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Abstract

This study 1s concerned with investigating the dependence of
the precision of estimated kinetic parameters on the type of
reactor used for performing the kinetic measurements. Two
ideal reactors, the plug-flow reactor (PFR) and the
continuous-stirred-tank reactor (CSTR), were simulated using
a Monte-Carlo computer simulation. Parameters were estimated
using nonlinear multiresponse estimation technigues, and the
distributional characteristics of the parameter estimates were
calculated. Comparison between the reactors involved the
study of overall measures of precision such as the size, shape
and orientation of the 95% joint confidence region, and the
determinant of the covariance matrix of the parameter
estimates. Five wvariables were identified as having a
possible affect on the precision: the nature of the reaction
network, the kinetic model, the magnitudes of the rate
parameters, the covariance structure of the responses, and the
experimental design. The dependence of parameter precision on
these variables is presented along with recommendations for

determining the reactor type to give the most precise kinetic

parameters.
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"We hope that this algebraical analogue or model
will perform in a way which resembles the real
thing sufficiently closely to widen our

understanding and to enable us to make useful

. . 1
predictions."

Gordon (1978)
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N(0,E)

Nomenclature

area of the approximate joint confidence region,
det (v(§)" .

reacting species and products of reaction.
concentration of the reacting species 1i.

initial concentration of the reacting species A.
covariance between two parameters.

nxr matrix of deviations between the observed and
predicted responses.

the nxr matrix defined as E = R A".

nxr matrix of values of the response functions.
upper 100(1l-a) percentage point of an F
distribution with p and (n-p) degrees of freedom.
total number of operating variables.

inverse of the approximate covariance matrix for
the estimated parameters.

total number of conditions or runs.

multivariate Normal distribution with a mean of
zero and a covariance matrix Z.

total number of parameters.

total number of responses.

the nxr matrix of random Normal N{0,1) numbers.
the variance of a parameter estimate.

objective function, det(gﬂg), the sum of squares of

residuals and cross-products.

iii



S(4)

objective function evaluated at the optimal values
of the parameter estimates.

matrix whose columns are the normalized eigen
vectors of Z.

pxp covariance matrix of parameters.

marrminal variance of an individual parameter.
scaled §, (rate parameter}.

scaled 0, (rate parameter).

scaled af (variance of C,).

scaled o: (variance of C;).

scaled o: (variance of C.).

scaled 0,, (covariance between C, and Cj) -

scaled o, (covariance between C, and C).

scaled 0, (covariance between C; and C).

nxp matrix of partial derivatives of the response
function with respect to the parameters for the
i’th response.

nxr matrix of values of the measured responses,
i.e., y, is the measured value for the v’th
response at the u’th experimental condition.
probability.

nxr matrix of random errors associated with the
measured responses.

pxl vector of "true®" values for the model

parameters.
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px1l vector of "estimated"™ wvalues for the model
parameters.

the mean of a parameter estimate.

matrix of tne eigenvalues of I.

kxn matrix of values of the operating variables.
correlation between two parameters.

estimate of the pure error variance with (n-p)
degrees of freedom.

variance of the concentration of the reacting
species 1i.

covariance between the concentrations of two
reacting species.

i-j’th element of the inverse of the covariance
matrix of the responses .

space time.
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1 INTRODUCTION

Models for chemical kinetics play a vital role in the
design, control and optimization of chemical reactors. Since
models are used to predict the rate of formation and depletion
of chemicals in a process, the economic feasibility of a
manufacturing process, or the choice of one process amonyg
alternatives, begins with the collection of kinetic data for
the developmen® of a model. Unreliable kinetic data may lead
to the design cf an inappropriate reactor for the process, a
meaningless control strategy or an undependable estimate of
the costs involved with a plant design. A reliable model
provides a solid foundation on which to build sound chemical

engineering decisions.

The reliability of the kinetic prediction using a model
depends on the rate parameters in the model. Parameter
reliability involves both accuracy and precision. Accuracy is
of paramount importance, for without it, the kinetic
predictions are meaningless. Precision refers to the degree
of certainty associated with an estimate of the parameter.
Engineering calculations made using more precise kinetic
parameters would enable, for example, tighter process control

or more confidence in reactor design.



Both the accuracy and precision of the parameter
estimates are affected by the experimental conditions in the
laboratory. The usual criteria for choosing a laboratory
reactor have been concerned with parameter accuracy. For
example, various criteria, such as physical performance,
mixing properties, mass transfer and heat transfer
characteristics, were used by Weekman (1974) to compare the
ability of different‘laboratory reactors to supply accurate
estimates of rate parameters. The precision of the kinetic

parameters was not considered as a factor for choosing a

laboratory reactor.

Hoffman et al. (1977) published a brief study of the
effect of reactor.type on parameter reliability and determined
that a plug flow reactor will always give more precise
parameter estimates than a continuous stirred tank reactor.
However, the scope of their study was 1limited to the
decomposition of a substance into various products through a
parallel reaction network. This study also neglected the
effect of the precision of the measured concentrations of the

products of reaction, a factor which may influence parameter

precision.



Despite the importance of having precise estimates of
kinetic rate parameters, no other investigations into the
effect of the choice of reactor type on parameter precision
were found in the literature. Further investigation of the

influence of reactor type on parameter precision is warranted.

At the outset, one might ask if there is any evidence
that parameter precision may be influenced by the type of
reactor used to obtain the kinetic data. It is known that the
precision of the parameter estimates depend on the form of the
reactor design equations (Draper and Hunter, (1966)). The
reactor design egquations, in turn, are based on both the
kinetic model and the reactor type. Hence, the precision of
the parameter estimates for a given kinetic model ultimately

depends upon the reactor used.

1.1 Bcope

In this study, the nature of the dependence between
parameter precision and reactor type was studied by comparing
the precision obtained using the two extreme ideal reactor
types: the continuous stirred tank reactor (CSTR) and the plug
flow reactor (PFR). These reactors exhibit the two extremes

of mixing, as follows:



CSTR: Schematic
CAo
—> G,
Cg
Ce
PFR: Schematic
CAO Y
— = —>oc
T
Cy
Cc
Therefore,

Mixing Properties:

The concentration of
the reacting species
and products of

reaction are uniform

within the reactor.

Mixing Properties:

The composition
varies from point to
point along the flow
path, but is uniform
at a particular

cross-section.

any dependence that the precision of the

kinetic parameters has on the reactor used will be evident.

Moreover, for most bench-scale studies, there is a concerted

effort to meet either of these two conditions.

The objectives of this study were:

i) To determine the reactor type which gives the most

precise estimates of kinetic parameters, and



ii) To determine the factors which influence parameter

precision and consequently the choice of reactor.

An analysis of the covariance matrix of the parameter
estimates (see Section 2.4.1) identified five factors which

may have an influence on the parameter precision:

1. the kinetic model,

2. the reaction network,

3. the magnitude of the rate parameters,

4. the precision of the experimental observations of the

reaction, and

5. the experimental design.

This invéstigation was limited to studying first order
kinetic models for the simple series and parallel networks

given below:

e, 8,
Series Network: A > B > C
1 81
parallel Network: A — > B i
8,
A > C




For example, a first-order, series reaction is the
hydration of acetaldehyde (Bell and Clunie (1951)}. The
liquid phase pyrolysis of a-pinene into dipentene and allo~

ocimene is a first-order parallel reaction (Fuguitt and

Hawkins (1947)).

The experimental design refers to the number of runs and
the levels of the operating variables, in this case, the
initial concentration of "A" and the space-time. Two
experimental designs were considered. The first was a ten-run
design setting the initial concentration of "A"™ at three
levels and the space~time at an expected conversion of "A" of
approximately 10%, 50% and 90%, plus a replicate run at the
centre point. The second design added ten more runs to the
first, at conditions designed to attain maximum improvement in
the precision of the parameter estimates. This second design
allowed the reactors to be compared under conditions giving

the best parameter precision for each reactor type.

The remaining factors, the magnitude of the rate
parameters and the precision of the experimental observations
of the reaction, were studied according to a fractional

factorial design.



1.2 Computer Bimulation

To carry out this study, chemical reactions mnust be
performed at set values for each of the five factors and the
precision of the resulting parameter estimates determined.
For the practical reasons of time, feasibility and economics,
computer simulation was used. For example, performance of a
series of experiments which have various values of the
magnitudes of the rate parameters for a specific reaction
network and model as well as various values for the precision
of the experimental observations of the reaction is not
feasible. Furthermore, for reasons which will be outlined
below, the determination of parameter precision requires that
the same experiment be repeated hundreds of times. This would
be prohibitively expensive and unreasonable, even for a bench-

scale study.
The major tasks for the computer were:
i) Simulation of experiments:

The computer simulated the outcome of an experiment given
information on the reaction kinetics, the reactor type and the

variation in the experimental observations of the reaction. .



iij Estimation of the kinetic parameters:

The data obtained by computer simulation was treated the
same as data from "real" bench-scale experiments to estimate

the rate parameters.

iii) The experimental design for precise parameter estimation:

The computer was also used to determine the run
conditions required to improve the precision of the estimates

of the kinetic parameters.

iv) Determination of the precision of the parameter

estimates:

The precision of the rate parameters was determined using
a Monte Carlo simulation, which repeats the same set of
experiments many times. As a result, a large sample of
estimated rate parameters was obtained from which the

precision was calculated.
V) Assessment of the results:
Finally, the influence of the factors on parameter

precision were modelled and the reactor type which gives the

most precise parameter estimates was determined.



2 BACKGROUND

2.1 The Gereral Model

A particularly useful form for a process model expresses
the measured values of the responses as a function of the
operating variables, the model parameters and an additive

random error:

y=£(£,0) +¢ (1)

where Y is the nxr matrix of values of the measured
responses, i.e., y, is the measured value for
the v’th response at the u’th experimental

condition, or

Vor= £y (Ey8) 48,  QI1:Zee-..D @)
£ is an nxr matrix of wvalues of the response
functions,
¢ is the kxn matrix of values of the operating
variables,
0 is the px1 vector of "“true" wvalues for the
model parameters,
€ is the nxr matrix of random errors associated

with the measured responses,



n is the total number of conditions or runs,

r is the total number of responses,
k is the total number of operating variables and
p is the total number of parameters.

For this study, the measured responses were the
concentrations of the three reacting species denoted by C,, C,;
and ;- The operating variables were the initial
concentration of "a" , ¢C,, and the space time, 71; the

parameters were the rate constants #; and #,. These values may

be expressed in vector form as follows:

Yu=[Cau Cou Cal E [é;mi
ﬂ= Tu

fu=[fAu fBu fcu] 8 (3)
o]

€u=[Cau €pu €y 6,

The reactor design equations, £, were based upon both the
kinetic model and the type of reactor used. Table 1 outlines

the reactor design equations for the conditions in this study.

10



Table 1
The Reactor Design Equations

gstudy Conditions Reactor Design Equations

First order-series

reaction; p Croexp (-8, 7)
A CAoe
-0,1) -e -0, 7
Plug flow reactor £rel£l-| - el{exp( ) -—exp(-0,7)}
. o lq+ B,exp(-0,7) -0,exp(-0,1)
- Ao (e e )
First order-series .
reaction; Cao W
B, t+1
Continuous stirred £, c
tank reactor £ralf | = Ao
NSRS
. Cro8,6, 72
| (68,7+1) (B,7+1) ]
First order-
parallel reaction; CroXp (- (6, +6;) 1)
£, Cy.0,
Plug flow reactor £7-|z,|-| 6.+, L {1-exp(-(8,+6,) 1))
£ Crobs
el | A2 {1 -exp(-(0,+6,) 1)}
| 6, B ]
First order-parallel A c
reaction; Ao ]
. . £ 1+(0,+60,) <
Continuous stirred A C. 0.1t
tank reactor £fT= fn = 1+(0,+0,)7
17V
3
€ Cro0,7
1+ (6,+6,) 7]

11




2.2 Computer Simulation of Experiments

The task of obtaining simulated experimental data was
accomplished by using Eguation (1). In the first step or
deterministic simulation, exact values of the concentrations
of the reacting species were calculated from the design
functions of Table 1 using the known values of the operating
conditions and the rate parameters. In the second step,
called the stochastic simulation, random errors associated
with the measured reacting species were generated according to
the multivariate Normal distribution N(0,Z). When these
random errors were added to the deterministic values,

simulated "measured" concentrations of the reacting species

were obtained.

2.3 Parameter Estimation

‘Many methods are available for a kinetics investigator to
estimate the rate parameters from measured Kinetic data. For
example, a single-response analysis technigue such as Least
Squares may be used to analyze the data from one of the
meésured reacting species. Alternatively, multiresponse
estimation may be used when more than one species is measured.
Since multiresponse analysis uses more of the available
information about the reaction, parameters estimated using

multiresponse techniques are more precise (Box and Draper

12



(1965); Ziegel and Gorman (1980) ). For this reason,

multiresponse analysis was used in this study.

The multiresponse estimation criterion used in this study
was developed by Box and Draper (1965) and involves

minimization of

4

5(8) =det (e Te) (4)
where e ie the nxr matrix of deviations between the
observed and predicted responses, whose

elements are given by:

euvzyuv-fv(zu'e) (3)

Minimization of S(§) with respect to @ involves an

iterative procedure.
2.4 Precision

The most common method of 2xpressing the precision of a
parameter is in terms of a 100(1-a)% confidence interval, that
is, a range of values that has a 100(1-a)% probability of

containing the true value. This interval takes into account

13



the variance that is associated with the parameter along with
its magnitude. The precision of a set of parameters is
similarly expressed as a joint confidence region. This region
has a specified probability of containing the true values of
the set of parameters and explicitly takes into account the
correlation between parameters in addition to the variance of

the individual parameters.

2.4.1 The Covariance Matrix

All basic information concerning the precision of the
estimates of the parameters is contained in the covariance

matrix, defined as follows

v(8,) cov(B,,8,) . . . CoviB,,0,)]
v(6,) . . . cov(B,,0,) (6)
v(8) =
| SxM N (N

The marginal variance of an individual parameter, V(an,
is found as the i’th diagonal element while the covariance
between two parameters, COv(ﬁi,aﬂ, is found as the i-j’th off
diagonal element of tliz covariance matrix. The correlation is
a scale-independent relative measure of covariance and may be

calculated from the variances and the covariance:

14



cov(8,,6,) (7)

p (ei; Bj) =

For a two parameter model,

v(8,) cov(8,,8,) 0(0,.6,) - cov(6,,8,)

cov(f,,0,)  v(6,) JV(0,) xV(8,) (8)

vib) =

For the multiresponse case, an approximate covariance
matrix for the estimated parameters (Draper and Hunter,

(1966)) is given by

v(B) =m" (2)

where

M= XX, ol (10)

and ¢! is the i-j’th element of ', the inverse of the

covariance matrix of the responses, and

15



; is the nxp matrix of partial derivatives of the
response function with respect to the parameters

for the i’th response whose elements are:

v=1,2, A 4
{Xui}v=af_v(e_ﬂ_’_£)_ ]_1:1'2‘,I R 5
aei g=0 1=1,2, e P (11)

The covariance matrix calculated using Egquation (9) is
only an approximation based upon linearization of the response
functions about § = § and can be unreliable. Consequently,
Monte Carlo simulations were used as will be described in
Section 2.6. However, Equation (9) served as a useful tool to
identify the factors that may influence the precision. The
reaction network and kinetic model are two variables that will
affect the design function, £. Three other variables are the
magnitude of the rate parameters, § = 5, the experimental

design, { and the variability of the concentration of reaction

products, E.

