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ABSTRACT

Visual process monitoring is important in complex chemical processes. To address the high state separa-
tion of industrial data, we propose a new criterion for feature extraction called balanced multiple
weighted linear discriminant analysis (BMWLDA). Then, we combine BMWLDA with self-organizing
map (SOM) for visual monitoring of industrial operation processes. BMWLDA can extract the discrimina-
tive feature vectors from the original industrial data and maximally separate industrial operation states
in the space spanned by these discriminative feature vectors. When the discriminative feature vectors are
used as the input to SOM, the training result of SOM can differentiate industrial operation states clearly.
This function improves the performance of visual monitoring. Continuous stirred tank reactor is used to
verify that the class separation performance of BMWLDA is more effective than that of traditional linear
discriminant analysis, approximate pairwise accuracy criterion, max-min distance analysis, maximum
margin criterion, and local Fisher discriminant analysis. In addition, the method that combines
BMWLDA with SOM can effectively perform visual process monitoring in real time.

© 2020 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights reserved.

1. Introduction

Process monitoring is of great significance for ensuring process
safety and for improving product quality. Multivariate statistical
methods, such as principal component analysis (PCA) [1], partial
least squares [2], and independent component analysis [3], have
been widely adopted in process monitoring. In addition, the widely
used deep neural networks, such as stacked auto-encoder [4,5],
deep belief network [6], convolutional neural network [7], and long
short-term memory [8], have also been introduced for process
monitoring. However, these methods do not provide the visualiza-
tion of the industrial process, so that the industrial process still
looks like a black box, which is not conducive to process under-
standing for operators. Visual process monitoring is the application
of a visualization method to map the industrial process data to a
two-dimensional map, followed by process monitoring. Visualiza-
tion provides powerful insight and process understanding in the
industrial context, and accelerates fault diagnosis [9]. Self-
organizing map (SOM) is widely used for data visualization
because it can retain the topological relations and density distribu-
tion of a data set when projecting the high-dimensional data to the
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two-dimensional space. In addition, the common visualization
methods include PCA, and some manifold learning methods, such
as isometric feature mapping (ISOMAP) [10], Laplacian Eigenmaps
(LE) [11], and t-distributed stochastic neighbor embedding (t-SNE)
[12]. SOM has the following advantages in visualization compared
with PCA and manifold learning methods. First, SOM is a nonlinear
method based on the neural network. PCA is a linear dimensional-
ity reduction method and cannot cope with the nonlinear data.
Second, the output of SOM is 2-dimensional, which is specially
designed for data visualization. However, the manifold learning
methods and PCA have their essential dimensions for dimensional-
ity reduction. They may cause loss of information and may not cor-
rectly reflect the structure of the high-dimensional data when they
are used for data visualization. Finally, SOM does not have the out-
of-sample problem. The out-of-sample problem is that the method
does not have a mapping function when visualizing the training
data, so that the method can not visualize the new sample. Some
manifold learning methods, such as ISOMAP, LE, and t-SNE, have
the out-of-sample problem, so they are not suitable for the classi-
fication task. Therefore, many studies have applied SOM to process
monitoring [13-16].

The continuous development of modern science and technology
has increased the equipment requirement of industrial systems.
Massive variables are measured through sensors, which makes

1004-9541/© 2020 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All rights reserved.



