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Melt index (MI) is considered as one of the most important variables of the quality, which determines the
product specifications. Thus, a reliable estimation of MI is crucial in the quality control of the practical
processes in the propylene polymerization (PP). An optimal soft sensor, named the least squares support
vector machines with Ant Colony-Immune Clone Particle Swarm Optimization (AC-ICPSO-LSSVM), is
therefore proposed. It combines the advantages of the high accuracy of LSSVM and the fast convergence
of PSO. Furthermore, the immune clone (IC) method is introduced into the PSO algorithm to make the
particles of ICPSO diverse and enhance global search capability for avoiding the premature convergence
and local optimization of the conventional PSO algorithm. Besides, to widen data range, improve search
precision and convergence efficiency, and avoid premature convergence, Ant Colony Optimization (ACO)
is introduced to find the initial particles for PSO algorithm. The resultant hybrid AC-ICPSO algorithm is
then applied to optimize the parameters of LSSVM, so the optimal prediction model of melt index,
AC-ICPSO-LSSVM, is obtained. As the comparative basis, the models of ICPSO-LSSVM, PSO-LSSVM, and
LSSVM are also developed respectively. Based on the data from a real PP production plant, a detailed
comparison of the models is carried out. These models are also compared with RBF method reported in
the open literature. The research results reveal the prediction accuracy and validity of the proposed

approach.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Polymer production has a critical influence in some aspects of
industry, military, economy and so on. Melt index (MI) of poly-
propylene determines the grade of the product as well as the other
product properties, so it is considered as one of the most
important quality variables in the practical industrial polymeriza-
tion process. However, the MI of polypropylene is usually sampled
online and then measured offline with an analytical procedure in
the laboratory, which is not only costly but also time consuming
(2-4 h) [1]. Therefore, the development of MI on-line estimation
model is significant, not only as an on-line sensor but also as a
forecasting system.

A number of researchers have attempted to find many modeling
approaches for the prediction of the melt index or the application in
the industrial process [2-7]. Embirucu et al. [8] and Tian et al. [9]
developed models based on process mass and energy balance. Feil
et al. [10] presented a semi-mechanistic modeling to monitor the
industrial processes. Because polymerization processes are usually
highly nonlinear processes, and neural networks can approximate
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any continuous nonlinear functions, neural network (NN) and the
improved NN have been applied to system modeling and control
[11-14]. Shi et al. [15] and Shi and Liu [16] developed several soft-
sensor models for MI prediction based on ICA-MSA-RBF (indepen-
dent component analysis, multi-scale analysis and RBF neural
network) and PCA-MS-RBF. Zhang et al. [17] sequentially pre-
sented a bootstrap aggregated neural network model, which could
overcome the problems of the single NN, such as over-fitting and
the lack of generalization capability. To avoid the problem of NN,
Han et al. [18] employed three approaches, which were SVM
(supported vector machines), PLS (partial least square) and artifi-
cial neural networks, for MI estimation of San and PP process.
Detailed comparison researches among the standard SVM, LSSVM,
and weighted LSSVM (WLSSVM) models were carried out by Shi
and Liu [19]. Although these works have been done in MI
prediction, greater performance in prediction and better univers-
ality of the estimation model are still the first-line goal in
academia and industrial community.

In this paper, a novel ant colony-immune clone particle swarm
optimization (AC-ICPSO) algorithm is proposed to optimize the
parameters of LSSVM model, which uses ACO algorithm to find the
initial particles and combines mutation and clone factor to
efficiently control the global search of LSSVM model. The basic
PSO [20-24] algorithm often suffers the problem of being trapped
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Nomenclatures

