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Abstract: Multiscale classification has potential advantages for monitoring industrial processes generally driven by events in
different time and frequency domains. In this study, we adopt stationary wavelet transform for multiscale analysis and propose an
applicable scale selection method to obtain the most discriminative scale features. Then using the multiscale features, we construct
two classifiers: (1) a supported vector machine (SVM) classifier based on classification distance, and (2) a Bayes classifier based
on probability estimation. For the SVM classifier, we use 4-fold cross-validation and grid-search to obtain the optimal parameters.
For the Bayes classifier, we introduce dimension reduction techniques including kernel Fisher discriminant analysis (KFDA) and
principal component analysis (PCA) to investigate their influence on classification accuracy. We tested the classifiers with two
simulated benchmark processes: the continuous stirred tank reactor (CSTR) process and the Tennessee Eastman (TE) process. We
also tested them on a real polypropylene production process. The performance comparison among the classifiers in different scales
and scale combinations showed that when datasets present typical scale features, the multiscale classifier had higher classification
accuracy than conventional single scale classifiers. We also found that dimension reduction can generally contribute to a better
classification in our tests.
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1 Introduction
Process monitoring is increasingly in demand to
guarantee a safe and productive production for modern industrial processes. To apply a specific analytical
model or to do further fault diagnosis in practical
process monitoring, a large amount of acquired
process data usually need to be classified into known
operating conditions or fault types. Consequently,
classification methods for industrial processes have
gained much attention in recent years.
The current investigations into the classification
problem were mainly focused on single scale classification, related to the following methods: Fisher
‡
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discriminant analysis (FDA), support vector machine
(SVM), discriminant partial least square (DPLS),
kernel Fisher discriminant analysis (KFDA), distance-based fuzzy C-means (FCM), the probabilistic
clustering approach, the limited finite Gaussian mixture model (GMM), etc. (Chiang et al., 2000; 2004;
He et al., 2005; 2008; Detroja et al., 2006; Wang et al.,
2006; Yu and Qin, 2008). However, in fact, data from
real industrial processes are multiscale in nature since
the processes are generally driven by events located in
different time and frequency domains. Hence, a multiscale analysis on the acquired data should have the
advantage over single scale analysis for providing
useful modeling information. To this end, Bakshi
(1998) proposed a wavelet-based multiscale principal
component analysis (PCA), which takes the coefficients at each scale into account and has been regarded as the framework of later multiscale analysis
based process monitoring (Misra et al., 2002;
Aradhye et al., 2003; 2004; Li et al., 2004; Yoon and
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MacGregor, 2004; Reis and Saraiva, 2006; Reis et al.,
2008). However, most of the multiscale methods have
been employed for fault detection while little work
has been undertaken for fault diagnosis or classification problems. Zhou et al. (2005) combined multiscale PCA with the hidden Markov model (HMM) for
fault identification, but they focused on HMM modeling without detailed investigation on scale feature
extraction or scale selection. Moreover, HMM has a
limited application range. Woody and Brown (2007)
presented three methods in detail to select the wavelet
transform scales for multi-class classifier design.
Unfortunately, they used only relatively simple classifiers, i.e., a linear discriminate classifier and a
K-nearest neighbor classifier, and the application
objects are mostly unrelated to typical chemical
processes.
In this study, considering the multiscale nature
of industrial processes and being motivated by previous works on applying multiscale methods to fault
detection and classification, we aim to investigate the
effects of multiscale feature extraction on classifier
performance and to provide methods to design applicable multiscale multi-class classifiers for a better
fault or operating condition classification.

