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This article concerns reactive transport in porous media with an emphasis on the
optimization of the chemical parameters. The transport of Cadmium (Cd) and tributyl-
tin (TBT) in column experiments were used as test cases. The reactive transport model
is described by a set of chemical reactions with equilibrium constants as the main ad-
justable parameters. As such a problem is highly nonlinear and can have multiple min-
ima, global parameter estimation methods are more suitable than local gradient-based
methods. This article focuses on the application of a genetic algorithm (GA) in esti-
mating chemical equilibrium parameters of a reactive transport model. The GA is ca-
pable of minimizing the difference between the measured and modeled breakthrough
curves for both Cd and TBT. A comparison between GA and Monte-Carlo approaches
shows that the GA performance is better than the Monte-Carlo, especially for a small
number of evaluations of the cost function. The results of this study show that the use
of GA to estimate the parameters of reactive transport models is promising. VVC 2009
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Introduction

Reactive transport models are increasingly used to
improve understanding and provide prevision in hydrogeol-
ogy and geochemistry fields.1–5 In this article, we address
the modeling of both Cadmium (Cd) and tributyltin (TBT)
transport in column experiments. Cd is a potentially toxic
heavy metal. Anthropogenic activities, such as industrial
waste disposal and fertilizer application on land, have led to
the accumulation of Cd in the environment and its entry into
the food chain.6 TBT is a highly toxic compound, which has
been produced on a large scale to be used in ship antifouling
paints, preservation of wood, and disinfection of circulating
industrial cooling waters. Because of its widespread use as
an antifouling agent in boat paints, TBT has been introduced
into aquatic ecosystems.7

In this study, the sorption of Cd and TBT onto natural
quartz sand is described by the diffuse layer model (DLM).8

Besides the hydraulic properties of the domain, our reactive
transport model is described by a set of chemical reactions
with corresponding equilibrium constants as adjustable
parameters. Usually, the estimation of the required chemical
parameters is done either by trial and error or with
tools, such as FITEQL,9 MINTEQA2,10 GRFIT,11 and
CXTFIT2.0,12 which use local gradient-based methods. In a
previous study, Aggarwal and Carrayrou13 showed that the
parameters space of such a problem can have multiple local
minima. Therefore, global inverse methods could be more
suitable than local ones in estimating equilibrium chemical
parameters.

For nonlinear problems, such as equilibrium chemical
equations, the efficiency of local methods decreases
strongly.14,15 Even though the mathematical formalism of
our problem is quite straightforward, the nonlinearity of
sorption associated with multi-species transport yields cum-
bersome calculations. In addition, the problem is reputed to
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be weakly convex, which makes it very difficult to seek pa-
rameters by means of classical techniques, which are usually
based on descent methods assuming that model sensitivities
to parameters are affordable. For rapid convergence, second-
order derivatives of the state variable with respect to param-
eters (the so-called Hessian matrix) should also be computed
or approximated. It is obvious that the nonlinearity of the
sorption reactions does not help to get these features and
that the analytical derivations of concentrations (state varia-
bles) with respect to parameters are hard to obtain. It is also
quite certain that a perturbation technique for these deriva-
tions would yield poor results. Therefore, the use of alterna-
tive methods that do not necessitate analytical derivations of
concentrations with respect to parameters is better suited for
our problem.

Genetic algorithms (GAs) are a class of global stochastic
search methods based on concepts of genetic recombination
and natural selection.16,17 Because of their robustness and
general applicability, GAs have been used in the optimiza-
tion of nonlinear problems in various fields including estima-
tion of preferential water flow parameters in natural soil
columns,18 optimization of semibatch reactive crystallization
processes,19 optimal configuration of batch distillation,20 and
global optimization of a dryer.21 The aforementioned studies
are only a few examples, and readers interested in the basics
of GAs can refer to the review by Goldberg.22

Today, there is an increasing interest in using global meth-
ods to estimate parameters of reactive transport models. For
example, GAs were recently used for the estimation of
kinetic parameters in reactive transport models.23,24 For the
estimation of chemical equilibrium parameters in reactive
transport models, the only global method reported in litera-
ture (to our knowledge) is the Monte-Carlo approach.13 This
article introduces a first application of GA to estimate chem-
ical equilibrium parameters in reactive transport models. It
also aims to compare the performances of both GA and
Monte-Carlo approaches. After a brief description of the
reactive transport model and the GA and the Monte-Carlo
approaches, we show the GA optimization results and dis-
cuss the efficiency of the parameter estimation methods used
in this study.

