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AbstractIn order to overcome the dynamic and large-scale characteristics of the plant-wide processes, this paper
proposed a distributed slow feature analysis (SFA) with inter-unit dissimilarity method for process monitoring task.
Firstly, to highlight the local dynamic features, the whole process is decomposed into several units according to the
prior knowledge. Based on this, SFA monitoring model is built parallelly to handle the dynamic features. Considering
the possible information loss caused by the process decomposition, the inter-unit dissimilarity index is carried out to
monitor the variations between adjacent units. Finally, the fusion center is conducted by Bayesian inference to com-
bine the results of SFA monitoring models and inter-unit dissimilarity statistics. The effectiveness of the proposed
method is tested on the Tennessee Eastman process and an aluminum electrolysis process.
Keywords: Distributed Monitoring, Slow Feature Analysis, Dynamic Process, Fault Detection, Inter-unit Dissimilarity

INTRODUCTION

The general public is paying more attention to the quality, pro-
ductivity, and safety in large-scale industrial processes. It is neces-
sary to monitor the real-time operating status and to discover the
abnormalities. Owing to developments in computer science and
sensor technologies, large process data have been recorded and col-
lected. As a result, multivariate statistical process monitoring (MSPM)
methods have been widely discussed [1-6].

Despite the successful application of the traditional MSPM meth-
ods, process dynamics are not considered by the static monitoring
methods. In practice, industrial processes are always under a closed-
loop control, resulting in dynamic variations in the process vari-
ables. To explore the dynamic characteristics, dynamic principal
component analysis (DPCA) [7] methods have been proposed, in
which time correlations are introduced to extend data matrices.
However, the extracted latent variables in DPCA fail to describe the
essential dynamics. To improve this situation, a concurrent moni-
toring method based on slow feature analysis (SFA) was proposed
by Shang et al. to extract the temporal invariant features [8]. More-
over, other modified SFA algorithms, such as recursive SFA [9] and
integrated SFA [10], have been proposed. However, centralized meth-
ods may be unsuitable for large-scale process monitoring. The issue
is that industrial processes consist of several operation units, resulting
in more or less correlations. The centralized methods lack repre-
senting of local correlations. To this end, distributed monitoring
strategies have been developed by first dividing the large-scale pro-
cess into several units, and then monitoring each unit parallelly.

Generally, there are two categories for the distributed methods:
data-based process decomposition methods [11-13] and knowl-
edge-based process decomposition methods [14,15]. In the data-
based process decomposition methods, the block division strategy
refers to data characteristics according to some given rules [12,13].
Thus, the process data in the same block show similar characteris-
tics. As an alternative, multiblock SFA is developed to gather the
highly correlated variables [16,17]. However, the data-based dis-
tributed methods, especially the correlation-based decomposition
methods, overemphasize the strong correlation between a few vari-
ables, neglecting the physical connections. Once the fault happens,
the correlations may change with the fault. For knowledge-based
process decomposition methods, the whole process is divided based
on the domain knowledge [14,15]. Ge and Chen also pointed out
that process knowledge would be helpful to process decomposition
[18]. In real industrial processes, each operation unit can accom-
plish a definite subtask, which is the basis of the process decompo-
sition. Distributed methods have solved the problem that industrial
processes are submitted to large-scale characteristic. Through pro-
cess decomposition, a monitoring model is built for each unit. How-
ever, the communications among units are cut off directly, that is,
the inter-unit information, especially the information between the
physically adjacent units, could be neglected by the distributed
methods.

