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On the detailed modelling of high temperature nanoparticles synthesis
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New findings and models of high temperature nanoparticle synthesis and, in par-
ticular, particle formation and growth from gas phase precursors are presented. The
model construction starts by identifying possible chemical species relevant to the syn-
thesis and growth of nanoparticles. Subsequently, a detailed chemical mechanism is
proposed. The chemical mechanism is then reduced and coupled to a stochastic parti-
cle system which describes the evolution of nanoparticles from clusters of molecules to
aggregates of nano-size. In order to do this we use automated modelling techniques,
advanced stochastic algorithms and statistical methods. The following systems will be
discussed: silicon nanoparticle synthesis from silane, titania nanoparticles from tita-
nium tetra-isopropoxide (TTIP) and titanium tetrachloride (TiCl,) and silica nanoparti-
cles from of tetraethoxysilane (TEOS).
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Introduction

The authors have previously launched a model for the sedimentation process of the secondary clarifier in
wastewater treatment plants (Biirger et al., 2011). The model originates from the conservation of mass
and can be stated as a scalar, nonlinear partial differential equation (PDE) for the sludge concentration as
function of depth and time. A special feature of this PDE is that it is parabolic wherever the solution exceeds
a certain critical concentration of sludge and hyperbolic for lower concentration values. Thus, this equation
is called strongly degenerate parabolic or parabolic-hyperbolic. Note that the location of the type-change
interface is not known beforehand. Moreover, due to the nonlinear and degenerate nature discontinuities
appear and special techniques for the numerical solution have to be used. The mathematical foundation of
the model by Biirger et al. (2011) is provided by Biirger et al. (2005).

Sedimentation is often modeled under the assumption that no reaction takes place. However, there is
an interest to model and simulate reactive settling, for example, in sequencing batch reactors (SBRs) (Alex
et al., 2011; Kazmi and Furumai, 2000a,b; Keller and Yuan, 2002; Maruejouls et al., 2012). It is the purpose
of this contribution to make a first step towards extending the advances made by Biirger et al. (2011) for
the numerical treatment of non-reactive settling to the reactive case. To this end, we focus on a heavily
reduced-order problem as a first approach to reactive settling partly in SBRs, and partly in the secondary
clarifier. Despite the simplicity of the model, it accounts for three constitutive assumptions that determine its
mathematical nature: i) the hindered settling of the flocculated particles; ii) compression of the flocculated
particles at high concentrations when a network is formed; iii) a growth rate kinetic function.

Governing model

We study one-dimensional batch sedimentation of suspended particles in a closed vessel of height L with
a constant cross-sectional area. The depth z is measured from the suspension surface downwards. The
particulate microorganisms (biomass) may be active or inert with the concentrations X, and Xj, respectively.
The biomass is assumed to be flocculated into large particles, having the concentration X = X, + X;. Each
particle is assumed to settle with a velocity v = v(X, X,) given by a constitutive assumption involving the
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local concentration X and its gradient X, := 0X/0z. The active biomass consumes the substrate, which is
soluble in the water and has the concentration S. For simplicity, the spatial movement of the substrate is
assumed to be caused by diffusion and some dispersion due to the movement of the particles, both captured
by a single diffusion coefficient .

A batch settling experiment starts naturally with a homogeneous suspension of particles at the concen-
tration Xy and substrate at the concentration Sy. Each particle consists of a certain percentage pg of active
biomass and the remaining is inert. The conservation of mass yields the following initial-value and zero
boundary-flux problem for 0 < z < L and ¢ > 0:

0X, 0

T _E(U(K X2)Xa) + (1S, X) = b) Xa, (1)
0X; 0
= (0(X, X)X DX, )
oS S u(S, X)
a, &5 o5 — Xa7
ot~ Co2 Y ®)
Xa(z,0) = poXo, Xi(2,0) = (1 —po)Xo, S(z,t) = So, (4)
(X, X)X |20 = v(X, X)X |2 = 0=5,(0,t) = S.(L,?). (5)
where Y is a dimensionless yield factor and b [s~!] is a constant decay rate. The growth rate function is the
following;:
S
S, X):= max - | 7 v , o’ 6
1S, X) = pmax eSS (6)

where fimax is the maximum specific growth rate and Ky, K¢ > 0 are constants. The common special case of
Monod kinetics is obtained for K¢ = 0, whereas K = 0 gives the one by Contois. The constitutive function
for the particle velocity is assumed to take into account both hindered settling and compression and is of
the following form (Biirger et al., 2011):

Uhs(X) for X < X,

o ps0e(X) 87X
Uhs(X) <1 XgApi G for X > X..

(X, X,) =

Here, vps(X) is the hindered settling velocity function, o, the effective solids stress, ps the density of the
solids, Ap the density difference between solids and liquid, and X, is a critical concentration above which
the particles touch each other and form a network which can bear a certain stress.

Numerical example

For the numerical simulation, we note that the sum of (1) and (2) gives an equation, which apart from the
reaction term p(S, X)X,, only contains derivatives of the total concentration X. This means that we can
utilize the numerical method presented by Biirger et al. (2012a, 2013). Hence, in each discrete time step in
the numerical method, this equation is updated first. This means, in particular, that the total numerical
flux is known between the computational cells during the discrete time step. With this, the (numerical
approximate) velocity v(X, X) is known and it is straightforward to update Eqs (1)—(3). In the figure, we
show a simulation where the Monod growth kinetics have been used with the initial data X, = 4 kg/m?,
Xa(2,0) = 0.9X, and Sp = 1 kg/m?.
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Figure 1: Simulation of reactive settling of an initially homogeneous suspension: (top left) total biomass
(solids) concentration X, showing formation of a sediment with downwards-increasing concentration and
slowly increasing sludge blanket, (top right) corresponding substrate concentration S, showing the consump-
tion of substrate within the sediment, (bottom left) concentration X, of active biomass, whose total amount
slowly decreases in time, and (bottom right) concentration X; of inert biomass, whose total amount increases
in time.
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Introduction
Hydrocracking (HCK) is one of the most versatile petroleum refining processes. It usually converts a heavy,
low quality feedstock (VGO: Vacuum Gas Oil) into lighter, valuable transportation fuels, contributing
significantly to the overall profitability of the refinery [1]. A robust kinetic model allows the optimal process
design and operating conditions to be chosen to maximize the desired cuts and product characteristics.
Hydrocracking of VGO residue performed in a two-step process: 1) a hydrotreatment step in the first reactor,
which serves mainly to remove nitrogen and sulfur from the feed; 2) a hydrocracking step in the second
reactor, which performs the main hydrocracking reactions on a zeolite-type catalyst. A kinetic model is
defined by its structure and its parameters, which are estimated from collected data. The main difficulty is
the parameter fit on real data. The aim of this paper is to compare several optimization algorithms on a
continuous lumping model of the hydrocracking step. It is structured as follows:

* Case study description,

* Description of the chosen optimization algorithms,

* Results.

Case study: hydrocracking

The experimental runs presented in this study were performed in a pilot plant at IFP Energies Nouvelles,
Solaize, France. The hydrocracking step was performed on a commercial zeolite cracking catalyst. The plant
consists of a number of fixed beds, up-flow reactors, designed to mirror the operating conditions in industrial
hydrocracking units. A series of mass balances with different operating conditions is thus taken from each
experimental run. Each mass balance corresponds to a single experimental point.

Analyses were performed on the feedstocks, the liquid and gaseous effluents. The most relevant
measurements in this study were the feed sulfur and nitrogen contents, the partial pressures of NH;, H,S, and
H, gasses, as well as the simulated distillation (SIMDIS).