Our methodology is illustrated in Fig. 1. The
essentials of this methodology has two aspects. One is
how to extract and select discriminative multiscale
features, and the other is how to use these features to
design a multiscale classifier. We will describe them
in detail below.
Stationary
wavelet
transform

Construct multiscale
classifier based on
multiscale features selection

(a)
Original
testing data

2.1.1 Stationary wavelet transform
For the purpose of multiscale classification, we
choose stationary wavelet transform (SWT, also referred to as translation-invariant or maximum overlapping wavelet transform) for multiscale analysis as
suggested in Aradhye et al. (2003) and Woody and
Brown (2007). Compared with the traditional discrete
orthogonal wavelet transform (DOWT), SWT can
guarantee both a translation-invariant performance
for a circularly shifted signal and a good alignment
between the original signal and the transformed coefficients (including SWT wavelet coefficients, details, and approximations) (Percival and Walden,
2000). In particular, the transform coefficients at each
level in SWT are not down-sampled as those in
DOWT, but keep the same length as the original
signal. Assume that a signal s with a length of m is
analyzed by L-level (L≤log2m, L∈Z) SWT. The corresponding wavelet function can be expressed as
1

ψ a , b (t ) =

a

⎛t −b⎞
⎟,
⎝ a ⎠

ψ⎜

(1)

where ψ(t) is the mother wavelet, a is the scaling (or
dilation) parameter, and b is the translation parameter.
In DOWT, a and b are discretized into a=2j and b=2jk

2 Methodology

Original multiclass training
data

2.1 Multiscale feature extraction

Stationary
wavelet
transform

Classfication by the
multiscale classifier

(b)

Fig. 1 Schematic diagram of our multiscale classification
method
(a) Training the classifier; (b) Testing the classifier

(1≤j≤L; j, k∈Z), respectively, and the corresponding
discretization wavelet function can be represented by

ψ j , k (t ) = 2− j / 2ψ (2− j t − k ).

(2)

This means b is down-sampled when j changes to j+1.
However, in SWT, b is discretized into k at each scale.
Thus, the down-sampling does not occur, guaranteeing that the number of the transformed coefficients at
each level is the same as that of the original signal.
We select SWT details and approximation as the
features for classification. We refer to Dj and Aj as the
jth level wavelet details and approximation, respectively. Consequently, the original signal s can be
represented by
L

s (t ) = ∑ D j (t ) + AL (t ).
j =1

(3)
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Daubechies (DB) and symlets (SYM) wavelets
can be used for the multiscale feature extraction as
suggested in Percival and Walden (2000) and
Aradhye et al. (2003). To select the suitable associated wavelet filter, we consider mainly the wavelet
filter with the shortest width, which can give reasonable results. This consideration is due to the fact
that wavelet filters with very short widths can sometimes introduce undesirable effects into the resulting
analysis, whilst the filters with a large width can
provide a better match to the characteristic features
but they may result in, for example, more coefficients
being influenced by boundary conditions (Percival
and Walden, 2000). In our applications, we test DB
and SYM wavelet filters with different filter widths,
and finally choose the symlets-4 (SYM4) wavelet
whose associated filter is a near-linear-phase filter
with length 8.
2.1.2 Scale selection
The aim of scale selection is to find the scale or
scales combination containing the most discriminative features. As for chemical process data, the approximation at the coarsest scale generally reflects the
dynamic trend of the original variable, while the details reflect, for example, sensor and process oscillations in different scales. Thus, all of them should be
involved in scale selection.
We consider two schemes for such scale
selection:
1. Voting scheme, similar to the one-vs.-one
strategy for a training multi-class classifier. After
adding a classifier of one scale, its 4-fold crossvalidation accuracy is calculated, based on which a
corresponding confidence weight is given to the
classifier. For example, we can calculate a weight for
the ith classifier by the following equation (Woody
and Brown, 2007):
ei = ln Cv2i ,

(4)