To solve the above problems, a distributed slow feature analysis
with inter-unit dissimilarity (DSFA-IUD) algorithm is proposed for
the large-scale dynamic process monitoring. According to the pro-
cess knowledge, the large-scale process is divided into several oper-
ation units, in which the SFA monitoring models are parallelly built.
Moreover, a dissimilarity index between the adjacent units is devel-
oped by calculating the variations of the inter-unit correlations.
Finally, the fusion center is carried out by combining the results of



276 R. Huang et al.

February, 2022

SFA monitoring models and inter-unit dissimilarity statistics under
a Bayesian framework. The main contributions of this paper are
summarized as follows:

(1) A knowledge-based distributed strategy is proposed to divide
the large-scale process into several meaningful operation units, so
that each unit can be monitored parallelly. As a fault may occur in
only one unit or a part of the process, the distributed strategy is
more sensitive by highlighting the local information.

(2) Compared with traditional monitoring methods, the SFA
model built in each unit isolates temporal dynamics from steady
conditions, which makes it capable to handle process dynamics.

(3) Considering that process decomposition may result in infor-
mation loss among units, a new inter-unit dissimilarity index is car-
ried out to monitor the variations between adjacent units.

METHODOLOGY

1. Distributed Slow Feature Analysis
The process data matrix can be written as X=[x1, x2, …, xm]

Rn×m, where m and n represent the numbers of variables and sam-
ples, respectively. In large-scale processes, each unit consists of
many variables, which can accomplish a definite task. Because of
the large-scale characteristic, the whole process should be decom-
posed into several units. The process decomposition may be based
on operation tasks, physical constraints, physical correlations, pro-
cess topologies, feedback constraints, and so on, which is called
prior knowledge. Based on the prior knowledge, suppose that the
process can be decomposed into p units. Then the dataset X can
be expressed as X=[X1, X2, …, Xp], in which XI(I=1, 2, …, p)
Rn×mI with mI variables is the dataset for unit I.

After the process decomposition, several units are obtained.
Given the input sample x(t)RmI×1 in unit I, the optimization of
SFA is to find a linear mapping to the slow feature (SF) si(t)=wi

Tx
(i=1, 2, …mI), such that [19,20]

(1)

with the constraints

(zero mean) (2)

(unit variance) (3)

(decorrelation and order) (4)

where  indicates the first-order derivative of si and wi is the weight
vector.

As the data matrix is scaled to be zero mean, the extracted SF
will be zero mean because of the linear mapping. Then, constraint
(2) is satisfied. If the covariance matrices of  and x(t) are
respectively expressed as R=  and C= , the
optimization objective (1) and constraint (3) are simultaneously
transformed as

(5)

The above optimization is solved by the following generalized eigen-

value decomposition (GED):

Rwi=iCwi (6)

where the eigenvalue i satisfies i= . Then constraint (4) can
be satisfied automatically through GED. To reach the minimum of
the first-order derivative of the SF, the eigenvalues should be in an
ascending order, in which the smallest eigenvalue 1 corresponds
to slowest features , and so on. Statistics, S2 and squared pre-
diction error (SPE), are defined to monitor the SF space and resid-
ual space:

(7)

(8)

where sk is the chosen important SFs and  is the reconstructed x.
The SFs are chosen based on the rule that the large L2 norm of wi

represents important process variation. The thresholds can be esti-
mated by kernel density estimation (KDE). KDE [21] of the data y
is given by

(9)

where n is the number of observations and h is the bandwidth and
yi is ith sample in the data set. In this study, K represents the Gauss-
ian kernel function

(10)

2. The Inter-unit Dissimilarity Statistic
Considering that inter-unit information could be neglected through

the process decomposition, a dissimilarity statistic is developed to
identify the inter-unit variations. Given two physically adjacent
units, XIRn×mI and XJRn×mJ, the correlation coefficient between
variable xi(i=1, 2, …, mI) in XI and variable xj(j=1, 2, …, mJ) in XJ

is calculated by

(11)

where i and j are the mean value of xi and xj, vi and vj are the
variance of xi and xj. Then the correlation matrix can be written as

(12)