W. Lu, X. Yan/ Chinese Journal of Chemical Engineering 36 (2021) 128-137 129

the high-value information difficult to observe directly. If these
high-dimensional data are directly sent to the SOM for clustering,
then the training complexity of the network will increase, and the
training results will not reflect the true industrial operation states.
This situation will result in poor visual process monitoring. The
common practice to deal with the issue is to extract important fea-
tures from the original data. Feng and Xu [17] used PCA to extract
important features from the original data, and then used SOM to
visualize these features for fault diagnosis. Chen and Yan [18,19]
combined SOM with CCA and LDA to improve the performance of
SOM for process monitoring. Similarly, Song et al. [20] combined
SOM with CVA for process monitoring. Among these methods,
the method combining SOM with LDA (LDA-SOM) can separate dif-
ferent classes relatively well and has relatively good performance
for process monitoring. The objective of LDA is to ensure that the
different classes are as far apart as possible while guaranteeing
that the scatter of each class is as small as possible [21-24]. There-
fore, the high-dimensional data from different classes can be sep-
arated as much as possible on the output of LDA-SOM. For visual
process monitoring, the distances among classes should be as large
as possible, and the samples from the same class should be as con-
centrated as possible. Large between-class distances and small
within-class distances are conducive to improving the perfor-
mance of visual process monitoring. However, one problem occurs
in the application of LDA. The traditional LDA criterion overempha-
sizes the contribution of the classes far from the center in the
between-class scatter measure. Thus, the neighboring classes usu-
ally overlap. Some works have been put forward to solve this prob-
lem with the corresponding algorithm. Loog et al. [25] proposed
the approximate pairwise accuracy criterion (APAC). It expresses
the between-class scatter matrix (BCSM) as the sum of the covari-
ance matrix of the means of each class pair and assigns each class
pair a weight function determined by the Mahalanobis distance
between the class pair. [26] also introduced a weighting strategy
based on class saliency information into LDA. Bian et al. [27] pro-
posed a new criterion for feature extraction called max-min dis-
tance analysis (MMDA). It maximizes the minimum pairwise
distance of all class pairs. Li et al. [28] developed the maximum
margin criterion (MMC) for feature extraction by changing the cri-
terion function of conventional LDA to tr(S, — Sy), where S, is the
BCSM and S,, is the within-class scatter matrix (WCSM). MMC
ensures that the different classes are as far apart as possible while
guaranteeing that the scatter of each class is as small as possible.
Local Fisher discriminant analysis (LFDA) [29-31] is an extended
form of LDA and is also a commonly used method for feature
extraction.

In this paper, a novel criterion for discriminative feature extrac-
tion called balanced multiple weighted linear discriminant analysis
(BMWLDA) is proposed to solve the problem of LDA over-
optimizing the classes that are already well separated. Its basic
ideas are as follows. BMWLDA maximizes the distances between
neighboring classes while minimizing the scatter of neighboring
classes. Thus, the classification result is in a balanced state, that
is, different classes are completely separated. For the between-
class scatter measure, BMWLDA removes the class pairs with large
pairwise distances and then assigns a weight function that is neg-
atively correlated with the pairwise distance for each remaining
class pair. For the within-class scatter measure, BMWLDA removes
classes far from all other classes and then assigns one weight func-
tion that is positively correlated with the scatter of the class to
each remaining class. Therefore, BMWLDA can make a relatively
uniform distribution of class centers and approximately maintain
class separation.

Furthermore, we combines BMWLDA with SOM (BMWLDA-
SOM) to visualize monitoring of industrial operation processes.
BMWLDA is applied to extract the discriminative features from

the original industrial data and maximally separate industrial
operation states in the space spanned by these discriminative
feature vectors. When the discriminative feature vectors are used
as the input to SOM, the training result of SOM can differentiate
industrial operation states clearly. This feature greatly improves
the performance of visual monitoring of these states. We also
combine MMDA, APAC, LDA, LFDA, and MMC with SOM to obtain
MMDA-SOM, APAC-SOM, LDA-SOM, LFDA-SOM, and MMC-SOM.
BMWLDA-SOM is more capable of separating industrial opera-
tion states than LDA-SOM, APAC-SOM, MMC-SOM, MMDA-SOM,
and LFDA-SOM through the simulation studies on Continuous
stirred tank reactor (CSTR). Therefore, the feature extraction per-
formance of WLDA is better than that of LDA, APAC, MMC,
MMDA, and LFDA. CSTR is also applied to verify that
BMWLDA-SOM can effectively perform visual process monitoring
in real time.

The main contributions of the paper are summarized as follows:

(1) BMWLDA is proposed for discriminative feature extraction.
BMWLDA not only solves the problem of LDA over-
optimizing the classes that are already well separated, but
also improves the separation among classes.

