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A new support vector clustering (SVC)-based probabilistic approach is developed for unsupervised chemical process
monitoring and fault classification in this article. The spherical centers and radii of different clusters corresponding to
normal and various kinds of faulty operations are estimated in the kernel feature space. Then the geometric distance of the
monitored samples to different cluster centers and boundary support vectors are computed so that the distance–ratio–based
probabilistic-like index can be further defined. Thus, the most probable clusters can be assigned to the monitored samples
for fault detection and classification. The proposed SVC monitoring approach is applied to two test scenarios in the
Tennessee Eastman Chemical process and its results are compared to those of the conventional K-nearest neighbor Fisher
discriminant analysis (KNN-FDA) and K-nearest neighbor support vector machine (KNN-SVM) methods. The result
comparison demonstrates the superiority of the SVC-based probabilistic approach over the traditional KNN-FDA and
KNN-SVM methods in terms of fault detection and classification accuracies. VVC 2012 American Institute of Chemical

Engineers AIChE J, 59: 407–419, 2013
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Introduction

Effective monitoring of chemical processes is critically
important to ensure safe plant operation, reliable product
quality, consistent environment compliance and maximized
production profit. Any abnormal process operation should be
detected in the early stage to avoid the occurrence of serious
incidents in a plant. Then the root causes of process faults
can be diagnosed so that the corrective actions may be fur-
ther taken to move the plant back to normal status.1–3 Tradi-
tional methods of process monitoring are mainly based on
mechanistic models, which require significant effort and in-
depth knowledge to develop.4 For complex processes, it is
not a trivial task to build fundamental models so that this
type of approaches are difficult to implement in practice.

With the development of advanced measurement and data
storage techniques, data driven multivariate statistical techni-
ques have been widely applied to chemical process monitor-
ing over the past decades. The most popular multivariate
process monitoring methods are principal component analy-
sis (PCA) and partial least squares (PLS).5–10 These techni-
ques can project the measurement data from the original
high-dimensional space into low-dimensional linear subspace
with covariance or cross-correlation information retained.
Then the fault detection and diagnosis can be performed

within the latent variable subspace using Hotelling’s T2 and
squared prediction error indexes. The conventional PCA or
PLS monitoring methods are targeted at linear systems, and,
thus cannot handle nonlinearity in the processes. To deal
with nonlinear processes, kernel function-based PCA and
PLS approaches have been developed and applied to chemi-
cal process monitoring.11,12 Basically, kernel PCA or PLS
converts the input space into high-dimensional feature space
through nonlinear kernel mapping and then the fault detec-
tion statistics can be derived in the kernel feature space. In
PCA- or PLS-based monitoring methods, the objective is to
de correlate latent variables and, therefore, only second-order
statistics are taken into account. However, industrial proc-
esses are often of non-Gaussianity and, thus, higher-order
statistics should not be ignored. More recently, independent
component analysis (ICA)-based monitoring approach has
been proposed to tackle non-Gaussian processes.13,14 The
statistically independent latent variables are extracted to
track the abnormal operation events in complex processes
with significant non-Gaussianity. Alternately, Gaussian mix-
ture model (GMM) has been integrated with Bayesian infer-
ence for multimode non-Gaussian process monitoring and
fault diagnosis. The finite mixture model can well character-
ize the multimodality due to shifting operation conditions in
chemical processes.15,16

The aforementioned PCA, PLS, ICA, and GMM methods
essentially require fault-free data set to train the normal
operation model. In practice, however, the collected training
data often include both normal and faulty samples. Though
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the supervised monitoring techniques such as FDA17,18 and
support vector machine (SVM)19–21 can deal with such
modeling set, the prior assumption is that the faulty sam-
ples have been isolated from the normal ones so that the
class labels are available on the training data. Typically, a
preliminary clustering step is required to identify normal
and faulty data labels in order for the above FDA or SVM
methods to be applicable. The traditional clustering techni-
ques such as k-nearest neighbor (KNN) and k-means meth-
ods are not the best choices in handling process nonlinear-
ity and non-Gaussianity. In this work, a support vector
clustering-(SVC)-based fault detection and classification
approach is proposed and applied to the chemical processes
with unlabeled data set. The original multivariate measure-
ments are mapped into a high-dimensional feature space
with Gaussian kernel function. Then the spherical bounda-
ries enclosing different data clusters are identified within
the feature space. Further the spheres are mapped back to
the original measurement space as a series of contours to
delineate the underlying probability distributions of various
clusters, which correspond to normal or different types of
faulty samples. With the identified cluster boundaries, a
geometric distance-based probability index is established to
determine whether the operation data are normal or faulty.
Moreover, different types of process faults can be classified
on the abnormal samples.