2.4.2 The Joint Confidence Regiocn

The 100(1-a)% joint confidence region has a 100(l-a)%
probability of containing the true values of the set of
parameters. Examining parameter precision involves examining
the size, shape and orientation of the 9joint confidence

region. The smaller the joint confidence region, for a

16



specific probability, the more precise the set of parameters.
Thus the size or "volume" of the joint confidence region is a
principal measure of parameter precision. For two parameter

models, this "volume" translates into a two-dimensional area,

as shown in Figure 1.

17



5% Joint Coanfidance Raglon

(a) Zero Correlation

96% Joint Confidencs Reglan

(b) Positive Correlation

Figure 1: The Effect of Correlation on the Shape of

the Joint confidence Region
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The shape and orientation of the joint confidence region
are affected by the correlation between parameters. For high
correlations, the joint confidence region is highly attenuated
and inferences concerning one parameter cannot be made
independently of the other (Figure 1b). It is desirable to
have zero correlation, if possible, so that each parameter
estimate may be expressed independently of the other parameter

estimates.

when the errors are Normally distributed, a 100(1-a)%
confidence region for the parameters (Box and Tiao, (1973))

contains those values for which

S(8) -5(B) S8?DF, 1psoe (12)

where S(#) is the objective function (such as det(eTo)) ;
S(a) is the objective function evaluated at the

optimal values of the parameter estimates;

is an estimate of the pure error variance with

(n-p) degrees of freedom ; and

F is the upper 100(1-a) percentage point of

p.n-p,1-a
an F distribution with p and (n-p) degrees of

freedom.

19



For multiresponse analysis, Equation (12) is approximate.
The shape of the contours are those of the objective function
calculated according %o Equation (4). Equation (12) 1is

equivalent to

(0-8)Tv2(0-8) spF (13)

p.n-p,1-a

Equation (13) is also approximate for the multiresponse
analysis. The confidence region determined using Equation
(13) is elliptical in shape, based on the covariance matrix of

Equation (9).

If the measured responses are assumed to be Normally
distributed with a constant variance, then the size or
wyolume" of the approximate confidence region is proportional
to the square root of the determinant of the covariance matrix
of the estimated rate parameters (Box and Lucas (1859); Draper

and Hunter (1966)), that is

(14)

A-’*\/|V(5> |

20



2.4.3 Monte-Carlo Simulation

An alternative method to estimate the dispersion of a set
of parameters is Monte Carlo Simulation. The Monte Carlo
method determines the actual dispersion of the parameter
estimates by repeating a set of experiments many times while
allowing the "measured" reacting species to vary according to
the designated error structure of the data. This method
overcomes the approximations introduced by the methods

outlined in the previous sections.

Bard (1972) concluded that the size, shape and
orientation of the approximate joint confidence regions
estimated using Equations (12) or (13) depend upon the
parameter estimates themselves. Moreover, the calculated
joint confidence region often underestimates the coverage of
the actual region (Donaldson and Schnabel (1987)). As the
degree of uncertainty introduced by using the linearized
approximate joint confidence regions is highly undesirable,

the Monte Carlo method was chosen for this study.
2.5 Experimental Design for Precise Parameter Estimates

As observed in Section 2.4.1, the operating conditions
influence the covariance matrix of the parameter estimates.
The method used to choose operating conditions to improve the

precision of the parameter estimates was the D-Optimal design

21



criterion of Draper and Hunter (1966).

This criterion determines the operating conditions which
minimize the size of the expected approximate joint confidence
region by minimizing det( V(a) ) or by maximizing det( M ).
Because the evaluation of this criterion over the operating
region may involve multiple maxima, a grid search is the usual
method employed for determining the optimal run locations and

was employed in this study.

22



3 PROCEDURE

3.1 Computer S8imulation

The Monte-Carlco simulation involved repeating three
tasks: simulating the experiments, estimating the rate
parameters and determining the precision of the rate
parameters (see Appendix A for the calculations involved}. To
perform this simulation, values for the following variables
were required:

i) The reactor type (i.e., CSTR or PFR);

ii) The reaction network and model (i.e., first order series

or parallel);

iii) the experimental design (i.e., the set of run conditions

y, and £,),

iv) the rate parameters 6§, and

v) the precision of the measured concentrations of the

experimental observations of the reaction, V(y).

In this study, the simulation was repeated 200 times.
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A "set" of experiments constituted performing a Monte-
Carlo simulation for each reactor type (CSTR and PFR), for
each kinetic model and reaction network (first-order series
and parallel) and for each experimental design (the initial
10-run design and the 20~run design for precise parameter
estimation). Since these factors were fixed for a particular
set, what varied from one set to another were the magnitude of

the rate parameters, §, and the precision of the experimental

observations of the reaction, V(y).

The objective of this study was to determine how the
eight factors which constitute the magnitude of the rate
parameters and the precision of the experimental observations
of the reaction influence the precision of the parameter
estimates. The investigation of these factors was set up as
an interactive procedure. A 2&3w fractional factorial
design with 5 centre point replicates was first set up to
determine the main effects. If the information gleaned from
this initial series of conditions was insufficient, more sets
of experiments would be carried out as appropriate. The
complete 37-set design and the values for the factors in this

study are given in Tables 2 and 3.
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Table 2

The 2°° Experimental Design for this sStudy
in terms of the Scaled Factors in Table 3
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Table 3

(a) Valuea of the PFactors

Lowest Value Highest Value

0.0085
9, 0.006
g,° 0.00025 0.0025
o 0.00064 0.0064
gl 0.00036 0.0036
Oy Cany O 0.1 0.7

{b) Vvalues of the Scaled Factors

X, = (#; - 0.04675) / 0.03825

X, = (92 - 0.033) / 0.027

%; = (0,0 - 0.001375) / 0.001125

x, = (6, = 0.00352) / 0.00288

X; = (o - 0.00198) / 0.00162

Xo = (0,3 = 0.4) / 0.3

X, = (0,, — 0.4) / 0.3

Xg = (Cge - 0.4) / 0.3

26



3.2 Generating Experimental Results

The computer simulated the outcome of an experiment given
information on the reaction kinetics, the reactor type and the
variation in the experimental observations of the reaction.
This involved two steps: the deterministic simulation and the

stochastic simulation.

The deterministic simulation solved the design equations
of Table 1 for the true values of C,, C; and C. using the
actual values of §, and @#, and the run conditions of the
experimental design. The ten-run experimental design set C,,
at three levels and 7 at an expected conversion of "A" at
approximately 10%, 50% and 90%, plus a centre point replicate.
The twenty-run design added ten more run conditions to the

first design (see Section 3.4).

The stochastic simulation gernerated random experimental
errors to add to the true values above. These errors were
Normally distributed, N(0,E), with the covariance matrix of
the responses from the conditions specifizd in Table 2. The
following equation was used to perform this task (Bard,

(1974)) .

e =ETU (15)
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where g is the nxr matrix of random errors associated

with the measured responses,

B is the nxr matrix defined as
E=RA (16)
R is the nxr matrix of random Normal N(O,1)
numbers,
U is a matrix whose columns are the normalized

eigen vectors of ¥, and

A is the matrix of the eigenvalues of E, such
that
v'z=AT0 (17)

3.3 Parameter Estimation

The simulation program generated "experimental" data
which was treated as though they were ob+tained in a
laboratory. The kinetic parameters were estimated using
nonlinear multiresponse estimation, since this procedure
obtains more precise estimates. As explained in Section 2.3,
the multiresponse estimation criterion involved minimization
of S(#) with respect to #. Since this approach involved an
iterative procedure, a quasi-Newton method was used to search
the S surface for the minimum value. To simplify this task,
the IBM subroutine "ZXMIN" was used in the computer program

(see Appendix 3).
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3.4 Designing. Experiments for Praecise Parameter Estimation

The D~Optimal design criterion found the values for the
parameters which minimized the size of the expected
approximate Jjoint confidence region by maximizing the
determinant of M. Since the evaluation of this criterion over
the operating region may involve multiple maxima, a grid
search was employed to determine the optimal run locations for

this study.

The value of det( M ) was first evaluated for the initial
ten-run experimental design, according to Equation (10). The
operating region was then divided into a three by ten grid,
that is, three levels of C,, and ten levels of 1, and the value
of det{ M ) was evaluated for the first ten runs plus one
other point from the grid. The designed run was that grid
point for which det( M ) was the largest. This point was
added to the first ten conditions and the grid was searched
again for the next designed run. The process stopped at ten
additional runs, when there was no more improvement to the

precision of the parameter estimates.
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3.5 EBEvaluating Precision of the Parameter Estimates

The Monte Carlo simulation repeated the same set of
experiments 200 times. This sample was used to estimate the
location and dispersion statistics of the parameter estimates,

according to the following equations:

i) the mean of a parameter estimate:
- 1e
ii) the variance of a parameter estimate:
1 L4
§2= -2
—121: (6,-9) (19)
iii) the covariance between the two parameter estimates:

Cov(Bl,B)-—E (6,,-6,)(6,,-8,) (20)

l-l
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iv) the correlation between the parameter estimates was

calculated according to Equation (7), and
V) the determinant of the covariance matrix:

det(V(8)) = %y + St - (CoV(8,,0,))° (21)

3.6 Modalling of the Results

Two measures of precision were recorded for each set of
experiments: the "area" of the joint confidence region, AREA
(where AREA = (det(y(ﬁ)%)), and the correlation between the

parameter estimates, p.

In order to compare reactors, the relative precision,
that is, the ratio of the measures of precision for the CSTR
to the PFR, was examined. This relative measure of precision
was modelled against the scaled factors of this study. In
this regard, single response (least-squares) parameter
estimation was used. To perform this task, the Statistical
Analysis System (SAS) was used to find the empirical model of

the effects of the factors on the relative precision.
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4 RESULTS AND DISCUSSION

The raw results are presented in Appendix B.

4.1 The Dispersion of the Parameter Estimatas

As an example of the dispersion of the parameter
estimates, Figure 2 displays the results for the series
reaction network at the conditions of Set 12. The joint
confidence regions appear elliptical in shape with the true
values of the parameters at the centre point. 1In addition,
the frequency of the estimates is thin at the outer edge of

the ellipse and increases as the centre point is approached.

Figure 2 clearly displays that, for the conditions of Set
12, the area of the joint confidence region obtained using the
CSTR is larger than that obtained using the PFR. Using
Equation (14), the measure of the volume of the Jjoint
confidence region, to compare the reactors, the area from the

CSTR was 2.76 times larger than that from the PFR.
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Figure 2: The Dispersion of the Parameter Estimates from a
First-order Series Reaction, Set Number 12
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4.2 Tha Effect of Reactor Type on Parameter Precision

4.2.1 Area of the Joint cConfidence Region

The main measure used to compare the precision obtained
from both reactors is the ratio of the area of the joint
confidence region obtained using the CSTR to that using the
PFR. When the value for this ratio is greater than one, the
area of the joint confidence region using the CSTR is greater
than that using the PFR and, as a result, the PFR is the
reactor type which would give the most precise estimates of

kinetic parameters.
Table 4 compares the reactors by displaying the ratio of

the area of the joint confidence region using the CSTR to that

using the PFR, for the conditions of this study.
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Table 4
Effect of Reactor Type on Parameter Precision

confidence Region Area Ratioc (CSTR/PFR)

pParallel Reaction Network g8eries Reaction Network |

Set 10-Run Set 10-run 20-Run

Design Design Design
1 1.91 1 2.83 2.50
2 1.42 2 0.85 0.70
3 1.54 3 1.32 2.53
it 4 1.29 4 3.22 2.42
5 1.72 L) 3.14 2.29
6 1.84 6 0.66 0.63
7 0.92 7 1.83 3.24
8 1.32 8 3.28 3.32
9 1.24 9 3.52 2.29
10 1.49 10 0.58 0.58
11 1.69 11 1.27 2.34
12 1.50 12 2.76 2.51
13 1.73 13 3.01 2.20
14 1.55 14 0.72 0.76
15 1.37 15 1.95 2.13
16 1.21 16 2.71 2.69
17 1.93 17 2.19 2.30
18 1.58 18 0.52 0.60
19 1.74 19 1.93 1.64
20 1.45 20 3.05 2.31
21 1.13 21 3.21 3.70
22 1.30 22 0.46 0.52
23 1.68 23 1.80 2.09
24 1.21 24 3.53 2.73
25 1.56 25 2.71 2.25
26 1.67 26 0.56 0.55
27 1.73 27 1.72 2.06
28 1.40 28 2.49 2.35
29 1.29 29 2.54 3.36
30 1.58 30 0.79 0.94
31 1.92 31 2.99 2.72
32 1.78 32 2.63 1.85
33 l.61 33 2.82 2.42
34 1.47 34 4.03 2.16
35 1.81 35 2.62 2.63
36 1.33 2.72 2.38
37 1.45 2.80 2.24
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Parallel Reaction Network

For the parallel reaction network, all values of the
ratio for the twenty-run design were greater than one.
Therefore, the precision of the parameter estimates was always
better using a PFR to measure the kinetics of a first-order
parallel reaction network. This same result was obtained by

the study of Hoffman et al. (1977).

A physical interpretation of this result is that the most
information about a parallel reaction is revealed in the
initial stages of the reaction, and a PFR gives this type of

informatvion better than a CSTR.

The average confidence region area ratio for the twenty-run
experimental design was 1.51. That is, on average, the area
of the joint confidence region using the CSTR was 1.51 times
'larger than that using the PFR. This ratio ranged from 1.00
to 2.09 indicating that, for some conditions (i.e., Set 21),
the reactor type had no effect of the choice of reactor, as
the CSTR could produce equally precise parameter estimates as
the PFR. At other conditions (i.e., Set 2), the parameters

estimated using the PFR could be twice as precise as those

using the CSTR.
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For the ten-run experimental design, the average
confidence region area ratio was 1.52. That 1is, the
experimental design had negligible affect on the choice of
reactor or on the average improvement in precision using a
PFR. However, these ratios ranged from 0.92 to 1.93. At the
conditions of Set 7, the CSTR produced slightly more precise
parameter estimates. Therefore, the use of only the ten-run
experimental design in this study might have led to a mis-

leading interpretation for the conditions of Set 7.

erjes ctio etwo

Table 4 shows that, for the series reaction network,
there were some occasions when the CSTR gave a smaller area of
the joint confidence region, that is} the ratio was less than
one. Therefore, for a first-order series reaction network,
the precision of the parameter estimates was not always better
using a PFR to measure the kinetics of the reaction. This
trend was apparent for both the ten-run and twventy-run

designs.

When the confidence region area ratio was greater than
one, the average ratio for the twenty-run experimental design
was 2.49. This ratio ranged from 1.64 to 3.70, demonstrating
that great improvements in the precision can be made by using

a PFR to measure the reaction kinetics, at some conditions.
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When the confidence region area ratio was less than one,
the average ratio for the twenty-run experimental design was
0.66. That is, the area of the joint confidence region using
the PFR was 1.52 times larger than that using the CSTR, on
average. This ratio ranged from 0.52 to 0.94, signifying that
using a CSTR at some conditions (i.e., Set 22), could make the

parameter estimates as much as 1.92 times more precise than

using a PFR.

The experimental design had negligible effect on these

results, as the ten-run experimental design mirrored the

results of the twenty-run design.

