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the weakness and verify the resilience and reliability of the process, but also provide some suggestions to im-
prove the process benefits and efficiency. Nevertheless, the performance assessment principally concentrates
upon some parts of the entire system at present, for example the controller assessment. Although some re-
searches focus on the whole process, they aim at discovering the relationships between profit, society, policies
and so forth, instead of relations between overall performance and some manipulated variables, that is, the
total plant performance. According to the big data of different performance statuses, this paper proposes a hier-
archical framework to select some structured logic rules from monitored variables to estimate the current state of
the process. The variables related to safety and profits are regarded as key factors to performance evaluation. To
better monitor the process state and observe the performance variation trend of the process, a classification-
visualization method based on kernel principal component analysis (KPCA) and self-organizing map (SOM) is
established. The dimensions of big data produced by the process are first reduced by KPCA and then the proc-
essed data will be mapped into a two-dimensional grid chart by SOM to evaluate the performance status. The
monitoring method is applied to the Tennessee Eastman process. Monitoring results indicate that off-line and
on-line performance status can be well detected in a two-dimensional diagram.
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1. Introduction

The performance evaluation has many advantages to the process in-
dustry, for example, assessing the ability of a system, identifying the
weakness, adjusting and optimizing, and verifying the resilience and re-
liability of the process. It has become a significant issue to seek out the
appropriate method to assess the process performance accurately.

At present, much research has been conducted on the performance
assessment of the process industry, most of which are concentrated
on two aspects: one on the evaluation of factory management and the
other on the assessment of controllers. Studies on factory management
are mainly focused on improving the sustainability of factories [1-4]. In
these articles, a performance index is first proposed, and some factors
related to the performance index are listed; the sub-factors of the re-
lated factors are listed step by step, namely, the famous analytical hier-
archy process (AHP) [5]. For example, RK Singh et al. [6] presented a
methodology for developing a composite sustainability performance
index (CSPI), which considered economy, environment, society,
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governance, and technology as indexes to assess the sustainable perfor-
mance of steel industries. The proposed index is typically used to com-
pare the performance among different companies [7, 8] and provide
some efficient information to decision makers. Several articles on the
performance assessment of controllers also exist [9-12]. They use differ-
ent methods to improve the performance of controllers, which will
enhance the performance of systems at the same time. For instance, F
Xu et al. [13] evaluated the MPC economic performance by solving ben-
efit potentials through either variability reduction of quality output var-
iables or tuning of constraints. NA And et al. [14,15] assessed the MPC
performance by considering economic performance, variability reduc-
tion, and their relationships based on constraint tuning. Few studies
are concerned on the total plant performance of the process.

During the course of operation, many unexpected variable variations
may occur, such as the variations of feed composition, temperature,
pressure, and product quality. Some of these variable variations do not
have much impact on the process, whereas others may have a signifi-
cant impact on the process. Therefore, determining whether these var-
iable variations are noteworthy, that is, finding the suitable structured
logic rules from data of variable variation that play pivotal roles in the
total plant performance, is important.

The structured logic rules based on big data should be determined
initially to evaluate the total plant performance of the process. The
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main purpose of a process industry is to obtain the benefits; thus, the in-
terest of the factory is a good criterion to evaluate the current operating
status. In addition, safety is a worth considering criterion to guarantee
normal production. Therefore, the monitored variables related to profit
and safety can be regarded as the logic rules to assess the total plant per-
formance of the process.

The paper is organized as follows. In Section 2, the hierarchy frame-
work of performance assessment is provided and the method is used in
TE process. The algorithm of KPCA-SOM and the entire flow of the on-
line monitoring of the process are introduced in Section 3, followed by
the experimental results in Section 4. Conclusion and discussion are
provided in Section 5.

