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The kinetic parameters are successfully estimated for the propane oxidative dehydro-
genation (ODH) reaction over vanadia–alumina catalyst under steady-state conditions.
The 5% V2O5/Al2O3 catalyst is synthesized using an incipient-wetness impregnation
technique. Characterization studies, such as surface area measurements, Raman spec-
troscopy, and temperature-programmed reduction (TPR), reveal that only reducible
molecularly dispersed surface vanadium oxide species are present and the Al2O3 support
is not affected. Reaction data suggest that COx’s (CO and CO2) are secondary products.
Consequently, a single-site consecutive Mars–van Krevelen (MVK) mechanism is chosen
to explain the reaction data. This consecutive reaction mechanism explains the steady-
state reaction data obtained as a function of reaction temperature and propane to oxygen
molar ratio. The kinetic parameters are estimated using a nonlinear multiresponse
analysis. A determinant criterion is used as the objective function for minimization, which
is achieved with a real-coded genetic algorithm (GA). Based on a profiling technique the
kinetic parameters are tested for nonlinearity and correlation between parameters.
Additional use of the profiling technique is in reparameterization and obtaining maximum
likelihood intervals. The application of the estimated kinetic parameters for improved
understanding of the reaction, the optimum conditions of reactor operation, and catalyst
design are then discussed. © 2005 American Institute of Chemical Engineers AIChE J, 51:
1733–1746, 2005
Keywords: genetic algorithm, kinetic parameter estimation, multiresponse, profile plots,
optimum condition, catalyst design

Introduction

Complex reaction networks are commonly encountered in
the chemical process industry. These complex reaction net-
works are efficiently analyzed using kinetic modeling for better
understanding of the reaction mechanisms. Kinetic parameter
estimation is integral to the analysis of complex reaction net-
works. It is thus not surprising that kinetic parameter estima-
tion is important in the design, optimization, and control of
chemical processes.1 The kinetic parameters obtained can also
be effectively used for catalyst design. Ideally, the develop-

ment of an efficient catalyst requires the combined knowledge
from spectroscopic techniques and the kinetic parameters ob-
tained from reaction studies. Combining information from
these studies would assist in understanding the role of active
sites in conjunction with the reaction mechanism. These studies
will also assist in elucidating the reaction pathways at a mi-
crokinetic level. In the present study an attempt has been made
to present the desired method of kinetic parameter estimation
for complex reactions operating under steady-state conditions,
especially for those that possess nonlinear reaction models.

Usually, reactions are carried out in a laboratory-scale reac-
tor under steady-state and isothermal condition in a plug flow
model to generate data for kinetic modeling or to study the
activity and selectivity of a catalyst. It is desirable that the
reactor used is properly designed,2,3 such that a consistent,
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accurate, and reliable data set is obtained. A proper data set
makes the subsequent inferences trustworthy. Proper care
should be taken to minimize transport limitations during the
reactions because the quality of the data and subsequent esti-
mation of kinetic parameters from it become spurious.4

Once the reactor has been suitably designed a proper data set
can be obtained and the kinetic parameters can be estimated.
To estimate kinetic parameters optimization of an objective
function is required. A number of optimization techniques have
been used in the literature to estimate the kinetic parameters. In
addition to the traditional techniques such as Gauss–Newton5

and Levenberg–Marquardt,6,7 genetic algorithm (GA)8,9 and
Hybrid GA6,7 have also been used in recent years for kinetic
parameter estimations. The genetic algorithm uses the principle
of natural evolution for search and optimization procedures.10

It has gained popularity because of user-friendliness, robust-
ness to a variety of problems, and its ability to converge to a
global minimum.11 In contrast, traditional convergence optimi-
zation techniques require good initial guesses to obtain opti-
mized kinetic parameters, which otherwise might converge to
local minima.7 A reasonable initial guess should ideally remain
near the global optima. This shortcoming of a good initial
guess for traditional convergence optimization methods is ob-
viated by the use of GA and Hybrid GAs, given that the initial
guesses are randomly generated in the search space.

Unlike classical search and optimization methods, a GA
begins its search with a random set of solutions, instead of a
single solution. Each solution is evaluated by considering the
objective function and associated constraints. After checking a
termination criterion (taken here as GN � GNm), three funda-
mental operators modify the population of solution and a new
population set for the (GN � 1)th generation is created. After
GA operators create a new population set, the solution is
evaluated in the context of the underlying objective function
and constraint functions. In the absence of constraints, the
fitness of a string is assigned an objective function value. The
three operators required to facilitate the GA evolution cycle are
relatively straightforward and simple. The fundamental opera-
tors are selection, crossover, and mutation. The selection op-
erator provides the criteria for selecting solutions having the
greatest fitness. The crossover operator recombines good sub-
strings of two good strings together to form a better substring;
and the mutation operator alters a string locally to create a
better string.

For the proper estimation of kinetic parameters a suitable
objective function is to be optimized. The choice of the objec-
tive function would depend on the type of analysis and system
used. For example, in single-response systems the sum of
squares is the desired objective function. However, for mul-
tiresponse systems, a determinant criterion, initially proposed
by Box and Draper,12 appears to be the objective function of
choice. This determinant criterion considers the sum of squares
and cross-products of the residuals. In some cases,13,14 nonlin-
ear least-square regression has also been applied for kinetic
parameter estimation, although this method of analysis is not
always suitable for multiresponse nonlinear systems.12

Kinetic parameter estimates obtained by fitting complex
reaction models to data are often highly correlated with each
other. For example, correlation among the Arrhenius parame-
ters—preexponential factor and activation energy—is usually
observed because of the large number of rate constants and

their unknown magnitude range. Consequently, correlation
among the parameters makes it difficult to determine reliable
kinetic parameters. Under such circumstances the obtained
kinetic parameters are of little use because they cannot cor-
rectly explain the actual nature of the reaction system. In this
regard, a profiling technique proposed by Bates and Watts15 is
an excellent tool. Using the profiling technique correlations
among the kinetic parameters can be ascertained. Additionally,
profile plots are also applied to test the nonlinearity of a model
and provide likelihood intervals. Thus, a proper estimation of
kinetic parameters requires appropriate reactor-design, optimi-
zation technique, choice of objective function, and finally test-
ing.