A calibration database, consisting of 29 mass balances, was compiled. This database was used for the
identification of the empirical parameters in a continuous lumping model originally developed for the first
reactor but extended to the second one [2]. The range of the main operating conditions, temperature and
liquid hourly space velocity (LHSV) is classical: TE[370;400°C], LHSVE[0.5;3 h']. The conversion of the
370°C fraction (X370+) is between 50 to 90%w/w.

Optimization method tested
The parameter fit problem is formulated as the following least-square minimization problem

Ng 22
min > (T =) (1)
Isxsu £ og;
i=1
with
x, vector of model parameters to be tuned,
1, u, lower and upper bounds of x,
Ny, size of experimental data,
m;(x) € RNd, vector of simulated data to be compared with experimental data,
d; € RM¢, vector of experimental data to be fit,
o;, weights modeling the measure uncertainties.
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This optimization problem belongs to the class of derivative free or black-box optimization problems.
Indeed, the simulator associated with the kinetic model computes the simulated data to be compared with
experimental ones but does not provide the associated derivatives with respect to the parameters.
Classical optimization methods, namely gradient based methods, require those derivatives: therefore, when
they are not available as simulator outputs, they are usually estimated by finite difference scheme, which
requires NP simulations for each gradient computation (NP being the number of parameters). The associated
computational cost may thus become too high when the number of parameters increases. Moreover, the
tuning of the perturbation step may be cumbersome in practice when numerical noise is present in the
simulation.

An alternative is derivative free optimization methods which have become very popular with the emergence
of adapted trust region methods [3,4]. SQA, developed by [5] at IFPEN, is a trust region method coupled
with interpolating quadratic models. It has been applied successfully on several industrial applications [6,7]
and has shown better performances than gradient based methods with finite difference estimate of
derivatives. This method is an extension of the method proposed by Powell in [3] to nonlinear constrained
problems. The main principle of the method is the following: in order to save simulations, quadratic
interpolating models are used as surrogate of the simulator responses. These quadratic models are minimized
and updated thanks to additional simulations performed along the optimization process iterations. For least-
square formulations, the quadratic models approximate the residuals (differences between experimental and
simulated data) instead of the single objective function, in order to improve the accuracy of the
approximation.

In the following section, SQA method is compared to the Gauss-Newton method implemented in Port library
(DN2FB method) [8]. For this latter method, the Jacobian matrix (derivatives of simulated data with respect
to parameters) is estimated by finite differences.

Results

The performances of the SQA and Port algorithms for the Hydrocracking model parameter identification
have been compared. The continuous lumping model requires a total of NP=28 experimental parameters to
be identified. A target function, based on the yield structure (standard cuts: <150°C, 150-250°C, 250-370°C,
>370°C and C1-C4 gas) is defined. The same target function and initial parameters were used for both
algorithms.

The SSQ is decreased by an order of magnitude, from 1.7x10° to 4.1x10® by the Port algorithm and to
4.2x10® by the SQA algorithm. The evolution of the sum of square residuals with the number of function
evaluations for the SQA and Port (DN2FB) algorithms are shown in figure 2. Both methods attain a
minimum. The gradient base method (DN2FB) reached a minimum after around 240 function calls. The
response-surface based method (SQA) reached a minimum after 190 function calls. The decrease of the SSQ
is very gradual for the DN2FB algorithm. The SQA algorithm first constructs the interpolation of the
response surface for a total of 2xNP+1 = 57 function calls. This is characterized by an exploration phase
around the initial value of the SSQ. Once the response surface has been constructed, the algorithm rapidly
descends towards the minimum (about 60 function calls). The baseline of the SSQ does not decrease
significantly after this step. A number of oscillations can be observed, as the algorithm refines the search for
the local minimum.

Both of the local optimization algorithms, DN2FB and SQA are found to converge to a local minimum with
the same square residual. The trust-region method (SQA) shows better performance on the test case than the
gradient based-method with finite difference approximation (DN2FB). Once the response surface has been
constructed (i.e. exploration around initial point in Figure 1), the SQA algorithm rapidly attains the local
minimum. The DN2FB algorithm decreases the residuals much more gradually. Furthermore, the parameter
space is explored much more thoroughly by the SQA algorithm, which is illustrated by the large spikes in
Figure 1. The finite difference algorithm perturbs only slightly the parameters around each iterate for
gradient estimation. This feature makes SQA less likely to be caught in a local minimum.

Conclusion
This paper compares two optimization methods for fitting kinetic model parameters. In this example, the
SQA method proves to be more efficient than classical gradient method.
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The fact that two different sets of parameters yield to the same sum of square residuals suggests the presence
of local minima. Adding chemical/physical a-priori information can help to constrain the system and to
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Figure 1 : Sum of Square Residuals (SSQ) with function evaluations for SQA and Port (DN2FB) algorithms
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1. Introduction

Multiphase catalytic reactions, including hydrocracking and hydrodesulphurization, are of
great importance in the chemical industry. Despite their significance, modeling remains a very
complicated process. The overall process consists of diffusion, viscous flow, reaction,
multilayer adsorption, capillary condensation, and pore blocking; besides, it involves vapour,
liquid, and solid phases. Hence, simulating the whole process is still challenging, in particular
how pore blocking affects multiphase reactions.

Pore blocking phenomenon is well studied in adsorption/desorption processes at the
particle level. How pore blocking affects the sorption hysteresis has been investigated in
numerous works; however, how pore blocking affects multiphase reactions has not been
reported up to now, although a similar reaction hysteresis phenomenon has been observed in
numerous experiments. In multiphase reaction catalysts, some liquid-filled pores, which are
supposed to empty at low pressure or high temperature, can be blocked by the adjacent liquid-
filled pores during the evaporation. This is the pore blocking phenomenon. Pore blocking can
change the wetting level of catalysts, and subsequently influence the apparent reaction rate,
because the reaction rate in vapor phase can be different from the one in liquid phase. To
study the pore blocking effects, a proper model should be established.

We build a discrete model to probe pore blocking effects on reaction hysteresis, because
only the discrete models can include pore blocking. The proposed model can describe coupled
mass transfer, reaction, phase transition, and pore blocking in internally and partially wetted
catalysts. Benzene hydrogenation into cyclohexane is taken as the reaction system because of
its industrial and academic significance.

2. Discrete Model
2.1 Pore Network

The pore network is generated by occupying an area with uniformly distributed nodes, and
then inscribing cylindrical pores between two adjacent nodes according to the connectivity.
The amount of nodes increases until obtaining consistent simulation results [1, 2]. The radius
of the pores is randomly assigned, following a Gaussian distribution.

2.2 Phase Transition and Pore Blocking

Capillary condensation occurs in narrow pores during the multiphase reaction, resulting in
the internally and partially wetted catalysts. The phase state in each pore can be predicted by
using the critical pore radius of capillary condensation (), which is calculated by Eq. (1).

rc=l‘+}"k (1)
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where ¢ is layer thickness obtained from Halsey equation and 7, is Kelvin radius. The pores
are vapor-filled when their radius is larger than . during the condensation, but not all the
pores with »>r, are vapor-filled because of the pore blocking effects during the evaporation.
These blocked pores are identified by using the extended Hoshen-Kopelman algorithm [3].

