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This paper reports the application and evaluation of a Simulated Annealing – type stochastic optimization
method in several thermodynamic calculations for Chemical Engineering. This method is a modified version
of the Direct Search Simulated Annealing proposed by Ali et al. [12] which is a memory-based algorithm
that associates a set of points with a Markov chain and uses a probabilistic point generation mechanism. It
uses a modified Metropolis criterion and an adaptive cooling schedule. Until now, it has been successfully
applied in phase stability analysis of non-reacting and reacting mixtures. Considering these results, we have
decided to extend the application of this optimization method for other thermodynamic calculations. Its
reliability and efficiency are tested using phase equilibrium and parameter estimation problems. The obtained
results indicate that proposed method is generally robust for the global minimization of the objective functions
involved in flash calculations using Gibbs energy minimization and in the calculation of homogeneous
azeotropes in non-reactive mixtures. However, this method is not suitable for data correlation in electrolyte
systems. Finally, it requires a reasonable computational time for solving these thermodynamic problems.
Keywords: Global optimization, Simulated Annealing, Thermodynamic calculations

In Chemical Engineering, several thermodynamic
calculations can be formulated as optimization problems
with or without restrictions. As indicated by Henderson et
al. [1] the formulation of thermodynamic calculations for
optimization problems offers some advantages: a) the use
of a robust optimization method, b) the possibility of using
a direct optimization method which requires only
calculations of the objective function and c) the use of an
iterative procedure whose convergence is almost
independent on the initial guesses. Some examples of
these calculations are phase stability analysis, phase
equilibrium problems, parameter estimation in
thermodynamic models, calculation of critical points,
among others. These problems are non-linear,
multivariable and the objective function used as
optimization criterion is non-convex with several local
optimums. By consequence, its solving with local
optimization methods is not reliable because they generally
converge to local optimums.
During the last years, the development and application
of global optimization strategies have increased in many
areas of Chemical Engineering. Global optimization
methods can be classified as deterministic and stochastic
[2]. The first class offers a guarantee to find the global
optimum of the objective function [21, 32, 24]. However,
these strategies often require high computational time
(generally more time than stochastic methods) and in
some cases the problem reformulation is needed. In the
other hand, stochastic optimization methods are robust
numerical tools that present a reasonable computational
effort in the optimization of multivariable functions; they
are applicable to ill-structure or unknown structure
problems and can be used with all thermodynamic models
[3].

Simulated Annealing (SA) and Genetic Algorithm are the
most used stochastic optimization methods in engineering
applications [2]. Specifically, in the field of thermodynamics, these methods have been used in phase stability
and equilibrium calculations [4, 8] and non-linear
parameter estimation [9, 11].
Particularly, SA-type optimization methods are very
attractive for engineering applications due to its reliability
and simplicity in numerical implementation. Until now,
several algorithms for SA have developed where its
numerical performances (efficiency and reliability) are
very different. Considering this fact, it is convenient to apply
and test available algorithms with the aim of identifying a
robust and efficient method for thermodynamic
calculations.
In this work, we study the numerical performance of a
Simulated Annealing optimization method in several
thermodynamic problems of Chemical Engineering. This
method is a modified version of the Direct Search
Simulated Annealing proposed by Ali et al. [12] and its
reliability and efficiency have been tested in phase
equilibrium calculations and in the parameter estimation
of thermodynamic models.
Description of the Stochastic Optimization Method
Simulated Annealing (SA) is a generalization of Monte
Carlo methods to find the global optimum of a multivariable
function [13]. This algorithm performs a stochastic search
in the permissible region of optimization variables. In
minimization problems, the variable perturbations that
increase the value of objective function are accepted with
a probability controlled by Metropolis criterioN [14]. These
perturbations allow escaping of local optimums. Generally,
SA can find the global optimum of multivariable objective
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functions using a reasonable computational effort. Several
algorithms have been developed for SA and they differ in
the mechanism used to perform perturbations in
optimization variables and in the strategies employed to
modify algorithm parameters.
Recently, Ali et al. [12] proposed a memory-based
Simulated Annealing algorithm that associates a set of
points with a Markov chain and uses a probabilistic point
generation mechanism. This algorithm starts with N
random points and their functions stored in an array A and
a single starting point of the initial Markov chain. The trial
points are generated in a Markov chain using the
configuration of np + 1 points stored in A with a userdefined probability Pw or using a random point generation
mechanism with probability 1 – Pw. For this random
mechanism, we use a procedure similar to that of Corana
et al. [15]

