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Introduction

The chromatographic separation processes, which
involve the adsorption phenomenon, correspond to a very
important approach for separating substances with high
aggregated value, being utilized mainly by the chemical
and pharmaceutical industry. The application of modeling
and simulation in the study of such separation mechanisms
is a key factor for the understanding and therefore the
improvement of such systems.

Among the models of mass transfer kinetics in
chromatography, the LDF (Linear Driving Force) and the
Langmuir are the most important, being both related with
a kinetic of first order [1]. The publication of Thomas [2]
corresponds to a precursor work following the simple
adsorption kinetic of Langmuir. Following the same
adsorption methodology, Chase [3] derived an analytical
form for the breakthrough curve, being it identical to the
Thomas’s model.

The application of the inverse methodology to study
the chromatographic systems is a new promising area for
obtaining the models parameters from the experimental
data [4, 5], having a large range of applications [6, 7].

In this work the continuous mass balance models
with the kinetic mechanisms of adsorption and desorption
were analyzed through a inverse problem by the
Generalized Extremal Optimization Algorithm (GEO).

Modeling of the direct problem

The modeling of the chromatographic separation
process is based on the adsorption kinetic mechanisms
over a solid surface as represented in Fig. 1A. In Fig. 2B

is represented the column modeled, in which “» and <
represent the initial concentration of solute A at the
column entrance and the solute concentration at the
column exit, respectively. The rate of consumption of
solute A (-r,) is determined by

-r,=k.CCS ~k.q, (1)
in which €, & and % represent the concentration of
solute in the liquid phase, the concentration of active sites

of the adsorbent and the concentration of solute A
adsorbed in the solid phase, respectively. The parameters

a, B and 2 represent the stoichiometric coefficients of
the adsorption mechanism
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Figure 1- Mechanisms of adsorption (Fig. 1A) and the
column representation (Fig. 1B)

Equation 1 is converted into Eqgs. 2 and 3, for the
concentration of solute in the liquid and solid phase,

respectively,
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with the parameter ¢, = Q/¢eV , in which the parameters &,
V and Q correspond to the porosity, the volume and the
volumetric flow, respectively.

The system of Eqgs. 2 and 3 was solved numerically
applying the Runge-Kutta method of 4" order.

Inverse problem modeling - GEO Algorithm

GEO is an optimization algorithm [6] inspired by a
simplified evolutionary model, developed to be easily
applicable to a broad class of nonlinear constrained
optimization problems, while having only one free
parameter ( ¥, please see Fig. 2) to be adjusted. The
design variables are coded in a binary string, in which the
number of bits used to encode each variable was defined
in function of its required precision.

Results

Figure 3 presents the results of the correlation
between the experimental data [8] and the model (Egs. 2
and 3) applying the GEO inverse routine.
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Step 1: Initialize randomly a string of L bits
(population) that codifies M design variables

<+

Step 2: For each bit attribute a fitness number
that is proportional to the gain or loss the
objective function has if the bit mutates,
compared to the best value found so far.

+
Step 3: Rank the bits according to their fitness
numbers, independently for each variable,
from k=1 (least adapted one) to /., where [; is
the number of bits of variable j, j=1,....M.

Step 4: Mutate a bit of each variable with
probability given by P(k) = k™, ke {1,2,..., l; }.

Step 5: Stop
criterion met?

Step 6: Return the best solution found during
the search.

Figure 2- The canonical variant of GEO

From Fig. 3 can be observed that GEO was effective
in fitting the model to the experimental data. This result
shows that the model was representative in the adsorption
step, being not satisfactory for the desorption one (after
128 min). The experimental parameters correspond to
e =0.557, C,, =11.5 mg/mL, Q =0.35 mL/min and

vV =1.57 mL. The optimized condition encountered by
GEO for the adsorption step was & =2.65.10"

mL*mg”.min and g, =373.3 mg/mL, applying the cost
function, F:i(cw,' -C,,)" , with the values 7.02.10” and

10.22 for the standard deviation and F , respectively.
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Figure 3- Concentration profiles in the adsorption and
desorption steps [8]

The poor agreement observed in the desorption step is
probably related to a kinetic mechanism that is not the
same as the adsorption one. From the experimental data it
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can be noted that in the desorption step there is a
discontinuous change in the concentration with a
maximum. The discontinuous change is due to a change in
the solvent, which is substituted by a strong desorbent that
leads to a quick desorption of the solute molecules. This
change in the characteristics of the solvent leads to a
change in the desorption kinetic mechanism, which is not
the same as the adsorption one.

Conclusions

The inverse routine GEO was effective in fitting the
model to the experimental data. The model correlated
effectively in the adsorption step, having a poor behavior
in the desorption step. The poor behavior in the
desorption step is probably related to the kinetic
mechanism of desorption, which is different from the
adsorption one.
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