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Multivariate statistical process monitoring methods are often used in chemical process fault diagnosis. In
this article, (I) the cycle temporal algorithm (CTA) combined with the dynamic kernel principal compo-
nent analysis (DKPCA) and the multiway dynamic kernel principal component analysis (MDKPCA) fault
detection algorithms are proposed, which are used for continuous and batch process fault detections,
respectively. In addition, (II) a fault variable identification model based on reconstructed-based contribu-
tion (RBC) model that paves the way for determining the cause of the fault are proposed. The proposed
fault diagnosis model was applied to Tennessee Eastman (TE) process and penicillin fermentation process
for fault diagnosis. And compare with other fault diagnosis methods. The results show that the proposed
method has better detection effects than other methods. Finally, the reconstruction-based contribution
(RBC) model method is used to accurately locate the root cause of the fault and determine the fault path.
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1. Introduction

The scale of equipment and factories has increased with
improvements in the data intelligence of chemical industry pro-
cesses. Due to the flammable, explosive, toxic and corrosive nature
of typical chemical processes, any accident can cause a major dis-
aster, which in turn could cause huge environmental, social and
economic losses. Effective and timely detection and location of
fault locations is an important aspect of ensuring the safety of
the current chemical industry process and product quality [1]. Pro-
cess monitoring (PM) is a widely adopted tool for process safety
and quality enhancement [2]. Generally, process monitoring can
be divided into three categories: model-based methods,
knowledge-based methods, and data-based methods. Data-based
methods have been widely used in chemical processes in recent
years [3-5].

According to different types of products produced, chemical
processes can be divided into continuous processes and batch pro-
cesses. Because the continuous process and batch process are mul-
tivariable control processes. Therefore, the multivariate statistical
process monitoring (MSPM) method is one of the most commonly
used methods in modern industrial processes. Among them, the
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principal component analysis (PCA) method in MSPM is the most
widely used in chemical process [6-9]. By projecting the data into
a low-dimensional subspace containing enough variance informa-
tion for normal operating data, PCA can effectively process high-
dimensional, noisy and highly correlated data. PCA application
However, the PCA method has limitations for fault detection and
fault identification in chemical processes with strong nonlinearity
and dynamics. For the fault detection, Ku et al. proposed dynamic
principal component analysis (DPCA) [10], Lee et al. [11] proposed
kernel principal component analysis (KPCA) and Yang et al. [12]
proposed dynamic kernel principal component analysis (DKPCA)
for continuous process fault detection. Compared with continuous
processes, batch processes have more operating stages, and the
data patterns are usually high-dimensional. Before entering the
monitoring model, data needs to be processed in multiway [13].
Therefore, multiway principal component analysis (MPCA) [14],
multiway kernel principal component analysis (MKPCA) [15] and
adjacent principal component analysis (ADPCA) [16] have been
successively proposed. Using the above various PCA models for
fault detection, the monitoring space is divided into two subspaces,
called the principal component subspace and the residual sub-

space. By constructing T? statistics and SPE statistics to explain
the mean and variance information of the processes in the two
subspaces respectively [17], when one of the T? and SPE statistics
exceeds the control limit, it indicates that the system has detected
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a fault. For the fault identification part, the most widely used
method based on the PCA model is the contribution of variable
method [18]. The method is based on quantifying the contribution
of each process variable to a single principal component score. The
contribution of each process variable to the principal component in
the out-of-control state is added, which is called variable contribu-
tion [19,20]. It is believed that the huge contribution of process
variables may be the root cause of the fault. In recent years, many
variable identification methods have been reported [21-23], but it
is still difficult to identify faults, especially when the number of
process variables is too large and the process is very complicated.
The fault may be covered by the control loop. Therefore, it is very
important to detect faults in time and capture the most useful
information to identify the fault variable. The above-mentioned
fault detection and identification based on the traditional PCA
expansion method have some problems. For fault detection, when
the amount of data is large and the matrix dimension calculated by
the model is large, there are problems of computational redun-
dancy and high fault detection delay. On the basis of the above
problems, dynamic trend analysis (QTA) is one of the methods to
solve the above problems. some researchers have also proposed
some fault diagnosis methods based on QTA, such as: dynamic
locus analysis (DLA) [24], dynamic time warping (DTW) [25], arti-
ficial immune system (AIS) [26], metric temporal logic (MTL) [27],
metric interval temporal logic (MITL) [28] and signal temporal
logic (STL) [29]. This article improves the traditional temporal
logic, proposes a cycle temporal algorithm (CTA) and combines
the DKPCA and MDKPCA fault detection methods to solve the
above two problems. CTA not only has the strong qualitative ability
of temporal logic, but also can effectively optimize the big data cal-
culation redundancy and computational complexity of chemical
process through the two parts of cycle segmentation and cycle
merge, so as to improve the accuracy of fault detection and reduce
the fault time delay. For fault identification, the main problem is
that the existing fault identification methods do not effectively
extract fault information, and then effectively identify fault vari-
ables. The reconstruction-based contribution (RBC) model to con-
centrate the effective fault information in the principal
component and residual subspace, retain the fault information to
the greatest extent, and determine the fault variable and the cause
of the fault is used in this paper.

On the basis of the above discussion, this article proposes the
CTA and combines it with the DKPCA model and MDKPCA model
to form the CTA-DKPCA and CTA-MDKPCA fault diagnosis model,
respectively, to monitor continuous and batch processes. The pro-
posed model uses temporal logic to set the threshold, the starting
point and ending point of segmentation, and perform piecewise
linear fitting on the process data, thereby reducing the dimension
of the calculation matrix and improving the calculation accuracy.
The CTA-DKPCA model and CTA-MDKPCA model can effectively
collect useful information in the subspace, deal with the loss of
information, and greatly improve the detection rate. Combined
with an enhanced fault variable identification algorithm, the RBC
method is used to reconstruct the variable contributions, to visu-
ally display the contribution rate of the variable (expressed as a
percentage), to emphasize the strong correlation between vari-
ables and to extract fault information. In the continuous process,
3 different types of faults are selected, and comparing the CTA-
DKPCA model with similar derived algorithms in the Tennessee
Eastman (TE) process indicates the advantages of the CTA-DKPCA
method. Then, comparison with the 2-class SVM optimization
algorithm proposed by Onel et al. [30] indicates the accuracy of
the fault detection of the CTA-DKPCA model. For batch processes,
choosing a typical fault and making comparisons with the MDKPCA
method shows the advantages of the CTA-MDKPCA method.
Finally, the RBC method is used to diagnose the key variables that

cause the fault in the continuous process and the batch process,
locate the root cause of the fault, and determine the path of the
fault.

