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With the Industry 4.0 era coming, modern chemical plants will be gradually transformed into smart factories, which
sets higher requirements for fault detection and diagnosis (FDD) to enhance operation safety intelligence. In a typical
chemical process, there are hundreds of process variables. Feature selection is a key to the efficiency and effective-
ness of FDD. Even though artificial immune system has advantages in adaptation and independency on a large num-
ber of fault samples, antibody library construction used to be based on experience. It is not only time consuming, but
also lack of scientific foundation in fault feature selection, which may deteriorate the FDD performance of the AIS. In
this paper, a fault antibody feature selection optimization (FAFSO) algorithm is proposed based on genetic algorithm
to optimize the fault antibody features and the antibody libraries' thresholds simultaneously. The performance of the

proposed FAFSO algorithms is illustrated through the Tennessee Eastman benchmark problem.
© 2017 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.

1. Introduction

Industry 4.0, which is regarded as the fourth industrial revolution,
aims at transforming today's factories into smart factories. The purpose
of smart factories is to address and overcome the current challenges of
shorter product lifecycles, highly customized products, enhanced work
safety and stiff global competition [1]. For the chemical process industry,
smart factories are expected not only to maximize the economic value
of factories, but also to make the best management of processes to
avoid safety incidents [2]. With the boom of science and technology,
modern chemical plants are developing towards the direction of large-
scale, complication and integration, which therefore increases the
chance of mishaps and faults. Due to the flammable, explosive, toxic,
and corrosive nature of chemical processes and the strong coupling be-
tween different parts of a production system, one partial failure may
trigger the abnormality of the entire system through a chain of reac-
tions, resulting in tremendous economic, social and/or environmental
losses. Since chemical processes are generally of high risks especially
when an independent protection layer fails, operation safety intelli-
gence should be a key element of smart factories [3].

Although a number of automatic control systems, such as DCS and
PLC, have been widely employed in chemical processes, abnormal situ-
ation management (ASM) still faces many challenges. Efficient ASM is
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intended to detect and diagnose abnormal situations in the early period,
and provide timely, reliable and automated decision supports to opera-
tors, so that they can take proper actions to prevent disturbances from
turning into big incidents [3]. It is obvious that chemical process fault
detection and diagnosis (FDD) plays an important role in ASM. Over
the past 20 years, FDD approaches are drawing more and more atten-
tion from academia and industry, and the number of publications on
FDD approaches is gradually increasing as shown in Fig. 1.

Though the research about fault diagnosis methods has a history of
nearly 40 years, the current practical applications are still concentrated
in mechanical faults and occasionally instrument faults. When it comes
to online fault diagnosis systems for the whole chemical process, there
are few related reports or available business products, and the main rea-
sons can be concluded as follows: 1) lack of self-adaptive ability to vary-
ing process conditions because of equipment performance degradation,
feed fluctuations, operating habits or something else; 2) lack of self-
learning ability to faults that have not been specially modeled; and
3) dependent on a large number of fault data samples.

To overcome the disadvantages and limitations of the current fault
diagnosis methods, many scholars are casting their eyes to the emerging
artificial intelligence technology. The authors' research team has been
studying artificial immune systems (AIS) during the past ten years, a
few AlS-based strategies have been proposed [4,5].

Due to the increasing scale of modern chemical processes and wide
application of advanced control systems, the number of measured vari-
ables is significantly large. For example, a fluid catalytic cracking unit
(FCCU) usually contains over one thousand measured variables. If irrel-
evant and/or redundant variables are selected for constructing antibody
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Fig. 1. Literature number on chemical process fault diagnosis from selected journals during
the past 20 years.
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libraries, it not only increases AIS's complexity and computing time, but
also may result in the curse of dimensionality, degrading the diagnostic
accuracy of AlS [6].