2.3 Mass Transfer and Reaction

In individual pores, the continuity equation involving diffusion and reaction is given by
2
CCh_Roo )

Leff ~ 12 i
i 2
In the inner nodes, there is no adsorption and chemical reaction because the node volume is
assumed to be zero. Therefore, Kirchhoff’s law is satisfied, i.e.,
n= n= dc -
Lot = —E ‘ar’D i
n=1 n*“n n=1 nieff
dl, 3)
As to the boundary nodes, the boundary condition is given as follows
€=G 0)

2.4 Monte Carlo Simulation

The simulations are carried out by using a Monte Carlo method, details of which can be
found elsewhere [1, 2].

3. Results and Discussion
3.1 Validation with Experiment

The proposed discrete model is validated by comparing with the continuum model [4] and
experiments in the literature [4], as shown in Fig.1. The effectiveness factors calculated by the
discrete model are much closer to experimental ones, and therefore better than the ones
predicted by the continuum model. The continuum model cannot include pore blocking,

which could be the reason why the discrete model is better.
(@) (b)
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Figure 1. (a): An illustration of constructed spherical pore network, (b): comparison of the experimental
effectiveness factors [4] with the predicted ones by the continuum model [4] and the proposed discrete model.
(The arrows indicate the direction of bulk pressure change of benzene.)

3.2 Pore Blocking Effects on Reaction Hysteresis

The proportion of reaction hysteresis loop area caused by pore blocking (/) is proposed
as the evaluation criterion to quantify the effects of pore blocking on reaction hysteresis, as
illustrated in Fig. 2. Pore blocking affects reaction hysteresis largely, indicating that pore
blocking must be included in the models when simulating multiphase reactions in porous
catalysts.

The relationships between pore blocking effects and pore network parameters are also
investigated, as shown in Fig. 3. The fpp increases significantly with the decrease of
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connectivity and the increase of standard deviation, indicating that pore blocking effects are
strengthened with poorly-connected pore network or wide distribution of pore size; the fpzis
not sensitive to the volume-averaged pore size.

a b
103 10 ()
5 08 go0s8t
231 Q
& &
2 2
£ o6 206 I
2 Hysteresis loop area ; . L7 Hysteresis loop area
g caused by pore blocking "~ L g <. . ij J L ’ caused by pore blocking
D 04 ~Lo D04

— Condensation branch DR Condensation branch

- - - Evaporation branch (pore blocking included) ~ ~ -~ = - Evaporation branch (pore blocking included)

02l Evaporation branch (pore blocking excluded) 02 T Fvapolration llmmch Epo\'e b]ockin% excluqed) )
30 35 40 45 50 55 6.0 65 7.0 415 420 425 430 435 440 445 450 455 460
Bulk pressure of benzene (bar) Bulk temperature (K)

Figure 2. The illustrations of the hysteresis loop area caused by the pore blocking effects (fpg). (a): the
effectiveness factor as a function of the bulk pressure of benzene, (b): the effectiveness factor as a function of the
bulk temperature. (The arrows indicate the direction of bulk pressure change of benzene or bulk temperature

change.)
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Figure 3. The relationships between fpzand pore network parameters. (a)-(c): based on the reaction hysteresis
caused by varying bulk pressure of benzene; (d)-(f): based on the reaction hysteresis caused by varying bulk
temperature.

4. Conclusion

A discrete model, which combines mass transfer, reaction, capillary condensation, and
pore blocking, is proposed to probe the pore blocking effects on multiphase reaction
hysteresis. The model is solved by using the Monte Carlo method, and validated by
comparing with the experiment. The simulation results show that pore blocking affects
reaction hysteresis significantly, and these effects can even be strengthened when the pore
network connection is poor or the distribution of pore size is wide.
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Simulation of (bio)-chemical processes have always been an active field of interest and innovation,
inspiring researchers from various specializations to use different approaches for optimal design and
control. Increased availability of computational resources have facilitated such research and opened
new dimensions for process optimization. Representation of (bio)-chemical systems at various levels of
details give different insights. Although an equation-based system provides an overall characteristic of
the system, it usually overlooks the effect of the intrinsic parameters that influence the behaviour of the
system. On the other hand, a rule-based system such as Cellular automata (CA) is often considered as an
alternative approach and complements the existing mathematical basis. The state variables are always
discrete but the numbers of degrees of freedom are large (Wolfram, 1984). Since CA consists of space
and time, it is essentially equivalent to a dynamical system that is discrete in both space and time. The
evolution of such a discrete system is governed by certain updating rules rather than differential
equations.

Previous study on a generalized CA model (Dutta et al., 2015) possessed the flexibility to model reaction
interactions of all possible two-agent combinations on both reactant and product side. In Kar et al.
(2014) the authors have optimized the probability parameters using a widely used multi-objective
genetic algorithm (MOGA) called NSGA-Il. However, due to high sensitivity of these parameters, the
authors have concluded that further studies need to be carried out in order to find a suitable algorithm
regarding the optimality of the solution (set of the probability parameter values) as well as the time of
computation. For this purpose, along with NSGA-Il, three more recently developed and popular
optimization algorithms based on Genetic Algorithm (GA) called AbYSS (Nebro et al., 2008), and
MOEA/D (Zhang et al.,, 2007) have been considered for investigation in this study using various
performance measuring parameters. Ideally, an optimal solution that is insensitive to these parameter
variations is desirable. The goal of a robust optimization is to optimize the performance and at the same
time minimize its sensitivity to parameter variations (Deb et al., 2006). If variation in the parameter or
variable space is unavoidable, search for robust solutions (Bui et al., 2012) is required. Again, this
perturbation affects the degree of optimality of the solutions. In this work, similar to the previous work,
the same CA model representing a (bio)-chemical kinetic reaction system is used as the basis to find a
robust optimization algorithm based on GA.

11
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Abstract

During the last few decades, the Droplet Populagalance Model (DPBM) development
constituted a comprehensive mathematical frame¥asrknodeling and simulation of the discreet
and multiphase flow problems. The DPBM takes intocaint different physical and chemical
phenomena that lead to the evolution of the disgpetticulate phase. These phenomena include
droplet growth, breakage and coalescence, whialltseim a coupled hydrodynamics and inter-
phase mass transfer. This allows the predictiodroplet size distribution (DSD), holdup and
mass transfer along the column height and providese realistic information about flooding
conditions. The DPBM is a geometrical dependemspart equation with highly nonlinear
source terms and hence it has no general analgatation. As a result of this, accurate and
robust numerical algorithms with low computatioraist are needed. In this contribution, the
Sectional Quadraure Method of Moments (SQMOM) HlJimplemented and extended in the
physical space with a 1D finite volume scheme fod gefinement with flux vector splitting
technique. The resulting discreet Ordinary Difféi@nEquation (ODE) system is solved using
the standard MATLAB ODE solvers. The required qa#uhe nodes and weights are calculated
based on the analytical solution (for two unequeldyaure points) derived by Attarakih et al. [1].
The SQMOM performance has been tested at two diffetevels namely: Numerical and
experimental levels. At the numerical level, theM8OM results are compared with the PPBLAB
detailed population balance solver, which is basedhe extended fixed pivot technique [2]. At
the experimental level, the SQMOM is validated gsihe available steady state experimental
data for two different EFCE chemical test systeffsluene-acetone-water and butyl acetate-
acetone-water. The only adjusted model parametaeipre-exponential parameter in the droplet
coalescence model. Figure (1) shows a comparisaveba the simulated and experimental [3]
mass transfer profiles in a Kihni extraction coluatrtwo different rotational speeds: 150 and
200 rpm respectively.
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Figure (1): Comparison between simulated and experimentab{@dy state mass transfer profiles responses in a
Kuhni extraction column at two different rotatiorsgleeds: 150 and 200 rpm.
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It is known that trajectories of a reacting systarnen represented in the concentrations space, may
rapidly approach hypersurfaces, named Slow Marsf¢8Ms), and remain in their neighbourhood
up to equilibrium. By considering that the dimemsitity of the SMs may be much smaller than that
of the whole space, such mutual correlation betvepeties concentrations on the “slow tail” of the
system evolution can be exploited to achieve a Idicgtion (in the sense of reduction of
dynamical variables) in the description of the kice