where Cvi is the cross-validation accuracy for the ith
classifier. The weights can be applied to the testing
observation to make the final classification.
2. Reconstruction scheme, where all of the possible reconstruction combinations of the transformed
wavelet and scaling coefficients, for example, 2L+1−1
reconstructed signal for L-level SWT, are used as a
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training dataset, and the reconstruction combination
with the highest 4-fold cross-validation accuracy is
regarded as the best scale combination. However, the
voting scheme may fail when the classifiers at different levels have significantly different performances. This is common for process data, causing the
classifier on the most discriminative scale to dominate the final classification performance, while the
reconstruction scheme is essentially an exhaustive
and time-consuming algorithm.
Therefore, we adopt a more practical reconstruction method: (1) Construct L+1 single-scale
classifiers including L detail classifications at all
levels and one approximation classifier at the coarsest
level. (2) Select the classifier with the best accuracy
according to the results of both cross-validation and
testing data validation. (3) Add other scales one by
one to the present scale(s) to check whether the
overall classification accuracy is improved or not. If
yes, we keep this scale and go on adding other scales
one by one as mentioned. If no, it indicates that the
optimal scale(s) is/are obtained, and this selection
process is complete.
2.2 Multi-class classifier design
In this study, we construct two multi-class classifiers: the SVM classifier and the Bayes classifier.
The SVM classifier is preferable for its small size and
linearly inseparable datasets, and is particularly useful when in some cases only a few fault samples are
available. The Bayes classifier design, combined with
the dimension reduction technique (either PCA or
KFDA) can be used for large size datasets, such as
those under different operating conditions, based on
which probability estimation is possible. We can
expect that both PCA- and KFDA-based dimension
reduction, used for linear and nonlinear feature extraction respectively, may transform the data to the
reduced features along the relative discriminative
directions and simplify the classifier design to some
extent. Further, since SVM is a non-parametric
data-driven method, it is also applicable for large size
datasets.
2.2.1 SVM classifier design
SVM for two-class classification is the essential
part and its goal is to find the representative training
observations referred to as a ‘support vector’ to define
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two boundary hyperplanes with a maximum margin
between them. With regard to linearly separable twoclass classification, the training data can be represented by
( xi , yi ), i = 1, 2, " , m, xi ∈ \ n , yi ∈ {+1, − 1} , (5)
whereby the SVM classifier can be expressed by a
constrained optimization problem (Bian and Zhang,
2000):

minϕ ( w ) = w

2

2

s.t. yi ( w ⋅ xi + b) − 1 ≥ 0, i = 1, 2," , n,

(6)

where w·xi+b is the linear discriminant function, w is
the weight vector, b is the threshold, and φ(w) is the
reciprocal of the margin. This constrained optimization problem can be converted into a relatively simple
dual problem using the Lagrange multiplier method
based on dual theory. The final decision function can
be expressed as
⎛ s
⎞
f ( x ) = sgn( w * ⋅ x + b* ) = sgn ⎜ ∑ α i* yi xi ⋅ x + b* ⎟ ,
⎝ i =1
⎠
(7)
where w* is the weight vector of the optimal classification plane, αi* is the optimal solution, and b* is the
classification threshold. If there are some inseparable
observations, the generalized classification plane can
be used to control the classification accuracy, which
can be represented by
n

∑ yα
i =1

i

i

= 0, 0 ≤ α i ≤ C , i = 1, 2," , n.

(8)

For linearly inseparable two-class classification,
a nonlinear transform can be used to convert it to a
linearly separable problem in a higher dimensional
space. The nonlinear transform from lower dimensional space to higher dimensional space can be expressed as φ(·): úd→úk, implemented by the so-called
kernel trick, which constructs a kernel function K as
K(xi, xj)=φ(xi)φ(xj) so that the inner product operation
in higher dimensional space can be directly obtained
using the values of original variables without needing
an explicit expression of the nonlinear transform φ(·).
The corresponding decision function can be expressed as

⎛ s
⎞
f ( x ) = sgn ⎜ ∑ α i* yi K ( xi , x ) + b* ⎟ .
⎝ i =1
⎠

(9)

In our applications, we prefer the RBF kernel function

(

k ( xi , x ′j ) = exp −γ xi − x ′j

2

),

γ > 0,

(10)

where γ is a kernel parameter. Hence, the SVM classifier needs to determine two parameters, C and γ. In
order to find the best two parameters, we use a
‘grid-search’ method according to the cross-validation accuracy as recommended in Hsu et al. (2008).
For multi-class classification, we adopt a
one-vs.-one strategy for training the SVM classifier
(Hsu and Lin, 2002), in which all possible two-class
classifiers (there are c(c−1)/2 classifiers for c classes)
are firstly trained, and then integrated together to
classify a certain observation by means of voting. The
voting procedure is carried out as follows. First the
observation is tested in each two-class classifier. The
class to which the observation is assigned will get one
vote. Finally the observation is assigned to the class
with most votes.
2.2.2 Bayes classifier design with dimension reduction
Assume a training dataset follows multivariate
Gaussian distribution. Using a linear Bayes classifier
the decision value of observation x can be calculated
to determine the possibility as to whether it belongs to
the ith class according to the following decision
function (Woody and Brown, 2007):
gi ( x ) = xi Σ p−1 x T ,

