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One of the main limitations of current plant supervisory control systems is the reli-
ability and the correct management of simultaneous faults, which is crucial for sup-
porting the plant operators’ decision making. In this work, a MultiLabel approach
that makes use of support vector machines as the learning algorithm is employed to
arrange a novel fault diagnosis system (FDS). The FDS is trained to address a diffi-
cult control case study from industry widely studied in the literature, the Tennessee
Eastman process. Successful results have been obtained when diagnosing up to four
simultaneous faults. These results are very promising since they have been obtained
by just using simple training sets consisting of single faults, thus proving a very high
learning capacity. � 2007 American Institute of Chemical Engineers AIChE J, 53: 2871–

2884, 2007
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Introduction

In attention to the seriousness of accidents that may occur
in chemical plants, incipient, accurate, and reliable fault di-
agnosis are significant requirements for preserving people’s
safety, as well as for enhancing the economy of the plant.

Data-based diagnosis methods1 have faced such safety and
economic issues with different approaches, offering diverse
solutions to the many difficulties arising in this area. Never-
theless, there still are severe limitations on chemical plant
fault diagnosis that have not been satisfactorily addressed in
the literature. One of these main limitations is the manage-
ment of multiple process faults.

The detection problem is just a binary classification (BC)
problem, in which two excluding classes are considered—the
normal and the abnormal plant behavior. However, the global
fault diagnosis problem is a multiclass (MC) classification
problem, since many classes are involved. Furthermore, fault
diagnosis problem can be considered as monoLabel [(mL)
when more than one fault may happen at a time] or MultiLa-
bel [(ML) when more than one fault may happen at a time.
Adopting an mL or an ML view depends on whether or not
the assignment of a class (faults) excludes the assignment of
other classes. In this sense, the fault diagnosis regarded as
ML shares the characteristics of the text classification prob-
lem in computational linguistics.2,3 However, despite being a
clear ML problem, the general fault diagnosis of chemical
processes has frequently been addressed under an implicit
mL view.

Data-based mL diagnosis approaches have solved the prob-
lem of simultaneous process faults by creating new faults
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consisting of the combination of two isolated existing
faults,4,5 which results unfeasible in actual industrial prob-
lems. Tackling with a large number of isolated faults and
facing combinatorial problems resulting from the presence of
simultaneous faults, which must be converted in new classes,
leads not only to important classification performance
decrease but also makes inaccessible the training of all
potential classes’ combination.

Another frequent solution found in the literature has been
the development of qualitative systems based on the cause
effect events relationship6,7 but such methodologies usually
generate too many spurious solutions that make the response
unreliable for plant operators. Normally, they require further
procedures to reduce the set of fault candidates while main-
taining the correct fault candidate.

In this work, the proposed fault diagnosis system (FDS) is
based on such ML approach to overcome the mL limitations
summarized above. Support vector machines (SVM)8 were
used as the learning algorithm as they have proved to be one
of the most efficient techniques developed by the statistical
learning theory and allow to properly address the diagnosis
problem under the ML approach by using some binarization
techniques of the machine learning field. SVM are based on
the structural risk minimization principle by the statistical
learning theory and have recently been gaining popularity as
an alternative learning algorithm in problems of the chemical
engineering field.9,10

The ML-based FDS has been tested using the Tennessee
Eastman process (TEP), proposed by Downs and Vogel,11

which is a well-known benchmark that allows offering com-
parable results to the fault diagnosis community. Different
examples have been prepared for addressing two simultane-
ous faults, as well as three and more of whichever original
fault’s combination. Some works have faced the TEP sin-
gle12,13 fault diagnosis problem, but very few the simultane-
ous4,5,14 fault diagnosis problem. Moreover, there is a clear
lack of quantitative results for comparing the methodologies:
different works6,15,16 address different case studies and
those9,17,18 addressing the same TEP benchmark deal par-
tially with the problem, focusing only in some of the faults
and using particular performance measurements. This fact
has been remarked and addressed in other works,19,20 and
also in this one, by proposing a complete and quantitative
performance assessment indexes for the FDS. Hence, results
based on precision and recall indexes confirm the technique
presented to be very promising in large and complex case
studies, such as addressing the entire set of faults of the TE
problem.

Problem Formulation and
Results Quantification

A fault diagnosis problem can be formulated as a classifi-
cation problem. In this work, novel diagnosis problem formu-
lation and performance assessment are developed from that
viewpoint to standardize the diagnosis results attained.

mL and ML approaches

There are two kinds of classification problems, the BC
problem, which consists of determining if a sample belongs
or not to an existing class and the MC classification problem

in which more than two classes are involved. Both corre-
spond with the fault detection and diagnosis problems in the
fault diagnosis area. The MC classification problem can be
faced from two different views: by an mL approach, which
consists of classifying a set of patterns into a univocal class,
or by the ML approach, which allows assigning each input
data to more than just one class.

In the recent literature, pattern recognition techniques have
used the mL approach for solving the general fault diagnosis
problem.4,5 Nevertheless, the classification of simultaneous
faults requires either the simultaneous class assignment,
which is the natural ML view, either the use of more classes
representing the occurrence of simultaneous faults (class A
1 B instead of classes A and B), which is the solution
adopted when trying to preserve the mL view. Besides its
conceptual and methodological suitability to the problem, the
ML approach also offers practical benefits. The basic advan-
tages of the ML approach presented stem from the ability of
simply training single classes, being later able to classify the
individual classes that compose the current simultaneous
faults (combination of single classes). In that way, no artifi-
cial classes resulting of single faults combination must be
built to address simultaneous faults, thus saving computa-
tional cost and increasing learning performance by just train-
ing single classes.