2. Hierarchy Framework for Performance Assessment
2.1. Establishment of hierarchy framework

This paper proposes a hierarchy framework to choose the perfor-
mance indexes of the process industry based on the history data and
the operation requirement, which is shown in Fig. 1. Three criteria de-
termine the current performance of a process, namely, hard safety in-
dexes, soft safety indexes, and profit indexes. Influence factors
indicate the factors related to the three criteria. Influence factors and
three criteria constitute the entire logic rules of the process. Hard safety
indexes are factors that may lead to serious failures or even shut down
and represent several indexes that the process must satisfy. The influ-
ence factors of hard safety indexes are referred to as constraints in this
paper. Generally, the process that has grave accident will be regarded
as a poor case if the process data exceed the boundary of constraints.
If needed, the poor case may be classified into poor case 1, 2, ...,k;. k;
is less than or equal to the number of constraints. Soft safety indexes
represent several indexes that have limited effects on the process;
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sometimes, these effects can recover automatically. The influence fac-
tors of soft safety indexes are expressed as conditions herein. If the pro-
cess data belong to the range of conditions, which means that the
process has a small fault, it is deemed to be less poor and also can be di-
vided into less poor case 1, 2, ..., k. Similarly, k, is less than or equal to
the number of conditions. The constraints and conditions are deter-
mined according to the actual process. The entire productive process
is safe if the hard and soft safety indexes are within normal range.
Therefore, the profit of the whole process can be used as another judg-
ing criterion. Many factors are concerned with profit, such as raw mate-
rial costs, operating costs (electric charge, water rate, material wastage,
etc.), and product profits. For reason that when the process produces
pollutant, some actions should be taken to reduce pollution which will
also cause the increase of costs, environment factor is considered as a
part of profit as well. As long as the factor generates costs, it will be
taken into account in the profit index. Hence, the profit of the process
is a summation function, and it is divided into several cases 1, 2, ..., k3
on the basis of the historical data of profit values in diverse operating
conditions. k; 4+ k, + k3 = N. Therefore, there are now N cases.

The realization process of the proposed hierarchy framework
method for performance evaluation is described in detail in
Section 2.2 based on TE process.

2.2. Establishment of hierarchy framework in TE process

2.2.1. Description of TE process

The TE process based on an actual industrial process was provided
by J.J. Downs and E. F. Vogel [16], which has been used in many different
fields, such as fault diagnosis and monitoring [17,18] and optimization
[19,20]. In this paper, the TE process is used for performance assessment
in accordance with the method proposed above.
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Fig. 1. Hierarchy framework for performance assessment.
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The TE process has a total of eight components: A, B, C, D, E, F, G, and
H. A, C D, and E are reactants, and G and H are products. B is an inert and
F is a byproduct. The reactions are as follows:

A(g) + C(g) + D(g) — G(lig), Product 1
A(g) + C(g) + E(g) - H(liq), Product 2

A(g) + E(g) — F(liq), Byproduct
3D(g) — 2F(liq), Byproduct

The process has five operation units, namely, the reactor, product
condenser, vapor-liquid separator, recycle compressor, and product
stripper shown in Fig. 1 of paper [16].

The TE process has 12 manipulated variables and 41 measurements.
There are five hard safety indexes in the process: reactor pressure, reac-
tor level, reactor temperature, product separator level, and stripper base
level (see Table 1). The soft safety indexes of the process are the
flowrate changes of product, composition variability of G, and flow var-
iability of streams 1, 2, and 4 (see Table 2). Tables 1 and 2 refer to the
paper ‘A Plant-wide Industrial process control problem’ written by
Downs and E. F. Vogel [16]. The operating costs of the process [21] is

¢1(t) = 0.0536y,(t) + 0.0318y14(t)
+0.44791y,(6)[2.209y50(t) + 6.177y3,(£)

+22.06y3;(t) + 14.56y33(t) + 17.89y34(t) 1)
+ 30.44y55(t) 4+ 22.94y35(t)]
+4.541x46(t)[0.2206y3;(t) + 0.1456y45(t)
+0.1789y34(8)]
Table 1
Hard safety indexes
Process variable Normal operating limits Shut down limits
Low limit High limit Low limit High limit
Reactor pressure None 2895 kPa None 3000 kPa
Reactor level 50% 100% 2m? 24m?
(11.8m?)  (213m%)
Reactor temperature None 150 °C None 175°C
Product separator level ~ 30% 100% 1m3 12m’
(33m?) (9.0 m3)
Stripper base level 30% 100% 1m3 8m’
(3.5m?) (6.6 m?)

