
Citation: Liu, C.; Bai, J.; Wu, F. Fault

Diagnosis Using Dynamic Principal

Component Analysis and GA Feature

Selection Modeling for Industrial

Processes. Processes 2022, 10, 2570.

https://doi.org/10.3390/pr10122570

Academic Editor: Jean-Pierre Corriou

Received: 27 October 2022

Accepted: 24 November 2022

Published: 2 December 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

processes

Article

Fault Diagnosis Using Dynamic Principal Component Analysis
and GA Feature Selection Modeling for Industrial Processes
Chenpeng Liu, Jianjun Bai and Feng Wu *

Automation College, Hangzhou Dianzi University, Hangzhou 310018, China
* Correspondence: fengwu@hdu.edu.cn

Abstract: With the continuous expansion of industrial production scale, most of the chemical process
variables are nonlinear, multi-modal and dynamic. For some traditional multivariate statistical
monitoring and fault diagnosis algorithms, such as principal component analysis (PCA), the premise
of its application is that the process data is time-independent. To this end, a dynamic principal
component analysis (DPCA) method is proposed. However, since the input matrix of DPCA fault
diagnosis needs to add an augmented matrix to the original data matrix, the number of eigenvalues of
the augmented matrix is too large and there are many redundant eigenvectors. Therefore, this paper
proposes a fault diagnosis and monitoring algorithm combining feature selection and DPCA, which
considers the dynamic characteristics of multivariate data and reduces the dimension of the input
matrix. At present, the average modeling and diagnostic accuracy of PCA-based fault diagnosis on
T2 statistic is 65.49%, and that on Q statistic is 76.78%. The average modeling and diagnostic accuracy
of fault diagnosis based on DPCA on T2 statistic is 63.17%, and the average modeling and diagnostic
accuracy on Q statistic is 83.65%. Finally, through a TE simulation process, this paper proves that the
accuracy is greatly improved when using the method proposed in this paper compared with PCA
and DPCA.

Keywords: fault diagnosis; PCA; DPCA; genetic algorithms; feature selection

1. Introduction

Due to the rapid development of science and technology, the scale of modern industrial
processes is also expanding. During the operation of the chemical process, if the equipment
fails or is abnormal and is not repaired in time, extreme conditions, such as high temperature
and high pressure, toxic gas release, and even explosion, may occur [1]. This will not only
cause huge economic losses to the factory, but also greatly endanger the lives of workers.
The emergence of fault diagnosis and monitoring technology has greatly ensured high-
quality production in the chemical industry and reduced the frequency of safety accidents.
At present, the mainstream research methods of fault diagnosis and monitoring technology
mainly include data-based multivariate statistics and artificial intelligence-based deep
learning methods [2–5].

Process monitoring technology based on multivariate statistics mainly reduces the
dimension of offline data and online data generated in the production process through
multivariate statistical analysis. Deep learning mainly uses the powerful learning ability
of the computer, the multi-layer hidden layer network, and the layer-by-layer learning
method to extract the main information from the input data, and, through a lot of training,
to improve the fault accuracy diagnosis [6]. In recent years, many scholars at home and
abroad have proposed a variety of fault diagnosis methods and achieved good results.
However, industrial process monitoring and fault diagnosis remain a challenging problem
due to the large number of complex properties in industrial processes, such as dynamics,
nonlinearity, multimodality, and heavy coupling [7–10].

Common multivariate statistics-based methods include principal component analy-
sis (PCA) [11], linear discriminant analysis (LDA) [12], independent component analysis
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(ICA) [13], and partial least squares (PLS) [14,15]. Aiming at the dynamic features ap-
pearing in chemical process data, Ku et al. proposed a dynamic principal component
analysis (DPCA) method by extending the time augmentation matrix [16]. To address the
nonlinear features present in the data, Kernel Principal Component Analysis (KPCA) is
proposed. This method uses a nonlinear mapping function to map the original data space
to a higher-dimensional space, and then performs dimensionality reduction processing
through PCA [17,18].