The article is laid out as follows. The preliminaries on
SVM technique are briefly reviewed as shown in the Pre-
liminaries. The new SVC-based fault detection and classifi-
cation approach is described as shown in the SVC-Based
Probabilistic Method for Fault Detection and Classification.
The performance of the proposed monitoring approach
through the application example of the Tennessee Eastman
Chemical Process is illustrated as shown in the Case Study.
This work is finally concluded in the Conclusion.

Preliminaries

SVM is a powerful technique for pattern classification,
function regression and probability density estimation.22 The
formulation of SVM is based on the structural risk minimi-
zation principle, which minimizes the upper bound on the
expected risk of models. For the classification problem, the
goal of SVM is to search for the optimal separating hyper-
plane with the maximized separation margin. Consider a set
of training samples {(x1, y1), (x2, y2),…,(xm, ym)} with
xi 2 Rn and yi 2 �1; 1f g. The two-class separation hyper-
plane can be expressed as23,24

x; xh i þ b ¼ 0 (1)

where the parameters x and b satisfy the following constraints

yi½ x; xih i þ b� � 1; i ¼ 1; 2;…; n (2)

Then the optimal separating hyperplane can be solved
from the minimization problem below25

min
1

2
jjxjj2 (3)

which is subject to the constraints in Eq. 2. The solution to the
above optimization problem can be further obtained from the
saddle point of the following Lagrange function

/ðx; b; aÞ ¼ 1

2
jjxjj2 �

Xn

i¼1

ai yi½ x; xih i þ b� � 1ð Þ (4)

where ai � 0 is the Lagrange multiplier.
The corresponding dual problem is given by

max
a

� 1

2
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Xn

j¼1

aiajyiyj xi; xj
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þ
Xn
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whose solution is expressed as

arg min
a

1
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Xn

j¼1

aiajyiyj xi; xj

� �
�
Xn

k¼1
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with

Xn

i¼1

aiyi ¼ 0 (7)

The parameters of optimal separating plane are estimated
as

x̂ ¼
Xn

i¼1

aiyixi (8)

and

b̂ ¼ � 1

2
x̂; xA

sv þ xB
sv

� �
(9)

where xA
sv and xB

sv are the support vectors belonging to
two different classes A and B, respectively. The SVM-
based classifier can be then defined as the following sign
function

f ðxÞ ¼ sgnð x̂; xh i þ bÞ (10)

With the nonlinear kernel function K introduced, the opti-
mization problem is updated to

max
a

� 1

2

Xn

i¼1

Xn

j¼1

aiajyiyjKðxi; xjÞ þ
Xn

k¼1

ak

( )
(11)

with the constraints

0 � ai � C i ¼ 1; 2;…; n (12)

where C is the regularization parameter corresponding to the
penalty level of errors. The nonlinear classifier is expressed as

f ðxÞ ¼ sgn
X

i2SVs

aiKðxi; xÞ
 !

(13)

The class labels of data samples are needed to train the
SVM model.