PSO particle swarm optimization

ACO ant colony optimization

IC immune clone

ICPSO  immune clone particle swarm optimization

AC-ICPSO ant colony- immune clone particle swarm
optimization

LSSVM least squares support vector machine

MI melt index

NN neural network

ICA independent component analysis

KKT Karush-Khun-Tucker

IQR interquartile range

CSTR continuous stirred-tank reactor

FBR fluidized-bed reactor

MAE mean absolute error

MRE mean relative error

RMSE  root mean square error

STD standard deviation of absolute error
TIC Theil's Inequality Coefficient

PP polypropylene

T temperature

p pressure

l level of liquid

a percentage of hydrogen in vapor phase
f1, 2, f3 flow rate of 3 streams of propylene
fa flow rate of catalyst

5 flow rate of aid-catalyst

into local optimum which leads to premature convergence. Thus
immune clone(IC) algorithm is further proposed to enhance the
variety of colony particles and the reliability of global convergence
while optimizing the parameters of LSSVM model.

The rest of the paper is organized as follows: Section 2 provides
the theoretic descriptions of least squares support vector machine
(LSSVM), ant colony optimization (ACO), particle swarm optimiza-
tion (PSO), and immune clone(IC). The AC-ICPSO-LSSVM is pre-
sented. Case study is presented and discussed in Section 3. Finally,
Section 4 concludes this paper.

2. Least squares support vector machines

The support vector machine method introduced by Vapnik is a
valuable tool for solving pattern recognition and classification
problems [25,26], and is employed to solve many problems
successfully in lots of fields [27-29]. According to the practice, to
overcome the disadvantage of slow training velocity in large-scale
problem, least squares support vector machines (LSSVM) was
presented by Suykens, which transforms the quadratic optimiza-
tion problem into that of solving a linear equation set [30].

Suppose that there is a set of data {x;, yi}?:] with the input
data x; and the corresponding goal y;. In the modeling of least
square support vector machine, the error & quadratic norm is
taken as the LSSVM's loss function. The following optimization
problem is considered:

1

. 1n
min J(w, &) = ijw+yj & y>0 1)
w,b,é i=1

Subject to the equality constraints

Vi=o o) +b+¢&, i=1,2,--n 2)

And, the model of LSSVM is as follows:
fxy=o"px)+b 3)

In Eq. (1), J(w, &) is objective function, 1/20w is used as a
flatness measurement function. y is a punishment factor, which
determines the tradeoff between the training error and the model
flatness. &=aify is the error variable. In Eq. (2), the nonlinear
mapping ¢ maps the input data into a so-called high dimensional
feature space, where a linear regression problem is obtained and
solved. In Eq. (3), b is the bias and o is a weight vector of the same
dimension as the feature space.

The LSSVM's loss function is different from the standard
SVM [31]. For the optimization problem, the Lagrange function is

introduced as follows:

Lw.b.&w) =J@.8) 3 alo’px) + b+ &) (4)

With fi=1,2,---,n) Lagrange multipliers, the conditions for
optimality

n
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can be written as the following set of linear equations, eliminating

w, &

0 1 1 0

1 K(xp,x1)+1 K(x1,Xn) b

: 1.1 y 1.n {}: }’:1 ©)

1 K(x1,xn) K(xn,xn) + } Yn

where a=[a1,,an]", and the Mercer's condition K(x;%;)=g(x;)"p
(x;) is so-called kernel function. The resulting LSSVM model for
function estimation becomes

n
feo= 3 akex)+b 7)
i=
where «;, b are the solution to Eq. (6), K(e, ®) represents the high
dimensional feature spaces that is non-linearly mapped from the
input data x.

Common kernel functions of SVM can be divided into the local
kernel function and the whole kernel function. The whole kernel
function has the overall situation characteristic, and the data
points which are far between them have influence to the value
of kernel function. On the other hand, the local kernel function has
the topicality, which allows the dataset to affect the value of kernel
function only in small domain.

There are some different forms of kernel functions K(x, x;)

(1) The linear kernel: K(x,y) =x"y
(2) The poly kernel: K(x,y) = (1 + x"y/¢%)¢
(3) The RBF kernel: K(x,y) = exp{-||x-y||*/2¢?}

In this paper, the RBF kernel is applied because it is frequently used
for various regression problems for its high resolution power [18,19].
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So the kernel parameter o needs to be optimized, which will be
introduced in Section 3.