Table 2
Soft safety indexes

where c;(t) isin USD - h~ 1. The term 4.541x46(t) in Eq. (1) is the product
rate in kmol - h™ . y;(t) is the process measurements. The profit function
of the process is

profit(t) = pg(t) + pu(t)—c1 (t) —c2(t) )

where pg(t) is the profit of product G, py(t) is the profit of product H,
and c,(t) is the cost of raw materials. Given that the sale prices of G
and H are not given in the paper [16], it is supposed that their sale prices
are the twice of the costs. Because the paper [16] does not discuss the
effects of byproduct, exhaust gases, separate costs of G and H etc,,
these costs are ignored. The specific computational process is shown
in Appendix. The profit function can be adjusted according to actual
working conditions.

2.2.2. Selections of judgment conditions

Simulink built by N.L. Richer [22] is adopted in this process. The data
of the TE process can be obtained by altering the 12 manipulated vari-
ables and the sampling time by this Simulink. In each hour, 100 samples
with 53 dimensions (12 manipulated variables and 41 measurements)
are collected. To acquire the data of different statuses, alter one manip-
ulated variable while keeping other manipulated variables the same as
the base case. Since the regulation of one manipulated variable will af-
fect other manipulated variables and 41 measurements, the perfor-
mance statuses are unknown before the analysis of the data. The
sampling time of each status is 48 h and each manipulated variable is
changed four times. Thus, 48 sets of 4800 x 53 data are obtained.
From these sets of data, it can be easily found that when any constraint
exceeds the boundary, the process will be shut down, which means that
a serious fault occurred. For simplicity, we only choose one poor case
here, which means that when the process is in poor case, there are
five possibilities (see Table 1). The production variability of flowrate
changes and composition variability have limited impact on the process,
and their effectiveness will decrease with time even when they are
out of the range (see Table 2). Also, composition variability of five
possibilities is chosen. When the hard and soft safety indexes are in
the specified range, which means that the process is under normal
operating condition, the profit of the process can be concerned. Solving
Eq. (5) according to 48 sets of data, 7 levels of profits are chosen and
the range of 7 classes is listed in Table 3. The profit range is not of
equal distance because the profits of most statuses are in the range
of 5100-5200 USD-h~!. The composition variability of G more
than +5mol% in the range 6-10 h~! is defined as case 8, whereas
flowrate change of more than + 5% in the range 8-16 h™ ! is case 9.
The data exceed the boundaries of constraints, namely, poor case, is
regarded as case 10. The 10 cases are now chosen from the 48 sets of
data. On the basis of 10 cases, 10 sets of data are elected as training data.

Production Flowrate changes  Less than + 5% in the range 8-16 h™!
variability Composition Less than 4+ 5mol% G in the range 6-10
variability h™! I . o e s
Feed flow Stream 1 Minimize flow variability in the range 3. The Description of KPCA-SOM Algorithm and Application in
variability 8-16 h—! Performance Assessment
Stream 2 Minimize flow variability in the range
8-16 hf‘ o This section briefly reviews KPCA and SOM algorithm and describes
Stream 4 ]]Vlz'”é‘g'lff flow variability in the range the combination of KPCA-SOM method with the hierarchy framework
for performance assessment.
Table 3
Classes of TE process
Case Case Case Case Case Case Case
1 2 3 4 5 6 7
Profit/USD - h~! >5200 5150-5200 5100-5150 5000-5100 4900-5000 4700-4900 <4700
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3.1. KPCA

The PCA [23, 24] is a typical way of feature extraction and dimension
reduction. However, PCA can only deal with linearly correlated data.
KPCA [25, 26] is a non-linear expansion algorithm of linear PCA, which
uses a nonlinear method to extract the principal components, that is,
KPCA maps the original vector to the high-dimensional space F and per-
forms PCA analysis in space F. Many papers combine KPCA with other
algorithms, such as SVD [27], LDA [28], and SVM [29], to improve its
performance.