A popular and extended machine-learning algorithm called
SVM has been adopted in the ML-FDS learning and classifi-
cation stages. Such algorithm has been efficiently used in dif-
ferent technical areas as in ‘‘Natural Language Processing’’
or ‘‘Artificial Vision’’. However, its potential has not been
properly explored facing chemical plant data.

Fault diagnosis performance quantification

To evaluate the performance of an FDS, this work rigor-
ously formulates the diagnosis classification problem and
proposes general indexes for evaluating its performance.

Process data are characterized by a matrix X of values xvs
for each process variable v and for each sampling s, as well
as by a given set of faults f 5 1, 2, . . . , F that may be hap-
pening (or not) and that may be eventually diagnosed (or
not). Hence, a binary matrix H may be used to indicate
which of these faults (in columns) is happening at each sam-
ple time (in rows). Accordingly, another binary matrix D
may be used to indicate the diagnoses made at each sample
time. Both matrices are next shown:

H¼
h11h12 ... ...h1F
h21h22 ... ...h2F
..
. . .
. ..

. . .
. ..

. . .
. ..

. . .
. ..

.

hS1hS2 ... ...hSF

0
BBB@

1
CCCA; hsf 2

�
0;1

�
;8s;j:1�s�S;1�f�F (1)

D¼
d11d12 ... ...d1F
d21d22 ... ...d2F
..
. . .
. ..

. . .
. ..

. . .
. ..

. . .
. ..

.

dS1dS2 ... ...dSF

0
BBB@

1
CCCA; dsf 2

�
0;1

�
;8s;j:1�s�S;1�f�F (2)

Either a fault f is happening (hsf 5 1) or not (hsf 5 0), a
good diagnosis is given by dsf 5 hsf. Therefore, the ML clas-
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sification problem seeks for the matching of matrix D to
matrix H when any distribution of binary values is
allowed, including null rows for the normal case (no faults)
and rows including several non-null values (simultaneous
faults).

For determining the matching degree of these matrices,
and thus the actual FDS performance, two essential measure-
ments are given in the machine learning literature—precision
and recall.

Precision for fault f (Eq. 3) can be defined as the condi-
tioned probability of happening fault f, conditioned to fault f
has been diagnosed

Precðf Þ ¼ Pr½hij ¼ dij
��dif ¼ 1 : 1 � i � S; j ¼ f � (3)

and recall for fault f (Eq. 4) can be defined as the condi-
tioned probability of the FDS of predicting fault f condi-
tioned to the sample is fault f.

Rec ðf Þ ¼ Pr½hij ¼ dij
��hif ¼ 1 : 1 � i � S; j ¼ f � (4)

The F1 index (widely used in the machine learning area)
is a measure that combines both precision and recall. It is
used along this work as the measure for evaluating the gen-
eral performance of the FDS. It is evaluated by the equation:

F1 ¼ 2 3 Prec 3 Rec

Precþ Rec
(5)

Accuracy, error, and global measurements are additional
and complementary indexes to globally evaluate the system
classification general performance.

Accuracy represents the percentage of right assignments,
not only the correctly diagnosed but also the correctly not
happening and not diagnosed samples. Error is the percent-
age of wrong assignments and is the accuracy supplementary
measure. They are formally defined as follows:

Accðf Þ ¼ Pr½dij ¼ hij
��i : 1 � i � S; j ¼ f � (6)

Errorðf Þ ¼ Pr½dij 6¼ hij
��i : 1 � i � S; j ¼ f � (7)

Global index shows how many samples have been com-
pletely well diagnosed through all the existing classes, hence
giving a very valuable measurement about the system global
diagnosis correctness. High values in that measurement are
difficult to achieve (as they require a perfect diagnosis for
each sample) and not only indicate a good performance
diagnosing the isolated classes but also assure good ML
characteristics that are crucial facing simultaneous faults (a
complete well-diagnosed system also implies no misdiagno-
sis, which is essential in the ML classification approach).
Following the definition procedure it can be expressed as
shown in Eq. 8:

Global ¼ Pr½dij ¼ hij
��i : 1 � i � S; 8 j� (8)

These performance measurements can be calculated con-
sidering the FDS responses or votes after testing each of the
trained faults. The confusion matrix (Table 1) gathers such
information for each fault, showing the occurred fault in col-
umns and the diagnosed fault in rows.

Hence, the following equations are proposed for directly
evaluating the classification performance indexes from the
confusion matrix21:

Precðf Þ ¼ a

aþ b
(9)

Recðf Þ ¼ a

aþ c
(10)

Accðf Þ ¼ aþ d

aþ bþ cþ d
(11)

Errorðf Þ ¼ bþ c

aþ bþ cþ d
¼ 1� Accðf Þ (12)

As a clarifying example, a fault happening matrix (H) and
the FDS corresponding diagnosing matrix (D) are next pre-
sented. Three faults and 12 samples (represented in columns
and rows, respectively) are assumed.

H ¼

0 0 0

0 0 0

1 0 0

1 0 0

0 1 0

0 1 0

0 0 1

0 0 1

0 1 1

0 1 1

0 1 1

0 1 1

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

D ¼

0 0 1

0 0 1

1 0 0

1 0 0

0 1 0

0 1 0

0 1 0

0 1 0

0 0 1

0 0 1

0 0 1

0 0 1

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

In H matrix, first two samples correspond to the normal
state; second, third, and fourth pairs of samples correspond

Table 1. Confusion or Contingency Matrix

Happening Fault (True Class)

f ´f

Diagnosed fault (predicted class)
f a b
´f c d

a: Samples happened and diagnosed; b: samples diagnosed but not happened;
c: samples happened and not diagnosed; d: samples not happened and not
diagnosed.

