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Abstract. In this paper, the adaptation of network weights using
Particle Swarm Optimization (PSO) was proposed as a mechanism
to improve the performance of Artificial Neural Network (ANN) in
modeling a chemical process. This is particularly useful for cases
involving changing operating conditions as well as highly nonlin-
ear processes. As a case study, a Tennessee Eastman (TE) chemi-
cal process reactor was considered. Four subsystems of the reactor
were considered. They are the reactor level, the reactor pressure,
the reactor cooling water temperature, and the reactor temperature.
PSO is proposed to allow automatic update of network weightsto in-
crease the adaptability to dynamic environment. Comparisons were
also made to training the ANN using Genetic Algorithms (GAS). The
results obtained in this paper confirmed the potential of PSO-based
ANN model to successfully model the TE process. The results are
explored with a discussion using the Mean Square Error (M SE) and
Variance-Account-For (VAF) to illustrate the usability of the pro-
posed approach. Finally, conclusions and future works are derived.

1 Introduction

Over the years, the application of Artificial Neural Network (ANN)
in process industries has been growing in acceptance. Today, there
is agrowing interest of using ANNS to assist building a reasonable
model structure for physical nonlinear systems [25]. ANNs have a
special capacity to approximate the dynamics of nonlinear systems
in many applications in ablack box manner. An example of dynami-
cal nonlinear systems is a Tennessee Eastman (TE) chemical reactor
process [6]. Given sufficient input-output data, ANN is able to ap-
proximate any continuous function to arbitrary accuracy. In general,
the development of agood ANN model depends on several operators.
The first operator is related to the input-output data driven, where
model qualities are mostly influenced by the quality of data being
used. The second operator is concerning with the network architec-
ture. Different network architectures result in a different estimation
performance. Thethird operator isthe model size and its complexity.
Where a small network may be not able to represent the real situ-
ation of the model estimation due to its limited capability, while a
large network may has noise in the training data and hence fail to
provide good generalization ability, and the last operator is related
to the quality of the process model, and is strongly dependent on the
network training. May be the last issue, isthe most important among
all, since it is essentially an identification of model parameters that
fit with the given data. The work in this paper will focus on the last
issue.
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Until today, many researchers prefer of using gradient descent al-
gorithms such as Back-Propagation (BP) method. Some of the ad-
vantages of this gradient-based technique include its efficient imple-
mentations, good at fine-tuning, and faster convergence when com-
pared with other methods. However, these methods are subject to
problems involving local minima-since they are local search meth-
ods and when applied to complex nonlinear optimization problems,
may be sometimes result in unexpected performances. These gradi-
ent methods assess the error in the network’s decision as compared
to asupervisor, and propagate the error to the weights throughout the
network, so that, one of the main obstacles due to the fact that search-
ing of optimal weights is strongly dependent on initial weights, and
if they are located near local minima, the algorithm would be stuck
at a sub-optimal solution. So that, the conventional gradient search
method is susceptible to be converged at local optima. Thisis how-
ever not the case for Evolutionary Algorithms (EAS) since the ge-
netic search methods offer better chances to get to the global optima.
Furthermore, since EAs does not use gradient information, it is ad-
vantageous for problems where such information is unavailable or
very costly to obtain. These advantages make them more robust and
appealing than many other search algorithms [7].

Severa different attempts have been proposed by various re-
searchersto propitiate this training problem. These include imposing
constraints on the search space, restarting training at many random
points, adjusting training parameters, and restructuring the ANN
structure [25]. One of the most promising techniques is by intro-
ducing adaptation of network training using (EAs) such as Particle
Swarm Optimization (PSO), and Genetic Algorithms (GAS). Unlike
BP, PSO is a global search algorithm based on the principle " sur-
vival of fittest”. PSO is quite suitable for problems with many local
minima or problems where gradient information isn't readily avail-
able, PSO avoid trapping in a local minima, because it is not based
on gradient information [1, 15].