3. AC-ICPSO algorithm

AC-ICPSO is a cooperation of two heuristic algorithms, i.e. ant
colony optimization (ACO) and immune clone particle swarm
optimization (ICPSO). The proposed hybrid optimization is split
into two stages, where ACO is used in the first stage and ICPSO in
the second stage. An ant in ACO can be regarded as a particle, and
the dimension of every ant equates to the number of the destina-
tion notes which are the two parameters of LSSVM (the regular-
ization factor y and the kernel parameter o). To find the best
parameters in ICPSO, the number of ants is N in this paper. The
basic process of AC-ICPSO is: after the initialization of ACO, find
the best ants one by one until a complete solution is constructed,
which is regarded as initial position of particles in ICPSO. Then
update the position and the velocity of every particle followed by
cloning a part on particles. To end with ICPSO algorithm, we find
the best parameters of LSSVM, so the optimal AC-ICPSO-LSSVM
model for predicting MI is proposed. D represents the number of
parameters of LSSVM which need to be optimized, and also
represents the dimension of every ant and every particle. N is
the number of ants or particles.

3.1. Ant colony optimization algorithm

ACO is an improved version of the Ant System which was
proposed by Colomi, Dorigo and Maniezzo [32-34]. This algorithm
simulates the natural behavior of ants, including mechanisms of
cooperation and adaptation. Each ant deposits some pheromone
along the path it has passed through. The involved ants are steered
toward the local and global optimization through a mechanism of
feedback of the pheromone and pheromone intensity. Eventually the
better path which has more pheromone deposited can be found and
all the ants will favor the particular path, which is expected to be the
optimum or a near-optimum solution for the target problem.

There are three core steps of ACO: selection probability, local
pheromone update, and global pheromone update.

3.1.1. Selection probability

After initializing, each ant seeks next pixel according to the
following regulations. If ant's current node is node i, and will
transform to next node j, the probability is p;. The probability
depends on two parameters, the trail level z% and the heuristic
information »~.

arg MaXgabul 7] 4<do

o .
pij= kEEb]u . J¢tabu, q>qq ®)
0 jetabu, q>qq
E E
= ap 0 = )]
d(Pj’ G) \/(ij —Xc)z + (ypj —y(;)z + (ij —Zc)z

where « indicates important degree of rudimental pheromone, z;;
presents total amount of pheromone deposited on the edge
between node i and node j, ; presents visibility degree between
the node P; and the goal point G, g controls the relative importance
of visibility. tabu indicates the set of unallowed passed nodes of
ant. ge(0,1) is random number, qoe(0,1)is constant. E is positive
constant. d(P;G) indicates the length between the two points P;
and G.

3.1.2. Local pheromone update
After each ant had passed an edge, updating pheromone on
each edge according to the following regulations:

ok

z
tj—(1=p1)zjj T (10)

fitness = (y;*—9,)* /2 (1)

where z is denoted as the fitness of the best result found so far, z
is denoted as the fitness of current solution generated. The ratio is
then multiplied with the pheromone level so as to renew the
present pheromone level. y¥, ; denote the measured value and the
predicted result, respectively. The fitness indicates the error of
prediction. So the lower the fitness is, the better the solution is. p;
represents the evaporation of trail. The local pheromone update is
performed by all the ants after each construction step.

3.1.3. Global pheromone update

Tij < Tjj +P2AT,‘B}S (]2)

A = (zi*q)rij (13)

where p, is global pheromone volatilization coefficient. z is
denoted as the average fitness of all the particles in the swarm,
and 7z is the best fitness found so far. According to the Eq. (13), it
encourages the best ant to release more pheromone on the trail if
the average fitness is far away from the best. The advantage of
global updating is that it reduces the computation effort of
pheromone update.