(2) The method that combines BMWLDA with SOM can effec-
tively perform visual process monitoring in real time.

2. Self-Organizing Map

SOM is an unsupervised self-organizing algorithm that can
automatically cluster input patterns [32,33]. It can retain the topo-
logical relations of data and project the samples with similar attri-
butes to close locations on the two-dimensional plane. The
architecture of SOM includes one input layer and one output layer.
The neurons between two layers are full connected, and lateral
suppression exists between the output neurons.

Assuming there are g k-dimensional input samples, then ith
sample is X; = [Xi, X2, - -, Xx]", where i=1,2,--- q. The weight
parameter corresponding to the jth output neuron is
w; = [Wj, Wy, - - -,wjk}T. and there are m output neurons. Kohonen
algorithm is a representative learning method of the SOM network.
The main steps are listed as follows [34].

(1) Assign random numbers to the weight vectors of output
neurons. Set iteration time t = 0, and the total number of
iterations is T. Determine the value of learning rate #(0),
where 0 < 7(0) < 1.

(2) Select one input pattern x; = [x;1 (t), Xi2(t), - - ~,Xi/<(t)]T to input
into the input layer.

(3) Calculate the Euclidean distance d; between the jth output
neuron and x; as follows.

> (Xin — Win(t))? (1)

n=1

dj =[x —wj| =

(4) Find the neuron b with the smallest Euclidean distance d;
and then call it the best-matching unit (BMU).

[[%; — wp|| = min {d;} (2)

(5) Update the weights of the BMU and its neighboring neurons
according to the following formula.

w;(t + 1) = w;(t) + n()he j(6)(X — w;(t)) 3)

where #(t) is a learning rate, and it is formulated as
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t
(e = nojexp - ;) @)
where /. is a time constant. hj(t) is formulated as

i dg
he 5(6) = exp ( - m) 5)

where d; is the distance between the output neuron and the
BMU.o(t) is the neighborhood width, and it is formulated as

o(t) = o(0)exp <— ;) (6)

(6) Select the next input pattern to input into the input layer
and then return to step (3). Until all input patterns have
been learned, go to step (7).

(7) Let t=t+1and then return to step (2). Until t = T, the training
process is completed.

3. Balanced Multiple Weighted Linear Discriminant Analysis
3.1. Linear discriminant analysis

Supposing the input data contain c classes, and the number of
input data is N, and each sample contains m variables. The class i

has n; samples. xi represents the jth sample of class i.
The BCSM of LDA is

~ S nz -2z -2 @)
i=1

and the WCSM of LDA is

S.=3 3

—z)(¥ - zl) (8)
i=1 j=1
where z; is the average corresponding to class i, and z represents the
average of N samples.
The target of LDA is to solve the following formula.

T
max M (9)
w W'sS,Ww
Eq. (9) can be solved using Eq. (10).
SpWy = A¢SwW (10)

where /4 is the eigenvalue corresponding to the eigenvector w;.
From the characteristic Eq. (10), the LDA projection matrix Wpa
can be obtained, which consists of the eigenvectors corresponding
to the top c-1 eigenvalues obtained by eigenvalue decomposition
of (Sw)™'S. That is, Wepa = [W), W), - -, W._,].

One drawback of the LDA is that the traditional LDA criterion
overemphasizes the contribution of the classes far from the center
in the between-class scatter measure in multiple classifications,
thereby resulting in overlapping of neighboring classes. Therefore,
we propose a novel criterion BMWLDA to overcome this drawback.