AIChE Journal November 2007 Vol. 53, No. 11 Published on behalf of the AIChE DOI 10.1002/aic 2873



to faults 1, 2, and 3 whereas the last four samples correspond
to a simultaneous fault composed of faults 2 and 3. Matrix D
represents the diagnosis system results facing samples on ma-
trix H. For example, the first two rows in matrix D show that
both samples were classified as fault number 3, as well as
the samples in the last four rows. The performance indexes
can be calculated by comparing the matching of matrix D to
matrix H by using the details of the individual and global
contingency matrices. Next, these matrices for normal state,
faults 1–3 and the general results are depicted. Note that
class 0 means normal state.

CM 0 :0
0 0 0

:0 2 10

CM 1 :1
1 2 0

:1 0 10

CM 2 :2
2 2 2

:2 4 4

CM 3 :3
3 4 2

:3 2 4

RCM yes no

yes 8 4

no 6 18

Therefore, performance indexes can be easily evaluated by
replacing the values from these matrices (a–d in Table 1) in
Eqs. 5 and 9–12. The results (Table 2) offer a complete and
detailed information about the classification performance.
Precision gives information about the diagnosed samples,
recall gathers the information about the happened faults, and
F1 index gives a single normalized measurement for the
evaluation of the general system performance. Note that even
though the normal state was not trained it was later tested
and its performance was also evaluated in the same way. Ac-
curacy and error are supplementary measurements about
the correct diagnosed and not diagnosed examples whereas
the global measurement is lower just because it focuses on
the totally well-diagnosed samples throughout all the existing
classes, 4 over the original 12 (check H and D matrices).

Methodology

The proposed FDS was set to face the diagnosis problem
from the ML approach. In that sense, the binarization step

was arranged to organize the labeled process information
under the ML scheme. Then, learning and classification
stages generate the required classifiers and evaluate their
performances, respectively. Finally, a de-binarization and
evaluation steps were included to decode and show the FDS
performance. The procedure to train, test, and evaluate the
ML-FDS is shown in Figure 1.

Training and testing sets were random and independently
selected to avoid biased results. Thus, each class was first
randomly built by sampling original representative data.
Then, these new sets were split in two different sets from
which training and testing sets may be respectively selected
with the desired set size. The complete ML-FDS scheme
consists of a core learning algorithm22 described later on,
plus a wrapper implemented in Borland Delphi1, whereas
Matlab1 was used to make valuable data analysis. The com-
puter used to obtain all the results presented in the article
was a Pentium IV (2.6 GHz) operating under Windows
20001.

Next subsections describe the methodology details
sketched in Figure 1 and outline the main differences with
the mL approach. The methodology description is illustrated
through an example (Figure 2) consisting of two variables
(x1 and x2), three single classes (including normal class) and
a composed class (1–2) and two samples per class.

Training and testing sample coordinates are given in Table
3 (first two rows).

Binarization

The ML-based binarization for each class consisted of
labeling as positive all the samples belonging to the class
while assigning negative values to all other samples (‘‘one
versus all’’ Ref. 23). In the example, two training binarized
sets were built, as just two classes must be trained under the
ML approach. Labels for each training set are shown in the
third and fourth rows of Table 3. In case an mL approach
had been used, two additional classes (normal class and 1 1
2 class) should have been trained, thus complicating the later

Table 2. Indexes Evaluation for the Proposed Example

Index* (%) Normal Fault 1 Fault 2 Fault 3 General

Precision 0/(0 1 0) 5 2 2/(2 1 0) 5 100 2/(2 1 2) 5 50.0 4/(4 1 2) 5 66.7 8/12 5 66.7
Recall 0/(0 1 2) 5 0 2/(2 1 0) 5 100 2/(2 1 4) 5 33.3 4/(4 1 2) 5 66.7 8/14 5 57.1
F1 – 100 40.0 66.7 61.5
Accuracy 10/12 5 83.3 12/12 5 100 6/12 5 50.0 8/12 5 66.7 26/36 5 72.2
Error 17.7 0.0 50.0 33.3 27.8
Global 4/12 5 33.3

General does not include Normal class.

Figure 1. ML-FDS performing scheme.
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learning step. Four last rows in Table 3 show the mL particu-
lar binarization.

For each fault f, the binarized data set is given by the fol-
lowing matrix:

Bf ¼
�
x1s; x2s; . . . ; xvs; hsf j s 2 learning

�
; 8 f (13)

being learning the training subset of samples.

Learning

These training sets previously binarized (one per fault; two
in the example) are used to generate the different models
during the learning stage (also one per fault; two in the
example, instead of the four that would require the mL
approach). Then, SVM are used as the binary learning algo-
rithm which establishes the hyperplanes to separate positive
(belonging to the class) from negative samples (not belong-
ing to the considered class). The result of this step, using
SVM, is a model for each class f given by a vector wf (with
one component for each considered variable) that character-
izes the shape of the hyperplane and an offset parameter bf,
which stands for the distance of the hyperplane to the origin
(Figure 3).

Next, qualitative details of SVM are given

SVM. SVM are based on the structural risk minimization
principle from the statistical learning theory. They learn a
linear hyperplane that separates a set of positive examples
from a set of negative examples with maximum margin
(the margin is defined by the distance of the hyperplane to
the nearest of the positive and negative examples). Learning
the maximal margin hyperplane is a convex quadratic optimi-
zation problem with a unique solution, which supposes an
advantage over other conventional algorithms.24

When examples are not linearly separable or, simply, a
perfect hyperplane is not needed, it may be preferable to
allow some errors in the training set so as to maintain a
‘‘better’’ solution hyperplane. This may be achieved by a var-
iant of the optimization problem, referred to as soft margin,
in which the contribution to the objective function of the
margin maximization and the training errors can be balanced
through the use of a parameter called C. Despite the linearity
of the basic algorithm, SVM can be also converted into a
dual form, allowing the use of kernel functions to produce
nonlinear classifiers.