In the present study oxidative dehydrogenation (ODH) of
propane over a well-characterized V2O5/Al2O3 catalyst has
been chosen as an example for kinetic parameter estimation in
nonlinear multiresponse reaction systems. Oxidative dehydro-
genation has been suggested as a promising alternative for the
production of high-value alkenes from alkanes. The ODH of
alkanes to alkenes is a thermodynamically stable process be-
cause of the formation of water, which has a high enthalpy of
formation. An added advantage of ODH lies in its irreversible
nature. Because of the absence of equilibrium constraints it is
theoretically possible to achieve complete conversion even at
low temperature and high pressure. The presence of oxygen,
however, enables side reactions such as CO and CO2 formation
to occur, thus reducing the selectivity to propane. Because the
formation of carbon oxides is thermodynamically more favor-
able than the formation of olefins, it is necessary to intercept
the desired products kinetically.16 Furthermore, the use of a
hydrocarbon–oxygen mixture increases the possibility of ex-
plosion. The lower and upper explosion limits of propane in air
are 2.1 and 9.5%, respectively.17 The kinetic parameters are
estimated for the propane ODH reaction by minimizing a
determinant. Minimization is achieved by using a genetic al-
gorithm. The nonlinearity and correlation between the param-
eters is tested with the help of profile plots. The standard error
and likelihood of the kinetic parameters are also calculated.
Based on the kinetic parameters estimated and information
from catalyst characterization reliable information about the
catalyst-reaction system is obtained.

Experimental
Catalyst preparation and characterization

Catalyst Preparation. The catalyst was prepared by the
incipient-wetness impregnation method using ammonium
metavanadate (NH4VO3) as the precursor for the supported
vanadium oxide phase. The �-alumina support (Condea) was
initially pretreated with an incipient volume of oxalic acid
solution. The support was then dried at room temperature for
12 h, followed by drying at 383 K for 12 h, and finally calcined
at 1273 K for 12 h. The support was washed several times with
NH4OH to clean the surface of any impurities that may arise
from surface segregation at high temperature. Previous studies
reveal that the surface of the alumina support is free from
impurities.18

The incipient-wetness impregnation method of the above
pretreated support was carried out with a vanadium oxalate
solution, which was prepared by adding known amounts of
ammonium metavanadate corresponding to 5 wt % V2O5, with
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a stoichiometric amount of oxalic acid. The two were thor-
oughly stirred in doubly distilled water at 353 K until complete
dissolution of the ammonia metavanadate solid was achieved.
The deep blue solution formed was further diluted with doubly
distilled water such that the total volume corresponded to the
incipient-wetness impregnation volume of the support. The
above solution was thoroughly mixed with the pretreated sup-
port in a crucible. The resulting paste was heat-treated similarly to
the pretreatment of the support, except for the final calcinations, at
873 K. Thus, a 5% V2O5/Al2O3 sample was synthesized.

Catalyst Characterization. The 5% V2O5/Al2O3 sample
was characterized by studying its surface area, Raman spec-
troscopy, and reduction characteristics. A Coulter SA 3100
apparatus was used for surface area analysis. The Raman
spectrum was obtained under ambient condition using a
Triplemate spectrometer (SPEX Model 1877) coupled to an
optical multichannel analyzer (OMA III, Princeton Applied
Research, Model 1463). The reduction profile was obtained in
a Micromeritics Pulse Chemisorb 2705 analyzer. Details of the
various instruments are given elsewhere.18

Genetic algorithm

The genetic algorithm used in the present study uses a
real-coded fixed-boundary variable with tournament selection
operator. The new strings are created by simulated binary
crossover. The diversity in the strings is introduced by poly-
nomial mutation. Finally, the fitness value of each string is
estimated by using a proper objective function without any
constraints. The terminating condition is then checked to see
whether the required generation number is reached. Details
about the source code of the program can be found elsewhere.19

Reaction studies

The ODH of propane was carried out in a fixed-bed, down-
flow, tubular quartz reactor at atmospheric pressure. The reac-
tor was a single quartz piece with an inlet of 10 mm internal
diameter and 150 mm long, and an outlet of 5 mm internal
diameter and 150 mm long, to enable quick removal of the
product gases. The two sections were tapered and fused. The
catalyst bed was made from a physical mixture of catalyst and
required amount of quartz powder to form a bed height of 1 cm
and was placed just above the tapered region on quartz wool.
The quartz particles helped reduce temperature hot spots, if
any, along the catalyst bed. A PID (proportional–integral–
derivative) controller (Fuji Micro controller X model PXZ-4)
controlled the temperature of the catalyst bed within �1 K of
the set point. The propane and air flow rates were adjusted by
a separate electronic mass flow controller (Bronkhost Hi-Tech,
El-flow Mass flow controller) such that the reactions can be
carried out at different C3H8 to O2 molar ratios for a specified
total flow rate. The N2 in air acted as the diluent to remove heat
generated during the reaction. The product gases were sent for
online analysis to a chromatograph (Aimil-Nucon 5765)
equipped with a methanizer. The carbon oxides and hydrocar-
bons were analyzed in a flame ionization detector (FID) mode
using a HYSEP Q column.

The reactor operation was vital for obtaining reliable data.
The reactor used in this study was operated in steady-state,
continuous plug-flow mode under isothermal condition and
satisfied the following conditions:

(1) The diameter of the reactor was 10 times greater than the
particle diameter to avoid channeling along its wall.3

(2) The Reynolds number (Re � dpu/�) was �30, which
corresponded to a turbulent flow regime. Perfect mixing was
ensured and the fixed bed reactor was best operated in this
region.2

(3) Axial mixing effects on kinetics of any order were
neglected by ensuring that z/dp was �100.2

Transport resistances, if present, affect the reaction and may
lead to spurious values of the kinetic parameters.4 The transport
limitations can be present at three levels: interphase, intrapar-
ticle, and interparticle. These limitations occur as a result of
resistances between the solid catalyst and gas, within individ-
ual catalyst particles, and between the flow regions or catalyst
particles, respectively. The absence of these transport limita-
tions is tested by applying different criteria.4,20

Two data sets were obtained from the reactivity study:
contact time data and data for kinetic parameter estimation. To
study the effect of contact time on propane conversion and
product selectivities, contact-time studies are carried out. A 2:1
C3H8 to O2 molar ratio was maintained at 713 K and the total
flow rate was varied from 30 to 105 cm3/min with an increment
of 15 cm3/min.

To obtain the data set for kinetic parameter estimation the
reaction data was obtained for a C3H8 to O2 molar ratios of 1:1,
2:1, and 3:1, with a total flow rate of 50 cm3/min. The tem-
perature was varied from 673 to 733 K. Conversions were
maintained �10% for all reactivity studies to ensure that mass
and heat-transfer effects were absent in the reaction data. Blank
experiments were performed to determine the homogeneous
contributions to the net reaction. None was observed under the
experimental conditions used in the present study.