3.2. Balanced multiple weighted linear discriminant analysis algorithm

3.2.1. New BCSM

The new BCSM uses the form proposed by Loog et al. [25], which
is the sum of the covariance matrix of the means of each class pair
as follows:

Sy = ZZ”I”} zi - zj)( '_ZJ)T (11)

i=1 j=i+1

The class pairs with large pairwise distances are already fully
separated. We should focus more on class pairs with small pairwise
distances than the above-mentioned class pairs. We define a critical
distance that is the average of pairwise distances of all class pairs.
When the pairwise distance of the class pair is larger than the crit-
ical distance, this class pair is considered to have the large pairwise
distance. Otherwise, this class pair is considered to have the small
pairwise distance. ¢ kinds of data and c(c — 1)/2 class pairs are
available. The critical distance is expressed as follows:

-1 ¢ (] 2)
c(c 2— 1) X Z (Z, zZj ) (Zi zZj )
i=1 j=i+1

where dj is the pairwise distance of classes i and j. BMWLDA
removes the class pairs with large pairwise distances in the
between-class scatter measure to completely separate the class
pairs with small pairwise distances. Eq. (11) can be further rewrit-
ten as

S = Z Z lininy(z; - ) (2 - 2))'

i=1 j=i+l1

0,if d,“ = dm
i={ 7 ot (13)

1, otherwise

Some pairwise distances of the remaining class pairs are rela-
tively large, whereas others are relatively small. The class pairs
with small pairwise distances may overlap after feature extraction.
An intuitive idea is to assign a weight function w; that is negatively
correlated with the pairwise distance to each remaining class pair.
The final BCSM is formulated as:

c-1 C
S, = Z Z lij‘;vl (dy)nin;(z;

i—1 j=it1

-2)(z-z)' (14)

where w; (dy) is the weight function and is expressed as
- 1 1
wi(dy) = — =

4 (z-2) (z-2)

3.2.2. New WCSM

The edge class is the class far from other classes. The scatter of
this class can be ignored because it does not generally overlap with
other classes. In this work, the class with the distance larger than
dyi from other classes is considered the edge class. BMWLDA
removes edge classes in the within-class scatter measure. The
WCSM is rewritten as

Zf,Zx’ z,( —z,)T (16)

i=1 j=1

where f; is

{7

Some classes have relatively large scatter, whereas others have
relatively small scatter. The scatter of class i is expressed as

s,._w] Z(:d zl) (- z) (18)

The class with small scatter is still closely clustered after feature
extraction. Thus, we should pay considerable attention to the class
with large scatter. BMWLDA assigns one weight function that is

if min {dy} > der, j=1,- -,
otherwise

c and j#i (17)
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positively correlated with the scatter of the class to each remaining
class in the within-class scatter measure. The final WCSM is
expressed as

_ c LI . T

SW = ZfiWZ(S,') Z(x{ — Zi) <x§ — Z,‘> (19)
i=1 j=1

where w,(s;) is the weight function and is expressed as

— , 1 Say L

Wos)=st=—3 (¥-z) ¥-2z) (20)

j=1
The BMWLDA criterion has the same form as the LDA criterion.
The objective of BMWLDA is to solve the following formula.
V'S, v
max ——
v YIS, v

(21)

where v is the projection vector. Let »'S,» = 1, the objective is
transformed into solving the following problem.
max v'S,v
v (22)
st. vS,v=1

According to the Lagrange multiplier method, there is
L(v,0) = ¥'Spv + a(1- 'S, v) (23)

where o is the Lagrange multiplier.
Let OL/0wv = 0, there is
L —2Syv—aS,v)=0

Z - (24)
= Syv=ouS,v

Therefore, the optimal projection vectors are equal to the gener-
alized eigenvectors of the eigenvalue problem:

(EW)ASW =ov (25)

The rank of S, does not exceed c—1, so the number of eigenvec-

— -1_
tors of (SW> Sy does not exceed c—1. Therefore, the eigenvectors

— \—1=
corresponding to the top c—1 eigenvalues of (SW> Sy are used to

construct the projection matrix Vguwipa. The feature vector t; of
the data point x; is expressed as

ti = V-IgMWLDAxi (26)

4. Self-Organizing Map Integrated with Balanced Multiple
Weighted Linear Discriminant Analysis

BMWLDA-SOM includes offline modeling and online monitor-
ing for visual process monitoring. In offline modeling, BMWLDA
extracts the discriminative features from the training data and
maximally separates industrial operation states in the space
spanned by these discriminative feature vectors. Then, the discrim-
inative features are used to train SOM. In online monitoring, the
new features are extracted from the new data collected from the
industrial process by using the projection matrix Vgywipa attained
in offline modeling. The steps of visual process monitoring are
listed as follows:

4.1. Offline modeling

(1) Collect the historical data and then standardize them as
Xtrain-

(2) Calculate the matrices S, and S,, by using Eqgs. (14) and (19).
Subsequently, calculate the projection matrix Vgywipa-

(3) Project Xy onto Vpywipa to get the training features Ty
by using Eq. (26).

(4) Train SOM with Ty, following the algorithm steps in Sec-
tion 2. After training, different classes are divided into their
respective areas, and the trained BMWLDA-SOM can be used
for process monitoring.

4.2. Online monitoring

(1) Obtain the data and then normalize them as the new data
Xnew-

(2) Project X,,ew onto Vgywipa to obtain the new features T by
using Eq. (26).

(3) Send Tpew to the trained SOM. According to the area where
the mapped point falls, we can monitor the operation states
of the industrial process.

5. Experimental Result and Analysis
5.1. Continuous stirred tank reactor

Experimental data generated by simulation on a non-constant
temperature process called CSTR [35-37]. The simple irreversible
exothermic reaction A — B reacts in the reactor. Some of the heat
must be removed by the coolant flowing through the jacket to con-
trol the temperature of the reactor and the composition of the
reaction product. The structure of CSTR is shown in Fig. 1, and
Table 1 shows the physical meaning of each variable in Fig. 1.

The following assumptions must be made when creating the
CSTR model.

(1) Keep the total volume of the material before and after the
reaction in the reactor constant.

(2) Keep the materials in the reactor evenly mixed.

(3) Retain the parameter values throughout the reaction.

Under the above-mentioned assumptions, a mathematical
model based on the law of conservation of energy is established
as follows [35].

dCa _ —E/(RT) QrCar — QCa

dar - —koe Ca+ A (27)

dar koe E/RNCo(—~AH) QpTf — QT UA((Tc —T)

- oG, YT AR T pcAn (28)

dTc _ Qc(Ter —Tc) | UA(Tc —T) 29)

dt Vc chpCVC

dh _Qr-Q

dc~ A (30)
CAF ’QF ’TF —

Qorler

Fig. 1. Structure of CSTR.
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Table 1 Table 3
Variable description. Eight kinds of fault description.
Variable Description Variable Description Fault no. Fault description Fault value
Car Feed concentration Qr Feed flow 1 UA. slow drift 6 J-min "K'
Tk Feed temperature Qc Coolant flow 2 QF step change 4L
Tcr Coolant inlet temperature Tc Coolant outlet 3 Tcr slow drift 0.01 K-min~!
temperature 4 E/R slow drift 0.1 K-min™!
Ca Component A concentration in ~ Q Component A Outlet 5 Car slow drift 1.2 x 107* mol-L~*-min !
the reactor flow 6 T measurement slow drift 0.4 K-min~!
T Temperature in the reactor h Liquid height 7 T setpoint step change 2K
8 Tr slow drift 0.015 K-min "

The meaning of parameters of the CSTR model is as follows:k
represents the reaction rate constant, E/R represents the activation
energy coefficient, S represents the bottom area of the reactor; AH
represents the reaction heat, p represents the reactant density, UA,
represents the heat transfer coefficient, C, represents the reactant
specific heat, C,c represents the specific heat of coolant, and V¢
represents the volume of coolant. In the CSTR process, the 10 vari-
ables Ca, T, Tc, h, Qf, Q, Car, Q¢, Tr, and T are selected as monitor-
ing variables. The steady operation conditions are listed in Table 2.
Table 3 shows eight faults, including step and slow drift faults. The
sampling interval is 0.01 min, and 600 samples are collected. The
fault is introduced from the 301st sample.