4.2.2 Correlation Between Parameter Estimates
A second measure of comparison of the precision obtained
from both reactors was the ratio of the correlation between

the parameter estimates, using the CSTR to the PFR. Table §

presents this comparison.
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Table 5

Effect of Reactor Type on Parameter Correlation

Correlation Ratio (CSTR/PFR)

Paraliel Reaction Network

Saries Reaction Network

Set 10-Run 20-Run . Set 10-run
Desi;n Desi;n | Desig
1l 2.94 0.86 1 0.89
2 0.48 0.92 2 -2.17
3 1.47 2.47 3 0.07
4 1.49% 0.94 4 -0.39
5 1.59 0.99 5 -4.29
6 -1.59 -1.44 6 5.58
7 0.88 0.95 7 0.95
8 1.07 0.98 8 -3.84
9 =-2.16 3.38 9 1.04
10 1.19 0.77 10 0.66
11 0.52 N.63 11 0.60
12 0.03 -0.,21 12 0.88
13 1.48 1.34 13 0.99

it 14 1.58 1.27 14 -1.79
15 1.01 1.10 15 0.90
16 -0.49 -0.58 16 1.12
17 1.89 0.95 17 -11.9
18 -0.24 -0.19 18 0.65
19 0.96 1.93 19 0.98
20 -0.24 ~0.36 20 3.77
21 1.08 0.92 21 3.76
22 0.94 1.02 22 0.76
23 0.95 0.53 23 0.69
24 1.62 0.97 24 2.07
25 0.85 0.86 25 1.04
26 0.73 0.68 26 0.34
27 0.77 0.72 27 0.71
28 0.37 0.20 28 0.99
29 0.88 0.94 29 1.63
30 -0.22 -1.44 30 ~-7.47
31 0.97 1.20 31 -1.02
32 3.66 1.12 32 0.87
33 26.7 1.01 33 0.61
34 -14.9 1.37 34 1.65
35 1.28 2.42 35 0.26
36 3.06 2.02 36 1.08
37 -33.8 1.15 37 0.48

39

20=-Run
Design

0.57
0.70
0.87
0.35
-1.26
0.98
1.16
=1.43
1.02
0.62
1.14
1.05
0.83
-4.37
1.06
1.00
1.45
0.37
0.83
1.08
2.38
0.10
0.98
1.91
1.04
0.50
1.03
0.99
0.94
0.02
-1l.16
0.95
1.11
0.29
0.43
1.27
0.89




For both the parallel and series reaction networks, the
ratio was greater than one as often as it was less than one.
The interpretation of this result is that the PFR produced a
lower correlation as often as the CSTR, and no reactor was

preferred.

It is interesting to note, however, that at the times
when the CSTR gave a smaller area of the Jjoint confidence
region, the correlation was almost always lower for the CSTR

as well, making the preference for the CSTR at these occasions

two-fold.

Some high negative values for the relative correlation
were obtained, for example, Sets 34 and 37 of the ten-run
design for the series reaction network. An examination of the
raw results in Appendix B shows that, at this condition, the
correlation for the PFR was very nearly =zero, sometimes
negative in nature, whereas the correlation from the CSTR was
a positive value, averaging 0.44. Since the PFR result was
the denominator of the ratio measuring relative correlation,

the high negative values were achieved.
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4.3 Pactors Influencing Parameter Precision

The objective of this study was to determine how the
factors which constitute the magnitude of the rate parameters
and the precision of the experimental observations of the
reaction influence the precision of the parameter estimates.
As indicated in Section 3.1, this investigation was first set
up as a 28'3Iv fractional factorial design with 5 centre point
replicates, in order to determine the main effects. Since the
twenty-run design allows the reactors to be compared under
conditions giving the best parameter precision for each
reactor type, this analysis will be limited to examining the
information gleaned from the twenty-run design. See Appendix

C for the modelling calculations.

For the parallel reaction network, the precision of the
parameter estimates was always better using a PFR to measure
the kinetics. Modelling the relative area of the joint
confidence region, that is, the area obtained using the CSTR

to that using the PFR, gave the following empirical model:

(AREAcg, : ARFA;;) = (AREAggy : ARERgp) pean (21)

That is, the factors did not influence the choice of reactor.
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For the series reaction network, an examination of Tables
2 and 4 reveal that the CSTR gave more precise parameter
estimates when the values of f#, and §, were high and low
respectively. Thus, an initial glance at the results
indicates that, for first-order series reactions, the PFR gave
more precise parameter estimates, except when the reaction
from "A" to "B" was fast and the reaction from "B" to "C" was
slow. A possible explanation for this observation is that a
CSTR is more capable of giving information about the final

concentration of product "C" thereby obtaining 1A better

estimate of #4,.

Modelling the relative area of the joint confidence

region yielded the following empirical equation:

(AREA.;, ¢ AREA,;) = 2.05 - 0.413 X, + 0.429 x,
+ 0.133 x5+ 0.502 (XX, + X3Xg + X,X7) (22)

- 0.128 (XXg + XsXy) — 0.145 (X5 + X,Xg)

However, tests for the adequacy of this model showed the
need for a quadratic term (see Appendix C for this
evaluation). As a resul., further sets of experiments were
carried out, according to Table 6. The following model of the
ratio of the area »f the joint confidence region obtained
using the CSTR t» that of the PFR with this additional

information was obtuained:
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(AREA.p ¢ AREA,;) = 2.31 — 0.400 X, + 0.447 X,

- 0.329 x,° + 0.133 X3 + 0.502 (XX, + X% (23)
+ X,%;) - 0.128 (X% + Xg¥Xy) - 0.147 (%X
+ X, Xg)
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(a) The Experimental Design to Obtain

Table 6

Quadratic Terms

Effect of Reactor Type on Parameter Precision

for the S8eries Reaction Network

m’====='f== e—T -
Set o, o X T-T X X, X T
38 1.1 0 0 0 0 0 0 0
39| -1.1 0 0 0 0 0 0 0
40 0 1.1 0 0 0 0 0 0
41 0 -1,1 o} 0 0 0 v} 0
— ———————
Results

{(b) Confidence Region Area Ratio (CSTR/PFR)

Set 10-Run Design 20-Run Design
38 5.94 3.41
39 4.13 5.57
40 7.79 5.60
41 0.47 0.74

(¢) Correlation Ratio (CSTR/PFR)

Set 2

0-Run Design

e e e ———— A —— ——e—

38
39
40
41

0.60
-0.66
1.04
-0.56

e e ——r
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Tests on the adequacy of this model showed no lack of fit

(see Appendix C). However, in order to ascertain which of the

gsecond-order interactions were trivial, seven more sets of

experiments were carried out (see Table 7).

The following final model of the relative area of the

joint confidence region was obtained:

(AREA g, ¢ AREA,;) = 2.309 - 0.413 x; + 0.434 X,

- 0.340 %, + 0.119 ¥x; - 0.133 XXy (24)

+ 0.465 X3x%, — 0.152 %x,.X,

There was no lack of fit for this final meodel (see

Appendix C).
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Table 7

(a) The BExperimental Design to Obtain

Second-0Ordar Interactions1

Set X, X, Xz X, Xc X, Xy Xn
42 1 1 1 1 1 -1 -1 -1
43 1 1 1 1 1 -1 1 -1
44 1l 1 1 1 -1 1 -1 -1
45 1 1 1 1 -1 1 1 -1
46 1 1 1 1 1 1 1 1
47 1 1 1 1 -1 1 1 1
48 1 1 1 1 1 1 1 -1
—_— e — ——
Results

(b} Effect of Reactor Type on Parameter Precision

for the Beries Reaction Network

Set Confidence Region Correlation
Area Ratio Ratio
(CSTR/PFR) (CSTR/PFR)
20-Run Design 20-Run Design
42 4.16 0.50
43 4.83 0.87
44 6,70 0.78
45 7.90 1.01
46 3.92 0.48
47 5.25 2.42
48 7.06 | 0.72

'sets 42 to 45 are to differentiate 8,4,, aAzaAB and afa“; sets
46 and 47 are to differeptiate §,0, and 0. 0,; and sets 46 and 49
are to differentiate 0,0, and oy 0.
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Equation (24) shows that three main factors, namely f,,
6, and aAz, and three interactions, 60,04 , aAacrAB and aazaac,
affected the choice of reactor. For the purposes of comparing
the effects of the various factors, it is appropriate to
examine the scaled values in order that the effect of each

factor is given equal weight.

According to Equation (24), the effect of x, (scaled 8,)
is quadratic and independent of any interactions. As X,
increases, the relative area ratio (AREA.,; : AREAy;) also
increases to a maximum at approximately 0.68 {see Figure 3).
As the value of X, increases further, the quadratic term
becomes dominant causing the relative area ratio to decrease.
Equation (24) predicts that a CSTR will give more precise
parameter estimates than a PFR when X, is either very low or

very high.

However, since this study only examined values of X, from
-1.1 to +1.1, the prediction of the final model is limited to
the effect of very low X,. In addition, Figure 3 shows that,
when all of the other factors are zero (i.e., at their centre
points), the effect of x, alone will not cause the relative
area ratio to be less than one. The values of the other
identified factors must also work to decrease the ratio, in
order for the CSTR to give more precise parameter estimates.

Nevertheless, the magnitude of §, influences the parameter
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3 Area Ratlo (CSTR : PFR)
25 [ T————

2 i 3 .,
1.5 - Area(CATR} » Ares(PFR)

1
06 Aroa{CSTR) ¢ Area(PFR)

o 1 1 | 1 1 { 1 1

-1 -0.6 0 0.5 1 1.6 2 2.5 3
X2
- E{fact of X2

Figure 3: The Effect of x, on the Choice of

Reactor1

! When the factors of Equation (24), other than x,, are set to zero: (AREAcer :

AREAz) = 2.309 + 0.434 x, - 0.340 x;2
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precision and low values of #, favour the choice of the CSTR

over the PFR.

The effect of %, (scaled of) is to make che relative area
ratio increase and favour the PFR as ¥; increases., However,
there is a strong interaction between x; and X, (scaled 0,;}
which may offset this effect (see Figure 4). When both x; and
X, are high, or both x%; and x, are low, the second-order
interaction term is positive, thereby favouring the PFR. But
when x; is high and x, is low, or x; is low and x, is high, the
interaction effect decreases the relative area ratio to favour

the CSTR.

Therefore, the final model of Equation (24) predicts that
a CSTR will give more precise parameter estimates than a PFR

when:

i) Xy is less than ~1.2 and x, is greater than 1.5; or

ii) x; is greater than 2 and x, is less than -1.5;

and all other factors are zero. However, since these
predictions are outside the study conditions, the effects of
X; and X;x, must be combined with those of the other factors.
Thus, the variance of the measured product "A" and the

covariance between C, and ¢, influence parameter precision such
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-
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~— Area{(CSTR : PFR) = 1

Figure 4: The Effects of x; and x, on the Choice of

Reactorz

2 When the factors of Equation (24), other than x; and x4, are set to zero:
(AREA.M: AREAPFR) = 2.309 + 0.119 X, + 0.465 X3Xg
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that low values of af and high values of g,; favour the choice

of the CSTR over the PFR.

The effect of x, (scaled #,) is such that, as x,
increases, the relative area ratio decreases, to favour the
CSTR. However, the interaction between X, and Xx; (scaled agyg)
means that, when x; is 1low, the ratio decreases with

increasing x, more slowly than when Xg is high (see Figure 5).

Equation (24) predicts that a CSTR will give more precise
parameter estimates than a PFR when X, is greater than 2, when
Xy is greater than 1 and all other factors are zero. Since
this prediction is also ocutside the operating region of this
study, the effects of §, and 0,0, must be combined with those

of the other factors.
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x1
3 -
Area(CSTR) < Arsa(PFR) \ .

2 - \
1 2.03 1.76
ok Araa{CSTR} > Area(PFR}

2.69 2.88

-1r { L \ \ L I ]
-2 -1.6 | -0.5 0 0.5 1 1.6 2
X8
— ArealCSTR : PFR) = 1

Figure 5: The Effects of x, and X, on the Choice of

Rcim.c:.i:.t:u':3

3

When the factors of Equation (24), other than x, and xg, are set to zero:

(AREAmR . AREAPFR) = 2.309 - 0.413 Xy - 0.133 X1 Xy
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The final term in the model of Equation (24) is the
interaction x,%; (scaled aBz and oy respectively). When these
values are either both high or both low, the relative area
ratio is lower, favouring the CSTR (see Figure 6). However,
when either x, is high and x; is low, or x, is low and X, is
high, the ratio is higher. Since a high value of x; also
enhances the effect of ¥x;, this model predicts that the
preference for a CSTR, in terms of the precision of the rate

parameters, is enhanced when x, and X; are both high.
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X4

2

1k 2.48 2.18

o -
-1} 2.18 2.48
_2 1 1 1 1 I 1 1

~2 -15 -1 ~0.6 o 0.6 1 15 2
X3

Figure 6: The Effects of x, and X; on the Cheice of

Reactor"

4 When the factors of Equation (24), other than x; and xg, are set to zero: (AREAcgy !
AREAPFR) = 2.309 - 0- 152 X4xg
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The effects of the three main factors on the choice of
reactor is shown in Figure 7. This figure exemplifies the
trend noted in Section 4.2.1, that when x, was high and X, was
low, (that is, when the rate from "AN +o YB" was much faster
than from "B" to "C"), the ratio of the area of the joint
confidence region for the CSTR to that of the PFR was less
than one. In addition, Equation (24) predicts that, when x;
is low ‘that is, low variance of G}, the CSTR would be
favoured at lower values of X,. Figure 7 also shows that the
CSTR would be the preferred reactor when X, and X, are both
high, although this prediction is outside the operating region

for this study.
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X1
5
4l Area{CSTR} ¢ Area{PFR}
3 -
2 -
Ny / Area{CSTR) > Area(PFR) S

3 g o
0 e

_1 1 1 1 1 1 ! ] |
~f -0.5 ¢} 0.5 1 1.5 2 25
X2
‘== Low X3 — HIgh X3
CSTR:PFR =1

Figqure 7: The Three Main Effects on the Choice of

Reactor5

5 When the factors of Equation (24), other thaa x,, x, and x;, are set to zero:
- 0.340 x:z + 0.119 x;
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At this stage, it is important to examine the final model
in terms of the original uncoded factors, in order to compare
the reactors in real terms. Scaling the factors to their
original values, using Table 3, gives the following model and

Figure 8:

- 445.33 g,° + 70.37 g5

- 1.894 g, (25)
+ 1.16 0,0 - 11.59 8,0, + 1377.78 0,0,

- 175.93 0,70, - 466.39 8,
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o1

0.3
0.25 + Area(C8TR) ¢« Area{PFR}

0.2
0.15

0.1
0.05

¢ ! 1 ! ! 1
0 0.02 0.04 0.08 0.08 0.1 . 0.12
02
- - - Var(A) » 0.00026 —— Var(A} = 0.0026
CSTR: PFR =1

Figure 8: The Three Main Effects on the Choice of

Reactor6

6 Scaled to their "true" values.
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4.4 Reproducibility

To examine the reproducibility of the results of this
study, Table 8 displays the results for the five centre-point
replicates, Sets 33 to 37 (see Appendix B for raw results).
These results were used to estimate the pure-error variance of
the data, in order to ascértain which factors affect the
precision of the parameter estimates and consequently the

choice of reactor.

In general, the results for the area of the joint
confidence region are reproducible. Table 8a shows that the
area of the joint confidence region fluctuated widely for the
ten-run design but had moderated for the twenty-run design.
This was particularly apparent for the series reaction

network.