The input matrix is X = [X1,X2,"-,&,] € R" * ™ and the corresponding
mapping from data space to feature space is d(-), which is defined as

& R" - Fh
X &~ d(x) ?

where ®(x;) meet the conditions of centralization:

> db(x) =0 @

i=1

(a) U-matrix diagram

The covariance matrix is then
CF = 1S ) 5)
- n 1 1
i-1

Solving the following eigenvalue decomposition problem:

v =Cfy

- (;Zcb(xwx,-f)v = 13 (), V()
i=1

i=1

where 1 is the eigenvalues satisfying A > 0; v is the eigenvectors
satisfying v € F\{0} and (-) denotes the inner product. Considering
that all solutions v with . # 0 can be expressed as the span of d(x1),
d(xy), ..., P(xy), that is

(b) Mapping diagram

Fig. 2. Training diagrams of SOM.
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Fig. 3. Test diagrams of case 1.

By combining Egs. (5), (6), and (7), the equation can be rewritten as

LYy ai{d(x;), D(xy))
i=1

non 8)
= %Z D aj(d(x)), () (P(x;), D(xy))
im1 j=1
Defining kernel matrix I;; € R" * " as
Kj = (®(x), ®(x;)) 9)

There are three kinds of kernel matrix, namely, Gaussian, polyno-
mial, and sigmoid kernels. In this paper, the Gaussian kernel is adopted.
Thus,

_ —lx=YI*\ cgren
K(x,y) = exp( 252 €R (10)
where [|x — y||? is the Euclidean distance matrix between (X,X) and ois
constant. The matrix K must be normalized with
K~K—I,K—KI, + I,KI, (11)
1 - 1
whereI, =1|: -~ : |€R™". Hence, Eq. (8) can be simplified as

1 1
n\Ka = K?a, that is,

ma=Ka a=o, o, o) (12)

Solving Eq. (12) can derive the eigenvalues and eigenvectors. The
kernel principal components (PCs) are selected according to .. PCs
with large A should be placed into PC space, whereas PCs with small 1
should be placed into residual space. The jth PC is calculated as follows:

;= (W, 00) = Y (@) (@), (), 3)
j=12.-k

where k is the number of PCs. Compute the k largest eigenvectors of K;
pick up the corresponding eigenvector matrix [t1,to, -+, t]; and set the
global coordinates as T = [t;, L, ", ti).

After the above-mentioned algorithm, we can obtain a matrix
T € R" * ¥, However, for each new example, relearning is necessary
to obtain its low-dimensional embedding. To solve this problem, the
base mapping matrix is defined as

MAP = X" x T (14)

With the base mapping matrix, the input matrix is mapped into a
low dimensional space through Eq. (15).

X' = X x MAP (15)

3.2. SOM

SOM is an unsupervised neural network proposed by Kohonen in
1989 [30], which is capable of projecting high-dimensional input data
to a two-dimensional grid in such a way that input data close to each
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other will be mapped to nearby neurons on the output map, which can
preserve the topological structure. Therefore, the SOM can serve as a vi-
sualization tool. The SOM is used to reduce the dimensionality of the
data and to effectively visualize multistate and transient operations in
the literature [31, 32].

The SOM has only two layers: the input layer and the output layer.
The input layer is a dataset X’ € R" * K &/ =[x, x5, xi#](i = 1,2,,n),
where n and k are the number and the dimension of input samples.
The output layer is a set of ordered neurons, which are usually arranged
in hexagonal or rectangular lattices. A hexagonal lattice is generally pre-
ferred because it provides better visualization. The connection between
input and output layers is established via weight vector, which has the
same dimension of the input vector. Hence,

wj = [wjr,wp, - wy]  j=1,2,-,] (16)

where J is the number of neurons in the output layer. Since the number
of the map neurons (J) has influence on the accuracy and generalization
capability of the SOM, it should be specified according to [33]

J=5vn (17)

where n is the sample size.