5.2. Fault diagnosis based on SOM

First, we use training data to explore the ability of SOM to sep-
arate different operation states. Then, we use test data to test its
fault diagnosis ability. 300 training and 300 test samples are
selected for each state generated from the CSTR process.

5.2.1. Research on normal state and fault 1

The SOM network is trained using the training data of normal
state and fault 1. The training result is shown in Fig. 2(a). On the
output map, “N” indicates the label of the training sample of the
normal state, “F1” indicates the label of the training sample of fault
1, and the number in the parentheses indicates the number of
training samples mapped into the corresponding grid. In addition,
different colors represent different kinds of data. The larger the
color shape in the grid, the more samples are mapped into the grid.
For example, “F1(5)” indicates that five training samples of fault 1
are mapped into the grid. The red represents the normal state, and
the yellow represents fault 1. Fig. 2(a) shows that the two kinds of
data are divided into two areas with clear boundaries. The SOM
network has the capability of fault diagnosis when it is completely
trained. Then, the performance of fault diagnosis of the trained
SOM is tested. The test result is shown in Fig. 2(b). Two kinds of
test data are mapped onto the correct area, and no sample is
divided into the wrong class. The accuracy of fault diagnosis is
100%.

Table 2
Steady operation conditions of CSTR.

Variable Standard value Variable Standard value
Q 100 L-min ™" A 0.1666 m?

Qc 15 L'min"" ko 7.2x10min '
T 320K AH —5 x 10* J-mol !
Tcr 300 K pCp 239 J.LTK!

T 402.35 K pcCoc 4175 JL 1K !
Car 1.0 mol.L! UA. 5 J-min 1K'

Tc 34544 K E/R 8750 K

Ca 0.037 mol-L™! Ve 10L

h 0.6 m Qr 100 L-min ™"

5.2.2. Research on normal state and faults 1 and 2

Normal state and faults 1 and 2 are selected for further explor-
ing the fault diagnosis capability of SOM. Fig. 3 shows that fault 1 is
divided into its own area and can be completely separated from
other states, whereas the normal state and fault 2 are mixed
together. Therefore, we use BMWLDA to extract the discriminative
features from the original data for fully separating different states,
and then SOM is applied to visualize these features. This method is
expected to separate different states on the output plane, and
BMWLDA-SOM is researched next for fault diagnosis.

5.3. Fault diagnosis based on BMWLDA-SOM

5.3.1. Research on normal state and faults 1 and 2

Normal state and faults 1 and 2 are still selected to evaluate
BMWLDA-SOM. BMWLDA is used to extract the discriminative fea-
tures, and then these features are send to train SOM. The training
result is shown in Fig. 4(a). The three kinds of data are clustered
into three different areas with clear boundaries. The test result is
shown in Fig. 4(b). No sample is mapped into the wrong classes,
and the accuracy of fault diagnosis is 100%. In BMWLDA-SOM,
BMWLDA can extract the discriminative features that improve
the separation between classes. Therefore, the fault diagnosis capa-
bility of BMWLDA-SOM is better than that of SOM.

5.3.2. Research on normal state and faults 1, 2, 3,4, 5, 6, 7, and 8

Normal state and faults 1, 2, 3, 4, 5, 6, 7, and 8 are selected for
further exploring the fault diagnosis capability of BMWLDA-SOM.
The training result is shown in Fig. 5(a). The nine classes are
divided into nine different areas. The test result is shown in
Fig. 5(b). The normal state has three samples that are mapped into
fault 1, and its accuracy is 99%. The accuracy of other classes is
100%. Although the number of fault classes has increased,
BMWLDA-SOM still has a high accuracy of fault diagnosis. The
experiment proves that the fault diagnosis performance of
BMWLDA-SOM is effective.