(11)

where xi is the mean vector of observations of the ith
class, and Σp−1 is the covariance matrix of the pooling
dataset. The observation x will be assigned to the
class with the maximum decision value gi(x), i=1,
2, …, c.
In case of a large number of variables, we can
choose dimension reduction technologies including
PCA and KFDA to the SWT details and approximations. PCA is a commonly used dimension reduction
method, which can extract a linear relationship among
variables (Russell et al., 2000). However, PCA cannot extract a nonlinear relationship and is unable to
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use known classification information. KFDA can
extract a nonlinear relationship among variables;
meanwhile it can take the classification information
into account. Given the proper parameters, KFDA
may project the variables along some discriminative
directions, and thus KFDA has the potential advantage for better feature extraction.
KFDA is a more generalized FDA, which uses
the kernel trick in the same manner as SVM in order
to solve a linearly separable problem in a nonlinearlytransformed higher dimensional space (Baudat and
Anouar, 2000). Conventional FDA reduces the dimensionality whilst it guarantees that the betweenclass distance is maximized and the within-class distance is minimized, which can be represented by an
optimization problem (Russell et al., 2000):
max J LF (p) = pT Sb p (pT S w p),

(12)

where Sb is the sum of the sampling covariance matrix
of each class, i.e., the between-class covariance matrix, and Sw is the within-class covariance matrix; p
denotes the projection direction. Similarly, we can
denote in the KFDA the nonlinear transform function
as φ, which is not necessarily an explicit formula.
Thus, the optimization problem can be expressed as
(Baudat and Anouar, 2000)
max J KF ( p) = pT Sbϕ p (pT S wϕ p),

(13)

where Sbϕ and S wϕ represent the between-class and
within-class covariance matrices in the higher dimension, respectively. This problem is equivalent to a
generalized singular value decomposition (GSVD)
problem (Baudat and Anouar, 2000):

λ S wϕ p = Sbϕ p,

(14)

where λ is the singular value. To solve this GSVD, we
need only to choose a kernel function to perform the
nonlinear transform. In our applications, we prefer the
Gauss kernel function with kernel width σ determined
by cross-validation, and choose the number of projection directions as c−1; i.e., the data dimensions of
the classification problem are reduced to c−1. We also
assume that the data are kept centralized after
nonlinear transform.
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In addition, we notice that the Bayes-KFDA
classifier is essentially a linear classifier. We need to
undertake more investigation to determine how much
the KFDA-based nonlinear dimension reduction can
affect a nonlinear classification problem.

3 Applications

The proposed multiscale methods as well as the
conventional single-scale methods were tested and
compared with one another in three typical chemical
processes, including two simulated benchmark problems—the continuous stirred tank reactor (CSTR)
process and the Tennessee Eastman (TE) process, and
one real industrial polypropylene production process.
The classifiers were implemented under MATLAB.
The general procedure of these applications is as
follows:
1. Select three classes named C1, C2, and C3 in
the three applications. Data from each application
have unique characteristics; that is, the data are
characterized by a specific frequency band, simulated
random and step disturbance, and real industrial noise,
respectively.
2. Use three-level SWT with the ‘SYM4’
wavelet to extract scale based features, where the
training and testing datasets both contain 256 continuous observations.
3. Apply a multiscale SVM classifier for the
features obtained in Step 2 to determine the optimal
scale(s) and scale-combination with higher testing
accuracy.
4. Apply the Bayes classifier to the typical scale
selections obtained in Step 3.
5. Make a performance comparison amongst
multiscale classifiers with or without dimension reduction and single scale classifiers. Also make a performance comparison with the multiscale K-nearest
neighbor (KNN) classifier presented in Woody and
Brown (2007).
3.1 Continuous stirred tank reactor process