Conversion, propene selectivity, propene yield, and carbon
balance were calculated by using the following formulae

Conversion �%� �
moles of propane converted

moles of propane in
� 100 (1)

Propene selectivity �%� �
moles of propene formed

moles of propane converted
� 100

(2)

Propene yield �%� �
moles of propene formed

moles of propane in
� 100 (3)

C-balance �
moles of carbon in products

moles of carbon in reactant
(4)

Design equation

The most general mass equation for an integral, packed-bed
reactor is given by the following equation2

�f

�n
�

1

dpu/Dr
� �2f

�m2 �
1

m

�f

�m� �
1

dpu/Dr
� �2f

�n2� �
� ¥ Rv

c0n

(5)

where f � c/c0, n � z/dp, and m � r/dp.
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The term in the lefthand side represents the variation of
concentration with length, whereas the 1st and 2nd terms in the
right-hand side present the radial and axial concentration dif-
fusion terms, respectively. The last term in the righthand side
is the mass generated during the reaction.

The following assumptions are made to assist in modeling
the reactor containing the catalyst.

(1) Reactor operates under isothermal and steady-state con-
ditions.

(2) Fluid properties are independent of temperature.
(3) Pressure drop in the catalyst bed is negligible.
(4) Thermal conduction in catalyst particles is absent.
(5) Radial heat and concentration gradient are absent.
(6) Diffusion or mixing in the axial direction is negligible.
(7) Catalyst deactivation is within experimental limits.
(8) Gas-phase reactions are negligible.
After applying the above assumptions to Eq. 5, the reduced

equation can be written as

df

dn
�

� ¥ Rv

c0n
f

dc

dW
�

¥ Rw

FT
(6)

For a particular component i, Eq. 6 can be rewritten as

f
dci

dW
�

¥ Rwi

FT
(7)

For laboratory reactors using gases as reactants and assum-
ing ideal gas conditions, it is beneficial to express the compo-
sition of the gas in Pa (pascal) rather than mol/cm3. Conse-
quently, Eq. 7 for gaseous reactant is modified as follows

dxi

dW
�

� ¥ Rpi

PT
(8)

The rate expression Rpi contains the unknown kinetic parame-
ters in addition to the composition terms. Thus, the unknown
kinetic parameters can be estimated by simultaneously solving
the set of equations given by the following equation

dxi

dW
�

� ¥ Rpi

PT
(9)

where W � [0, W] and xi � Xi.
The set of ordinary differential equations given by Eq. 9 was

solved to obtain the final mole fraction of each component
based on the input mole fraction of the component xio, the
knowledge of rate expression Rpi, and the temperature and
pressure of the reaction. The rate of reaction Rpi was dependent
on the nonlinear kinetic parameters and on some or all mole
fractions. A fourth-order Runge–Kutta–Gill technique was ap-
plied to determine the outlet concentrations of each component
from their respective net rate expressions by integrating Eq. 9.

ODH reaction scheme

For the ODH of propane over the 5% V2O5/Al2O3 catalyst a
generalized reaction network, as shown in Figure 1, is initially
considered. Only the state of carbon is shown in this reaction

network scheme. According to the scheme the reaction of
propane with oxygen can be presented in the form of six
reactions steps, r1 to r6. Propene (C3H6) is formed by the ODH
of propane (r1), which can degrade to form CO and CO2 by
reactions r2 and r3, respectively. The carbon oxides, CO and
CO2, can also be formed directly from propane by reaction r5

and r4, respectively. Furthermore, CO2 can be formed by the
oxidation of CO by reaction r6. Consequently, C3H6 is always
a primary product, whereas CO can be a primary or secondary
product; and CO2 can be a primary, secondary, or tertiary
product. Dehydrogenation (DH) of propane to propene is not
considered because a DH reaction usually occurs at higher
temperature. The stoichiometric equations corresponding to
reactions r1 to r6 are given in the following series of equations

C3H8 � 0.5O2 3 C3H6 � H2O (10)

C3H6 � 3O2 3 3CO � 3H2O (11)

C3H6 � 4.5O2 3 3CO2 � 3H2O (12)

C3H8 � 5O2 3 3CO2 � 4H2O (13)

C3H8 � 3.5O2 3 3CO � 4H2O (14)

CO � 0.5O2 3 CO2 (15)

Among all the mechanisms proposed for propane ODH, the
Mars–van Krevelen (MVK) model13,14,21,23,24 has been widely
accepted as the ideal model for propane ODH reaction. An
MVK model considering carbon oxides as secondary products
is used in the present study. The formation of carbon oxides as
secondary products is consistent with previous studies, given
that the formation of carbon oxides as primary products is
small.25 According to the MVK mechanism proposed for oxi-
dative dehydrogenation reactions the alkane molecules react
with lattice oxygen of the catalyst to produce alkene molecules.
The gas-phase alkene molecules react with lattice oxygen
forming carbon oxides as secondary products. Finally, the
gas-phase oxygen replenishes the lattice oxygen by the reoxi-

Figure 1. Generalized reaction scheme for propane
ODH.
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dation of the catalyst. In the present study the carbon oxides
(CO and CO2) are represented as COx. Furthermore, the ratio
between the numbers of moles of CO2 to CO is represented by
�. The three reactions, r1, r2, and r3, considered are given
below.

(1) Formation of propene (r1): The gas-phase propane reacts
with lattice oxygen forming gas-phase propene

C3H8�g� � O�s� 3 C3H6�g� � H2O � *red (16)

where *red is a reduced site.
(2) Formation of COx from propene (r2): The gas-phase

propene reacts with lattice oxygen to form gas-phase CO

C3H6�g� � 3�� � 1�O�s� 3 3CO��g� � 3H2O � 3�� � 1�*red

(17)

where � is 1 for CO and 2 for CO2.
(3) Reoxidation (r3): Finally, the catalyst is reoxidized by

gas-phase oxygen

O2�g� � 2*red 3 2O�s� (18)

Rate expressions for the above three reactions (Eqs. 16–18) are

r1 � k1PC3H8�1 	 
� (19)

r2 � k2PC3H6�1 	 
� (20)

r3 � k3PO2
 (21)

The rate constants ki can be further simplified according to
the Arrhenius expression; however, high correlations are fre-
quently encountered between kinetic parameters in the Arrhe-
nius expression for a rate reaction. Consequently, elucidation
of the reaction network becomes very difficult.26,27 Under such
circumstances the spurious kinetic parameters do not predict
the real nature of the reaction system. To reduce correlation the
rate constants ki are expressed in the modified Arrhenius form28

as

ki � ki0exp�	
Ei

R �1

T
	

1

Tm
�� (22)

The inverse temperature is centered about the mean tempera-
ture range (1/Tm) of the reaction. This centering procedure
eases the kinetic parameter search by minimizing the statistical
correlation between activation energy and preexponential fac-
tor.29

The degree of reduction (
) is calculated as


 �

0.5k1PC3H8 �
3�3� � 2�

2�� � 1�
k2PC3H6

0.5k1PC3H8 �
3�3� � 2�

2�� � 1�
k2PC3H6 � k3PO2

(23)

Thus, the gas-phase propane reacts with lattice oxygen to form
propene (Eq. 19) with a rate constant k1. Propene is further
oxidized to COx (Eq. 20) with a rate constant k2. Reoxidation
(Eq. 21) of the reduced sites occur with a rate constant k3.
Consequently, there are six kinetic parameters in total that need
to be estimated; a ki0 and Ei associated with each ki.