5.4. Comparison of LDA, APAC, MMC, MMDA, LFDA, and BMWLDA for
class separation

APAC, MMDA, MMC, and LFDA are improved feature extraction
methods based on LDA. Since SOM can project the data into low-
dimensional space and maintain the topological structure and den-
sity distribution of the input data, SOM is used to visualize the
class separation performance based on different feature extraction
methods. Similar to BMWLDA-SOM, we combine LDA, APAC, MMC,
MMDA, and LFDA with SOM to obtain LDA-SOM, APAC-SOM, MMC-
SOM, MMDA-SOM, and LFDA-SOM. Normal state and faults 1, 2, 3,
4,5,6,7,and 8 are selected to evaluate the six methods. The results
based on the six methods are shown in Fig. 6(a)—(f).

Here, an overlap rate is used to evaluate the performance of
visual results based on different methods. The overlap rate of each
class is equal to the sample amount in the class that overlaps with
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(a)Training result

Fig. 2. Results for normal state

Fig. 3. Training result for normal state and faults 1 and 2 based on SOM.

samples of other classes divided by the total sample amount of the
class. Furthermore, the average overlap rate is equal to the average
of the overlap rates of all classes. The overlap rate for each method
is listed in Table 4.

Faults 2 and 6 are quite different from normal state, and they
are edge classes. The traditional LDA criterion overemphasizes
the contribution of the classes far from the center in the
between-class scatter measure, which easily leads to overlapping
of neighboring classes. When LDA is used for feature extraction,
normal state, faults 3, 4, and 8 are mixed together. APAC gives each
class pair a weighting function in the between-class scatter mea-
sure. In APAC, if the Mahalanobis distance of the class pair is large,
then the weight will be small. When APAC is used for feature
extraction, fault 3 and normal state overlap significantly, but other
states are nearly separated without overlapping. MMDA maxi-

a6
(S

(8

Og¥

(b) Test result

and fault 1 based on SOM.

mizes the minimum pairwise distance of all class pairs. When
MMDA is used for feature extraction, normal state and faults 3
and 8 have a large overlap, whereas other states are nearly com-
pletely separated. MMC changes the objective function of tradi-
tional LDA to tr(Sp, — Sw). Its training result is much better than
that of LDA, and only normal state and fault 3 have a large overlap,
whereas other states are nearly completely separated. When LFDA
is used for feature extraction, the training result is also much better
than that of LDA, and only normal state and fault 1 have a large
overlap, whereas other states are nearly completely separated.

BMWLDA maximizes the distances between neighboring
classes while minimizing the scatter of neighboring classes Thus,
the classification result is in a balanced state, that is, different
classes are fully separated. In the between-class scatter measure,
BMWLDA removes the class pairs with large pairwise distances
and then assigns a weight function that is negatively correlated
with the pairwise distance for each remaining class pair. In the
within-class scatter measure, BMWLDA removes classes far from
all other classes and then assigns one weight function that is pos-
itively correlated with the scatter of the class to each remaining
class. When BMWLDA is used for feature extraction, the nine
classes are completely separated, and only a few samples overlap.
The experiment shows that the class separation performance of
BMWLDA is better than that of LDA, APAC, MMDA, MMC, and LFDA
in multiple classifications. Therefore, BMWLDA-SOM is more suit-
able for fault diagnosis than LDA-SOM, APAC-SOM, MMDA-SOM,
MMC-SOM, and LFDA-SOM.

5.5. Online monitoring based on BMWLDA-SOM

BMWLDA-SOM have the capacity to separate operation states of
the industrial process with relatively clear boundaries according to
the experiments above. This excellent visual result can greatly
improve the accuracy and intuitiveness of process monitoring.
When the industrial data are continuously fed into the trained
BMWLDA-SOM, their mapped points are connected into a trajec-
tory, and we can monitor the operation state of the industrial pro-
cess according to the direction of the trajectory. We select the
normal state and faults 2 and 3 for simulation. The entire process
lasts 3 min. The data in the first 1 min are fault-free. Fault 2 is
introduced after 1 min, and fault 3 is introduced after 2 min. The
trajectory of monitoring is shown in Fig. 7. Fig. 7(a) shows that,
in the first 1 min, the trajectory has been in the area of normal
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(a) Training result

(b) Test result

Fig. 4. Results for normal state and faults 1 and 2 based on BMWLDA-SOM.