The nonisothermal CSTR process simulated in
our study has a first order reaction and its reaction
temperature is under feedback control. This simulator
has been extensively used in fault detection and diagnosis and a detailed description can be observed in
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Table 1 SVM three-class classifier for the CSTR process
Accuracy of
Testing acScale selection C
γ
4-fold CV (%) curacy (%)
A3
23
2−10
27.47
33.20
10
D1
2
2−3
62.63
67.06
23
2−3
55.49
59.90
D2
D3
210 2−12
28.39
33.33
D1+D2
29
2−5
74.87
75.52
44.27
57.16
Original signal 210 2−7
CV: cross-validation. Dj and Aj are the jth level wavelet detail and
approximation, respectively

Ti (K)

Yoon and MacGregor (2001). To illustrate the multiscale classification performance for datasets with
typical frequency features, we considered the following three classes: (1) C1, normal data; (2) C2,
sensor oscillation fault at reactor inlet temperature
(denoted as Ti) with a period of 150 s and a magnitude
of 0.4, expressed as d1(t)=0.4sin(2πt/150); (3) C3,
sensor oscillation fault at cooling water temperature
(denoted as Tc) with a period of 300 s and a magnitude
of 1, expressed as d2(t)=sin(2πt/300).
We selected nine variables including the flow
rate of reactant, cooling water, and solvent, the inlet
concentration of reactant and solvent, the outlet concentration of the product, and the inlet temperature,
reaction temperature, and cooling water temperature.
The sampling time is one minute. Fig. 2 shows the
inlet temperature and cooling water temperature for
normal and oscillation datasets. Table 1 shows the
parameters and the performance of the SVM classifier.
Table 2 shows the classification accuracy of both the
Bayes classifiers and the KNN classifiers.
As shown in Table 1, both the D1 SVM classifier
and the D2 SVM classifier have a higher classification
accuracy (67.06% and 59.90% respectively) than the
original signal (i.e., A3+D3+D2+D1) SVM classifier
(57.16%). Moreover, when D1 and D2 are combined,
the classification accuracy is further increased to
75.52%. Thus, we can assert that levels 1 and 2 are the
discriminative scales. Table 2 shows that the D1+D2
Bayes-KFDA classifier has the highest classification

372
371
370
369
368

Tc (K)
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367
366
365
364
363

C1
C2

0

50

100

150

200

250

(a)

300
C1
C3

0

50

100
150
200
Sampling number

250

(b)

300

Fig. 2 Comparison between normal and oscillation data
for (a) inlet temperature and (b) cooling water temperature
C1: normal data; C2: d1(t)=0.4sin(2πt/150); C3: d2(t)=
sin(2πt/300)

accuracy of 72.93% amongst all of the Bayes classifiers and KNN classifiers, which is comparable to that
of the previous SVM classifier. The Bayes classifiers
with PCA-dimension reduction and without dimension reduction have a far lower accuracy than the
previous two classifiers. The reason may be that they
do not take the class information into account.
3.2 Tennessee Eastman process

The TE process problem, proposed by Downs
and Vogel (1993), simulates a real industrial chemical
process and is more complicated than the previous
CSTR process. The TE simulator has 52 process
variables and 21 fault types. Recently, many researchers have used the TE process as a crucial
bench- mark problem to illustrate their methods for
fault or operating condition classification. The faults
include step change, slow drift, random fluctuation,
valve stick, and unknown disturbance. Since some of
the faults are overlapped, making an accurate classification for them is a challenge. With reference to
Chiang et al. (2004) and to easily do a comparison
among different classifiers, we selected three overlapped faults, i.e., 4th, 9th, and 11th faults, labeled C1,
C2, and C3 respectively (Table 3). Both the training

Table 2 Classification accuracy of Bayes and KNN classifiers on typical scale selections for the CSTR process
Scale selection
D1
D1+D2
Original signal

Bayes-No DR
33.07
33.33
33.46

Bayes-PCA*
33.20(4)
33.46(4)
32.55(6)

Classification accuracy (%)
Bayes-KFDA**
KNN-No DR
66.02(1.1)
57.55
72.93(1.4)
64.71
56.12(48.5)
46.74