3.2. Immune clone PSO algorithm

PSO algorithm is a method for optimizing hard numerical
functions, originally developed by Kennedy and Eberhart [35],
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 opti-
mum [36-39].

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 :(X“,Xi27"',xiu) (]4)

Vi — (V“, Vi2’ "'ViD) (] 5)
where D is size of the particles for the D-dimension problem.
VIE[—Vmax, Vmax] and Vimax is the designed maximum velocity. The
velocity of each particle is updated by keeping track of two best
positions. One is its current best position of a particle, named ppes;, and
the other is the best position of the whole population, called gpest.
Hence, the velocity and position of a particle are updated as follows:

V;<+1 = W’<V;< +ain (pbest_xb +C r2(gbest_X;<) (] 6)
x;<+1 = X;< + v}‘c+1 (17)
Wi = Winax—(Wmax—Wnin) X (k—1)/itermax (18)

where wy, is inertia weight, controlling the impact of the previous
velocity on its current one. ¢; and c, are positive constants, called
acceleration coefficients. r; and r, are stochastic coefficients that are
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uniformly distributed in the interval [0, 1]. k is the current number
of iteration, and iterpax is the maximal number of iteration.

According to Eq. (16,17), the population of particles tends to
cluster together from different directions. The PSO algorithm runs
until the termination criterion is satisfied.

The immune clone algorithm (IC) has the desirable character-
istics in optimization and offers significant advantages over the
conventional PSO method. IC can enhance the immune ability
through the mutation of antibody colony. An antibody has a great
fitness and thus it must be preserved and developed as a new
particle. IC algorithm can enhance the diversity in a colony and the
reliability of global convergence. Fig. 1 shows a sketch of ICPSO
algorithm, where a number of particles undertake mutation
operation to further change their positions to increase the chance
for the swarm to escape from local optima.

(1) Cloning operation. In the immune system, operation of clone
generates offspring by asexual reproduction. There is an anti-
body Q={x!, x% -, xP}, which is the local best position ppes: at
one iteration. The cloning operation is defined as follows:

clone(Q) = clone({x',x?, ---,x"})
= {{x.xd XD x5, B ) e g XD )

=1{Q1.Q2. -, Qn} (19)

In order to let all antibodies have the same clone scale, here we
define the following number:

m=/[s x Popsize/i] i=1,2,-.-,Popsize (20)
where s is a constant number, Popsize is the size of the
particles, [x] rounds the elements of x to the nearest integers
toward infinity.

Mutating operation. The main strategy of IC algorithm is the
operation of mutate. It can generate a new antibody by
mutating one or multiple dots of the selected antibody. The
mutating operation is defined as follows:

—~
N
—

mutate(Q) = mutate ({xl, e XL ---xD})

:{x1,...,x",...xD} (21)

X' = Pest + randn (22)

the value of antibody's i dimension changes in the operation of
mutate. randn returns a pseudorandom, scalar value drawn from
a normal distribution with mean 0 and standard deviation 1.

Fitness evaluation. The fitness indicates whether a particle is
excellent or not. A particle with a lower fitness can be selected

—
w
—

Fig. 1. Sketch of ICPSO.

and come into next generation. The function of fitness is
Eq. (11).

(4) Selection. The best particles are selected to the next generation
according their fitness to enhance the quality of the colony.

3.3. Hybrid AC-ICPSO-LSSVM algorithm

Based on the above mentioned Section 3.1-3.2, the AC-ICPSO
algorithm optimizes the parameters of LSSVM, which are the regular-
ization factor y and the kernel parameter ¢, named AC-ICPSO-LSSVM
algorithm. The ¢ value is related to the distance between the training
points and the smoothness of the interpolation of the model. The y
value is in charge of the trade-off between the smoothness of the
model and its accuracy. The flow chart of AC-ICPSO-LSSVM is shown in
Fig. 2, where the whole optimization process is shown. Furthermore,
the detailed procedure of AC-ICPSO-LSSVM algorithm can be described
in 2 stages with 16 steps as follows:

Step 1. Initialization: a, B, p1, p2, qo.EiC1,C2, 71,72, V, Wmax, Winin,
N (Popsize), itermaxand initial pheromone t;(0).