(4)

where Lt is the length of Markov chain and NT is the iteration
number before annealing temperature reduction proposed
by the user. The function F is
(5)

In accordance with Ali et al. [12], this strategy allows
increasing the number of function evaluations at a given
annealing temperature if the difference between fh and fl
increases. They proposed that generating a point whose
function value is less than fl ends the current Markov chain.
We have tested this strategy in preliminary calculations,
and we found that it converges prematurely to local
optimums of the objective function. In this work, we use a
full Markov chain and the cooling schedule is defined by

(1)

where u is a random number between 0 and 1 and VM is a
step length. The generation mechanism of probability Pw
starts with the random selection of np points x2,….,xnp+1
from A (where np < N), excluding the best point of A with
function fl . The centroid G is calculated from x1, x2,….,xnp
where x1 is the best point in A and the trial point x new is
given by
(2)

We use arbitrarly four random points selected from A to
calculate G ( np = 4 ). If xnew falls outside the search space,
the random selection process of np points and the
calculation of xnew are repeated until xnew satisfies the
restrictions. If after seven trials calculating xnew using G, we
do not find a xnew that falls inside the search space, we
calculate the new point using the mechanism provided in
eq. (1). The new point is accepted or rejected using a
modified Metropolis criterion
(3)

where the trial function value fnew is compared with the
worst function value in A (fh). The accepted point replaces
the worst point in A and the new best and worst points are
found in A before the process continues. This process
continues until the Markov chain ends. The length of the
Markov chain is

(6)

where the annealing temperature reduction factor RT is
0.85. This algorithm (DSAM) stops when the difference
between fh and fl is less than a specified tolerance. In this
work, the tolerance value is defined as 1.0E-06. We have
implemented this method in a FORTRAN® subroutine,
which is available upon request.
Until now, this method has been successfully applied in
phase stability analysis of non-reacting and reacting
mixtures [8]. Results reported by Bonilla-Petriciolet et al. 8
indicate that this method appears to be robust in the global
minimization of multivariable functions. Considering this
fact, we have decided to extend the application of DSAM
method for other thermodynamic calculations.
Finally, the values used for the principal parameters of
DSAM are reported in table 1, which were obtained from
the results of phase stability calculations reported by
Bonilla-Petriciolet et al. [8].
Results and discussion
To test the numerical performance (efficiency and
reliability) of the optimization method, several
thermodynamic problems are considered. Specifically, we
have used examples of phase equilibrium calculations and
data correlation in thermodynamic models. These
problems are multivariable, highly non-linear and its
objective function is non-convex with several local
optimums. Since stochastic optimization methods do not
give an accurate global minimum, we have considered that

Table 1
SUGGESTED VALUES FOR THE PRINCIPAL PARAMETERS OF DSAM
OPTIMIZATION METHOD

370

REV. CHIM. (Bucureºti) ♦ 58 ♦ Nr. 4 ♦ 2007

Table 2
NUMERICAL PERFORMANCE OF DSAM OPTIMIZATION METHOD IN PHASE STABILITY CALCULATIONS OF NON-REACTIVE MIXTURES

the global minimization of the objective function is
successful upon satisfying the condition
(7)

where OBJmin is the known global minimum of the objective
function and OBJ calc is the calculated value with the
optimization method, respectively. This criterion has been
used for several researchers to judge the success of a trial
in the context of global optimization using stochastic
methodS [3, 16, 17].
All examples used in this work are solved 25 times (each
time with different random initial value and random
number seed). The reliability and efficiency of DSAM
method is tested considering the next criterions
a) Success rate (SR) of finding the global minimum given
as percent of calculations performed that satisfies eq. (7).
b) Mean total number of function evaluations (NFEV)
during the optimization procedure.
c) Mean absolute percentage deviation of the calculated
variables from the known variables at global minimum

