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The objective of this study was to forecast and optimize the
glucosamine production yield from chitin (obtained from Persian
Gulf shrimp) by means of genetic algorithm (GA), particle swarm
optimization (PSO), and artificial neural networks (ANNS) as
tools of artificial intelligence methods. Threefactors (acid concen-
tration, acid solution to chitin ratio, and reaction time) wereused as
the input parameters of the models investigated. According to the
obtained results, the production yield of glucosamine hydrochloride
depends linearly on acid concentration, acid solution to solid ratio,
and time and also the cross-product of acid concentration and time
and the cross-product of solidsto acid solution ratio and time. The
production yield significantly increased with an increase of acid
concentration, acid solution ratio, and reaction time. The produc-
tionyield isinversely related to the cross-product of acid concentra-
tion and time. It meansthat at high acid concentrations, the longer
reaction times give lower production yields. The results revealed
that the average percent error (PE) for prediction of production
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yield by GA, PSO, and ANN are6.84, 7.11, and 5.49%, r espectively.
Considering the low PE, it might be concluded that these models
have a good predictive power in the studied range of variables and
they have the ability of generalization to unknown cases.

Keywords chitin; glucosamine; production yield; artificia neura
networks, genetic algorithm; particle swarm optimization

INTRODUCTION

Glucosamine in the human body participates in the structure of
cartilage and works to stimulate joint function and repair. It has
been proven effective in numerous scientific trials for easing
osteoarthritis pain, aiding in the rehabilitation of cartilage, renew-
ing synovia fluid, and repairing joints that have been damaged
from ogteoarthritis (Hauselman, 2001; Mankin, Brandt, &
Shulman, 1986). The preparation of glucosamine hydrochloride
from chitin is a smple hydrolysis reaction. During this reaction,
chitin is deacetylated and depolymerized to glucosamine
hydrochloride in the presence of hydrochloric acid solution. The
variable factors that can influence the yield of this reaction
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areacid concentration, acid solution to solid ratio (vol/wt), and
time (Mojarrad, Nemati, Vaizadeh, Ansarin, & Bourbour, 2007).

Genetic algorithm (GA) and particle swarm optimization
(PSO), as tools of artificial intelligence methods, are two
efficient methods that, inspiring of nature, can predict and opti-
mize complex process. Another application of intelligent tools
isartificial neural networks (AANSs), which are known as func-
tion approximators. The development of ANNs was inspired
by the characteristics and capabilities of the human nervous
system. Thus, an ANN, in general, consists of interconnected
computing units that are geometrically organized in one, two,
or three dimensions. The individual computing units can be
called “neurons’ after the complex cells in the central nervous
system that are the basic computing elements of the human
brain. The multilayered perceptron (MLP) neural networks
with the error back propagation (EBP) training agorithm are
one of the most popular ANN architectures as they are smple in
implementation and are capable of performing any arbitrary map-
ping to a desired accuracy, provided a sufficient number of
hidden units are implemented and a set of connection weights
that perform the desired mapping exists.

In previous work (Mojarrad et al., 2007), using response
surface analysis, a model was introduced to represent the pro-
duction yield of glucosamine hydrochloride as afunction of the
acid concentration (%), acid solution to solid ratio (vol/wt),
and reaction time. The objective of the present study isto apply
artificial intelligence methods (GA, PSO, and MLP) to explore
whether these methodologies can help us to approximate and
predict the glucosamine production yield from the reactions
with different conditions with better results.

METHODOLOGY

Genetic Algorithm

GA was proposed by Holland (1975) and was inspired by
Darwinian evolution and Mendelian genetics (Randy & Sue,
2004). GA is a general-purpose stochastic search method
simulating natural selection and evaluation in the biological
world. Generaly, a GA works as follows: A population of
individuals is initialized where each individual represents a
potential solution to the problem at hand. Individuals in GA
are called chromosomes. Each chromosome consists of a
string of cells called genes. The value of each gene is called
allele. The quality of each solution is evaluated using afitness
function. A selection process is applied during each iteration
of a GA in order to form a new population. The selection pro-
cess is biased toward the fitter individuals to ensure that they
will be part of the new population. Individuals are atered
using unary transformation (mutation) and higher order
transformation (crossover). This procedure is repeated until
convergence is reached. The best solution found is expected to
be a near-optimum solution. The major parameters of a GA
are discussed as follows.
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Solution Representation

Binary representation is often used in GAs where each gene
has avalue of either 0 or 1. Other presentations are proposed, for
example, floating point representations, integer representations,
gray-coded representations, and matrix representation. It has
been demonstrated that floating point representations are
faster, more consistent, and have higher precision than binary
representation (Michalewicz & Fogel, 2000).