The rest of the paper is structured as follows. In Section 2, the
cycle temporal algorithm is proposed, and combined with the
DKPCA model and MDKPCA model, and the fault variable is diag-
nosed through the RBC method. In addition, the continuous and
batch processes fault diagnosis models are obtained. In Section 3,
the TE process and penicillin fermentation process are used to
demonstrate the effectiveness of the CTA-DKPCA method and the
CTA-MDKPCA model. Then, the RBC method is used to determine
the root cause of the fault and the fault propagation path. In Sec-
tion 4, we summarize our work.

2. Methods

The traditional PCA method has limitations for fault diagnosis of
chemical continuous and batch processes with nonlinearity and
dynamics. Therefore, there is a need for an algorithm that can per-
form calculations in batch and continuous processes, namely, the
MDKPCA algorithm and DKPCA method. Specifically, the DKPCA
is for continuous process fault diagnosis, and MDKPCA is for batch
process fault diagnosis.

2.1. Dynamic kernel principal component analysis (DKPCA)

PCA is a popular dimension reduction technique to project the
data onto a lower dimensional subspace that contains most of the
variance in the data. However, PCA can only solve the linear cor-
relation between data. For the strong nonlinear and dynamic
characteristics of chemical process data, the PCA method has cer-
tain difficulties in calculating this type of data. Therefore, the
KPCA method was proposed by Kumar et al. [31] through nonlin-
ear improvement, and KPCA method is a kind of learning machine
based on kernel. The data of original space is mapped to feature
space by nonlinear mapping, and linear method is used to analyze
in feature space. Thus, nonlinear problem of original space is
transformed into linear problem of feature space. However, the
dynamic capture of data requires the conversion of dynamic mod-
els, so a DKPCA model of non-linear and dynamic capture of data
is formed.

Define the normal data set X contains m variables, and each
variable has n observations, the vectors at time t and augmented
matrix X; containing the observations at the previous s time to

reflect the relationship between the variables’ dynamic
relationship.
T T
Xt Xt—s
Xs=| = - (1)
T T
X[+an Xt—n

Then use the dynamic matrix X; to establish the DPCA through
the PCA method, and then the dynamic characteristics can be
analyzed.

X, =TP" +E )

where T is the score matrix; P is the load matrix; E is the residual
matrix, which is the projection of the sample in the residual space.

There is a nonlinear mapping ®;(t : t —s) : R — F, which maps
the samples in the input space to the high-dimensional feature
space F, and the covariance matrix of the samples in the feature
space is calculated as follows:

N
C= % ; (Dixi(t : t —5)) — M) (PiXi(t : t —5)) —mg,)" 3)
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N
where mg, = > @i(xi(t : t —s))/N is the mean value of the sample
i=1

mapped in F space, let &;(x;(t : t —s)) = ®;(x;(t : t —)) — Mg, Then
the principal component load vector v in the feature space can be
obtained by solving the following eigenvalue problem:

A A _ r

AV:CV:NZ(Q)j(Xj(t:t—S)) V) i(xi(t: t ) (4)
=1

where Z > 0 and v+#0, " - " means dot product. The solution v of the

characteristic Eq. (4) can be expressed as a linear combination of
Di(x1(t:t—5)), Py(xa(t: t—5)), -, Py(xn(t: t —5)), namely:

v :}é o P;(X;(t : t —5)).
Sitting on both sides of Eq. (4) as ®;(x;(t : t —s)), we obtain Eq. (5):
HB(xi(t:t=5)) V) = B(x(t: £~ 5)) (CV) (5)
Define the kernel matrix K = [Kj], where K = (®;(x;(t : t —5))-

@j(x;(t:t—s))),K=[Ky], where Ky = (@;(x;(t:t—5)) ®;(x;(t: t —5))),
The eigenvalue problem of Eq. (5) can be simplified as:

20— (%) Ka (6)

where a = [0, %3, - - A,ocN]T. In the above derivation, it is assumed
that the sample is centralized in the feature space. However,
because we can’t give the specific form of mapping &; under normal
circumstances, we can't find my,, so we can’t directly calculate K.
This article uses K to find the method of K, namely:
K = K — KE — EK + EKE, where E ¢ R"™" and all components are ;.

For feature vector normalization is necessary to satisfy Eq. (7):

, 1
lloell”™ = 75 (7)

Let the first P eigenvalues satisfying Eq. (6) are
Jq>Jp >--->Jp, The corresponding eigenvectors form the load
matrix V = [v;---v,] of the principal component. Let the coeffi-
cient matrix of V is & = [o; --- ], Among them, the number of
principal components p can be used based on the principle of min-
imum mean square reconstruction error, which is obtained
through cross-validation.

Given a new sample X;,, which maps @, (x,(t : t —s)) in the fea-
ture space, the principal component score t; = [t,d, RN VA tkp]T
in the feature space can be obtained by projecting to each load vec-
tor v; in the direction of i = 1,---,p. Where t;; represents the pro-
jection of @y (x,(t: t —s)) in the v; direction, namely:

tig = Vi - DX (t - t = 5)) = (o] ) Ki (8)
where K and K, are shown in Eq. (9) and Eq. (10).

Rk = Kk — Kke — El(k — EKke (9)
K= [K(xi(t:t—s),x(t:t—s)Kxn(t:t—5),x(t: t—s)]" (10)

1
where e € RV!, E ¢ RV", each component of e and E are N

Gaussian kernel function is selected here as KPCA method’s ker-
nel function, and the expression as follows:

K(x,y) = exp <—M> 11)

20

2.2. Multiway dynamic kernel principal component analysis

The batch process is a repetitive production process, and its
data collection has more one-dimensional “batch” components

than the continuous process data collection. A three-dimensional
data matrix X(I x J x K), can be used to represent the process data
collection. In the matrix, I is the number of batches, J is the number
of variables, and K is the number of sampling points. MDKPCA cuts
the three-dimensional data matrix into batch and variable data
blocks X(I x J), along the time axis, and each data block is arranged
horizontally to the right to form a new two-dimensional data
matrix X(I x JK), as shown in Fig. 1. After the three-dimensional
data matrix is expanded into a two-dimensional data matrix, the
MDKPCA data processing and analysis process is equivalent to
the DKPCA method.

The multiway method combined with the above DKPCA method
can diagnose batch process faults.

2.3. Cycle temporal algorithm (CTA)

Fault diagnosis is particularly important for system safety, and
qualitative trend analysis (QTA) [32] is an important technology
for fault diagnosis. The main idea of QTA is to use the measurement
signal as a trend sequence based on primitives, which are constant,
rising and falling. However, the traditional temporal logic fault
diagnosis method based on QTA has some limitations. That is,
the system scale is small, the number of variables and sensors
are small.