Note that the correlation coefficient is calculated based on two
vectors. To explore the online variation of the correlation coeffi-
cient, a range of samples rather than a monitored sample are taken
into consideration. Therefore, inter-unit dissimilarity statistic is to
measure the correlation variation over a period, which shows more
robustness compared with the statistics monitoring the current
sample. For the online datasets X'IRl×mI and X'JRl×mJ with l sam-
ples, the correlation coefficient between monitored vectors x'i and
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x'j  is recorded as r'ijIJ. The online variation of the correlation coeffi-
cient is calculated as

(13)

where |·| indicates the absolute value. The inter-unit dissimilarity
statistic IUDIJ between units I and J can be calculated by the aver-
age variation the correlation coefficient, which is expressed as

(14)

The IUDIJ statistic shows the overall deviation level for the correla-
tion between units I and J. The IUD values under normal condi-
tion can be obtained based on some validation datasets. Then, the
threshold can also be estimated by kernel density estimation (KDE).
3. Fusion Decision for Distributed SFA and Inter-unit Dissimi-
larity
3-1. Fusion Decision for S2 and SPE Statistics

In each unit, the monitoring results can be obtained indepen-
dently. To integrate all the results to give a final decision, Bayesian
inference [15] is used in a probabilistic framework. Given an online
sample x, it is divided into p units according to the prior knowl-
edge, which can be written as x=[x1, x2, …, xp]. For each unit
xI(I=1, 2, …, p), the fault probabilities of S2 and SPE statistics are
given by

(15)

(16)

(17)

(18)

in which N and F represent the normal and faulty conditions, PS2(N)
and PSPE(N) are the prior probabilities of S2 and SPE statistics under
normal condition, respectively, and and are the prior probabilities
of and SPE statistics under faulty condition, respectively. Given a
confidence level , the prior probabilities of normal and faulty
conditions are equal to  and 1, respectively. PS2(xI|N), PS2(xI|F),
PSPE(xI|N) and PSPE(xI|F) are calculated as

(19)

(20)

(21)

(22)

where S2
I and S2

i, lim are the S2 statistic and its control limit for unit I.
Similarly, SPEI and SPEI, lim are the SPE statistic and its control limit
for unit I.

When the fault probabilities for all the units are calculated, a
fusion decision is carried out to integrate the parallel monitoring
results into a final decision. The BI-S2 and BI-SPE statistics are
derived by, respectively, combining the S2 and SPE statistics for all
units in a weighted form as follows:

(23)

(24)

In general, the thresholds of BI-S2 and BI-SPE are equal to 1.
3-2. Fusion Decision for Inter-unit Dissimilarity

For each pair of adjacent units, the monitoring results of the
dissimilarity can be obtained. Bayesian inference is also used to
integrate all the dissimilarity results to give a final decision. Sup-
pose that there are a total of q pairs of adjacent units. IUDI(I=1, 2,
…, q) and IUDI, lim indicate the Ith IUD statistic and its threshold,
respectively. Similarly, the fault probability is given by

(25)

(26)

(27)

(28)

in which N and F represent the normal and faulty conditions, P(N)
and P(F) are equal to  and 1, respectively. To give an overall
decision about the inter-unit dissimilarity, BI-IUD statistic is calcu-
lated by

(29)

3-3. Fusion Decision for the DSFA-IUD Monitoring Model
The statistics are built to monitor operation units and inter-unit

dissimilarity, respectively. Then, the fusion decision for the DSFA-
IUD monitoring model can be derived by the BIC statistic, which
is given by

(30)

