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Abstract: Industrial system operations usually have dynamic characteristics. If these characteristics
are ignored, the performance of fault detection degrades. Herein, the fault-detection algorithm of
dynamic global-local preserving projection (DGLPP) is employed to solve the problem mentioned.
First, time-delay data are added to the sample to form an augmentation matrix and characterize the
system dynamics. Second, the dimensionality of the augmented matrix is reduced using global-local
preserving projection. The dimensionality-reduction method can preserve the data’s global and
local structures. Then, a DGLPP model is built using the dimensionality-reduced data. Moreover,
Hotelling’s T? and squared prediction error (SPE) statistics are used for fault detection. Finally, this
method is used to detect the fault in the Tennessee Eastman (TE) process. The experimental results
show that the DGLPP method has an enhanced fault detection rate. Moreover, the fault-detection
effects of the DGLPP method are better than those of the principal component analysis (PCA), local
preserving projection (LPP), and global-local preserving projection (GLPP) methods.

Keywords: dynamic; fault detection; global-local preservation projection

1. Introduction

The rapid development of big data, artificial intelligence, and other technologies
and the integration of informatization and automation have made industrial processes
increasingly complex and highly integrated. All links of a complex system are closely
connected. Even a minor failure may cause a major security accident. Therefore, fault-
detection technology is crucial in modern industrial processes. In recent years, deep-
learning methods have achieved great success in fault diagnosis. However, their practical
applications still have some challenges. Deep-learning methods typically require large
amounts of labeled data for training. However, large-scale labeled data may be difficult
to obtain in the field of fault diagnosis. In addition, deep-learning models are barely
explanatory; thus, explaining why a particular fault diagnosis result is produced can
be difficult. The artificial neural network has also made some progress in the field of
fault diagnosis. However, the artificial neural network also has some limitations and
shortcomings in fault diagnosis. The construction of the neural network model consumes
a lot of time and cost. Secondly, the network model requires high-quality sample data,
while the acquisition and processing of sample data may be limited in the actual situation.
In addition, the complexity and size of the network model increases with the increase
in the sample data and may not be suitable for large systems. The data-driven fault-
detection method can analyze and mine the feature relationship between data to build
a monitoring model. This method is often used for system fault detection because of
its data-driven nature. Many industrial-process data can be collected and preserved by
extensively applying distributed control systems. This scenario creates conditions for data-
driven, fault-diagnosis methods [1-5]. Classic data-driven methods include PCA [6-9],
fisher discriminant analysis (FDA) [10], partial least squares [11-13], and independent
PCA [14-16]. These methods have been widely used in process monitoring and fault
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detection for industrial systems. However, these algorithms maintain only the data’s
global structure while ignoring the local features of the data. Stream-learning methods
represented by LPP [17-19] and neighborhood preserving embedding (NPE) [20-22] have
been developed and widely used in recent years. These methods can extract hidden intrinsic
properties from high-dimensional data and maintain their local structural features. They
preserve the data’s local structure by constructing the neighborhood connection graph.
However, these methods ignore the data’s global structure. They can project the data only
into a very narrow area; in particular, they cannot project the data with a non-neighbor
relationship to a very long distance. Therefore, these methods have certain limitations.

Neither PCA nor LPP can consider data’s global and local structures. Therefore, the
important features of the data cannot be fully represented in the low-dimensional space us-
ing these methods. In response to this problem, Zhang M. et al. proposed a fault-detection
method for global-local structure analysis by constructing a double-objective function,
combining the characteristics of PCA and LPP [23]. On the basis of similar ideas, Yu et al.
proposed local and global PCA [24]. In this method, a double-objective function based on
LPP and PCA was constructed using the ratio for the simultaneous extraction of global
and local features. Luo L. et al. proposed an algorithm called GLPP [25]. This method
successfully unifies global and local structures in the same framework. Luo L.J. et al. pro-
posed a nonlocal and local structure-preserving projection algorithm for fault detection [26].
Nonlocal and local similarity weight coefficients are utilized in this method to control the
distance between the projected data points. Thus, the data’s nonlocal and local structures
are preserved. Ma designed a local and nonlocal embedding algorithm based on NPE [27].
In this algorithm, the original spatial data structure is extracted by minimizing the nearest
neighbor sample distance and maximizing the nonlocal sample distance. Tang combined
FDA with GLPP to minimize intraclass scattering and maximize interclass scattering [28].
This method preserves the global and local structures of the data. It also ensures the
discriminability of the shadow-casting space and improves fault detection performance.
The above methods have achieved satisfactory results in process monitoring. However,
they still have limitations for systems with dynamic characteristics.