Feature extraction and feature selection are two main techniques to
reduce dimensionality and improve FDD performance. Feature extraction
techniques create a set of new features preserving relevant information
by combining original features. Principal component analysis (PCA), par-
tial least-squares regression (PLS), and linear discriminant analysis (LDA)
are commonly used feature extraction techniques for process FDD. How-
ever, the new features usually lack explanation, which cannot reflect the
typical variation trends of the relevant variables during a fault. Different
from feature extraction, feature selection techniques retain the original
meaning of the selected features. Feature selection tends to select an op-
timal subset of relevant features with high separability power by remov-
ing irrelevant and redundant features. To improve the description of AlS,
feature selection will be utilized to optimize AIS in this paper.

Feature selection approaches are generally categorized into 2 main
types based on the evaluation methods used to test the performance
of the selected feature subsets by some criteria: 1) filter and 2) wrapper
[6]. Wrapper evaluates the performance using the learning algorithm
during the classifier design, while filter evaluates that independently.
1) Filter has higher computational efficiency than wrap since filter can
test the performance of selected features quickly by some suitable
criteria. Except for specially designed criteria, such as [7-9], which are
intended to reduce the correlation or mutual information between fea-
tures, many simple information statistics criteria are commonly used
[10,11]. However, the optimal subset selected by filter might be very
large, especially, when the feature is dependent on the classifier. Filter
can remove a large number of unnecessary noisy features quickly,
narrowing the search of optimal subset, therefore, it is a good feature
pre-selector. 2) Wrapper uses the selected subset of features to train
the classifier directly, and evaluates the performance by estimating
the classification accuracy on validation data. Though wrapper is slower
than filter, the subset selected is smaller, advantageous to identifying
key features and simplifying FDD models. Considering the rapid devel-
opment of computers and that feature selection is a preprocessing
step in the offline phase, wrapper has been the hot research direction
in the field of feature selection (Fig. 2). In this paper, we propose a wrap-
per-based approach.

If there are n features to be selected, the size of the search space is up
to 0(2"), which makes it burdensome to search the entire search space
when n is large. For example, Tennessee Eastman (TE) process has 53
measured features, the number of possible combinations of features is
45 x 10", So search strategy is another important factor for feature selec-
tion approaches. Optimal, heuristic and randomized are three main
search strategies. A number of feature selection approaches with different
search strategies have been proposed, such as brand and bound [12], ge-
netic algorithm [13], particle swarm optimization [14] and SVM-RFE [15].

Although feature selection is widely used in automated pattern
recognition [16,17], its applications in multivariate statistical

process monitoring or FDD are rare. Two notable exceptions are
Verron et al. [18] and Ghosh et al. [19]. AIS has advantages in adapta-
tion and low requirement for historical samples, however, antibody
library construction, including feature selection and threshold iden-
tification, used to heavily depend on experience, which is time con-
suming and lacks scientific foundation. In this paper, a fault
antibody feature selection optimization (FAFSO) algorithm is pro-
posed based on genetic algorithm to optimize the fault antibody fea-
tures and the antibody libraries' thresholds simultaneously.

2. AIS

Human immune system has a strong ability to protect human
bodies from pathogen. Innate immunity and adaptive immunity
are two types of immunity [20]. AIS is developed with adaptation
to the principle of adaptive immunity, bridging the gap between im-
munology and engineering. Clonal selection algorithm is one of the
main immune algorithms. In a clonal immune algorithm, once the
immune cells recognize the antigen, they are treated as parent
cells and more antibodies are then generated as clones of their
parents [20]. In the cloning phase, mutation is used to generate new
antibodies, which can recognize the antigen triggering an immune
response.

2.1. Description of antibodies and antigens

Antibodies and antigens are created by historical samples and real-
time samples and the system diagnoses faults by calculating and analyz-
ing the affinity between antibodies and antigens. To reflect the dynamic
trends of process, antibodies and antigens are represented by matrices
of time-sampled data [21]. Eqs. (1) and (2) show the composition of an-
tibodies and antigens.

A g:l? = V‘bfault(l)§Abfault(2)§ ---QAbfault(k); ---?Abfault(m)} (1)

Abguie(k) represents the vector of selected variables at the kth sam-
pling time after the fault encountered. N is the number of selected var-
iables and m is the length of the antibody.