In this section, QTA is extended to the time constraints, and a
new fault diagnosis method is proposed. An extended QTA method
is proposed; the cycle temporal algorithm (CTA), which combines
the aforementioned DKPCA and temporal logic. DKPCA was used
to obtain the principal component (PC). The selected PC saves most
of the process data variance, and each PC is a linear combination of
all process variables. Compared with the traditional QTA, the pro-
posed method uses temporal logic to describe the dynamic charac-
teristics of the process in time. The temporal logic is statistically
learned from the collected process data through the comprehen-
sive understanding of the time characteristics of a single variable
in the process variables to the linear correlation time characteris-
tics between them. This helps to improve the accuracy of fault
detection and recognition. The segmentation of the cycle temporal
algorithm is brought into the model calculation, which also
improves the calculation speed.

2.3.1. Temporal logic
The temporal logic equation is summarized and defined as
follows:

@ = [TIGpe@|Fioe @] + @101 A @310, Uppe @, (12)

Sampling
point

1

Fig. 1. MDKPCA data matrix decomposition.
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where T as “always true”, “negation” (4) and “combination” (A) are
standard Boolean join operators. The time series operators C,,_e],
Fpe, and Up, represent the derived “always”, the derived “final”
and the derived “until”, respectively and where [b,e] represents
the time interval, satisfying b < e. Note that the derived G, F, and
U are slightly different from the original G,F and U. Generally,
Gpe and Fpe can be expressed as Gpe = Fpeg 4 ¢ and
Fppe =TUpe . In addition, based on the operator U, define the

“concatenation” (-)operator, (E[O,b]¢1) <y =@ Upep,, and b =e.

The atomic predicate u : R — B represents a mapping from the real
domain to the Boolean domain. This article defines
u(x[z]) := f(x[t]) < 0 and f(x[t]) = (x[t] — kT — €)* — 8. & is the pre-
set threshold. Where d. = 462, ¢ is the standard deviation of the
data sequence. x[t] represents the data point at time 7 and k and
c are constant parameters.

Given a data sequence of length n, x = (x1,x2,---X,). where x
represents the data point at time 7. The defined temporal logic sat-
isfies the following:

e x[7] = u if and only if f(x[t]) > 0.

e x[7] T if and only if “always true”.

e x[7] E G if and only if VT € [1, 1] satisfies x[T'] .

e X[7] | Fo if and only if 37 € [1, 7] satisfies x[T] |= ¢.

e x[1] E+ @ if and only if 4 (x[1] E ¢@).

e X[T] | ¢, A ¢, if and only if x[7] E ¢, and x[1] E ¢,.

e X[7] £ ¢1Up ¢ ¢, if and only if one of the following conditions:

(1) If T < b, then x[1] T.

(2) If T > e, then 3T € [b, €] satisfies x[7'] ¢, and V1" € [1,71]
satisfies x[t'] £ ¢,

(3) If T € [b,e], then VT € [1, 7] satisfies x[T] = ¢, or 3T < T sat-
isfies X[T'] | ¢,, and V[t'] € [1, 7] satisfies x[t'] & ¢@;.

2.3.2. Construction of cycle temporal algorithm

To simplify the construction process of temporal logic, the cal-
culation time is decreased and the optimal number of principal
components is extracted. The CTA is improved based on temporal
logic. The algorithm is divided into cycle segmentation process
and cycle merge process as shown in Fig. 2.

First, determine the start point b; and end point e, of the
data segment for the data that needs to be divided, and per-
form a segmentation process and linear fitting according to
the entire data sequence X = (Xi,Xs,---X,). The two new end
points generated by the division are set to e;/2, The linear fit-
ting equation is: (X[t] =kt +c); k and c represent the slope
and the y-axis intercept, respectively. Then calculate the size
of the error generated by this linear fitting. If the linear fitting
error err is greater than J. which calculated from the data seg-
ment equation above, the two sequences X; and X, after twice
cycle are divided into two again. Then, as in the previous
steps, linear fitting and error calculation are performed on
the segmented data segments respectively, until the linear fit-
ting errorerr is not greater than the predetermined error
threshold .. The linear fitting error err is calculated as shown
in Eq. (13):

e

err =S (1] — ky — )2/, — b+ 1) (13)

jry

If the err is less than the threshold but the data segment in
the previous cycle also meets the condition, the length of the
data segment is problematic. Therefore, the long data segment
is re-circularly segmented at this time. Make the length of all
data segments equal. Once a certain linear fit is obtained,

according to the remaining data sequence, repeat the above
steps until the entire data sequence is divided into data segment
sequence, and each data segment in the sequence corresponds to
a linear fit. The obtained segments are input into the model as
input to the model for calculation, and after the segment output
results are obtained, the merging process is executed. Merge two
adjacent data segments into one data segment and perform lin-
ear fitting for the data segments to be combined. If the fitting
error is not greater than the predetermined error threshold &,
merge the two data segments into one data segmentation;
otherwise, it will not merge. Return the cycle to calculate the
linear fitting error until the cycle to calculate err is greater than
the threshold J., and further judge whether the end point of the
merged segment is the segment end point e;. If the data points
are not merged completely, return to continue to cycle to calcu-
late the linear fitting error of the remaining data set, Until the
merged data segment is merged into a complete data segment.
It indicates that the start point b, and the end point e, are in
the same data segment.

Based on the above segmented fitting method, cycle segmenta-
tion and cycle merge are performed for a given data sequence. A
sequence of quaternions of degree L can be obtained:

T :={(ki,c1,b1,e1), (ka, C2,ba,€2),-- -, (ki,Cp, by, er)) (14)

In each quadruple, (k;,c;, b, e;)(i € [1,L]), k; and c; are the slope
and y-axis intercept of the i-th segment of the linear fitting, respec-
tively. The integers b; and e; represent the start and end times of
the data segment, respectively, and the corresponding atomic
predicate is shown in Eq. (15):

Uj = ((xm kT — ) — b < 0) (15)
Based on the above, the temporal logic is reconstructed as:

@ = Q1 Up, e @2Upyes) - @r1Uppy e 1 PL (16)

which means if i € [1,L — 1], then ¢, := u;.

Eventually, The CTA combines temporal logic to define the prin-
cipal of the segmented cycle, determine the size of the cycle and
the error threshold, and the final segment starting point and end-
ing point. Complete the cycle segmentation part of the model data
to reduce the dimensionality calculation of the matrix. The cycle
merge part is the inverse process of the cycle segmentation part,
which can merge the effective information obtained in the model.
Through the effective merging and counting of the data, the calcu-
lation efficiency of the model is improved, the accuracy of the cal-
culation result is improved, and the delay caused by the calculation
is reduced.