Moreover, data in industrial processes are dynamic. It is closely related to a number
of factors such as time, operational control, external conditions, and production materials
and processes. And, it is updated and changed using these factors. The dynamic nature
of this data is essential for the monitoring, control, and optimization of the production
process. Therefore, the dynamic process modeling and monitoring method of mining
temporal features has been given considerable attention. Aiming at the system’s dynamic
characteristics, Ku W. et al. proposed a dynamic PCA (DPCA) method [29]. The delayed
measurement values are introduced to form an augmented matrix, which is then mod-
eled via PCA. Zhang C. et al. proposed a fault detection and diagnosis method based on
DPCA residual heterogeneity by combining DPCA and mutual heterogeneity methods [30].
This method can reduce the adverse influence of dynamic characteristics on fault detec-
tion. Xu J. et al. used a sliding window approach to expand the original matrix into a
dynamic matrix [31]. This dynamic matrix can effectively characterize the autocorrelation
property of time series. Miao A M. et al. used a time series extended-NPE algorithm
to establish an information-extraction strategy based on a space and time structure [32].
The dynamic correlation of data with time is obtained by learning the characteristics of
time-series data. Li Y. et al. proposed a method termed time-space nearest neighborhood
standardization [33]. The dynamic characteristics of the data are eliminated by locating
and standardizing the samples’ local neighbors in time and space.

A fault-detection algorithm based on DGLPP is proposed in this study to solve the low
efficiency of system fault detection using dynamic characteristics. The system’s dynamic
characteristics are extracted by adding time-delay data to an augmented matrix. The
global-local holding projection is used to reduce the dimension and preserve the data’s
global-local structure. Then, the DGLPP model is constructed, and the corresponding T?
and SPE statistics are established for fault detection. Finally, the proposed algorithm is
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applied to the fault detection of the TE process to evaluate its effectiveness. Experimental
results show that this algorithm has a higher fault-detection rate than PCA, LPP, and
GLPP algorithms. This algorithm effectively captures the dynamic characteristics of the
system and preserves the data’s relevant structural features. It also improves fault-detection
performance and contributes to the dynamic system fault-detection research.

This article is organized as follows. In Section 1, the background and research status
of the topic are described. Then, the algorithms related to fault diagnosis are introduced in
Section 2. In Section 3, the algorithms used in this study are described in detail. The main
idea of this study is discussed in Section 4. The proposed algorithm is applied to the TE
process for fault detection, and the results are analyzed. Section 5 presents the conclusions
of this study.

2. Background Techniques
2.1. PCA Algorithm

The basic idea of PCA involves retaining most of the maximum variance information
via orthogonal transformations to ensure that the data loses the least information after di-
mensionality reduction [34-36]. The aim is to include as much information as possible about
most changes in the original dataset with minimal combined data. In particular, a set of map-
ping matrices P = (p1, p2- - - p1) is found for a given dataset X = (xq1,xp---x,) € R"™™
and projected onto a low-dimensional space to obtain a mapping matrix Y = (y1,y2 - - - ¥n)-

Its objective function is as follows:
2

n
JGtobar = max ¥ (vi—9) )
subject to: pTp =1

n
where v = %'Z yi- The dataset X € R"™*™ (m is the number of variables in the sample and

i=
n is the number of samples) is decomposed by PCA into the following;:
X=X,+E=TP" +E 2)

where X, is the projection of the sample vector X in the principal element subspace, T is
the score matrix, P is the load matrix, and E is the residual subspace.