Table 8b shows that the correlation between parameter
estimates for the parallel reaction network also fluctuated
widely for the ten-run experimental design and moderated for
the twenty-run design. The series reaction network, however,
continued to display high variation in parameter correlation,
even for the twenty-run experimental design. It appears that
the reproducibility here was poor, perhaps indicating the need
to use more than 200 Monte-Carlo simulations. As a result, a

model of the effects of correlation on the choice of reactor
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o ———— e —
e ———

Reproducibility of the Experiments

Table 8

(Centre-Point Replicates)

(a) Area of the Joint Confidence Region

(1) Parallel Reaction Network

Design ::]l Twenty - Run Design \

Ten = Run
CST$ PFR, Ratio CST; PFR’ Ratio
(x10°) (x10') | CSTR:PFR (x10") (x10 CSTR:PFR
12.3 7.64 2.92 1.77 1.65
12.5 8.48 2.84 1.55 1.84
13.1 7.23 2.65 l1.63 l1.64
10.7 8.04 2.66 1.84 1.44
11.2 7'2;: 2.46 1.85% 1.33
(ii) series Reaction Network
Ten - Run Desi Twenty = Run Daesign
CS‘I‘$ PFR, Ratio CST$ PFR, Ratio
x10 x10) CSTR:PFR x10 (x10') Q§TR:PFR
2.82 1.33 2.42
4.03 1.37 2.16
2.62 1.18 2.63
2.72 1.27 2.38
2.80 1.27 2.24
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Table 8 (continued)

(b) Correlation Between Parametar Estimates

(i) Parallel Reaction Network

i Ten = Run Desi Twenty - Run besi
l CSTR PFR Ratio CSTR PFR Ratio
0.442
0.382
0.537
0.384
0.471
(ii) Series Reaction Network
Ten - Run Dasign Twenty = Run Design
CSTR PFR Ratio CSTR PFR Ratio
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would not be very sensitive to the factors in this study.

4.5 Applicability

In order to properly design a bench-scale investigation,
an experimenter would have some knowledge of the reaction
kinetics being studied and of the reactor conditions needed to
obtain accurate estimates of the reaction parameters. With
this knowledge, the findings of this study could be used
determine the reactor type to use in order to obtain the most

precise estimates of the parameters.

This study showed that the reaction network affected the
choice of reactor. The parameter precision for a parallel
reactioﬂ network was always better using a PFR, whereas some
conditions of the series network made the CSTR the favoured
reactor to obtain precise parameters. However, the empirical

models obtained in this study cannot be expanded to other

networks.

For the parallel reaction network, Hoffman et al. (1977)
predicted that the PFR would also give more precise parameter
estimates for second-order and higher models. The same
behaviour would be expected from this study, due to the
similar nature of these reactions. However, the effect of the

kinetic model for series reactions of higher order is
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uncertain from this study.

This study also showed that the experimental design had
negligible effect on the choice of reactor. While vast
improvement was wmade in the precision of the parameter
estimates, the choice of reactor was not affected by the

experimental design.

Finally, the magnitude of the rate parameters and the
precision of the experimental observations of the reaction
influenced choice of reactor for the series reaction network.
An experimenter could use Equations (24} or (25) to predict
which reactor should be used, when the values for the factors

are within the levels chosen for this study.

In order to examine the ability of Equation (24) to make
accurate predictions outside the conditions of this study,
some exploratory experiments were carried out, as given in
Table 9. These extra Sets explored the region of high §, and

intermediate #, and of low #, and high 4§,.
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Table 9

Exploring The Region Outside This Study

confidence Region

X4 Xy Area Ratio

CSTR:PFR
-0.96 1.26 1.73
-0.83 2.48 0.83
-0.70 3.70 0.93
1.39 -0.67 1.10
4.01 -0.11 1.06
5.31 -0.17 1.10

* The values for factors Xx; to x; were all -1.

Figure 9 superimposes the results from Table 9 over the
model of Equation (24). Since the relative area ratio falls
below 1 as X, increases, the final model predicts fairly well
for low x, and high x,. But for high x, and intermediate x,,
the model does not predict the results obtained. These
exploratory results seem to indicate the need for an

interactive term in x,x, beyond the operating region of this

study.

Nevertheless, this exercise demonstrates that an
experimenter can take the approach used in this study, apply
it to the kinetic model being investigated and determine the
reactor type which will give the most precise estimates of the

parameters.
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x1

Area(CSTR) ¢« Area(PFR)

Area{CSTR) » Area{PFR)

0
-1k 1.73 .83 0.92
_2 1 | 1 ] 1 1 1 ! 1 1
4 -05 0 o05 1 15 2 25 8 &5
X2
—— C3TR:PFR = 1

Figure 9: Exploring The Region Outside This Study

65




5 CONCLUBIONS

Parallel Reaction Network:

1. The precision of the parameter estimates was always
better using a PFR to measure the kinetics of a first-
order parallel reaction network. The most information
about a parallel reaction is revealed in the initial

stages of the reaction, and a PFR gives this type of

information better than a CSTR.

2. On average, the area of the joint confidence region using

the CSTR was 1.51 times larger than that using the PFR.

3. The magnitude of the rate parameters and the covariance

structure of the responses did not influence the choice

of reactor.

4. The correlation between parameter estimates was not a
factor in choosing reactor type. The PFR produced a

lower correlation between parameter estimates as often as

the CSTR.

Series Reaction Network:

S. For the first-order series reaction network, the
precision of the parameter estimates was not always

better using a PFR to measure the kinetics of the
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reaction. The PFR gave more precise parameter estimates,
except when the reaction from "A" to "B" was fast and the
reaction from "B" to "C" was slow. A CSTR is more
capable of giving information about the £final
concentration of product "C" thereby obtaining a better

estimate of #0,.

When the PFR was more precise, the area of the joint
confidence region was 2.49 times smaller, on average,

than that using the CSTR.

When the CSTR was more precise, the average area of the
joint confidence region was 1.52 times smaller than that

using the PFR.

Three main factors, namely the magnitudes of the rate
parameters, 6, and f,, and the variance of the measured
product "a", af, affected the choice of reactor, as well

. . 2 2
as three interactions, 6,04 , 0, 0, and og oy

The following conditions favour the choice of the CSTR
over the PFR: high magnitude of §,, low 6,, low af, high

af, high o, and high oy..
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10. When the CSTR was more precise, in terms of area of the

joint confidence region, the correlation also tended to

be lower using the CSTR.

Other Conclusjons:
11. While vast improvement was made in the precision of the
parameter estimates through the use of designed

experiments, the choice of reactor was not affected by

the experimental design.
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6 RECOMMENDATIONS

It is recommended that a kinetics experimenter consider
the precision of the parameter estimates when choosing a
laboratory reactor. The approach of this study can be applied
to ascertain the reactor type which will give the most precise
estimates of the parameters for the kinetic model being

investigated.

Since the predictions of this study are limited by the
levels of the factors used in this investigation, a study of
the effects of the factors outside the operating region of
this work is also recommended. Using more than 200 Monte-

carlo simulations for this research is advised.
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Appendix A

Program to Perform a Monte—-Carlo Simulation

Program Algorithm

START

!

i
1

READ INPUT

i
|

DETERMINISTIC SIMULATION

4
|

— REPEAT 200 TIMES

i
1

STOCHASTIC SIMULATION

|
i

1
MULTIPLE RESPONSE
PARAMETER
ESTIMATION

i
I

-~ STORE VALUES

!
i

1
STATISTICAL
ANALYSIS OF
THE RESULTS

i
I

WRITE RESULTS

{
1

STOP

Appendix Al




Input Required:

Program to Perform a Monte-Carlo Simulation

INFO:

EXPM:

CONC:

DCONC:

TIME:

DTIME:

COVARM:

Q

Kl
K2
NR
NV

PLT

MLE

NRUN

the reactor and network

(1 = PFR, series reacticn;

2 = CSTR, series reaction:
3 = PFR, parallel reaction;
4 = CSTR, parallel reaction)

magnitude of 6,
magnitude of 6,
number of runs (10)

number of variables (3: C,, C;, C;)

A'
option to write stored values of the parameter
estimates to a file (0 = no; 1 = yes)

estimation procedure (0 = Bayesian estimates;

1 = maximum liklihood estimates)

set number

DSEED seed number to start the random Normal number

CAQ

DCAO

DT

generator

number of designed runs (0 = initial 10-run
design; 10 = add the ten designed runs)
initial concentration for "A'" for each run
initial concentration of "A" for the designed
runs

space time for the reaction to proceed

space time for the designed runs

covariance matrix for the responses
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Program to Perform a Monte-Carlo Simulation

Program Listing:

C
E

oD o

oO0Oa

Craa 00

100

PROGRAM TO SIMULATE A CHEMICAL REACTOR

*********************************************************I

INFUT SECTION

**********************************************************

INTEGER Q,PLT,MLE,NRUN

COMPLEX W(2Y, 202,32 . o
REAL HI,KZ,CAD(SOD,T(SO),DCAO(SO),DT(SO),ALS,SJ,MLE,J
)

FEAL NK(SD),NORM,EVR(S),UTR(S,B)

AL STDFV,R(SO),ERR(B,SD),D(S,SO),RESPﬁS,SO)

FREAL X(EJ,H(S),GCE),F,HH(BJ,Bl(BOD),BE(SDO),SS(S,SJ
REAL AINV(Z,3),WHKAREACLB)

DOUBLE PRECISION DSEED

COMMON 7/ XFS/ Q,C,NV,NR,RESP,CAO,T,J,AINV

EXTERNAL FUNCT,FUNC

DATA NN/Z/,NSIG/4/,MAXFNI500/,IDPT/O/
DﬁL@/ﬂ?B/,IJDB/l/,IZKB/,IA/S/,NZERDJO/.M/ZDD/,NMBR/O/
’ (

DATA XXXI/O.D/,XXXE/D.G/,BBI/D.0/,832/0.0/883/0.0/vID
B3T/74/

NAMELIST /INFO/ &,K1,KZ,NR,NV,PLT,MLE, NRUN, DSEED
NAMELIST /EXPM/ ND

NAMELIST /TIME/ T /CDNC/ CAQ /COVARM/ A /DCONC/ DCAQ
/DTIME/ DT

READ DATA FROM INFUT FILE

READ (S, INFO)

READ (S, EXPM)

READ (S, CONC)

FEAD (5, DIONC)

READ (S, TIMED

READ (5,DTIMED

READ (S, COVARM)

IF(ND.EQ.0) 30 TO BOO

DO 1 J=1,ND
NRE=NR+1
CAO(NR)=DCAO(J)
T(NRI=D7(JJ

CONTINUE

CONTINUE

WRITE INPUT DATA TO OUTPUT FILE
WRITE (6,100)

FOFMAT(///T20, ' FARAMETER ESTIMATES FOR THEA) ond A



Program to Perform a Monte-Carlo Simulation

program Listinag: (continued}

101
102
102
104
109
110

111

131

IF (0.ED.1) WRITE (&,101)

1IF (R.EGQ.2) WRITE (6,102

IF (D.EQR.3) WRITE (&,103}

IF (B.EQ.4) WRITE (6,104
FORMAT (TZ20, ' SERIES REACTION IN A FFR')
FORMAT(TZ20, ' SERIES FEACTION IN A CSTR')
FORMAT(T20, T PARALLEL REACTION IN A FFR™)
FORMAT (TZ0, ' ARALLEL REACTION IN A CSTR™D
WRITE (6,1095) NRUN

FORMAT(/T27, ' RUN NUMBER ', I3

WRITE (6,110) .
FORMAT(///,T20,'THE INITIAL RUN CONDITIONS ARE'D

WRITE (6,111)
FORMAT C/T20, " o e e T
WRITE (6,112)
FORMAT(/T21, 'RUN ND',T33,'CAC',T45,'T")
WRITE (6,113)
FORMAT CTZ0, " e e e v/
DO 2 J=1,NR
WRITE (6,114) J,CA0CT),T(I)
FORMAT (T20, 14, T3Z,F5.2, T41,F8.3)
CONT INUE
WRITE (6,120)
FORMAT(////T20,! THE RESPONSE COVARIANCE MATRIX ')
WRITE (6,121}
FORMATC? !, T=20," ____ i )
DO 3 J=1,NV
WRITE (6,123) ACJ,12,A(J,2),A0T, )
FORMAT (/T21,F3.6,2%,F3.6,2X,F3.6)
CONT INUE
WRITE ¢6,130)
FORMAT(///T20," THE TRUE VALUES OF THE CONSTANTS ARE’D
WRITE (6,121) Ki1,K2
FORMAT ¢/ 7T20, 'Ki=' ,T24,F5. 4, T35, 'K2=",T3%,FS5.4)

[ *********************************************************%

c

-
‘IJ

C

DETERMINISTIC SIMULATION

e **********************************************************

130
152

153

WRITE(G, 150
FORMAT (///T20, ' THE FINAL CONCENTRATIONS ARE?)
WRITE(E, 152)
FORMATC(//T21, 'RUN ND',TSD,’A’,TS?,'B’,T44,'C')
WRITE(&, 153)
FORMATC! 2,720, e ' /)
DO 4 J=1,NR

IF(R.EQ@. 1) CALL PFRSERK1,K2)

IF(Q.EQ.2) CALL CSTRSE(KI1, K2

IF(R.EQ.3) CALL PFRPARCKL,KZ)

IF(Q.EQ.4) CALL CSTRPA(KL,KZ)
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Program to Perform a Monte-Carlo Simulation

Program Listing: (continued)

o4

I ey

W R rI

11

820
200

201
202

WRITE(E, 1541 J, 001, T, 202, J0,003,0
FORMAT (TZ0, 14, T27,FS.2, T35, 15,2, T42,F5.2)
CONT INUE

*****************-N-**-K--H-**-l-******'l- B 6 U AR B NN e K

STOCHASTIC SIMULATION

******************************************** IS LT R R T R L )

CALCULATE EIGEN VALUES AND VECTORS OF THE COVARIANCE
AND NORMALIZE THE VECTORS
CALL ELGRF(A,N, 1A, IJOR,W,Z,1Z,WK, 1ERD
DO 10 L=1,N
NORM=0.0
EVF (L)=REAL(W(L))
IF (EVR(L).LT.0.0) &0 TO I96
DO 11 K=1i,N
VTR (K, LYSREALCZ (K, L))
NORM=NORM+VTR KK, L) **2
CONT INUE
NORM=SERT (NORM)
DO 12 I=1,N
VTRCI,L)=VTRCI, L) /NORM
CONT INUE
CONTINUE

CALCULATE THE INVERSE OF THE RESPONSE COVARIANCE MAT
(REQUIRED FOR THE MAXIMUM LIKELIHOOD ESTIMATIOND

IF(MLE.NE. 1) 130 TO 820
CALL LINVZF (A, NV, IA, AINV, IDET, WKAREA, IEF)

SENERATE THE MULTIPLE VALUES FOR THE FARAMETERS

WRITE(&,200) DSEED

FORMAT C//T20, ' THE INITIAL SEED IS PLFRL W)

IF (MLE.EQ.0) WRITE(&,Z01?

IF (MLE.EQ. 1) WRITE(6,202)

FORMAT (//T15, ' BAYESIAN ESTIMATION; THE ESTIMATES ARE’
FORMATC//T11, ' MAXIMUM LIKELIHOOD ESTIMATION; THE ESTI
MATES AKE!)