PSO has been used to train neural networks, finds neural network
architectures, tunes network learning parameters, and optimizes net-
work weights. The global best or local best solution in PSO is only
reported to the other particles in a swarm. Therefore, evolution only
looks for the best solution and the swarm tends to converge to the
best solution quickly and efficiently, thus increasing the probability
of globa convergence. In this way, the merging of EAs and ANN
will gain adaptability to dynamic environment and lead to signifi-
cantly better intelligent systems than relying on ANN, PSO, or GA
aone. In [20], Montana and Davis reported the successful applica-
tion of a GA to a relatively large ANN problem. They proved that
GA produce results superior than BP method. In [32], Yao and Liu
presented a new evolutionary algorithm, to evolve ANN architecture
and connection weights simultaneously. When tested on anumber of



benchmark problems such as medical diagnosis problems, and credit
card assessment problems. In [34], Zuo and Wu used GA to deter-
mine the optimal feeding rate for a hybrid ANN model of a fermen-
tation system.

In other words, the developed models using ANN-EASs should be
more robust to dynamic nonlinear process system [33]. In this paper,
GAs-based ANN and PSO-based ANN are introduced for connection
weightsin ANN modeling.

Following this introductory section, the rest of the paper is or-
ganized as follows: In Section Il, a background of the case study
is presented. In section I11: the preparatory works for ANN model
development such as sensitivity analysis, and model input selection
are reported. Subsequently, data collection and scaling procedure for
model development are described. Also, procedures of ANN model
development have been discussed. Thisisfollowed in section 1V: by
discussion of PSO and GAs and the motivation to include evolution
in ANN modeling using EAS, also, the research methodologies in-
volved are described. In section V, The reported results are simulated
and discussed, and finally, the paper closes with some concluding
remarks and future research directionsin Section V1.

2 Tennessee Eastman Chemical Process

Over the years, the processes involved in manufacture and produc-
tion of purified chemicals have become increasingly more complex.
Systems that were once controlled by operators based on the system
performance have been converted to automatic control, where ame-
chanical or electrical controller adjusts valves and pumps [4, 17, 29].
Engineers have learned that, to develop the control agorithms for
large complex systems, it isimportant to first create and test a model
of the system offline. There are two reasons to do this in chemical
plants, they are:

e Protecting humans and the environment from unsafe conditions.
e Shorten the design and analysis of the system [31].

2.1 Featuresof the TE Process

TE process, as presented by Downs and Vogel in [6], is based on
an actual system, with dlight changes made to protect the identity
of the reactants and products. The system is a wellposed problem
for analysis and control design of a nonlinear, open-loop unstable
chemical process. The plant consists of five major operations: a two
phase reactor, aproduct condenser, avapor/liquid separator, arecycle
compressor, and a product stripper. The nonlinear dynamics of the
plant are mainly due to the chemical reactions within the reactor. A
Nonlinear Predictive Control shown in Figure 1 was simulated [19].
The TE reactor process shown in this figure is borrowed from [3].

Downs and Vogel [6] proposed the following control objectives
for this system:

1. Maintain process variables at desired values.

2. Keep process operating conditions within equipment constraints.

3. Minimize variability of product rate and product quality during
disturbances.

4. Minimize movement of the gas valves which affect other pro-
Cesses.

5. Recover quickly and smoothly from disturbances, production rate
changes, or product mix changes.

A suitable controller must be able to achieve at least these control
objectives.
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Figurel. The Simulated Predictive Control Principle

2.2 Inputsand Outputsof the TE System

Typically, any chemical system can be represented by a set of mathe-
matical equations that map the inputs and outputs of the system with
a set of state variables. The main set of equations for normal opera-
tion of the chemical processesisthe dynamic of equations associated
with the reactions, unit operations, and flows of the system. The plant
model has 12 manipulated variables, 50 states, and 41 measurements
from different locations in the plant [12]. The 20 disturbance scenar-
ios can be turned on and off to test the robustness of the system. Of
the measured values, there are 22 values that monitored continuously.
The other 19 measured values are retrieved from gas chromatographs
(analyzers) that give information only at certain intervals. The three
analyzers give information about chemical components in the reac-
tor feed, the purge gas, and the product with sampling delays of 0.1
hour, 0.1 hour and 0.25 hour, respectively. The 50 states of the model
closely correspond to the actual plant operation that represents the
significant system dynamics. Fast dynamics, such astransmitter lags,
are modeled as straight gains because the effects of these transients
are minimal. The 12 manipulated variables in the TE process allow
the designer 12 degrees of freedom with 9 flow valves, 2 temperature
control valves, and control of the reactor agitation rate [12, 11].