Fitness Function

A key element in GA is the selection of a fitness function
that accurately quantifies the quality of candidate solutions.
A good fitness function enables the chromosomes to effec-
tively solve a specific problem. Both the fitness function and
solution representation are problem-dependent parameters.
A poor selection of these two parameters will drastically affect
the performance of GAs. One problem related to fithess function
that may occur when GAs are used to optimize combinatorial
problems is the existence of points in the search space that do
not map to feasible solutions. One solution to this problem is
the addition of a penalty function term to the origina fitness
function so that chromosomes representing infeasible solutions
will have alow fitness score and, as such, will disappear from
the population (Fletcher, 2000).

Selection

Another key element of GAsisthe selection operator that is
used to select chromosomes (called parents) for mating in
order to generate new chromosomes (called offspring). In
addition, the selection operator can be used to select elitist
individuals. The selection process is usualy biased toward
fitter chromosomes. Selection methods are used as mecha-
nisms to focus the search on apparently more profitable regions
in the search spaces. Examples of well-known selection
approaches are follows:

1. Rolette whedl selection. Parent chromosomes are probabilis-
tically selected based on their fitness. The fitter the chromo-
some, the higher the probability that it may be chosen for
mating.

2. Rank sdlection. Rank selection sorts the chromosomes accord-
ing to their fitness and bases selection on the rank order of the
chromaosomes, and not on the absol ute fitness values.

3. Tournament selection. In this more commonly used approach,
aset of chromosomesis randomly chosen. Thefittest chromo-
somefrom the set isthen placed in amating pool. This process
is repeated until the mating pool contains a sufficient number
of chromosomesto start the mating process.

4. Elitism. In this approach, the fittest chromosome, or a user-
specified number of best chromosomes, is copied into the
new population. The remaining chromosomes are then cho-
sen using any selection operator. Because the best solution
is never lost, the performance of GA can significantly be
improved.
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Crossover

Crossover is the main explorative operator in GAs. Cross-
over occurs with a user-specified rate X, ;.. At each iteration,
X.1c%0 Of worse parents are eliminated to be replaced by new off-
spring. X, 4 is problem dependent with typical valuesin the range
from 0.4 to 0.8. The four main crossover operators are asfollows:

1. Sngle-point crossover. In this approach, a position is
randomly selected at which the parents are divided into two
parts. The parts of the two parents are then swapped to
generate two new offspring.

2. Two-point crossover. In this approach, two positions are
randomly selected. The middle parts of the two parents are
then swapped to generate two new offspring.

3. Uniform crossover. In this approach, alleles are copied from
either the first parent or the second parent with some proba-
bility, usually set to 0.5.

4. Arithmetic crossover. In thisapproach, which is used for float-
ing point representations, the number of offspring is calculated
as the arithmetic mean of the parents, as described below.

Xoffspring A = rand x Xoarent A T (1-rand) x Xoarent B

Xoffspring B = rand x Xoarent B (1-rand) x Xoarent A

Mutation

In GAs, mutation is considered to be a background operator,
mainly used to explore new areas in the search space and to
add diversity (contrary to selection and crossover, which
reduce diversity) to the population of chromosomes in order to
prevent being trapped in alocal optimum. Mutation is applied
to the offspring chromosomes after crossover is performed. In
a binary-coded GA, mutation is done by inverting the value of
each gene in the chromosome according to a user-specified
probability, which is called the mutation probability, pm. This
probability is problem dependent. Mutation occurs infrequently
both in nature and in Gas; hence, atypica vaue for pmis 0.01.
However, a better value for pm is the inverse of the number of
genes in a chromosome (i.e.,, chromosome size) (Goldberg,
1989). The pseudo code for a GA isgivenin Appendix A.

Particle Swarm Optimization

A particle swarm optimizer is a population-based stochastic
optimization algorithm modeled after the smulation of the social
behavior of bird flocks (Rardin, 1998). PSO issimilar to GA inthe
sense that both approaches are popul ation-based and each individ-
ual has a fithess function. Furthermore, the adjustments of the
individuas in PSO are relatively similar to the arithmetic cross-
over operator used in GA. However, PSO is influenced by the
simulation of social behavior rather than the survival of thefittest.
Another magjor difference is that in PSO each individual benefits
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from its history, whereas no such mechanism exists in GA. In a
PSO system, a swarm of individuas (called particles) fly through
the search space. Each particle represents a candidate solution to
the optimization problem. The position of a particle is influenced
by the best position visited by itself (i.e, its own experience) and
the posdition of the best particle in its neighborhood. When the
neighborhood of aparticleisthe entire swarm, the best position in
the neighborhood is referred to as the global best particle, and the
resulting algorithm is referred to as a gbest PSO. When smaller
neighborhoods are used, the algorithm is generally referred to asa
Ibest PSO. The performance of each particle (i.e., how close the
particle is from the globa optimum) is measured using a fitness
function that varies depending on the optimization problem.

