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Prediction of the Melt Index Based on the
Relevance Vector Machine with Modified
Particle Swarm Optimization

A novel chemical soft-sensor approach for the prediction of the melt index (MI)
in the propylene polymerization industry is presented. The MI is considered as
one of the important variables of quality that determine the product specifica-
tions. Thus, a reliable estimation of the MI is crucial in quality control. An accu-
rate optimal predictive model of MI values with the relevance vector machine
(RVM) is proposed, where the RVM is employed to build the MI prediction
model; a modified particle swarm optimization (MPSO) algorithm is then intro-
duced to optimize the parameter of the RVM, and the MPSO-RVM model is
thereby developed. An online correcting strategy (OCS) is further carried out to
update the modeling data and to revise the model’s parameter self-adaptively
whenever model mismatch happens. Based on the data from a real polypropylene
production plant, a detailed comparison is carried out among the least squares
support vector machine (LS-SVM), RVM, MPSO-RVM, and OCS-MPSO-RVM
models. The research results reveal the prediction accuracy and validity of the
proposed approach.
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1 Introduction

Polymer production has a critical influence on some aspects of
industry, military, economy and so on. The melt index (MI) of
polypropylene (PP) determines the grade of the product as
well as other product properties, so it is considered as one of
the most important quality variables in the practical industrial
polymerization process. However, the MI of PP is usually
sampled online and then measured off-line with an analytical
procedure in the laboratory, which is not only costly but also
time consuming (2–4 h) [1]. Therefore, the development of an
MI online estimation model is significant, not only as an on-
line sensor but also as a forecasting system. Normally, an on-
line analyzer can be constructed with the mechanism of poly-
merization [2–4]. However, it is often challenged by the
engineering activity and the relatively high complexity of the
kinetic behavior and operation of the polymer plants.

A number of researchers have attempted to find modeling
approaches for the prediction of the MI, for application in the

industrial process [5–9]. Embiruçu et al. [10], Lee et al. [11]
and Tian et al. [12] developed models based on the process
mass and energy balance. Because the processes are usually
highly nonlinear, and because neural networks (NN) can ap-
proximate any continuous nonlinear function, NN and im-
proved NN have been applied to system modeling and control
in different fields [13–17]. Shi et al. [18] and Shi and Liu [19]
have developed several soft-sensor models for MI prediction,
based on ICA-MSA-RBF (independent component analysis,
multi-scale analysis and radial basis function) NN and PCA-
MS-RBF (principal component analysis, multi-scale analysis
and radial basis function) NN. Zhang et al. [20] sequentially
presented a bootstrap aggregated NN model that could over-
come the problems of a single NN, such as over-fitting and the
lack of generalization capability. To avoid the problem of NN,
Han et al. [21] employed three approaches, which were
supported vector machines (SVM), partial least squares (PLS)
[22] and artificial NN, for the MI estimation of the styrene-
acrylonitrile (SAN) and PP process. Park et al. [23] employed
mechanical methods such as the PLS method and the support
vector regression (SVR) method to predict the melt flow index
(MFI) in the high-density polyethylene process. A detailed
comparison among the standard SVM, the least squares-SVM
(LS-SVM), and the weighted LS-SVM (WLS-SVM) models
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was carried out by Shi and Liu [24]. Although these works
have achieved a high level of MI prediction accuracy, greater
performance in prediction and better universality of the esti-
mation model are still the first-line goal in academia and the
industrial community.

The relevance vector machine (RVM) is a sparse learning
algorithm, similar to the SVM [25] and the LS-SVM in many
respects, but capable of providing a fully probabilistic output.
It allows avoiding the set of free parameters that the SVM has.
However, up to now, little information on RVM applications
in MI prediction of PP processes has been reported in the lit-
erature. In this paper, the RVM [26] is therefore explored to
predict the MI according to a group of process variables in
propylene polymerization that can be easily obtained.

The effectiveness of the RVM method largely depends on
the value of the parameter. However, a general set of parame-
ters cannot always ensure the RVM to achieve the desired per-
formance in the highly complex and nonlinear PP process.
Therefore, an optimization of the RVM parameter is essential
to improve the performance of the RVM model in the MI pre-
diction. Previous studies have shown lots of artificial intelli-
gent algorithms in handling optimization problems, such as
particle swarm optimization (PSO), ant colony optimization
(ACO), genetic algorithms (GA) and so on [27]. Among these
intelligent algorithms, PSO presents some interesting charac-
teristics, like easy implementation procedure, high perfor-
mance in different optimization problems, and high efficiency
in convergence to desirable optima. Hence, the PSO is used to
optimize the RVM parameter. To improve the basic PSO,
a modified PSO (MPSO), by modifying the inertia weight, is
proposed. Finally, the MPSO is used to optimize the RVM
parameter, and the MPSO-RVM model is obtained.