2.4. Fault diagnosis for continuous and batch process

2.4.1. Continuous process fault detection
As in the previous section, for continuous process fault detec-

tion, P! is the single load matrix divided by the CTA. In addition,
let the column vector z(J x 1) represent the current observation
data point, and divide z into the corresponding L blocks based
on the L variable block in the previous section, which is

Z (]i x 1)(i =1,2,---,L). Based on the T?statistics and SPE statis-
tics of the global DKPCA model constructed above, two statistics

calculation equations of the segmented DKPCA model are
obtained:

T T .
SPE,; = (2 <1,-,. —P'(P'> ) 7 < SPEscijim (17)
Tg‘c.i = (Zi)Tf)i <Al> h (ﬁi)—r Zi S Tic,i.lim (18)
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where Af = (T;)TTL/(N,] —1), Pi(J; x I}) and T (N, x I;) are the load
matrix and score matrix of theith DKPCA model, respectively.
I;,(J; < J;) is the unit matrix, s stands for dynamic matrix, ¢ stands
for continuous process. Given confidence level «, these two control
limits can be obtained from the y distribution and the F
distribution:

v

SPEs.c,i,lim = 2n11 X%mz/yi.c{ (19)
i i

2 B li (]iz -1 F 20

where »; and m? represent the mean and variance respectively.
If one of the above 2 + 2L statistics exceeds the corresponding
control limit, the system is considered to have fault.

2.4.2. Batch process fault detection

The fault detection process of the batch process is similar to the
continuous process, and the statistical data are T?and SPE. There-
fore, the Tfyb’,- statistic and the SPE;,; statistic are calculated accord-
ing to Eqgs. (21) and (22):

Tib.i = t,»S,T] th (21)

SPEsib_,‘ = e,-Tei (22)

where t; refers to the score vector, S; represents the covariance
matrix, and e; is representative of the residual vector, b means
batch process. The control limits (control thresholds) of the two
statistics are calculated according to the methods given in
Eqgs. (23) and (24):

T?,b.lim,i ~ R(Iz‘z - 1)/1:'(11' — R)Frj,—ro (23)

i) 422m?
SPEq pimi ~ 8)°(h) = <2ml)il s (24)

In the Eq. (24), g is the weight, h is the degree of freedom, and
the values of g and h are calculated by referring to the value of the
SPE statistics at the ith moment of the model. The calculation
method is g = v/2m and h = 2m? /v, where m and v are the mean
and variance of the SPE statistics at the kth time in the reference
model, respectively. The T? statistic is considered to approximately
obey the F distribution.

2.4.3. Fault identification
Once the system detects a fault, then the numerical method of
the RBC model is used to identify the variable contribution rate.
The corresponding variable direction is unit vector ¢(J x 1) with
amplitude f; in the ith model, the corresponding model is unit
vector & (J; x 1) with amplitude fi. &, . Except for the first com-
ponent being 1, all other components are 0, and the variable recon-

struction value of data point Z' is:

74 =2 - &4f (25)
The statistical reconstruction index is defined as:
. T .

l/’(z;c) = (ZL) MZL (26)

For the continuous process, based on Eqs. (17) and (18):

e T =i i -1 =i T
Mi _I]i_P<P) P(A> (P) (27)

<~ T 2SPEm | 212

ilim

For the batch process, based on Egs. (21) and (22):

o -si(s) s (s)
M = LSPEi.li(m,x) - (T)2 ( > (28)

ilim,o

Minimize the reconstruction index f), to obtain:

fi= ( (&) Mintt)

The contribution rate of the kth variable is defined as:

LIRS
(&) M2 (29)

) LT . AT o NN T )
¥(z) = (Z) My, {Iji - 5L<(ﬁ<> MIC/b&) (ﬁ) MIC/b:|Z'
— () — RBG,' (30)

It can be seen from the above two Equations that the larger the

contribution rate RBC,/, the smaller the reconstruction index n//(z;'{).

Integrating the above methods, the CTA-DKPCA and CTA-
MDKPCA fault diagnosis models are obtained. The specific process
is shown in Fig. 3.

The fault diagnosis model of the continuous and batch process
based on CTA-DKPCA and CTA-MDKPCA is divided into four parts.
In the first part, we obtained the required optimal segmentation
data and segmentation data fitting threshold through the calcula-
tion temporal logic. The second part is the model calculation.
Through the calculation of the offline and online stages in the
model, it can be concluded whether the detection result of each
piece of data exceeds the limit, and whether there is a fault. The
third part is the segmented merge part, which linearly merges
the segmented data after calculation to determine whether there
are faulty data positions in the whole process. The fourth part is
the variable identification part. In the process of fault detection,
the contribution rate of each variable is calculated by RBC method,
and the cause of the fault is comprehensively analyzed according
to the detection result. The specific implementation steps are as
follows:

(1) Cycle segmentation process:

® Initial process dataset Xcb = [Xe/n(1),Xem(2),Xen(3),
-+, Xep(m)], set initial segment number L = 1. Where ¢ repre-
sents continuous process, b represents batch process.

@ Perform a linear fit to the initial process dataset X . The fit-
ting parameters J., by, and e; are set by Eq. (12).

Q@ The piecewise linear fitting error err is shown in Eq. (13). If
the fitting error err is less than J., the current segment is
determined to be the final segment number L; Otherwise,
divide L =L + 1, divide the current segment into two halves,
update the end value e, = e;/2 of the new segment, and then
return to step 2 until err is less than the threshold .. Go to
step 4.

@ After err reaches the threshold J., continue to judge that the
set end time point e has reached the data length L. If it does not
reach, it means that all data has not been trained. Return to step
3 to calculate the remain data in a cycle until the data is com-
pletely trained. Obtain new L segment data.

® Input all the segmented data segments into the DKPCA/
MDKPCA model for calculation.

(2) Model calculation

Off-line model:

D Collect normal segmentation data X.;(N x J) of the continu-
ous process or the batch process Xy ;(I x J x K). For continuous
process data, N and J are the sampling points and the number
of variables, respectively. For batch process data, I is the num-
ber of batch, J is the number of variables, and K is the number
of sampling points.
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Fault diagnosis model of continuous and batch process based on CTA-DKPCA and CTA-MDKPCA
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Fig. 3. The fault diagnosis model of continuous and batch processes based on CTA-DKPCA and CTA-MDKPCA.