2.2. LPP Algorithm

The LPP method is a linear approximation of the Laplacian feature map for extracting
features from the data while preserving the local manifold information of the data [37,38].
For the initial dataset X, a transformation matrix W is calculated and projected into a
low-dimensional space to obtain the dataset Y after dimensionality reduction. The objective
function is as follows:

Jupp = mainzz (vi — )W
ij 3)
subject to: a’ XDXTa =1

where the diagonal matrix D(d;; = ) w;;) represents the distance between sample points.

)
The larger the value of d;; is, the more important the corresponding point y; is. The weight
matrix W represents the distance relationship between the sample points in the dataset. Its
size can be calculated using the kernel function, as shown in Equation (4).

lxi=xl
Wi = et if xj € ¥i(x;) or x; € Yi(x;) )
otherwise

where f is the parameter of the heat kernel function. Its value range is 5mo? < t < 10mo?
(m is the number of sample variables and ¢ is the sample variance). The appropriate values
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from this range are derived based on manual experience. ¥i(x;) is the set of the first
k-nearest neighbors of the sample.

3. Fault Detection Based on DGLPP
3.1. Dynamic Characterization

The data in industrial processes are dynamic, and a time series autocorrelation exists
between process variables. The autocorrelation between sample points can be characterized
well by extending the original matrix into a dynamic matrix. Therefore, the first l-time
delay samples can be introduced to construct the augmentation vector of the samples at
the current time.

Xi(1) = [X(6) X(k—1) -~ X(k—1)] ©)

where X (k — 1) is the m dimensional variable at time k — [ and [ is the delay length.

3.2. DGLPP Algorithm

After establishing the augmented matrix to obtain the dynamic information of the
system, the GLPP method is used to reduce the dimension of the data and the DGLPP
model is established for fault detection.

The idea of GLPP involves combining the local structure preserving objective function
and the global variance maximum objective function to construct the local and global
preserving objective function. As a result, the dimensionality-reduced data retain the
global structure and local nearest neighbor structure of their original feature space. In
particular, the original high-dimensional dataset X is mapped to the low-dimensional space
by transforming matrix A to obtain the reduced-dimension dataset Y and ensure that the
generated dataset Y can fully retain the global and local structures of the original dataset X.
The objective function for constructing GLPP is shown as follows:

n}zin{]Lobul(a)r]Glocal(a)} (6)

where 4 is the transformation vector. Moreover, the subfunction [ ¢, (4) = %Ei]- (yi — y]-)zw,»-

stores the local structure of the data, and the subfunction Jgjpeq(4) = — %Zij (y; — yj)zﬁ/\[
stores the global structure of the data. Wj; is the adjacency weight matrix, representing the
adjacency of x; and x;. Any pair of adjacent points x; and x; in space has a corresponding
nonzero Wj;. The calculation formula of W;; is shown as follows:
llx; =
W= de 7 if xj € O(x;) or x; € Oy(x;) @)
0 otherwise

where 0 is the empirical constant and O (x;) is the first k-nearest neighbor set of the x;
A A

sample. Unlike Wj;, Wj; is a non-neighborhood weight matrix. Wj; represents the non-

neighborhood of x; and x;. Any pair of non-neighboring points x; and x; in space has a

A A
corresponding nonzero W;;. The formula for W;; is as follows:

—llx;=x;ll )
V\/}ij —_ e o Zf x]- % Qk(xl-) and X % Qk(x]) (8)
0 otherwise

The subobjective function [, (a) = %sz (i — y]-)ZWi]- is further transformed into
the following:
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]Local(a) - 22(]/1 ) Wij