KNN-PCA*
49.74(4)
59.11(4)
35.67(6)

*
Within the brackets is the number of remaining principal elements; ** Within the brackets is the kernel width. DR: dimension reduction.
Dj: the jth level wavelet detail
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Label
C1
C2
C3

Fault
IDV 4
IDV 9
IDV 11

for A3 and A3+D3 have a higher accuracy than KNN
classifiers, and the Bayes-PCA classifier has a higher
accuracy than the Bayes-KFDA classifier. The possible reason may be that the Bayes classifier assumes
features following the Gaussian distribution, but this
assumption might not be satisfied after a KFDAbased dimension reduction. Since PCA is a linear
transform which does not have influences on the data
V51 (%)

50

V51 (%)

(a)

40
30
60

(b)

40
20
121.0

V9 (ºC)

and testing data were chosen from the standard datasets, containing 256 continuous (i.e., 201–456) observations representing the stable condition of each
fault. Fig. 3 shows that the 9th variable (V9, reactor
temperature) for fault 4 and both V9 and the 51st
variable (V51, cooling water valve position) for fault
11 have significant changes as disturbances are introduced after the 160th sampling time point. Table 4
shows the parameters and the performance of the
SVM classifier. Table 5 shows the classification accuracy of both the Bayes classifiers and the KNN
classifier.
Table 4 shows that, among the SVM classifiers
using single scale information, the A3 classifier has
the highest testing accuracy of 53.39%, and amongst
all of the SVM classifiers combining A3 with other
details, the A3+D3 classifier has the highest testing
accuracy of 56.38%, which is higher than that of the
original signal classifier, 50.65%. This indicates that
discriminative features lie in both A3 (the profile of
the signal) and D3 (the most disturbances within the
relatively low frequency band), while details of other
scales contain much higher frequency noises, which
decreases the classification accuracy. Table 5 shows
that both the Bayes-PCA and Bayes-KFDA classifiers

(c)

120.5
120.0
0

200

400

600

800

1000

Sample No.

Fig. 3 (a) Cooling water valve position (V51) for C1; (b)
Cooling water valve position (V51) for C2; (c) Reactor
temperature (V9) for C3
C1, C2, and C3 are the 4th, 9th, and 11th overlapped faults,
respectively

Table 3 The selected three classes in the TE process
Change location
Type
Temperature of the reactor cooling water
Step
Temperature of the feed D
Random
Inlet temperature of the reactor cooling water
Random

Training size
256
256
256

Testing size
256
256
256

C1, C2, and C3 are the 4th, 9th, and 11th overlapped faults, respectively

Scale
selection
A3
D1
D2
D3
A3+D3

C
22
210
210
210
21

Table 4 SVM three-class classifiers on typical scale selections for the TE process
Accuracy of
Testing acScale
Accuracy of
γ
C
γ
4-fold CV (%) curacy (%)
selection
4-fold CV (%)
2−8
93.10
53.39
A3+D2
22
2−7
93.36
2−7
50.65
33.72
A3+D1
20
2−6
91.67
2−6
81.12
35.16
A3+D3+D2
2−1
2−5
92.84
2−4
99.74
49.48
No selection 210
2−6
91.15
2−7
92.19
56.38

Testing accuracy (%)
53.91
50.26
48.83
50.65

CV: cross-validation. Dj and Aj are the jth level wavelet detail and approximation, respectively

Table 5 Classification accuracy of Bayes and KNN classifiers on typical scale selections for the TE process
Scale selection
A3
A3+D3
Original signal

Bayes-No DR
36.98
41.80
46.74

Bayes-PCA*
49.48(19)
47.79(19)
40.86(28)

Classification accuracy (%)
Bayes-KFDA**
KNN-No DR
42.32(26.5)
40.36(19)
43.88(38.2)
43.10(19)
48.05(32.1)
37.11(28)

KNN-PCA*
42.19(19)
43.22(19)
47.00(28)

*
Within the brackets is the number of remaining principal elements; ** Within the brackets is the kernel width. DR: dimension reduction.
D3 and A3 are the 3rd level wavelet detail and approximation, respectively
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produced through this polypropylene process, i.e.,
T36F, EPS30R, and EPS30RA, labeled as C1, C2,
and C3 respectively. The sampling time was 5 min.
The bivariate plots of four grade-sensitive variables in
Fig. 5 show that there are some overlapping observations among C1, C2, and C3.