Stage 1
Step 2: An ant is randomly placed on the set of machines.
Step 3: Ant moving: each ant in ant group moves a step
based on the probability information shown in Eq. (8,9).
Repeat this step until a complete solution is constructed.
Step 4: Local updating: update the pheromone trail using
the local pheromone update shown in Egs. (10,11).
Step 5: Global updating: when each ant arrives at G, the
pheromone trail is updated by using global pheromone as
shown in Egs. (12,13) to generate the solution closer to the
best solution.
Step 6: Repeat step 2 to 5 for N ants to generate a swarm of
particles.

Stage 2
Step 7: According to the model LSSVM, we get the initial
result y;. Evaluate the initial fitness of each particle accord-
ing to Eq. (11). Then we let the particles with the best fitness
to be the initial ppest. From the ppes; particles, we can get the
initial gpest-
Step 8: According to the Eq. (18), calculate the weights w.
Step 9: Update the position and the velocity of every particle
x' according to the Egs. (16,17). In this paper, the parameters
are taken as, ¢;=c,=2.0. If V! > vy, refine vi=vp.y; if
Vi < —Vmax, Tefine vi = —vpax.
Step 10: Set i=1, we made m clones of the ppes: of each
particle according to Egs. (19,20), then mutate the particles
which are generated by cloning according to Egs. (21,22).
Step 11: According to the prediction of the model LSSVM,
calculate the fitness of particles which are generated by
cloning and mutating.
Step 12: Update the ppest according to the fitness. If the
fitness of current particle is lower than the fitness of the
initial ppest, we should use the current ppes: and update the
8best-
Step 13: i=i+1, if i > Popsize, go to Step 14; else go back to
Step 10.
Step 14: Taking the updated ppes; as the parameters of the
model LSSVM, we can obtain the new prediction. Then we
update the ppest and the gpes according to the new fitness.
Step 15: Repeat Step 8 to 14 until itermax is met, otherwise
proceed to Step 16.
Step 16: Take the updated gpes as the optimized parameters
of the model LSSVM. The final solution of the optimizing
problem is found.

Please cite this article as: H. Jiang, et al., Melt index prediction using optimized least squares support vector machines based on hybrid
particle swarm optimization algorithm, Neurocomputing (2013), http://dx.doi.org/10.1016/j.neucom.2013.03.006



http://dx.doi.org/10.1016/j.neucom.2013.03.006
http://dx.doi.org/10.1016/j.neucom.2013.03.006
http://dx.doi.org/10.1016/j.neucom.2013.03.006

H. Jiang et al. / Neurocomputing 1 (AEER) ERE-REN 5

| Initialization

l

An ant is placed from source node

v i

Ant 1 Ant 2

° o o Ant N

1 2w

Ant moving, Local updding, Global updating

End ?

Yes

No

Generate a swarm of particles

Evaluate the initial fitness of
each particle by LSSVM

Velocity update
Position update

l

7 38e1s

Clone and mutate some particles

best

Update the fitness and the global

End ?

Yes

No
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— the parameters of LSSVM
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Fig. 2. The flow chart of hybrid AC-ICPSO-LSSVM algorithm.

The proposed AC-ICPSO methods, which combine ant colony
optimization (ACO) and immune clone particle swarm optimiza-
tion (ICPSO), can inherit the advantage of global convergence and
avoid premature convergence of the conventional PSO algorithm.
The immune clone algorithm (IC) has the desirable characteristics
in optimization and offers significant advantages over the conven-
tional PSO method.