= Zyl i’ Zyz iyt

= Za X; D”x a— Za X; Wijx]Ta ©)
= aTX(D W)XTa

=aTXLXTa

where L = D — W is the Laplace matrix, D is the diagonal matrix, and the diagonal
element D;; = Zj Wi is the sum of the elements of the corresponding rows or columns of
the nearest neighbor weight matrix W. Similarly, the subobjective function Jgjocq(a) =

A
—%sz (i — y]-)ZWi]- can be rewritten as follows:
1 204
Jeiocat(a) = =31 (vi — ;)" Wy
g
A
= _ZyiDii]/i Zyl 1]]/]

(10)
=—-Yal xlD”x a— Za xZWZJx] a
ij

= —aTX(D — W)X a
A
= —aTXLXTa

A A A A A A
where L = D — W is the Laplace matrix, D is the diagonal matrix, and Dj; = }_; Wj;.
GLPP introduces a weighting coefficient # to optimize the global and local features’
subobjective functions simultaneously. The bio-objective optimization can be transformed
into the following single-objective optimization problem by using this weighting coefficient:

Jerpp(a) = mind{n]ropar(a) + (1 = 1) JGIocar (2) }

a

A
= mlnz{nzu ]) i — (L=m)i (vi — yj)zwij} (1)
= rnuln221] (yl y])

A
where 7 € [0,1] is determined using the spectral radius p(L) and p(L) of the matrices L

A
and L corresponding to the global and local manifold structure, as follows:

O (12)
p(L) +p(L)

Different tradeoff parameters # correspond to different degrees of preservation and
extraction of local and global manifold structure information. After the weight coefficient
17 is determined, the R;; in Equation (11) is also obtained. Equation (13) can be further
simplified using algebraic transformation as follows:

]7:

Jorpp(a) = main%zi,- (vi— yj)2R1
= min{Z yiHiy! — Ly viRyy! }
= mm{Za x;Hjixla — Yij alx; iRijx; Ta} (13)
= mmaTX(H R)XTa
= mlnaTXMXT

where M = H — R is the Laplace matrix, H is the diagonal matrix, and H;; = }; R;;
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The objective function of GLPP is constrained as follows:
al(pXHXT + (1 —n))a’ =a’Na=1 (14)

GLPP solves the following transformation problems to find the optimal

transformation vector:
minal XMXTa
7 (15)
stalNa=1

where N = nXHX" + (1—#)LH=5D — (1 - 17)15 and I is the identity matrix. Therefore,
the optimal transformation vector A can be obtained by solving the problem of generalized
eigenvectors a:

XMXTa = ANa. (16)

The eigenvalues obtained from the solution are sorted from smallest to largest
A1 < A - -+ Ay Their corresponding eigenvectors are the obtained projection matrix A that
can maintain the global and local structures of the data, which can be constructed as:

xi =y =Alx; = [ay,a2- - ap). (17)

3.3. Indicators for Monitoring Statistics

DGLPP utilizes Hotelling’s T? and SPE statistics as the detection indicators of the
model. The system operates normally when the T? statistic is lower than the control limit
T,; otherwise, a failure occurs:

T2 =yTs7ly < T, (18)

where § is the covariance matrix of matrix y after the dimensionality reduction of the
training set sample S = ﬁYTY.
Ty is calculated using the following formula:

a(n+1)(n—1)

L= n(n —a)

Fy(a,n —a) (19)
where « is the test level and F,(a,n — a) is the F distribution with « as the first degree of
freedom and n — « as the second degree of freedom.

The system operates normally when the SPE statistic is below the control limit Qy;

otherwise, a failure occurs:
SPE = ||x — Ay|]* < Qu. (20)

Qy is calculated as follows:

1/hg

C,Xl’l()\/zez 14 Gzho(ho - 1))

=0
Qﬂé l( 91 9%

(21)

where 0, = g A;(i =1,2,3), hp = 1 —26,63/36?, and c, is the confidence limit of the
j=k+1
standard no]rmal distribution.

In addition, to ensure the reliability of T? and SPE, we need to regularly update T,
and Q,. This enables adaptation to changes in data distribution, variable correlation, fault
modes, timely detect, and correct model drift. It also ensures the accuracy and reliability of
the fault detection model.