Most of the dimensionality reduction algorithms belong to feature extraction. Through
the dimensionality reduction matrix, a new set of feature variables is obtained, which
changes the original feature space, often resulting in a loss of some important feature vari-
ables in the original feature space. Feature selection, on the other hand, selects a subset of
the original feature space that best represents the original feature space without destroying
the original data. For data with too large a latitude, finding the optimal feature subset can
be regarded as an optimal problem. Through the heuristic optimization algorithm, each
feature subset can be uniformly evaluated, and the optimal solution can be finally obtained.

Aiming at certain shortcomings of some existing algorithms, this paper proposes a
fault diagnosis method that is built on GA feature selection based on dynamic principal
component analysis (GA-DPCA). The main improvements of this paper are as follows:

(1) First, the feature selection based on genetic algorithm is adopted, which can quickly
find the optimal feature subset, which not only refines the original data, but also loses
the integrity of the data as little as possible.

(2) The data matrix after feature selection is extended with time delay and the residual
space of feature selection is added, which effectively considers the autocorrelation
and integrity of the data.

(3) Sliding window filtering technology is adopted to remove the noise existing in the
data itself.

(4) An experimental comparative study of the proposed method and existing methods is
carried out using the Tennessee Eastman process and the actual coking process.

2. PCA and DPCA

PCA is the most widely used data dimensionality reduction algorithm. The main
idea of PCA is to map n-dimensional features onto k-dimensions, which is a brand-new
orthogonal feature called principal components. It is a k-dimensional feature reconstructed
on the basis of the original n-dimensional feature. After mapping, only the features with
large variance are selected, and the features with almost zero variance are ignored to
achieve dimensionality reduction of the original data features.

Assuming the normalized data are X = [x1, x2, . . . xn]
T ∈ Rn×m, the formula has n

variables and m samples.
→
p is the projection vector, yi =

→
p

T
xi, and the objective function

of PCA is:
JPCA

(→
p
)
= max( 1

n ∑
i
(yi)(yi)

T)

s.t.
→
p

T→
p = 1

(1)

The data formula can be decomposed into:

X = TPT + E (2)

C =
1
n

XXT (3)

where X is the normalized data; P ∈m×k is the loading matrix, which can be obtained
by eigen decomposition of C; Tn×k is the score matrix; and E is the residual matrix.
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k represents the number of principal components, which can be generally calculated by
the cumulative variance contribution rate [19]:

k

∑
i=1

λi/
m

∑
i=1

λi × 100% ≥ σ (4)

where λi is the eigenvalue of the C eigenvalue decomposition and arranges it from large
to small, and σ is the ratio of the sum of the maximum eigenvalues to all the eigenvalues,
generally with a value of 85%.

Fault diagnosis mainly uses two statistics, T2 and Q, to judge whether a fault has
occurred. T2 statistic, also known as Hotelling’s T2, mainly reflects the changes of the
spatial characteristics of the principal components, which are defined as follows [20]:

T2 = xT
i PS−1PTxi (5)

The Q-statistic, also known as the Squared Prediction Error Index (SPE), mainly reflects
the changes in the subspace characteristics of residuals, which are defined as follows:

SPE = eTe (6)

The control limits for T2 and Q statistics are DC and QC,a, respectively, and the formula
is as follows:

DC ∼
l(n2 − 1)
n(n− 1)

Fα(l, n− l) (7)

QC,α = θ1

[
1− θ2h0

(
1−h0
θ1

2

)
+

√
zα(2θ2h0

2)
θ1

]1/h0

θi =
m
∑

j=l+1
λi

j(i = 1, 2, 3)

h0 = 1− 2θ1θ3
3θ2

2

(8)

Among them, n is the number of modeled data samples; l is the number of principal
components retained in the principal components; α is the level of significance; the critical
value of F distribution under l, n− l is found in the statistical table; Cα is the critical value
of the normal distribution at the significant level α; and λj is the eigenvalue of the smaller
data covariance matrix.

The DPCA algorithm requires time-delay expansion of the original data space matrix.
Assuming that the current data are related to observations from previous L-step data, the
expansion matrix is [21]:

X(L) = [X(t), X(t− 1), . . . , X(t− L)] (9)

3. GA-DPCA

GA feature selection can quickly obtain the optimal feature subset of the original data
matrix and reduce the original data without destroying it. The DPCA algorithm can take
into account the dynamic characteristics of the data and further reduce the dimension
of the data matrix at the same time. Therefore, this paper proposes a dynamic principal
component analysis method based on GA feature selection for process monitoring and
fault diagnosis through TE datasets. The method flow is shown in Figure 1. The first
part is sliding window denoising, the second part is feature selection based on a genetic
algorithm, the third part is offline modeling and determination of control limits, and the
last is online monitoring.
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Figure 1. Framework diagram of the whole control system.