The global optimizing model proposed by Shi and Eberhart
(1998) isasfollows:

Visr = WXV, + RAND X € X (Rt = %)
+rand X €, X (Gpeg — %)

Xip1 =% TVin

where v; is the velocity of particle i, x; is the particle position,
wis the inertial weight, ¢, and c, are the positive constant
parameters, RAND and rand are the random functions in the
range [0,1], P, iSthe best position of theith particle, and G
is the best position among all particles in the swarm. The iner-
tia weight term, w, serves as a memory of previous velocities.
Theinertiaweight controls the impact of the previous velocity:
a large inertia weight favors exploration, whereas a small
inertia weight favors exploitation (Kennedy & Eberhart, 1995;
Shi & Eberhart, 1998). As such, global search starts with a
large weight and then decreases with time to favor local search
over global search (Eberhart & Shi, 1998).

It is noted that the second term in equation (1) represents cog-
nition, or the private thinking of the particle when comparing its
current position to its own best. The third term in equation (1),
on the other hand, represents the social collaboration among
the particles, which compares a particle's current position with
that of the best particle (Kennedy, 1997). Also, to control the
change of particles velocities, upper and lower bounds for
velocity change are limited to a user-specified value of V..
Once the new position of a particle is calculated using equation
(2), the particle, then, flies toward it (Shi & Eberhart, 1998). As
such, the main parameters used in the PSO technique are the
population size (number of birds); number of generation cycles;
the maximum change of a particle velocity V,,,,; and w.

The pseudo code for the basic PSO is given in Appendix B.
The process is initialized with a group of random particles
(solutions). The ith particle is represented by its position as a
point in search space. Throughout the process, each particle
moves about the cost surface with avelocity. Then the particles
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update their velocities and positions based on the best solu-
tions. This process continues until stop condition(s) is satisfied.

For both GA and PSO algorithms, stop conditions could be
asfollows:

a. Sufficient good solution has been found.

b. The maximum number of iterations has been reached.

¢. No improvement has been made for a number of iterations
in cost decreasing.

Artificial Neural Networks

As presented schematically in Figure 1, an ANN (Fausett,
1994; Hagan, Demuth, & Bedle, 1996; Nelson & Illingworth,
1991; Simpson, 1990) involves the nodes that are known as
neurons. The neurons are organized into a sequence of layers
and connected to each other by using variable connection
weights. Thefirst layer isthe input layer with one node for each
variable or feature of the data. The last layer is the output layer
consisting of one node for each variable to be investigated.
A series of one or more hidden layer(s) consisting of a number
of nodes is placed between input and output layers, which are
responsible for learning process of the network. MLP networks
are most often used to analyze nonlinear multivariable data. In
these networks, signals are propagated from the input layer.
A node receives signals via connections from previous nodes
(or the outside in the case of the input layer). The output of a
node is determined by the transfer function and net input of the
node. A popular transfer function is the sigmoid function:

1

—aNet;

l+e !

where Net is defined as

n
i=1

Input layer Hidden layer Output layer
X4(%)

Xy(vol/wt)

-1

CPY(%)

-1

FIGURE 1. Structura organization of the multilayered perceptron network.
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where Out; isthe output from jth neuron, Inp; istheinput to jth node
from aprevious|ayer with n nodes, and W isthe respective weights,
the B; isabiasterm, and « isthe slope of the transfer function.

The ANN learns from data that are presented to the network as
training set. The goa of training process is to find the optimum
weights, and the process starts with random connection weights.
The computed output (O, is compared with the target value
(T, and anerror term (T — Oy)? is determined. The total
sum square error (TSSE) is used as a criterion for finalizing the
learning process and computed using the following equation:

1M
TSSE = > > (Tom= Opm)’
p=1m=1

where M is the number of neurons in output layer and
P denotes the number of patterns, that is, the number of experi-
mental solubility data employed in the training process of the
network. The number of neurons in the hidden layer and
epochs has been optimized by minimizing the TSSE term.