Reactive Transport and Diffuse Layer Model

Column experiments evaluating the sorption of Cd on
Cristobalite and TBT on natural quartz sand were used as
test cases. More details about the experimental setup and Cd
(respectively TBT) breakthrough curves can be found in
Bürgisser25 (respectively Bueno et al.26). For these cases, the
chemical system is formed by Nc aqueous and sorbed species
[Ci (i¼1, Nc)

]. Under the assumption of an instantaneous equi-
librium, the chemical system can be simplified using the def-
initions of components and species. Among the species, we
select Nx components [Xj (j¼1, Nx)

], which are a set of linearly
independent chemical entities such that every chemical spe-
cies can be uniquely represented as a linear combination of
these components.

The chemical system is described by mass action and con-
servation laws. The mass action laws (1) are written for the
formation of the Nc species Ci by the selected component
set Xj:

½Ci� ¼ Ki

YNx

j¼1

½Xj�ai;j for i ¼ 1 toNc; (1)

where the concentration of species and components is noted
[–], Ki is the equilibrium constant, and ai.j are the stoichio-
metric coefficients for the chemical reactions. The conserva-
tion law (2) is written to preserve the total quantity [Tj] (mol
m�3) of each component:

½Tj� ¼ ½Tdj� þ ½Tfj� ¼
XNc

i¼1

ai;j½Ci� for j ¼ 1 toNx; (2)

where [Tdj] (mol m�3) is the total mobile concentration of
component j and [Tfj] (mol m�3) is the total fixed concentra-
tion of component j.

The transport phenomenon is governed by the advection-
dispersion-reaction (ADR) equation for the components:

x
@½Tj�
@t

¼ r � ðD � r½Tdj�Þ � U � r½Tdj� for j ¼ 1 toNx;

(3)

where x [–] is the effective porosity, D (m2 s�1) is the
dispersion/diffusion tensor, and U (m s�1) is the Darcy
velocity.

Sorption phenomena can be described by ion exchange or
by surface complexation. For ion exchange, the mass action
law describing the formation of a species is given in Eq. 1.
For the surface complexation phenomenon, the sorption site
should be defined as a component XS. Then the potential of
the surface w is added to the mass action law describing the
sorption of a species CSi:

½Csi� ¼ Kiexp � zif

Rs
w

� �YNx

j¼1

½Xj�ai;j ; (4)

where zi is the charge of the species CSi, R (J mol�1 K�1) is the
gas constant, f (C mol�1) is the Faraday constant, and s (K) is
the Kelvin temperature. Different models can be used to obtain
the potential w from the electrostatic charge fixed at the
surface. The major idea of these models is that the sorption of
an electrically charged species onto a surface will modify the
electrical charge of this surface. A potential is then created that
helps the sorption of species of opposite charge or impedes the
sorption of species of the same charge.

To describe the relationship between the charge of the sur-
face and the potential, we use the DLM. In the DLM, the
potential decreases exponentially with the distance to the
surface:

X
sorbed

zi½Csi� ¼ SM

f
ð8Rsee0IÞ1=2sinh Zelfw

2Rs

� �
; (5)

where S (m2 kg�1) is the specific area of the solid, M (kg m�3)
the mass concentration of the solid, e0 (F m�1) the permittivity
of the vacuum, e (F m�1) the permittivity of the water, Zel the
electrical charge of counter-ion, and I (mol m�3) the ionic
strength.

Hydrodynamic parameters such as porosity, velocity, or
dispersivity are estimated from a tracer experiment. In the
same way, chemical parameters for aqueous reactions, such
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as equilibrium constants and initial concentrations, are
obtained from thermodynamic databases. During the trans-
port, the aqueous components react with the solid ion
exchange sites (S).

The direct problem is solved using the operator splitting
(OS) approach,27 in which transport and chemical equations
are solved sequentially. In the transport equation, the advec-
tive term is discretized by the Galerkin Discontinuous
Finite Element method, whereas the dispersive term is dis-
cretized by the Mixed Hybrid Finite Element method. The
space discretization is done with a 1D regular mesh with
20 and 35 elements for TBT and Cd, respectively. The
nonlinear chemical equations are solved by the Newton-
Raphson method. The convergence of this method is verified
by means of a maximum relative convergence criterion,

Xmþ1
j � Xm

j

� ��
Xmþ1
j

����
����
1
< eNR, where m represents the itera-

tion and eNR is a user-defined small number (10�7 for our
simulation).