In recent communications [1, 2] we have proposedefinition of SM which spontaneously
“emerges” from the intrinsic properties of a unsadrquadratic format into which the system of
Ordinary Differential Equations (ODEs) of any mass$ion-based kinetic scheme (withspecies
and M elementary steps/reactions) can be transfornegdydless of the degree of non-linearity.
The global transformation consists in turning frane set of volumetric concentrations of the
species,x; for j=1,...N , to the followingNx M rate-variables which are mutually correlated by

non-linear constraints (such that oiNyf them are independent),

oM -3

Vim, j'm(¥) :[ug‘?’) —U%T)}[djlj-—u%”?} km-li_l X 7 1)

where Ug“) and Ug“) are the stoichiometric coefficients of specjess reactant and product,
,- j

respectively, in then-th elementary step/reaction, arg is the kinetic constant. By introducing the
cumulative indexQ = (j,m) for the pair species-step, the evolution of thases is specified by the
gquadratic ODEs system

Voo = _VQQ'%;VQ Q )

A backward transformatio x( ) x then allows one to retrieve the actual state efgystem in

the concentrations space.
In ref. [2] we have shown that the following rates
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and their time-derivativesg‘)(x(t)) =d"z(x(})/ df' are strictly related to the SM feature. Namely,

by means of phenomenological inspections we fortadléhe conjecture that a “typical” trajectory
for a “typical” kinetic scheme enters an “Attraahess Region” (AR) which includes the SM. We
then defined the SM as that hypersurface wth@():o, for all Q, asn - o (while the stronger

and exact conditioqgﬁ)(x) =0 holds on the equilibrium manifold). In practicewiould suffice to

search for local minima of the Euclidean no"'zﬁ) (x)|| along relevant directions (to be defined), or

to find points where the values of such norm fallolw a given threshold (to be fixed). Apart from
ambiguities to be removed, the crucial problem ireghe fact that “spurious solutions” (possibly
very many) must be excludedposterioriby checking if the candidate points belong orthetAR.
Unfortunately, a simple and direct way to guessdingensionality, the location and the boundaries
of the AR in the whole concentrations space i$ stissing. Also considering that the computation
of the derivativeszg‘)(x) becomes cumbersome (although a recursive schemigecamployed [1])

and possibly inaccurate as the ordeincreases, some low-computational-cost route dgsiired.
The idea is to devise a strategy which yields @mlyacceptable approximation of the SM but with
a lower computational effort.

Our work in such a direction is still in progreskere we only sketch out the essential traits te giv
the qualitative picture behind the formal treatmditte starting point is to note that Eqs (2) and (3
yield directly the following system of ODEs

z=-Vz (4)

which appears in a pseudo-linear format, wheredha “pseudo” recalls that the mathikis point-
dependent. Suppose that the dynamics in the caatients spacex(t), are such that the vector
z(t) =z(x(t)), in the extended space, is brought to be confimeda subspace of eigenvectorsvof

Then Eg. (4) states that, and hence at the next step of the trajectory, is still coefi into such a
subspace. Now consider that the components afe nothing but the rates of evolution of the
matrix V through Eqg. (2), and hence, ultimately, they aaintthe evolution of its

eigenvalues/eigenvectors. Thus, the condition ofalsnEuclidean norm|z| enforces the

confinement ofz itself on the subspace of the “slow” eigenvecwid/. These two facts, taken
together, lead to invoke the smallness of the nHzﬂn By considering the mapping between matrix

V and state-poink via backward transformation [1], the guess is thaihtsx which fall in the
neighbourhood of the SM could be found by operativith these two norms. As a whole, a

tentative recipe is to find points Whe||’d| takes small values and then, startirgn each of these
points, find the closest one whef#| has a minimum. As side-note, consider that conwulitf
smallness of|z| resembles a quasi-stationary-state approximaipptieal to the evolution of the
Zg functions in the ODEs of Eq. (4).

We have tested this idea on some simple kinetiersels, namely the benchmark case studied by
Fraser in ref. [3] (Lindemann-Hinshelwood mechanismd a fictitious scheme where elementary
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steps up to the fourth order are added. The twp-sti@imization of normgz(x)| and |z(x)| has

been made by selecting initial poinis=(x,y) at random within a box spanning 8 orders of
magnitude in both directions, and then moving eititefixedx or at fixedy. Powell's method has
been employed for the minimization. The results digplayed in the figure. Solid lines are
trajectories of the reacting system, while the oodd marks are the outcomes of the algorithm.
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Kinetic schemes for model calculations: the Lindemélinshelwood mechanism with Fraser's parametgéoiza
(top) and a fictitious fourth-order mechanism (botj. The panels show two-dimensional projectionstton
reactants concentrations subspace. Solid linesajestories from points generated at random; aeldumarks are
candidate points (expected to fall close to thegged SM, but to be “screened”) which are produbgdhe
route here proposed. Volumetric concentrationstame are expressed in arbitrary urggsandts.
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We see that for the Lindemann-Hinshelwood scheheeptoduced points fall on tiperceivedSM.

For the second scheme, the majority of the prodpogats are very close to the perceived SM, but
some spurious solutions also appear. These spwmusons should be automatically recognized
(with acceptable likelihood) and filtered-oatposterioriin a proper way to be conceived. Both

panels display 1000 produced points. Generatiathefvhole set of points for the second scheme
took about 5 seconds on a PC.

These illustrative tests encourage us to pursule auoute, and check if the same idea works well
even with kinetic schemes of higher complexity. Tk on the theoretical foundation of such a

kind of low-order strategy is currently underway.
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For reactions involving a low number of particlékg processes occurring in micro-reactors or in
the cellular membranes and interior), the detemtimimass-action law which is suited for
macroscopic size systems has to be abandonedadnrfa¥ a stochastic description of the kinetics
[1-3]. In such a context, each elementary reactiorglementary step of a mechanism, is associated
to the so-called “propensity function” which qudies, once multiplied by a time-stedi, the
probability that the given reaction occurs. Under ssumption that the propensity functions can
be indeed specified for any of the elementary mseg, the progression of the system towards
equilibrium, at fixed temperature and volume, ipressed by the evolution of the conditioned
probability P(x,t|x,,0) of finding the system in the stateat timet (x is an array which collects the

actual number of particles of each species) ifaswnitially observed in the state. The evolution

of such probability is governed by the partial-datives equation termed as Chemical Master
Equation (CME), whose solution is known to be atejuiard task [1-3]. Considering such a
technical difficulty, together with the need to dbmn kinetic schemes with very many species
involved (e.g., in biochemical networks), one atmslevise likely routes to reduce the complexity
of the mathematical modelling of stochastic reaxgiorhis means to work out some reduced but
accurate description (i.e., with few relevant dyiarariables) able to catch the essential traits of
the whole system with lower computational cost amdore transparent level of representation.
Several efforts are currently devoted to this aspecially from the scientific community working
in the context of complex biochemical networks.tJasmention one recent communication on
methodological issues, in ref. [4] the authors ps&pa route to simplify the CME by applying
concepts borrowed from the Information Theory.