We used SVMlight,22 an open source implementation of
the SVM original mechanism8 that adopts some practical
simplifications to make applicable the theoretical SVM for-
mulation (available at http://svmlight.joachims.org). Just
default parameters (degree one polynomial kernels and
default soft margin trade-off) were used in the SVM imple-
mentation, without applying any kind of tuning procedure.

Classification

During the classification or testing step, new and unlabeled
samples (testing samples in Figure 2 and Table 3) are
‘‘weighted’’ using each classifier model (wf and bf). The
weight for each sample is the result of the sum of bf, and
the inner product of the model vector (wf) and the testing
sample vector. These weights (ysf in Eq. 15) are the basis for
the sample classification on the evaluation step.

Being the testing subset of samples:

xs ¼
�
x1s; x2s; . . . ; xvs j s 2 classification

�
(14)

weights are evaluated by:

ysf ¼ hwf ; xs i þ bf (15)

where ‘‘hwf, xsi’’ represents the inner product of the wf vector
and the tested sample vector (xs). In that sense, quantitative
information for classifying any tested sample is available,
and will be used later to make the diagnosis.

Figure 2. Training and testing example.

Black dots are labeled samples, while the gray dot is the
testing sample.

Table 3. Problem Class Samples and Binarized Sets Codification (C? Refers to the Unlabeled Sample)

C1 C2 C1,2 C Normal C?

Training (X1, X2) (5,1), (6,1) (5,7), (6,7) (5,4), (6,4) (1,3.5), (1,4.5) –
Testing (X1, X2) – – – – (3,4)
1st ML binarized set 11, 11 21, 21 11, 11 21, 21 –
2nd ML binarized set 21, 21 11, 11 11, 11 21, 21 –
1st mL binarized set 11, 11 21, 21 21, 21 21, 21 –
2nd mL binarized set 21, 21 11, 11 21, 21 21, 21 –
112 mL binarized set 21, 21 21, 21 11, 11 21, 21 –
Normal mL binarized set 21, 21 21, 21 21, 21 11, 11 –
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Following the comparison with the mL view, no difference
can be found on the learning or classification steps but that
of working with more classes (four, in mL approach) than in
the ML approach (just two classes) due to the dragged differ-
ences from the binarization.

De-binarization

By this step the system decodes weights given in the clas-
sification (ysf) into diagnosis responses (dsf), thus assigning a
class to each treated sample. It may be done by simply iden-
tifying the positive weights with the Heaviside step function
(Eq. 16).

dsf ¼ h
�
ysf

�
(16)

In our case, the testing sample (3,4) obtained the same
negative weights for each classifier (20.57), hence being
classified as normal class (ds1, ds2, and ds3 5 0), which
includes those samples not diagnosed as any of the learned
classes.

Under the mL approach a significant difference can be out-
lined at that point. As just one class is diagnosed for each
sample, the diagnosis is made by the ‘‘winner takes all’’
methodology for which the sample is classified as that class
with the highest weight. Thus, correlation between ysf and ds
would be expressed by Eq. 17 (note that under the mL view,
subindex f is not required).

ds ¼ argmax
f

fysf
� ¼ f j ysf � ysk; 8 k ¼ 1; . . . ;F (17)

The tested sample (Figure 2) was also identified as normal
class by the mL approach because of its highest weight, 0.0
versus 21.14, 21.14, and 21.0 of classes 1, 2, and 1 1 2,
respectively.

By the de-binarization step, the ML approach allows train-
ing each class with specific and differentiated variables,

which is a great advantage in terms of computational effi-
ciency and independent class analysis.

Evaluation

Finally, the agreement between the actual sample class
membership and the class diagnosed is checked to evaluate
the ML-FDS performance. This matching degree from all the
existing point of views can be analyzed by the indexes intro-
duced in the previous section.

It is in that stage where the ML approach requires a more
complex implementation. Under such an approach, several
classes can be correctly diagnosed for the same sample,
which allows diagnosing simultaneous faults from single
faults learning at the expense of solving a more complex
evaluation. In that sense, under the ML approach, the correct
sample diagnosis not only requires the right sample classifi-
cation (mL) but also requires the correct nonassignment of
the sample in any of the remaining classes.

Validation and Results

The FDS was trained and tested with the original 20 faults
proposed by Downs and Vogel11 and without any additional
combination of faults. No preliminary filtering or data pre-
treatments were applied to the raw plant data. No tuning was
applied to the SVM (default soft margin and degree one
polynomial kernel are utilized). Despite taking no advantage
of these improving opportunities, this work outlines the
crucial points of the multiple fault diagnosis analysis and
shows its very promising performance.

Case study

The FDS is tested using the TEP which is a well-known
benchmark problem in process engineering. Downs and
Vogel11 presented this particular process as a plant-wide con-
trol problem that has got to challenge the fault diagnosis
community, allowing the comparison of different control
strategies and fault diagnosis methodologies.

The process involves the manufacturing of two chemicals,
G and H, and one by-product F, from four reactants: A, C,
D, and E. The process has five major units: a reactor, a prod-
uct condenser, a vapor/liquid separator, a recycle compressor,
and a product stripper. The process has 41 measurements and
12 manipulated variables. Among the several available simu-
lation schemes, this article follows a plant-wide decentralized
control scheme that is based on multiple single-input-single-
output control loops.25 Figure 4 shows the TEP flowsheet.

The TEP simulator can generate 20 types of isolated
faults, as well as any multiple combinations of these faults.
Once a fault enters the process, it affects different state vari-
ables and the identification of many of these faults is highly
challenging due to the subtle and similar variable deviations
engendered under some specific faults. Other deviations are
just caused by random errors making the training data not
representative of crucial fault details, which also increase the
diagnosis difficulty.

It is a well-known fact that the performance of the statisti-
cal methods depends basically on the data sets on which they
are trained. So, data training and testing sets were built in

Figure 3. Hyperplane definition.
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such a way that all possible state variable dynamics are cap-
tured under each fault.