In the case of sorption of TBT on natural quartz sand, five
reactions of ion exchange occur between chemical species
and the adsorbed component BSAOH, leading to five
adsorbed species (BSAOHþ

2 , BSAO�, BSAOTBT,
BSAOHTBTþ, BSAONa). Chemical reactions, constants of
equilibrium, initial and inflow boundary conditions for the
TBT are summarized in Table 1 (in which the bold parame-
ters are the ones to be estimated). Only chemical parameters
related to the solid-water interface phenomena (i.e., sorption
parameters) are estimated: equilibrium constants for sorption
reactions (KBSAOHþ

2
, KBSAO�, KBSAOTBT, KBSAOHTBTþ,

KBSAONa) and initial total concentration for sorption compo-
nents (TBSAOH).

In the case of sorption of Cd on Cristobalite, two types of
reactions occur. By ion exchange, two adsorbed species
BSEAH and B(SE)2ACd are formed from the component
BSEANa. Two reactions of surface complexation lead to the
formation of BSCAO� and BSCAOCdOH using the compo-
nent BSCAOH. Chemical reactions, constants of equilib-
rium, initial and inflow boundary conditions for the Cd are
summarized in Table 2 (where the bolt parameters are the
ones to be estimated). Only sorption parameters are esti-

mated: equilibrium constants for sorption reactions
(KBSCAO� , KBSCAOCdOH, KBSEAH, KB(SE)2ACd) and initial
total concentration for sorption components (TBSCAOH,
TBSEANa).

For the two test cases, we focus on the estimation of pa-
rameters related to solid water reactions, and we assume that
parameters related to reactions in water phase are well
known. The total concentration in the water phase can either
be obtained by analytical methods (ionic chromatography) or
controlled during the experiment. The number of sorption
sites for a given solid is very difficult to measure by analyti-
cal methods (XPS can give an estimation if the solid is pow-
dered but is not adapted for grains). Equilibrium constants
for water phase reactions are very well documented, whereas
data bases containing equilibrium constants for solid-water
reactions are not.

Binary GA Components

Parameters space

In this study, we used a binary GA28 that uses a classical
binary coding of parameters. The binary coding of parame-
ters allows for the parameters to be defined as discrete val-
ues (opposed to continuous) within a prescribed range. The
GA defines a chromosome as an array of parameter values
to be optimized, where each chromosome is chosen from a
finite parameters space consisting of discrete values. The bi-
nary encoding of each parameter value is called a gene (i.e.,
array of 0 and 1 bits), and thus, a chromosome is written as
a series of several genes with a total of Nbits.

The binary coding differs from the so-called Gray code. In
a Gray code, the gradual passage from a value to the follow-
ing/preceding one is done by modifying only one bit, whereas
in a binary code the same action requires the modification of
two bits. The use of Gray code would have been adequate if
we wanted to compare the GA with another method that
gradually modifies the values of parameters (like local
descent methods). In this study, we aimed to compare the GA
with the Monte Carlo method in which values are randomly
changed without taking into account their gradual variation.
For this reason, we chose to use the binary coding.

Table 1. Morel Tableau for the Cd Reactive Transport Test Case

Aqueous Components Adsorbed Component

WS log (K)Hþ Cl� NO�
3 Naþ Im TBTþ BSAOH

Aqueous species OH� �1 �14.0
ImHþ 1 1 7.0

ImTBTþ 1 1 3.91
TBTOH �1 1 �6.25
TBTCl 1 1 0.6
TBTNO3 1 1 0.62

Adsorbed species BSAOHþ
2 1 1 1 6

BSAO� �1 1 �1 �2

BSAOTBT �1 1 1 7.5

BSAOHTBTþ 1 1 1 9

BSAONa �1 1 1 �1

Initial condition (M) Fixed 0.0 0.1 0.1 10�3 0.0 3.16 � 10�6

Injection (M) Fixed 8.6 � 10�6 0.1 0.1 10�3 8.6 � 10�6

Leaching (M) Fixed 0.0 0.1 0.1 10�3 0.0

Bold parameters will be estimated.
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In the TBT test case, we built the parameters space around
values found in the literature13,29,30 in the following manner:
log (KBSAOHþ

2
) varies between [�3; 12.5] with a step of 0.5,

log (KBSAO�) varies between [�10; 5] with a step of 1, log
(KBSAOTBT) varies between [�3; 12.5] with a step of 0.5,
log (KBSAOHTBTþ) varies between [�3; 12.5] with a step of
0.5, log (KBSAONa) varies between [�7; 8] with a step of 1,
and TBSAOH varies between [10�9; 10�1.5] with a step of
100.5. The resulting parameters space consists of 134 217
728 sets of parameters.