(8)

where xjmin is the known global optimum value for the j
variable, xjcalc is the calculated global optimum value for
the j variable using the stochastic method and
is the
overall number of optimization variables, respectively.
Parameters NFEV and AAD are calculated considering only
the successful calculations. Also, computational time is
reported for all examples where the calculations were
performed on a Processor Intel Pentium M 1.73GHz with
504 MB of RAM.
Problem 1. Phase stability analysis in non-reactive mixtures
Phase stability analysis is a fundamental procedure in
phase equilibrium calculations for multicomponent and
multiphase systemS [4]. Baker et al. [18] and MichelseN
[19] showed that phase stability of a mixture of c
REV. CHIM. (Bucureºti) ♦ 58 ♦ Nr. 4 ♦ 2007

components with a global composition z{z1 ,..., z c }, at
constant temperature and pressure, results from global
minimization of the Tangent Plane Distance Function
(TPDF)
(9)

where µ i| y and µ i| z are the chemical potentials of
component i calculated at compositions y and z,
respectively. The mixture z is unstable if the global
minimum of TPDF is lower than 0. Global minimization of
TPDF is a difficult task and requires robust numerical
methods because this function is multivariable, non-convex
and highly nonlinear. By consequence, phase stability
problems are useful to test the numerical performance of
DSAM method. As mentioned before, Bonilla-Petriciolet et
al. 8 tested the numerical performance of DSAM in phase
stability calculations in reactive and non-reactive mixtures.
In this work, we have included this example only with
illustrative purposes. Therefore, three non-reacting
mixtures with different feed conditions are considered in
phase stability calculations. These systems have been
studied by Hua et al. [20] Harding and FloudaS [21] and
Henderson et al. [5] for testing deterministic and stochastic
global optimization methods in phase stability analysis.
Global minimization of TPDF is performed with respect to
c mole numbers where the admissible region for all mole
numbers is ni ∈ (0,1)
=1,...,c. Thermodynamic
i
properties of all mixtures are calculated using SRK EoS with
conventional mixing rules. Parameters of pure components
are taken from Reid et al. [22]. Interaction parameters for
the ternary mixture are given by kN2C1 = 0.038, kN2C2 = 0.08
and kC1C2 = 0.021 while for others mixtures all interaction
parameters are zero. Results of phase stability calculations
are reported in table 2. For all mixtures, DSAM method is
very reliable to find the global minimum of TPDF. Of course,
the computational effort increases when the number of
component also increases. ADD value is lower than 0.12%
for all mixtures. Our phase stability results are consistent
371

Table 3
NUMERICAL PERFORMANCE OF DSAM OPTIMIZATION METHOD IN PHASE EQUILIBRIUM
CALCULATIONS NON-REACTIVE MIXTURES

with those reported by Hua et al. ]20], Harding and Floudas
[21] and Henderson et al. [5].
Problem 2. Gibbs energy minimization in non-reacting
mixtures
Phase equilibrium calculation is a recurrent and
important element in the simulation of separation
processes. Basically, this problem can be formulated as
the global minimization of the total Gibbs energy of the
system under analysis. For a non-reacting multiphase
mixture, the objection function that must be optimized is
given by
(10)
subject to

where g is the total Gibbs energy of

mixing, nk is the total mole number at phase k and gk is the
Gibbs energy of mixing of phase k, respectively. Until now,
several local and global optimization methods have
proposed and tested in the global minimization of Gibbs
energy for phase equilibrium calculations [23]. However,
when phase equilibrium calculations are performed with
conventional optimization methods, we have initialization
problems and we also can converge to trivial solutions or
unstable equilibrium states that correspond to local
minimums of Gibbs energy [23]. In accordance with
Rangaiah [6], Gibbs energy function can be minimized with
respect to a set of c independent variables χi inside the
interval [0, 1]. The introduction of these variables
eliminates the restrictions imposed by material balances,
reduces problem dimensionality and the optimization
problem is transformed to an unconstrained one. For a flash
calculation (two phase equilibrium), these optimization
variables are related to mole numbers using the following
expressions
372