The EBP algorithm is used in layered feed-forward ANNS.
This means that the artificial neurons are organized in layers
and send their signals forward, and then the errors are propa-
gated backwards. The network receives inputs by neurons in
the input layer, and the output of the network is given by the
neurons on an output layer. The EBP algorithm uses super-
vised learning, which means that we provide the agorithm
with examples of the inputs and outputs we want the network
to compute, and then the error (difference between actual and
expected results) is calculated. The idea of the EBP algorithm
isto reduce this error (TSSE) until the ANN learns the training
data. The training begins with random weights, and the goal is
to adjust them so that the error will be minimal. The training of
the network is an iterative process. One of the various learning
algorithms (in this article, EBP method) is used to optimally
adjust the weights of the connections between the neurons in
the network in order to optimally predict (find a best fit) the
sample data on which the training is performed.

Overtraining Problem

One of the problems that may occur during neural network
training is called overtraining, in such a way that the error on
the training set is driven to a very small value, but when new
data are presented to the network the error is large. The
network has memorized the training examples, but it has not
learned to generalize to new situations. If the number of
parameters in the network is much smaller than the total
number of points in the training set, then there is little or no
chance of overtraining. If more data can be easily collected to
increase the size of the training set, then there will be no need
to worry about techniques to prevent overtraining. One method
for improving network generalization isto use anetwork that is
just large enough to provide an adequate fit. The larger a
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network is used, the more complex the functions the network
can be created. If asmall network is employed, it will not have
enough power to overtrain the data. Usually, it is difficult to
know beforehand how large a network should be for a specific
application. There are two other methods for improving gener-
alization that are implemented in the neural network literature:
regularization and early stopping.

The first method for improving generalization is called
regularization. This involves modifying the performance
function, which is normally chosen to be the sum of squares of
the network errors on the training set. In this technique, the
performance function can be modified, and a routine can
automatically set the optimal performance function to achieve the
best generalization. It is possible to improve generdization if the
performance function TSSE is modified by adding a term that
consigts of the sum of squares of the network weights and biases.
Using the new modified performance function will cause the net-
work to have smaller weights and biases, and this will force the
network response to be smoother and lesslikely to overtrain.

Another method for improving generalization is called early
stopping. In this technique, the available data are divided into
three subsets. The first subset is the training set, which is used
for computing the gradient (EBP method) and updating the net-
work weights and biases. The second subset is the test set. The
third sub set isthe validation set. The error on the validation set
is monitored during the training process. The validation error
will normally decrease during the initial phase of training, as
does the training set error. However, when the network begins
to overtrain the data, the error on the validation set will typically
dtart to increase. When the validation error increases for a spe-
cific number of epochs, the training is stopped, and the weights
and biases at the minimum of the validation error are returned.

Both regularization and early stopping can ensure network
generalization when properly applied. With both regularization
and early stopping, it is a good idea to train the network
starting from several initial conditions. It is possible for either
method to fail in certain circumstances. By testing several
initial conditions, we can verify robust network performance.

When the training process is ended (typically when TSSE be
smaller than a specific value or when no improvement in reduc-
tion of TSSE isreached for several epochs or when training pro-
cess is repeated for a specific number of epochs; by early
stopping or regularization techniques for preventing overtrain-
ing), the trained network can then be used to generate predic-
tions for unknown cases. On the other hand, one of the major
advantages of ANNs is that the user need not have any knowl-
edge of the underlying model on which input variables depend.

MATERIALS AND METHODS

Preparation of Chitin
Marine shrimp (Metapenaeus monoceros) were obtained
from beach of Boshehr port in the Persian Gulf in July 2005.
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The shells of the shrimp were scraped free of loose tissue,
treated with running hot water to remove soluble organics and
adherent proteins, and dried in the shadow (25-30°C) for
3days. This was done to minimize batch dissimilarities
because of the adherent proteins of the shell (Mojarrad et al.,
2007). The dried shell was ground and sieved with a 35 mesh
(0.5 mm) sieve. The deproteinization of shellsinvolved stirring
of the shellsin dilute NaOH (3.5%) with a solvent to solid ratio
of 10:1 (vol/wt) for 2 h at 65°C. The residue was then collected
on an 80 mesh (0.177 mm) sieve, washed to neutrality in run-
ning tap water, and filtered to remove excess moisture. The
deproteinized shells were demineralized with 1 N HCI for 0.5 h
at ambient temperature with constant stirring and a solvent to
solid ratio of 15:1 (vol/wt). Following demineralization,
the decalcified chitin was then washed and filtered as above
(Mojarrad et a., 2007). Carotenoids and other pigments were
extracted by absolute acetone, and the chitin residue was
bleached with sodium hypochlorite solution (0.315%) for
5min at ambient temperature with a solvent to solid ratio of
10:1 (vol/wt). The white chitin was collected, washed with
water, and dried at 60°C in aforced-air oven for 4 h (Mojarrad
et a., 2007; No, Meyers, & Lee, 1989; Percot, Viton, &
Domard, 20033, b; Shahidi & Synowiecki, 1991).