4. DSFA-IUD Fault Detection Scheme
The diagram of DSFA-IUD monitoring method is shown in Fig.

1. The detailed steps of the DSFA-IUD are as follows.
DSFA-IUD model training:
Step 1: The scaled benchmark data X is recorded;
Step 2: The benchmark dataset is decomposed into several units

on the basis of the process knowledge;
Step 3: For each unit, SFA is performed to generated S2 and SPE

statistics;
Step 4: The thresholds S2

lim and SPElim are estimated by KDE;
Step 5: For each pair of adjacent units, the correlation matrix is

calculated; and
Step 6: A validation matrix is introduced to estimate the thresh-

old of IUD.
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DSFA-IUD model testing:
Step 1: The online samples are scaled;
Step 2: The samples are decomposed the same with training stage;
Step 3: The S2 and SPE statistics for each unit are calculated;
Step 4: The variation of the correlation coefficient is calculated

and IUD statistic is generated;
Step 5: Bayesian inference is used to integrate the monitoring

results of DSFA and IUD strategy;
Step 6: BI-S2 and BI-SPE statistics are generated to monitor the

units and BI-IUD is generated to monitor the inter-unit variation; and
Step 7: The integrated statistic BIC is generated for the proposed

DSFA-IUD method.

CASE STUDY

1. Tennessee Eastman (TE) Benchmark Process
The TE process is a widely used benchmark simulation, which

was built by Downs and Vogel [22] and restructured by Lyman
and Georgakis [23]. It contains five major unit operations: a reac-
tor, a product condenser, a vapor-liquid separator, a recycle com-

Fig. 1. The diagram of DSFA-IUD process monitoring method.

Table 1. The unit division for TE process
Unit 1 2 3

Variables 1, 2, 3, 5, 6, 7, 8, 9, 21, 23, 24, 25, 32 10, 11, 12, 13, 14, 20, 22, 27, 28, 29, 33 4, 15, 16, 17, 18, 19, 26, 30, 31

pressor and a product stripper. There are 33 measurements in the
process. A set of 21 different faults are simulated for monitoring,
in which each simulated dataset consists 960 samples and the fault
is introduced from 161st sample.

First, the TE process is divided into several units, in which each
one implements a specific function or an operation. Since the TE
process contains five major units, it can be simply divided into five
units. However, there are only two variables in the condenser unit
and the compressor unit, respectively; they can be assigned to other
related blocks. Therefore, TE process is divided into three different
blocks. The detailed variables in each unit of are shown in Table 1
[18]. Then, SFA monitoring models are built for three units. As
units 1 and 2, units 2 and 3 are adjacent units, the inter-unit dis-
similarity statistics for these two pairs of units are calculated, respec-
tively. Finally, to combine the monitoring results, global monitoring
statistics are generated. The fault detection rates (FDRs) of PCA,
SFA, Bayesian weigh PCA [18], and DSFA-IUD are listed in Table
2. The cumulative percentage variance criteria for PCA and Bayes-
ian weigh PCA are selected as 85%. The confidence levels for all
methods in this paper are set as 0.97. For each fault and the aver-
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age, the best FDR is marked in bold type. In general, the average
FDR of DSFA-IUD reaches to 0.842, while those of other state-of-
art methods are lower than 0.75. Moreover, DSFA-IUD shows the
better performance when handling faults 10, 11, 15, 16, 20 and 21.
Taking faults 10 and 21 as typical examples, the monitoring results
of the proposed DSFA-IUD are presented in detail.

The comparative monitoring charts for faults 10 and 21 are given
in Figs. 2 and 3, respectively. For the random generated fault 10,
some of the faulty samples are too small to be detected. It is obvi-
ous that PCA and SFA can only detect a part of the faulty samples
and the FDRs are lower than 80%. As shown in Figs. 2(c) and (d),
the FDR of the proposed method is 0.938, which is a remarkable
improvement. Fault 21 is a constant position on the steam 4 valve,
which means that the fault will show continuous impact on the
process and the fault altitude will get bigger with time going by.
Apparently, the monitoring statistics of PCA and SFA rise after 600th

sample. Thus, the FDRs of these methods are lower than 50%. For
the proposed method, the BI-S2 and BI-SPE statistics detect the fault
before 600th sample. As a supplement, BI-IUD statistic has slight
increases between 200th and 300th samples and between 500th and
600th samples. By combining the three statistics, the FDR of the inte-
grate statistic BIC reaches to 0.764. The proposed DSFA-IUD method
highlights the local dynamic features by the distributed strategy
and avoids information loss simultaneously by generating an IUD
index, making it appropriate to monitor process faults.
2. Aluminum Electrolysis Process

Aluminum electrolysis is carried out in aluminum reduction cell.