382

191

5.03e-05

(a) U-matrix diagram

To determine the activation degree of the neurons, some distance
measures (usually Euclidean distance) are used to compare the input
vectors to the weight vectors of the output neurons. The neuron with
the smallest difference in reference vector will be chosen as the best
matching unit (BMU), and the selection function is defined as

b; = arg 'min Xi—w;

: (18)
i=1,2,-,n,j=1,2,]

When the winning neuron b; is selected, the weight vector of the
winning neuron will be updated slightly to bring it closer to the input
vector. The weight vectors of the neighborhood neurons will also be up-
dated, but the variations are smaller. The update function of weight vec-
tor is given below:

wi(t+1) = wj(t) + () hy (O)1X'i(6) —w;(O)]]

j:]72,...7] (19)

where «oft) is the learning rate parameter and hy;(t) is the neighborhood
function.

(b) Mapping diagram

Fig. 4. Training diagrams of PCA-SOM (PCs 4).
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Generally, the neighborhood function hy;(t) is a Gaussian function.
Let the location of the jth neuron on the output map be r; € R* and ry,
is the position of the winning neuron, then

hyi(t) = exp (— ”;%(1;;”) (20)

where o(t) represents the neighborhood width of the neurons. To
achieve convergence, o(t) and «(t) are normally assigned a large
value and then gradually decrease with t. When t — o, o(t) — 0 and
o(t) approaches a small value (typically 1).

3.3. Performance assessment based on KPCA-SOM algorithm

Huge amount of data will be produced because the process industry
has a large number of variables, and the data are updated in real-time.
Therefore, it is a big problem to obtain the data needed and to achieve
real-time evaluation of chemical process performance. This paper pre-
sents a method based on KPCA-SOM to visualize real-time changes of
chemical process performance. The algorithm is divided into two
parts, namely, data training and data testing.

U-matrix

363

0.000932

(a) U-matrix diagram

3.3.1. Data training

In the process of data training, the KPCA algorithm is used to extract
the features of different performance data. Suppose there are N
performance statuses, X, X5, -+, Xy, where X; € R" * ™, using the KPCA
algorithm to reduce the dimensionality of the data and the data will
be turned into Xj, X3, -+, X§, where X; € R" * . The processed data Xj,
X5, -+, Xf;are used as the input data of SOM algorithm. Using Eq. (17)
to obtain the number of neurons in output layer and adjusting the
weight vector w by Egs. (16), (18) and (19). Then mapping the input
data into neurons and labeling them according to the categories. A
two-dimensional grid chart is acquired to divide training data.

3.3.2. Data testing

After obtaining the well-trained mapping diagram of different data,
we need to extract the information of the training data to recognize
the current operation status. In the training process, NMAP derived
from Eq. (14) have been achieved through KPCA algorithm for feature
extraction. First, we need to determine what kind do the test data be-
long to, that is, the data classification, and then multiply the correspond-
ing matrix.

In the classification process, the base case is introduced as a
reference value. The data of base case Xp.se is imported, and its mean

Labels

(b) Mapping diagram

Fig. 7. Training diagrams of LTSA-SOM (PCs 4).
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value Xy, is computed. Similarly, for the training samples, the
mean value X1, X5, ---, Xy is computed. The test data X is deducted

from X;, i=1,2, -, N, the difference is divided by Xj,,s.. The absolute
value X; is then obtained.

X? = abs((xtest_)?i)/xbase)a i=1,2-N (21)

where X; € R' * ™, In this way, the difference of data based on Xpase can
be calculated and, to some extent, the impact of different measurement
units of data in the chemical process is reduced. The data classification
index S is defined as follows:

S; :i(x,.*j)z, i=1,2,-N (22)

where xj; is an element of X;, j = 1, 2, -+, m. If the test data belong to a
certain category of train data, then the S index it corresponds to will
be relatively small compared with other categories. Assuming that
Smin is the minimum value of the S index and S, is the second small
Sindex, if

SZ min >10 (23)
min

then from Eq. (15), we can get Xest = Xtest X MAP i, and map the Xes

into SOM diagram like data training process. MAP,;, is the mapping

matrix corresponding to Syyin. If

S2min 19 (24)