(11)
(12)

being niα and niβ the equilibrium mole numbers of
component i. Rangaiah [6], Rangaiah and Teh [3],
Rangaiah and Teh [23] and Srinivas and Rangaiah [24] have
tested the numerical performance of different stochastic
optimization methods (Simulated Annealing, Genetic
Algorithms, Tabu Search and Random Tunneling) in phase
equilibrium calculations using this approach. In this work,
three mixtures are considered for testing DSAM method in
Gibbs energy minimization based on Rangaiah’s approach.
All thermodynamic properties are calculated using SRK EoS
with conventional mixing rules where the parameters of
pure components are taken from Reid et al. [22]. All
interaction parameters are zero. In table 3 we report the
results of phase equilibrium calculations. For two mixtures,
DSAM method is very reliable to find the equilibrium
compositions. However, in the quaternary mixture,
proposed method fails several times in the global
minimization of Gibbs energy. Harding and Floudas [21]
have used this mixture for evaluating a deterministic global
optimization method in phase stability analysis and they
have indicated that this mixture is a challenging system
whose phase behavior is complex. In the other hand, ADD
value is lower than 0.6% for all mixtures and NFEV ranged
from 142905 to 917690, respectively. Results of phase
equilibrium are consistent with data reported by Rangaiah
[6] and Harding and Floudas [21].
Problem 3. Parameter estimation for vapor-liquid
equilibrium modeling based on least squares and
maximum likelihood approaches
Parameter estimation is a common problem in many
engineering applications and, in the context of
REV. CHIM. (Bucureºti) ♦ 58 ♦ Nr. 4 ♦ 2007

thermodynamics, it may also present computational
difficulties due to the possibility of several local optimums
in the objective function used as optimization criterion. As
indicated by Dominguez et al. [25], failing to identify the
global optimum in parameter estimation may cause errors
and uncertainties in equipment design and erroneous
conclusions about model performance. Recently, some
papers have reported the application of stochastic
optimization methods in parameter estimation using
chemical engineering models [26, 29]. In first instance, we
have considered the data correlation of vapor-liquid
equilibrium for the binary system tert butanol - 1 butanol.
This system was studied by Gau et al. [30] using an interval
analysis approach and the classical least square
formulation. Also, Bonilla-Petriciolet et al. [29] have tested
the numerical performance of the Simulated Annealing
method proposed by Corana et al. [15] in data correlation
of this system. We use three sets of experimental data at
different isobaric conditions and they were taken from
DECHEMA [31]. Wilson equation is used to calculate the
liquid phase activity coefficients, which are defined by

(13)

(14)

The binary parameters Λ12 and Λ21 are given by
(15)

(16)

where ν1 and ν12 are the pure component liquid molar
volumes, T is the system temperature, θ1 and θ2 are the
energy parameters, respectively. Assuming an ideal vapor
phase, the experimental values for the activity coefficients
γiexp are calculated using the next expression

(17)

where Pio is the vapor pressure of pure component i at the
system temperature T and c is the number of components,
respectively. The vapor pressure is calculated using
(18)

where T is in °C and Pio in mmHg. Parameters for vapor
pressure calculation are also taken from DECHEMA [31].
We have used a relative least squares formulation to fit
the data
(19)

This function is minimized with respect to the Wilson
model parameters inside the intervals θ1∈(-8500, 320000)
and θ1∈(-8500,32000). Results of parameter estimation
for this system are reported in table 4. For all data sets, the
success rate of DSAM method ranged from 60 to 68%,
respectively. Despite that this problem has only two
optimization variables, its objective function is challenging
for DSAM method. With respect to efficiency, the numerical
effort of DSAM is similar for the three tested conditions
where NFEVÎ(33228, 39319) and ADD is lower than 0.15%
for all cases. The global optimums reported in table 4 are
consistent with the results reported by Gau et al. [30] and
Bonilla-Petriciolet et al. [29].
In our second case, we have considered the error-invariable parameter estimation using the van Laar model
for liquid phase in the correlation of experimental vaporliquid equilibrium data of binary system methanol – 1,2
dichloroethane. This system was studied by Esposito and
FloudaS [32] using a deterministic global optimization
method and by Bonilla-Petriciolet et al. [29] using the
Simulated Annealing method of Corana et al. [15]. The
experimental data consists of five points for the state
variables: pressure in mmHg, temperature in Kelvin, liquid

