each snapshot to sweep through
the historical data. Thus, although the SPCA and DF meth-
ods produced very close pattern matching results, the SPCA

method required much less computational effort.

5.1. Results for simultaneous disturbances

In order to evaluate the performance of the proposed
pattern matching strategy for simultaneous disturbances
that do not exist in the historical data, a new dataset con-
sisting of two simultaneous disturbances, operating condi-
tions #2 (IDV(2)) and #16 (IDV(16)), was generated. This
new dataset was then used as an additional snapshot data
for pattern matching. It will be referred to as operating
condition #25 and has a duration of 48 h.

The pattern matching results for a candidate pool size
NP = 20 and this new snapshot are presented in Table 8.
These results show the historical data windows that are
most similar to operating condition #25, even though this
new operating condition does not exist in the historical
database. When SPCA alone was used for pattern matching
and candidate pool size of NP = 20 was selected, the new
snapshot was classified once as normal operation and the
remaining 19 times as operating conditions #2 or #16.
These results are quite reasonable because the new snap-
shot dataset is a composite of operating conditions #2
and #16. By contrast, the DF method misclassified the
snapshot as normal operation, five out of 20 times.

The similarity factors for operating condition #25 and
several pattern matching methods are presented in Table
9. These results indicate that the new operating condition



Table 7
Pattern matching results for individual operating conditions the Tennessee Eastman case study using the dissimilarity factor method (NP = 18)

Op ID NDB m w N1 N2 p (%) g (%) gmax (%) n (%)

Average 20 NA NA 12 6 69 66 90 68

N 34 5761 500 10 8 56 29 53 42
1 18 5761 500 17 1 94 94 100 94
2 18 5761 500 14 4 78 78 100 78
3 26 5761 500 3 15 17 12 69 14
4 21 5761 500 3 15 17 14 86 15
5 21 5761 500 3 15 17 14 86 15
6 16 4321 500 16 2 89 100 100 94
7 15 5761 500 15 3 83 100 100 92
8 16 5761 500 16 2 89 100 100 94
9 20 5761 500 11 7 61 55 90 58
10 20 5761 500 14 4 78 70 90 74
11 18 5761 500 18 0 100 100 100 100
12 16 5761 500 15 3 83 94 100 89
13 21 2881 250 18 0 100 86 86 93
14 25 5761 500 10 8 56 40 72 48
15 21 5761 500 3 15 17 14 86 15
16 18 2881 250 11 7 61 61 100 61
17 20 2881 250 18 0 100 90 90 95
18 18 721 100 17 1 94 94 100 94
19 21 5761 500 9 9 50 43 86 46
20 17 481 50 8 10 44 47 100 46
21 19 5761 500 18 0 100 95 95 97
22 17 5761 500 12 6 67 71 100 69
23 19 5761 500 17 1 94 89 95 92
24 25 5761 500 16 2 89 64 72 76
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Fig. 6. Comparison of pattern matching by SPCA and dissimilarity factor
methods for different values of NP.

Table 8
Pattern matching results for NP = 20 and new operating condition #25

Similarity factor Misclassifications (operating
condition and number)

SPCA N(1), 2(17), 16(1)
Sk

PCA N(6), 2(14)
Sdist N(3), 2(15), 8(2)
Dissimilarity factor N(5), 2(15)
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(#25) has a high degree similarity with its individual distur-
bances, operating conditions #2 and #16. Although the
Sk

PCA values are lower than the SPCA values, operating con-
ditions #2 and #16 still have the highest degrees of similar-
ity to #25 for the Sk

PCA method. Operating conditions #2
and #16 also have the highest degree of similarity with
the new operating condition #25 for the DF method. Also,
because the majority of data windows in Tables 8 and 9
correspond to operating condition #2, it is the dominant
component of operating condition #25.

Although these results show that a new pattern which
consists of simultaneous disturbances can be classified to
be similar to the individual disturbances, we do not have suf-
ficient evidence to show it as a general rule for most simul-
taneous disturbances. Several situations are possible: (1) if
one disturbance is dominant, it may mask the effect of the
other, (2) if the two disturbances interact with each other,
then depending on the nonlinear nature of their interaction,
the combination may be completely different from the indi-
vidual disturbances, or (3) if the disturbances are indepen-
dent (noninteracting), then it may be possible to determine
the individual disturbances from the combination.

When the snapshot data correspond to an operating
condition that does not exist in the historical data, the pat-
tern matching method will locate the most similar records
regardless of whether the condition is present in the histor-
ical data or not. If the new operating condition is quite dif-
ferent, then the situation will be apparent by the small



Table 9
Similarity factor values for snapshot operating condition #25 and other
operating conditions

Op ID SPCA Sk
PCA Sdist DFa

N 0.82 0.59 0.00 0.48
1 0.86 0.37 0.00 0.54
2 0.91 0.78 0.07 0.69

3 0.82 0.57 0.00 0.47
4 0.83 0.59 0.00 0.50
5 0.83 0.58 0.00 0.50
6 0.84 0.09 0.00 0.47
7 0.84 0.04 0.00 0.36
8 0.86 0.55 0.00 0.40
9 0.85 0.61 0.00 0.50
10 0.85 0.59 0.00 0.52
11 0.84 0.13 0.00 0.56
12 0.85 0.50 0.00 0.56
13 0.84 0.52 0.00 0.30
14 0.82 0.27 0.00 0.48
15 0.82 0.55 0.00 0.47
16 0.91 0.62 0.00 0.63

17 0.77 0.41 0.00 0.31
18 0.77 0.52 0.00 0.18
19 0.84 0.46 0.00 0.48
20 0.81 0.51 0.00 0.18
21 0.83 0.05 0.00 0.47
22 0.85 0.15 0.00 0.52
23 0.84 0.49 0.00 0.56
24 0.84 0.56 0.00 0.51

a Dissimilarity factor method. The values reported in this column are
1 � D values.
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numerical values of the similarity factor for all historical
data windows. The trained engineer/process expert would
examine the candidate pool to determine if the identified
historical data records are indeed represent the same fault
condition. The issue of simultaneous and unknown distur-
bances, therefore, requires a more detailed analysis and is
proposed as future research.

6. Conclusions

The proposed pattern matching methodology based on
PCA similarity factors, a dissimilarity factor, and a moving
window approach has been successfully applied to the Ten-
nessee Eastman challenge process. The proposed method-
ology locates most operating conditions very effectively
without training data nor the knowledge of the start and
end times of disturbances. The results presented in this case
study show that the proposed methodology provides supe-
rior pattern matching compared to alternative PCA-based
methods.
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[9] A. Raich, A. Çinar, Multivariate statistical methods for monitoring
continuous processes: assessment of discrimination power of distur-
bance models and diagnosis of multiple disturbances, Chemometrics
Intel. Lab. Syst. 30 (1995) 37–48.
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