For the Cd test case, the parameters space was also built
around literature values31–37: log (KBSCAO� ) varies between
[�10; 5] with a step of 1, log (KBSCAOCdOH) varies between
[�14; �6.5] with a step of 0.5, log (KBSEAH) varies between
[�7; 8.5] with a step of 0.5, log (KB(SE)2ACd) varies between
[�7; 8.5] with a step of 0.5, TBSCAOH varies between [10�9;
10�1.25] with a step of 100.25, and TBSEANa varies between
[10�9; 10�1.25] with a step of 100.25. The resulting parame-
ters space consists of 268 435 456 sets of parameters.

The choice of the steps was based on the parameter varia-
tion that can cause a change of the cost value to the order
of 10�3.

Cost function

The optimization is done by minimizing the error (i.e.,
cost function) between experimental and simulated values
according to:

cost ¼ 1

Nexp

X
Nexp

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Cexp � Csim

Cexp

� �2
s

; (6)

where Nexp is the number of experimental points, Cexp and
Csim, respectively, are the experimental and simulated
dissolved concentrations of TBT or Cd at the column outlet.

Natural selection and pairing

The GA starts with an initial population of Npop chromo-
somes (Npop ¼ 8 in this study), which is an Npop � Nbits

matrix filled with randomly generated one and zero bits. The
chromosomes are then decoded to evaluate their costs, and
ranked from the lowest to the highest cost. A portion of the
high-cost chromosomes (50% of the population) are dis-
carded through natural selection or survival of the fittest.
Natural selection occurs each generation or iteration of the
algorithm. Every iteration, half of the Npop chromosomes
(Ngood) are placed in a mating pool for reproducing whereas
the discarded chromosomes (Nbad) are replaced by new
offspring.

Two chromosomes are selected from the mating pool of
Ngood chromosomes to produce two new offspring. Pairing
takes place in the mating population until Nbad offspring are
born to replace the discarded chromosomes and reconstitute
the Npop members of the population. Based on the recom-
mendations of Majdalani et al.,18 we used a pairing from the
top-to-bottom technique. This technique starts at the top of
the list and pairs the chromosomes two at a time until the
top Ngood chromosomes are selected for mating. Thus, the
algorithm pairs chromosome2i�1 with chromosome2i for i ¼
1, 2.

Mating and mutations

Mating is the creation of two offspring from the two
parents selected in the pairing process. The technique used
in this study is the single-point crossover in which a cross-
over point is randomly selected between the first and last
bits of the parents’ chromosomes. Mutations alter a small
percentage of the bits in the list of chromosomes. A single
point mutation changes a ‘‘1’’ to ‘‘0’’ or vice versa. Mutation
points are randomly selected from the total number of

Table 2. Morel Tableau for the TBT Reactive Transport Test Case

Aqueous Components Adsorbed Components

WS log (K)Hþ Naþ NO Cd2þ BSE ANa BSCAOH

Aqueous
species

Hþ 1 0
OH� �1 �13.91
Naþ 1 0
NO�

3 1 0
Cd2þ 1 0

CdOHþ �1 1 �10.17
Cd(OH)2 �2 1 �20.44
Cd(OH)�3 �3 1 �33.3
Cd(OH)2�4 �4 1 �47.17
Cd2OH

3þ �1 2 �9.3
Cd4(OH)

4þ
4 �4 4 �32.67

CdNOþ
3 1 1 0.46

Cd(NO3)2 2 1 0.17
Cd(NO3)

�
3 3 1 �0.85

Adsorbed
species

Surface
complexation

BSCAOH 1 0
BSCAO� �1 1 �1 1

BSCAOCdOH �2 1 1 �8

Ion exchange BSEANa 0
BSE�H 1 �1 1 2

B(SE)2ACd �2 1 2 0.5

Initial condition (M) 1.2 � 105 10�2 10�2 0 1.78 � 10
�4

5.62 � 10
�4

Injection (M) �10�5 10�2 10�2 1.7 � 10�5

Leaching (M) 1.2 � 105 10�2 10�2 0

Bold parameters will be estimated.
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Npop � Nbits bits in the population matrix. The number of
mutations (Nmutations) is determined on the basis of a muta-
tion rate, l, (0 \ l \ 1) by Nmutations ¼ l � Npop � Nbits.
Mutations do not occur on the final iteration. Also, mutations
are not allowed on the best solutions, which are designated
as elite solutions. Elitism consists of letting the best ele-
ments (Nelite) propagate unchanged. After the mutations, the
costs associated with the offspring and mutated chromo-
somes are calculated and ranked. Thus, a new generation is
obtained. In this study, we chose l ¼ 0.25 and Nelite ¼ 1,
based on the recommendations of Majdalani et al.18

Convergence

The process described is run for several generations
(Ngenerations). We wanted to limit the number of function eval-
uations by run (S) in the range of one per 105 of the parame-
ters space (about 2 � 108 parameters sets), which gives S ¼
2000. Thus, if a total of S number of function evaluations are
allocated, a GA with a population size of Npop ¼ 8 must be
run for a maximum of38: Ngenerations ¼ S/Npop ¼ 250.