Table 4
NUMERICAL PERFORMANCE OF DSAM OPTIMIZATION METHOD IN DATA
CORRELATION OF VAPOUR-LIQUID EQUILIBRIUM OF THE BINARY SYSTEM TERT BUTANOL-1
BUTANOL USING LEAST SQUARES
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Table 5
NUMERICAL PERFORMANCE OF DSAM OPTIMIZATION METHOD IN THE CALCULATION OF
HOMOGENEOUS AZEOTROPES IN NON-REACTING MIXTURES

and vapor mole fractions of methanol, respectively. The
vapor pressure of pure components are calculated using

(24)

(20)

where is given in mmHg, T in Kelvin and the constants of
Antoine equation are taken from Esposito and FloudaS [32],
respectively. The activity coefficients are defined by

(25)

For this case, we have twelve optimization variables
where the initial intervals on the independent state
variables

(141

(22)

We use an unconstrained optimization formulation in
the data fitting procedure. Based on Esposito and FloudaS
[32] and Gau and StadtherR [33], the temperature is scaled
by a reference temperature Tr = 323.15 K and the van Laar
model parameters are also defined considering the
reference temperature as
variables of the system are

. The state
and their standard

deviations are defined as (0.005, 0.015, 0.75, 0.000309). The
objective function is given by

(23)

where TS = T / Tr. Equations (24) and (25) are used to
eliminate and in the objective function and to transform
the problem as unconstrained optimization
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are set using plus and minus three

standard deviations. For the case of van Laar model
parameters, we use A/RT∈ (1, 2) and B/RT∈ (1, 2) as
initial intervals for the optimization of objective function.
In all calculations performed, DSAM is capable of finding
the global minimum of objective function without
numerical problems. It is important to note that in this
example, the reliability of DSAM is not affected by the
increment in the number of optimization variables. The
global minimum is = 3.326 where van Laar parameters
are given by A/RT= 1.912 and B/RT = 1.608,
respectively. DSAM method showed a NFEV = 1926036
and ADD = 0.00042%. Our results are consistent with Gau
and Stadtherr 33 and Bonilla-Petriciolet et al. [29].
Problem 4. Calculation of homogeneous azeotropes in nonreactive mixtures
Homogeneous azeotropy is a condition of vapor-liquid
equilibrium in which the composition is identical on both
phases. The description of this phase equilibrium condition
is essential for the selection of strategies in shyntesis, design
and operation of separation processes. This description
consists of establishing the temperature, pressure and
composition as well as the component number of the
azeotrope. Traditional methods for the calculation of
homogeneous azeotropes use local procedures and
different objective functions employing fugacity coefficients
or relative volatilities. Recently, some reliable techniques
have been proposed to calculate homogeneous azeotropy
REV. CHIM. (Bucureºti) ♦ 58 ♦ Nr. 4 ♦ 2007

which are principally based on deterministic strategieS [3436]. To the best of the authors’s knowledge, BonillaPetricioleT [37] has introduced the application of a
stochastic optimization approach to calculate
homogeneous azeotropes. The thermodynamic conditions
that a homogeneous azeotrope should satisfy are given by
(26)

where µ i is the chemical potential of component i.
Equation (26) is a system of c nonlinear equations with c1 unknown compositions x iazeo plus the unknown
temperature or pressure of the azeotrope. We can solve
these equations as an optimization problem by minimizing
(27)