Smin

U-matrix

1.68

(a) U-matrix diagram

then the test data do not belong to a certain category of train data, and
other performance indexes provided in Section 2 need to be introduced
to judge the performance of the chemical process. Hence, the entire flow
of the training process is given below:

a. If the test data come from the training data, namely,
% >10, the test data belong to the training data

with Sinin, else

b. If the test data are beyond the range of constraints, it
belongs to case 10, else

c. If the flowrate change of test data is beyond + 5%

in the range 8-16 h ™, it belongs to case 9, else

d. If composition variability of G is beyond + 5mol%

in the range 8-16 h~ ", it belongs to case 8, else

e. Judge the profit range of the test data, end.

The results of Simulink are shown in Section 4.

4. Experimental Results and Analysis

In this section, the proposed performance assessment method based
on KPCA-SOM will be applied to the TE process. To demonstrate the ad-
vantages of the KPCA-SOM method, SOM, PCA-SOM, and LTSA-SOM
methods are used as comparisons.
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Fig. 8. Training diagrams of LTSA-SOM (PCs 4).
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4.1. Defect of simple SOM

To examine the capability of the proposed method, the test data are
selected in two ways. First, we choose the data from the same sets of the
training data as the test data (way 1). In addition, given that several dif-
ferent statuses may be encountered in the process, it is necessary to test
the performance of some unknown statuses (way 2). Hence, some data
with different profits are chosen as the test data for case 1 to case 7. The
out of regulated range data are constraints, and the variability of
flowrate and G exceeding 5% in set time are of concern.

The SOM results are displayed. Fig. 2 shows the training result of the
SOM. The U-matrix represents the average distance between the weight
vector of a neuron and the weight vector of its neighboring neurons.
SOMs are visualized through different colors. Typically, dark colors rep-
resent small distances and light colors represent larger distances. Areas
with low values in the U-matrix form clusters, whereas high values of
the U-matrix represent cluster boundaries. Thus, a dark region on the
U-matrix can be regarded as a cluster with an optical boundary. The
mapping diagram corresponds with the U-matrix, and C1-C10 repre-
sent cases 1 to case 10. Numbers in parentheses indicate the amount
of training data mapped to the neuron. As shown in Fig. 2, the bound-
aries of 10 sets of training data in the U-matrix are distinctly differenti-
ated. We can obtain a well-trained diagram of 10 sets of data based on
SOM algorithm. Fig. 3 shows the test diagram of case 1. Fig. 3
(a) shows the test data selected in way 1. Given that the test data of
way 1 comes from the same data set of training data, we can obtain a
well-tested diagram for these test data, such as Fig. 3(a). However, the

0.000214

(a) U-matrix diagram

test data of way 2 cannot obtain a good test diagram using a simple
SOM method. In the training section, the profit of the training data for
case 1is 5235 USD-h™ !, and in the test section, the profit of test data
is 5217 USD-h~ !, which belongs to the range of profit >5200. However,
in Fig. 3(b), the test data of case 1 surround the training region of case 2
instead of mapping it into the region of case 1. From the mapping results
of simple SOM, it can be concluded that the SOM method is capable of
obtaining good training diagram and monitoring known statuses but
cannot achieve good results of unknown statuses.

4.2. Some existing methods combined with SOM

Considering the disadvantages of SOM, the PCA-SOM is first used to
improve the performance of simple SOM. The number of principal com-
ponents is four. However, as shown in Fig. 4, the training results of PCA-
SOM appear to be not good enough. The change of the number of prin-
cipal components to 10 and the training results are shown in Fig. 5. On
the basis of the training diagrams, the test data of case 1 selected in way
2 are tested, as shown in Fig. 6. It can be assumed that it is correctly
mapped because the test data of case 1 are mapped into the region of
case 1. On the contrary, when the rate of contribution is 99% of PCA al-
gorithm, the number of principal components is 4, whereas there is no
reason to select number 10.