3.1. Sliding Window Removal Noise

In industrial process production, data acquisition is often accompanied by a large
amount of noise interference, which makes the acquired data inaccurate, thus affecting
the accuracy of modeling. In order to suppress noise interference and improve modeling
accuracy, we need to use appropriate filtering algorithms to filter the data. This paper
mainly adopts the filtering algorithm of sliding window denoising [22]. As shown in
Figure 2, the basic idea is to set a sliding window with a fixed width, slide along the time
series, and use the arithmetic mean of the data in the window as the output value of the new
series, that is, the filtered series. N is set to the width of the sliding window. If N = 2k + 1,
and the input and output are xn and yn, respectively, then:

yn =
1

2k + 1

i=k

∑
i=−k

x(n + i) (10)
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A piece of data is taken from the training set of the TE dataset and filtered through a
sliding window. The results are shown in Figure 3, which shows that the sliding window
filtering algorithm can effectively suppress high-frequency noise.
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3.2. Feature Selection Based on GA

Feature selection is an important question in feature engineering. Its goal is to find the
optimal feature subset. Feature selection can eliminate irrelevant or redundant features,
thereby reducing the number of features and improving model accuracy. According to the
form of feature selection, it can be divided into three categories: filtering, encapsulation
and embedding.

The general process of feature selection is: (1) generating subsets; (2) evaluating
functions; (3) stopping criteria; (4) validation process [23,24]. For high-latitude data,



Processes 2022, 10, 2570 6 of 20

finding the optimal solution can take a lot of time. Genetic algorithm is an adaptive global
optimization search algorithm, which is a computational model that simulates the natural
selection and genetic mechanism of Darwin’s theory of biological evolution. Therefore, the
feature selection based on genetic algorithm will greatly increase the speed of obtaining the
optimal solution. As shown in Figure 4, the general steps of GA-based feature selection are
mainly divided into the following steps: initializing the population, calculating the fitness,
setting the genetic operator, and updating the iterations [25,26].
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3.2.1. Initializing the Population

Genetic algorithm follows the law of survival of the fittest and elimination of the weak,
that is, retaining individuals with strong fitness and eliminating individuals with weak
fitness. Before starting the genetic algorithm, there are several parameters that need to be
set in advance: the first is the size of the population. If the population size is too small,
inbreeding will obviously occur, resulting in genetic disease. Conversely, if the population
size is too large, the results will be difficult to converge, resources will be wasted, and
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the robustness will be reduced. The second parameter is the number of iterations. If the
evolutionary algebra is too small, the algorithm is not easy to converge, and the population
is immature. If the evolutionary algebra is too large, the population may converge too early,
and it is pointless to continue evolution, which would only increase time consumption and
waste resources. Further, there is the probability of mutation. If the probability of mutation
is too small, the diversity of population genes cannot be guaranteed. If the probability of
mutation is too large, the genetic algorithm will degenerate into random search. Similar
to the mutation probability, if the mating probability is too large, the existing beneficial
individuals will be destroyed, the randomness will increase, and the optimal individual
will be easily lost. If the mating probability is too small, the population cannot be effectively
updated. The last is the catastrophe count. When the population has not updated the
optimal solution for N consecutive generations, it is necessary to set the catastrophe to
prevent the population from falling into the local optimal solution. If the value of N is too
small, the search path will be greatly increased or even impossible. If the value of N is
too large, the function of the mutation operator will become small or even useless, so an
appropriate value should be set.