4. Case study

A simple schematic diagram of a propylene polymerization
process, which is recently operated for commerce in a real plant, is

shown in Fig. 3. There are a chain of reactors in series, two
continuous stirred-tank reactors (CSTR) and two fluidized-bed
reactors (FBR).The polymerization reaction begins with a liquid
phase in the first two CSTRs and is completed in a vapor phase in
the third and fourth FBRs to produce the powdered polymer
product. The melt index of the polypropylene, which depends on
reactant composition, reactor temperature, etc., can determine the
property and quality of the product.

To develop a prediction model to estimate the MI, a group of
easy-measured variables, which are acquired from the historical
logs recorded in a real propylene polymerization plant, have been
chosen. Thirty process variables were measured in our study.
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Hydrogen
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Fig. 3. General scheme of propylene polymerization.

A pool of process variables (T, p, |, a, f1, f2, f3, f4, f5) are chosen as
the input data according to the workers' experience and our
mechanism analysis [16,19], where T, p, I, a are process tempera-
tures, pressure, level of liquid, and percentage of hydrogen in
vapor phase respectively; f1, f2, f3 are flow rate of 3 streams of
propylene respectively; f4, f5 are flow rate of catalyst and aid-
catalyst respectively. Following, we take the percentage of hydro-
gen in vapor phase as illustration. As shown in the following
figure, there is a strong correlation between the percentage of
hydrogen in vapor phase and melt index, which was therefore
chosen as the input variable.

As shown in Fig. 4, the melt index changes over time, these
including the data of 9 operation variables constitute the data set
of the current work, which are the time series data of the
considered real polypropylene producing process and are there-
fore the dynamic data. Data are filtered to discard abnormal
situations and to improve the quality of the prediction results.
The variables are normalized with respect to their standard
deviation value and mean value. Data from the time records are
separated into training, test, generalization sets. Here the data sets
are selected from the time series of recorded plant data as sample
number. The sample number represents sample time, 50 of which
are used as the training set, 20 are used as the test set, and the
remaining 15 are used as generalization set. It should be noted that
the current dynamic time series data are from the same brand of
polypropylene production, not from the brand transition for the
multistage productions in polypropylene manufacturing process.
The former is a slowly varying dynamic process; the latter is
dynamic process with intense disturbance. And it is also noted
that the training set is taken from the same batch with the test set,
while the generalization set is obtained from another one. So in
this paper the performance of test can reflect the model's predic-
tion accuracy and the performance of generalization can reflect the
model's universality.

The initial parameters of the AC-ICPSO algorithm are given as
follows: in the ACO algorithm, the ant number N is set to 30,
a=p=1.0, p1=0.5, p=0.7, go=3.0, E=1.0. In the PSO algorithm,
the dimension number D=2, the particle number Popsize=N=30,
c; and cpare initialized to 2.0. The initial value of velocity vector is
constrained into [-1, 1], and the modified v is set to 2. For the
inertia weight wy, we set Wpax = 0.8,wp,, = 0.2. The algorithm
stops when the iterp.x meets 100. In the IC algorithm, the
parameter s is set to 1.

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), mean relative
error (MRE), root mean square error (RMSE), standard deviation of
absolute error (STD), and Theil's Inequality Coefficient (TIC) [40].
They are defined as the following, respectively:

yi=yil (23)

MAE:1
n;=,

1

I ™M=

Standardization Value

0 10 20 30 40 50 60 70 80 90
Sample Time

Fig. 4. The correlation of percentage of hydrogen in vapor phase and MI.

n V-
MRE= 1 3 WiVl 100y, 24)
=1 i
l n A 2
RMSE = EZl -y (25)
1=
STD=,/— Y (e;—€) (26)
n-1;=,
1y 62
a_Zl =y
TIC = = 27
n n )
Yyt Xy

where e; =y;-y;, e=1/nY"_,e;, and y;, y; denote the measured
value and predicted result, respectively.