In this communication we illustrate that the reductof stochastic chemical kinetics could be faced
by considering that a feature known at the detdstiinlevel, namely the presence of the so-called
Slow Manifolds (SMs), is somehow found even for 8techastic counterpart. In deterministic
kinetics, where volumetric concentrations are thpathic variables, a SM is a subspace (of the
whole concentrations space) in whose neighbourhibed slow tail of the evolution towards
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equilibrium takes place. The mutual correlationwmsstn species concentrations held on the SM
allows one, in principle, to achieve the desiredution of the system description. By means of
simulations performed by us on simple kinetic schgnit turned out that 1) an analogous of the
SM indeed exists for the stochastic counterpad, Zna suitable state-dependent descriptor allows
one to localize the SM in the space of the numbéraolecules. Simulations have been performed
for several schemes by means of the basic Gillssptechastic algorithm [1-3] which allows the
generation of an ensemble of trajectongl as alternative to solve directly the CME. By pludt
together several trajectories it is possible teertbat, on average, they indeed tend to bundle on a
common subspace.

Here we illustrate such behaviour for the followsaheme:

2X — XY

2)
X+Y —2X

Y —P

4
2Y —— X+P

Number of molecules Y

Number of melecules X

Model kinetic scheme with two reactants (X and Wl @ product (P) irreversibly formed. The coeffit@which
enter the expressions of the propensity functimtoming to notation of ref. [1] have been set{e2, c,=1,
c3=20, ¢,=3, cs=10 (they are meant to be expressed in ugitsvheret, is a time unit). The arrows in the right
panel show the variations of the reactants partialabers when the possible reactions occur.

The figure below shows some stochastic trajectofié® underlying smoothed lines are average
trajectories obtained from an ensemble of trajéesoall departing from the same points. One may
see that a SM-like phenomenology emerges when deniisg the average trajectories.
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Examples of stochastic and average trajectoriegirfbing from the same starting points), projectedtioe
reactants plane, for the kinetic scheme given above
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As a step beyond, we have considered a set of datedilescriptors to be employed to localize such
a SM in the space of the numbers of molecules.eftls the best descriptog(x) here below,
turned out to be the simple Euclidean norm of theifhted average move” that the system can
take from the actual state (where the weights eveigled by the normalized propensity functions).
Namely, the figures below show that some featufethe £(x) landscape (its high-curvature
“groove”) may allow the delimitation of the perced/SM.

Nuruber ol molecules Y

Number of molecules X

Contour plot (left) and landscape (right) of thendnsionless descriptog(X) for the kinetic scheme given
above. The immaterial product species is ignordtisrepresentation.

These preliminary inspections, mainly of phenomegiaial kind and targeted to stimulate the
scientific community active in this field of reselr suggest that a proper formal definition and
construction of Slow Manifolds in the context obatastic chemical kinetics might be of use to
achieve a simplification of the kinetics descriptitself.
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Photochemistry is interested in chemical reactiomduced by light. The
kinetics of such processes differs very charadteaidy from the kinetics of thermally
activated reactions because light intensity andt ligbsorption play major parts in
determining reaction rates. Classical kinetic stadin photochemistry are typically
based on monitoring a short-lived excited stateiggeafter a substantial pulse of light.
The role of this pulse light is only to generateirstermediate species in this approach,
but the process itself can be fully described bgventional kinetics as the detection
only begin after the light pulse is over and thegke is not illuminated in this period.
Another common classical source of information fedrofluorimetry, but this is
typically carried out under steady state conditishgre no substantial chemical change
occurs in the solution. A third approach is basedsampling and offline chemical
analysis of a reaction carried out in a photoregaetiich can rarely yield high-quality
kinetic data for evaluation.

Recently, some efforts have been devoted to mamifahe major chemical
changes during a photochemical reaction by onletealion?® The solid evaluation of
such experiments requires the theoretical cal@natf concentration changes occurring
under illumination. Earlier studies in this fiéfi have attempted to develop a
specialized solution to this problem, but more gehsequences of thought are clearly
needed.

This poster will present analytical and numericethods to solve differential
equations following from the kinetic description photochemical processes. The

general form of such ordinary differential equatias as follows:

d[A] _ _J‘ ®p, P, @_10—8A,l|[A]—ZSi'AI[Bi]\ eas[Al

dt \Y, lgA,A[A] +3g,[Bi]
In this equation, A is the photoactive speciesai various non-photoactive species
that absorb light, [A] signifies the concentratiohthe species A@r, is the spectral
photon flux of the illuminationg; is the differential quantum yiel®, is the volume of

the reactor| is the optical pathlength, whereas, and §, are the molar decadic
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absorption coefficients of the respective specdibg terminology used here follows the
current recommendations of IUPACThe quantities shown with the subscriptare
dependent on the wavelength and the integratidorng for the entire wavelength range
of the illumination.

The ordinary differential equation shown aboveugHher complicated by the
fact that concentrations {Bare also dependent on time and their changevisrged by
a separate but coupled ordinary differential equatiThe only analytical solution
available in the previous literatdrés for the very simple case when illumination is
monochromatic (eliminating the need for integrafiand all , values are zero (none

of the other components have absorption). This isolu$ of the following form:

[A] = 'i? InfL+10 PNV easlt (1—10‘%"[’*10 )]

Ea

The poster will present a number of further anedytsolutions for other special
cases and will also shows how numerical solutiothows can be used. In a few cases,

actual experimental examples will also be used.
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Theory
Diffusion and reaction problems are of great importance both in theory and practice. Nature

abounds with distinct phenomena that can be modelled by closely analogous or even identical
differential equations so the usefulness of many models usually go beyond only one branch. |
show only three interesting and important cases for all technologies using porous structures in
which reaction occurs: (i) heterogeneous catalysis, (ii) biochemical processes of different type e.g.
for processes in which a biofilm is penetrated by oxygen; (iii) various technologies of the
development of accumulators as the electrodes using porous materials, especially in the projects
associated the alternative power engineering (hydrogen power engineering). The considered
problem will be presented from a catalysis standpoint. A steady-state diffusion with an irreversible
isothermal chemical reaction A—R with power law type kinetic equation is described equations
presented in Table 1. External mass transfer resistances are not negligible. For simplicity, the
model for which concentration in the pellet center is greater than zero “the regular model” will be
called, while the model for which concentration inside the pellet reaches zero for O<x=x4,<1 - “the
dead zone model”.