Since the system is dynamic, it is necessary to modify the
MPSO-RVM model when a new sample is added into the
training dataset. An online correcting strategy (OCS) is there-
fore carried out to adjust the parameter online. Finally, the
best OCS-MPSO-RVM model is achieved.

The rest of the paper is organized as follows: Sect. 2 provides
the theoretic descriptions of the RVM, MPSO, and OCS. The
procedural steps and flow chart of the OCS-MPSO-RVM
model are presented in detail. The details of the experiment
are given in Sect. 3 and the results of the experiments are pre-
sented and discussed in Sect. 4.

2 Theory

2.1 Relevance Vector Machine

The detailed description of the RVM is given in the following.
Then, some advantages of the RVM algorithm compared with
the SVM [28, 29] or the LS-SVM [30] are presented at the end
of this section.

The RVM, pioneered by Tipping [26], is a sparse learning
algorithm, similar to the SVM in many aspects, but capable of
delivering a fully probabilistic output. It acquires relevance
vectors and weights by maximizing a marginal likelihood. The
products of weights and kernel functions give the structure of
the RVM. A kernel function means a set of basic functions

projecting the input data into a high-dimensional feature
space.

Given a sample set of input-target pairs �xn�tn�N
n�1, consid-

ering scalar-valued target functions only. The targets are from
the model with additive noise:

tn � y xn�w� � � e (1)

where e is the random noise, which is assumed to be indepen-
dent zero-mean Gaussian distributed with variance r2. Like in
the LS-SVM model, the function y(x) is defined as follows:

y�x�w� �
�N

i�1

wiK�x� xi� � w0 �
�N

i�1

wiU�x� (2)

where w = [w0, w1,...,wN] is the weighted parameter vector of
the basic function U(x); here, it is given as U(x) = [1,K(x,x1),
K(x,x2),..., K(x,xN)T.

The targets can be given as p�tn�xn� � N�t�y�xn�� r2�. Due
to the assumption of independence of tn, the likelihood of the
complete dataset can be written as :

p�t�w� r2� � 1

2pr2
exp�� 1

2r2
	 t � U�x�w 	� (3)

where t = (t1,t2,...tN), w = (w0, w1,...,wN), and U is the
N × (N + 1) design matrix. In order to obtain optimal values of
w and r2, the maximum likelihood estimation is expected.
However, with as many parameters in the model as training
data samples, the over-fitting problem can be caused. Here,
RVM adopts a Bayesian perspective and constrains w and r2

by defining a prior probability distribution over the weights:

p�w�a� �
�N

i�1

N�wi�0� a�1
i �

� 1

�2p��N�1��2

�N

i�1

a1�2
i exp�� aiw

2
i

2
�

(4)

p�a��
�N

i�1

gamma�ai�a� b� (5)

p�b� � gamma�b�a� b� (6)

where b = r–2, a is an N + 1 hyper-parameter, and gamma
�a�a� b� is defined as

gamma�a�a� b��1C�a��1baaa�1e�baC�a� �
� ∞

0
ta�1e�tdt �7�

The parameters a, b, c and d can be set as small values, such
as a = b = c = d = 10–5, so it can make the defined priors non-
informative.

Having defined the prior probability of the parameter set,
the posterior over weights can be calculated through the Baye-
sian rule:

p�w�t� a� r2� � p�t�w� r2�p�w�a�
p�t�a� r2�

� 1

�2p��N�1��2
R� ��1�2exp�� 1

2
�w � l�TR�1�w � l��

(8)
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where the posterior covariance and mean are defined as fol-
lows:

R� �r�22UT2U � A��1 (9)

l � r�2RUTt (10)

where A = diag(a1,a2,...,aN). The likelihood distribution over
the training targets can be marginalized by integrating the
weights to obtain the marginal likelihood for the hyper-param-
eters; it is computable and given by Tipping [26]:

p�t�a� r2� �
�

p�t�w� r2�p�w�a�dw

� �2p��N�2�C��1�2exp�1

2
tTC�1t�

(11)

where the covariance is given by C = r2I + UA–1UT.
Values of a and r2 cannot be obtained in closed form. The

procedure is the following type-	 maximum likelihood meth-
od. We use log values to find a maximum in Eq. (12):