Tian [34] used LTSA-SOM to diagnose the faults of p-xylene oxida-
tion process and proved it is superior to PCA-SOM. Local tangent
space alignment (LTSA) was proposed by Zhang and Zha [35]. LTSA is
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Fig. 9. Training diagrams of KPCA-SOM.
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(b) Case 2

(a) Case 1

Fig. 10. Test diagrams of test data in way 1 (KPCA-SOM).
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Fig. 11. Test diagrams of test data in way 2 (KPCA-SOM).
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method has a fatal shortcoming, i.e., its mapping results are not invari-
ant, which means periodically it will yield good and bad results. Further-
more, the defect is determined by its inherent properties that it will find
k local nearest neighbors during the training process, and the selections
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Fig. 12. The trajectory of performance variation.

duction. Hence, the LTSA-SOM method is also considered. The number
of principal components is also 4. Fig. 7 shows that the U-matrix dia-
gram can clearly distinguish the different cases. However, the LTSA

a neighborhood method based on feature extraction and dimension re-
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of neighbors are random. Fig. 8 also displays the results of LTSA-SOM,
and the numbers of neighbors and principal components are the same
as those of Fig. 7. However, the results obviously are not good enough,
and case 3 is even divided into two regions. There are no standards in
selecting the number of principal components, although increasing of
the principal components will improve the performance of LTSA-SOM
method. Therefore, it is faced with the same problem of PCA-SOM. In
addition, Chen and Yan also combined FDA [36] and CCA [37] with
SOM for fault diagnosis in chemical process, but it seems that these
methods are even inferior to LTSA-SOM.

Therefore, we can recognize that these existing methods combined
SOM with feature extraction methods cannot obtain a good result in
performance assessment based on data.

4.3. The off-line and on-line monitoring of KPCA-SOM

The simple SOM can obtain good training results and monitor
known statuses but cannot acquire good results of unknown statuses.
The PCA-SOM and LTSA-SOM can attain good test results of unknown
statuses; however, the training results are affected by the number of
principal components. The KPCA-SOM algorithm is then proposed to
acquire good training and test results at the same time. To measure
the capability of KPCA-SOM, it is used to monitor the off-line and on-
line data of the TE process.

First, the off-line data are tested. When the contribution rate is
99% of KPCA, the number of principal components is 4 as well. As
shown in Fig. 9, 10 sets of data are distinctly distinguished. Fig. 10
shows the test data of cases 1 and 2 selected in way 1. The test data
are found to be uniformly distributed in the regions of cases 1 and 2.
The test data selected in way 2 are shown in Fig. 11. The test data of
case 1 is introduced above. The profit of the training data for case 2 is
5186 USD-h ™! in the training and test sections. The profit of test data
is 5183 USD-h ™!, which belongs to the range of 5150-5200 USD-h~ .
Similarly, they are correctly mapped into the regions of cases 1 and 2.
Therefore, the KPCA-SOM algorithm cannot only gain well-mapped
training diagrams but also obtain the well-mapped test diagrams in
both way 1 and way 2.

The on-line monitoring capability is then measured. Fig. 12 shows
the trajectory of performance variation from case 1 to case 2 to realize
the on-line monitoring of performance changes. Case 1 represents the
optimal performance state of the process which gains maximum bene-
fits, and case 2 represents the suboptimal status. The process is in an op-
timal status at the beginning, and as time goes on, the performance of
the process decreases to suboptimal status. Therefore, the KPCA-SOM
method can be used to monitor the real-time performance change tra-
jectory of the process.

5. Conclusions

This paper proposed a hierarchy framework to assess the off-line
and on-line performance of the process industry. Hard safety indexes
and soft safety indexes are used to ensure the safety of the entire
process. Profit is also a criterion to evaluate the performance when the
process is in normal condition. The KPCA-SOM algorithm is used to
visualize the trajectory of performance variation to realize the real-
time monitoring of the process. KPCA can extract the features and
reduce the dimensions of data, and SOM maps the training data and
test data into a two-dimensional diagram. The results of simulation
show that the combination of hierarchy framework and KPCA-SOM
algorithm is sufficient to obtain good off-line monitoring effects and to
monitor the real-time performance change trajectory of the process.