Table 1. Mathematical foundations

“regular model” “the dead zone model”

mass balance 42

£ 92" =0

a2
BC1

L ()

x=1

the boundary condition for de 0
dx x=0
the boundary condition, if de 0
concentration inside the dx =
X=X,

pellet reaches zero for x=xg,
additional condition c(xdz)= 0

The regular model is most commonly used, and even from time to time it is overused by authors
(namely it is used instead of the dead zone model; e.g. Scott Fogler in his commonly known
textbook, example 5.9B in the second edition, made this mistake). It can produce even large errors
because a mass flux at x=0 in steady state is not equal to zero. The problems result from a lack of
the sufficient conditions for the applicability of the dead zone model (there are known only the
necessary conditions of the dead zone formation for some types of kinetic equation). From
practical standpoint this means that for the same kinetic equation can be used for both regular
and dead zone model depending on Thiele modulus value.
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Table 2. Table of solutions; the first equation in a cell gives concentration profile, from the second and the third ones ¢y and ¢, should be calculated
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no solution with physical meaning

n>1 3 -n ntl - el
x= —=— (L] L] -1,R|n-—2a- £
D2 (n+1)f™ \co o n+l2 <o
-n n+l -n-1 2
2 c c 1 3 c 20 1 1 .
l= [+ =2 = -1, Ll-—— =1 = i Vel =gt = Biy, (1-c
V2 (n+1)cg! (Co] (00) 2 l{ n+l’2 (00] n+l V0 0 nli=c)
- as above 1i
= )
1<n 1-n [20° T
<1 =T er | )
) Tl Loz o
n+ & 5
1-x4, =— g2 ; cg? =Bi,ll-c
e et P i)
n=-1 c=0 (trivial solution) — reaction runs on the
x= outer surface only
1=
n<-1 c=0 (trivial solution) - reaction runs on the
outer surface only
x=
= vt
2 (n+1)cd”
2 el n
n= . (c;’“—cg“) . 2} ; C=,2n+l o2
() (n+l) ®2(n+l) 1-n

NOTES:

2F1 - Gauss hypergeometic function; co=c(0) is reagent concentration in the pellet center c;=c(1) is reagent concentration on the pellet surface

(i) some transformation of Gauss hypergeometric function were made to obtain convergence for all n-values
(i) well-known solutions of the linear reaction-diffusion problems (n=1 or n=0 ) are omitted;
(iii) all expressions which include hypergeometric Gauss function and imaginary error function (erfi(x)) can be easily handled using

mathematical programs as Maple, Mathematica, Matlab etc.
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Theoretically, the validity of the model should be examined but in practice many author
mishandled it.

Results and discussion
The solutions is based on proposed by Polyanin and Zaitsev (Handbook Of Exact Solutions For
Odes, CRC Press, 1995) first integral of mass balance equation

2
de\" 207 a_
dx n+1

The C; was determined using boundary condition. The resulting equation is separable ordinary
differential equation. Integration of it gives results presented in Table 2 while in Fig.1 are
presented effectiveness factor values for selected n values vs Thiele modulus.

100y ®=0 [o'e]
R. sol o
—— stable sol.; regular model nx1 c—>®
" | stable sol.; dead zone model
/\ - unstable sol.; regular model
2 R. sol.
1>n>0 o
DZ. sol.
@c

R. sol 2xR. sol

0o>n>-1 = =
DZ.sol DZ. sol
(DC max
e >n 2xR.sol _
01 \\n\\ \\\\ T (DC_)O (Dmax
o 25041 ° 21@ 1 100 DZ. sol= trivial solution

Fig. 2. Diagram existence of solutions; R. sol.
= regular model solution, DZ. sol.=dead zone
model solution, ®c — critical value of Thiele
modulus, ®max - Thiele modulus value, for
which lower and upper branch solutions of
the regular model coincident.

Fig. 1. Effectiveness factor vs. Thiele modulus
for selected n values, Bi,—>; MSS — multiple
steady states region

The analysis of the results is as follows: (i) if n>1 then the unique solution exists for any Thiele
modulus value and ¢ is greater than 0 while ®.—. The regular model should be used; (ii) if
0<n<1 then the unique solution exists for any Thiele modulus value; for ®<®,. the regular model,
while for ®>®, the dead zone model should be used; (iii) if -1<n<0 then the unique solution exists
for 0<®< @, (the regular model should be used) and for ®>®,,,, (the dead zone model should be
used). For & <P D the multiple solutions exist. In this region two solutions (stable and
unstable) gives the regular model and one solution (stable) gives the dead zone model; (iv) if n=-1
then the multiple solutions exist and for 0<®<®,, (P.—0). In this region two solutions (stable
and unstable) gives the regular model. The dead zone extends over the entire space inside the
catalyst, the reaction occurs on the pellet surface only. Scheme on existence of solutions is
presented in Fig.2. If external resistances grows then ®. and ®,,x moves towards smaller values.

On basis of presented results the knowledge on regular and irregular phenomena was
systematized and some misinterpretations will be corrected (presented in literature opinion that
for ®>dc the regular model is usefulness is not true for n<0).
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Theory

The Laplace transform is an important integral transform with many applications in mathematics,
physics, engineering etc. The Laplace transform is powerful tool of solving computational
problems. It is not often met in chemical engineering because it is essentially limited to linear
systems. However, in such cases, the advantages are evident analysis and solution of models are
significantly simpler.

Here, application of Laplace transform technique for analysis of the process of two gases mixing
on the basis of signal given by TCD-type detector is presented. The actual investigation have two
main aims. The first one is determination of gas mixing in the continuous flow vessel. And the
second one is checking out the hypothesis that the Laplace transform makes easier solution
finding and the analysis of the answer of the analytic system.

The unit consists of the following elements,
the 4-way valve, u-shape vessel (empty in the
actual investigations), thermal conductivity
detector (TCD) and pipes connected the
mentioned elements. The system was divided
= onto five zones; they are distinguished on
m basis of geometry and/or its the function:

S <Zone 0>: the pipe connected inlet of gas and
the 4-way valve; the length of the zone:
EONE (e dsiy) 0.75dm, the diameter of the zone: 0.0125dm;
<Zone 1>: the pipe connected the 4-way
valve and a column inlet; the length of the
ZONE 1 (mixing) zone: 1.8 dm, the diameter of the zone:
0.0125 dm; <Zone 2>: empty vessel; the
length of the zone: 1.0 dm, the diameter of
the zone: 0.056 dm; <Zone 3>: the pipe
connected a column outlet and the 4-way
valve; the length of the zone: 4.0 dm, the
diameter of the zone: 0.0125dm; <Zone 4>:
the pipe connected the 4-way valve and TCD
detector; the length of the zone: 0.75dm, the
diameter of the zone: 0.0125dm.

to detector TCD T

ZONE 4
(mixing)

the 4-way valve

ZONE 3 ZONE 2 (mixing)

(mixing)

Fig. 1. The scheme of the measuring unit.

In order to identify the type of mixing, each zone were divided into n cells. Number of cells in each
zone may be different. One cell in the zone corresponds to the ideal mixing in this zone. Infinite
number of cells in the zone corresponds to the plug flow.

The study was conducted as follows. The system was flushed for 10 minutes with a constant flow
of helium (flow rate of 0.04 dm3/min). Then the valve was closed the 4-way valve leading to shut
off the flow of the gas through the vessel (Zone 1, 2, 3). For the next 15 minutes the system

1
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(beside the vessel) was purged with a nitrogen (flow rate of 0.01dm3/min) until a stable base TCD
signal was reached. After about seven minutes of stabilizing the system again turned over the 4-
way valve to allow a constant flow of nitrogen with the volumetric flow rate of 0.01dm3/min or
0.04 dm3/min through the vessel. In result ' trapped ' helium was removed and TCD signal was
generated and recorded.

Model

Assumptions:
* The system is operated under isothermal conditions at constant pressure.
* Gases satisfy the equation of state of an ideal gas.