Here we find the mole fractions (for c = 2) or mole
numbers (for c ≥ 3), temperature or pressure that
corresponds to the global minimum of this objective
function (Fobj=0).We have calculated the homogeneous
azeotropes for different mixtures previously reported in
literature using DSAM method. Solution models and
equations of state are used to calculate thermodynamic
properties of our examples (table 5). Initial intervals for
systems benzene – isopropanol and acetone – chloroform
- methanol – benzene are niazeo (0, 1) for i =1,...,c and T
∈(10, 100) o C while for systems CO 2 – ethane and
chloroform – ethanol we use x1azeo∈(0,1), T∈(220, 260)K
and KPa, respectively. Results of azeotropy calculations
are also reported in table 5. Our calculations show that
DSAM method is very reliable to find the homogeneous
azeotropes in all examples even using EoS as
thermodynamic model. It is convenient to note that the
available deterministic methods for the calculation of
homogeneous azeotropes have been applied only with
solution models and ideal gas behavior [34, 35]. However,
this optimization strategy can be used with any
thermodynamic model without the reformulation of
thermodynamic problem. With respect to efficiency, NFEV
ranged from 13095 to 271226 while ADD is lower than 0.05
% for all examples. Our results of azeotropy calculations
agree with those of Harding et al. [34], Maier et al. [35],
Smith and Van Ness [38] and Lucia et al. [39].

Several models have been proposed to correlate the
properties of electrolyte solutions [40]. Generally,
developed models can fit and predict the activity
coefficients of electrolytes using few adjustable
parameters. However, the non-linearity of thermodynamic
models may cause computational difficulties in the
parameter estimation due to the possibility of several local
optimums in the objective function used as optimization
criterion. Belvéze et al. [41] have shown that the
correlation of activity coefficients in electrolyte solutions
is a challenging optimization problem. By consequence,
robust and efficient methods are required for this issue.
The stochastic optimization methods are attractive
alternatives to solve this problem. In this example, we have
used the NRTL-electrolyte model proposed by Chen et al.
[42] to fit the experimental data of activity coefficients of
aqueous electrolyte solutions. This model is easy to use
and works very well for several simple salts where a
complete dissociation of the electrolyte existS [41]. The
model is conformed by two terms
(28)

where γi is the activity of component i in the solution, γiPDH
is the activity coefficient of component i due to coulombic
forces and γiNRTL is the NRTL contribution to the activity
coefficient of component i, respectively. The activity
coefficient γiPDH, which is a Debye-Hückel term, is given by
(29)

The closest approach parameter ρ is equal to 14.9 for
all componentS [42] and Msolvent is the solvent molecular
weight. The ionic strength I depends on the charge of each
ions Zi and its mole fraction xi, then
(30)

In this case, parameter A ϕ is calculated using the
following correlation proposed by Chen et al. [42]

Problem 5. Data fitting of activity coefficients in electrolyte
systems
Thermodynamic properties of aqueous electrolyte
systems have been widely studied due to their applications
in chemical industr y, water pollution control,
bioseparations, food processing and oilfield operation.

(31)

Table 6
NUMERICAL PERFORMANCE OF DSAM OPTIMIZATION METHOD IN THE DATA CORRELATION OF
MEAN ACTIVITY CORFFICIENTS OF AQUEOUS ELECTROLYTE SOLUTIONS USING NRTL-ELECTROLYTE MODEL GLOBAL MINIMUM1
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Table 7
COMPUTATION TIME REQUIRED FOR THERMODYNAMIC CALCULATIONS USING DSAM
OPTIMIZATION METHOD

where T is given in Kelvin. Activity coefficient contributions
of NRTL-electrolyte model for cation and anion are
calculated using

(32)

(33)

where Gcas=exp(-ατcas), Gsca=exp(-ατsca), α is equal to
0.2 and c, a and s corresponds to cation, anion and solvent,
respectively. Parameters τcas and τsca are empirical and
they are obtained by fitting the experimental data.
According to Belvéze et al. [41], these parameters are
subject to the following theoretical expectation: τcas ≤ 0
and τsca ≥ 0 where τcas <τsca. Mean activity coefficient
γ± of the salt in the solution is the experimental quantity
that is actually measured. This property is a function of
molality m, solvent molecular weight M solvent , the
stoichiometric coefficients(ν+, ν−)obtained from the salt
dissociation Mν+X ν- ↔ ν+Mz+ + ν--Xz- and the sum of these
stoichiometric coefficients ν . So, the mean activity
coefficient is obtained from
(34)