The raw material used for electrolysis is alumina, the electrolyte is
molten cryolite, and carbon anode is used. Electrolytic operation is
carried out at 950-980 oC. The process data used in this paper are
collected from an aluminum corporation in Guizhou, China. The
diagram of the aluminum reduction cell can be seen in Fig. 4(a).
Alumina raw materials are dissolved into the electrolyte near the
feeder and then spread to the whole aluminum reduction cell.
Due to the influence of feeding strategy, physical and chemical
properties of alumina raw materials and magnetic field, the disso-
lution and diffusion speeds of alumina in each area are different,
resulting in the uneven distribution of alumina concentration in the
electrolyte and the different current flowing through each anode.
Anode effect (AE) is an abnormal phenomenon that often occurs
in the process of direct current electrolytic aluminum. The occur-
rence of AE has a great impact on normal production, resulting in
the decrease of current efficiency, aluminum output and a large
amount of fluoride gas, which is harmful for the production and
environment [24,25]. AE is generally caused by the lack of local
alumina concentration, which is mainly determined by the feed-
ing strategy. In the modern aluminum electrolysis industry, the
global AE is mostly judged by the phenomenon of great increase
of anode voltage. The global AE is generally caused by the spread
of local AE. Because the local AE would not cause a great change
of anode voltage, it is difficult to detect the local AE. If the local
AE is not intervened, it will gradually turn into global AE. There-
fore, to reduce the global AE, it is necessary to detect and elimi-
nate the local AE.

Table 2. The monitoring results for TE process

Fault
No.

PCA SFA Bayesian weigh PCA DSFA-IUD
T2 SPE S2 SPE T2 SPE BI-S2 BI-SPE BI-IUD BIC

01 0.992 0.997 0.996 0.996 0.993 0.995 0.999 0.998 0.818 0.999
02 0.980 0.986 0.955 0.985 0.988 0.985 0.985 0.986 0.533 0.988
03 0.002 0.009 0.011 0.173 0.021 0.178 0.081 0.201 0.280 0.280
04 0.544 0.962 0.998 0.968 0.541 0.999 1 0.289 0.524 1
05 0.225 0.254 0.999 1 0.278 0.339 0.359 0.484 0.624 0.585
06 0.992 1 1 1 0.993 1 1 0.998 0.999 1
07 1 1 1 0.751 1 1 1 0.989 0.664 1
08 0.975 0.975 0.668 0.991 0.975 0.973 0.984 0.976 0.973 0.980
09 0.006 0.019 0.006 0.140 0.039 0.114 0.069 0.019 0.198 0.186
10 0.334 0.341 0.554 0.749 0.443 0.683 0.864 0.891 0.790 0.938
11 0.206 0.644 0.524 0.754 0.545 0.651 0.869 0.273 0.645 0.908
12 0.971 0.975 0.929 0.996 0.988 0.991 0.994 0.986 0.990 0.998
13 0.940 0.955 0.938 0.950 0.943 0.958 0.958 0.999 0.946 0.999
14 1 0.989 0.953 0.988 1 0.964 0.976 0.998 0.224 1
15 0.012 0.027 0.003 0.181 0.093 0.164 0.153 0.415 0.280 0.441
16 0.157 0.245 0.810 0.710 0.281 0.658 0.915 0.323 0.390 0.951
17 0.741 0.892 0.961 0.856 0.814 0.965 0.973 0.608 0.909 0.976
18 0.887 0.899 0.901 0.905 0.899 0.916 0.911 0.938 0.349 0.938
19 0.139 0.28 0.915 0.088 0.083 0.364 0.749 0.190 0.603 0.859
20 0.315 0.602 0.765 0.789 0.469 0.626 0.694 0.818 0.854 0.895
21 0.264 0.430 0.291 0.498 0.334 0.625 0.420 0.615 0.533 0.764