Mass balance of the nitrogen in the individual zones and for the number of cells of n leads to the
following equations:

Zone 1: c1(0) = cr; k= 1..n1; (
Zone 2:c;1(0) = c; k =1..n2; (
Zone3:c3,(0) =cp; k=1..n3; (3)
Zoned:c,1(0) =0; k =1..n4 (
Initial conditions:

Zone 1: c1x(0) =cr; k= 1..n1; (5)
Zone 2:¢,1(0) = cp; k =1..n2; (6)
Zone3:c34,(0) =cp; k=1..n3; (7)
Zoned:c,,(0) =0; k =1..n4 (8)

0fort<o0

Inlet concentration is described by c;,, = { ;
¥ Cin cr fort=0

; _ Y. —
time delay by t; = Y andcr = RgT 107

Analysis of the model and its solution

Presented in previous section model is simple, but obtaining a solution can be a little difficult. The
variable of interest is ¢4 ns as measurable concentration. For different values of ns, ny, n3 and ng the
model consist various number of equations. Moreover the values of n;..ns have to be determined
using trial and error method to obtain the best fit between model solution and experiments. For
this reason it is necessary to solve the system repeatedly, the system can contain large number of
equations, and finally the number of equations changes for each try. It is very inconvenient
situation. One can try to eliminate variables out of interest from the system, but as a result high
order differential equation will be obtained and the order of equation will changes for each try.
Due to mentioned reasons we paid our attention on well-known tool of analysis and solution of
non-stationary models namely Laplace transform. Model transformed into algebraic equations
model one can easily solve with respect to variable cgna.

c _ 1, ( q )n4( q )n3( q )nZ( q )nl o (#)nél o] emtas
4n4 s n4-Ve4-s+q n3-V¢3-s+q n2-Veps+q nl-Veq-s+q in n4-V;4-s+q in

(9)

It is noteworthy, that initial conditions and time delay are considered in the equation.
It is expected, that above equation for real conditions will be of high order. In that case a solution
will contain many terms and its obtaining would arduous. But currently there exists computer



Modeling of gas flow: usefulness of the Laplace transform and CAS-type programs 29

programs, usually called Computer Algebra Systems which can help to obtain model solution. We
are use one of this type program, namely Maple®. It operates Laplace transform. Trial and error
method calculations were made fast and evaluation of nj..ns coefficients and thereby evaluation
of the mixing did not cause problems.

‘ = experimental points model snlunnnl «  experimental points model suluu'gn|

0,03 0,03

mol

o2 oo .
o e

] 0,02 4

0,01 4 0,01 4

o T T T 1 0+ T T T T |
a 0z 0,4 0 0,3 1 o 02 0.4 0.6 0z 1
t [rmin] {min]
a) b)
Fig. 2. Experimental and theoretical profiles gas concentrations for a) q=0.04dm>/min and n;=1,
n,=40, n3=1, ny=1; b) q=0.01dm3/min and n1=1, n,=12, n3=1, n4=1.

The best fit the smaller gas flow is presented in Fig. 2a and for the larger gas flow in Fig. 2b. The
best fit was determined on the basis of minimal value of sum of squares of differences between
calculations and experiments. Differences results from the simplicity of the used model which do
not consider all theoretically predicted phenomena (axial dispersion). As a result of dispersion a
slope of a recorded curve is not as sharp as theoretical one. In our opinion precision of the
presented model is satisfactory, especially for the higher gas flow. Consideration of dispersion
phenomenon in model results in much complicated system of equations, more difficult for
solution. Expected in this case improvement of fit is rather not large.

Following conclusion can be drawn on the basis presented investigations:

1. The theoretical model fits experimental results pretty well. It shows that the presented
model of the process is correct. The fitting is better for larger gas velocity.

2. Gas in the pipes is perfectly mixed; in the column the flow approaches the plug, especially
for larger gas velocity.

3. The main advancement of Laplace transform method application for solving such class of
problems is its higher efficiency and convenience of calculations comparing to classical
methods.

4. Using of CAS-type program (Maple®) significantly makes calculations simpler and faster.

This work was supported by The National Centre for Research and Development (Poland) under a
grant PBS1/A1/6/2012.
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Quadrature-Based Moment Methods in Chemical
Engineering

Rodney O. Fox
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Department of Chemical and Biological Engineering
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Population balance models are a useful mathematical framework for de-
veloping models that account for complex physics. For many applications,
direct solution of the population balance equation is intractable due to the
high-dimensionality of the phase space. Thus a key challenge is to reduce
the dimensionality of the problem without losing the underlying physics. At
the same time, the reduced description must be numerically tractable and
possess the favorable attributes of the original population balance equation.
Starting from the seminal work of McGraw on the quadrature method of
moments (QMOM), we have developed a general closure approximation re-
ferred to as quadrature-based moment methods. The basic idea behind these
methods is to use the local (in space and time) values of the moments to
reconstruct a well-defined local distribution function (i.e. non-negative, com-
pact support, etc.). The reconstructed distribution function is then used to
close the moment transport equations (e.g. spatial fluxes, nonlinear source
terms, etc.). In this talk, I will review the underlying theoretical and numer-
ical issues associated with quadrature-based reconstructions. The transport
of moments in real space, and its numerical representation in terms of fluxes,
plays a critical role in determining whether a moment set is realizable. Using
selected examples from chemical engineering applications, I will describe our
work on realizable high-order flux reconstructions developed specifically for
finite-volume schemes.

R.O. Fox
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The shift from fossil to renewable biomass feedstock is driving an emerging economy of
microbial production based on rationally designed biochemical processes. The rational
comes from recent acquired knowledge in the field of systems bio(techno)logy and ad-
vances in tools for engineering efficient and sustainable processes that transform biomass
into chemicals, material and electricity. Although microorganisms hold a diverse spec-
trum of valuable products, they often come at very low yield. Further process stability
and scale-up or -down can be hampered by unaccounted adaptation or interaction mech-
anisms: Especially the interplay between heterogeneity of a microbial cell population and
stochasticity at the individual cell level can lead to unexpected behavior. Heterogeneity
of a cell population refers to individual cell state differences determined by various inter-
and extra-cellular factors (protein amounts, cell viability, cell cycle state, nutrients).
The origin of heterogeneity is a complex interplay of external, extrinsic and intrinsic
noise (5, 1). External noise refers to fluctuations of external environmental factors such
as inlet flows or flow composition, but also local environmental fluctuations, e.g. nutrient
supply or stress conditions as a consequence of mixing effects in the bioreactor. On the
cell level, extrinsic noise is linked to fluctuations in the amount of proteins, which may
also result from external noise. Finally, intrinsic noise results from stochasticity in gene
expression (low copy number effects), which is propagated on several temporal and spa-
tial scales. Importantly to note, external noise increases with system size, whereas ex-
and intrinsic noise decrease and vice-versa. Besides system size, external factors leading

*pischel@mpi-magdeburg.mpg.de
tflassig@mpi-magdeburg. mpg.de, corresponding author
fsundmacher@mpi-magdeburg.mpg.de
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to extrinsic noise are important tuning targets for engineering a competitive microbial
process, e.g. large product yields at high growth rates.

Intrinsic Noise Extrinsic Noise

Response
Response

| 1
0 1 2

4 5 6 0 1 2

3
Input
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Figure 1: Effects of intrinsic (stochasticity) and extrinsic/external noise on sigmoidal-
like system response (Hill kinetics). We see that stochasticity (left) alone can alter the
distribution shape (left/right tailed) of a population response, e.g. size distribution,
growth rate or yield. On the other hand, fluctuations in the input can result into a
bimodal response (right, see contour plot for increasing noise strength=level of standard
deviations of the input signal). Colour levels of the contour plots correspond to frequency
of occurrence (=density) of a specific response.