Monte-Carlo Approach

The parameters P, which have to be estimated, are ran-
domly generated. The distribution of each parameter Pi

describes a Gaussian distribution. Each Gaussian distribution
is set by its mean Pi and its standard deviation ri. The Latin
Hyper Cube procedure (LHC, Hydranto, 2003) is used for

sampling random numbers from a given set of probability
distribution. In LHC, the given range of parameter values is
divided into regions of equal probability. A random value of
parameter is then generated in each interval. This method
ensures the cover of the whole range of parameter values.

In each minimization step i, Ni sets of parameters are gen-
erated from the mean P

i
and the standard deviation ri (initial

mean P
0
and standard deviation r0 given by the modeler).

The reactive transport problem is solved with these sets of
parameters and the cost function F(Pk) is calculated for k ¼
1 to Ni. The smallest F(POptimal) is then selected. In the fol-
lowing minimization step i þ 1, the mean P

iþ1
and standard

deviation riþ1 are modified by taking P
iþ1 ¼ POptimal and

riþ1 ¼ Max [|POptimal � P
i
|; (ar ri)] with ar ¼ 0.5. More

details about the Monte-Carlo inverse method are found in
Aggarwal and Carrayrou.13

Results and Discussion

The GA optimization results

TBT test case. As a first attempt to discover the domain of
possible solutions (optimized sorption parameters), 10 runs
were replicated for the TBT test case (Figure 1). The ensem-
ble evolution of the cost as a function of the number of gener-
ations (Ngeneration) shows a sharp decrease of the cost for ear-
lier generations followed by a very slight decrease for high
Ngeneration (Figure 1a). The differences between the 10 runs
are a result of the stochastic features of the algorithm. These

Figure 1. Estimating chemical equilibrium parameters for the TBT reactive transport test case using GA inverse
method.

(a) Evolution of the cost function over 250 generations for 10 replicated runs. (b) Experimental breakthrough curve and its simulation
with the optimized parameters for 10 replicated runs. ^ shows experimental data; lines show simulations.

Table 3. Optimized Values of Sorption Parameters for the TBT Test Case Using GAs for 10 Replicated Runs

Run #

log (K)

T:S�OH (M) CostBSAOHþ
2 BSAO� BSAOTBT BSAOHTBTþ BSAONa

1 6 �2 7.5 9 �1 3.16 � 10�6 0.0785
2 5.5 �5 7 8 �1 3.16 � 10�6 0.0792
3 4 �5 5.5 7.5 �2 3.16 � 10�6 0.0792
4 1.5 3 9.5 10.5 2 3.16 � 10�6 0.0793
5 5 �8 6.5 2.5 �7 3.16 � 10�6 0.0797
6 �3 �2 8.5 12 4 3.16 � 10�6 0.0793
7 10 �9 11.5 12 �2 3.16 � 10�6 0.0795
8 11 �5 12.5 12 �1 3.16 � 10�6 0.0797
9 0.5 3 8 12 �6 3.16 � 10�6 0.0778
10 6 �10 7.5 8.5 �5 3.16 � 10�6 0.0792

The corresponding cost denotes the lowest value of the cost function obtained at Ngeneration ¼ 250.
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differences are more pronounced for small Ngeneration and
tend to disappear for Ngeneration [ 90. The corresponding
simulations of the TBT breakthrough curve show that the ex-
perimental data are well reproduced (Figure 1b), with quasi-
superimposed 10 simulated curves. As demonstrated in Figure
1, GAs are capable of already finding a close approximation
to the problem solution with a small number of function eval-
uations. This initial phase feature is extremely important in
reactive transport models where the computation speed is
crucial. This GA feature has also been reported in other
studies.39,40

The optimized values of the TBT sorption parameters for
the 10 runs are given in Table 3. Note that TBSAOH con-
verges always to the same value of 3.16 � 10�6 M whereas
the other five equilibrium constants log (K) vary from one
run to another. One might argue that the GA did not disturb
the TBSAOH parameter so that its value remained the same
through all the runs. Such a possibility is refuted because we
checked out the evolution of the TBSAOH parameter across
the generations for the 10 runs (Table 4), and found that
TBSAOH generally took several values before converging to
3.16 � 10�6 M (except for run No. 6). The optimized value
of TBSAOH is in the same order of that of Aggarwal and Car-
rayrou,13 who found TBSAOH values around 6.5 � 10�6 M.
Apart from TBSAOH, the ensemble of the optimized parame-
ters shows wide variations from one run to another and leads
finally to roughly the same cost. This is a typical characteris-
tic of parameter spaces with multiple local minima. There-
fore, the use of GAs (as a global method) is fully justified in
such a context.