(a)Training result

(b) Test result

Fig. 5. Results of BMWLDA-SOM for fault diagnosis.

state. As time processes, the trajectory moves to the areas of faults
2 and 3 [see Fig. 7(b)]. According to this trajectory, we can intu-
itively and effectively monitor industrial operation states. Further-
more, Table 5 lists the fault detection rate (FDR) of each class for
different methods. The FDR of each class is equal to the number
of correctly detected samples in the class divided by the total num-
ber of samples in the class. In particular, the FDR of the normal
state refers to its classification accuracy. PCA and kernel PCA
(KPCA) are the traditional methods, and they use Hotelling’s T?
statistic and 99% confidence level for process monitoring. It can
be seen that the FDRs of most classes are higher in BMWLDA-
SOM than in other methods. The bold numbers in each row in
Table 5 indicate the highest FDR for this class. The average FDR
of BMWLDA-SOM is higher than those of other methods, and the

average FDRs of PCA and KPCA are lower than those of other
methods.

6. Conclusions

The traditional LDA criterion overemphasizes the contribution
of the classes far from the center in the between-class scatter mea-
sure, thereby resulting in overlapping of neighboring classes. In
this paper, BMWLDA is proposed to overcome the shortcomings
of traditional LDA mentioned. Furthermore, BMWLDA-SOM is pro-
posed to visualize monitoring of industrial operation process. CSTR
is used to verify that the class separation performance of BMWLDA
is better than that of LDA, APAC, MMC, MMDA, and LFDA. CSTR is
also applied to illustrate that BMWLDA-SOM can effectively per-
form visual process monitoring in real time. However, there are
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can not separate some complex faults well. The future work will
extend BMWLDA to a non-linear version to improve the perfor-

mance of process monitoring.

Fig. 6. Visual results of different methods.

complex nonlinear relationships among variables in the industrial

process. BMWLDA is essentially a linear method and can not
extract the nonlinear information in the industrial process, so it
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Table 4

Comparison of overlap rates of different methods with that of BMWLDA-SOM
Fault No. LDA-SOM APAC-SOM MMC-SOM MMDA-SOM LFDA-SOM BMWLDA-SOM
Normal 0.886 1 0.567 0.886 0.607 0.005
Fault 1 0 0 0 0 0.278 0.020
Fault 2 0 0 0 0 0 0
Fault 3 0.965 0.637 0.463 0.8756 0 0
Fault 4 1 0.244 0.020 0 0.045 0
Fault 5 0 0 0 0 0.035 0
Fault 6 0 0 0 0 0 0
Fault 7 0 0 0 0 0 1]
Fault 8 0.587 0.0647 0.025 0.338 0 0
Average 0.382 0.216 0.119 0.233 0.107 0.003
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Fig. 7. Trajectory of monitoring based on BMWLDA-SOM.

Table 5

Comparison of FDRs of different methods with that of BMWLDA-SOM
Fault No. LDA-SOM APAC-SOM MMC-SOM MMDA-SOM LFDA-SOM BMWLDA-SOM PCA KPCA
Normal 0.4367 0.4433 0.4967 0.4633 0.5233 0.9533 0.3567 0.4267
Fault 1 0.9867 0.9900 0.7467 0.9900 0.7633 0.9567 0.6133 0.7467
Fault 2 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.9267 0.9600
Fault 3 0.4400 0.4067 0.6733 0.4633 0.9733 0.9800 0.4733 0.5033
Fault 4 0.60333 0.8633 0.9233 0.9700 0.9300 0.9767 0.5867 0.6033
Fault 5 1.0000 1.0000 1.0000 1.0000 1.0000 0.9933 0.9567 0.9633
Fault 6 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Fault 7 1.0000 1.0000 1.0000 1.0000 0.9933 1.0000 0.9833 0.9867
Fault 8 0.6267 0.8933 0.8967 0.5633 0.9233 0.9933 0.6333 0.6433
Average 0.7874 0.8441 0.8596 0.8252 0.9007 0.9837 0.7256 0.7559
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