Kinetic parameter estimation

In the present study propane (C3H8), propene (C3H6), carbon
dioxide (CO2), and carbon monooxide (CO) are simultaneously
measured at each of the reaction conditions. Consequently, the
present study is an exemplar of a multiresponse system. Fur-
thermore, because the kinetic parameters are nonlinear their
estimation requires the solution of multiresponse nonlinear
systems.

The reaction data are modeled by the following nonlinear
equation

yui � gi�Xu, � � � zui u � 1, 2, . . . , n

and i � 1, 2, . . . , r (24)

To estimate the kinetic parameters for a nonlinear multire-
sponse system given above, a suitable estimation criterion for
the system dealing with more than one response needs to be
developed. This situation arises for complex reactions where a
number of rate or exit concentrations are simultaneously mea-
sured as in the present study. A consideration of all the re-
sponses in the estimation criteria is expected to provide a better
set of kinetic parameters than considering only an important
rate or exit concentration.

In some cases nonlinear least-square analysis is used as the
estimation criterion and is given by

�
i�1

r �
u�1

n


 yui 	 gi�Xu, � ��2 ¡
�

min (25)

The above criterion, however, is applicable only to cases
where: (1) the responses are normally distributed, (2) the
variance is identical for all experimental conditions, and (3) the
responses are statistically independent.30 In the event of viola-
tion of any of the above conditions, a determinant proposed by
Box and Draper12 should be used as the estimation criterion for
kinetic parameter estimation. In the present study a determinant
of a matrix � ZTZ �, proposed by Box and Draper,12 is consid-
ered as the estimation criterion.3,15,31-37 The determinant is
represented by Z(�) � Y 	 G(�). For proper application of the
determinant criterion, the number of multiresponse experi-
ments should always be greater than or equal to the number of
responses. A violation of the restriction makes the � ZTZ �
identically zero. It is also required that the number of experi-
ments should be greater than the number of kinetic parameters
to be calculated from the given model.28,38 While using the
determinant matrix for kinetic parameter estimation special
care should be taken because a singular determinant matrix is
sometimes obtained.39 A singular determinant matrix occurs
because of a linear relation among data and/or among expected
responses. Different ways of dealing with a singular Z matrix
are described elsewhere.28,32,39,40
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Standard error calculation

The standard error involved in the kinetic parameter estima-
tion is important. Bates and Watts40 approximated d(�), the
determinant � ZTZ �, by a quadratic Taylor series near �̂ and
presented the posterior density as

p���Y���1 �
�� 	 �̂�T ��� 	 �̂�

2�ZTZ� �	N/ 2

(26)

The Ẑ and �, the Hessian matrix of d(�̂), are evaluated at the
kinetic parameter values �̂. The covariance matrix of �̂ is
2s2�	1, where s2 � d(�̂)/(N 	 P) and is evaluated by dividing
the optimized determinant value by the degrees of freedom
(N 	 P). The standard error se(�̂p) for the kinetic parameters �p

is then given by se(�̂p) � [(2s2�	1)pp]0.5. In the present study
a finite-difference method is used to calculate the Hessian
matrix at �̂. This finite-difference method has been applied
with reasonable accuracy to the Box and Draper12 data set and
the standard errors are presented in Table 1 along with the
standard errors calculated by Kang and Bates.34 Kang and
Bates34 used a Gauss–Newton method for optimizing d(�) by
explicitly deriving the gradient and Hessian of d(�). Compar-
ison of the standard error values suggests the method used in
this study is acceptable.

Profile plot

One of the simpler approaches of kinetic parameters estima-
tion is based on the linear approximation of the nonlinear
model. Although this method is quick and easy, ideally, the
extent of nonlinearity of the model needs to be tested. Bates
and Watts15 developed a technique known as profiling to indi-
cate the degree of nonlinearity of a model. This profiling tool
is also useful for analyzing the correlation between parameters,
further reparameterization, if any, required, and for developing
likelihood intervals for nonlinear model kinetic parameters. In
the profiling technique, the parameters � are presented as (�P,
�	P), where �	P is a vector of (P 	 1) parameters excluding
the parameter �P. The profile t function for �P is defined as


��P� � sgn��P 	 �̂P�
�S̃��P� 	 S��̃�

s

and

���P� �
�P 	 �̂P

se��̂P�

The S̃(�P), known as the profile sum of square, is estimated at
the point [�P, �̃(�P)]. The vector of points �̃(�P) � [�̃1(�P),

�̃2(�P), . . . , �̃P	1(�P), �̃P�1(�P), . . . , �̃P(�P)]T is known as the
trace vector.

The profile t plot of 
(�P) vs. �(�P) provides information
about the nonlinear behavior of the parameter.29 For a linear
model, the profile t plot is a straight line passing through origin
with a unit slope. Thus, deviation of a profile t plot from the 45
° line indicates the nonlinearity of the kinetic parameter and the
curvature of the plot reveals the extent of nonlinearity. Conse-
quently, the information provided by the profile t plot for all the
parameters should be judiciously used before making linear
approximation. The nature of a profile t plot, for a particular
parameter, also gives information about the further reparam-
eterization required for that parameter.

By analogy with the profile t function described for least-
square estimation criteria used for a single-response system, in
the present case a different profile t function for �P, applicable
to the determinant estimation criterion, is defined as15,38


��P� � sgn��P 	 �̂P�
�d̃��P� 	 d��̃�

s

The profile plots can also be used for producing an exact
likelihood interval for nonlinear model parameters. A horizon-
tal line is drawn through 
(�P) � �t(N 	 P; �/2) point on the
vertical 
 scale. The intersection point between the horizontal
line and the profile t curve is reflected on the horizontal axis
from which the exact likelihood intervals are obtained.

The pairwise plots of the trace vector vs. the profile param-
eter provide useful information. The plots of �̃(�q) vs. �(�p) and
�̃(�p) vs. �(�q) are combined to generate the pairwise profile
traces. From the profile traces any valuable information about
correlation between parameters can be obtained. For a linear
model the trace plot will be a straight line passing through the
origin, with a slope representing the correlation between the
parameters. Similarly for a nonlinear model the trace plot will
be curved and the extent of deviation from a straight line
reveals the degree of nonlinearity.