SVC-Based Probabilistic Method for Fault
Detection and Classification

Different from the SVM-based classification, the SVC
method has the capability of unsupervised learning with
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unlabeled training samples. A series of support vectors are
identified to characterize the probability density distribution
of training data and then the minimum spheres surrounding
different classes are estimated within the high-dimensional
feature space.26,27 Let X ¼ {x1,x2,…,xm} be a set of
n-dimensional input measurements in the training data set
while the corresponding class labels are unavailable. It is
noted that a preliminary data normalization step is conducted
to scale the training samples to zero means and unit varian-
ces along all the measurement variables. Meanwhile, a non-
linear mapping function U is defined to project the observa-
tions from the low-dimensional measurement space into the
high-dimensional feature space. Thus, the mapped samples
in the feature space are denoted as

fUðx1Þ;Uðx2Þ;…;UðxmÞg (14)

Assume that there are total L þ 1 classes

fS1; S2;…; SLþ1g (15)

which correspond to the normal operation and L different types
of process faults as follows

S1 : normal operation

S2 : fault type 1

S3 : fault type 2

..

.

SLþ1 : fault type L

For an arbitrary class Sk, the corresponding sphere in the
feature space can be characterized as

jjUðxiÞ � ckjj2 � r2
k (16)

where �j jj j is the L2 norm, ck represents the spherical center of
the kth class and rk denotes the radius of the sphere. If a slack
variable ni � 0 is introduced to slightly relax the boundary of
the sphere, the above formulation becomes

jjUðxiÞ � ckjj2 � r2
k þ ni (17)

The Lagrange function of the optimization problem is
written as

F ¼ r2
k �

Xm

i¼1

aiðr2
k þ ni � jjUðxiÞ � ckjj2Þ �

Xm

i¼1

bini þ C
Xm

i¼1

ni

(18)

where ai � 0 and bi � 0 are the Lagrange multipliers, and C is
the regularization constant to determine the penalty on slack
variables.26 The optimal solutions on normal or faulty cluster
spheres are obtained by minimizing the above Lagrange
function and the sphere centers are estimated as

ĉk ¼
Xm

i¼1

aiUðxiÞ (19)

which is derived by setting to zeros the first-order derivatives
of F with respect to rk, ck and ni. Here, the Lagrange
multipliers also satisfy the conditions of

Pm
i¼1 bi ¼ 1 and

ai þ bi ¼ C (i ¼ 1, 2,…,m). Meanwhile, the Karush–Kuhn–
Tucker conditions further lead to

bini ¼ 0 (20)

and

aiðr2
k þ ni � jjUðxiÞ � ckjj2Þ ¼ 0 (21)

The dual problem can then be expressed as

W ¼
Xm

i¼1

aiKðxi; xiÞ �
Xm

i¼1

Xm

j¼1

aiajKðxi; xjÞ (22)

where K(xi, xj) is the Gaussian kernel function defined as

Kðxi; xjÞ ¼ UðxiÞ;UðxjÞ
� �

¼ e�jjxi�xjjj2=2r2

(23)

with r being the kernel width.
The mapped points in the kernel feature space that are

outside the cluster spheres are termed as bounded support
vectors and the corresponding Lagrange multipliers satisfy
the condition of ai ¼ C. On the other hand, the boundary
points on the spheres within the kernel feature space form
support vectors and the relevant multipliers meet the in-
equality of 0 � ai � C. The radius of the support vectors is
equivalent to the cluster sphere radius as

r̂2
k ¼ KðxSV; xSVÞ � 2

Xm

i¼1

aiKðxSV; xiÞ þ
Xm

i¼1

Xm

j¼1

aiajKðxi; xjÞ

(24)

where xSV is an arbitrary support vector with respect to the kth
cluster Sk. The boundary of the cluster is characterized by a set
of points that satisfy the following criterion

fxjrðxÞ ¼ r̂2
kg (25)

where r(x) is the distance of the boundary point x to the cluster
center ck. It should be noted that there are only two user-
specified parameters, the Gaussian kernel width r and the
regularization constant C, to implement SVC. In this study, the
values of r and C are selected through cross validation
procedure.