IF (MLE.EQ.0) WRITE(E,300)
IF (MLE.EQ. 1) WRITE(6,301)
FORMAT (//T12, K17, T26, K2’
&4, 'NSIG?)
FOéMAT(//le;'Kl';TEG;’KZ',TBB,'(MLF)MIN’,TSG,’LDDPS'
, TE4, 'NSIG?)

WRITE (€, 302)

FORMAT (T2, *

,T39,'/S/MIN’,TSB,’LDDPS',T

R ——— bkl - —— s bt . " e ~em =t - - -
— — — ——— e - - —



Prodqram to Perform a Monte-Carlo Simulation

Program Listing: (continued)
+ v/

e — it T T i S0 S T e ek S o 22

E2=2
DO 2O KERE=1,M
50 TO 809
815 NMBR=NMEBFR+1
WRITE(E,303)
203 FORMAT (T2, ! #%%%x% PARAMETERS HAVE REEN REDETERMI
NED #%%%%')
IF(NMER.ER. 8001 =0 TO 9498
G0 TO 80%
B39 NHS=NHS+1
) WRITE(G&,308)
208 FORMAT (T2, ' ##### FARAMETERS HAVE BEEN REDETERMI
NED ####4# )
IF (NHS.EQ.230) GO TO 237

INITIALIZE THE K'S AND C’S TO THEIR DRIGINAL VALUES

0S5 IERROR=0
Ki=51
K2=i32
DO 21 J=1,NR
IF(Q.EQ. 1) CALL PFRSER(K1,K2)
IF(R.EQ. 2> CALL CSTRSE(H1,K2)
IF(0.EQ.2) DALL FFRPARCKIL,K2)
IF(D.EQ.4) CALL CSTRPACKL,KZ)
1 ZONT INUE

CALZULATE THE E MATRIX

QOO0

DO 22 J=1,NV
STDEV=SERT (EVR(J))
SALL BENML (DSEED, NR,R)
DO 23 L=1,NR
ERRCI, LI=R (L) *STDEV
23 CONT INUE
2 ONT INUE

CALCULATE RANDOM ERROR MATRIX ¢ E # U )

000

DO 24 I=1,NV
DO 25 J=1,NR
SUM=0.0
DO 26 L=1,NV
SUM=SUM+VTR(I, LY *ERR (L, J?
26 CONTINUE
DCI, Jy=58UM
25 CONT INUE
24 CONT INUE
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Prodram to Perform a Monte-Carlo Simulation

Program Listing: (continued)
[
™ ADD FANDOM ERROF TO FINAL CONCENTRAT IONS

DO 28 J=1,NV
DO 29 K=1,NR

RESF (.J,K)=D(J, K +C (T, K)
IF (RESP(J. ). LE.0.0) 30 TO 810
30 TO 29
RESP (J,¥)=0.0
1ERROR=IERROR+1
ZONT INUE -
CONT INUE

o
—
o

oy

O0O0ORRN

******************%**************************************+

MULTIFLE RESFONSE PARAMETER ESTIMATION

**********************************************************

ED UNENOWN
MINIMIZE THE DETERMINANT DF THE 8 MATRIX
AND WRITE THE FINAL FARAMETERS QUT

BAYESIAN AFFRDACH —— RESPONSE COVARIANCE MATRIX ASSUM

OQOao00n

IFCMLE.EQ. 1}y &0 TO 8257

X{1=K1i%10,0

X(2¥=K2%10,0

CALL ZXMINCFUNCT,NN,NSIG, MAXFN, I0PT, X, H,5,F,WW, IER)
IF(IER.ER.130) GO TO 815

IFCIER.EG. 129) G0 TO B35

NZERD=NZEFRO+IERROR

BLCORKERI=X(1)/10.0

B2(EKEI=X(2)/10.0

IF(M.3T.300) 50 TO 830

WRITE (&,304) b, BL CKKID B2 CKERD , F, WW (2D WHWE)
FORMAT(Tl,IS,1X,3(E14.7,1X},2(E10.3,1Xhh

=0 TO 830

MAXIMUM LIKELIHOOD AFPROACH —- RESPONSE COVARIANCE K
NOWN

MINIMIZE THE OBJECTIVE FUNCTION

XC10=KHi*10,0
XC2)=K2%*10,0
CAalLL ZXMINCFUNC,NN,NSIG,MAXFN,IOFT,X,H,G,F,NN,IER)
IF(IER.EQ.1320) =0 TO 815
IF(IEFR.ER,. 129 50 TO 835
NZER{=NZERD+]ERFROR
Bl(EE¥Y=X(13/10.0
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Proqram to Perform a Monte-Cario Simulation

Program Listing: (continued)

B2ORREISX 02D /1000

[IF(M.EGT. 1000 30 TO 830

WRITE (&,307) HMH,BiCHKK),BE(HH&),F,HN(Z),N“(S)
307 FORMAT(TI,13,1X,3(E14.7,1X),2CE10.3,1X))
N *****-)l-******************-***********-***********************

o7

STATISTICAL ANALYSIS OF THE REACTION FARAMETER

[
=
i VR AR e R T S T T TS L L P S S I R R R
820 AXXL1=XXX1+B1 CKEED
AAXZ=XAXZ+BZ CKEED
ESS=E55+F

WORK=WORK+WW ()
SIG=81G+WW (3D
20 CONTINUE
Y¥MEAN1=XXX1/M
XMEANZ=XXX2/M
EGS=ESS5/M
WORK=WORK/M
SIG=SIG/M
DO 32 I=1,M
EB1=RER1+(XMEANI-B1(I))**2
BEZ=BE2+ (XMEANZ-B2(I) ) %x2
ER3=ER3+(B1 (I)~XMEAN1)* (B2 (I )-XMEANZ)
32 CONTINUE
VAR11=EBR1/(M-13
VARZZ=BBZ/ (M—-1)
COV1Z=RB3/(M=-1)
PREC=VARL 1 #VARZR2-(COV12%%2)
CORR=COVIZ/ C(VARL1¥VARZZ)%%0,5)

o *****************************************"E****************
c
> QUTPUT OF RESULTS
™
C 4 e I 36 36 96 A 6 I 3 I I I 2 Ko e I 36 K I I I I B U A I He e N I 36 B e F I W T 26K N N Fe M
IF (M. 3T, 1000 WRITECE,<$00) M
400 FORMAT ¢//T20, ' RUNS WERE REPEATED',I16,’ TIMES?,//)
_ WRITE(E,401) XMEAN1, XMEANZ, ESS,WORK,S1G
401 FORMATC/T1, TMEAN’ , 3CE14.7,1X),2(E10.3,1X))

WRITE(&,402) VARLL,COVIZ
02 FORMATC(/T10, " COVARIANCE MATRIX OF K1 AND K2: !, 2(E12
S, 2R
WRITE(&,403) COV1ZE,VARZZ
403 FORMAT(T43,20ELZ2.5,2X0)
WRITECE, 4040 FREC . ’ =~
404 Fg?MAT(/Tlm,'DETERMINANT OF TOVARIANCE MATRIX: yELZ
WRITE(G, 405y CORR
405 FORMAT (/T10, ' ZORPELATION OF K1 AND K2: rVELZ.5)
IF(NZERDLNE, O WRITE(E,406) NZIERO .
Appendix A8



Proqram to Perform a Mopte-Carlo Simulation

Program Listing: (continued)

$0E FOFRMATC(/TLO, ' THERE WERE ?,I3,' RESFPONSES LESS THAN 7&
RO '
IF(NMER.NE.0) WRITE(H, 307 NMBR

407 FORMAT (/T10,? THERE WERE', 14,

+ ' FARAMETERS FEDETERMINED DUE TO FOUNDDFF EFROFR? )
IF(NHS.NE. O} WRITE(H, 408} NHS

$08 FOREMATC(/T10,13," FARAMETERS FEDETERMINED; HESSIAN NO
T FPOSITIVE D
+EFINITE?
0 60300 06 e I e T 2 0 306 9 0 e 36 0 B 03 3000 3 BEIE 36 e 3 30 K 3 9K
[
C FLOT OFTION FOR THE JOINT CONFIDENCE FEG
(™ 10N

C **************************************************"l-{ E. O O O
IF(PLT.E@.0) 30 TO 999
WRITE (&, 450)

450 FORMATC///T20, ' THE PARAMETERS ARE WRITING TO THE FLOT
I/P FILE! /)
WRITEC7,500) M,Q,NF, NS, MLE

SO0 FORMAT(T10, 14, T20, 12, T30, 13, T40, 13, TS0, 13)
WRITE(7,501) NRUN, XMEAN1, XMEANZ, Z¥VAR11, Z%VARZZ, CORE:

-

501 FORMAT (T2, I3,T6,F3.6,T16,F3.6, T26, 2(E11.4,2X1,F6.3)
DO 45 I=1,M
WRITE(7,S502) B1(I2,B2¢I)
S02 FORMAT(T10,E15.7, T30, E15.7)
45 ONT INUE
0 TO 999

o HRIEIIIN K KNI R IEIE I TN M I H T I 2260360 36 e
E END OF PROGRAM

c
£ 6000 MM I IEIEIEN I Te 0 206363496
996 WRITE(&, S05)
S03 FORMAT (/T10, " ##%#PROGRAM TERMINATED; NESATIVE RESFONS
E EIGENVALUE
+HAXRTY /)
50 TO 993
937 WREITE(E,303)
S02 FORMAT (/T10, ! ##%*#PROSRAM TERMINATED; HESSIAN NOT FOS
ITIVE DEFINI
+TE*EXERT /)
50 TO 733
998 WRITE(E,504) NMER
S0 FORMAT(/T10, ' PROGRAM TERMINATED' , /T10,
+  TROUNDOFF ERROF BECAME SIGNIFICANT', I4,' TIMES?)
Xk STOR
END
e R L R N T T L LT LY g u v,
C
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Program to Perform a Monte-Carlo Simulation

program _Listing: {continued)

Z THE CALCULATION OF A, CR,CC FOR THE
: FFR FEACTOR AND SERIES REACTIONS

o

=)

C **********************************************************

SUEROUTINE PFRSERCKL,K2)
COMMON /XFS/ @,C,NV,NR,RESF,CA0,T,J, AINV
FEAL K1,KZ2,CA0CS0), TS50),C(3, 501, RESP (3, 500
INTEGER J,0
D01, JI=CAO (I *EXP (=K 1%T (J2)
IF (K1.E@.KZ) G0 TO B40
D02, J)=(CAGCT) *KL/ (K2=K1) 3 % (EXP(~K1¥T (J) )-EXP (-k2*
T
30 TD B4S
840 S0, Tr=K1#CAOCTI*T(JI) / CEXPCHL*T (I3
ZC3, JI=CAO (T =01, J)=C(2,J)
50 TO B850
845 Eﬁ?.JA??AOCJ)*(1+(K2*EXP(—K1*TCJ))—HI*EXPC—KE*T(J)))/
(K1-K2
as0 RETURN
END
**********************************************************

THE CALCULATION OF CA,CE,CC FOR THE
CSTR REACTOR AND SERIES REACTIONS

OO0 0O0

*********************************************************i

SUBROUTINE 1STRSE(K1,K2)

COMMON /XES/ @,C,NV,NR, RESF, CAO,T,J, AINV

REAL K1,K2,CA0CS50),T(S0),C¢3,50),RESP(Z,50)

INTEGER J,Q

SC1, JY=CA0CT) / (KI*TCII+1)

C(Z, J)=C(CAOCTI ¥KI¥T (J)) /7 (CRI¥TLI)+1) ¥ (K2¥T (I +1))

SC3, J)=(CAO (T Y *K1HKZHT (JI #%2) / CCKLIXT (I I+ 1) *CK2HT(TI+1))

RETURN

END
**********************************************************

THE CALCULATION OF CA,CB,CC FOR THE
PFR REACTOR AND PARALLEL REACTIONS

OoOoOaon

**********************************************************

SUBROUTINE PFRPAR(K1,K2)

COMMON 7XPS/ @,C,NV,NR, RESF,CAG, T, J, AINV

REAL K1,K2,CA0(S0),T(50),C(3,50),RESP(3,50)
INTEGER J,Q

501, J)=0A0CT) REXPCC-KI-K2I*TCIYY N
G2 Ty=(CAOCT I #KL/ (KZ+H1D ) % (1~EXP ((-K1-KZIXT (I
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Program to Perform a Monte-Carlo Simulation

Program Listing: (continued)

OO0 0 OO0 o0

a

W

Caom b

SO, JI=CA0 T w2/ CHL+E2D D CL-EXP CC=RL1=1 2T J 0 )
RETUEN '
END

36 B 6 N e 3 BT B 36 W H UK B M e P I M A K0 M M K NN NN KW N4

THE CALCULATION OF CA,CH,ZC FOR THE
CSTR REACTOR AND FARALLEL REACTIONS

SUBROUTINE CSTEPACEL,EKZ)

COMMON /XFS/ @,,NV,NR, RESF, CAQ, T,J, AINV
REAL Kl,KE,EAGCSD),TCSG),C(S,SD),RESP(S,SO)
INTEGER J,Q

01, Jd=CA0CT /L4 CHL+E2Y%T (I )

CC2, JI=(CAQCIIREL#T (I} /7 L+ CRIHRZI*T (I )
O3, JI=(CAO I %E2%T (I / CL+CKLAE2I®T (T
HETUREN

END

ek ke p 2 L SIS ST IL SIS LTSN L ES LT ST TR T ER N R Y

THE CALCULATION OF THE DETERMINANT OF MATRIX S

e H FH P He I A e W I e I M I N U P N I e e B I I A I I N e e A e W

CALCULATION OF THE MATRIX S

SUEROUTINE FUNCT (NN, X,F)
COMMON /XPS/ @,1,NV,NR, RESF, CAD, T,J, AINV
REAL SS8(2,3),X(NN),C(3,50),RESF(2,500,T(S0), KL, K2, CAQ
1C50)
INTEGZER @,J
K1=X(1)/10.0
£Z=X (29 /10,0
DD 5 J=1,NR
IF(R.EQ. 1) CALL PFRSER(KI1,HKZ)
IF(Q.EQ.2) CALL CSTRSEC(K1,K2)
IF(R.EQ.3) CALL PFRPARCKL,KZ)
IF(B.EQ.4) CALL CSTRPA(K1,KZ)
CONT INUE
DO t I=1,NV
DO 2 J=1,NV
SUM=0.0
DO 3 K=1,NR
SUM=SUM+(RESP (T, #)~C (1, K) ) % (RESP(J, 1K) ~C (I, 1))
CONT INUE
SS¢I,J)=5UM
ZONT INUE
CONT INUE

endi



Program to Perform a Monte—Carlo Simulation

Program Listing: (continued)

e CALCULATION OF THE DETERMINANT

gfgﬁ?LSS(lv1)*55(2,23*55(3,3))*2*LSSﬁl,ZJ%SSQ],S)*SSK
gigfzaiSLl,11;(55(2,3)**ﬁ))+cssq2':)*(55(1,3)**:),+IS
+ (8501, 21%%2))
DET=DETL1-DETZ
F=DET
RETURN
END
***************&*****************%*%****%w********w**w*%*w