R200 RWS

RWS

RWR

RWR

Fluidized reactor
R401
Polypropylene

R202

R201
Catalyst

distribution, the Gauss assumption will not show poor
deviation because of dimension reduction. Further,
the Bayes classifier without dimension reduction has
substantially lower classification than the classifier
with either KFDA- or PCA-based dimension reduction. In addition, we noticed that the SVM classifier
has the best classification accuracy amongst all of the
classifiers.
We also noticed that the classification accuracy
of the single scale SVM here is not equal to that presented in Chiang et al. (2004), although they are
comparable. The main reason could be that we have
used different training and testing datasets, rather than
the datasets in Chiang et al. (2004), which include the
in-transition stage data, whilst we intended to select
as much stationary data as possible in our application.

D201 RWS
RWR

H2
C3H6

Fig. 4 Illustrative flow sheet of a polypropylene production process
RWS: recycled water supply; RWR: recycled water return

3.3 Polypropylene process

No.
V1
V2
V3
V4
V5
V6
V7
V8
V9
V10

41

62.5

C1
C2
C3

40

62.0

C1
C2
C3

V10 (°C)

39
38
V4 (°C)

The polypropylene production device in this
study is operating in a large scale industrial process
(Fig. 4). This process includes four reactors, labeled
R200, R201, R202, and R401, and one attachment
unit, labeled D201. In this application, we selected
reactor R202 as the monitored process, in which most
polymers are produced. Based on the process principle, after canceling the variables related to production
rate changes such as the propylene feeding rate, hydrogen feeding rate, and jacket flow rate, which may
otherwise impair the significances of the discriminative variable, we selected 10 key variables in R202 as
the modeling variables (Table 6). In addition, we
selected three of the typical grades that can be
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Fig. 5 Bivariate plots for (a) density in R202 (V1) vs.
propylene feeding temperature (V4) and (b) cooling water
temperature (V7) vs. jacket temperature of R202 (V10)
C1: T36F; C2: EPS30R; C3: EPS30RA

Table 6 The selected 10 variables in R202 of the polypropylene process
Name (unit)
Description
DRC251PV, density in R202 (kg/m3)
Measured variable, whose mean varies among different grades and
has a specific change trend
FRCA251PV, propylene for rinsing (kg/hr)
Controlled variable, which fluctuates around the set point
JRA251PV, power of P202 (kW)
Measured variable, whose mean varies among different grades and
has a specific change trend
TIA231PV, propylene feeding temperature (°C) Measured variable, whose mean varies among different grades and
has a specific change trend
TIA256, wall surface temperature (°C)
Measured variable, which fluctuates within the predetermined range
TIA 258, wall surface temperature (°C)
Measured variable, which fluctuates within the predetermined range
TR253PV, cooling water temperature (°C)
Measured variable, whose mean varies among different grades and
has a specific change trend
TRA273PV, overall cooling water temperature Measured variable, whose mean varies among different grades and
(°C)
has a specific change trend
TRCA251PV, temperature of R202 (°C)
Controlled variable, which fluctuates around a set point
TRCA 252PV, jacket temperature of R202 (°C) Measured variable, whose mean varies among different grades and
has a specific change trend
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Table 7 shows the parameters and the performance of the SVM classifier. Table 8 shows the classification accuracy of both the Bayes classifiers and the
KNN classifier.
Table 7 SVM three-class classifier for the polypropylene
process
Accuracy of Testing acScale selection
C
γ
4-fold CV (%) curacy (%)
D1
29
2−2
41.67
41.28
9
D2
2
21
47.53
35.81
D3
210
22
57.94
34.64
A3
21
2−10
95.18
80.08
21
2−10
95.44
80.34
A3+D3
A3+D2
21
2−10
95.31
80.21
21
2−10
95.05
79.42
A3+D1
A3+D3+D2
21
2−10
93.88
79.56
Original signal
21
2−10
94.79
78.65
CV: cross-validation. Dj and Aj are the jth level wavelet detail and
approximation, respectively