Single fault results

The performances of the mL and ML approaches are first
tested and compared. The same training and testing data sets
of 351 and 1000 respective samples per single fault were
used to check SVM classification capabilities under mL and
ML approaches. Additionally, 112 samples under normal
operating conditions (no faults) were included in all test data
sets to include the normal state in the analysis. Master origi-
nal data sets were extracted from the simulation of a 20-h
operation horizon. Sampling every 10 s resulted in data mat-
rices having 7200 rows (samples) per 52 columns (variables)
for each single fault. The mentioned training and testing sets
were built by a random sampling of the considered variables
for each existing fault, first splitting the simulation samples
in training and testing sets, and then fixing the percentage of
required samples in each set. The 52 variables considered
correspond to the 41 TEP measured variables (XMEAS in
the original paper) plus the first 11 manipulated variables
(XMV in the original paper). The 12th manipulated variable
(XMV12: agitator speed) was not used because it remained
constant under any tested operating condition, thus not being
relevant from the fault diagnosis viewpoint. The data sets’
building procedure is shown in Figure 5.

The diagnosis results obtained for these sets are given in
Table 4, which shows exactly the same values of the F1
index for both classification methodologies except for the

normal operating condition class (named as 0). Strictly
speaking, the normal case should not be considered as a class
under the ML approach, since it is an artificial class that
excludes all other classes. Therefore, this class (no faults) is
better diagnosed by the mL approach because of the advant-
age of training this class as an additional state and because
the ML approach efficiency on the normal class critically
depends on the achievement of very high classification per-
formances in the rest of classes. Table 4 also shows a similar
classification capability for those cases that revealed more
difficulty (faults 3, 5, 9, etc.).

Once validated the matching of the mL and ML
approaches for the single fault case, the ML approach was
checked in regard of the sampling influence. With that pur-
pose, a 50-h operation horizon was simulated collecting data
every second (sampling 2, S2). Then, after splitting simula-
tion data on training and testing sets, a random selection
allowed building equal-sized but differently sampled training
and testing sets (351 and 1000 samples, respectively) than
those from first sampling (S1). The overall FDS performance
obtained from each sampling is compared in Figure 6.

Figure 4. TEP flowsheet under McAvoy and Ye decen-
tralized control scheme.

Figure 5. Training and testing data sets building proce-
dure.

Table 4. Single-Fault Diagnosis. F1 Index (%) for
the mL and ML Approaches

mL ML

0 96.2 13.5
1 96.7 96.7
2 93.3 93.3
3 8.4 8.4
4 89.3 89.3
5 3.7 3.7
6 100 100
7 100 100
8 41.8 41.8
9 0.0 0.0

10 37.0 37.0
11 2.8 2.8
12 0.0 0.0
13 0.0 0.0
14 10.2 10.2
15 0.0 0.0
16 16.1 16.1
17 94.8 94.8
18 78.2 78.2
19 10.2 10.2
20 85.9 85.9
Average 45.9 42.0

Figure 6. ML approach.

Comparison of F1 index fault by fault using two different
data sampling.
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Although some differences can be appreciated between
performances obtained from sampling, F1 index shows a sim-
ilar trend for each class, thus validating the original perform-
ance result on S1. Particularly, faults 1, 2, 4, 6, 7, 17, 18,
and 20 are very efficiently classified in both cases, while
faults, 3, 5, 9, 11–16, and 19 are badly classified despite of
the sampling. Performance differences in faults 8 or 10,
which are also misclassified, are due to differences in spe-
cific dynamic features captured by each sampling (that comes
from the random nature of these faults).

Quantitative results regarding the normal class should be
considered as merely illustrative and nonrelevant. The identi-
fication of the normal state (a case excluding the rest of the
fault classes in the ML approach considered) is a detection
problem that can be more easily identified by using a parallel
detection system that is simpler and normally more robust
than a diagnosis focused tool. The results on that normal
class may be given as additional information to check the
FDS does not diagnose any of the trained faults. Good results
in normal class under the ML approach could be just
expected in case the remaining states were properly
addressed.

Simultaneous faults results

Considering the equivalent results produced (Table 4) and
the evident formulation advantages for the diagnosis of si-
multaneous faults (section ‘‘mL and ML approaches’’), it is
clear that the ML view must be adopted in a classification
problem such as fault diagnosis in chemical processes.
Therefore, the ML approach is exploited in the rest of the
article.

Thus, different simultaneous diagnosis tests were arranged.
Combinations of two, three, and up to four simultaneous
faults were simulated and results obtained when diagnosing
them are shown in Table 5. Just faults that were individually
well diagnosed (Table 4) were selected to build simultaneous
faults because they cannot be identified whether composing
faults are not properly recognized.

The first three tested pairs that were successfully diag-
nosed as both single faults were identified when happening
simultaneously with very high performance (F1). Very good
performance is also obtained when diagnosing three and four
simultaneous faults, although it is not surprising to get lower
F1 values when more faults arise simultaneously. When

faults 2, 7, and 17 are simulated at the same time, the FDS
is able to identify correctly the isolated faults that the system
has been trained with. In the four simultaneous faults case,
the F1 index just suffers a significant decrease for the 18th
fault, while faults 2, 7, and 17 are being correctly diagnosed
by the system.