L � logp�t� loga� logr2� �
�N

i�0

logp � logai�� logp� logr2�

(12)

Obtain the first derivatives of this value with respect to a
and r2, and set them to zero. An iterative re-estimation meth-
od is required [24]:

anew
i � 1 � ai Rii

l2
i

(13)

�r2�new � 	 t � Ul 	2

N ��N
i�1

�1 � aiRii�
(14)

The learning algorithm proceeds by repeating Eqs. (13) and
(14), while updating the posterior statistics R and l from
Eqs. (9) and (10), until all ai are smaller than the given value
so that the corresponding model parameters wi tend to zero.

Since the sparseness of the RVM is better than those of the
SVM and the LS-SVM, which can lead to significant reduction
in the computational complexity of the decision function, the
computation efficiency of online soft-sensor prediction can be
greatly improved by the RVM. Compared to the traditional
SVM and LS-SVM methods, the RVM method can provide the
probability distribution of the output value, which is very use-
ful for statistical judgment and decision making.

In summary, the advantages of the RVM method can be
listed as follows:
– The uncertainty of the output prediction value can be char-

acterized.
– The RVM has better sparseness than the SVM and LS-SVM,

which can reduce online prediction complexity.
– The RVM does not need to estimate the error/margin trade-

off parameter C, which can reduce the computational time.
– The kernel function does not need to satisfy the Mercer con-

dition.

2.2 Modified Particle Swarm Optimization

The basic PSO algorithm is a method for optimizing hard
numerical functions, originally developed by Kennedy and
Eberhart [31], based on a social psychological metaphor of
behaviors of flocks of birds and schools of fish. By randomly
initializing a set of candidate solutions, the PSO successfully
leads to a global optimum.

In PSO, each potential solution is represented as a particle,
which is dynamically adjusted by updating the velocity of each
particle, according to the experience of neighbor particles and
its own experience. In detail, two properties associated with
each particle are position x and velocity v. In each iteration, a
fitness function is evaluated for all the particles and is used to
determine the number of iterations. They are given as

xi � �xi1� xi2� 
 
 
 � xiD� (15)

vi � �vi1� vi2� 
 
 
 viD� (16)

fitness � �y�i � �yi�2�2 (17)

where D = 1 is size of the particle for the 1-dimension problem.
vi∈��vmax� vmax
 and vmax is the designed maximum velocity.
y�i and �yi denote the measured value of each iteration and the
real value, respectively. The fitness indicates the error of pre-
diction. So the lower the fitness, the better is the solution. The
velocity of each particle is updated by keeping track of two best
positions. One is the current best position of a particle, named
pbest, the other is the best position of the whole population,
called gbest. Hence, the velocity and position of a particle are
updated as follows:

vi
k�1 � wkvi

k � c1r1�pbest � xi
k� � c2r2�gbest � xi

k� (18)

xi
k�1 � xi

k � vi
k�1 (19)

where wk is the inertia weight, controlling the impact of the
previous velocity on its current one. c1 and c2 are positive con-
stants, called acceleration coefficients. r1 and r2 are stochastic
coefficients that are uniformly distributed in the interval [0,1].

In order to modify wk, the method given below is used:

wk � w max � �w max � w min� × �k � 1��iter max (20)

In the MPSO, k is the current number of iteration, and itermax

is the maximal number of iterations; the inertia weight wk starts
with a high value wmax and nonlinearly decreases to wmin.

According to Eqs. (18) and (19), the population of particles
tends to cluster together from different directions. The PSO
algorithm runs until the termination criterion is satisfied.
Fig. 1 represents the convergence property of the MPSO algo-
rithm in the process of searching for the minimum error of
prediction. After 100 iterations, fitness is close to the mini-
mum point. It is clearly obvious that the method can obtain
good computation efficiency and convergence property. Fig. 2
shows that the inertia weight wk of the MPSO nonlinearly
decreases from wmax to wmin with increasing iterations.
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2.3 Hybrid MPSO-RVM Algorithm