THE ©TALCULATION OF THE ORJECTIVE FUNCTION FOR MAX-LIK

ELIHO0D
ppenppegvpnpapgvppI S X IR TS S R T S E EE L L L S RS RS Rk

CALZULATION OF THE MATRIX S

OOOOOaOnD

SUBROUTINE FUNICCNN, X,F)
COMMON /XFS/ @,C,NV,NR,RESP,CAO,T,J, AINV
REAL SS(3,3),X(NN),C(3,50) ,RESF (3,501, T(S0),11, K2, TAD
(50)
REAL AINV(E, ), WKAREA(S0)
INTEGER 0,J
K1=X(1)/10.0
K2=X (23 /10,0
DO S J=1,NF
IFCO.ER. 1) CALL PFRSER(KL,KZ)
IF (Q.EQ.2) CALL CSTRSE (K1, KD
IF(Q.EQ.3) CALL PFRPAR(KL,KZ)
IF(Q.EQ.4) CALL CSTRFACKL, K2
5 SONT INUE
DD 1 I=1,NV
DO 2 J=1,NV
SUM=0. 0
DO 3 K=1,NR
SUM=SUM+(RESP (1, 1)-C01, K )% (RESF(J, 10 =0 CF, K

c ZONT INUE
S5¢1,J)=5UM
2 SONT INUE
1 TONT £ HUE
s
C CALCULATION OF THE OBJECTIVE FUNCTION
o
SUM=0, O
DO 6 1=1,NV
DO 7 J=1,NV
SUM=SUM+AINV(I,J)¥55¢1,J)
7 CONTINUE
[ ZONT INUE Appendix Al2

F=SUM
o el Y I ] 8 |



Progqram to Perform a Monte-Carlo Simulation

Input File:

YINFO O=2,k1=0.085, Z=0. 06, NR=10,NV=3, FLT=0, MLE=0, NRUN=46,
DSEED= 43200 ,
BEND

LEXFM ND=10, %END

?ESEC CAO=1.00,1.00,1,00,2.00,2,00,2,00,2.00,32.00,3.00,3.00,
o DCONC DCAO=3.0,3.0,3.0,3.0,3.9,2.0,3.0,3.0,3.0,3.0,%END
WTIME T=1.307,11.76,105.9,1.307,11.76,11.76,105.3,1.307,11.7
€,105.9,

REND

%DTIME DT=21.18,%1.18,21.18,21.18,21.186,21.16,
. 18,

21.18, %END

2 COVARM A1, 1)=0.002
O, 00z80, -
At2.2>=0.ooe4o,Acz,3>=o.00336,A<3,1)=0.00210.A<3,23=0-00335v
AC3,3)=0.00360, &END

21.18,21.18,21

50, AL, 2)=0. 00280, A1, 3 =0, 00210, ACZ, 1=

Execution Program to Randomize the Seed for the Random Normal

Number Generator:

%TRACE OFF

CMSEX TIME

&%FEAD VARS %SEED #

%0ONE = &PIECE OF %SEED 1 2

IF &ONE = 00 %ONE = 25

%TWO = &PIECE OF %SEED 4 2

XIF &TWO = Q0 &TWO = 25

&%THR = %PIECE OF &SEED 7 2

LIF &THR = 00 &THR = 25

%SEED = &MULT OF %ONE %TWO %THR

&ETACK 2

&%S8TACK DEL

&STACK U

&%STACK I DSEED= &%SEED ,

&STACK C/DGE/ DSE/

&STACK FILE

X DETIN DATA A

FORTVS DETER

GLOBAL TXTLIB VILNKMLIE FORTLIB VFORTLIE CMSLIE IMSLSLIE FLOT
LIB

FI S DISK DETIN DATA A

FI & DISK DETOUT DATA A

FI 7 DISK PLOT DATA A

LOAD DETER ( CLEAR START

EXEC SENDFILE DETOUT DATA TO 289292 AT UOTTAWA
EXEZ SENDFILE DETIN DATA TO 283233 AT UOTTAWA
LEXIT
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Program to Design Additiona) Experiments tor Precise

Parameter Estimation

Program Listing:
C P TS L L L L8 *************************N IEE TSRS FEREE SRS EE RS KSR

EXPEFIMENTAL DESIGN HASED ON THE DRAFER AND HUNTEER Ckl

c

L TEFIDN
C ******Hi******ﬂ***iK******ﬁ****i******N*l**ll***liﬂI**iﬁl!
=

INTEGER @

REAL DET (20

REAL ACZ,3),AINV(E, 3), WHAREAC1E)

REAL K1,H2, A0 (400, T4 15ZA0C30) , 3T (G0

FEAL X(40,2,3), XTX(Z,2),MM(2,2), ez, 2

COMMON /XY/ ©AG,T,J,X, K, K2

DATA 1A/3/, 1DGT/4/

NAMELIST /INFO/ @,NR,NV,K1,K2, NN, N3, NI

NAMELIST /TIME/ T /CONC/ CAO /COVARM/ A /GTIME/ GT /6
ZONG/ GCAO

READ DATA FROM INFUT FILE

a0

READ (5, INFO)
READ (5,CONC )

READ (5,TIME )
READ (5,GCONC)
READ (S,GETIME)
READ (S, COVARM)

WRITE INPUT DATA TO OUTPUT FILE

oo

WRITE (&, 100)

100 FORMATC////T20D, ' DRAPER % HUNTER EXPERIMENTAL LESIGEN'?

iF (Q.EQ.1) NhITE (6, 1100

IF (B.EQ.2) WRITE (6,111)

IF (R.EQ.2) WRITE (&,112)

IF (0.EQ.4) WRITE (6,113)
110 FORMAT ¢T20, 'FOR THE SERIES REACTION IN A PFR ")
111 FORMAT(T20,'FOR THE SERIES REACTION IN A CSTR '
112 FORMAT (T20, ' FOR THE PARALLEL REACTION IN A FFR ')
113 FORMATfTZU,'FDP THE FARLLEL REACTION IN A CSTR ')

WRITE (€,101)

10% FOPMAT(/TAU,'THE INITIAL RUN CONDITIONS ARE’)
WRITE (&,102)
102 FDRMAT(/TEO,’ _______________________________ r

WRITE (&,103)



Program_to Design Additional Experiments for Precise

Parameter Estimation

Program Listing: (continued)

103
104
105
1

115
116
117

118

119

122
3

123

124

FORMAT (/T21,7RUN NO', T33,'CADT,T4S,°T")
WRITE (6,104)
FORMAT C/T20, ' o o e Py
DO 1 J=1,NR
WRITE (6,105) J,CAOCT),T(I)
FORMAT (TZ0, I4,T32,F5.2,T41,FB.3)
CONTINUE
WEITE(E, 115)
FORMAT (/T23, ' THE GRID LOCATIONS ARE')
WRITE(E, 116) .
FORMATC/T20, ' )
WRITE(E,117)
FORMAT (/T21, 'GRID NO',T33,TCAD? ,T45,'T?)
WRITECE, 118)
FORMAT C/T20, " o e e )
p0 2 J=1i,NG
WRITE(E, 119) J,ECA0CT) BT
FORMAT(T20,14,T32,FS.2,T41,FB.3)
CONT INUE
WRITE (6,120}
FORMAT(//T20,' THE RESFONSE COVARIANCE MATRIX')
WRITE (6,121)
FORMATC! ', T20, " e m— e '
DO 3 J=1,NV
WRITE (6,122) ACJ,1),ACJ,23,AC,3)
FORMAT(T21,FB.6,2X,FB.&,2X,FB.6)
CONTINUE .
WRITE (6,122)
FORMAT (/T20, ' THE TRUE VALUES OF THE CONSTANTS ARET)
WRITE (6,124) K1,KZ
FORMAT (/T20, 'K1=?,T24,F6.4, T35, 'K2=",T39,F6.4)

C **********************************************************

c
C

Z

EXPERIMENTAL DESIGN

C **********************************************************

150
151

152

)

O
(@] '.’[_l'l

WRITE (6,150)
FORMAT (/T20,? THE DESIGNED RUN CONDITIONS ARE’)

WRITE ¢6,151)

FORMAT ¢/ T20, " e ')
WRITE (6,152)

FORMAT (/T21, 'RUN NO',T33,7CA0’,T45,'T",T54, ' DETERMINA
NT?)

WRITE (6,153)
FORMAT (/TZ0, '

INVERSION OF THE RESPONSE COVARIANCE MATRIX
Appendix AlS



Program to Design Additicnal Experiments for Precise
Parameter Estimation

Program Listing: (continued)
CALL LINVZF(A,NV,IA,AINV,IDST, WKAREA, IER)

o
C FIRST CALCULATE THE DETERMINANT DF THE SCREENING DESI
C GN
C INITIALIZE THE FARTIAL DERIVATIVES: [X]
C
DD 17 J=1,NR
IF(G.EG.1) CALL PFRSER
IF(R.EQ.2) CALL CSTRSE
IFCQ.EQ.3) CALL PFRFAR
IF(R.EQ.4} CALL CSTRPA
17 CONT INUE
C
c CALZCULATE THE INVERSE COVARIANCE MATRIX OF THE FARAME
C TERS, MM
DO 18 L=1,NN
PO 19 M=1,NN
MMCL,M)=0.0
XTX(L,M¥»=0,0
13 CONT INUE
i8 CONT INUE
DO 20 II=1,NV
PO 21 JJ=1,NV
DO 22 I=1,NN
DD 23 MMM=1,NN
SUM=0.0
DO 24 K=1,J
SUM=SUM+X (K, I, T1)*X (K, MMM, JJ)
24 CONTINUE
XTXCI, MMM) =SUM*AINV(II, JT)
23 CONTINUE
22 CONTINUE
DO 25 L=1,NN
DO 26 M=1,NN
MM L, MO=MMCL, M) +XTX (L, M)
XTXCL,M¥=0.0
26 CONT INUE
25 CONTINUE
21 CONTINUE
20 CONTINUE
c
C TAKE THE DETERMINANT OF THE MM MATRIX
C
XDET=MM(1, 12 %MMC(2,2)-MMC(1,2)%MM(2, 1)
WRITE (6,203) NR,XDET
203 FORMATC T20,14,TS53,E12.5)
(™
C REPEAT THE DESIGN FOR THE DESIRED NUMBER OF RUNS.
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Program to Design Additional Experiments for Precise

Parameter Estimation

Program Listing: (continued)
cC
DO 4 KEK=1,NI
8
= INITIALIZE THE PARTIAL DERIVATIVES: [X]
(1 !
DO 5 J=i,NR
IF(R.ER.1) CALL FFRSER
IF(Q.EQ.2) CALL ©=STRSE
IF(Q.EQ.3) CALL PFRPAR
IF(Q.EQ.4) £ALL CSTRPA
5 CONT INUE
:
¥ REPEAT FOR EACH ADDITIONAL POINT ON THE GRID
>
J=NR+1
i
C CALCULATE [X3
c
PO 6 LLL=1,NG
CAO (T =GCAD (LLL)
T¢I =GTCLLL)
IF(Q.EQ.1> CALL PFRSER
1IF(@.EG.2) CALL CSTRSE
IF(R.EQ.3) rTALL PFRPAR
IF¢@.EQ.4) CALL CSTRPA
c
c CALCULATE THE INVERSE COVARIANCE MATRIX OF THE PARAME
c TERS, MM
DO 7 L=i,NN
DO 8 M=1,NN
MM(L, M) =0,0
XTX(L,M)=0.0
8 CONTINUE
7 CONT INUE
DO 9 II=1,NV
DO 10 JJ=1,NV
DO 11 I=1,NN
DO 12 MMM=1,NN
SUM=0.0
DO 13 K=1,J
SUM=SUM+X (K, 1, I1) %X (i, MMM, JJ)
13 CONT INUE
XTXCI, MMM)=SUM®AINV(II, JJ)
12 CONT INUE
11 CONTINUE

DO 14 L=1,H8N
DO 15 M=1,NN
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Program to Design Additional Experiments for Precise

Parameter Estimation

Program Listing: (continued)
MMCL, MY=MMCL, MY +XTX (L, M)
XTXCL,M>=0.0

1S CONTINUE
14 CONTINUE
10 ZONTINUE
g CONTINUE
[
C TAKE THE DETERMINANT OF THE MM MATRIX
2
DETCLLLY=MMC(L, 1) %MMC2, 2)-MM(1, 23 *MM(2, 1)

c WRITE (6,200) DET(LLLY,J
COo FDRMAT(TS,GIE.S,SX,I2)
& CONTINUE
[
™ DETERMINE THE CONDITIONS AT WHICZH THE DETERMINANT 1S
C LARGEST

N=1

XDET1=DET (N)
DO 16 K=2,N§
IF (DET(K).LT.XDET1> GO TO 16
N=K
XDET1=DET (N)
16 2ONT INUE

-

STOFP IF DESIGN DOESN'T IMPROVE PRECISION DURING THE N7
o RUNS
' TEST=(XDET#**(~0.50))

TEST1=(XDET1%#(~0.50))
IFCCCTEST-TEST1) /TESTY LT, (0.05)) 30 TO 38

ASSIGN THE DESIGNED RUN TO THESE CONDITIONS

OG0

XDET=XDET1
NR=NR+1
ZAOCNR) =GRAO (N
TC(NRI=GT(N)
WRITE (6,201) NR,CAOC(NR), TINR) , XDET
201 FORMAT ¢ TJO I4, T°z F&.1, T41 FB.-,TqB £12.5)
4 CONTINUE
GO TO 939
998 WRITE (&,202) J,CA0CJ),T(J),XDET1
202 FDPMAT(///T“O 14 T°2,F6 1,741,FB8.2,TSE,E12.5//)
293 STOP
END

c HB B 0TI I I I I NI I I U 6T I A T B2 B T
C

-

c EVALUATION OF PARTIAL DERIVATIVES FOR PFR :SERIES KINE

C TICS
Appendix AlS8



Program Eo Desigqn Additiopal Experiments for Precise

Paramete stimation

Program Listing: (continued)

i

c

840

845

- **********************************************************

SUBPOUTINE PFRSER

COMMON /XX/ CAO,T,J, X,K1,K2

REAL K1,K2Z,CA0C40),T(40),%(40,2,3)
X(J, 1, 1)==CA0CT)*T (JI*EXP (~K1%xT(J))
X¢5,2,10=0.0

IF (K1.EQ.K2) GD TO 840

X(J,1,2)=—:AO(J)*CEXP(—K1*T(J))*CKI*T(J)*(KE—K13~M2)+
Ka*EXP (~K2%

TCINII/ C(KZ-KII##2D
2, 2)=CA0CT) R 1% (EXP(~K2#T (I I #(T(J) #(K2~-K1) 413 —EX
1%T(J2)

3/ CKR2-K1 )Y %%2)
50 TQ B45
X(J,1,2)=CA0CT)*TC(II*(1-K1*T(I)I*EXP(—-KLI*T(T))
X(J,2,2)=X%¢J,1,2)
X(Jy1,3)=-%X¢J,1,13=X(J,1,2)
X(J,2,3¥==XJ,2,1)-X%(J,2,2)
RETUREN
END

X (J
P =K

c A I K I I I I I I J I I I IS I 2 I I I B N 2 I O N

EVALUATION OF PARTIAL DERIVATIVES FOR CSTR SERIES KIN
ETICS

C 9036200 330 03 3636 9636306 3630 30 36 3096 2 3636 336 396 9 36 9 369 306990 36969 396 36 96 36 36 36 56 36 3696 3090 36 36 36 9%

SUBROUTINE CSTRSE

COMMON /XX/ CAO,T,J,X,Ki,K2

REAL K1,K2,CA0(40),T(40),X(40,2,3)