where γcation and γanion are calculated from eq. (28). In this
study, we use the following objective function to correlate
the mean activity coefficient data
(35)

where ndat is the overall number of experimental data,
exp and calc are the experimental and calculated values,
respectively. This function has been used by Belvéze et
aL. [41] and they showed that it is nonconvex and may
have multiple local optimums. This function is minimized
with respect to τ cas and τ sca . Data of mean activity
coefficients at 25°C for different quaternary ammonium
376

salts have been used. Experimental information is taken
from Gregor et al. [43], Lindenbaum and Boyd [44] and
Boyd et al. [45]. All these systems have been fitted by
Belvéze et al. [41] using same thermodynamic model,
objective function and a deterministic optimization
approach based on interval analysis. The objective function
was minimized inside the following initials intervals: τcas
∈ (-50, 10) and τsca∈ (-10, 50), which were proposed by
Belvéze et al. [41]. According to them, although physically
we should expect τcas< 0 and τsca> 0, proposed intervals
are useful to identify inadequacies in the model if the
globally optimal parameters values are consistently outside
the physically expected range. Results of parameter
estimation for different electrolyte systems appear in table
6. In general, DSAM shows several failures to find the global
minimum in the parameter estimation of NRTL-electrolyte
model. Only for one case, DSAM shows a success rate of
100% in data fitting. Our results suggest that DSAM method
is not suitable for data correlation of activity coefficients in
electrolyte systems. In all electrolytes systems, the
optimization method required a mean NFEV value from
34295 to 42469 while ADD is lower than 0.05% for all
analyzed systems.
Finally, table 7 reports the mean computational time to
find the global minimum for all examples. Computation
time ranged from 0.1 to 33.9 s, which is very reasonable to
solve the thermodynamic problems considered in this
work. It is important to note that numerical effort and
computation times reported for DSAM can be reduced if
we relax the tolerance value for convergence. In this case,
it is convenient to use a local optimization method to refine
the solution obtained with DSAM method.
Conclusions
Reliability and efficiency of a stochastic optimization
method has been tested in several thermodynamics
calculations related to Chemical Engineering. This method
is a modified version of the Direct Search Simulated
Annealing proposed by Ali et al. [12]. In general, our results
show that proposed method is robust to perform phase
stability analysis, two-phase equilibrium calculations using
Gibbs energy minimization and the prediction of
homogeneous azeotropes. However, it is not suitable for
REV. CHIM. (Bucureºti) ♦ 58 ♦ Nr. 4 ♦ 2007

data correlation in thermodynamic models, especially in
electrolyte systems.
Other stochastic optimization methods should be
studied with the aim of identifying a reliable and efficiency
strategy for thermodynamic calculations in Chemical
Engineering.

Acknowledgments: The authors acknowledge financial support
provided from CONACyT, Instituto Tecnológico de Aguascalientes and
Universidad de Guanajuato.

Notation
ADD- mean absolute percentage deviation
A, B- parameters of van Laar model
a1, b1, c1 - parameters of Antoine equation
c- number of components
f - objective function
G - centroid
g - total Gibbs energy of mixing
I - ionic strength
kij - interaction parameter
Msolvent - solvent molecular weight
n - mole number
NT - iteration number before temperature reduction
P - Pressure
Pio - vapor pressure of pure component
R - universal gas constant
RT - temperature reduction factor
T -Temperature
TSA - annealing temperature
Tr - reference temperature
TPDF - tangent plane distance function
u - random number
ν - sum of stoichiometric coefficients
ν1, ν2 - pure component liquid molar volumes
x, y - mole fraction
Zi - ionic charge

Greek letters

Λ12, Λ21 - binary parameters of Wilson model
σi - standard deviation of state variable
α, β - phase at equilibrium
µ - chemical potential
γ - activity coefficient
ϕ − fugacity coefficient
θ1,θ2 - energy parameters
τ - parameter of NRTL-electrolyte model
ρ - optimization variable
ρ - closest approach parameter
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