Values of equilibrium constants for TBT sorption are
scarce in literature (Table 5). By comparing literature values
to our optimization results (Table 3), we see that the opti-

mized log (K) values of this study are in the range of litera-
ture values, except for BSAOTBT and BSAOHTBTþ,
where we do not get negative values as in Weidenhaupt
et al.30 Meanwhile, we should note that the values given
by Weidenhaupt et al.30 are obtained using pure amorphous
silica and the constant capacitance model, whereas our
values are obtained using natural quartz sand and the DLM.

Cd test case. To discover the parameter space of the Cd
test case, 10 GA runs were replicated (Figure 2). The ensem-
ble evolution of the cost as a function of the number of gen-
erations shows that the cost decrease for low Ngeneration val-
ues is followed by a slighter one for high Ngeneration values
(Figure 2a). Meanwhile, the differences between the 10 runs
are much more pronounced in the Cd than in the TBT test
case (Figure 1a). Even if the amplitude of these differences
gets smaller as Ngeneration increases, it does not tend to vanish
before Ngeneration ¼ 240. The differences in cost evolution
(Figure 2a) are reflected in the corresponding simulations of
the Cd breakthrough curve, where we can see little discrep-
ancies among the 10 GA runs (Figure 2b). Nevertheless, the
over all simulation of Cd data is quite satisfactory.

The optimized Cd sorption parameters for the 10 runs are
given in Table 6. All optimized parameters varied from one
run to another, and none of them converged always to a
same value (as was observed for TBSCAOH in the TBT test
case). For runs #4 and #10, the same final cost was obtained
for two different sets of optimized parameters. This shows
that the Cd parameters space is complex and that the risk of
the presence of local minima does exist. Once more, the use
of GAs is justified in this kind of situation.

A question now arises about having a parameter (i.e.,
TBSCAOH) in the TBT test-case that always converges to a
same value, whereas this is not the case for Cd. The answer

Table 4. Evolution of TBSAOH Value Over 250 Generations for 10 Replicated Runs

Run #

TBSAOH (M)

Ngeneration ¼ 1 ! Ngeneration ¼ 250

1 3.16 � 10�3 1.00 � 10�6 1.00 � 10�5 3.16 � 10�4
3.16 � 10

�6

2 1.00 � 10�6
3.16 � 10

�6

3 3.16 � 10�2 3.16 � 10�4 1.00 � 10�2
3.16 � 10

�6

4 3.16 � 10�3 3.16 � 10�6 1.00 � 10�6 3.16 � 10�6

5 1.00 � 10�2 1.00 � 10�3
3.16 � 10

�6

6 3.16 � 10
�6

7 3.16 � 10�4 1.00 � 10�2 1.00 � 10�6
3.16 � 10

�6

8 1.00 � 10�3 3.16 � 10�3 1.00 � 10�5 1.00 � 10�6 3.16 � 10�6

9 1.00 � 10�5
3.16 � 10

�6

10 1.00 � 10�5 3.16 � 10�6 1.00 � 10�6
3.16 � 10

�5

Bold values represent optimized parameter at Ngeneration ¼ 250.

Table 5. Literature Values of TBT Sorption Parameters [log (K) Values] with the Corresponding Type of Surface Site, the
Surface Complexation Model, and the Inverse Method Used in Each Study

Reference Surface Site

Surface
Complexation

Model
Inverse
Method

log (K)

BSAOHþ
2 BSAO� BSAOTBT BSAOHTBTþ BSAONa

Weidenhaupt et al.30 Kaolinite, illite,
and montmorillonite

Constant capacitance
model

– �6.56 �2.47 �1.92 �5.26

Hoch and
Weerasooriya29

Kaolinite Double layer model FITEQL 4.6 �5.4 �2.5 to 3.3

Aggarwal and
Carrayrou13

Natural quartz sand Diffuse layer model Monte-Carlo 4 �8 1.37 5.46 �5.3
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can reside in the different formulation of the chemical prob-
lem between the two test cases. In the TBT test case, there
is only one initial site concentration to be estimated
(TBSCAOH), whereas in the Cd test case, there are two site
concentrations to be estimated (TBSCAOH and TBSEANa). The
two latter site concentrations probably interfere in the reac-
tive transport model so that none of them converges to a
stable value.