Table 6 shows the performance details for the case of four
simultaneous faults, including precision, recall, and the indi-
vidual class assignment, allowing thorough analysis about its
goodness. One of the most significant points to be high-
lighted from these detailed results is the low misdiagnosis
rate (b in Table 6) of the FDS. Note that the sum of samples
in any column of Table 6 is 1112, which corresponds to
1000 samples belonging to that fault, plus 112 samples
belonging to normal operating conditions. For comparative
purposes again, simultaneous fault results in Table 5 are con-
fronted with those obtained using the second sampling
described in the previous subsection (Figure 7). Equivalent

Table 5. Multiple-Fault Diagnosis. F1 Index (%)
Under ML Approach

1 2 6 7 17 18

2 Simultaneous faults
(1, 2) 97.2 96.1 – – – –

2 Simultaneous faults
(6, 7) – – 96.6 99.9 – –

2 Simultaneous faults
(17, 18) – – – – 90.5 64.6

3 Simultaneous faults
(2, 7, 17) – 82.8 – 68.7 91.8 –

4 Simultaneous faults
(2, 7, 17, 18) – 80.0 – 58.8 86.6 17.8

Table 6. Details for the Classification of a Case Consisting of
Four Simultaneous Faults (2, 7, 17, 18)

a b c d Precision Recall F1 (%)

1 0 0 0 1112 – – –
2 667 0 333 112 100 66.7 80.0
3 0 147 0 965 0 – 0
4 0 0 0 1112 – – 0
5 0 1 0 1111 0 – 0
6 0 114 0 998 0 – 0
7 416 0 584 112 100 41.6 58.8
8 0 143 0 969 0 – 0
9 0 99 0 1013 0 – 0

10 0 0 0 1112 – – 0
11 0 1 0 1111 0 – –
12 0 0 0 1112 – – –
13 0 0 0 1112 – – –
14 0 116 0 996 0 – –
15 0 0 0 1112 – – –
16 0 168 0 944 0 – –
17 763 0 237 112 100 76.3 86.6
18 98 0 902 112 100 9.8 17.8
19 0 75 0 1037 0 – –
20 0 16 0 1096 0 – –

a: Samples happened and diagnosed; b: samples diagnosed but not happened;
c: samples happened and not diagnosed; d: samples not happened and not
diagnosed.

Figure 7. Comparison of F1 index diagnosing simultane-
ous faults using two different data sampling.
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results are achieved again, following the expected predic-
tions.

The results presented show a very high diagnosis perform-
ance facing two, three, and up to four simultaneous faults,
given that the classes are those correctly trained and diag-
nosed (Table 4). Since it is not previously reported, they are
very remarkable from different viewpoints:

(1) The entire set of faults (20) in the original TEP is
addressed considering nonexcluding classes.

(2) The results include the complete and required informa-
tion to evaluate quantitatively the FDS performance in all
senses (accuracy, reliability, misdiagnosis, etc.).

(3) They show correct two, three, and up to four simulta-
neous faults diagnoses.

(4) Moreover, these results are obtained under a flexible
methodology that only requires training single classes, thus:

� Without any need for defining artificial classes for multi-
ple faults, thus considering any possible faults combination.

� Without any need for training these extra classes,
which results in higher computational efficiency and an
increase of the overall classification performance.
Nevertheless and despite of these excellent results coming

from the SVM classification capabilities and from the ML
approach considered, certain faults (3, 9–12, etc.) are badly
identified (Table 4), and their possible simultaneous combi-
nations will not be properly diagnosed either. For that reason,
and considering the high dependence of machine learning
results on the information provided, a data analysis was
made to improve the information representation utilized as
input data by the system.

Performance analysis

The appropriate sizes for training and testing data sets
were selected from a preliminary study on the F1 index
response. The learning curve in Figure 8 plots F1 index aver-
aged for all the considered faults versus different training
data set sizes. All these training sets were extracted from the
master split training set (section ‘‘Single fault results’’) in
such a way that each greater set includes samples of smaller
sets. As a result, the set containing 351 samples for each sin-
gle fault was selected as the trade-off between the system
classification performance and the computational cost
[training set: (351 3 20)]. One thousand-sample testing set
previously used was used for obtaining these results (files are
available at http://ciao.euetib.upc.es/).

Splitting the global learning curve into its individual
classes (Figure 9) permits focusing on diverse individual
classification behaviors. In that sense, two different groups
can be identified in Figure 9.

A first group consists of certain faults properly classified
for any training set size, increasing their performance by
asymptotes that offer an adequate training size (faults 1, 2, 7,
etc.). The second group is conformed by those faults badly

Figure 8. F1 average learning curve in logarithmic
scale.

Figure 9. Individual learning curves in logarithmic scale.
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classified by the system (8, 9, etc). For these faults, perform-
ance classification seems not to depend on the training set
size. Decrease on normal class performance as well as ran-
dom F1 index variation of these second group faults come
from the respective classifier deficiencies that make the per-
formance independent of the training set sizes.

Figures 8 and 9 cannot be considered a true learning curve
since there is no asymptotic behavior for some faults, thus
being impossible to determine the best training set size. This
is the reason for adopting the largest of the set sizes eval-
uated (351 samples) for the subsequent experiments. Figures
8 and 9 are very useful for comparing the different faults, for
example, for identifying the random behavior of some faults
that could be mistaken with a higher or lower performance
depending on the experiment selected.

Enhancing information representation

To increase the classification performance of this second
group, the original data and their characteristics were studied.
The measurements utilized to characterize these faults, pro-
cess variables and manipulated variables, are not significant
enough and cannot differentiate some faults from the rest.
However, the variances of these process variables were able
to capture representative features of these faults. For exam-
ple, original variables XMEAS21 and XMV1011 were notice-
ably and randomly modified when fault 14 occurs, whereas
other original variables were not altered. For that reason it
was decided to adjust those variables and use them as new
derived variables. The procedure followed to take advantage
of that characteristic is detailed next.