Average 0.556 0.642 0.723 0.737 0.606 0.721 0.760 0.666 0.625 0.842
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There are 6 alumina feeders and 48 anodes in each aluminum
reduction cell. The 48 anodes are arranged in two rows in paral-
lel, which are commonly called A1-A24 and B1-B24. The six feed-
ers are distributed between the two rows of anodes, which are
marked as F1-F6. The alumina feeders and anodes can be seen in
Fig. 4(b). The anode currents are closely related to the concentra-
tion of alumina in the electrolyte. AE can be reflected by the changes
of the anode currents. For the aluminum electrolysis process, the
currents near each feeder may show similar changes when the local
or global AE occurs. Therefore, according to the physical locations
of the feeders and anodes, the anodes are divided into six units.
The unit division results for aluminum electrolysis process are given
in Table 3. In this case, a total of 48 anode currents are collected
for AE detection and the sample time is 10 s. The training set con-
sists of 1000 samples under normal condition. Meanwhile, 200 sam-
ples are collected for testing. According to the daily report, a global
AE (detected by the increase of anode voltage) occurs after 160th

sample. The monitoring results of PCA, SFA, and DSFA-IUD are
shown in Fig. 5. It can be seen that the PCA T2 statistic can only

detect a few faulty samples (between 120th sample and 160th sam-
ple). The PCA SPE, as well as SFA S2 and SPE statistics has a sig-
nificant increase after the 120th sample, which means that the local
AE is detected 400 s before the detected global AE. The best mon-
itoring results are achieved by the proposed DSFA-IUD method.
As shown in Figs. 5(c) and (d), the local AE is detected after the
110th sample. In terms of detection time, DSFA-IUD is 100 s ear-
lier than the traditional SFA method, and 500 s earlier than the
anode voltage method in the real factory. If early interventions are
taken in the 500 s, the global AE can be avoided efficiently. In con-
clusion, the proposed DSFA-IUD method show better monitor-
ing performance for the large-scale aluminum electrolysis task.

CONCLUSION

A large-scale dynamic process monitoring method based on dis-
tributed slow feature analysis and inter-unit dissimilarity is proposed
to improve monitoring performance. First, a knowledge-based dis-
tributed strategy is used to highlight the local dynamic features.

Fig. 2. The monitoring results of (a) PCA, (b) SFA, (c) BI-S2, BI-SPE, and BI-IUD statistics, and (d) BIC statistic of DSFA-IUD method for
Fault 10.

Table 3. The unit division results for aluminum electrolysis process
Unit 1 2 3 4 5 6

Anode A1-A4
B1-B4

A5-A8
B5-B8

A9-A12
B9-B12

A13-A16
B13-B16

A17-A20
B17-B20

A21-A24
B21-B24
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Fig. 3. The monitoring results of (a) PCA, (b) SFA, (c) BI-S2, BI-SPE, and BI-IUD statistics, and (d) BIC statistic of DSFA-IUD method for
Fault 21.

Fig. 4. The diagrams of (a): the aluminum reduction cell, and (b) the locations of the feeders and anodes.
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Then, SFA is parallelly built in each unit to handle process dynam-
ics. Moreover, in case of the information loss by the distributed
strategy, a new inter-unit dissimilarity index is carried out to mon-
itor the variations between adjacent units. Finally, the proposed
method is applied on the TE process and an aluminum electroly-
sis process. The monitoring results show the effectiveness of the
proposed method. However, the process decomposition in this paper
relies on the process knowledge. If biased knowledge is used, the
monitoring performance of the distributed method may be affected.
As an alternate, knowledge-based process decomposition should refer
to process data to enhance the robustness.
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