XCJT, 1, 13==CAOCTI*T(J) /7 CCRL*T (I +1) %%2)
X(J,2,1)=0,0

X(J,1,2)= CAOCII*TCI) / CCKE*TCI)+1) #CKI XTI +1) %%2)
XCJgf,2)=—CAO(J)*K1*T(J)**2/((KI*T(J)+1)*((K2*T(J)+1)
¥

X(J,1,3)=-X(J,1,11=-X¢J, 1,2)

X(J,2,2)=-X(J,2, 1)-X(J,2,2)

RETURN

END

**********************************************************

Eé?%gATIDN OF PARTIAL DERIVATIVES FOR PFR PARALLEL I
S

*********************************************************“

an



Program to Design Additional Experiments for Precise

Parameter Estimation

Program Listing:
c

SUBRDUTINE PFRPAR
COMMON /XX/ CAQ,T,J,X,K1,K2
REAL K1 ,KZ,CAQC40), T(40), X440, 2,
X{J,1,1)==-CA0(TI)*T(JIREXF (~(K1+K2)*T (J))
X€J,2,10=X(J, 1,1
XtJ,1,2)= CADCII®CEXP (= (KL+EZI)®T (T2 3 % (KI*T (I % (B2+K1D
=2V +E2) /(¢ o

+ K2+K1)*%2)
X(J,2!2)= CAO(J)*Kl*(EXP(—(K1+K2)*T(J))*(CH1+K2)*T(J)
+1)=10/CCH1L

+ +KZ)%%2)
X(J,1,33=CA0CI»¥K2x (EXP (= (K1+K2ZI*T (I % COIL+E2D AT (J) +
1127 KL~

+ K20 %%2)
XCJ,2,33=CA0CJI*CEXP(~CHLI+KEZI AT (I )% (K2 (KL +E2)%T (T -
K1d)+E1)Y /(KL

+ +E2) #R2)
RETHURN
END

(R T T T ETEETEFEITELELTETERLELSLLEL LSS S S L SR LR L L L X SR Rt L E Lk

W

EVALUATION OF PARTIAL DERIVATIVES FOR CSTR FARALLEL K

INETICS
B 0 I 26 DI U T I AT T A AT T A I I 36 I I N

0000

SUBROUTINE CSTRPA
COMMON /XX/ CAO,T,J,X,K1,K2

REAL K1,K2Z,CA0C40),T(40),X(40,2,3)

XCJ, 1,1)=—CAOCII#T(J)/ ((1+CKIHK2)#T (T ) %%2)

XCT, 2, 1)=X(J, 1, 1)

XCI,1,2)= CAOCTI*T (I % (L+KZHT(JD) /7 CCL+CHLAKTIRT (J) ) %%
29

1 3y=-t 2T (T *%2/ ¢ L+ (HLHK2IRT (J) ) ##2)
iij:é:§;= EzgzjgzﬁfJIiii+Kl*T(J))/((1+(H1+K2)*T(J))**
2)

RETURN
END

X (T, 2, 2)==CA0CT I ¥K1ET (T) #%2/ L1+ (KIHKZ) #T (T ) **2)
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Program to Design Additional Experiments for Precise

Parameter Estimati

Input File:

RINFO 032,NR=10,NV=3,H1=0.085,K¢=0.06,NN=2,NG=°0,NI=10,&END
SCONC CAD=1.00,1.00,1. ), 2,00,2.00,2,00,2, 0o, 3.00,3, o, 3. 0o,
“EMD

&TIME 7=1.307,11.76,105.9,1.307,11.76,11.76,105.9, 1. 307, 11. 7
6,105.9, T

“END

L&GCONC GCAC=1,0,1.0,1,
2.0, :'-'-012'0'
;ézbz.D,d.U,d.D,2.0,3_0'3_0'3.0'3_0’3'0
&GTIME GT=10.59,2
.31, 105,19,
10.5%,21.18,31.77,42.36,5
10.53,21.18,31.77,42.3
%END .

% COVARM A(1,1)=0.06250,A(1,2
0. 00280,
A(2,2)=0.00640,AC2,3)=0.00336,AC3,1)=0.00210,A(3,2)=0.00336,
A{3,3)=0.00360, KEND

0;1-0,1-0,1.0,1.0,1.0,1,0,1_0,2_0 2.0
’

y e

»3.0,3.0,3.0,3.0,3,0,

1-18,31.77,42.35,52.95,63.54,74.13,84. 2,95

“y

2.95,63.54,74.13,84,72,95.31, 105, 3

€,52.95,63.54,74. 13,84.72,95.21, 105. 3,

=0.00280,A(1,3)=0.00210,A(2, 1) =

Execution Program

&TRACE OFF
FORTVS DESIGN

GLOBAL TXTLIB VLNKMLIB FORTLIB VFORTLIBE CMGLLIB IMSLSLIB PLOT
LIB

FI 5 DISK DESISN DATA A (LRECL 80 RECFM F

FI & DISK DESIGN RESULT A

L.OAD DESIEN ¢ CLEAR START

EXEC SENDFILE DESIGN RESULT TO 289293 AT UDTTAWA
REXIT
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Appendix B
Results

Parallel Reaction Network:

Plug Flow Reactor:

10-Run Design

[

20-Run Design

|

det(V(8)) p(9,,8,) det(V(8)) p(8,,0,)

4, 1427E-17 0. 13682 2.2329E-18 0.36497
1.5124E~-15 -0, 68081 1.5624E~16 -0.87070
1.6612E-15 0.16383 " 1.1933E-16 0.14407
1.05095-13 0.44504 1.1850E-14 0.73931
&.0003E~17 0.45732 3.7909E-18 0.70488
7.7132E-14 -0, 11500 3.7048E-15 -0,06278
4.0741E-15 0.92860 1.1585E~16 0.84792
7.32B0E-14 0.87853 l 6.0959E-15 0.97076
4.3205E-18 ~-0.20184 2.1189E-19 0.16182
6.3522E-15 0.49808 4.3756E-16 0.55567
1.3698E-14 -0, 32028 7.B744E-16 -0.323651
3.84156-13 ~t3, 41360 1.4959E-14 -0, 35067
9,5443E-17 0.53614 | 4.0582E-18 0.60646
4,7805E-13 0.45773 2.1405E-14 0.56714
2.3949E-13 0.72236 1.1486E-14 0.66697
4.0508E-13 -0, 42984 1.8959E-14 -0.36444
4.4553E-17 0.23028 " 2.4366E-18 0.52057
3.3900E-14 -0, 14965 1.5008E-15 -0,26178
3.7157E-15 -0.89788 2.2449E-16 -0.93689
1.41958~-12 -0.44339 8.57BlE-14 0.15791
3.4362E-17 0.823488 2.1896E-18 0.34670
1.5101E~12 0.70737 3.9085E-15 0.76064
1.1246E-13 0.43268 &.8366E-15 0.48264
3.3531E~12 0.423354 1.8301E-13 0.74015
z,5553E-16 -0,86098 1.4582E~17 -0.86127
3.23B1E-13 -0.81221 2.4024E-14 -0.85506
1.6173E-14 ~0,77942 3.4901E-16 -0.809358
2.7507E-13 -0.73382 1.5499E~14 ~0.64%01
3,8782E-16 -0.84115 1.6323E-17 -0.82629
£.4264E-12 -0, 24445 4.1223E-13 ~-0.01614
5.8863E-13 0.67274 3.2052E-14 0.439965
4.9300E-12 0.13243 Z.466BE-13 0. 29666
5.8427E-13 0.01655 3.140%E-14 0.29635
7.1920E~13 -0.02573 2.3895E-14 0.22785
5.2208E-13 0.42061 2.6025E-14 0.14294
6.4716E-13 0.12561 3.4025E-14 0.12262
5.39726E-13 -0,01394 3.416UE~-14 0.24066
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Parallel Reaction Network:

contipuous Stirred Tank Reactor:

10-Run Design 20-Run Design

det (v(8)) 26,0 || det(u®)) 0(8,,6,)

1.5094E-16 0.40211 6.68B6E~18 0.31349
3.051BE-15 -0.3240% 6.8295E~16 -0.73818
3.9529E-15 0.24095 3. 25962E-16 0.35561
1.7399E-13 0.66243 2.2191E-14 0.63740
1.7B17E-16 0.72538 7.7261E~-18 0.69701
2.6073E-13 0.18273 1.4249E-14 0.09070
3.4147E-15 0.81611 1.3265E-16 0.80582
1.2741E-13 0.34064 1.0605E~14 0.95608
€.6337E-18 0.,43525 2.6528E~19 0.54648
1.4051E~14 0.53132 8.5037E-16 0.42871
3.8910E-14 -0. 16605 Z.5641E-15 ~0.210328
8.6627E-13 ~0,01295 4.4930E-14 0.07206
2.8586E~16 0.79324 9.2825E-18 0.81201
1.14S50E-12 0.72460 5. 18B30E-14 0.71844
4.4807E~13 0.72931 2.1339E~14 0.73128
5.8395E-13 0.21219 2.6393E~14 0.21273
1.6605E-16 0.62416 7.9454E-18 Q.49661
8.5033E-14 0.03585 2.9212E-15 0.05023
1.1209E-14 -0.86022 6.5012E-16 -0.87035
3.0028E~12 0.10423 1.5183E~13 -0.05740
4,3778E-17 0.83774 2.193BE~-18 0.87227
2.5473E~13 0.66754 1.00B9E-14 0.77735
3.1557E-13 0.41042 1.8498E-14 0.25726
4.9246E~12 0.70229 3.1735E-13 0.71697
6.1985E-16 -0.73446 3.2210E-17 -0.74376
9.0582E-13 -0.59336 5.0146E~14 -0.58493
4.8424E~14 -0,59589 2.2665E-15 -0.58281
5.3723E-13 -0. 26861 2.5366E-14 -0.12716
6.4104E~16 ~0,73975 4.3358E-17 ~0.77494
1.S967E-11 0.05300 8.8803E-13 0.02326
2. 1625E~12 0.65518 8.B8369E-14 0.53686
1.5549E-11 0.48497 6.5742E~13 0.33078
1.5118E-12 0, 44240 8.5160E~14 0.30100
1.5529E~12 0.38211 8.0927E~14 0.31120
1., 7192E-12 0.53794 7.0331E-14 0.34523
1.1511E~12 0.38400 7.0S80E~14 0.24998
1.2623E-12 0.470%3 6.0700E~-14 0.27567
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Series Reaction Network:

u ow a

20-Run Design

10-Run Design
- -

det(V(8)) p(6,,8,) det (¥ (8)) p{6,,8,)

Z.7644E-17 ~0. 2039t 1.0813E-18 -0. 25888
1.4599E-15 0.03558 1.6968E-16 -0. 18700
1.3604E-15 ~0.29030 7.707SE~17 ~(t. 50900
3.2544E-14 -0, 08462 4.0824E-15 ~0. 45374
3.9359E-17 ~0.05609 1.8413E-18 -0. 08529
7. 1405E~14 -0,04335 3.1812E-15 -0.19798
1.9657E~15 -0.82657 7.6761E-17 -0.80756
2.4522E~14 -0,039861 9.6689E-16 -0.30203
4.2769E-18 -0.87215 1.9528E-19 ~0. 91983
2.8030E~15 0.51435 1.BB806E-16 0. 57566
1.7400E-14 -0.30321 6.2348E-16 -0.22813
2.3717E-13 ~0.75678 9.8385€~15 -0. BO404
S.2012E-17 ~0.6'I400 2.2144€E-18 ~0.84765
1.9998E-13 0.04622 1.0355E~14 0. 05549
2.54268E-13 -0.79194 1.243BE-14 -0. 78303
2.2316E-13 -0.7£589 8.7962E-15 -0.88939
5. 2229617 -0,03251 1.4282E-18 0.07307
2.1220E~14 0.32909 7.2261E-16 0.47931
1.6173E~15 0.36648 1.BB833E-16 0.65809
8.0187E-13 0.06381 3.8035E-14 0.16742
8.9021E~18 0.20959 2.4461E-19 0.230888
8.3082E-14 0.40664 2.7443E-15 0. 44396
1.7613E~13 ~-0.33039 . S5.4302E-15 ~-0. 36964
1.0616E-12 0.36674 5.9004E-14 0.32323
1.8798E~16 -0.49708 9.1704E-18 -0 60150
2.7781E-13 0.28774 1.2385E-14 0.34276
2.4106E-14 0.58436 1.0890E-15 0.71694
Z.6970E-13 ~0.73984 9.8691E-15 -0.83651
3.2451E~16 -0.26247 9.7673E-18 ~0. 44053
3.2374E~12 0.02144 1.3298E-13 0.073952
1.07S0E-12 -0.52978 2.6470E-14 —0.55106
S5.4296E-12 -0.22220 Z.0144E-13 ~0.25024
4.1719E-13 ~0,24036 || 1.7653E-14 ~(.23343
4.7980E~13 -0.0982% 1.8816E-14 -0.33169
5.0385E-13 -0.22155 1.3833E~14 ~0. 48745
5. 5408E~13 -0.17497 1.8316E-14 -0.18192
3.9596E-13 ~0, 29385 ,I 1.6134E-14 -0.28768

Appendix

B3



s actid

ow ac

or:

tw

10-Run Design

20-Run Design

" det (V(8))

det (V(8)) p(0,,0,) 0(8,,8.)
1.5207E-12 -0.11832 £.2717E~14 -0. 25068
4.1205E-14 -0.35109 1.0859E-15 0. 49415
1.8664E-12 -0,27187 £.7671E--14 -G. 41491
6.6740E-14 0.13441 1,6584E~15 0.04741
1.447E-12 -0, 2023
4.B35E-13 -0, EI04
5.813E-14 -0,578%
5, 136E-15 -0.8853
1.609E~-13 -0.3108
o, S20E-1+ -,3108
8. 139E~14 -0. 4616
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Series Reaction Network:

continuous Stirred Tank Reactor:

10-Run Design

20~-Run Design

det (V(6)) p(6,,8,) det (V(8)) p(0,,8;)
2. 2120E-16 -0.18214 6.7682E-18 -0, 14673
1.0945E~15 -0.07719 B8.4286E~-17 ~0.15219
2.3676E-13 -2.01890 4.9429E-16 —D. 44246
3.2810E-13 0.03330 . 3641E-14 ~Q, 15659
3,8B3GE-16 0. 24056 5,6973E-18 0. 10752
2.1147E-14 —0.24209 1.2608BE-15 ~0.,19477
6.6032E~19 -0.78761 8.0435E-16 -0.93367
2.6429E-13 0,37859 1.0624E~-14 0.43062
5.285tE~17 ~0,390709 1.0203E-18 -0.93665
{,2368E-15 0.33672 6.3433E-17 0.39535
2. 8160E-14 -0,18070 3.4077E-15 ~0. 25951
1.8129E-12 -0.66271 6.2220E~14 -0.84047
4,7162E-16 -0, 68800 1.0750E-17 -0, 70707
1,0464E~-13 -(. 08281 5.9247E-15 -0.24236
9,6993E-13 ~0.71550 5.6512E-14 ~0.82736
1.6360E-12 -0, 86086 6.3527E~14 -.83277
<. 5080E-16 0. 38680 7.5816E-18 0. 10570
5.8126E~-1S 0,21316 2.5821E~1¢ 0.17824
E&.0255E~-15 0.35916 5.0676E-16 0.54503
7.4400E-12 0.24052 2.0368E-13 0, 18110
9. 1B05E~17 0.78873 3.3490E-18 0.73606
1.7509E-14 0.30720 7.3589E~-16 0.04498
5,.6913E~13 -0, 22709 2.3805E~-14 ~0.26336
1.3216E-11 0.75880 4.4119E-13 0.63700
1.3789E-15 ~-0.51463 4.6351E-17 ~-0.62343
8.8169E-14 0.09904 3.7551E-15 0.1706%9
7.1166E-14 0.41722 4,6083E-15 0.74024

- -0.73405 5.4460E~14 -0.82403
é:%%?gé_ié -0. 42730 5.5549E~17 -0.41364
2 .0000E-12 -0. 16007 1.1761E-13 0.00166
9,6317E~12 -0.51420 1.9611E-13 -0.59436
3, 7543E~11 -0, 19257 6£.8797E-13 -0.33402
3.3201E-12 -0. 14634 1.0342E~13 -0, 25860
7.7998E-12 -0, 16251 8.8125€-14 -0, 09708
3, 4539E~12 -0. 05655 y,5518E~14 -0.20872
4.1027E-12 -0. 18854 9, 1468E-14 -0.231322
2, 1020E-12 -0.14063 8.1566E-14 -0.25638
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Series_Reaction Network:

continucous_Stirred Tank Reactor:

10-Run Design 20-Run Design

det (V(8)) p(6,,6,) det(V(8)) p(6,,6,)

3.0388E-12 0.04371 2. 1704E~-13 -, 14327

1.7030E-13 ~0.35785 - || €.0510E-15 -0, S2E06

1.4530E~11 -0, 34064 3. 7888E-13 -0, 43033

3. 1125E-14 0.09276 1.23139E~15 -0, 0ZEET
£, 014E-12 ~0, 1010
2, 334E-1%1 -0, 6027
2.835E~13 ~0 . 4432
7. 220E~-14 -0, 8927
G, 3‘:’2E" 13 -, 1 49
1, 322E-13 -0, 7525

5.747C-13 -0, 3334
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Appendix C

Significance Tests

1. Test for lack of fit:

Compare R to prwpvp, where

(SSR - vpopz) / (n=p-v)

2
oy

If R > F, the model displays lack of fit.