For any monitored sample xt of the process, its geometric
distance to the kth cluster sphere center is given by

r̂2ðxt;SkÞ ¼ KðxSV; xtÞ � 2
Xm

i¼1

aiKðxt; xiÞ þ
Xm

i¼1

Xm

j¼1

aiajKðxi; xjÞ

(26)

If r̂2ðxt; SkÞ is equal or less than the cluster radius r̂2
k , then

the sample point is determined to be within the kth cluster
sphere. Otherwise, it is outside the cluster sphere. For the
monitored sample, a distance–ratio–based probabilistic-like
index with respect to all different clusters is defined as follows

PðSkjxtÞ ¼
min r̂2

k ; r̂2ðxt; SkÞ
� �
r̂2ðxt; SkÞ

(27)

where 1 � k � L þ 1 and 0 � P(Sk|xt) � 1. The probability
index value satisfies P(Sk|xt) ¼ 1 as long as r̂2ðxt; SkÞ � r̂2

k ,
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which corresponds to the sample points on or within the
identified cluster spheres in the kernel feature space. The
geometric illustration is shown in Figure 1.

The probabilistic rules of cluster assignment for the sam-
ple point xt can then be established as

SðxtÞ ¼ arg max
Sk2 S1;S2;���;SLþ1f g

PðSkjxtÞ (28)

where S(xt) is the most probable cluster that the monitored
sample xt is categorized into. Hence, the fault detection can be
conducted according to the assigned clusters as follows
• Normal operation if S(xt) ¼ S1

• Faulty event if S(xt) ¼ {S2, S3,…,SLþ1}
For the detected abnormal samples, the corresponding

fault types may be further determined as
• Fault type 1 if S(xt) ¼ S2

• Fault type 2 if S(xt) ¼ S3

• …
• Fault type L if S(xt) ¼ SLþ1

The procedure of the SVC-based process fault detection
and classification approach is summarized below and
the flow diagram of the proposed method is shown in
Figure 2.

1. Gather the multivariate measurement data with
unknown class labels from the monitored process to form
the training set;

2. Conduct preliminary normalization on the training
data to scale the samples to zero means and unit variances
along all measurement variables;

3. Estimate the sphere centers and radii of different
clusters based on Gaussian kernel function and constrained
optimization;

4. Identify the support vectors on the spheres of all dif-
ferent clusters within kernel feature space;

5. For any monitored sample from the process, normal-
ize the multivariate measurements based on the means and
variances of training data set;

6. Compute the geometric distance of the monitored
sample from the centers of all different clusters based on the
corresponding support vectors;

7. Estimate the distance–ratio–based probabilistic-like
index values of the monitored sample with respect to all the
identified clusters;

8. Assign the most probable cluster of the monitored
sample by maximizing the probabilistic-like index with
respect to different clusters;

9. Determine normal or faulty operation based on the
above cluster assignment;

10. Further perform fault classification through the iden-
tified cluster from Step (8) to isolate different types of pro-
cess faults.

Case Study

Tennessee Eastman chemical process

In this work, the Tennessee Eastman Chemical process
data are used to evaluate the performance of the SVC-based
fault detection and classification approach. Meanwhile, the
results of SVC-based probabilistic monitoring method are
compared to those of KNN-FDA and KNN-SVM techniques.

The Tennessee Eastman process includes five major unit
operations, which are a reactor, a product condenser, a
vapor–liquid separator, a recycle compressor, and a stripper.
Among the process input streams, four chemical reactants A,
C, D, and E are fed into the reactor to form two products of
G and H along with a byproduct of F.28 The process flow
diagram is shown in Figure 3. The whole process is operated
continuously with overall 12 manipulated variables and 41
measurement variables, among which 22 variables provide
continuous measurements while the remain 19 variable

Figure 1. Geometric illustration of the distance from the
monitored sample to different cluster centers.

[Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 2. Flow diagram of the SVC-based fault detec-
tion and classification approach.
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record chemical compositions through either off-line lab
analysis or on-line analyzers. The 22 continuous measure-
ment variables and the 12 manipulated variables are listed in
Table 1. The process involves a plant-wide decentralized
control implementation with multiple feedback or loops.29 In
this study, the 22 continuous measurement variables are
adopted for process monitoring purpose and the sampling
time of those measurements is 3 min.