3.4. DGLPP Fault Detection Process

The flowchart of using DGLPP for fault detection is shown in Figure 1. The process is
mainly divided into two steps: offline modeling and online diagnosis. The specific steps
are as follows.
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Obtain Obtain test
training set set
Construct an Construct an
augmented matrix augmented matrix
Y :
Using the GLPP method to

Using the GLPP method to
reduce the dimensionality of
augmented matrices

v v

reduce the dimensionality
of augmented matrices

Establish DGLPP Establish DGLPP
model model
4 Calculate T2 and
Calculate statistical SPE statistics
thresholds Ta and Qa

Figure 1. Fault detection flow char.

Offline modeling;:

1. Collect the system’s historical data under normal working conditions as the training
set samples.

2. Construct an augmentation matrix for each sample in the training set.

3. Use the GLPP algorithm to reduce the augmented matrix’s dimensionality and estab-
lish the DGLPP model.

4.  Calculate the statistical threshold T, and Q, for the DGLPP model.

Online diagnosis:

1.  Obtain system online data as test set samples.

2. Construct an augmentation matrix for each sample in the test set.

3. Use the GLPP algorithm to reduce the augmented matrix’s dimensionality and estab-
lish the DGLPP model.

4.  Calculate the T? and the SPE statistics for each sample in the test set.

5. Determine whether the sample’s T? and the SPE statistics exceed their statistical
thresholds. If so, the system fails; otherwise, the system operates normally.

4. TE Process Fault Detection

TE process is a simulation process based on a complex chemical reaction process
simulation. Figure 2 shows a flow sheet of the TE process. TE processes are now used
in many fields, such as control, optimization, and process monitoring. The TE process
has become the most widely used benchmark test platform for monitoring performance
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evaluation in the field of process monitoring [39,40]. The process comprises five main units:
reactor, compressor, condenser, gas-liquid separator, and product-refining tower. The TE
process data used in this experiment include training datasets and 21 test datasets. The
training dataset is sampled under normal conditions. It is also used for offline modeling
of the monitoring method. The test set samples with faults are obtained during 48 h of
running simulation and faults are introduced at 8 h. A total of 960 observation values are
collected, with the first 160 observation values being normal data and the last 800 samples
being fault data. The 21 types of faults are classified into six types. Table 1 describes
the fault data types. Each dataset has 52 variables, consisting of 11 control variables and
41 measurement variables. The measurement variable comprises the process measurement
variable and component measurement variable. Table 2 provides detailed descriptions of
control variables and process measurement variables.

spr
0

CWR

Separator

Y
BN <2

Figure 2. TE process flowchart.

Table 1. TE process fault description.

No. Fault Description Type
1 A/C feed ratio, component B unchanged (stream 4) Step
2 Component B, A/C feed ratio unchanged (stream 4) Step
3 Material D temperature (stream 2) Step
4 Reactor cooling water inlet temperature Step
5 Condenser cooling inlet temperature Step
6 Material A feed loss Step
7 Material C pressure loss Step
8 A, B, C composition Random variable
9 Material D feed temperature Random variable
10 Material C temperature Random variable
11 Reactor cooling water inlet temperature Random variable
12 Condenser cooling water inlet temperature Random variable
13 Reaction kinetics parameters Slow drift
14 Reactor cooling water valve Sticky
15 Condenser cooling valve Sticky
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Table 1. Cont.
No. Fault Description Type
16 Unknown Unknown
17 Unknown Unknown
18 Unknown Unknown
19 Unknown Unknown
20 Unknown Unknown
21 Logistics 4 valve position Constant position
Table 2. Variables of the TE process.
No. Variable Description No. Variable Description
1 Material D feed amount 22 Separator grade
2 Material E feed amount 23 Separator pressure
3 Material A feed amount 24 Separator bottom flow (Flow 10)
4 Material A and C feed amount 25 Stripper grade
5 Compressor recirculation valve 26 Stripper pressure
6 Discharge valve 27 Stripper bottom flow (Flow 11)
7 Liquid flow of separator tank 28 Separator temperature
8 Stripper liquid product flow 29 Separator grade
9 Stripper flow valve 30 Changes in Material C temperature
10 Reactor cooling water valve 31 Stripper temperature
11 Condenser cooling water flow 32 Stripper flow rate
12 Material A feed (Flow 1) 33 Compressor power
13 Material D feed (Flow 2) 34 Reactor cooling water outlet temperature
14 Material E feed (Flow 3) 35  Separator cooling water outlet temperature
15 Total feed (Flow 4) 36 Stripper temperature
16 Recirculation flow (Flow 8) 37 Stripper flow rate
17 Reactor feed rate (Flow 6) 38 Compressor power
18 Reactor pressure 39 Reactor cooling water outlet temperature
19 Reactor class 40  Separator cooling water outlet temperature
20 Reactor temperature 41  Separator cooling water outlet temperature
21 Discharge rate (Stream 9)