Ag™" = [Ag(1);Ag(2); .. Ag(k); ...; Ag(D)] )
Ag(k) represents the vector of selected variables at the (1 — k)th
sampling time before now. N is the number of selected variables and !
is the length of the antigen.
In this paper, the affinity is represented by distance between anti-
body and antigen, calculated based on Euclidean distance with sliding
window.
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Fig. 2. Flowsheet of feature selection.
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Original antibodies are generated directly from historical samples.
The historical samples are first normalized to eliminate the amplitude
differences between variables, shown in Eq. (3):

X'_)(nﬁn

X=g——-—
)(nmx‘_)(nﬂn

G3)

where x is the original data, X,;, is the minimum of the historical data,
Xmax is the maximum of the historical data and X is the normalized data.

2.2. Antibody library construction

After the original antibodies are created, mutation is employed to
generate new antibodies during the clone phase.

Set two randomly selected original antibodies as Ags and a normal
historical sample as Ab, and then calculate the difference matrix be-
tween Ag and Ab respectively, which are represented as ¢; and @,. A
new difference matrix ¢* can be obtained with mutation of ¢; and ¢,
shown in Eq. (4):

(4)

where a is a random number between 0.5 and 2, and b is a random num-
ber between —1 and 1.

Randomly select a matrix X, of the same length with the original an-
tibodies from the normal historical sample, a new antibody X* is gener-
ated based on Eq. (5).

@ =a; +b(Q;—¢,)

X =X, +¢' (5)

A threshold is necessary for each antibody library as criteria to deter-
mine whether an antigen is in the same status represented by the anti-
body library [4]. If an antibody library has an antibody whose difference
from the antigen is smaller than the antibody library threshold, then the
antigen is recognized by the antibody library. That means that the pro-
cess is in the status represented by the antibody library's type.

3. FAFSO (Fault Antibody Feature Selection Optimization) Algorithm

Since feature variables comprising the antibodies and antigens and
threshold are two key factors affecting the diagnostic performance of
an antibody library, a fault antibody feature selection optimization
(FAFSO) algorithm based on genetic algorithm (GA) is proposed to
identify the best subset of variables and the best threshold that yields
the best possible diagnostic performance. In the proposed optimization
scheme, given a labeled training dataset and validation dataset, deter-
mine a subset of variables and threshold that make the antibody library
built from the training dataset have the best diagnostic performance on
the validation dataset. The training dataset consists of data of one kind
of fault, whereas the validation dataset consists of data of various
kinds of faults. The diagnostic performance of an antibody library is
measured in terms of cumulative fault diagnosis rate and false positive
rate on the validation data.

In this paper, GA is introduced to optimize the subset of variables
and threshold simultaneously. Fig. 3 shows the structure of the chromo-
some, which is a vector with n + 1 elements. n is the total number of
variables and the first n elements encode the variables to be selected
to comprise the antibodies in an antibody library. The first n elements
are represented by binary values, where 1 means the presence and 0
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means the absence of a variable in the selected subset. The last element
encodes the threshold of an antibody library, and is represented by real
values. For example, [1,0,0,0,1,1,0.2] indicates that the first, fifth and
sixth variables are selected to comprise the antibodies and the threshold
is set to 0.2.

The fitness function of GA is composed of two computing objectives:
fault diagnosis rate (FDR) and false positive rate (FPR). Given a chromo-
some, an antibody library is built with the antibodies generated by the
AIS algorithm based on the selected subset of variables and the training
dataset of one specific type of fault, and the set threshold. The diagnostic
performance of the antibody library is then calculated using the valida-
tion dataset based on FDR and FPR. They are defined as below, where p
is the number of samples of this fault that are diagnosed as the same
fault and q is the number of samples of other faults that are also diag-
nosed as this kind of fault. The fitness function is the sum of FDR and
FPR, and the objective is to maximize the cumulative diagnostic rate.