As listed in Tables 2 and 3, two different scenarios are
designed to assess and compare the accuracy and reliability
of various monitoring methods. In the first case, the training
set starts with 500 normal samples from the steady-state
operation and then it is followed by 200 faulty points with
the occurrence of step error in D feed temperature. After
that, the increased random variation in condenser cooling
water inlet temperature is taking place in the process with
the duration of additional 200 samples. The test set is initi-

ated with normal operation data and then the increased ran-
dom variation in condenser coolant temperature occurs from
the 201st sample. After the random variation error lasts 100
samples, the process operation returns to normal state with a
duration of 200 samples. From the 501st sample, the step
error in D feed temperature takes place in the plant and
remains for 100 samples. The second scenario is more com-
plicated and composed of four types of faults, which are
step error in reactor cooling water inlet temperature,
increased random variation error in A, B, C feed composi-
tion, slow drift in reaction kinetics, and condenser cooling
water valve stiction. The training data set involves 600 nor-
mal samples that are followed by 600 faulty ones from the
above four kinds of faults, respectively. Meanwhile, the nor-
mal and faulty segments alternate in the test set and each of
the segments includes 150 or 200 samples as described in
Table 3.

Comparison of fault detection and classification results
of KNN-FDA-, KNN-SVM-, and SVC-based
probabilistic methods

In both test scenarios, the training data set is first used to
build the KNN-FDA, KNN-SVM, and SVC models. Then
the test sets are fed into the models for fault detection and
classification. The class labels indicating normal operation

Table 1. Continuous Measurement and Manipulated
Variables in the Tennessee Eastman Chemical Process

No. Measured Variable No. Manipulated Variable

1 A Feed rate 1 D Feed flow valve
2 D Feed rate 2 E Feed flow valve
3 E Feed rate 3 A Feed flow valve
4 AþC Feed rate 4 AþC Feed flow valve
5 Recycle flow rate 5 Recycle valve
6 Reactor feed rate 6 Purge valve
7 Reactor pressure 7 Separator valve
8 Reactor level 8 Stripper valve
9 Reactor temperature 9 Steam valve

10 Purge rate 10 Reactor coolant flow
11 Separator temperature 11 Condenser coolant flow
12 Separator level 12 Agitator speed
13 Separator pressure
14 Separator underflow
15 Stripper level
16 Stripper pressure
17 Stripper underflow
18 Stripper temperature
19 Stem flow rate
20 Compressor work
21 Reactor coolant temperature
22 Condenser coolant temperature

Figure 3. Flow sheet of the Tennessee Eastman Chemical process.

Table 2. Training Sets of Four Simulated Scenarios in the
Tennessee Eastman Chemical Process

Case
No. Training Set

1 500 normal samples
200 faulty samples with step error in D feed temperature
200 faulty samples with random variation in condenser

coolant temperature
2 600 normal samples

150 faulty samples with step error in reactor coolant
inlet temperature

150 faulty samples with random variation in A, B, C
feed composition

150 faulty samples with drift error in reaction kinetics
150 faulty samples with condenser coolant flow

valve stiction
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and faulty events are assumed to be unknown for model
learning so that the KNN- or SVC-based clustering proce-
dure is used to identify various categories before the abnor-
mality detection and fault type classification.

For the first case, the fault detection results of KNN-FDA,
KNN-SVM, and SVC-based probabilistic methods are shown
in Figures 4, 5, and 6, respectively. The quantitative per-
formance index values including fault detection rate, false
alarm rate, and fault classification rate of the three methods
are summarized in Table 4. It can be observed from Figures
4 and 5 that there are significant numbers of normal samples
misidentified as faulty ones as well as abnormal points unde-