2. Test for the need for additional terms in a _model:

Compare Q to F pt where

vA-vB, Vv

SSR, - SSR,

2
6, (Pg — Py)
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f the PFR (37 sets)

f the area of the joint confidence

Modelling Results

parallel Reaction Network
Full model of the ratio o

1.

region for the CSTR to that o

analysis of variance

. EPTIS TI “ATD
T16LE°0 05-d rav ESELIS T NV3W d43a
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1EEZBEROZ 9T  WlOL 2
» £99+0920°0 SIEEZOBI O S HONH3
£887 . T -
£882 70 60L"T OBEECTIZ0"0  3ILIESEOE"T 1€ 13a0uw
3<A044 anva 4 I4YNAS S34VNOS - - 4 - 3IIEN0SS
Ny 40 WNS

IDINYIYYA 40 SISATIVNY
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3.

Parallel Reaction Network (continued)

1/2 of full model

1.

EpEb O a98 -0— £/4Z3SECO 0 9OZFTETO *O— 1 AYATH
OFCT "0 8L T1—- ELZISEEQO IIELEFTOO— 1 DIATH
EZEFTO . EELO- £4Z95EE0°0 DISIBFTO " 0— 1 dATH
Ze17 6 gze" 1 £4Z95EE0 0 EFESBLEO"O 1 YATH
1£90°0 108" Z~ €/Z3SEC0 0 LSLERLLO O I ZATH
83200 $ZT T €4ZI5EE0"0 8TEEIHLO O T 2EA
197270 880" 1 £LZISEE0 "0 IFFZGIED "0 T VA
EEOE O £11°0— ELZISEC0 'O EFOSEEEQ0 0~ T ava
FFA7 0 61E"0— ELZISSEN O £E1ZL0T0"0- 1 20
£865°0 950~ ELZISEED O ZZ,988T0 "0~ 1 an
0G1Z°0 E1H°T— £/Z95EE0"0 SBSEQLFD "0~ 1 vA
PELE O $IE "0 £/ZISEE0 "0 £88HETED "0— 1 A
£82E6.°0 1800 £4235EC0 "0 ZLOPOLZOO G- T ™
1000 "0 $19°8F YZZTZIE0"0 BEESELTIS T T J430W3LINT
vt < A0Hd 0=4313WvHYd HOEN3 J1YWILS3 40 3EYIAEVA
T0H U4 L QHVANYLS HALINYHY S

SALYWILSA HZL3WVAV
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parallel Reaction Network (continued)

1.

2/2 of full model

+I95 70
ZI90°0
£SO 0
SO0 0
CLLFTO
FIZTTO
0SB+ "0
ZL5370
981&£° 0
T1ESEQ

+8&£3°0
TSEOQ O
(23 oKt b

SOOI 0

QOZ3°0
90b " Z
it il |
TR il R
89/ °0
£96 "1~
PSLO
T.+70
8010
£C01-
090"}
e7o"1
2981
LELT
O 1
O R}
ITH0
=1 <10 i
8398 0—
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EL2958E070
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E120B0OZ0 0
Se5S2L080°0
S3++88+0 "0
TT1L9p6F0 00—
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Full Model ({37 sets)
analysis of variance

series Reaction Network:
Model of the ratio of the area .of the joint confidence region

for the CSTR to that of the PFR.

2.
2.1

TL11Z2°87 "ATD
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(continued):

(37 sets)

2.1 Full Model

1/2 of full model

Z0L9 ¢
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{continued)

Full Model (37 sets)

2.1

2/2 of full model
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CELZCO
C9ZZ 0
0RO
TOLT O
2383 °0
85850
IS0
TZEBO
QZPE O
SL8E 0
(AT i
8IS0
Z8+T 0
2930570
£3L0°0
TOTT 0
cuggeto
TOLTFTO

1110~
IR P S
ELET T~
SIE"0-
T3 1-
8z+ 0
Z85 70—
£83°0
9ET "0
QL0 Q-
QEE"Q
LZET T~
BOL"O
L0 T~
o= I
228 -
OFE"1-
EST Q-
ZER O

ESEOIZI80T0
ESENTII0 "0
ESE0T990 0
CEENI9300
ESE07990°0
EGEOTIP20°0
CoE0T9390 0
£5S01990 70
E£SE0T990°0
E£SE0TIF90°0
E5E0T930°0
ECE0TI9T0 "0
E5E01930G°0
ECEOISS0 0D
ECENTI93070
£82079380°70
£5E0T1990°0
ECEOIBS0"0
E5E01920°0

SLLESELDOO—
IC0OZ0B0 " 0—
LS/BTIEQ O~
SEILEOI0 Q-
8E8bBL0OT "O—
IESBCBZ0°0
EZOLFBEQ O
+EEEFSR0O "0
COLEEEBOO 0O
CZZe50500° 0~
19+9+590 "0
LEVES/BO O~
QSLL/940°0
cPB8/E9B0 Q-
OPEI9It+0 0
95/./.83P1 "0
14872871 “0—
19220710 "0~
+BIBBESO "0

IHABYATH
AYAIAT A
JHAYATHA
JYAYATH

JAVATH
SAYATH
JEATHT A
QAZTAHTAH
AGAEYA
gGYAIA
29A9A
IVAYA
269N
BAVA
JdATH
QAT
DAANTH
QVATA
HYATH

Appendix C7



Reduced Model (37 sets):

2.2

analysis of variance
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(contipued)

Reduced Model (37 sets)

2.2

reduced model
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{continued):

Reduced Model (37 sets)

2.2

1/2 predictions
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(continued)

(37 sets)

Reduced Model

2.2

ictions

2/2 pred
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0.

-0-

-1.

5.2 Reduced Model (37 sets) (continued):

Estimate ¢ using the 5 centre~point replicates:
(2.4204, 201641, 2.6278, 2.3824, 2.2443)

I

0.031831, v, = 4

2
Therefore, 0, b

Reduced model:

4+ 0.502 (%X, + X3X, + X,X;)
~ 0.147 (X%5 + X, Xg)
SSR = 3.6820, n = 37 and p =.7.
Since R = 4.30 and Fp, , = 5.77, there is no lack of fit.

Residual Plots:

res vs kl

RESIDUAL FLOT FOR AREA RATIO MODEL, SERIES NETWORK

FLOT OF RES*K1 LEGEND: A = 1 OES, B = 2 OBS, ETC.
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{(continued)

Reduced Model (37 sets)

2.2

res vs k2
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(37 sets continued

Reduced Mcodel

2.2

res vs va
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Reduced Model (37 sets) (¢ontinued)

2.2

res vs vb
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{continued) :

Reduced Model (37 sets)

2.2

res vs vC
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(continued):

2.2 Reduced Mcodel (37 sets)

res vs vab
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{continued):

2.2 Reduced Model (37 sets)

res vs vac
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{continued)

Reduced Model (37 sets)

2.2

res vs vbc
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Residual plots indicate that a quadratic term is needed.

m this:
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ded to cont

1S5 nee

A Q-Test
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Reduced Model (37 sets) Plus a Ouadratic Term

2.3

analysis of varilance
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Term

Quadratic

=

Reduced Model (37 sets) Plus

continued

2.3
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SSR, = 3.1109

Since Q = 18.0 and F,, = 7.71, there is a need for a quadratic

term.
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Full Model (48 sets):

2.4

Model of the ratio of the area of the joint confidence reglon

for the CSTR to that of the PFR with additional sets to obtain

the quadratic term and the specific second-order interactions.

analysis of varlance
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2.4 Full Model (48 sets) {continued):
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Reduced Model (48 sets):

2.5

analysis of variance
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2.5 Reduced Model (48 sets) (continued):

1/2 predictions

STURDENT
RESIDUAL

STD ERR
RESIDUAL

RESINDUAL

STD ERR
PREDICT

PREIICT
YALNE

ACTUAL

083s

LR Z T R N R N N N Y N N g F N

[~ aal o R ol ool o . PR R T N T el w JTp ) o]
MO0 NN ORONO
-0 PNOEEMNOWOWO MO
MNOONeE-ICI O NINO
o o8 0 PP P e TS TS SR SN
alwlelalolol tolel Ralol fal Jo) o)

) 11 [ |

PN OOMC 2~ NNWD
DetNINNONNM = = MNE~M
Croocooooneo oo oo
NN NMNONNNNONINDINNON N
[ T I T NI T T I R R N R R
[afelalofolofalefoleRalofalaolefa)a)

QMR E OMNO DN
MU0 O2 OO~
OO NTNeNDRO O
S OO -OMOe-MNMeeN
L I A R T R R R
DOCOOOQOOOOOC‘O??O

I [} §

NNoMOVICIININNONe
MU OONOoDMAMOOW DN
NSmMASNNSMSNSMZ2OM
P e e e T
* & 2 8 4 & 8 0 0 9 8O 2 0 0 P

COO0O0OO0OOOCODO0

MO NSO TN O e
oerrMOtVeInrMOoOmOONC
CrrB2nnoNnNn~C O
CWVINMAIRSINMNO N R 2O
LI B NI B I O B I N RN B R B BB
NOMNNNONMNNOMNNNOMNMNMN

AT OCNemo@ IO
NN OOV ON MO~
COMmCNMeT MeONIMNOO
VIR NN NI AN =0 M
LINC I I IR BN IR IO BNE N DN B N L
NONNMNOMMAMNONNNONNN

ENMFINONDOO MO
kbl ol ol ol ol )

Appendix €25



2.5 Reduced Model (48 sets) {continued):

2/2 predictions
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2.5 Reduced Model (48 sets) (continued}:

Reduced model:

(3% )

(Begrg: Pppg) = 2.309 = 0.413 x, + 0.434 x, = 0.340 X,
+ 0.119 %; = 0.133 XXz + 0.465 Xyx,

- 0.152 %X,
also, from this model, SSR = 3.9903, n = 48 and p = 8.
Since R = 3.37 and Fy , = 5.74, there is no lack of fit.

Residual Plots:
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{continued)

reduced Model (37 sets)

2.5

res vs kK2
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(continued):

2.5 Reduced Model (37 sets)

res vs va
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{continued):

2.5 Reduced Model (37 sets)

res vs vb
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(continued)

2.5 Reduced Model (37 sets)

res vs vc
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{continued)

Reduced Model {37 sets)

2.2

res vs vab
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(continued)

Reduced Model (37 sets)

res Vs vac

2.5

i o i~

- = ——— - S

¥HIMIEN S31HHES s 43500 OIlyd Y3EY 8OJ 101d Ivnqaisds

513 “sué0 € = 8 °sGO0 L = ¥ :aN3937) OV¥Az$38 40 1074

appendix C33

- CDadn



(continued):

Reduced Model (37 sets)

2:9

res vs vbc
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Correlation Ratio (full model)
Model of the ratio of the correlation between the parameter

estimates for the CSTR to that of the PFR.

analysis of variance
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5.6 Correlation Ratio (full mode)) (coptinued):
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I

(reduced model)

correlation Ratio

2.7

analvsis of variance
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2.7 Correlation Ratio (reduced model}

{continued):

reduced model

PARAMETER ESTIMATES
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2.7 Correlatio

n _Ratio (reduced mecdell

(continued}:

1/2 predictions
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2.7 cCorrelation Ratio (reduced model) (continued):

2/2 predictions
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2.7 Correlation Ratio {reduced model)

(centinuedy):

Reduced model:

(Pesrr ¢ Ppg) = 0613 + 0.317 X, - 0.359 X
~ 0.440 XX3 = 0.733 x,%q4
+ 0.618 X X,

SSR = 36.62, n = 48, p = 6, o: = 0.18019

and vp

= 4

Since R = 5.16 and Fyy , = 5.72, there is no lack of fit.

Residual Plots:

res vs Kkl

A

RTSTDUAL PLOT FOR CORRELATION RATTIQ, SERIES
LEGEND?

pPIAT GF RATSTK1

t
H#“H#’d“?““#“ﬂ#““#“

-

am

———.-.—..———.--—_-_—-——_*A——._-— —— e Ve o
3
B

-y o ——— -

o w ™~
. 1 i

oD JIN

™
!

o
i

1.0

0.3

-0.b

-1.1

K1

Appendix C&1



-
L 2

correlatijon Ratio (reduced model) (continpued)

2.7

res vs k2

A
o°*1l £°0 4°0- 1*1-
- s o W #l...Illl.lll...Ill.v.llllilll-...lll....v -
%
+
| 3
3
xv
S
3
*
u E3
1 u 3
| +
o I 1] 3
o) 7] v 3
||||ru¢|w1||||1|||;||||||||:¢||;||||u|||+|||;u||¢1|||eu|nt¢
3 g U] 3
d v a 3
g Y +
g 3
513 “SE0 Z = 8 ‘S80 L = ¥ 10n3Ld TH:S538 =0 L0Id

saIHHES ‘0I1VE NOIIVI3HBOD b0 JO1d 1¥YNnGIsay

mEuuHOoDLJIn

Appendix Ca2



2.7 Correlation Ratio (reduced model) (continued)

res vs va
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(continued

correlation Ratio (reduced model)

res vs vb
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(continued):

Ccorrelation Ratio (reduced model)

2.7

res vs Ve
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correlation Ratio (reduced model) (continued):

res vs vab
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(continued}

correlation Ratio (reduced model)

res vs vac
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correlatijon Ratio {reduced model) {continued)

2.7

res vs vbc
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The residual plots showed no inadequacies.
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