Genetic coding is required before an individual can be produced. The coding method
directly affects the operation of genetic operators, such as the crossover operator and muta-
tion operator of the genetic algorithm, thus determining the efficiency of genetic evolution
to a large extent. In this post, feature retention and loss is essentially a 0–1 problem. As-
suming that the processed data are X = [x1, x2, . . . , xn], where xn is the feature of the data,
if 1 means that this eigenvector is retained, then 0 means rounding off that eigenvector, the
entire genotype of the individual is a binary encoded symbol string. For binary encoding,
its advantages are that it is simple, it easily implements operations such as crossover and
mutation, and it conforms to the principle of minimum character set encoding. The algo-
rithm can be theoretically analyzed by using the mode theorem. Since the feature selection
problem belongs to the type of planning problem, it is very suitable for binary encoding.

3.2.2. Calculating Fitness

Individual fitness refers to the degree of dominance of an individual in the survival of
the population, and is used to distinguish the “good” and “bad” individuals. The fitness
of an individual can be calculated using the fitness function. The fitness function, also
known as the evaluation function, is mainly used to judge the fitness of an individual
through individual characteristics. The general process for evaluating individual fitness is
as follows:

1. After decoding the individual code string, the individual phenotype can be obtained.
2. The objective function value of the corresponding individual can be calculated from

the individual’s phenotype.
3. According to the type of optimization problem, the fitness of individuals can be

calculated from the objective function value according to certain transformation rules.

The purpose of feature selection is to extract the most representative feature sub-
set from the original feature vector data. This subset should satisfy the following two
conditions as much as possible:

The correlation between the feature subset vectors after feature selection should be as
small as possible.

The correlation between the feature subset after feature selection and the residual data
matrix should be as large as possible.

Assuming that the selected data of an individual feature are X1 = [x1, x2, . . . , xm], the
data in the residual space of the individual is then X2 = [x1, x2, . . . , xk], k + m = n. If there
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are two groups of data, A = {a1, a2, . . . , aN}, B = {b1, b2, . . . , bN}, the Pearson correlation
coefficient shows that the correlation coefficients of these two groups of data are:

ρAB = Cov(A,B)
σAσB

=

n
∑

i=1

(Ai−E(A))
σA

(Bi−E(B))
σB

n

σA =

√
n
∑

i=1
(Ai−E(A))

n , σB =

√
n
∑

i=1
(Bi−E(B))

n

(11)

where σA, σB is the standard deviation of A, B, respectively. At the same time, it is obvious
that |ρAB| ≤ 1. The fitness function is as follows:

fFit = p

m
∑

i=1

m
∑

j=1

∣∣∣ρX1(i)X1(j)

∣∣∣
m−1
∑
i

i
+ (1− p)

m
∑

i=1

k
∑

j=1

∣∣∣ρX1(i)X2(j)

∣∣∣
i = 1, 2, . . . , m
j = 1, 2, . . . , k

(12)

where fFit is the fitness function, and p is the fitness proportion of the above two indicators,
0 ≤ p ≤ 1.

3.2.3. Setting up Genetic Strategies

The genetic operators of the genetic algorithm proposed in this paper include the
elite selection operator, gene crossover operator, gene mutation operator and mutation
operator. The elite retention strategy [27,28] aims to prevent the loss of the best individuals
in the current population in the next generation, thereby preventing the genetic algorithm
from converging to the global optimal solution. The specific process is to directly copy
the best individual currently existing in the population to the next generation and replace
the worst individual in the next generation when the individual is selected. The elite
retention strategy improves the global convergence of the standard genetic algorithm,
and it is theoretically proved that the standard genetic algorithm with elite retention
has global convergence. Catastrophic strategies [29,30] aim to further improve global
search performance. Its essence is to simulate the biological evolution process. When the
external environment undergoes major changes, such as volcanoes and tsunamis, biological
populations will face mass death or even extinction.

(1) Elite selection strategy

The most common selection operator in genetic algorithms is the roulette method,
in which the probability of selecting an individual is directly proportional to its fitness
value. Essentially, the strategy of elite retention is essentially the same as that of keeping
individuals as well-adapted as possible. The idea is to have the most adapted individuals
directly retain and replicate their offspring while eliminating the less adapted ones, which
converges faster than roulette. In the genetic algorithm proposed in this paper, the specific
strategies for elite preservation are to retain the first 25% of the fitness of the individuals
and duplicate them to enter the next generation directly, retain 25%–50% of the individuals
to enter the next generation, and directly eliminate the last 50%.