@ Set the dynamic time correlation of the collected data to
obtain the matrix Xs;(N x J) and Xp;(I x J x K) that capture
the dynamics of the data.

® The continuous process segmented data Xs;(N x J) enters
step 4, and the batch process segmented data X;p,;(I x J x K) is
reduced to two-dimensional data: X;,;(I x JK).

@ Standardize the segmented matrix X; (N x J)/Xsp:(I x JK) to
have a zero mean and unit error, and the value of ¢; is deter-
mined by Eq. (6): jo = (})Ka.

® Calculate the kernel matrix K. and K, of the each block
matrix.

® Calculate the number of principal component subspaces and
residual subspaces.

@ After calculating the standard control limit SPEs ¢ ; jim, T?.c,i,lim /
TfoJ-_’HmSPES,b‘,-,“m of the no fault condition by Egs. (17), (18), (21),

(22), enter step 8 of the online detection section.
On-line model:

(@D Collect new segmented process
Xb.i.neW(I ><.l X K)

@ Set the dynamic time correlation of the collected data to
obtain the matrix Xs ¢ jnew(N x J) and X i new (I % J x K) that cap-
ture the dynamics of the data.

@ The continuous process segmented data X;cinew(N xJ)
enters step 4, and the batch process data Xspinew(I xJ x K) is
reduced to two-dimensional data: X new (I % JK).

@ Perform the standardization process

® Calculate the new kernel matrix K pew and Ky new-

® Centralize the kernel matrix by Eq. (9).

@ Calculate the nonlinear principal component by Eq. (8):
tkj =V;- 5k(xk(t it — S)) = (OC}-)R/C.

Combining the reference value of the non-fault condition,
calculate the new data statistics, check whether the T? Tz,b,i

s,c.i?

or SPE.; SPEy,; statistics exceed the control limit T2

s,cilim»
T2, i1im» SPEs citim, SPEspiim- If one of the control limit is
exceeded, it indicates that the segment has a fault condition;
otherwise, it is identified as normal, and then return to step
(D to continue to detect a new set of process datasets.

(3) Cycle merge part

data Xc.i.new(N X])/

D T?.; T2y, or SPEs.;, SPEsy; statistics of L segments is obtained
online.

@ Starting from the number of merged sequences i = 2, merge
adjacent sequences and calculate the merged fitting error err.
@ Judge whether it exceeds the threshold &.; if yes, then
i=1i+1; go to step @. if not, set L =L — 1 and merge into the
next group until err is greater than Je.

@ Whenerris greater than the threshold 6., it is further
judged whether the current merging end point is the all data
end point e, and if it is not reached, return to the step @
cycle merge.

® When the sequence is completed and all groups are equal
merged, obtain TZ., T7,, SPEsc, SPEs, and T2 . T7yim,
SPE; ¢ jim, SPEs pjim, the value of i should be 1 greater than L,
and then the merge is completed. Determine whether the total
statistics exceed the control limit or exceed the control limit,
and then perform variable identification and analysis. If it does
not exceed, it is normal. Detect the next set of process sequence.
(4) Variable identification and cause analysis

(1) After the merged part, the T2, T2, or SPE, SPE, statis-
tical information detection exceeds the limit, and vari-
able identification is performed.

(2) According to the principle of variable reconstruction, sta-
tistical reconstruction indicators are determined, and the
contribution rate v (z) is calculated.

(3) According to the variable reconstruction and the contri-
bution value of the detection result, when the detection
result shows a fault, the reconstruction contribution rate
and the contribution index of the cut variable are calcu-
lated to determine the cause of the fault and the path of
the fault.

3. Case Studies of Continuous and Batch Processes

In this paper, the TE process and the penicillin fermentation
process are selected to represent the continuous chemical process
and the batch process, and the proposed fault diagnosis model is
applied to the two chemical processes. Judge the validity of the
proposed model.
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3.1. Continuous process fault diagnosis

TE process was created by Downs and Vogel in 1993 [33] and is
widely cited as a benchmark for studies in control and fault diag-
nosis. The flow chart of the TE benchmark process is presented in
Fig. 4 [34].

The TE benchmark process consists of five operating units, includ-
ing the reactor, product condenser, vapor liquid separator, recycle
compressor, and product stripper, including 11 operating variables
and 41 measured variables. In addition, the platform has 21 different
types of faults, and its data are nonlinear, strong coupling, time vary-
ing, etc. The dataset of the TE process is divided into training data and
test data. Both the training set and the test set contain 52 observation
variables and 960 observation values, respectively, of which the first
160 in the test dataset are under normal working conditions, and the
data from 161 to 960 are fault data. We take the TE process as the
experimental object to evaluate the proposed algorithm. The pro-
posed algorithm is devoted to chemical industry processes. TE bench-
mark process faults are shown in Table 1.

To verify the superiority of the CTA-DKPCA model for fault
detection, the CTA-DKPCA model is used to analyze the causes of
faults under different fault types.

3.1.1. Fault detection results

The number of PCs selected in this paper is calculated by cumu-
lative variance percentage (CPV) in this paper. The calculation of
CPV is shown in Eq. (31).

N
S

CPV = ! (31)

i=1

where /. is the characteristic value of covariance, j is the number of
variables, and N is the number of principal components. The num-
ber of PCs in the final selection is shown in Fig. 5.

The number of PCA and its derived algorithms is determined
according to the cumulative method percentage greater than
85%. Finally, the number of PCA, KPCA, DKPCA and CTA-DKPCA is

Table 1
Faults for the Tennessee Eastman process
Fault Description Type
01 A/C feed ratio, B composition constant (Stream4) Step
02 B composition, A/C ratio constant (Stream4) Step
03 D feed temperature (Stream2) Step
04 Reactor cooling water inlet temperature Step
05 Condenser cooling water inlet temperature Step
06 A feed loss (Stream1) Step
07 C header pressure loss-reduced availability Step
(Stream4)
08 A, B, C feed composition (Stream4) Random
09 D feed temperature (Stream?2) Random
10 C feed temperature (Stream4) Random
11 Reactor cooling water inlet temperature Random
12 Condenser cooling water inlet temperature Random
13 Reaction kinetics Slow drift
14 Reactor cooling water valve Sticking
15 Condenser cooling water valve Sticking
16-20 Unknown Unknown
21 Valve position constant (Stream4) Constant
position
30 F
25 F
s 20
& 117
= 15+
1
10
5 =
0
PCA KPCA DKPCA  CTA-DKPCA

Fig. 5. The number of PCs calculated by different method.