Cd sorption parameters are more abundant in the literature
than those of TBT (Table 7). We should note that the param-
eter estimation procedure depends on the following condi-
tions: (i) the surface complexation model that is used (DLM,
constant capacitance model, double layer model or triple
layer model), (ii) the type of surface sites (quartz sand, clay,
mixed clay), (iii) experimental conditions (pH, flow rate),
and (iv) whether Cd is introduced alone in the porous media
or with other ions (such as Cu, Ni, Pb, Co, or Zn). There-
fore, we rarely find the same configuration for the ensemble
of the previous conditions in separate studies. Therefore, the
comparison between parameters values from different studies
should be considered with care.

A global comparison between log (K) optimized values of
this study (Table 6) and those of other studies (Table 7)
shows that, in some runs, our optimization results are in
good accordance with other literature values, log (KBSCAO� )
in runs # 3, #4, and #9 compared to those of Choi,32 Srivas-

tava et al.,33 and Angove et al.,37 log (KBSCAOCdOH) in runs
#2, #6, and #7 compared with those of Choi,32 Lackovic
et al.,35 and Angove et al.,36 log (KBSEAH) in runs #2, #3, and #5
compared with those of Choi,32 Lackovic et al.,34 and Angove
et al.,37 and log (KB(SE)2ACd) in all runs compared with those of
Gu and Evans31 and Angove et al.37 However, some of the other
runs show a large discrepancy between our results and those of
literature, such as log (KBSCAO� ) in runs # 1, #2, and #7, log
(KBSCAOCdOH) in runs #1, #3, and #5, and log (KBSEAH) in runs
#1, #6, and #7.

Comparison of GA and Monte-Carlo performances

The comparison between the performances of GA and
Monte-Carlo methods is based on the variation of the cost as
a function of the number of evaluations of the cost function.
Because of the stochastic nature of both algorithms, 100
optimization runs were used for each method.

In the TBT test case (Figure 3), the evolution of the mini-
mum cost was evaluated by calculating its mean over 100
runs. The resulting curves show that the GA minimum cost
is lower than that of the Monte-Carlo (Figure 3a). Starting
from a similar position, the GA minimum cost decreased
much more rapidly than that of Monte-Carlo for earlier eval-
uation numbers. The advantage gained earlier by GA is later
conserved. However, for high evaluation numbers, the

Figure 2. Estimating chemical equilibrium parameters for the Cd reactive transport test case using GA inverse
method.

(a) Evolution of the cost function over 250 generations for 10 replicated runs. (b) Experimental breakthrough curve and its simulation
with the optimized parameters for 10 replicated runs. ^ shows experimental data; lines show simulations.

Table 6. Optimized Values of Sorption Parameters for the Cd Test Case Using GAs for 10 Replicated Runs

Run #

log (K)

TBSCAOH (M) TBSEANa (M) CostBSCAO� BSCAOCdOH BSEAH B(SE)2ACd

1 0 �7 5 0 1.00 � 10�4 5.62 � 10�4 0.078
2 3 �13.5 2 0.5 5.62 � 10�4 1.78 � 10�4 0.124
3 �5 �7 �1 0 1.78 � 10�6 1.78 � 10�4 0.116
4 �7 �14 �7 �0.5 1.78 � 10�2 3.16 � 10�4 0.129
5 �3 �6.5 �3 0.5 1.00 � 10�5 1.78 � 10�4 0.113
6 �1 �14 8.5 3 1.00 � 10�3 1.78 � 10�3 0.108
7 0 �13.5 7.5 1 5.62 � 10�2 1.78 � 10�3 0.090
8 �2 �8.5 4.5 �1.5 3.16 � 10�3 1.00 � 10�3 0.085
9 �7 �9.5 4.5 �2 1.00 � 10�2 5.62 � 10�4 0.088
10 �5 �7 �5 0.5 5.62 � 10�7 1.78 � 10�4 0.129

The corresponding cost denotes the lowest value of the cost function obtained at Ngeneration ¼ 250.
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Monte-Carlo minimum cost curve became more and more
close to that of GA. Such behavior is expected because for
high evaluation numbers, the stochastic features of both
methods tend to become similar, whereas the ‘‘intelligent’’
search of GAs has a net advantage over Monte-Carlo meth-
ods for earlier evaluation numbers. Such an advantage is
crucial when the cost function is highly time-consuming and
when a good solution should be reached within a small num-
ber of evaluations.