Preparation of Glucosamine Hydrochloride

Chitin (0.5 g) was treated with different ratios and concen-
trations of HCI solutions at 100°C for 1-4 h. The acid solution
was added stepwisein four portionsin predetermined intervals.
Reaction mixtures were filtered and washed with water. The
filtrate and the washings were mixed and collected in 25-mL
volumetric flask. The collected solution was used for determin-
ing glucosamine hydrochloride by high-performance liquid
chromatography (Mojarrad et al., 2007; Nemati, Valizadeh,
Ansarin, & Ghaderi, 2007).

Statistical Design

The experimental design was a modified Box—Behnken
design for three variables. The acid concentration (%) (X,),
acid solution to solid ratio (vol/wt) (X,), and reaction time (Xs)
were three independent variables considered in the preparation
of glucosamine hydrochloride. The complete design consisted
of 24 experimental points, which included two replications of
1-12 experiments. These experiments were carried out in ran-
dom order. Obtained data were analyzed to fit the following
polynomial equation to Y (production yield of glucosamine
hydrochloride).

Y =By + BiXy + BaXp + B3 Xg + B X1 X, )
+ BraX X3 + B3 X5 X3

where 8 values are constant regression coefficients and X;
values are independent variables. GA and PSO methods were
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applied to calculate constant regression coefficients (3 values),
optimally.

As second approach, an MLP was used to model the
relationship through the input data and the output. Here, pro-
duction yield of glucosamine hydrochloride was approximated
by the acid concentration (%) (X;), acid solution to solid ratio
(vol/wt) (X;), and reaction time (X3), using an MLP. In fact,
MLP acts as a black box that represents a model for the pro-
duction yield of glucosamine hydrochloride for which the acid
concentration (%) (X,), acid solution to solid ratio (vol/wt)
(X5), and reaction time (X;) are the model inputs. This nonlin-
ear model is corresponding to the equation (1), in previous
approach.

To evaluate the external predictive performance of the mod-
els, six more experiments were carried out in duplicate as a
test set.

Matlab version 7 software was used for the implementation
of the GA, PSO methods, and the MLP.

RESULTS AND DISCUSSION

Statistical Analysis

Preparation of glucosamine hydrochloride can be reason-
ably optimized by studying three variable factors, including
acid concentration, acid solution to solid ratio, and reaction
time. The experiments were conducted using 20-37% hydro-
chloric acid and 100°C to enhance the chitin hydrolysis. Three
variable factors were investigated at two or three levels.

As mentioned, for statistical design, we used artificial intel-
ligence methods in two approaches. The detailed illustrations
of these processes are given in the following subsections.

GA and PSO Approaches

First, a model is modified by equation (1) that it includes
seven unknown parameters. The parameters should be deter-
mined by GA and PSO to minimize a cost function as sum
square error (SSE), defined in equation (2).

12
SSE = (OPY, —CPY;)? @)
i=1

The following values were set for the parameters of the GA
and PSO methods, in all simulations. Twenty chromosomes
constructed the population. Because high population size
causes the algorithm to be complicated and slow where low
population size may make an agorithm weak which sticks in
local optimum, this population size is suitable. In early stages
of the algorithm, when good solutions were not found, the
crossover rate (X, 4o) Was set to 0.6. After some generations, the
GA found that near-optimal solution’s X, 4, Was reduced gradu-
ally as more good parents survive and mate. This helps for the
more usage of good parents to create excellent chromosomes.
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Because the search space was complicated, the diversification
property of the algorithm should be increased. Therefore, the
high value of mutation rate was selected to generate more
random offspring that aids for searching the virgin areas.
Therefore, the initial value for mutation rate was set to 0.65.
Then, gradualy decreasing values (starting from 0.65) were
defined for the mutation operator. Finally, rank selection
method was selected for selection operator. In fact, in this
work, selection operator was not so important; therefore, rou-
lette wheel or other operators could be chosen.

According to GA, the suitable number of particles of the
PSO procedure was found to be 20 by trial and error. At large
swarms, the algorithm was slow and had no major advantages.
Particles of small swarms could not escape from search space
local optimum traps. Therefore, for this work, 20 particles
were well suited. Inertiaweight w was set as atime-variant lin-
ear function of number of iterations. At any iteration i

W —
_ max
Wit1 = Whax —

Niter

Wi .
min_ o

where N IS the maximum number of iterations (500) and
Wi 8Nd W, are upper and lower bounds of w, which were set
to 0.1 and 0.9, respectively. Acceleration coefficients, ¢, and ¢,
parameters, chosen were equal to 1 and 2, respectively. This
choice causes the particles move with more acceleration
toward the global best point than the local best point that
speeds up the algorithm.