3 Preparation for M odel Development

Before the ANN model can be selected, some preparation stages
must be completed. These tasks included: data collection, model
structure selection. These preparations are necessary to provide
model development.

3.1 Data Collection and Description

Dataset for training and evaluating is collected from various oper-
ating conditions to measure different outputs of the TE reactor. A
total of 300 measurements were downloaded from [23]. The mea
surements describe the behavior of the TE reactor and show how it
responds to various inputs. The dataset is split into two parts; the
training dataset which is used to train the NN model, whilst a testing
dataset is used to verify the accuracy of the trained NN model. The



training dataset consists of 50% of the total dataset with the testing
dataset consisting of the remaining 50%.

Since the model was built using time-series data, measurements at
past sampling time (¢ — 1) for input variables were also included as
model input. Thiswas due to the fact that chemical process variables
were aways auto-correlated. Perhaps, by including the delay mea-
surement as amodel input for current estimation, the generalization
ability of afeedforward network would be improved, and hence, the
performance of the network in estimating the TE process would be
enhanced.

The TE reactor modeling problem is divided into four sub-
problems. They are: The reactor level, the reactor pressure, the re-
actor cooling water temperature, and the reactor temperature. Each
of the four sub-problems has four input variables [2, 29], they are:

u1 (k) stand for the flow to the reactor.

uz (k) stand for the coolant valve position,

us (k) stand for the feed mole fraction, and

the fourth input y(k — 1) represents the past output variable value.
The output for each sub-problem is represented by y(k).

3.2 Data Scaling

Dataset is not normally used directly in process modeling of ANN.
This is due to the difference in magnitude of the process variables.
The data was scaled to afixed range to prevent unnecessary domina-
tion of certain variables, and to prevent data with larger magnitude
from overriding the smaller and impede the premature learning pro-
cess. The choice of range depends on transfer function of the output
nodes in ANN. Typically, [0, 1] for sigmoid function and [—1, 1] for
hyperbolic tangent function. However, dueto nonlinear transfer func-
tion has asymptotic limits; the range of dataset is always set dightly
less than the lower and upper limits. In this work, since the sigmoid
function is adopted, the datais normalized in the range of [0.1 —0.9]
using the relation in equation 1:
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where v; is the input variables ¢ or the output variable to be scaled.
™™ and v*** are the smallest and the largest value of the data.
The choice of [0.1 — 0.9] was recommended based on the facts that
it eliminates some of the saturation region at both end of the sigmoid
function [9].

3.3 Model Structure Selection

Selecting amodel structure from a set of candidate models is a diffi-
cult problem since the TE is a nonlinear process [22, 24]. Architec-
ture of ANN model includes type of network, number of input and
output neurons, transfer function, number of hidden layers as well
as number of hidden neurons. Normally, the input neurons and out-
put neurons are problem specific. In this work, Multi-Input Single-
Output (MISO) structure had been utilized to estimate the TE pro-
cess; hence, there will be only one output neuron. Since the model
was built using time-series data, measurements at past sampling time
(t — 1) for input variables were aso included as model input. This
was due to the fact that chemical process variables were always auto-
correlated. In this way, the performance of the network in estimating
the TE process would be enhanced. Thus, together with current sam-
pling time for 3 input variables, there were 8 input neurons in the
input layer. In this work, the TE reactor has only one hidden layer

and 7 neurons in the hidden layer. It was utilized that an ANN with
one hidden layer was sufficient in performing process mapping. Only
one hidden layer with 7 neurons in the hidden layer was utilized in
this work as it had proved that an ANN with one hidden layer was
sufficient in performing process mapping arbitrarily [10]. From the
optimum network topology, it was shown that the ANN model does
not need a large number of hidden neurons. This revealed that the
estimation task was not too complicated.