9,17, 22 and 12 respectively. In the calculation of the CTA, the rela-
tionship between the number of cycles and the error is shown in
Fig. 6.
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Fig. 4. TE benchmark process.
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Fig. 6. The relationship between the number of cycles and the error.

It can be seen that for the TE process loop 5 times, 32 data seg-
ments are divided, and the error reaches the threshold require-
ment. Then, we compare the monitoring performance of the CTA-
DKPCA algorithm with the PCA, KPCA and DKPCA algorithms. The
normal samples are used to train the monitoring model. The kernel
width of the radial basis function is set to 800, and the confidence
is set to 95%. This paper uses the fault detection rate (FDR) to test
all 18 faults in the TE process.

Table 2 lists the fault detection rate results of these 18 faults. It
can be seen from the remaining 18 faults that CTA-DKPCA shows
better fault detection performance under most faults.

The CTA-DKPCA method has a higher detection accuracy for
most faults than the other PCA methods, In the T? subspace, FDR
for faults 4, 5, 8, 10, and 21 reaches 100%, In the SPE subspace,
FDR for faults 4, 5, 7, 18, 19 and 20 reaches 100%. Under other
faults, the CTA-DKPCA fault detection algorithm proposed in this
paper also performs better than other algorithms. This indicates
that the CTA-DKPCA method is very sensitive to fault.

To further quantify the monitoring performance, two indicators
are introduced, the fault alarm rate (FAR) and the time delay (TD).
Calculate as follows:

FAR = P(control chart > Threshold|F = 0) x 100% (32)

TD = t4 — to (33)

where t; is the fault detection time and t, is the fault occurrence

time.

The FARs of T? and SPE for fault detection using the CTA-DKPCA
method in the normal state of the TE process are 0.0012 and 0,
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respectively, indicating that the proposed CTA-DKPCA method
has very low FAR.

The CTA-DKPCA method is compared with other fault detection
methods, and the results are shown in Table 3.

The comparison with 2-class SVM method shows that the two
methods are very similar in FDR. In terms of the two statistics of
FAR and TD, the CTA-DKPCA method is better than the 2-class
SVM under most fault conditions. Especially in fault 10, 13 and
18, the method proposed in this paper is far superior to the 2-
class SVM method. The CTA-DKPCA algorithm solves the redun-
dancy problem caused by the fault calculation process, which
accelerates the calculation ability of the algorithm and improves
the detection accuracy.

Select three different types of faults 7, 8, and 14 to show the
detection effect,

Fault 7 is the pressure loss of material C, which is related to the
step change; Fault 8 is composed of A, B and C, which is related to
random changes. Fault 14 is the fault of the reactor cooling water
valve, which is related to the check valve. They are representative
to a certain extent. Fig. 7 shows the experimental results of the four
algorithms corresponding to these three faults. The dotted lines
corresponding to different colors indicate their control limits.

Based on the above experimental results, the following conclu-
sions are drawn. Under the three fault conditions, the CTA-DKPCA
algorithm is better than the other three methods. It is difficult for
PCA to detect the fault correctly. KPCA introduces the nonlinear
mapping of the kernel function to capture the nonlinear structure
in the data, which has good separation abilities and good monitor-
ing performance. However, due to the lack of dynamic data perfor-
mance, DKPCA combines the advantages of KPCA and DPCA, which
can express the dynamics of data through an augmented matrix,
and the kernel function can also monitor the nonlinear process,
but the problem of computational redundancy in the later stage
of data calculation is larger and slightly weaker. CTA improves
the DKPCA, uses temporal logic to perform cycle segmentation of
data, eliminates the calculation redundancy caused by the large
amount of data, and greatly improves the calculation accuracy
and speed.

3.1.2. Fault diagnosis results

When a fault is detected, the RBC method described above is
used to further diagnose the detected fault and determine the root
cause of the fault to determine the cause and path of the overall

Table 2
Comparison of the FDR (%) of different methods in the TE process
Fault PCA KPCA DKPCA CTA-DKPCA
T? SPE T2 SPE T2 SPE T? SPE

01 31.0 41.0 83.0 81.0 91.0 93.0 99.2 99.0
02 33.0 76.0 90.0 71.0 92.0 93.0 98.5 99.0
04 45.0 61.0 75.0 72.0 88.0 77.0 100.0 100.0
05 21.0 28.0 80.0 88.0 90.0 96.0 100.0 100.0
06 48.0 35.0 77.0 70.0 91.0 98.0 98.4 99.0
07 30.0 41.0 75.0 44.0 92.0 88.0 99.1 100.0
08 52.0 31.0 72.0 68.0 94.0 94.0 100.0 97.5
10 33.0 33.0 68.0 70.0 93.0 97.0 100.0 99.0
11 45.0 64.0 81.0 66.0 88.0 94.0 94.0 96.0
12 29.0 57.0 59.0 74.0 94.0 92.0 99.0 99.9
13 60.0 73.0 75.0 88.0 95.0 93.0 99.0 96.0
14 48.0 49.0 55.0 52.0 93.0 95.0 99.5 98.8
16 41.0 41.0 66.0 77.0 90.0 85.0 97.2 99.0
17 16.0 35.0 71.0 82.0 95.0 95.0 98.9 98.0
18 76.0 61.0 81.0 84.0 91.0 96.0 99.5 100.0
19 17.0 28.0 52.0 72.0 85.0 95.0 98.5 100.0
20 33.0 40.0 70.0 66.0 93.0 93.0 98.5 100.0
21 39.0 56.0 51.0 62.0 80.0 72.0 100.0 97.0
Average 38.7 47.2 71.2 715 90.8 91.5 98.63 98.74
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Table 3
Comparisons with the Onel et al. (2-Class SVM) method

63

Fault Onel et al. 2019 (2-Class SVM) This study (CTA-DKPCA)
FDR/% FAR/% TD/s FDR/% FAR/% TD/s
01 99.9 0.0 6.0 99.0 0.0 0.0
02 97.8 0.0 57.0 99.0 0.0 0.0
04 100.0 0.0 3.0 100.0 0.0 3.0
05 99.9 0.0 6.0 100.0 0.0 4.0
06 100.0 0.0 3.0 99.0 0.0 3.0
07 100.0 0.0 3.0 100.0 0.0 0.0
08 95.8 43 60.0 97.5 3.5 10.0
10 85.8 14.3 12.0 99.0 15.2 6.0
11 96.6 3.4 3.0 96.0 0.0 0.0
12 100.0 0.0 3.0 99.9 0.0 0.0
13 91.9 8.1 153.0 96.0 3.6 30.0
14 100.0 0.0 3.0 98.8 0.0 3.0
16 96.9 3.1 3.0 99.0 3.5 4.0
17 92.9 7.1 72.0 98.0 8.0 3.0
18 90.0 10.0 231.0 100.0 5.2 4.0
19 88.5 11.5 3.0 100.0 6.2 3.0
20 85.0 15.0 45.0 100.0 16.1 5.0
21 100.0 0.0 3.0 97.0 0.0 0.0
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Fig. 7. The test results of four methods for three types of faults (a - Fault 7, b — Fault 8, c - Fault 14).

fault. For the TE process, 18 faults were diagnosed using the RBC
method, and the root variable corresponding to each fault was
obtained as shown in Table 4.