Based on Sect. 2.1 and 2.2, a modified PSO opti-
mizes the kernel parameter r of the RVM, and then
the MPSO-RVM model is developed. The r value is
strongly related to the precise prediction of the
model. The flow chart of the MPSO-RVM is shown
in Fig. 3. Furthermore, the detailed procedure of the
MPSO-RVM model is outlined as follows:
Step 1: Create the initial position of particles x with
one dimension for the parameter of the RVM. In-
itialize the velocity of particles v, the maximum
number of iteration itermax, and the number of
particles Popsize.
Step 2: According to the model RVM, the initial re-
sult �yi is obtained. Evaluate the initial fitness of
each particle according to Eq. (17). Then, let the
particles with the best fitness be the initial pbest.
The initial gbest is obtained from the pbest particles.
Step 3: According to Eq. (20), calculate the weights
wk.
Step 4: Update the position and the velocity of
every particle xi according to Eqs. (18) and (19). In
this paper, the parameters are taken as c1 = c2 =
2.0. If vi > vmax, refine vi = vmax; if vi < –vmax, refine
vi = –vmax.
Step 6: Set i = 1, with the updated xi, calculate the
fitness again.
Step 7: Update the pbest according to the fitness; if
the fitness of the current particle is lower than the
fitness of the initial pbest, use the current pbest and
update the gbest.
Step 8: i = i + 1, if i > Popsize, go to Step 9; else go
back to Step 6.
Step 9: Taking the updated pbest as the parameter of
the model RVM, the new prediction can be ob-
tained. Then update the pbest and the gbest accord-
ing to the new fitness.

Step 10: k = k + 1, if k > itermax, go to Step 11; else go to Step 3.
Step 11: Take the updated gbest as the optimized parameter of
the model RVM. The final solution of the optimizing problem
is found.
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Figure 1. Convergence behavior of the MPSO algorithm.
Figure 2. Performance of the inertia weight of MPSO.

Figure 3. Flow chart of the hybrid MPSO-RVM algorithm.
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2.4 Online Correcting Strategy

The static MPSO-RVM model with fixed parameters does not
take into account the problem how to modify the model
whenever a new sample is available, so it cannot be adapted to
a dynamic system. With new samples gradually added to the
training dataset, a bigger prediction error will be generated. It
is difficult for the model to be used in an online MI prediction
system. Therefore, it is quite important to modify the MPSO-
RVM model when a new sample is added into the training
dataset.

In order to obtain higher prediction precision, the OCS is
used. The main idea of the OCS is to dynamically modify the
training dataset with new samples and then find the best
parameter for the RVM model step by step. The OCS can
quickly find a new MPSO-RVM model that works well both
on the history dataset and the new added data. The flow chart
of the OCS is shown in Fig. 4. The analytic value of the MI at
time t can be available at time t + d due to the delay of analysis.
The analytic value mia, along with the predicted value mip and
the input variables x at time t, is then put into the OCS. The

OCS first calculates the difference between mia and mip. For
example, if �mia � mip� � MXAE, where MXAE is the mean
absolute error of the MPSO-RVM model performs on the
training dataset, new training data {x�t��mia�t�} should be
added into the training dataset. Then the MPSO algorithm
starts using the new training dataset to get a new MPSO-RVM
model.

3 Experimental Case Study

A simple schematic diagram of a propylene polymerization
process, which has been recently operated for commerce in a
real plant, is shown in Fig. 5. There is a chain of reactors in se-
ries, two continuous stirred-tank reactors (CSTR) and two flu-
idized-bed reactors (FBR). The polymerization reaction begins
with a liquid phase in the two CSTR as first two reactors and is
completed in a vapor phase in the two FBR as the third and
fourth reactors to produce the powdered polymer product.
The MI of the PP, which depends on the reactant composition,
the reactor temperature, etc., can determine the properties and
quality of the product.

3.1 Selection of Input Variables

To develop a prediction model to estimate the MI, a group of
easily measured variables, which are acquired from the histori-
cal logs recorded in a real propylene polymerization plant,
were chosen. Totally, nine process variables (T, p, l, a, f1, f2, f3,
f4, f5) are chosen as the input data according to the workers’
experience and our mechanism analysis [19, 24]. T, p, l, a: Pro-
cess temperature, pressure, level of liquid, percentage of hydro-
gen in the vapor phase; f1, f2, f3: flow rates of three streams of
propylene; f4, f5: flow rates of the catalyst and the aid-catalyst,
respectively. The data are filtered to discard abnormal situa-
tions and to improve the quality of the prediction results. The
variables are normalized with the method of statistical normal-
ization. The detailed algorithm is as follows: from the data as a
vector, the mean of the data is subtracted, and this difference is
divided by the standard deviation; finally, normal data will be
obtained with mean zero and variance = 1. The normal data
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Figure 4. Flow chart of the online correcting strategy.
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from the time records are separated into training, testing, and
generalization datasets.
A collection of 85 pairs of input-output data are used in this
research. For the LS-SVM, RVM, and MPSO-RVM models,
40 pairs are used as the training dataset; the others are used as
the test set. For the OCS-MPSO-RVM model, 20 pairs are used
as the training dataset; the remaining 65 pairs are used as the
testing dataset and the generalization dataset, where the num-
ber of the testing dataset is 40 and the generalization dataset is
25. It is noted that the training set is taken from the same
batch as the testing dataset, while the generalization dataset is
obtained from a different one. So, in this paper, the perfor-
mance of the test can reflect the model’s prediction accuracy
and the performance of generalization can reflect the model’s
universality.