Also, it was important that the transfer function possessed the
properties of continuity and differentiability. Commonly, log sigmoid
function was utilized in the hidden layer and the output generated had
a value between 0 and 1. However, the linear transfer function was
more suitable in output layer. The equations for the log and linear
transfer functions used in thiswork are shown in equations 2 and 3:
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4 Genetic Algorithms (GAS)

GAs belongs to a class of population-based stochastic search algo-
rithm that is inspired from principles of natural evolution known as
Evolutionary Algorithms [5]. GA is based on the principle of "sur-
vival of fittest”, as in the natural phenomena of genetic inheritance
and Darwinian strife for survival. GA operates on a population of
individuals which represent potential solutions to a given problem.
Imitating the biological principles in nature, a single individual of a
population usually is affected by other individualsin its environment.
Normally, the better an individual performs under these competitive
conditions, has a greater chance to survive and reproduce. This in
turn inherits the good parental genetic information. Hence, after sev-
era generations, the bad individual will be eliminated and better in-
dividuals will be produced. In general, GA is applicable to a wide
range of optimization problems. Primarily, GA was designed to opti-
mally solve sequential decision processes more than to perform func-
tion optimization but over the years, it has been used widely in both
learning and optimization problems[30, 28]. There are two important
issues in searching strategies for optimization problems: exploiting
the best solution and exploring the search space [8, 27]. GA makes a
balance between the exploitation and exploration of the search space.
It allows the exploration of all solution space, which may reduce the
converging to a local minimum. The exploitation in the neighbor-
hood of possible solutions will perform as the high fittest solutions
to be developed. Basically, the performance of weights evolution us-
ing GA depended on the number of populations and generations. If
these parameters were set too low, the evolution may converge to
immature solution. However, the larger number of populations and
generations would require longer computation time for convergence
[26].

In general, GAs used four steps to obtain the optimum connection
weights of ANN:

step 1 Generate aninitial population of random weights and the cor-
responding ANN was constructed with those weights.

step 2 ANN was evaluated using the population weights. This was
done by computing its training error and assigning it to a fitness
value according to how good the solutions are.

step 3 Parents for genetic manipulation were selected and a new
population of weights were created.



stepi The best existing weights (reproduction) were copied.
stepii New weightswere created by crossover and mutation operators.

step 4 The best population of weights that appeared in any gener-
ation was designated as the result of the performed GA, for the
weights evolved using GA, the number of generation was used to
stop the iteration.
In this work, 50 populations of weights were evolved for 50 gen-
erations. The performances in the validation sets were considered
in the acceptable level; this proved that this scheme was adequate
with a sufficient accuracy.

5 Particle Swarm Optimization (PSO)

PSO is a globa optimization technique that has been developed by
Eberhart and Kennedy in 1995 [13, 14], the underlying motivation of
PSO algorithm was the social behavior observable in nature, such as
flocks of birds and schools of fish in order to guide swarms of parti-
clestowards the most promising regions of the search space. PSO ex-
hibits a good performance in finding solutions to static optimization
problems. It exploits a population of individuals to synchronously
probe promising regions of the search space. In this context, the pop-
ulation is called a swarm and the individuals (i.e. the search points)
are referred to as particles. Each particle in the swarm represents a
candidate solution to the optimization problem. In a PSO system,
each particle moves with an adaptable velocity through the search
space, adjusting its position in the search space according to own ex-
perience and that of neighboring particles, then it retains a memory
of the best position it ever encountered, a particle therefore makes
use of the best position encountered by itself and the best position
of neighbors to position itself towards the global minimum. The ef-
fect is that particles "fly” towards the globa minimum, while still
searching awide area around the best solution [15, 21, 16]. The per-
formance of each particle (i.e. the "closeness’ of a particle to the
global minimum) is measured according to a predefined fitness func-
tion which isrelated to the problem being solved. For the purposes of
this research, a particle represents the weight vector of NNs, includ-
ing biases. The dimension of the search space is therefore the total
number of weights and biases.