For different types of faults in the TE process, we are consistent
with the three types of faults selected in the detection stage above.
The three types of fault diagnosis results are shown in Fig. 8.

Wherein a fault is shown in blue part of the contribution rate
exceeds the average fault, the black line represents the normal
range of fault contribution rate.

It can be shown from Fig. 8, the main variables that cause fault 7
are variable 45 (total feed volume), variable 7 (reactor pressure),
and variable 13 (product separator pressure). From this, the cause
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Table 4
The root fault variables of 18 faults in the TE process

Fault Number of root fault variables Root fault variables

1 2 16, 44

2 4 10, 28, 34, 41

4 1 51

5 4 11, 18, 50, 52

6 2 44,1

7 3 45,7,13

8 5 7,13, 16, 20, 47

10 4 50, 18, 19, 20

11 2 51,9

12 7 50, 7,11, 13, 16, 20, 38
13 7 7,13, 18, 19, 20, 38, 51
14 3 51,9, 21

16 2 18, 19, 50

17 1 21

18 7 7, 13, 16, 20, 43, 46, 51
19 2 46, 5

20 3 46, 20, 13

21 1 45

of fault 7 can be clarified as when the total feed flow rate on stream
4 changes, the process variable reactor pressure and the product
separation pressure are measured separately. So, to compensate
for the reduced C header pressure, the total feed flow rate is
increased by adjusting the flow valve on stream 4, which in turn
will affect the reactor pressure and product separation pressure
in the process. The changes in each variable are shown in Fig. 9.
For fault 8, the diagnosis result shows that the main variable
that causes fault 8 is process variable 47 (percentage of drain
valve). When the drain valve discharge fails, the feed composition
of A, B, Cis disordered. The measured variables 7 (reactor pressure)
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and 13 (product separator pressure) will be affected, and then vari-
able 16 (stripper pressure) will also be abnormal, and finally vari-
able 20 (compression power) will be abnormal. Will be affected.
The main variable changes are shown in Fig. 10.

The analysis of Table 4 shows that the key fault variables of
fault 4, fault 11, and fault 14 overlap. Therefore, the three faults
are distinguished separately.

For fault 4, the variable that caused the fault is process variable
51, which is the reactor temperature. The other variables still show
a normal status. Therefore, if the diagnosis result shows that only
control variable 51 is faulty, then fault 4 is due to a step increase
in the temperature of the condensate water inlet of the reactor,
and other variables in the reactor do not respond, so the controller
responds first. The condensate flow of the condenser of the balance
system rises rapidly to cool down the reactor, thereby diagnosing
the fault. The cause of fault 11 is a random fault at the inlet tem-
perature of the reactor, and the detection time of the fault is slower
than that of fault 4. While the condenser cooling water flow
increased, the reactor temperature also increased slightly. The
way that fault 14 occurs is as follows. If the temperature of the
reactor cooling water increases, thereby losing the cooling effect
on the reactor, we will observe a direct increase in the reactor tem-
perature (measurement variable 9). Then, the controller attempts
to reduce the elevated reactor temperature by increasing the flow
of the condenser cooling water (process variable 51). On the other
hand, if the temperature of the reactor cooling water is reduced
due to the valve being stuck, thereby increasing the cooling effect
on the reactor, we will notice a drop in the reactor temperature. In
this case, the controller will reduce the condenser cooling water
flow to achieve equilibrium. In addition, the third key process vari-
able is the measured measurement variable 21, that is, the reactor
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Fig. 8. Three types of fault diagnosis results (a - fault 7, b - fault 8, c - fault 14).
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Fig. 10. Plot of the root cause variables (fault 8).

cooling water outlet temperature, which is directly affected by the
viscous reactor cooling water valve. Therefore, the difference
between the three types of faults lies in the propagation time of
the fault caused by the fault type. The diagnosis result of the fault
variable can intuitively judge the cause of the fault. The influence
of the fault variables of faults 4, 11, and 14 is shown in Fig. 11
(a)—(c), respectively.

From the above diagnosis results, it can be seen that for the 21
types of faults in the TE process, the RBC method can more accu-
rately locate the process variables (control) that cause the fault
and its related measurement variables to determine the cause of
the fault and clarify the path of the fault through variable recon-
struction. The method reduces the autocorrelation between vari-
ables, improves the cross-correlation of related variables, and
achieves the purpose of locating the fault location in time.

3.2. Batch process fault diagnosis

Different fault conditions of the penicillin fermentation process
are used to judge the effectiveness of the proposed CTA-MDKPCA
method. In the process simulation, the microorganisms were
grown in a batch operation within the first 40 h to achieve high cell

density. Then, the fermenter was switched to the fed-batch mode,
with a continuous feed of glucose as the substrate to maintain a
high level. The growth rate of biomass promotes the synthesis of
penicillin. The target product, penicillin, is also a secondary
metabolite in the process, which is mainly secreted in the fed-
batch stage. This process is characterized by nonlinear dynamics
and multiple operating stages. The process flow diagram of the
fed-batch penicillin fermentation process is shown in Fig. 12 [35].

In this study, the observation data of the 16 measurement vari-
ables given in Table 5 were collected for batch process fault
diagnosis.

The sampling time used is 0.1 h, and the total duration of each
batch is 400 h, including the batch and fed-batch stages. The nor-
mal distribution of the measured variables during the fermentation
process is shown in Fig. 13.

In our proposed method, only a complete batch of benchmark
data is required, and the monitored data are checked for online
fault detection. When the penicillin fermentation process is carried
out for 80 h, the actual fault amplitude is 30.

The batch process is divided into cycles first, and the relation-
ship between the number of cycles and the error is shown in the
Fig. 14.
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Fig. 11. The root cause of fault 4, fault 11 and fault 14 (a - fault 4, b - fault 11, c - fault 14).

This batch process’s cycle segmentation part is divided 7
times, divided into 128 data segments, the error reached
below the error threshold in the 7th cycle. Input the seg-

mented data into the MDKPCA model. The number of selected
principal components is 6, which is less than the 8 principal
components of MDKPCA. More fault information can be
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Fig. 12. The process flow diagram of fed-batch penicillin fermentation.