Table 7 shows that amongst the SVM classifiers
using single scale information, the A3 classifier has
the highest testing accuracy of 80.08%, and amongst
all of the SVM classifiers combining A3 with other
details, the A3+D3 classifier has the highest testing
accuracy of 80.34%, which is higher than that of the
original signal classifier, 78.65%. These results are
similar to those in the previous TE process which
indicate that the discriminative features lie in A3 and
D3, whilst details at other scales contain more
high-frequency noises, which therefore decreases the
classification accuracy. Table 8 shows that the BayesPCA for A3 and A3+D3 has a higher accuracy than
other Bayes classifiers and the KNN classifiers. The
reason may be that PCA effectively reduced the
noises in addition to dimension reduction by means of
keeping the proper number of principal components
whilst the KFDA, in this case, did not keep the most
discriminative reduced features. The best BayesKFDA classifier (on selection A3+D3) is comparable
to the corresponding SVM classifier. This may imply
that, given the Gaussian distribution assumption, the
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Bayes-KFDA classifier may be equivalent to the
SVM classifier to some degree. We can expect that
the SVM classifier with PCA dimension reduction in
this case would also improve its performance. In
addition, we found that the Bayes classifier without
dimension reduction had substantially lower classification accuracy than the Bayes classifier with either
KFDA- or PCA-based dimension reduction.
4 Conclusions and discussion

Based on SWT, we combined scale feature extraction with multi-class classification design and
tested the multiscale SVM classifier without dimension reduction and the linear Bayes classifier with
KFDA- or PCA-based dimension reduction in three
cases. In our applications, we found that:
1. Compared with single-scale classification, the
multiscale classification can utilize extra scale information, thus providing a way to construct a potentially better classification for process monitoring. The
results verified their advantages over single scale
methods, particularly when the process data have
typical scale or frequency features or significant frequency noises.
2. The SVM classifier is more general than the
linear Bayes classifier, but has more parameters to be
determined and therefore is time consuming, while
the linear Bayes classifier can simplify the training
process using Gauss distribution, and when combined
with suitable dimension reduction, the Bayes classifier may have a comparative performance to the SVM
classifier. Moreover, multiscale SVM and/or Bayes
classifiers generally have higher classification accuracy than the KNN classifiers.
3. Dimension reduction using KFDA or PCA can
contribute to a better classification, in that it can reduce not only the number of training features but also
the data noises to some degree. Moreover, the KFDA
can further take both the nonlinear relationship
among variables and the class information into

Table 8 Classification accuracy of Bayes and KNN classifiers on typical scale selections for polypropylene
Classification accuracy (%)
Scale selection
Bayes-No DR
Bayes-PCA*
Bayes-KFDA**
KNN-No DR
KNN-PCA*
A3
76.95
88.15(3)
80.34(1.7)
76.04
80.34(3)
A3+D3
77.34
88.15(3)
80.86(1.2)
76.30
80.34(3)
Original signal
76.82
88.02(4)
76.43(5.6)
76.30
83.33(4)
*

Within the brackets is the number of remaining principal components; ** Within the brackets is the kernel width. DR: dimension reduction.
D3 and A3 are the 3rd level wavelet detail and approximation, respectively
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account, but the number of reduced features needs to
be properly determined.
Obviously, the multiscale classification methods
presented in this paper can be applied to relatively
large multi-class classification problems. However,
although we can obtain some benefits from multiscale
classification, the corresponding computation time
would increase rapidly if more levels (such as five or
more) are to be considered. This would inevitably
result in an exponential increase in the number of
possible scale combinations. The current work is
looking for other more efficient optimization algorithms to select the desirable scales or scale combination and to choose optimal parameters for the classifiers with or without dimension reduction. Another
concerning issue about the multiscale classification is
its generalization ability. The current method has
limitations for systems with time-dependent characteristics. Further investigation may lie in modeling
wavelet coefficients at each level, for example, constructing discriminative scale features (Reis and
Bauer, 2009), for a better classification.
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