3.2 Performance Criterion

In this paper, the difference between the output of the models
and the real output is considered as the error and represented
in several ways, including mean absolute error (MAE), maxi-
mum mean absolute error (MXAE), mean relative error
(MRE), root mean square error (RMSE), and Theil’s inequality
coefficient (TIC) [32]. They are defined as follows:

MAE � 1

n

�n

i�1

yi � �yi

�� �� (21)

MXAE � max yi � �yi

�� �� (22)

MRE � 1

n

�n

i�1

�yi � �yi�
yi

× 100% (23)

RMSE �
������������������������������
1

n

�n

i�1

yi � �yi� �2

�
(24)

TIC �

����������������������������
1

n

�n
i�1

yi � �yi� �2

�
�������������n
i�1

yi
2

�
�

�������������n
i�1

�yi
2

� (25)

where ei � yi � �yi, �e � 1

n

�n

i�1
e, and yi and �yi denote the mea-

sured value and predicted result, respectively.

In order to assess the performance of the proposed OCS-
MPSO-RVM model, the other three models, i.e. LS-SVM,
RVM, MPSO-RVM, are also developed as comparison basis
based on the group’s previous work [24, 33, 34]. MAE, MXAE,
MRE, and RMSE confirm the prediction accuracy of the pro-
posed methods. The standard deviation (STD) indicates the
predictive stability of the methods, and the TIC indicates the
level of agreement between the proposed models and the real
process.

3.3 Algorithm Configuration

In the proposed OCS-MPSO-RVM method, many parameters
need to be set carefully. In the MPSO algorithm, the particle
number Popsize is set to 50, and c1 and c2 are initialized to 2.0.
The initial value of the velocity vector is constrained into
[–1,1], and the modified vmax is set to 2. For the inertia weight
wk, we set wmax = 0.8, wmin = 0.2. The algorithm stops when
the itermax meets 200.

To obtain a good performance of the RVM model, the pa-
rameter is set differently in each operation process. At last, the
one much better than the mean value is chosen in this paper.

4 Results and Discussion

Tab. 1 shows that the RVM model with MPSO has the best per-
formance on the testing dataset overall. In a detailed study
through error indicators mentioned in Section 3.2, the MPSO-
RVM gives an MAE of 0.0055, compared with 0.0149 and
0.0842 obtained from the corresponding RVM and LS-SVM
[24], respectively. In terms of MRE, the MPSO-RVM predic-
tion accuracy is 0.21 % and that of the RVM is 0.60 %, much
better than the LS-SVM accuracy (3.66 %) obtained by Shi and
Liu [24]. Similar results are observed in terms of RMSE, with a
decrease from 0.0800 to 0.0700. It is noted that the TIC of the
MPSO-RVM (0.0040) is quite acceptable when compared with
that of the RVM (0.0045) and the LS-SVM (0.0240), which in-
dicates a good level of agreement between the proposed model
and the real process. Moreover, the MXAE obtained by the
MPSO-RVM model is 0.0900, which is close to that of the
RVM (0.0800). So the RVM model has a better performance
than the LS-SVM model obtained by Shi and Liu [24], and the
RVM model optimized by the MPSO algorithm is the best of
the three models. All in all, the MAE, MRE, RMSE, MXAE and
TIC of the OCS-MPSO-RVM model are the smallest shown in
Tab. 2, with decreased percentages of 24, 14, 94, 95, and 78 %
compared to those of the MPSO-RVM, which is the best
model shown in Tab. 1. Moreover, on the generalization data-
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Table 1. Performance comparison of different soft sensors on the testing dataset.