Results and Discussion
Characterization studies

The surface areas of the Al2O3 support and 5% V2O5/Al2O3

catalyst were determined to be 120 m2/g. The similar surface
area values for both samples suggest that the support structure
is not affected. The 5% V2O5/Al2O3 catalyst was further char-
acterized by Raman spectroscopy and H2-TPR. The Raman
spectra of the sample obtained under ambient conditions reveal
a broad features at about 960 and 760 cm	1 in the 700–1200
cm	1 region. These Raman bands correspond to the surface
molecularly dispersed vanadium oxide species.41 No Raman
bands of bulk V2O5 are observed. The H2-TPR shown in Figure
2 reveals a single reduction peak at 767 K, with H/V ratio of
2.0 corresponding to V�5 to V�3 reduction. These results are
consistent with previous studies indicating that reducible sur-
face vanadium oxide species are present.24,42 Furthermore, the
5% V2O5/Al2O3 corresponds to a coverage of 0.37 based on a
monolayer coverage of 7.35 V atm/nm2. Under dehydrated
conditions, two types of molecularly dispersed vanadium oxide
species are present on oxide supports: a monomeric and a
polymeric vanadia species. The monomeric species is present

Table 1. Comparison between the Standard Error Obtained
by Bates and Kang and the Present Study

Parameter

Standard Error

Kang and Bates34 Present Study

�1 0.036019 0.038957
�2 0.086922 0.084867
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as a major species at low coverages and polymeric species is
present as a major species at high coverages.42 For the 5%
V2O5/Al2O3 sample it is expected that the monomeric vana-
dium oxide species is the dominant species.

Genetic algorithm model validation

To validate the application of GA as a means for estimating
kinetic parameters, a multiresponse data set given by Box and
Draper12 is considered. The data set concerns a series reaction
A 3 B 3 C. The mole fraction of the components A, B, and
C, at anytime t can be expressed as

xA � e	�1t

xB � �e	�1t 	 e	�2t��1/��2 	 �1�

and

xC � 1 � �	�2e
	�1t

� �1e
	�2t

�/��2	�1� (27)

where, at anytime t, xA, xB, and xC are the mole fractions of A,
B, and C, respectively; and �1 and �2 are the unknown rate
constants.

A determinant criterion described later is used for estimating
the unknown rate constants in terms of ln �1 and ln �2. All 12
experiments performed by Box and Draper are used in the
present study. The values of ln �1 and ln �2 are presented in
Table 2 along with the kinetic parameter values determined by
Box and Draper12 and Kang and Bates,34 who also used the
same data set. The closeness of the kinetic parameter values
obtained by Box and Draper12 and Kang and Bates34 and the
present study suggests that using GA as a means to estimate
kinetic parameters is comparable to, if not better than, methods
used before.

Effect of GA parameters

The performance of GA depends on different GA parame-
ters, such as the generation number, population size, crossover,
and mutation probability. It is imperative to observe the con-

vergence rate of the objective function with the change of these
factors and its subsequent effect on the reliability of the kinetic
parameters. The effect of the changes in GA parameter on the
objective function or determinant value is shown in Figures
3a–3c. In these figures the values of the determinant obtained
for the propane ODH over 5% V2O5/Al2O3 catalyst are plotted
vs. the number of generations for different values of a GA
parameter. From Figures 3a–3c it is observed that the determi-
nant value rapidly decreases during the first 50 generations and
then remains relatively constant. An increase in the number of
generations � 200 has a negligible effect on the kinetic pa-
rameter and consumes a lot of computational time.

In Figure 3a the effect of population size on the decrease of
the determinant value is observed. As the population size
increases from 50 to 200 a stable determined value is quickly
achieved. Furthermore, because of the spread of the solutions
over the search space, with an increase in population size the
chances of the determinant value converging to local optima
decrease. The effects of crossover and mutation rates on the
determinant values are presented in Figures 3b and 3c, respec-
tively. From a comparison of the crossover and mutation rates
from the figures it is observed that high crossover (0.8) and low
mutation (0.2) rates are suitable for the application of GA in the
present system because at other values truly optimum determi-
nant values may not be achieved.

The GA parameters used in the present work are presented in
Table 3. In addition to the above-discussed GA parameters,
other parameters—such as tournament size and the exponents
for simulated binary crossover and mutation—are also impor-
tant. In the present study the tournament size is 2, and the
exponents for simulated binary crossover and mutation are 2
and 200, respectively.

Reaction studies

Figure 4 shows the results of the contact-time studies carried
out with the 5% V2O5/Al2O3 catalyst. The plot between the
propane conversion and product selectivites vs. contact time
provides useful insight into the reaction mechanism. It can be
observed from Figure 4 that the conversion of propane in-
creases with increasing contact time. The propene selectivity,
however, decreases, whereas the CO and CO2 selectivities
increase with increasing contact time. These changes in prod-
uct selectivities suggest that propene is a primary product and
the carbon oxides are secondary products, results that are
consistent with the present choice of a consecutive MVK
reaction model.

The reaction data obtained for the second type of study are
presented in Table 4. The data in the table are divided into three
sets depending on the propane to oxygen ratio. In each set the
data are arranged with increasing temperature. In the 1st and

Table 2. Kinetic Parameters of the Series Reaction
Described by Box and Draper12

Parameter Box and Draper12 Kang and Bates34 Present Study

�1 	1.570 	1.5723 	1.5775
�2 	0.707 	0.70222 	0.6636

Determinant
value 3.145 
 10	6 * 3.134 
 10	6 * 3.045 
 10	6

The determinant values are not given in the two papers cited and are calculated
from the parameter values presented in the respective papers.

Figure 2. TPR profile of the catalyst.
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2nd columns the propane to oxygen ratio and the temperature
at which the reactions carried out are provided. The yields of
the products C3H6 and COx are shown in the 3rd and 4th
columns, respectively. The Cout/Cin ratio is present in the last
column of the table and indicates the accuracy of the GC
measurements, which is within acceptable limits. From the
table it is observed that at all propane to oxygen molar ratios
the propene and COx yields increase with temperature. Fur-
thermore, the ratio of CO to CO2 in the outlet was about 1.4
and was practically independent of temperature and C3H8 to O2

Figure 3. (a) Variation in determinant value with number
of generations for different population size; (b)
variation in determinant value with number of
generations for different crossover probability;
(c) variation in determinant value with number
of generations for different mutation probabil-
ity.