_ p
~ total number of samples of this fault

FDR (6)

q
total number of samples of other faults

FPR = 1— (7)

Fitness = FDR + FPR (8)

In the GA process, three genetic operators, selection, crossover and
mutation are used. Proportional selection is employed to select next
generation chromosome. The simulated binary crossover and polyno-
mial mutation are adopted to generate new chromosome.

Fig. 4 shows the flowsheet of the proposed optimization scheme of
an antibody library. The first generation chromosomes are generated
randomly and each chromosome indicates the selected subset of vari-
ables for the antibodies and the threshold of the antibody library. A
fault antibody library is then developed for each chromosome based
on normalized training data, containing data of that fault type, and the
algorithms described in Sections 2.1 and 2.2. Normalized validation
data, which contains data of all fault types, after variable selection by
each chromosome, is used as antigens to test the diagnostic perfor-
mance of the developed antibody library in terms of FDR and FPR. The
sum of FDR and FPR is calculated as the fitness of each chromosome. Fi-
nally, chromosomes are subjected to the genetic operation, selection,
crossover and mutation, and elitism is utilized to generate the chromo-
somes of the next generation. The optimization process will terminate
once the maximum number of generation is reached.

4. Case Study: Tennessee Eastman Process (TEP)

TEP is a simulated benchmark widely used for evaluating process
control and monitoring methods [22]. Bathelt et al. revised the model
with more measured variables and more types of faults and the revised
model is available at http://depts.washington.edu/control/LARRY/TE/
download.html [23]. In this section, the proposed AIS-GA is applied to
the revised TEP, as shown in Fig. 5.

TEP consists of 53 measured variables, 22 process measurements, 19
composition measurements and 12 manipulated variables. In the exper-
iment, all variables are sampled at every 3 min and all variables are in-
cluded in analysis. Since AIS diagnoses faults on the assumption that
same variables have same variation trends during same types of faults,

Vo ‘ threshold ‘
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Fig. 3. Structure of chromosome.
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only faults of step type, faults 1-7, are considered in this experiment.
Each type of fault is simulated for 12 times with different initial states,
and the simulation time is set to 24 h. The training dataset of each
fault antibody library consists of 4800 samples of that fault. The valida-
tion dataset has 480 samples of every fault. The training process tends to
construct the fault antibody library based on AIS algorithm using the
training dataset that has the best diagnostic performance on the valida-
tion dataset.

Once the optimal subset of variables and the threshold of every fault
antibody library are determined, a modified AIS model is obtained.

%

During online diagnosis phase, a separate test dataset (containing 480
samples of every fault) is used to evaluate the diagnostic performance
of the modified AIS model. As shown in Fig. 6, test data is first normal-
ized and then converted into different antigens for different fault anti-
body libraries based on the selected subset of variables of each fault
antibody library. The difference between an antigen and a fault antibody
library is equal to the minimum distance between the antigen and the
antibodies divided by the threshold of the fault antibody library. A test
sample will be diagnosed as the fault type the minimum difference
belongs to if the minimum difference is less than 1. Otherwise, it will
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Fig. 5. P&ID of the revised process model.
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Fig. 6. Flowchart of online diagnosis process.

be diagnosed as known type. Fault diagnosis accuracy (FDA) is proposed
to measure the diagnostic performance of the modified AIS model.

number of correctly diagnosed samples

FDA = total number of test samples

9)

Table 1 lists the selected subset of variables for each antibody library
and Table 2 compares the diagnostic performance of AIS and AIS-FAFSO,
and the boldfaced data shows the better performance by AIS-FAFSO. It
reveals that the selected subsets of variables for different fault antibody
libraries are different. Although the diagnostic accuracy for samples of
faults 3 and 5 of AIS-FAFSO is worse than AIS, which is because the pro-
posed scheme is meant to optimize the diagnostic performance of AIS
globally, AIS-FAFSO outperforms AIS generally.