Methods MAE MRE RMSE MXAE TIC

LS-SVM [24] 0.0842 3.66 % – – 0.0240

RVM 0.0149 0.60 % 0.0800 0.0800 0.0045

MPSO-RVM 0.0055 0.21 % 0.0700 0.0900 0.0040
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set, the performance of the OCS-MPSO-RVM model is also
good, according to the results of MAE (0.0039), MRE
(0.15 %), RMSE (0.0040), MXAE (0.0040), and TIC (0.00077).
Therefore, the proposed OCS-MPSO-RVM model in this
paper has a good universality.

A more distinct illustration of how much better the MPSO-
RVM model works than the other two models on the testing
dataset is shown in Fig. 6. The x-axis is the real MI value of the
real plant, while the y-axis is the predicted value. The curves
marked with circles, triangles and crosses are the prediction
values by the LS-SVM, RVM and MPSO-RVM, respectively.
Obviously, the marks that are close to the diagonal indicate
that the predicted value approximates the real value. As visible,
the OCS-MPSO-RVM model yields consistently good predic-
tion and a performance that is a little better than that of the
RVM and LS-SVM models.

Fig. 7 illustrates the performance of the OCS-MPSO-RVM
model on the testing and generalization datasets. The model

precisely predicts most of the testing and generalization data-
sets due to its online adjustment mechanism. Clearly, the
OCS-MPSO-RVM model gives a near-reality MI value predic-
tion, much more accurate than the single RVM model and the
LS-SVM. Thus, it is proven that the OCS-MPSO-RVM model
holds excellent performance in MI prediction, both statistically
and graphically.

Tab. 3 compares the OCS-MPSO-RVM model with other
models presented in the open literature [24, 33–36]; note that
the industrial data of Refs. [24, 34] is the same as in this paper,
while the data of Refs. [33, 35, 36] is different from this paper.
So the results of Refs. [33, 35, 36] are for reference only. With
the same industrial data, our work improves the prediction
precision from MRE 3.27 % presented in [24] to MRE 0.15 %,
and the RMSE of our work is the smallest, which indicates that
the method presented in this article has obviously improved
the prediction precision.

Chem. Eng. Technol. 2012, 35, No. 5, 819–826 © 2012 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.cet-journal.com

Table 2. Performance of the OCS-MPSO-RVM model on the test and generalization datasets.

OCS-MPSO-RVM MAE MRE RMSE MXAE TIC

Test 0.0042 0.18 % 0.0041 0.0049 0.00088

Generalization 0.0039 0.15 % 0.0040 0.0040 0.00077

Figure 6. Comparative performance of the LS-SVM, RVM,
MPSO-RVM models.

Figure 7. Performance of the OCS-MPSO-RVM model on the
testing and generalization datasets.

Table 3. Comparison between the current work and earlier published articles.

Literature Methods MAE MRE RMSE TIC

Cao [33] Adaptive RBF 0.10 – 0.62 –

Shi and Liu [24] WLS-SVM 0.0754 3.27 % – 0.0223

Lou and Liu [34] PCA-GA-RBF 0.022 0.84 % 0.0597 –

Kim and Yeo [35] Mechanism model – – 0.46 –

Yeo et al. [36] New RPLS – – 0.1466 –

This paper OCS-MPSO-RVM 0.0042 0.15 % 0.0040 0.00077
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5 Conclusions

The prediction of the MI of PP in a real industrial plant using
the OCS-MPSO-RVM model, which aimed at continuous op-
timizing problems in MI prediction, is presented in this paper.
With the many advantages of the RVM, the performance of
the RVM is much better compared to the LS-SVM. The experi-
mental results show that the RVM with the MPSO algorithm
is more efficient than the pure RVM method. The OCS is ap-
plied in this research to modify the MPSO-RVM model, and
by combining MPSO and OCS, we obtain a satisfactory MI
prediction system. For comparison purposes, the LS-SVM,
RVM, MPSO-RVM, OCS-MPSO-RVM are developed and
evaluated. The estimation errors can be reduced by using the
MPSO-RVM model, and can be further reduced by using the
OCS-MPSO-RVM model. The application of the proposed
training method to the test and generalization data obtained
from an industrial polymerization plant demonstrated its
effectiveness and reliability. The OCS-MPSO-RVM model pre-
dicts the MI with an MRE of 0.18 % on the test dataset, which
is much more accurate than with the RVM model with an
MRE of 0.60 %, and much better than with the LS-SVM model
with an MRE of 1.57 %. The proposed modeling approach is
therefore supposed to have a promising potential for practical
use.
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