tected by both KNN-FDA and KNN-SVM approaches,
though SVM appears to be a little better than FDA in fault
detection capability. In contrast, the SVC-based probabilistic
method results in much fewer misidentified normal samples
and undetected faulty ones, as illustrated in Figure 6. The
fault detection rate and false alarm rate of SVC-based moni-
toring method are 97.5 and 4.0%, both of which are more
desirable than those of KNN-FDA and KNN-SVM methods.
The FDA algorithm essentially searches for the linear latent
variables or subspace that optimize the separation index in
terms of the ratio of the between-class over the within-class
distances. Hence, the underlying nonlinearity and non-Gaus-
sianity in the process data may not be effectively handled by
FDA method. Though the SVM-based classification can deal
with process nonlinearity, it is a kind of supervised monitor-
ing technique and the preliminary KNN clustering step is
necessary to isolate the various normal and faulty clusters of
the process data. However, the identified cluster separation
in KNN may not be the optimal so that the accuracy of nor-
mal and faulty sample isolation tends to be degraded. As a
comparison, SVC method identifies the nonlinear cluster
boundaries with the maximized separation margins. Further,
the probabilistic inference strategy can assign test samples to
different clusters with the highest likelihood. Consequently,
the best fault detection performance can be achieved by
SVC approach in this test scenario.

Within the detected faulty segments, the classification of
various process fault types can be further conducted and the
results of the three methodsare shown in Figures 7, 8, and 9,
respectively. As seen from Figure 7a, there are 11 samples
misclassified as step error by KNN-FDA method when the

Table 3. Test Sets of Four Simulated Scenarios in the
Tennessee Eastman Chemical Process

Case
No. Test Set

1 1st–200th samples: normal operation
201st–300th samples: random variation in condenser

coolant temperature
301st–500th samples: normal operation
501st–600th samples: step error in D feed temperature

2 1st–150th samples: normal operation
151st–300th samples: step error in reactor coolant inlet

temperature
301st–500th samples: normal operation
501st–650th samples: drift error in reaction kinetics
651st–800th samples: normal operation
801st–1000th samples: random variation in A, B, C feed

composition
1001st–1200th samples: normal operation
1201st–1350th samples: condenser coolant flow valve

stiction

Figure 4. First test case of the Tennessee Eastman Chemical process: fault detection results of KNN-FDA method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 5. First test case of the Tennessee Eastman Chemical process: fault detection results of KNN-SVM method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 6. First test case of the Tennessee Eastman Chemical process: fault detection results of SVC based proba-
bilistic method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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fault of increased random variation occurs in the process
during that operation period. Meanwhile, another 11 points
with random variation type of fault are wrongly categorized
as step error. The KNN-SVM method, as shown in
Figure 8a,b, leads to slightly improved fault classification
results with six samples misidentified as step error while 7
points as random variation. Nevertheless, the SVC-based
probabilistic method provides the best fault classification
rate with only four samples misclassified as step error and 5
as random variation. The above comparison demonstrates the
strong fault classification ability of the proposed SVC moni-
toring method. Because of process uncertainty and noises,
the clustering on the unlabeled training data may lead to
kind of biased cluster boundaries. Then the test samples that
are affected by the process uncertainty and noises may go
across the distorted normal or faulty cluster boundaries and,
thus, be misclassified. That is why certain number of indi-
vidual samples are misidentified by different unsupervised
monitoring methods. The better performance of SVC moni-
toring approach in this aspect indicates that the identified
cluster boundaries from training data are more accurate and
have improved generalization capability.

To further examine the fault detection and classification
performance of different methods, the second test scenario is
designed with more complicated faulty events occurring in
the process. The fault detection results are depicted in Fig-
ures 10, 11 and 12, respectively. The fault detection accu-
racy of SVC-based probabilistic method is still better than
that of both KNN-FDA and KNN-SVM approaches. The
fault detection rate and false alarm rate of SVC method are
96.4% and 4.8%. In contrast, the KNN-FDA and KNN-SVM
methods have lower fault detection rates of 88.3% and
90.9% while higher false alarm rates of 12.3% and 8.0%,
respectively. Such comparison indicates that the SVC-based
probabilistic method is very robust in monitoring complex
processes with multiple types of faulty events. After the
faulty operations are detected, the effort can be focused on
the abnormal periods to classify fault types. The fault classi-
fication results of three different methods in the second case
are compared in Figures 13, 14, and 15. It is obvious that
the KNN-FDA method has the worst fault classification
accuracies in all the four faulty periods with the largest num-
bers of misclassified samples. Similar to the first case, the
proposed SVC monitoring approach consistently leads to the