Figure 10 shows the 41 process variables and 11 first
manipulated variables given in the TEP11 after simulating a
20-h operation horizon under the control strategy previously
specified (section ‘‘Case study’’). Fault 14 was introduced at
second operating hour and the examples shown are those
sampled each 10 s. Note that in Figure 10, any abnormal sit-
uation may be clearly observed from the view of variables
XMEAS21 and XMV10. Figure 11 shows the same variables
normalized to 0 mean and unit variance to adjust all the vari-
ables at the same scale and facilitate the analysis.

Figure 10 does not show evidences of deviations from the
normal operating regime while Figure 11 shows a variance
increase in at least two of the original variables at 720 sam-
ple time (fault arising time). This variance increase is not
properly characterized by the depicted variables as it just
shows random variable variations around the normalized
variable mean, which is not significant enough to describe
the fault from a machine learning algorithm point of view.

To measure the data variance, the standard deviation of
each variable was evaluated for a given moving window.
Twenty samples were selected to configure the window
length, which demonstrated to accurately capture the process
variance changes. The result was an additional set of 52 vari-
ables capturing the changes of standard deviation in any of
the original variables.

Figure 12 shows how two of these new built variables
(StdXMEAS21 and StdXMV10) suddenly went off the nor-
mal operating regime at sample 720. By a later filtering pro-

Figure 10. TEP measured and manipulated variables. Figure 11. TEP measured and manipulated normalized
variables to 0 mean and 1 variance.

Figure 12. TEP normalized variables plus their stand-
ard deviation built variables.
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cedure, a more homogeneous behavior was achieved in these
new variables, facilitating the fault feature extraction and
then improving the machine learning algorithm results
(Figure 13). The filter utilized was the standard exponential
weighted moving average with a 5 0.01.

Results including new information representation:
single faults

Without applying any SVM tuning procedure and includ-
ing as new variables, the standard deviation on those faults
badly classified (3, 5, 8–16, and 19) the F1 average raised
from 42.0 to 76.2%. Just using specified variables to train
each fault represents an additional advantage of the ML
regarding the mL approach, as it allows the use of different

variables to deal with challenging states avoiding to increase
the input information to the already solved classes.

Figure 14 compares each fault/class that the individual F1
indexes obtained when using raw data with those attained
when incorporating standard deviations. Faults correctly diag-
nosed (F1[ 50%) using the original process variables (faults
1, 2 6, 7, 17, 18, and 20) were trained without including
standard deviations to avoid increasing unnecessarily data
processing. Figure 14 shows the same results for these classes.

Once again, the mL and ML approaches are compared.
The results achieved including standard deviation are detailed
in Table 7 for both cases.

Similarly, as demonstrated in the beginning of this section,
the difference between both approaches comes from the
attempt to infer the diagnosis of the normal state, which
would only achieve good quantitative results when the rest
of states are perfectly addressed. The normal class difficulties
could be managed using a reliable fault detection system
from the wide variety of reliable systems available in the
literature.26–28 Note that the inference of the normal class
is now enhanced (F1 5 13.5 in Table 4 to F1 5 46.6 in
Table 7) due to the improvements attained in the classifica-
tion of the rest of considered classes.

Next, the learning curves for these novel solutions are pre-
sented (Figure 15). Comparing the classification performance
versus that shown in Figure 9, an evident change of behavior
is observed. Many of the faults badly classified with the origi-
nal process variables (faults 4, 10, 11, etc.) now belong to
these faults following asymptotic learning curves. Nevertheless,
several classes (3, 9, and 15) remain poorly identified, thus
requiring a different information representation that is able to
gather their specific features by means of alternative variables.

The CPU time required for training each data set size is
also depicted in Figure 15 right-hand vertical axis. It expo-
nentially increases with doubling number of samples in train-
ing sets. Comparing the F1 asymptotes regarding the CPU

Figure 13. TEP normalized and filtered variables plus
their standard deviation built variables.

Figure 14. F1 indexes obtained using original process variables including standard deviation.
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time, an intelligent trade-off decision between training calcu-
lation time and classification performance can be made. In
that case, the 351-sample training set is selected because of
its better performance and attainable training calculation
time.

Results including new information representation:
simultaneous faults

Including the new deviation variables, most of the faults are
correctly diagnosed, while just three classes remain being
poorly identified (faults 3, 9, and 15). Therefore, the new infor-
mation representation allows extending the simultaneous fault
diagnosis to other combinations. Table 8 summarizes some

two, three, and four simultaneous faults diagnosed by the ML-
based FDS when including the new data representation.

Not only double and triple simultaneous faults shown in
Table 8 are identified with a high performance, but even
combinations of more faults are well diagnosed.

Four simultaneous faults were also considered. The first
example (faults 2, 7, 17, and 18) consists of those faults pre-
viously tested. Same results were obtained since the same
variables are contemplated (see Table 5).

The second and third set of the four simultaneous faults
correspond to novel fault combinations involving faults that
were not individually identified initially but whose classifica-
tion performance was notably increased later by the new in-
formation representation (section ‘‘Enhancing information
representation’’). Now, these faults are not only just identi-
fied when they occur individually but also when they arise
simultaneously with others.

However, some faults cannot be simultaneously identified
in the presence of other faults due to the overlapping of fault
contributions. Such effect becomes more evident when fault
simultaneity increases. A clear example is given by the
fourth four-simultaneous fault shown in Table 8. It includes
fault 6, which biases, more heavily, variables 1, 7, or 16 of
the TEP than the other faults. These variables are key varia-
bles, which the system uses to identify faults 1 or 2, and the
contribution of these faults to the simultaneous fault is unob-
served by the effect of fault 6. Identification of faults 18, 11,
and 14 is strongly penalized in first three four-simultaneous
faults respectively because of that effect.

Such overlapping deficiencies can be viewed as a problem
or as a natural and correct FDS response. In that sense, when
a higher sensitivity fault (biases the same variables deeper) is
happening, other faults which affect much less the same vari-
ables may be considered negligible and should not necessar-
ily be identified.