This paper does not provide the explanations for the variations of
the performance; however, we can use a multiple mapping method
to find the cause of the performance variations. In the TE process,
there are a total of five constraints, and they are all mapped into
case 10. Therefore, we can rebuild a training map consisting of five

training data of constraints, such as the training diagram of case 1 to
case 10 if the test data is mapped into case 10. At that point, the test
data on the training map is retested to find which constraint exceeds
the boundary. In this way, we can find the reason leading to the perfor-
mance variation and take some actions to maintain the optimal status of
the process.

Appendix A

Al. the calculation of c,(t)
The TE process has four feed streams. The component cost, molecu-
lar weight and are respectively given in Table 9, Table 2 and Table 9
of the paper [16]. Suppose that the mole fractions of A, D, and E in
streams 1, 2, and 3 are 100% and the mole fractions of A and C in
stream 4 are 48.5% and 51% respectively. The cost of B is ignored.

a. The cost of stream 1, namely A feed
The mole flow of A feed:

yi(t) =10%y, (1)
=10%y,(t) = 10%; (t) =
The cost of A feed:

10%y, (t), (A1)

-1
94 mol - h

10%y,(t)
22.4
~~ 98.48y, (t)USD - h™"

costA = 2.206 USD x

(A2)

b. The cost of stream 2, namely D feed

The mass flow of D feed: y,(t) kg-h=".
The cost of D feed:

costD = 22.06 USD x y,(t)

_22.06 USD "
B 32

(A3)
y,(t) =~ 0.689y,(t)USD - h™"

c. The cost of stream 3 namely E feed
The mass flow of E feed: y5(t) kg-h™ L.

The cost of E feed:

costE = 14.56 USD x y;(t)

_ 1456 USD
T

(Ad)
y5(t) &~ 0.3165y5(£)USD - h™"

d. The cost of stream 4, namely A and C feed
The mole flow of A and E feed:

108y, (t _
yalt) = 10° y(0) = 10240 mot ! (AS)

the mole flow of A: 0.485 x %mol hh

the mole flow of C: 0.51 x 1%%4(0 mol . h ™",

The cost of E feed:

y4 103(t)  2.206 USD
X0 X 2

~ 47.76y,(t) USD - h~!

costp =2 x 0.48 (A6)

103y,(t)  6:177UsD
224 28

~ 140.64y,(t)USD - h™"

costc =28 x 0.51 x

(A7)
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costy = costp + costc = 188.4y,(t) USD - h ™! (A8)

From the calculation above

Cy(t) = 98.48y, (t) + 0.689y,(t) + 0.3165y5 () + 188.4y,(t) USD -h~" (A9)

A2. the calculation of profit(t)

Table 9 [16] gives the cost of components and the cost of G is the
cost of the sum of A, C, and D, the cost of H is the sum of A, C, and
E. Since the paper does not provide the profit of G and H, it is as-
sumed that the profits of G and H are the twice of the costs of G
and H. That is, the profit of G is 60.88 USD-kg~!-mol~"' and the
profit of H is 45.88 USD-kg™'-mol ™.

In 1 mol production:

the quality of G: %490 x 62 g
the quality of H: ¥\l x 76g
the quality of D: y37 ) x 32g
the quality of E: yif)o x 46g
the quality of F: 25{0) x 48 g

Assuming that when the components G, H, D, E, and F are mixed, the
volume of production will not change. According to the liquid density in
Table 2 [16], the volume of 1 mol production is

Yar(t)
x 62/pg + V31 % 76/py

Y3s(t)
100

m _ Yu(t)
Vﬁpf 100
+

(A10)

Vao(t)
x 46/p +=755" < 48/Pk

100

Then the volume of 1 mol production is V and the production volume
in time t is y;7(t)m® - h~ . Then the profits of G and H are

profite = Y170 Yao®) 11 60.88USD - (kg - mol) ! (A11)
% 100

profity = 170 Yall) ol 45.88UsD - (kg - mol) ™! (A12)
% 100
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