The iterative approach of PSO can be described by the following

steps:

step 1 Initialize apopulation size, positions and velocities of agents,
and the number of weights and biases.

step 2 The current best fitness achieved by particle p is set as pbest.
The pbest with best valueis set as gbest and this value is stored.

step 3 Evaluate the desired optimization fitness function fp for each
particle as the Mean Square Error (M SE) over a given data set.

step 4 Compare the evaluated fitness value fp of each particle with
its pbest value. If fp < pbest then pbest = fp and bestyp, =
xp, xp is the current coordinates of particle p, and best,, is the
coordinates corresponding to particle p’s best fitness so far.

step 5 The objective function value is calculated for new positions
of each particle. If a better position is achieved by an agent, pbest
value isreplaced by the current value. Asin Step 1, gbest valueis
selected among pbest values. If the new gbest value is better than
previous gbest value, the gbest value is replaced by the current
gbest value and thisvalueis stored. if fp < gbest then gbest = p,
where gbest is the particle having the overall best fitness over all
particlesin the swarm.

step 6 Change the velocity and location of the particle according to
Equations 4 and 5, respectively [13, 18].

step 7 Fly each particle p according to Equation 5.

step 8 If the maximum number of a predetermined iterations
(epochs) is exceeded, then stop; otherwise Loop to step 3 until
convergence. Inthiswork, 25 populations of weightswere evolved
for 200 generations.

Vi=wVioi +
+ accxrand() x (bestzgrest —xp)  (4)

acc * rand() * (bestyp — xp)

Where acc isthe acceleration constant that controls how far particles
fly from one another, and rand returns a uniform random number
between 0 and 1.

xp = xpp + Vi 6)

V; isthe current velocity, V;—1 isthe previous velocity, xp is the
present location of the particle, zpp is the previous location of the
particle, and 7 is the particle index. In step 5 the coordinates best.,
and bestzgpes: are used to pull the particles towards the global mini-
mum.

5.1 Tuning Parametersfor GAsand PSO

To develop an accurate process model using ANN, the training, and
validation processes are among the important steps. In the training
process, a set of input-output patternsis repeated to the ANN. From
that, weights of all the interconnections between neurons are adjusted
until the specified input yields the desired output. Through these ac-
tivities, the ANN learns the correct input-output response behavior.
The model training stage includes choosing a criterion of fit (MSE)
and an iterative search algorithm to find the network parameters that
minimizes the criterion. PSO as well as GAs are used in an effort
to formalize a systematic approach to training ANN, and to insure
creation of a valid model. They are used to perform globa search
algorithms to update the weights and biases of neural network. The
combinations of control parameters used for running PSO and GAs
are shown in Table 1and Table 2 respectively:

Tablel. The Control Parameters used for Running PSO

Parameter Value
Number of population 50
Number of generations 2000
Learning factors 13
Inertia weights 0.6 and 0.9
Fitness MSE

Table2. The Control Parameters used for Running GAs

Parameter Value
Number of population 50
Number of generations 2000
Crossover probability 0.9
Mutation probability 0.03
Selection function Ranking
Fitness MSE

For the validation process, the expected model is compared graph-
ically with the behavior of the target model.



6 Training and Validation Results

The performance of the proposed models in tracking the actual pro-
cess data during the training and validation testing stages of the re-
actor level isillustrated in Figures 2,3, respectively. The modeling
process of the reactor Level is shown as a sample, in overall, al es-
timator models display good performance in the training and valida-
tion sets indicating that the models developed are able to represent
the behavior of the TE process.

The final convergence value of the proposed models reached 0. It
can be seen from Figure 4 that the convergence process results in
smooth curves, with arapid increase at the start that gradually slows
down. The experiments were implemented five times to ensure that
MSE converges to a minimum value. In the reactor level problem,
the MSE error converges to a value of 0.00034721 using PSO, and
t0 0.00038193 using GAs, while in the reactor pressure problem, the
M SE convergesto avalue of 0.0001550 using PSO, and to 0.0001705
using GAs. In the other models, the M SE convergence valueis nearly
0.

x 10"

0.025

maintained. Thus, in order to obtain an optimal solution, tedious ap-
proaches such as repeating runs for the same topology cannot be
avoided. The experiments are implemented many timesto ensure that
M SE converges to aminimum value. It was found that the TE reactor
composition could be best estimated using a network with 7 hidden
neurons. Using this network topology, the training and validation er-
rors of the models devel oped based M SE are tabulated in Table 3.