According to the experience and trial and error, the
maximum number of generations for GA method was selected
to be 500. Figure 2 shows the best (elite) minimized error
(SSE) by GA in 500 generations. Asthisfigure shows, after 50

The best minimized error (SSE) by GA
500 T T T T T

Y O SO OB DU U U N SO SO
7 S S S S S S SN SN SO SO
Y S S SR O S S DN SN SO SO
73 S S S S SN SN M S

SSE
n
o
S

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

0 50 100 150 200 250 300 350 400 450 500
Iteration

FIGURE 2. The best minimized error (SSE) computed by GA.
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generations no superior improvement in cost decreasing is
achieved, so one of the mentioned stopping criteriais satisfied
that the algorithm can be terminated after 50 generations and
the optimal solution (elite) returned.

Like GA method, according to the experience and trial and
error, the maximum number of iterations for PSO procedure
was set to 500. Figure 3 shows the best minimized error (SSE),
obtained by PSO in 500 iterations. As this figure demonstrates,
after 270 generations no significant improvement in cost
reducing is attained. Therefore, one of the mentioned stopping
criteriais satisfied that the algorithm can be stopped after 270
generations and the optimal solution (global best particle)
returned.

Tables 1 and 2 show independent factors and the levels.
On the basis of GA and PSO, 12 experimental points were
performed. The results of the reactions are given in Tables
1and 2.

The accuracy of the proposed model was validated by
conducting other reactions with different conditions and then
comparing the obtained results with the model. The internal
percent error (PE) of the proposed model can be calculated
using equations (2) and (3) for the 12 experiments. The average
PEs for all 12 experiments obtained by GA and PSO are 3.86
and 4.05%, respectively (see Tables 1 and 2). The CPY is the
production yield of glucosamine hydrochloride that was
calculated using equations (4) and (5), and OPY is the
production yield of glucosamine hydrochloride that was
obtained in defined conditions for each experiment as shownin
Tables1 and 2.

E_ |OPY —CPY|
- OPY

P x 100 3

The best minimized error by PSO
350 T T T T T

' ' ' ' ' ' ' ' '
00 T T A T —
' ' ' ' ' ' ' 1 1
' ' ' ' ' ' ' ' '

D e T B

SSE

RS TP S SO SR S S SRR S S
150 h L L

h h h h h h h h h
h h h h h h h h h

070 T S e A
| | | | | | | | |

0

0 50 100 150 200 250 300 350 400 450 500
Iteration

FIGURE 3. The best minimized error (SSE) computed by PSO.
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TABLE 1
Experimental Design Results from Various Trias
for Preparation of Glucosamine HCl and Internal PE
of the Proposed Model for the 12 Experiments by GA

Xy X, Xs OPY CPY PE
Trial (%) (voliwt) (h)y (%) (%) (%)
1 37 31 1 515 4947 395
2 37 91 1 685 6616 341
3 30 31 1 355 3554 011
4 30 91 1 51 5169 136
5 37 31 4 715 7493 4380
6 37 91 4 97 999 001
7 30 31 4 785 7055 1013
8 30 91 4 975 9206 558
9 20 31 1 18 1564 1311
10 20 91 1 30 3102 342
1 20 31 4 64 6428 044
12 20 91 4 8 8502 0.02
Average of PE 3.86

TABLE 2

Experimental Design Results from Various Trias
for Preparation of Glucosamine HCI and Internal PE
of the Proposed Model for the 12 Experiments by PSO

Xy X, X; OPY CPY PE
Trial (%) (voliwt) (h) (%) (%) (%)
1 37 31 1 515 5150 0.00
2 37 9:1 1 685 6570 4.07
3 30 31 1 365 3622 203
4 30 9:1 1 51 51.00 0.00
5 37 31 4 715 7526 5.26
6 37 9:1 4 97 96.99 0.00
7 30 31 4 785 70.62 10.03
8 30 9:1 4 975 9294 467
9 20 31 1 18 1439 20.05
10 20 9:1 1 30 30.00 0.00
11 20 31 4 64 64.00 0.00
12 20 9:1 4 85 87.14 252
Average of PE 4.05

The modified model, obtained using GA, for production
yieldis

Y = —-55.4701+ 2.4052X; +2.0079X, + 24.4036 X

+0.0128X%, X, — 0.4542X, X5 + 0.2978X, X4 (4)
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The modified model, obtained using PSO, for production
yieldis