PCA, LPP, GLPP, and DGLPP methods are used for fault detection to verify the
proposed method’s effectiveness. The confidence level is 99%, the cumulative contribution
rate is 85%, the delay is 1, and the number of neighbors is 5. The fault detection rates of
21 faults using the above methods are shown in Table 3. As shown in Table 3, the fault
detection performance of the DGLPP method is superior to the fault detection performances
of the other methods. Thus, the effectiveness of the proposed algorithm is verified. The
DGLPP algorithm can detect all faults except faults 3, 9, and 15, indicating that the algorithm
has a high fault coverage.

Table 3. Test set fault detection rate (%).

No. PCA LPP GLPP DGLPP
T2 SPE T2 SPE T2 SPE T2 SPE
1 98.75 99.12 99.88 98.88 99.75 98.75 99.88 98.62
2 98.0 98.5 98.88 98.25 98.88 97.50 99.12 97
3 0.63 7.25 8.62 0 10.37 0 18.62 0
4 0.37 29.13 99.88 0 100 0 100 0
5 22.13 30.38 100 21.12 100 18.25 100 13.38
6 98.25 100 100 100 100 100 100 100
7 33.75 100 100 61.25 100 32.37 100 27.25
8 92.13 96.75 98.25 94.87 98.25 92.25 98.38 73.88
9 1.0 6.12 7.62 0.13 8.13 0 14.87 0
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Table 3. Cont.
No. PCA LPP GLPP DGLPP
T2 SPE T2 SPE T2 SPE T2 SPE
10 18.62 36.75 91.13 16.38 91.25 2.13 93.5 0
11 3 34.63 76.12 0.63 80.13 0.13 87.75 0
12 90.25 93.63 99.88 90.75 99.88 76.5 100 51
13 92.25 92.5 95.63 91.63 95.63 89.12 96.37 85.25
14 0.13 71.88 100 10.50 100 0.25 100 0
15 1.75 9.0 17.87 0.25 19 0 28.75 0
16 8.13 34.88 93.75 6.25 945 0.37 96.63 0
17 4.62 40.25 95.63 11 96.63 3.87 97.88 0
18 87.88 88.5 90.87 87.75 91.37 87.5 92.13 85.12
19 0.13 7.25 87.75 0 93.13 0 99.12 0
20 4.62 40.25 90.75 13.75 91.13 45 91.75 0
21 12.63 40.62 61.12 15.62 64.88 475 59.5 0
MFDR 36.62 55.11 81.60 39 82.52 33.73 84.49 30.07

MFDR: mean fault detection rate.

Fault 15 is viscous, and the process variable is described as condensate cooling water
valve failure. Figure 3 shows the process monitoring diagrams for all methods of Fault 15.
As the figure shows, PCA and LPP algorithms can hardly detect faults in this case, and the
detection effect of the GLPP algorithm is not ideal. This scenario occurs because this fault is
weak, and the measured variables are slightly affected. The changes in the mean, variance,
or peak time are difficult to observe. The DGLPP algorithm is sensitive to faults and can
detect faults continuously. The DGLPP algorithm can detect faults earlier and relatively
higher detection rate than the other algorithms.