Table 4. Comparison of Fault Detection and Classification Results among KNN-FDA, KNN-SVM and SVC-Based
Probabilistic Methods

Test Case 1 Test Case 2

Performance Index KNN-FDA (%) KNN-SVM (%) SVC (%) KNN-FDA (%) KNN-SVM (%) SVC (%)

Fault detection rate 92.5 94.5 97.5 88.3 90.9 96.4
False alarm rate 10.5 6.5 4.0 12.3 8.0 4.8
Fault classification rate 89.0 93.5 95.5 86.5 90.5 95.2

Figure 7. First test case of the Tennessee Eastman Chemical process: fault classification results of KNN-FDA
method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 8. First test case of the Tennessee Eastman Chemical process: fault classification results of KNN-SVM method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 9. First test case of the Tennessee Eastman Chemical process: fault classification results of SVC-based
probabilistic method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 10. Second test case of the Tennessee Eastman Chemical process: fault detection results of KNN-FDA method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 11. Second test case of the Tennessee Eastman Chemical process: fault detection results of KNN-FDA method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 12. Second test case of the Tennessee Eastman Chemical process: fault detection results of SVC-based
probabilistic method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 13. Second test case of the Tennessee EastmanChemical process: fault classification results of KNN-FDAmethod.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Figure 14. Second test case of the Tennessee EastmanChemical process: fault classification results of KNN-SVMmethod.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 15. Second test case of the Tennessee Eastman Chemical process: fault classification results of SVC-based
probabilistic method.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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best fault classifications with the overall accuracy of 95.2%.
Both test cases of the Tennessee Eastman Chemical process
demonstrate that the SVC-based probabilistic method has reli-
able and satisfactory performance in detecting and classifying
multiple kinds of process faults. In industrial practice, if the
fault detection and identification are preferred on a set of data
rather than individual samples, the additional heuristic rules
can be designed in the monitoring systems so that the set of
operation data are treated as faulty only if more than certain
threshold percentage of samples are detected as faulty.

Conclusions

A novel SVC-based probabilistic method is proposed to
detect and classify multiple types of operation faults in com-
plex chemical processes. The spherical boundaries of normal
and different faulty classes can be identified in the kernel fea-
ture space by SVC algorithm. Thus, a geometric distance–
ratio–based probabilistic-like index is defined to assign test
samples into the most likely clusters, which can be used to
detect faulty operation and further classify different fault types.

The SVC-based probabilistic approach is able to deal with
unlabeled process data and may serve as an unsupervised
monitoring tool. The proposed method is applied to the
Tennessee Eastman Chemical process and its fault detection
and classification results are compared to those of the KNN-
FDA and KNN-SVM approaches. Two test cases are
designed and the computation results show that the SVC-
based probabilistic approach has significantly improved fault
detection and classification accuracies than both KNN-FDA
and KNN-SVM methods. The SVC monitoring method not
only has reliable performance in handling complex faulty
scenarios, but also integrates the clustering and classification
functions so that it can deal with the unlabeled training data
including both normal and faulty events. Therefore, the
SVC-based probabilistic approach may serve as a powerful
tool for complex process monitoring and fault classification.

It should be noted that the harmless disturbances that do
not cause significant operation upsets or abnormal behaviors
on process variables will be classified into normal operation
by the proposed SVC monitoring method, because the mea-
surement data under this kind of harmless disturbances are
closer to the normal rather than faulty cluster center within
the feature space. However, if the disturbances result in sub-
stantial process upsets and abnormal measurement responses,
then they will be more likely categorized as faults. In indus-
trial applications, the operator feedback would be very useful
for validating the monitoring decisions with the aid of opera-
tion knowledge. Future research can be focused on enhanc-
ing the adaptive feature of the SVC monitoring method to
handle the potential faults that do not exist in the training
data. The new types of faults in the test data should be auto-
matically detected and further used to update the clustering
model for improved fault type classification.
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