In order to investigate the performance of the proposed, are
also AC-ICPSO-LSSVM model, the other two models, i.e., LSSVM,
PSO-LSSVM developed to be as comparison basis, where LSSVM is
based on a previous research of the group [19]. The detailed
comparison of test performance among the four models and RBF
method reported in the open literature [15] is listed in Table 1. The
MAE, MRE, and RMSE confirm the prediction accuracy of the
proposed methods, the STD indicates the predictive stability of the
methods, and the TIC indicates the level of agreement between the
proposed models and the real process.

It shows that the LSSVM model with AC-ICPSO has the best
performance over all, with MAE of 0.0518, compared with 0.0538
and 0.0590 obtained from the corresponding ICPSO-LSSVM and
PSO-LSSVM, 0.0842 of LSSVM which was reported by Shi and Liu
[19], 0.0848 of ICA-MS-RBF in [15]. In terms of MRE, the AC-ICPSO-
LSSVM's prediction accuracy is 1.97% and that of ICPSO-LSSVM is
2.05%, much better than LSSVM (3.66%), decreasing 46%, 44%
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Prediction of LSSVM models before and after optimization on the test dataset.

Model MAE MRE (%) RMSE STD TIC Correlation
coefficient

ICA-MS-RBF [15] 0.9848 3.50 0.1034 - 0.0211 -

LSSVM [19] 0.0842 3.66 - 0.1116  0.0240 -
PSO-LSSVM 0.0590 2.24 0.1041 0.0943 0.0209 0.7369
ICPSO-LSSVM 0.0538 2.05 0.0965 0.0931 0.0193 0.7639
AC-ICPSO-LSSVM  0.0518 1.97 0.0938 0.0913 0.0188 0.7789

Test
3 T T T T T T T T T
—+— Analytic value
29l o4 LSSYM i
- PSO-LSSVYM
sgl oy |CPSO-LSSYM i )
' —— AC-ICPSO-LSSVM
27
26
25
24F
23F
22 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20

Sample Number

Fig. 5. Prediction of the optimized models on the test dataset.

respectively. Similar results are observed in terms of RMSE, with a
decrease from 0.1041 to 0.0938. Moreover, the STD obtained by
AC-ICPSO-LSSVM model is 0.0913, while that of ICPSO-LSSVM is
0.0931, that of PSO-LSSVM is 0.0943 and that of LSSVM is 0.1116.
So the AC-ICPSO-LSSVM model and ICPSO-LSSVM model have
better stability. It is noted that the TIC of AC-ICPSO-LSSVM (0.0188)
is quite acceptable when compared with that of ICPSO-LSSVM
(0.0193), PSO-LSSVM (0.0209), LSSVM (0.0240), ICA-MS-RBF
(0.0211), which indicates a good level of agreement between the
proposed model and the real process. All in all, the MAE, MRE, STD
and TIC of the AC-ICPSO-LSSVM model are the most smallest, with
percentage decreasing of 38%, 46%, 18%, 22% compared to that of
the pure LSSVM obtained by Shi [19].

The correlation coefficients are also listed in Table 1. The
correlation coefficients of PSO-LSSVM, ICPS-LSSVM and AC-
ICPSO-LSSVM are 0.7369 0.7639, 0.7789 respectively, which means
the prediction value of AC-ICPSO-LSSVM has a better correlation
with the analytic value than PSO-LSSVM and ICPS-LSSVM.

A more distinct illustration, in which shows how better the AC-
ICPSO-LSSVM model works than the other three models on the
testing dataset, is shown in Fig. 5. The curve marked with asterisks
is the real Ml value of the real plant, while the curves marked with
crosses and circles are the prediction values by LSSVM model and
PSO-LSSVM, respectively. The results predicted by ICPSO-LSSVM
model and AC-ICPSO-LSSVM model are depicted by the curves
marked with triangles and squares respectively. Obviously, the
LSSVM models with optimization (PSO-LSSVM, ICPSO-LSSVM, AC-
ICPSO-LSSVM) are better than the pure LSSVM model. As visual,
the AC-ICPSO-LSSVM model yields consistently good prediction
and performance a little better than the other models do.