Y = —63.3256 + 2.7314X, + 2.4588X, + 25.4212X,
~0.0137X, X, — 0.5069%, X5 + 0.4185X, X

These models indicate that the production yield of
glucosamine hydrochloride depends linearly on acid concen-
tration, solids to acid solution ratio, and time and aso the
cross-product of acid concentration and time and the cross-
product of solids to acid solution ratio and time. The produc-
tion yield significantly increased with an increase of acid
concentration, acid solution ratio, and reaction time. The pro-
duction yield is inversely related to the cross-product of acid
concentration and time. It means that at high acid concentra-
tions, the longer reaction times give lower production yields.
This phenomenon could be attributed to the side reactions,
which produce impurities and hence low production yield.
Although a higher acid concentration can cause the produced
glucosamine to degrade, it promotes chitin hydrolysis. Accord-
ing to our preliminary experiments, stepwise addition of acid
solution can decrease side reactions and increase the yield
(Mojarrad et al., 2007).

Validation. To evaluate the external predictive perfor-
mance of the models, six more experiments were carried out in
duplicate as a test set. Tables 3 and 4 show conditions and
results of these reactions. In these tables, CPY isthe amount of
glucosamine hydrochloride that was calculated using equations
(4) and (5). The results reveaded that the average PESs for these
six experiments by GA and PSO are 6.84 and 7.11%, respec-
tively. Considering the low internal (3.86 and 4.05%) and exter-
nal (6.84 and 7.11%) PEs, it might be concluded that the models
have a good predictive power in the studied range of variables.

Correlation between the actual and the predicted production
yield for training and validation sets are shown in Figures
4 and 5, respectively.

TABLE 3
Conditions, Obtained and Calculated Yield,
and Corresponding PE of the Test Set Reactions
for Validation of the Proposed Model by GA

Xy X5 X; OPY CPY PE
Trial (%) (voliwt) (h) (%) (%) (%)
1 37 6:1 1 575 5782 054
2 37 6:1 2 64 6729 499
3 37 6:1 4 8 859 004
4 30 6:1 1 435 4362 027
5 30 6:1 2 80 5618 29.78
6 30 6:1 4 8 8130 546
Average of PE 6.84
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TABLE 4
Conditions, Obtained and Calculated Yield,
and Corresponding PE of the Test Set Reactions
for Validation of the Proposed Model by PSO

X, X, X3 OPY CPY PE
Trial (%) (volwt) (h) (%) (%) (%)
1 37 6:1 1 575 5860 192
2 37 6:1 2 64 67.78 591
3 37 6:1 4 86 86.13 0.15
4 30 6:1 1 435 4361 026
5 30 6:1 2 80 56.34 29.58
6 30 6:1 4 86 8178 4.90
Average of PE 711
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FIGURE 4. Correlation between the actual and the predicted production
yield for different models (training data); GA, PSO, and MLP.

Artificial Neural Network Approach

A two-layer network with a sigmoidal transfer function
and descent gradient with momentum back propagation was
designed in this study. The transfer function possesses
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FIGURE 5. Correlation between the actual and the predicted production
yield for different models (validation data); GA, PSO, and MLP.

minimum and maximum values of 0 and 1, respectively.
Before training process, the input and output values were
normalized between 0.1 and 1, which allows the network to
slightly exceed the minimum and maximum values that
were given in the original data file. After simulation, the
values of predicted data sets were transformed to the true
values. Inputs were the acid concentration (%) (X,), acid
solution to solid ratio (vol/wt) (X,), and reaction time (X;),
and the output was production yield of glucosamine hydro-
chloride. The number of neurons in hidden layer was opti-
mized by trial and error. A layer consisting of three neurons
was found optimum, simple and uncomplicated neural net-
work. An MLP with one hidden layer and three neuronsin it
isfast and easy to implement. Bias terms (an additional neu-
ron in the input and hidden layers with constant value equal
to —1) are used to help in better modeling. Therefore, the
optimum topology of the networks was 4—4-1.

Because there are severa local minima where the model
could arrive, when nearly the similar results were acquired by
different starting weights, the process considered in optimum
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condition and the obtained good initialization weights were
used as the neural network initial weights. When the maximum
number of epochs was allowed to be 1,000, the TSSE was
approximately constant. For preventing overtraining problem,
first anetwork that is just large enough to provide an adequate
fit is selected by many trials and errors. As mentioned before,
the optimum topology of the network obtained was 4-4-1.
Second early stopping technique is applied. The data were
divided into three subsets. The first subset was the training set.
To construct the second and third subsets, the test and the vali-
dation sets are considered to be same sets. Then the error on
the validation set was monitored during the training procedure.
As Figure 6 shows, because the structure of the network was
selected optimal, the validation error decreased during the ini-
tial phase of training, as did the training set error. Approxi-
mately after 140 epochs, the TSSE of the train set decreased
dowly and at that point the validation error began to rise.
Therefore, according to the early stopping technique, it islogi-
cal to stop training after 140 epochs.