Concerning the Cd test case, the decrease of the minimum
cost curve (for both GA and Monte-Carlo methods) is
smoother than for the TBT test case (Figure 3b). We could
expect such a result based on the comparison made in the
previous subsection between Figures 1a and 2a. As in the
TBT test case, the GA minimum cost (for Cd) is always
lower than that of the Monte-Carlo (Figure 3b). The net
advantage of GA, which was observed from the start of eval-
uations for TBT (Figure 3a), is somehow delayed in the case
of Cd; it becomes pronounced after 60 evaluations of the
cost function (Figure 3b). This delay is probably related to
the different characteristics of the parameters space for the
two test cases. Meanwhile, we would expect that, for high
evaluation numbers, the GA advantage (for Cd) will

decrease, consequently bringing the GA and Monte-Carlo
minimum cost curves much closer. The Cd minimum cost
curves would reproduce the behavior of TBT, but with some
deformations with respect to the evaluation number (x-axis)
and the minimum cost (y-axis).

Our comparison results are in accordance with other studies.
In a recent article concerning slope stability analysis, Sengupta
and Upadhyay41 found that GAs were computationally supe-
rior to the Monte-Carlo method. The result of their comparison
between GA and Monte-Carlo shows a behavior similar to
Figure 3a. In fact, the advantage of GAs is due to their capabil-
ity of combining the advantages of a randomized approach,
such as the Monte Carlo (escape from local minimum), with
those of a systematic approach (search for local minimum).

Over 100 runs, we evaluated the algorithm performance
by the number of times each inverse method led to the low-
est cost for 200 evaluations (Figure 4). In the example of
TBT, the GA performance was more than twice that of the
Monte-Carlo (Figure 4a), while for the Cd test case, the GA
performance was about 2.5 that of the Monte-Carlo (Figure
4b). As aforementioned, we could expect that the gap
between the two methods would decrease for higher evalua-
tion numbers.

Table 7. Literature Values of Cd Sorption Parameters [log (K) Values] with the Corresponding Type of Surface Site, the
Surface Complexation Model, and the Inverse Method Used in Each Study

Reference Surface Site

Surface
Complexation

Model Inverse Method

log (K)

BSCAO� BSCAOCdOH BSEAH B(SE)2ACd

Gu and Evans31 Fithian illite Constant capacitance
model

FITEQL �0.05 to 1.12

Choi32 Smectite and
vertisol

Triple layer model MINTEQA2 �6.65 �11.69 1.04

Srivastava et al.33 Kaolinite Extended constant
capacitance model

GRFIT �6.16 4.13

Lackovic et al.34 Kaolinite and
muloorina illite

Extended constant
capacitance model

not specified �7.55 �2.88 3.35

Lackovic et al.35 Goethite, illite
and kaolinite

Extended constant
capacitance model

not specified �9.4 to �7.55 �12.23 �3.02 to �2.88 3.35 to 5.48

Angove et al.36* Goethite Constant capacitance
model

FITEQL �9.88 �12.11

Angove et al.37* Kaolinite Constant capacitance
model

FITEQL �7.15 �2.88 3.01

*log (K) values correspond to a temperature of 25�C.

Figure 3. Minimum cost evolution as a function of the number of evaluations of the cost function.

The plotted curves represent the mean cost over 100 replicated runs. (a) TBT test case. (b) Cd test case.
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Conclusion

In this article, GAs were used in a first attempt to estimate
the chemical equilibrium parameters of a reactive transport
model. The transport of Cd and TBT in column experiments
was taken as a test case and the optimization concerned the
sorption parameters of both compounds onto cristobalite and
natural quartz sand, respectively. The GA method is capable
of minimizing the difference between experimental and mod-
eled breakthrough curves for both of the Cd and TBT test
cases. For several repeated runs, quite satisfactory simulated
curves were obtained with a very limited number of evalua-
tions of the cost function (only one per 105 of the parameters
space). Over the different runs, similar cost values were
obtained for varying sets of optimized parameters, which
reflects a parameters space with a complex structure (local
minima). The use of a global method like GA was thus fully
justified in this context. In our study, the comparison between
GA and another global method (Monte-Carlo) showed that the
GA performance is more than double the Monte-Carlo per-
formance for the two test cases. Especially for a small number
of evaluations of the cost function, GA demonstrated a net
advantage over the Monte-Carlo approach. The consequences
of this comparison can be crucial in predictive models having
a highly time-consuming cost function and where an accepta-
ble solution of the problem is recommended for very limited
number of evaluations of the cost function. This study shows
that the use of GA to estimate the parameters of reactive trans-
port models is promising.
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