40 T T T T
T2 T2 control limit
= 20F 1
0 I 1
0 200 400 ggmples 600 800 1000
30 T T .
SPE SPE control limit
i 20 i
o
[92] 10 J
0
0 200 400 Samples 600 800 1000
(a)
150 T T T T

T2 control limit

100

0 1 1 1 1
400 Samples 600 800 1000

SPE control limit

MSOMMMWMMMMWWMM_
[a

[/p]

1 1 1 1

400 Samples 600

(b)

Figure 3. Cont.
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Figure 3. Monitoring charts for Fault 15: (a) PCA; (b) LPP; (c) GLPP; (d) DGLPP.

In the case where Fault 2 is the example, the feed flow ratio of A/C is constant;
however, the content of component B changes step by step. This phenomenon causes the
total feed to change. Thus, the system is prevented from operating normally, and a failure
occurs. Four methods are used to detect this fault. The detection results are shown in
Figure 4. All four methods can detect faults and realize continuous alarms. However, their
fault detection sensitivities are nonidentical. PCA, LPP, GLPP, and DGLPP start to detect
faults at 176, 171, 169, and 165 sample points, respectively. The test results demonstrate
that the DGLPP method can detect the fault early, indicating that it has the best detection
capability. The fault detection capability of the GLPP method is superior to the fault
detection capabilities of the PCA and LPP methods. The reason is that GLPP considers the
global and local features of the data in the modeling process and realizes a comprehensive
feature extraction of the training data under normal conditions. Thus, its fault detection
ability is improved. The DGLPP method further considers the dynamic characteristics of
the data based on the GLPP method, and the data characteristics are retained accurately,
further improving the detection performance.

T T
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Figure 4. Cont.
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Figure 4. Monitoring charts for Fault 2: (a) PCA; (b) LPP; (c) GLPP; (d) DGLPP.

Fault 10 is a random disturbance in the feed temperature of Material C. This distur-
bance causes fluctuations in the feed temperature of Material C, resulting in a fault. The
effect of fault detection is shown in Figure 5. When both T? and SPE statistics do not exceed
the limit, it indicates that the system is operating normally at this time. Otherwise, it will
cause a malfunction. Therefore, as shown in Figure 5, the PCA method can only detect a
small number of faults. The SPE statistics of the LPP, GLPP, and DGLPP methods can hardly
detect the faults, whereas the T2 statistics can detect most of the faults. This is because there
is a fault between process variables, and the relevant measurement coefficients between
them remain stable. This caused a significant jump in the T? index value, while the SPE
index remained within the threshold range with relatively small changes. However, these
three methods also have underreporting in the subsequent detection process. DGLPP has
relatively fewer missed sample points than the LPP and GLPP methods. With sample
points 510-550 as the example, LPP, GLPP, and DGLPP miss 22, 21, and 19 sample points,
respectively. Therefore, DGLPP has less under-reporting and higher detection accuracy
than LPP and GLPP.
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Figure 5. Monitoring charts for Fault 10: (a) PCA; (b) LPP; (c) GLPP; and (d) DGLPP.

5. Conclusions

A DGLPP fault detection algorithm is proposed to solve dynamic problems in indus-
trial systems. An augmented matrix is obtained by adding time-delay data to characterize
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the system’s dynamic characteristics. Then, GLPP, which is more comprehensive and
effective than other algorithms in extracting the feature information, is used to reduce
the augmented matrix’s dimension to the low-dimensional space. Therefore, the DGLPP
algorithm possesses remarkable detection effects. The TE example shows that the fault
detection effect of the proposed method is more effective than the fault detection effects of
PCA, LPP, and DGLPP, verifying the effectiveness of the proposed method.
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