Table 5 shows the approximated production yield of glu-
cosamine hydrochloride by MLP network in training set.
Mean of the PE% is 5.38% for training data, which is a suit-
able value for training phase. Now that the model is obtained,
all the weights are fixed to examine the generalization ability
of the trained neural network by the remaining six unused
data sets.

Validation. As dealt with the previous procedure, to eval-
uate the external predictive performance of the neural network
model, six more experiments were carried out in duplicate as a
test set. Table 6 shows conditions and results of these reac-
tions. In these tables, CPY is the amount of glucosamine
hydrochloride that was calculated using the weight-fixed MLP
network. The results revealed that the average PE for these six

Convergence rate of train and validation TSSE
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FIGURE 6. Schematic diagram of TSSE (solid lineis for training error and
dashed lineisfor validation error).
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TABLES
Experimental Design Results from Various Trials
for Preparation of Glucosamine HCI and Internal PE
for the 12 Experiments of the Proposed Model by MLP

Xq X, X; OPY CPY PE
Trid (%) (vol/wt) (h) (%) (%) (%)
1 37 31 1 515 4733 809
2 37 9:1 1 685 6863 0.19
3 30 31 1 355 3531 053
4 30 9:1 1 51 56.07 9.95
5 37 31 4 715 7751 840
6 37 9:1 4 97 91.03 6.14
7 30 31 4 785 7694 198
8 30 9:1 4 975 9095 6.71
9 20 31 1 18 20.23 1243
10 20 9:1 1 30 26.53 11.54
11 20 31 4 64 66.11 3.29
12 20 9:1 4 8 85.61 0.72
Average of PE 5.83

TABLE6
Conditions, Obtained and Calculated Yield,
and Corresponding PE of the Test Set Reactions
for Validation of the Proposed Model by MLP

X, X, Xy OPY CPY PE
Trid (%) (vol/wt) (h) (%) (%) (%)
1 37 6:1 1 5750 56.42 187
2 37 6:1 2 64 70.13 9.58
3 37 6:1 4 86 85.93 0.07
4 30 6:1 1 435 4346 0.08
5 30 6:1 2 80 6293 21.33
6 30 6:1 4 86 85.99  0.00
Average of PE 5.49

experiments by MLP is 5.49%. Considering the train phase PE
(5.83%), it might be concluded that the model should have a
good predictive power in the studied range of variablesand it has
the ability of generalization to unknown cases, with less error.

The predicted models were used to create a surface plot
within the experimental region (Figures 7-9). In our study, glu-
cosamine hydrochloride was obtained in optimal conditions,
using 30% HCI with a 9:1 acid solution to solid ratio (vol/wt)
in 4 h with 96-98% yield.

CONCLUSION
Both intelligent approaches were successful in modeling the
relationship between the production yield of glucosamine
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FIGURE 7. Surface plot of yield (%) versus time (h); acid (%) (top) and
ratio (acid solution to solid; vol/wt) (bottom) for GA model.

hydrochloride and three mentioned variables (the acid con-
centration [%)], acid solution to solid ratio [vol/wt], and
reaction time) (Figures 4 and 5). Hence, by comparing
Tables 1-5, we can find out that at model fitting, GA and
PSO methods were slightly better than the ANN model. But
in the validation of the models, the MLP model was better
than the obtained models by GA and PSO methods. In fact,
the MLP model has more nonlinearity than the others that it
leads to a more generable model with lesser error in valida-
tion. Lesser error in test phase implies the more accurate
and reliable model to other unknown cases, which is the
major characteristic of the ANNSs.
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APPENDIX A: PSEUDOCODE FOR A GA PROCEDURE

Begin;

Initialization;

Generate random population of chromosomes,

For i = 1 to number of generations do

For each individual calculate fitness;

Crossover procedure:

Eliminate X, 4.% of the chromosomes

Select two parents using selection operator to reproduce the
eliminated chromosomes,

Generate new offspring, as new solutions, using the crossover;

Mutation procedure:
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Select one chromosome at random;

Generate an offspring by mutation;

Calculate the fitness of the offspring;

If offspring is better than the worst chromosome, then replace
the worst chromosome by offspring;

Next i;

Check if termination = true;

End;

APPENDIX B: PSEUDOCODE FOR A PSO PROCEDURE

Begin;

Initialization;

Generate random population of particles;
For i = 1 to number of iterations do

For each individual calculate fitness;

For each particle;

Update the global best positions and local best positions;
Calculate the velocities;

Update particle position;

Nexti;

Check if termination = true;

End;
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