Table 1
Variable selection of different fault antibody libraries

No. of fault No. of
antibody  variables
library

Selected variables

Fault 1 27 XMEAS1-6, XMEAS10, XMEAS13-14, XMEAS17,
XMEAS19, XMEAS21-23, XMEAS25-27, XMEAS29-30,
XMEAS32, XMEAS34, XMEAS38, XMEAS41, XMV42,
XMV44-45, XMV7, XMV10

XMEAS2-3, XMEAS7-8, XMEAS10-11, XMEAS16,
XMEAS19-20, XMEAS22-24, XMEAS26, XMEAS28,
XMEAS35-37, XMEAS39, XMEAS41, XMV3, XMVV6-8
XMEAS3, XMEAS7, XMEAS12, XMEAS14, XMEAS16,
XMEAS19-21, XMEAS23, XMEAS25-27, XMEAS31,
XMEAS33-34, XMEAS41, XMV1-2, XMV4, XMV7-8,
XMV10-11

XMEAST, XMEAS4-5, XMEAS9-11, XMEAS13, XMEAS15,
XMEAS17, XMEAS17-18, XMEAS21-22, XMEAS24-26,
XMEAS28-30, XMEAS35-36, XMEAS39, XMEAS41,
XMV1-2, XMV4, XMV6-8, XMV10

XMEAS1-2, XMEAS5-6, XMEAS8, XMEAS10,
XMEAS15-16, XMEAS18, XMEAS20-21, XMEAS23-24,
XMEAS26-29, XMEAS31-32, XMEAS34, XMEAS36,
XMEAS39-40, XMV3-4, XMV7, XMV10-11

XMEAST1, XMEAS3-7, XMEAS10, XMEAS13-16, XMEAS18,
XMEAS21-27, XMEAS33, XMEAS35-40, XMV1, XMV4,
XMV6, XMV8, XMV11

XMEAS1-3, XMEAS5-6, XMEAS13, XMEAS15-16,
XMEAS22-23, XMEAS26, XMEAS28-30, XMEAS33-34,
XMEAS36-37, XMEAS39-41, XMV2-4, XMV6, XMV8

Fault 2 23

Fault 3 23

Fault 4 29

Fault 5 28

Fault 6 31

Fault 7 26

FDA AIS AIS-GA
Normalization Fault 1 99.78 100
Fault 2 95.87 100
Fault 3 100 93.70
. Fault 4 84.16 100
Normaliz
ormalized test data Fault 5 100 90.23
Fault 6 0 100
Fault 7 100 100
Test data Average 82.83 97.70
subset selection
Table 3
Antigen Comparison of diagnostic performance of different FDD approaches (%).
¢ FDA a b c d e
‘[ Fault di . Fault 1 100 99.87 96.37 100 100
| Fauftdiagnosis Fault 2 99.38 97.87 97.62 99 100
‘ Fault 3 10.25 237 20.62 6 93.70
Fault 4 100 100 82.75 100 100
Reporting fault type Fault 5 3475 99.87 9% 100 9023
Fault 6 100 99.5 100 100 100
Fault 7 100 100 100 100 100
Average 77.76 85.64 84.76 86.42 97.70

(a) Basic PCA [24]; (b) optimized variable selection based PCA [20]; (c) supervised local
multilayer perceptron [25]; (d) Bayesian method ; (e) AIS-FAFSO (proposed in this paper).

Table 3 shows the comparison of diagnostic performance of several
FDD approaches for faults 1-7 [24-26]. Among these FDD approaches,
AIS-FAFSO has a comparative diagnostic ability.

5. Conclusions

Variable selection and threshold identification of a fault antibody li-
brary in AlS used to heavily depend on experience, which is time con-
suming and lacks scientific foundation. In this paper, FAFSO is
proposed based on genetic algorithm to optimize the subset of variables
for the antibodies and the threshold of a fault antibody library automat-
ically and simultaneously. In the experimental section, AIS-FAFSO is ap-
plied to improve the diagnostic performance of AlS globally on faults of
step type in the Tennessee Eastman process. The diagnostic results of
test data show that AIS-FAFSO outperforms AIS in average accuracy.
However, the optimization process will be very time consuming if the
training dataset and validation dataset are large, so some future work
can be focused on improving computing efficiency.
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