(2) Gene crossover strategy

Crossover is the main process of generating new individuals in genetic algorithms. It
exchanges some chromosomes between two individuals with a certain probability. This
paper adopts the method of single-point chromosome segment crossover. The specific
procedure is as follows: first, the populations are paired randomly; second, the position
of the intersection is randomly set. Finally, some genes are exchanged between pairs of
chromosomes. As shown in Figure 5, at the n-1 position of the chromosome, individual A
crosses with individual B, where A changes from 0 to 1 and B changes from 1 to 0.
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The mutation operation is to change the value of a gene with a small probability at one
or a certain locus of an individual. It reflects the diversity of genes. In this paper, we use
the single-point mutation method to perform mutation operations. The specific operation
process is to first determine the mutation position of each individual. Then the original
gene value of the mutation point is inverted according to a certain probability. As shown in
Figure 6, the gene of individual A at the n-1 position mutates from 0 to 1.

(4) Catastrophe Strategy
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The genetic algorithm has strong local search ability, but it is easy to fall into local
optimal solution. In order to jump out of the local optimum, all excellent individuals must
be killed, so that there is enough evolution space for points far from the current extreme
value. This is the idea of cataclysm. Holocaust is killing the best individuals, thereby
producing more good species. A countdown to when the disaster will happen is required.
In the genetic algorithm of this paper, if there is not a better individual than before in n
consecutive generations, a disaster occurs, and the disaster makes the count n equal to 0.

3.2.4. Update Iteration

After one selection and cross-mutation, if the current disaster count does not reach the
threshold, it will directly enter the next generation, otherwise, the disaster operation will
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be performed, and the disaster count will return to 0 and enter the next generation. Finally,
if the current algebra reaches the number of iterations, the iteration is stopped.

3.3. Offline Modeling

The steps of offline modeling and monitoring are as follows:

(1) Collect the data of normal operation of the chemical process and conduct sliding
window denoising on the data to obtain Xtrain. Then, due to the inconsistency of
different variable units of process data, the data needs to be standardized. The
standardization process is as follows:

X̃train =
Xtrain − Xtrain√

1
n

n
∑

i=1

(
Xtrain − Xtrain

)2
(13)

where Xtrain represents the mean matrix established by the mean of each variable in
the data and X̃train represents the normalized process data matrix.

(2) Overlay the standardized data with observations from previous L moments to con-

struct a new data matrix, XTrain =
[

X̃train,1(0), X̃train,1(1), . . . , X̃train,1(L), X̃train,2

]
, for

DGLPP. L is the delay parameter, which is generally 1 or 2 depending on the actual
situation. X̃train,1(L) represents data delayed to L steps and selected for features.
X̃train ,2 represents residual data for feature selection.

(3) Establish a monitoring model based on DPCA according to Formulas (1)–(4).
(4) Calculate T2 and Q statistics according to Formulas (5) and (6).

3.4. Determining Control Limits

The control limits are established to determine whether a failure has occurred at any
point in time, so the control limits for the T2 and Q statistics need to be calculated. When
the statistic value calculated by the online collected data is greater than the control limit, it
is regarded as a failure. The control limit formulas for determining the statistics are shown
in Formulas (7) and (8).

3.5. Online Monitoring

The steps of online monitoring are as follows:

(1) Collect abnormal data in the process of chemical industry and obtain Xtest by sliding
window denoising, then standardize the data by using Formula (12). Finally, the new
data sample required for DGLPP is constructed as XTest =

[
X̃test,1(0), X̃test,1(1), . . . ,

X̃test,1(L), X̃test,2

]
.

(2) Using the projection matrix A obtained from the offline process and the newly acquired
data, an online monitoring model based on DPCA is established:

XTest = AyTest + eTest
yTest = (AT A)−1 ATXTest
eTest = XTest − AyTest

(14)

where yTest is the vector after projection, eTest is the residual vector, and A is the
projection matrix.

(3) Calculate T2 and Q statistics according to Formulas (5) and (6).
(4) Compare with the control limit established in offline modeling to determine whether

there is a fault.
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3.6. Fault Diagnosis

After statistics are found to be abnormal, fault diagnosis is required. In this paper, the
improved contribution graph is used for fault diagnosis, and the formula is as follows:

contj =
d

∑
i=1

tj,i
Ttj,i

λη(j, i)
(15)

qj = ej
2 (16)

where d is the number of principal elements, j is the number of variables, and ej represents
the residual value of element j.