7
Table 2
Prediction of LSSVM models before and after optimization on the generalization
dataset.
Model MAE MRE (%) RMSE STD TIC Correlation
Coefficient
ICA-MS-RBF [15] 0.0757 2.98 0.0799 - 0.0156 -
LSSVM [19] 0.0662 2.60 0.0313 0.0751 0.0138 -
PSO-LSSVM 0.0574 2.40 0.0746 0.0773 0.0153 0.8949
ICPSO-LSSVM 0.0455 1.90 0.0597 0.0616 0.0122 0.9381
AC-ICPSO-LSSVM  0.0411 1.72 0.0545 0.0560 0.0111 0.9550

Generalization
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21 1 1
0 8 10 15
Sample Number
Fig. 6. Prediction of the optimized models on the generalization dataset.

Table 3

Computation time of models (Intel 3.2GHz/8G RAM).

Model Computation time(s)
PSO-LSSVM 0.15
ICPSO-LSSVM 0.43
AC-ICPSO-LSSVM 1.62

To illustrate the universality of the proposed four models, a
digital comparison on the generalization dataset is listed in
Table 2. Giving an MRE of 1.72%, the AC-ICPSO-LSSVM model
defeats the other three models again, with a decrease of 33.85%
compared with 2.60% of LSSVM obtained by Shi and Liu [19]. And
the same trend occurs in terms of MAE, RMSE, STD, TIC and
correlation coefficient. Moreover, the visual comparison is shown
in Fig. 6. The curves marked with crosses, circles, triangles, and
squares are still the predicted values of LSSVM, PSO-LSSVM,
ICPSO-LSSVM, and AC-ICPSO-LSSVM respectively, while the
desired value curve is marked with asterisks. Clearly, the ICPSO-
LSSVM model and PSO-LSSVM model show better prediction
results than the pure LSSVM model. Moreover, the AC-ICPSO-
LSSVM model predicts the closer to the real MI value than the
ICPSO-LSSVM model. Obviously, this phenomenon can be clearly
seen from points 12-15, where the result of AC-ICPSO-LSSVM
model is the closest to the analytic value. Meanwhile, the same
result can be seen in Fig. 5.

The computation time (Intel Xeon 3.20G/8G RAM) of PSO-
LSSVM, ICPSO-LSSVM, AC-ICPSO-LSSVM is listed in Table 3.
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The computation time increases with the complexity of models.
However, even the computation time of the most complex model,
AC-ICPOSO-LSSVM,, is 1.62 s, it is suitable for the on-line predictor
and further researches on control.

5. Conclusion

The prediction of the melt index of polypropylene in a real
industrial plant using AC-ICPSO-LSSVM model, which aimed at
continuous optimizing problems in MI prediction, is presented in
this paper. To avoid the deficiency of the PSO algorithm, the ICPSO
is proposed, which overcame the premature convergence of PSO.
To further avoid premature convergence and widen data range, the
ACO is used to find the initial particles for ICPSO algorithm. For
comparison, LSSVM, PSO-LSSVM, ICPSO-LSSVM and AC-ICPSO-
LSSVM are developed and evaluated. The estimation errors can
be reduced by using ICPSO-LSSVM model, and can be further
reduced by using AC-ICPSO-LSSVM model. The application of the
proposed training method to the test and generalization data
gotten from an industrial polymerization plant demonstrates its
effectiveness and reliability. The AC-ICPSO-LSSVM model predicts
MI with MRE of 1.97% on the test dataset, which is much more
accurate than PSO-LSSVM model with the MRE of 2.24% and much
better than the best literature results reported by Shi and Liu [19].
These models are also compared with RBF method reported in the
open literature. The research results reveal the prediction accuracy
and validity of the proposed approach.
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