Table 5
Monitoring variables of the fed-batch penicillin fermentation process

Variable number Description

1 Aeration rate/L-h!

2 Agitator power/W

3 Substrate feed rate/L-h™!

4 Substrate feed temperature/K

5 Substrate concentration/g-L~!

6 PH

7 Dissolved oxygen concentration/g-L ™!
8 Carbon dioxide concentration/g-L ™"
9 Biomass concentration/g-L™"

10 Penicillin concentration/g-L ™!

11 Fermenter temperature/K

12 Cooling water flow rate/L-h!

13 Generated heat/kcal

14 Acid flow rate/L-h™!

15 Base flow rate/L-h™!

16 Culture volume/L

obtained, and subsequent fault detection results will be more
accurate.

Then, we make a comparison with the MKPCA and MDKPCA
methods for FDR, FAR and TD. The comparison results are shown
in Table 6.

w
=
=

67
k9 = Error
0.8 Trendline
— Threshold
1 2 3 4 5 6 7
Number of cycles
Fig. 14. The relationship between the number of cycles and the error.
Table 6
The comparison results of CTA-MDKPCA, MDKPCA and MKPCA
Fault MKPCA MDKPCA CTA-MDKPCA
FDR FAR TD FDR FAR TD FDR FAR TD
1 71.0% 16.5% 12s 91.5% 104% 8s 99.2% 42% 2s

The comparison with MDKPCA and MKPCA method shows that
the batch process fault diagnosis model proposed in this paper out-
performs the MDKPCA and MKPCA methods in FDR, FAR and TD
statistics. Among them, the CTA-MDKPCA method’s FDR is 99.2%,
and TD is 2 s, which proves that the CTA-MDKPCA method has
greatly improved the accuracy and speed of fault detection. In
addition, in terms of FAR, it is also superior to MDKPC and MKPCA
algorithms, which proves that the algorithm proposed in this paper
is a comprehensive optimization.

The detection results are shown in Fig. 15.

The fault detection results show that the MKPCA method is not
sensitive to faults. The fault situation introduced in this article is 80
h, but the MKPCA method has 60 h and 14 h response times in the
principal component space and the residual subspace after the
fault occurs, which is extremely large delayed the implementation
of subsequent fault remedial measures. The fault detection results
of the MDKPCA method show that although the MDKPCA method
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Fig. 13. Normal profiles of the monitored variables in the fed-batch penicillin fermentation process.
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Fig. 15. The CTA-MDKPCA and MKPCA test comparison results (a — MKPCA, b - MDKPCA, c - CTA-MDKPCA).
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Fig. 16. The percentage of fault contribution of each variable in the batch process.

can respond to the fault at the point of fault, it may be affected by
early data fluctuations, so it may cause misjudgments when
detecting early faults. However, in the CTA-DKCPCA method, when
a fault occurs, the principal component space and the residual sub-
space respond at the same time, and the occurrence of the fault can
be detected quickly and accurately.

After detecting the fault of the batch process, the contribution
of each variable is calculated. The diagnosis result is shown in
Fig. 16.

The result of the contribution rate of the current fault shows
that the stirring power of Variable 2 is increased by 80% of the fault
range. From the SPE variable identification, the main error occurs

in Variable 2; but for the T? identification result, the average fault
contribution rate should be 6.25%. The substrate feed flow rate
increases, thereby increasing the cell concentration, product con-
centration and reactor volume, which increases the fermentation
reaction rate; and as the carbon dioxide concentration increases,
the accumulated heat in the fermenter increases due to an overre-
action, and finally, the cooling water flow rate increases to keep the
system balanced.

For the penicillin fermentation process, CTA-MDKPCA can accu-
rately detect faults in the batch process. The identification of two
statistics through the RBC model shows the root cause of the fault,
and the path of occurrence and propagation of the fault.
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4. Conclusions

This paper proposes a CTA to improve the performance of
chemical process fault diagnosis. Through the cycle segmentation
and cycle merge process, the effective information is retained to
the greatest extent and the calculation dimension of the matrix
is reduced. The DKPCA and MDKPCA algorithms are embedded in
the CTA and applied to the chemical continuous and batch process
fault detection model. Improve the fault detection rate while
reducing the fault time delay. When a fault is detected, it is input
into the RBC model, which will determine the percentage of each
variable’s contribution to the fault based on the principle of recon-
struction contribution, comprehensively judge the cause of the
fault, locate the fault variable and determine the fault path.

For continuous processes, to determine the advantages of the
CTA-DKPCA model in the detection effect of the continuous pro-
cess, the FDR of 18 faults in the TE process was compared with
PCA, KPCA and DKPCA. The results show that in the T? and SPE
statistics, the average FDR in the TE process of the CTA-DKPCA
method is 98.63% and 98.74%, respectively. Comparing the CTA-
DKPCA algorithm with the 2-class SVM algorithm, it can be seen
that the CTA-DKPCA algorithm is better than the 2-class SVM algo-
rithm in FDR, FAR and TD, which shows that CTA-DKPCA solves the
computational redundancy of the large-scale data problem and
greatly improves the calculation speed and accuracy. Finally, three
different types of faults 7, 8 and 14 were selected for comparison.
CTA-DKPCA has better curve smoothness and detection effects
than PCA and its derived algorithms. Then, the fault of the TE pro-
cess are brought into the RBC model for diagnosis, and the root
cause fault variables of each fault are obtained. Three types of
faults consistent with the detection results are selected for diagno-
sis. In addition, the cause of the fault is also distinguished for the
faults that contain the relationship of the fault variables. The
results show that the CTA-DKPCA model and the RBC model for
actual continuous chemical process faults have a high detection
and identification effect. The calculation of the model can detect
and determine the fault and its cause in time.

The CTA-MDKPCA model is applied to the fed-batch penicillin
fermentation process; 16 variables are selected as the main vari-
ables, and a fault condition is set for diagnosis. The results show
that the CTA-MDKPCA model can accurately detect fault and that
the RBC model determines the cause and propagation path of the
fault. Under fault conditions, the CTA-MDKPCA model is compared
with the MKPCA and MDKPCA methods in terms of FDR, FAR and
TD. The FDR, FAR and TD of the CTA-MDKPCA model reach 99.2%,
4.2% and 2 s, respectively. The advantages of the proposed model
in fault detection are shown. In a variation from the continuous
process and due to the multistage operation in the batch process,
the recognition of the principal component space will not have a
single variable exceeding 50%; this outcome will be supplemented
in the next stage to achieve the existing balance.
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