Considering the dynamic nature of the data, traditional contribution graphs cannot be
used directly. The contribution diagram of the improvement used in this paper is as follows:

CONTj = contj + contj+m + contj+2×m + . . . + contj+L×m j ≤ m
Qj = qj + qj+m + qj+2×m + . . . + qj+L×m j ≤ m

(17)

Here, m is the number of variables in the original data before matrix expansion, and
the variable with the largest result is the cause of the failure.

4. Simulation

In order to prove the effectiveness of the algorithm proposed in this paper, we used
the Eastman process simulation data in Tennessee to verify it, and compared the PCA
and DPCA algorithms to show the superiority of the algorithm. We also set the latency
parameter L to 1 with a confidence level of 99%.

TE dataset is produced by Tennessee Eastman, an open and challenging simulation
platform for chemical models developed by Eastman Chemical Company in the United
States. It has time-varying, strong coupling, and nonlinear properties, and has been widely
used to compare various monitoring methods [31]. The four reactants, A, C, D, and E, and
inert B are fed into the reactor where products G and H are formed, and by-product F is
formed [32]. The control structure is shown in Figure 7. The process has 22 continuous
process measurements, 19 component measurements, and 11 control variables for a total of
52 variables. Table 1 lists the 52 variables and Table 2 describes the failure of the 21 sets
of test data. The training and testing datasets for each failure are represented by 480 and
960 observations, respectively.

The proposed GA-DPCA is compared with PCA, DPCA. The cumulative variance
contribution method is used to determine the number of principal components. The control
limits for all monitoring statistics for the three methods were set to 99%. The monitoring
results of the three algorithms PCA, DPCA and GA-DPCA are shown in Table 3. It can
be seen from Table 3 that the average diagnostic rate of the T2 statistic of GA-DPCA is
higher than that of the other two algorithms, and the Q statistic of GA-DPCA is slightly
lower than that of DPCA, but higher than that of PCA. In the cases of faults 4, 11, 17, 18
and 21, the diagnostic rate of the T2 statistic of GA-DPCA was significantly higher than
that of the other two methods. In the cases of faults 5, 10, 11 and 20, the diagnostic rate of
the Q statistic of GA-DPCA is significantly higher than that of the other two methods. In
other cases, the diagnostic rate of GA-DPCA is about the same as the other two algorithms.
These situations reflect that the GA-DPCA algorithm has a significant improvement in the
diagnosis rate of these small faults that are not easily detected by PCA or DPCA. In order
to further illustrate the superiority of the GA-DPCA monitoring method, the comparison of
the detection results of PCA, DPCA and GA-DPCA algorithms in faults 4 and 11 is shown
in Figures 8 and 9, respectively.
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Table 1. Process monitoring variables in the Tennessee Eastman process.

No. Variables No. Variables

1 A feed (stream 1) 27 Ingredient E (stream 6)
2 D feed (stream 2) 28 Ingredient F (stream 6)
3 E feed (stream 3) 29 Ingredient A (stream 9)
4 Total feed (stream 4) 30 Ingredient B (stream 9)
5 Recycle flow (stream 8) 31 Ingredient C (stream 9)
6 Reactor feed rate (stream 6) 32 Ingredient D (stream 9)
7 Reactor pressure 33 Ingredient E (stream 9)
8 Reactor level 34 Ingredient F (stream 9)
9 Reactor temperature 35 Ingredient G (stream 9)
10 Purge rate (stream 9) 36 Ingredient H (stream 9)
11 Product separator temperature 37 Ingredient D (stream 11)
12 Product separator level 38 Ingredient E (stream 11)
13 Product separator pressure 39 Ingredient F (stream 11)

14 Product separator underflow
(stream 10) 40 Ingredient G (stream 11)

15 Stripper level 41 Ingredient H (stream 11)
16 Stripper pressure 42 D feed flow valve (stream 2)
17 Stripper underflow (stream 11) 43 E feed flow valve (stream 3)
18 Stripper temperature 44 A feed flow valve (stream 1)
19 Stripper steam Flow 45 Total feed flow valve (stream4)
20 Compressor work 46 Compressor recycle valve