Next, details of the same tested four simultaneous faults
diagnosed initially (2, 7, 17, and 18) are shown in Table 9.

Table 7. Single-Fault Diagnosis. F1 Index (%) for the mL
and ML Approaches Including Standard Deviation Variables

mL ML

0 96.2 46.6
1 96.7 96.7
2 93.3 93.3
3 0.0 0.0
4 89.3 89.3
5 75.2 75.2
6 100 100
7 100 100
8 89.8 89.8
9 0.0 0.0
10 87.7 87.7
11 98.8 98.8
12 95.3 95.3
13 72.0 72.0
14 99.3 99.3
15 0.0 0.0
16 99.4 99.4
17 94.8 94.8
18 78.2 78.2
19 98.6 98.6
20 85.9 85.9
Average 78.6 76.2

Figure 15. Individual and average learning curves in logarithmic scale join to their calculation times.
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Although the same F1 indexes are obtained for each
fault (see Table 6), since the same variables are contemplated
for those classes, however, additional information is now
provided. By using this additional information, representation
for those faults poorly classified, a much lower false diagno-
sis occurs, thus increasing the operators’ trust on the FDS
response. It can be easily verified by comparison of column
‘‘b’’ contents in Tables 6 and 9. The 880 wrongly diagnosed
samples (Table 6) have come down to 138, thus revealing
this additional advantage on simultaneous fault diagnosis
by increasing the diagnosis performance of the remaining
faults.

Conclusions

This article deals with the simultaneous fault diagnosis
problem from the machine-learning viewpoint by using an
ML approach, which shows superior performance with
respect to mL approaches considered in the literature. Bene-
fits of ML approach are clarified theoretically and practically

using a flexible and robust machine-learning algorithm called
SVM.

To evaluate the quality of the ML approach diagnosing
single and simultaneous faults, the fault diagnosis was for-
mulated as a classification problem and several measure-
ments were proposed to quantify the FDS performance. In
that sense, all the required variables to evaluate the perform-
ance of a classification tool were adapted to be used on fault
diagnosis, thus giving a rigorous frame for future diagnosis
comparison.

Single and simultaneous faults generated from a
challenging benchmark case study (TEP) were tested and
diagnosed by the ML-SVM system offering very good results
even when dealing with four simultaneous faults. By means
of improving the fault information representation, a process
deeper knowledge was achieved resulting in a remarkable
FDS performance increase. Note that these noticeable
results were achieved without the need of training simultane-
ous faults, thus enabling any possible fault combination.
In contrast with the mL view, the ML approach allowed to
train any class with specific variables, which contributed to
reduce computational cost and to focus efforts on challenging
faults.

To completely solve the TEP single and simultaneous fault
diagnosis problem, further study on information representa-
tion is required for the few classes (3 over 20) having the
lowest diagnosis performance. This should be done following
a similar analysis to the one presented in this article. Besides
that, performance increase can be reached by tuning the
SVM parameters, by selecting key input variables (feature
selection), by adding new attributes (codifying the available
data in different ways), or by adjusting the quality of
input data by means of data filtering or any other statistical
technique. Furthermore, the proposed ML approach
could implement diverse learning algorithms other than the
SVM adopted in this work, thus allowing further tuning
opportunities.
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Table 8. Multiple-Fault Diagnosis. F1 Index for Different Simultaneous Faults

1 2 6 7 11 14 17 18

2 Simultaneous faults (1, 2) 97.2 96.1 – – – – – –
2 Simultaneous faults (2, 7) – 76.8 – 82.1 – – – –
2 Simultaneous faults (6, 7) – – 96.6 99.9 – – – –
2 Simultaneous faults (11, 14) – – – – 97.2 75.8 – –
2 Simultaneous faults (17, 18) – – – – – – 90.5 64.6
3 Simultaneous faults (2, 7, 17) – 82.8 – 68.7 – – 91.8 –
3 Simultaneous faults (2, 11, 14) – 94.2 – – 94.9 76.9 – –
3 Simultaneous faults (7, 11, 14) – – – 99.9 34.0 57.8 – –
4 Simultaneous faults (2, 7, 17, 18) – 80.0 – 58.8 – – 86.6 17.8
4 Simultaneous faults (2, 7, 11, 14) – 77.1 – 84.9 30.5 59.6 – –
4 Simultaneous faults (2, 11, 14, 17) – 94.2 – – 20.8 9.2 94.7 –
4 Simultaneous faults (6, 7, 1, 2) 0 0 100 100 – – – –

Table 9. Details for the Classification of the Improved Four
Simultaneous Faults (2, 7, 17, 18) Case

a b c d Precision Recall F1 (%)

1 0 0 0 1112 – – –
2 667 0 333 112 100 66.7 80.0
3 0 0 0 1112 – – 0
4 0 0 0 1112 – – 0
5 0 0 0 1112 – – 0
6 0 114 0 998 0 – 0
7 416 0 584 112 100 41.6 58.8
8 0 0 0 1112 – – 0
9 0 0 0 1112 – – 0
10 0 8 0 1104 0 – 0
11 0 0 0 1112 – – 0
12 0 0 0 1112 – – 0
13 0 0 0 1112 – – 0
14 0 0 0 1112 – – 0
15 0 0 0 1112 – – 0
16 0 0 0 1112 – – 0
17 763 0 237 112 100 76.3 86.6
18 98 0 902 112 100 9.8 17.8
19 0 0 0 1112 – – 0
20 0 16 0 1096 0 – 0

a: Happening and diagnosed; b: diagnosed but not happening; c: happening
and not diagnosed; d: not happening and not diagnosed.
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19. Yélamos I, Escudero G, Graells M, Puigjaner L. Performance assess-
ment of a novel fault diagnosis system based on support vector
machines. Comput. Chem. Eng. Submitted.
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