Table 3. Training and Validation Results of The Estimator Models

problem  Train-PSO Vdid-PSO Train-GAs Valid-GAs
1 1.9321e-1 3.7736e-2 2.0820e-1 0.8226e-1
2 4.2778e-3 4.0076e-3 6.5994e-3 5.1018e-3
3 3.3147e-6 7.618%-7 1.0179%e-4 2.2881e-5
4 5.1391e-6 6.0090e-6 4.7434e-5 5.3340e-5

The second criterion fit, Variance-Account-For (VAF) is used to
test the ability of the proposed approach to model the TE reactor in
recall or testing phase, VAF is given in Equation 7.

VAF =1-—

var(y — 9)

var(y

)

x 100%

@)

where, y(t) is the actual system output, and ¢(¢) is the predicted

ANN output.

The results of modeling the TE reactor using ANN-PSO and
ANN-GAs based on the VAF criterion are computed and reported

in Table4.
Table4. VAF Vaues of the Proposed Models
Sub-problem ANNs-PSO  ANNs-GAs
Reactor Level 90.9445 87.3228
Reactor Pressure 91.9994 89.8116
Reactor Cooling Temperature 99.7988 98.3863
Reactor Temperature 99.9944 99.7300
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Figure4. Convergence Curves of TE sub-problems; upper left-Reactor
Level; upper right-Reactor Pressure; lower |eft-Reactor Cooling
Temperature; lower right-Reactor Temperature

6.1 Evaluation Criteria

The performance of the proposed approach is evaluated by measur-
ing the estimation accuracy. The estimation accuracy can be defined
as the difference between the actual and estimated values. The first
typical fitting criterion (MSE) is defined as in Equation 6:

N

J— 1 o 2
MSE = NZ(M — i)

i=1

(6)

where N is the total number of data, y is actual target value, and g
its estimated target value.

Since the calculation started with random initial weights, each run
produced different results even though the network architecture was

From the results shown in Tables 3, 4, when the comparison of
training and validation performances was made between ANN-PSO
and ANN-GAs model, ANN-PSO can perform better, meaning that
PSO is very effective in training the NNs, learned to successfully
navigate the course on the magjority of test runs, and often reached
an optimal MSE. ANN-GAsis not effective in modeling TE process;
thisisdueto that population of weightsfor ANN-GA may not be able
to reach aglobal optimum when the evolution was simulated over the
same number of generations as with ANN-PSO model. The higher
number of generations may be used but thisis not recommended due
to longer convergence time.

7 Conclusions and Future Work

This work has proposed an enhancement to neural network model.
Aiming to improve the model robustness, evolution in network con-
nection weights using EAs was explored. Based on the results ob-
tained in this study, the main conclusions of this paper are: ANN
is an efficient and effective empirical modeling tool for estimating
the chemical process variable by using other easily available process
measurements and the use of multilayer feedforward network with
delay values in model input variables are sufficient to give estima-
tion to any arbitrary accuracy. Also, this paper has taken advantage
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of flexibility EAstechniques by applying it to the problem of training
neural networks. In particular the global optimization method PSO
is employed to provide a sense of the directivities of optimization
the weights and biases of neural networks, and seek a good start-
ing weight vector for subsequent neural networks learning agorithm.
The preliminary results give a positive indication of the potential of-
fered by EAS; this ensures the ability to effectively train the neura
networks using the optimization techniques. In addition, PSO offered
an increased level of adaptability of neural networks and is more
preferable as the optimal solution searching to model a TE reactor
problem than GAs. Despite the encouraging finding was obtained,
there are still several further works to be considered. These include:
The inclusion of adaptive feature using EAs to improve model ro-
bustness can be extended to evolution of a network architecture,
which istypically number of hidden nodes as well as number of hid-
den layers; also the evolution of network architecture requires new
set of connection weights.
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