21 Reactor cooling water outlet
temperature 47 Purge valve (stream 9)

22 Separator cooling water outlet
temperature 48 Separator pot liquid flow valve

(stream 10)

23 Ingredient A (stream 6) 49 Stripper liquid product flow
valve (stream 11)

24 Ingredient B (stream 6) 50 Stripper steam valve
25 Ingredient C (stream 6) 51 Reactor cooling water flow
26 Ingredient D (stream 6) 52 Condenser cooling water flow
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Table 2. Process faults for the TE process.

Fault Number Process Variable Type

1 A/C feed ratio, B composition constant
(stream 4) Step

2 B composition, A/C ratio constant (stream 4) Step
3 D feed temperature (stream 2) Step
4 Reactor cooling water inlet temperature Step
5 Condenser cooling water inlet temperature Step
6 A feed loss (stream 1) Step

7 C header pressure loss-reduced availability
(stream 4) Step

8 A, B, C feed composition (stream 4) Random variation
9 D feed temperature (stream 2) Random variation
10 C feed temperature (stream 4) Random variation
11 Reactor cooling water inlet temperature Random variation
12 Condenser cooling water inlet temperature Random variation
13 Reaction kinetics Slow drift
14 Reactor cooling water valve Sticking
15 Condenser cooling water valve Sticking
16 Unknown Unknown
17 Unknown Unknown
18 Unknown Unknown
19 Unknown Unknown
20 Unknown Unknown
21 Valve position constant (stream 4) Constant position

Table 3. Fault diagnosis rate of four methods for the TE Process.

Fault
Number

PCA DPCA GA-DPCA

T2 Q T2 Q T2 Q

1 99.58% 98.02% 99.58% 91.14% 99.27% 92.91%
2 98.44% 96.88% 98.75% 91.46% 98.85% 94.79%
3 18.54% 28.75% 17.19% 55.92% 21.79% 46.56%
4 50.73% 97.19% 23.85% 91.77% 93.53% 93.12%
5 38.44% 49.80% 37.29% 77.29% 51.30% 91.97%
6 99.17% 98.54% 99.38% 93.57% 99.79% 95.20%
7 100.00% 98.13% 100.00% 94.20% 99.79% 94.16%
8 97.81% 96.88% 97.71% 92.10% 97.39% 93.01%
9 18.85% 28.33% 16.87% 54.89% 21.48% 50.42%

10 51.36% 74.06% 52.71% 83.57% 64.03% 84.37%
11 60.00% 76.05% 42.39% 91.37% 83.94% 92.60%
12 98.85% 95.84% 99.27% 93.46% 99.06% 94.06%
13 95.94% 95.21% 95.83% 92.32% 96.14% 92.70%
14 99.80% 96.67% 99.90% 90.82% 34.20% 90.83%
15 20.73% 32.08% 19.48% 52.71% 30.03% 46.67%
16 34.90% 68.54% 32.29% 82.51% 45.15% 81.14%
17 83.23% 94.90% 81.67% 90.74% 91.76% 90.20%
18 90.94% 91.98% 91.04% 87.49% 92.18% 88.85%
19 22.29% 56.35% 21.25% 89.60% 26.28% 67.40%
20 47.81% 73.02% 48.75% 84.60% 56.73% 87.29%
21 47.92% 65.21% 51.46% 75.20% 67.47% 71.97%