Table 3. GA Parameter Values Used in the Present Study

GA Parameter Value

Generations (Gm) 200
Population size 200
Crossover probability 0.8
Mutation probability 0.2
Tournament size 2
Exponent for simulated

binary crossover* 2
Exponent for mutation* 200

Used in the present GA and explained elsewhere.10

Figure 4. Variation of conversion and selectivity with
contact time for propane ODH over 5% V2O5/
Al2O3 catalyst.
C3H8:O2 � 2:1, T � 713 K, Weight of the catalyst � 0.02 g.
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molar ratios. This value of � was used for parameter estima-
tion.

Parameter estimation

The kinetic parameters for the Mars–van Krevelen mecha-
nism described earlier are estimated using a determinant crite-
rion. The chosen MVK mechanism was found to be statistically
adequate. When attempts were made to calculate the kinetic
parameters without temperature centering, absurd values of
preexponential factor and activation energies were obtained.
When the temperature is noncentered in the Arrhenius equation
for the estimation of kinetic parameter, unrealistic preexponen-
tial factor values have been previously observed.29 Thus, tem-
perature centering about the mean temperature helped to obtain
realistic kinetic parameters.

The values of the kinetic parameters and their standard errors
are presented in Table 5 along with their 90% likelihood
intervals for nonlinear systems. The values of the standard
error and likelihood intervals given in Table 5 suggest that the
estimates of the kinetic parameters are reasonable. From the
kinetic parameter values given in Table 5 it is observed that the
preexponential factor for the ODH reaction is smaller by one
order of magnitude than that for the combustion of propene to
carbon oxides. The preexponential factor for reoxidation pos-
sesses an intermediate value. With respect to Ei values the
activation energy for COx formation, E2, is less than that for
propene formation, E1. The activation energy for the reoxida-
tion of the catalyst, E3, has a high value of 232 kJ/mol.

Similar trends in Ei values are observed for the activation
energy for propene formation, E1, and COx formation, E2, by
Argyle et al.43 for a pseudo-first-order reaction scheme. They
have shown that for propane ODH over V2O5/Al2O3 catalysts

the activation energy for propene formation is greater than that
for COx formation and range from 100 to 120 kJ/mol for the
former and from 80 to 120 kJ/mol for the latter. For the
propane ODH over a V-Mg-O catalyst using the MVK reaction
model the activation energies for propene and COx formation
were 75.5 and 64 kJ/mol, respectively.13 Furthermore, the
activation energy of reoxidation, E3, for the V-Mg-O catalyst
was 290 kJ/mol compared to 232 kJ/mol for the 5% V2O5/
Al2O3 catalyst determined here. The reaction temperatures
used for propane ODH over V-Mg-O catalyst are, however,
different.

Using the kinetic parameters given in Table 5 the predicted
outlet mole percentages of C3H8, C3H6, and COx are calculated
and plotted vs. all the actual outlet mole percentages in Figure
5. The actual outlet mole percentages ranged from 15.65 to
37.15 for C3H8; from 0.23 to 1.69 for C3H6; from 0.08 to 1.09
for CO2; and from 0.06 to 0.84 for CO. From Figure 5, the
closeness of the predicted and actual concentrations is evident.
However, care should be taken to interpret Figure 5 because
only the sum of squares is represented, which is only a part of
the determinant criteria used. As mentioned earlier the least-
square optimization is ideally suitable for single-response sys-
tems and not for multiresponse nonlinear systems.

Profile plots

The profiling technique provides valuable information about
the nonlinear nature of the parameters, the correlation among
them, likelihood intervals of the parameters, and any reparam-
eterization required. The profile t plots of 
 vs. � for all the

Table 4. Reaction Studies for 5% V2O5/Al2O3 Catalyst
Weight of the Catalyst � 0.2 gm; Total Flow Rate � 50 ml/

min

C3H8:O2

Molar Ratio
Temperature

(K)

Yield (%) C-
Balance

(Cout/Cin)C3H6 COx

1:1 673 1.32 0.81 1.01
693 2.07 1.79 1.00
713 3.05 3.57 0.99
733 4.15 6.34 0.96

2:1 693 2.37 1.25 0.98
713 3.92 3.01 1.03
733 5.34 6.52 1.02

3:1 693 1.99 1.04 0.99
713 3.00 2.35 0.96
733 4.37 4.68 0.94

Table 5. Kinetic Parameters, Their Standard Errors, and
90% Likelihood Interval for the MVK Model

Parameter* (Unit) Value*
Standard

Error
90% Likelihood

Interval

k10 (min g cat	1) 16 1 (15, 17)
k20 (min g cat	1) 176 4 (173, 179)
k30 (min g cat	1) 68 4 (63, 72)
E1 (kJ/mol) 123 6 (116, 132)
E2 (kJ/mol) 58 14 (32, 84)
E3 (kJ/mol) 232 20 (202, 264)

The parameters values are calculated at a Tm of 713.16 K.

Figure 5. Comparison between the predicted and actual
mole percentages of C3H8 (f), C3H6 (�), CO2

(Œ), and CO (F).
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parameters are generated to analyze their extent of nonlinear-
ity. The deviation of the plots from a straight line passing
through the origin with unit slope reveals the degree of non-
linearity with respect to that parameter. For example, the pro-
file t plot of k10 is shown in Figure 6a and it almost coincides
with the straight line passing through the origin with unit slope,
which is indicated by a dashed line. The coincidence of the two
lines suggests that the nonlinearity with respect to k10 is prac-
tically nonexistent. Different degrees of nonlinearity are ob-
served for the remaining parameters from their respective pro-
file t plots (Figures 6b–6f). Specifically, the nonlinearity is
more pronounced for k20 and k30 than that for E1, E2, and E3.
The two parameters k20 and k30 are associated with formation
of carbon oxides and reoxidation of the oxide support, respec-
tively. The presence of nonlinearity in k20 and k30 may be
associated with the lumping together of different reaction path-
ways into a single reaction step. For example, the CO and CO2

formation is lumped together in a single reaction step r2 pos-
sessing a preexponential factor of k20 and activation energy of
E2; and the different reoxidation mechanisms have been

lumped together by a single mechanism with a preexponential
factor of k30 and activation energy E3. Different pathways for
the formation of CO, CO2,44 and for reoxidation have been
previously observed.45 It is observed that delumping of r2 into
separate steps for CO and CO2 formation indeed decreases the
nonlinearity associated with k20. It appears that further delump-
ing of the reaction pathways would reduce the nonlinearity,
although the number of kinetic parameters required to describe
the reaction model would increase. The increase in the number
of parameters would require additional experiments to be con-
ducted.

The profile trace plots provide information about the corre-
lation between two parameters. The absence of correlation
between two parameters �p and �q is confirmed if the plots of
�̃(�q) vs. �(�p) and �̃(�p) vs. �(�q) intersect each other at 90°.
For nonlinear models, the profile trace plots will be curved if
correlation between parameters exists. For the six parameters
of the MVK model there are 15 profile trace plots, of which a
few representative ones are shown in Figures 7a–7f and dis-
cussed.