Average 65.49% 76.78% 63.17% 83.65% 70.01% 82.87%

It can be seen from Figure 8 that in the case of fault 4, for PCA under T2 statistic
monitoring, the effect is good before the fault is introduced, and after the fault is introduced,
the T2 control limit cannot effectively identify the fault. For PCA under the monitoring of
the Q statistic, the diagnosis effect before the introduction of the fault is average. After the
introduction of the fault, the Q control limit can effectively identify the fault, but it can be
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seen from the figure that there is a large fluctuation. For DPCA, the monitoring effect of
the T2 statistic is very poor, and most of the statistical values are below the control limit,
almost losing the monitoring effect. For DPCA under the monitoring of the Q statistic, there
are errors in the diagnosis effect before and after the fault is introduced. For GA-DPCA
under the monitoring of the T2 statistic, the diagnosis effect is good before and after the
introduction of the fault, and the accuracy rate is close to 100%. For GA-DPCA under
the monitoring of the Q statistic, there are some errors in the diagnosis before the fault is
introduced, but the diagnosis rate after the fault is introduced is 100%.
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It can be seen from Figure 9 that in the case of fault 11, for PCA under T2 statistic
monitoring, the effect is good before the fault is introduced, and after the fault is introduced,
the T2 statistic monitoring effect has some errors. For PCA under monitoring of the Q
statistic, the diagnosis effect before and after the fault is introduced is average, and the
statistics fluctuate greatly. For DPCA under the monitoring of T2 statistic, the diagnosis
effect before the introduction of the fault is good, and after the introduction of the fault,
most of the fault data cannot be identification since the diagnosis rate is low. For DPCA
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under monitoring of the Q statistic, before the fault is introduced, the misjudgment rate of
the diagnostic effect is relatively large, and after the fault is introduced, the accuracy rate
is close to 100%. For GA-DPCA under monitoring of the T2 statistic, the diagnostic effect
before and after the introduction of the fault is good, and the accuracy is close to 95%. For
GA-DPCA under monitoring of the Q statistic, there are some errors in the diagnosis before
the fault is introduced, but the diagnosis rate after the fault is introduced is 100%.

After the fault detection is completed, fault diagnosis was carried out by the contri-
bution diagram. Failure 4 and Failure 11 were selected for testing. The contribution of
the Q-statistic based on GA-DPCA to the sample is shown in Figures 10 and 11. In the
contribution diagram, the red represents the variable causing the fault, while the other
variables are represented in blue. Therefore, variable 51 (reactor cooling water flow) was
determined to be the cause of failures 4 and 11. Table 2 was checked to make sure they are
correct. Table 4 shows how much GA-DPCA improves the average diagnostic accuracy of
the T2 and Q statistics. Through the TE simulation process simulation results shown in
Table 4, the average diagnostic accuracy of GA-DPCA-based fault diagnosis on T2 statistics
is 70.01%, and the average diagnostic accuracy on Q statistics is 82.87%. Compared with
PCA, it increased by 4.52% in T2 and by 6.09% in Q statistics. Compared with DPCA,
it increased by 6.84% in T2 statistics and decreased by 0.78% in Q statistics. Therefore,
compared with PCA and DPCA, GA-DPCA has a better monitoring and diagnosis effect in
practical applications. In addition, the improved contribution map can accurately diagnose
which variables caused the failure, which has practical application value for actual chemical
process monitoring.

Table 4. GA-DPCA average improvement rate of accurate diagnosis.

Method T2 Q

PCA 4.52% 6.09%
DPCA 6.84% −0.78%
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5. Conclusions

The method proposed in this paper is essentially based on the PCA method. Due to
the wide application of the PCA method, many scholars at home and abroad have studied it
to improve the monitoring effect. This paper considers the data feature selection aspect and
puts forward a DPCA fault monitoring and diagnosis method based on feature selection
by using the feature of fast optimal solution of the genetic algorithm. Firstly, sliding
window denoising is introduced for removing noise and increasing modeling accuracy.
Secondly, feature selection is performed based on a genetic algorithm to find the optimal
feature subset and eliminate irrelevant or redundant features. Thirdly, offline modeling and
determination of control limits are introduced for process monitoring. This method not only
preserves the dimensionality reduction of principal component analysis, but also considers
the dynamics and integrity of the data, which can effectively improve the monitoring effect
compared with typical methods shown in [33–35].

Although the method presented in this paper provides improved results compared
with traditional PCA methods, there is still much room for improvement, for example,
diagnostic accuracy under T2 statistics is still less than 80%. At the same time, due to
the non-linear nature of the chemical process data, the effect of traditional PCA is greatly
reduced, so the effect of some unknown fault diagnosis is not ideal. In future research, the
authors will consider existing algorithms to propose more efficient monitoring methods for
chemical processes in view of the non-linear characteristics of high-dimensional data.
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