Figure 6. Profile t plots for (a) �(k10) vs. �(k10), (b) �(k20) vs. �(k20), (c) �(k30) vs. �(k30), (d) �(E1) vs. �(E1), (e) �(E2) vs. �(E2),
and (f) �(E3) vs. �(E3).
The scale for both axis is from 	3 to �3 with an increment of 1.
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It is observed that the profile trace plots between E1 vs. k10,
E2 vs. k20, and E3 vs. k30 in Figures 7a–7c do not intersect at
acute angles, which suggests that the centering technique
helped to linearize the Arrhenius parameters. Complete elimi-
nation of correlations between the Arrhenius parameters, how-
ever, is not achieved. Similar profile trace plots are observed
between k10 and k20, k10 and k30, and k30 and E2, suggesting that
the correlation between these kinetic parameters is not com-
pletely eliminated. In contrast, almost coincidental profile trace
plots in Figures 7d–7f show the robust parameter correlation
between k20, k30, and E1. Robust parameter correlation is also
observed between E2 and E3. Less rigorous correlations are

observed between k10 and E2, k10 and E3, k20 and E3, E1 and E2,
and E1 and E3. For the sake of brevity the profile traces for
these parameters are not shown. Thus, estimations of parame-
ters and the corresponding profile t and trace plots for the
present study reveal that nonlinearity and correlations between
parameters exist. Centering has helped in reducing the nonlin-
earity; however, correlations between parameters still exist and
other methods to remove correlation between parameters
should be considered. Furthermore, application of linear ap-
proximation is not recommended because the nonlinearity is
present even after temperature centering.

The estimated kinetic parameters can be used for revealing

Figure 7. Selected profile trace plots (a) �(E1) vs. �(k10), (b) �(E2) vs. �(k20), (c) �(E3) vs. �(k30), (d) �(k30) vs. �(k20), (e)
�(E1) vs. �(k20), (f) �(E1) vs. �(k30), and (g) �(E2) vs. �(k30).
The scale for both axis is from 	3 to �3 with an increment of 1.
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more about the reaction, for operating the reactor under opti-
mized conditions, and for catalyst design. For example, from
the values of the preexponential factors, ki0, and activation
energies, Ei, of propene and COx formation, the variation of
propene yield and selectivity with fractional conversion can be
calculated. This variation is shown in Figure 8 for propane to
oxygen ratio of 2:1 at two temperatures, 663 and 733 K. The
figure reveals that the propene yield increases and the propene
selectivity decreases with an increase in fractional conversion
for both temperatures. Furthermore, at a particular conversion
the propene yield and propene selectivity increases with in-
creasing temperature. With an increase in temperature the ratio
of k2/k1 decreases, which is attributed to the difference between
the activation energies E2 and E1, (E2 	 E1). For first-order
consecutive reactions the propene yield also increases with
conversion.20 At a particular conversion the propene yield and
selectivity also increases with an increase in temperature. Al-
though a first-order reaction is not entirely valid here, the
trends in propene yield and propene selectivity with k2/k1 ratio
are similar for the first-order consecutive reaction and the
present study.

In the present study determining optimum contact times for
maximizing propene yield was not possible because the oxygen
becomes the limiting reactant and is consumed before optimum
contact times can be reached. Therefore, for obtaining optimum
contact times the propane to oxygen ratio should be such that
oxygen is present in excess. Assuming that the kinetic param-
eters can be extrapolated to conditions beyond those used in the
present study (such as a propane to oxygen ratio of 1:10), the
optimum propene yields and the corresponding conversions are
determined for various temperatures and, consequently, differ-
ent k2/k1 ratios. The values of the optimum propene yield and
the corresponding conversions are plotted vs. k2/k1 ratio in
Figure 9. Included in Figure 9 are the curves obtained for a
first-order consecutive reaction based on the formulae given by
Fogler.20 The figure reveals that the optimum yield and the
corresponding conversion decrease with an increase in k2/k1

value for the first-order consecutive reaction given by Fogler20

and the present study. Furthermore, there is a close correspon-
dence between the values obtained in the present study and
those obtained for a first-order consecutive reaction. The MVK
mechanism used in this study involves the factor 
 in addition
to the other terms in Eqs. 19 and 20. For conditions of excess
oxygen the 
 term does not change significantly and thus the
reaction is pseudo first order. Considering that pseudo-first-
order consecutive reactions are occurring it is not surprising
that the optimum yield and the corresponding conversion in the
present study for extrapolated conditions almost overlap those
for consecutive first-order reactions in Fogler.20

Figure 8 reveals that propene yield increases with an in-
crease in temperature corresponding to a decrease in k2/k1

value. Figure 9 shows that the optimum conditions can be
achieved for different k2/k1 ratios. For lower k2/k1 values the
optimum propene yield increases. In the present study increas-
ing the reaction temperature decreases the k2/k1 ratio. In addi-
tion to decreasing the k2/k1 ratio by increasing the temperature
a change in the catalyst can also affect changes in the k2/k1

ratio. The change in the catalyst essentially involves changing
the chemical composition. By changing the catalyst composi-
tion the kinetic parameters ki0 and Ei change and the best
catalyst will be that with the lowest k20/k10 ratio and the
maximum difference between E2 and E1. A combination of
these two will provide a low k2/k1 value. Inherent in this
analysis is that the same reaction mechanism is valid. For more
complicated reaction mechanisms appropriate modifications of
the above statements regarding optimum propene yield are
necessary. Thus, proper tuning of k10, k20, E1, and E2 will assist
in obtaining a good catalyst for propane ODH.

In summary, proper characterization of the catalyst is re-
quired for the development of a suitable reaction mechanism.
Based on the reaction mechanism the kinetic parameters can be
estimated based on a suitable estimation criterion and tested for
their nonlinearity and correlations. Using the estimated kinetic
parameters the appropriate operating conditions can be speci-
fied and the reaction mechanism can be better understood.
Furthermore, the kinetic parameters can be used for catalyst
design. With an appropriate choice of the chemical composi-

Figure 9. Variation in optimum yield (f) and conversion
(F) with k2/k1 ratio and comparison with first-
order consecutive reaction (lines).

Figure 8. Variation in propene yield and selectivity with
conversion at 663 K (—) and 733 K (- - -) for 5%
V2O5/Al2O3 catalyst.
C3H8:O2 � 2:1.
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tion and/or temperature, necessary changes in the kinetic pa-
rameters can be obtained.

Conclusion

A 5% V2O5/Al2O3 catalyst was synthesized using the incip-
ient-wetness impregnation technique and tested for the propane
ODH reaction for which the steady-state kinetic parameters are
estimated. Initially, the 5% V2O5/Al2O3 catalyst was charac-
terized to determine the nature of the vanadium oxide species
and its effect on the support. It was observed that surface
vanadium oxide species are formed and the Al2O3 support is
unaffected. Furthermore, the surface vanadium oxide species
shows expected reduction behavior with a Tmax during reduc-
tion at 767 K and H/V value of 2 corresponding to a reduction
from V�5 to V�3. Reaction data suggest that the COx’s (CO
and CO2) were essentially formed as secondary products. Con-
sequently, the choice of a single-site consecutive Mars–van
Krevelen mechanism appears justified. Based on steady-state
reaction data obtained at different C3H8:O2 ratios and temper-
atures the kinetic parameters were estimated using nonlinear
multiresponse analysis. A determinant criterion was chosen as
the objective function to be minimized. The minimization was
achieved with the help of a real-coded GA with appropriate
choice of GA parameters. The kinetic parameters obtained after
minimization was then tested using a profiling technique. The
profiling technique provides information on the nonlinearity of
the parameter and model, correlation between parameters, and
maximum likelihood intervals. By using the kinetic parameters
it is then possible to better understand the reaction, optimize
reaction conditions, if possible, and use it for a better catalyst
design.
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Notation

c � concentration of reactant, mol/cm3

ci � concentration of reactant i, mol/cm3

CC3H8B � bulk concentration of propane, mol/m3

CC3H8S � concentration of propane at the external surface of the
catalyst particle, mol/m3

d � determinant value
dp � diameter of catalyst particle, m
De � effective diffusion coefficient, m2/s
Dr � radial diffusivity, cm2/s
E � true activation energy, kJ/mol
Ei � activation energy for the reaction, kJ/mol

gi(Xu, �) � expected value of response i for uth experiment
FP,N	P;� � F distribution with P and N 	 P degrees of freedom at

upper � quantile
FT � total flow rate, cm3/min
GN � number of generations

GNm � maximum number of generations
h � heat transfer coefficient, kJ h	1 m	2 cat	1 K	1

�H � heat of chemical reaction, kJ/mol
kc � gas-particle mass transfer coefficient, m/s
kj � rate constant for the reaction jth reaction

kio � preexponential factor
n � order of reaction
N � number of experiments
P � number of parameters
Pi � partial pressure of the component i
PT � total pressure of the system, Pa

r � radial position, m
	r�C3H8

(obs) � measured rate of reaction, mol (kg catalyst)	1 s	1

rp � catalyst particle radius, m
R � gas constant, kJ kmol	1 K	1

Re � Reynolds number
Rpi � reaction rate for component i, Pa s	1 (g of catalyst)	1

Rv � reaction rate, mol s	1 cm	3

Rw � reaction rate, mol s	1 (g of catalyst)	1

Rwi � reaction rate for component i, mol/s-g of catalyst
sgn � sign function: sgn(�P 	 �̂P) � 	1, (�P 	 �̂P) � 0;

sgn(�P 	 �̂P) � 0, (�P 	 �̂P) � 0; sgn(�P 	 �̂P) �
�1, (�P 	 �̂P) � 0

se � parameter standard error
s2 � scale factor
S � sum of square
T � actual reaction temperature, K

Ts � temperature at the catalyst surface, K
Tm � mean temperature, K

u � interstitial velocity, m/s
W � weight of the catalyst, g
xi � mole fraction of component i at any time
Xi � inlet mole fraction of component i
Xu � vector of experimental variables (that is, inlet mole

fractions of propane, oxygen, and temperature) for uth
experiment

yui � response variable i for uth experiment
Y � vector of variables representing the response
z � axial distance, m

zui � error associated with the response i for uth experiment
Z � error vector

Greek letters

� � significance level

 � degree of reduction of the catalyst

�(�P) � studentized value of parameter �p


(�P) � profile t value for parameter �P

� � parameter vectors
� � thermal conductivity of the particle, W m	1 K	1

� � ratio between the number of moles of CO2 to CO
� � kinematic viscosity, m2/s
� � 1 for CO, 2 for CO2

�b � bulk density of the catalyst bed, kg catalyst/m3

� � Hessian matrix
� � contact time, s

Subscripts

i � component
p � catalyst particle

pp � diagonal element
u � experiment number

Superscripts

^ � estimates
� � conditional minimum value

Literature Cited
1. Boudart M, Djega-Mariadassou G. Kinetics of Heterogeneous Cata-

lytic Reactions. 1st Edition. Princeton, NJ: Princeton Univ. Press;
1984.

2. Carberry JJ. Designing laboratory catalytic reactors. Ind Eng Chem.
1964;56:39-44.

3. Froment GF. Model discrimination and parameter estimation in het-
erogeneous catalysis. AIChE J. 1975;21:1041-1057.

4. Mears DE. Tests for transport limitations in experimental catalytic
reactors. Ind Eng Chem Proc Des Dev. 1971;10:541-547.

5. Bates DM, Watts DG. A generalized Gauss–Newton procedure for
multiresponse parameter estimation. SIAM J Sci Stat Comput. 1987;
8:49-55.

6. Moros R, Kalies H, Rex HG, Schaffarczyk ST. A genetic algorithm for

AIChE Journal 1745June 2005 Vol. 51, No. 6



generating initial parameter estimations for kinetic models for catalytic
processes. Comput Chem Eng. 1996;20:1257-1270.

7. Park T-Y, Froment GF. A hybrid genetic algorithm for the estimation
of parameters in detailed kinetic models. Comput Chem Eng. 1998;
22:103-110.

8. Wolf D, Moros R. Estimating rate constants of heterogeneous catalytic
reactions without supposition of rate determining surface steps—An
application of a genetic algorithm. Chem Eng Sci. 1997;52:1189-1199.

9. Edwards K, Edgar TF, Manousiouthakis VI. Kinetic model reduction
using genetic algorithm. Comput Chem Eng. 1998;22:239-246.

10. Deb K. Multi-Objective Optimization Using Evolutionary Algorithms.
1st Edition. London: Wiley; 2002.

11. Deb K. Optimization for Engineering Design: Algorithms and Exam-
ples. 1st Edition. New Delhi, India: Prentice-Hall of India Private Ltd;
1998.

12. Box GEP, Draper NR. The Bayesian estimation of common parame-
ters from several responses. Biometrika. 1965;52:355-365.

13. Creaser D, Andersson B. Oxidative dehydrogenation of propane over
V-Mg-O: Kinetic investigation by nonlinear regression analysis. Appl
Catal A Gen. 1996;141:131-152.
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