However as by now, the complex interplay between external, extrinsic and intrinsic fluc-
tuations and its consequences for microbial process design is poorly understood (2, 1).
The potential for bioprocess design is therefore also hard to be exploited by engineers.
This is due to the fact that experimental monitoring as well as numerical modeling
of the temporal evolution of a heterogeneous cell population remains challenging (1).
Therefore, in our contribution we present a hybrid approach for modeling distributed
stochastic processes modeled by means of stochastic ordinary differential equations. Our
approach is based on a combination of the sigma point method and Haseltine-Rawlings
algorithm (4, 3). Whereas the former one allows to efficiently describe external and ex-
trinsic fluctuations as stochastic inputs to the model equations, the latter provides an
efficient approximation to the solution of the chemical master equation for describing
stochasticity in the biochemical reactions. In this way, we have an effective simulation
and analysis tool to rapidly study and exploit the interplay between external, extrinsic
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and intrinsic fluctuations for microbial process design.

We apply our approach to several instructive examples including synthetic examples
(see Fig. 1, where we give a flavor of effects one may observe for intrinsic and extrin-
sic/external noise for a simple sigmoidal response-curve), simple and complex biochemical
reaction networks from the life- and bio-science. The results of this work pave the way
to a bioprocess design and analysis tool that explicitly accounts for fluctuating factors
in microbial processes.
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A new definition is proposed for the switching point t, between the kinetic and
thermodynamic control regimes of two competitive reactions: the time at which the rates of
formation of the competing products are equal. According to this definition, the kinetic control
regime is present from the beginning of the reaction, and is valid as long as the rate of
formation of the kinetic product is larger than the rate of formation of the thermodynamic
product. At the switching point t;, both rates of formation are equal, so, from this switching
point the thermodynamic product has a larger rate of formation, and the thermodynamic
control is settled until the end of the reaction.

Given the following system of first order competitive reactions:

A2B A2C

where A, B and C are chemical species, and k; are kinetic constants, the solution consists of the
functions that describe the temporal evolution of the concentrations of the chemical species
involved. Assuming initial and equilibrium concentrations of A, B and C as A,, B, and C,, and
Aeq, Begand C.q, respectively, it is possible to write the time dependent concentration of the
chemical species accordingly; for example, for A:

A(t) = Agg + (Ag — Agg — Ay)e ™t + Ae™®mt (1)

where a, and a,,, a,> a,, are:

1
@y, @ =5 (ke ey ks ky Ty + ey s+ Ky)? — 4kl + ks + Ksk)) (2)

and a new term A, appears:

((ap—am)+k4 (ap—am)+ks
M\ Ap+BotCo 4 Ap+Bo+Co

Coq = Uy + K3) ) Ag + 2Boks (et — ks) + 2C ks (e — k3)
A, =

3)

20y (a, — ay)

Similar expressions to Eq. (1) can also be written to describe the temporal evolution for the
concentrations of the products B and C. The expressions B,and C, consist of a collection of
terms comprising kinetic constants and both initial and equilibrium concentrations of all
chemical species, similar to the expression for A, given in Eq. (3). Opposed to the typical set up
experiment devised to present the definition of the kinetic vs thermodynamic competition in
the basic and organic chemistry textbooks, where B, = C, = 0, in our study the initial

(*) Corresponding author. Emails: Daniel.BrancoPinto@UGent.be (Branco D.) and
Denis.Constales@UGent.be (Constales D.)
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concentrations of both competing products are valid parameters and are not restrained to
these values.

The classical definition of the switching point corresponds to the value of time when
the concentration profiles of both competing products intersect, i.e., B(t) = C(t). This
intersection point is impossible to express in an exact, closed form, but can only be calculated
in a numerical, approximated form; numerical methods to calculate this switching point has
been proposed elsewhere [see Caravaca M. et. al., Phys. Chem. Chem. Phys., 16 (2014) 25409].
We propose a new definition of the switching point: the time t; when the rate of formation of
both competing products is the same. So, the kinetic product is the one which is produced
faster at the beginning of the reaction, and the kinetic control regime extends until the
proposed switching point is reached. The rate of formation of the kinetic product is larger not
only at t = 0, but as long as the kinetic control regime prevails. At the switching point t;, no
actual crossing occurs in both concentration profiles, but in both rate of formation — time
curves, as seen in Fig. 1b. After this time, and until equilibrium is achieved, the rate of
formation of the thermodynamic product is larger, so eventually his concentration will reach
and surpass the concentration of the kinetic product. Then, the thermodynamic control
regimes extends from the proposed switching point t, until the end of the reaction.

We can obtain a closed form expression for the switching time t,, equating the time
derivatives of the corresponding concentration — time expressions for the competing products
Band C, similar to Eq. (1), at t = t:

ap—A]
am—A

log [

tS
ay — am

C))

where:

_ (Beq — Ba) — (Ce‘l — C")
A= wyay, ((Aokl ~Boky) — (Aok; - cokd) @

If the initial concentrations are A, 20, B, = C, =0, Eq. (5) is reduced to:

= I%m (Beq : Ceq) 6)
Ay \ kg =y

It is interesting to study the fraction inside the parentheses in Eq. (6): the denominator
corresponds to the difference between the initial rates of formation of the competing
products, whereas the numerator corresponds to the difference between the equilibrium
concentrations. In order to observe both control regimes, the product with the largest initial
rate of formation should have the smallest equilibrium concentration (and viceversa; the given
description corresponds to the kinetic product), so the value of the fraction inside the
parentheses, and therefore the value of A, must be strictly negative. This conclusion can also
be extended to the case where B, # C, # 0; this is, the value of the fraction enclosed in
parenthesis in Eq. (5) is also negative. In this case, both equilibrium concentrations are
referred to their corresponding initial concentrations, so, for example, the difference B, - B,
accounts for the amount of B produced in the reaction. Therefore, if B, # C, # 0, not the
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3

equilibrium concentration, but the amount produced of the thermodynamic product must be
larger than the amount produced of the kinetic product.

In Fig. 2 is shown a plot of the value of the proposed switching time t;, normalized to a
constant corresponding to the time tya-q) = log(a,/a,) when A = 0, as a function of the value of
A. Given that A is restricted to negative values, the maximum value of t; corresponds to that
when A=0:

a
log [ﬁ] .
ay — apy

ts (A=0) = ts (max) = )
so the value of the switching time t, is bounded between zero (when A tends to large negative
values) and tymay)-

Further studies were performed where the initial concentrations of one or both of the
competing products are not zero. Restrictions for the maximum values of the initial
concentrations were settled, in order to guarantee the presence of both competing control
regimes and the existence of at least a crossing point between the concentration profiles of
the competing products. For example, starting from the top value for the initial concentration
of the thermodynamic product, the intersection of both concentration profiles is unique and
will occur at a time equivalent to the switching time t,. Besides, the inconvenience of the
classical definition of the switching point, where the crossing points are also control regime
switching points, is evident when the initial concentration of the thermodynamic product is
non-zero; being this the case, two crossing points will occur between the concentration
profiles, therefore we can identify three consecutive control regimes: thermodynamic,
followed by kinetic, and then thermodynamic control until the end of the reaction. Finally, we
extended the definition proposed of the switching time to a different initial set up: the
decomposition of two competing reagents, for instance B and C, to give an unique product A;
we demonstrated that the expression given for the switching time t,, Eq. (4), can be used as it
is and without change.
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Fig 1. a) Concentration profiles for A (dotted line), B (solid line) and C (dashed line). b) Rates of formation as a function of time for
the products B (solid line) and C (dashed line). A, = 1.0; B,= C, = 0; k; = 2.0; k> = 0.6; k3 = 0.75; k; = 0.1.
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Fig 2. Value of the switching time t; /t;max), as a function of A. A, = 1.0; B,= C, = 0; k; = 2.0; k, = 0.6; k3 = 0.75; k, = 0.1.
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Introduction

A fundamental understanding of the intrinsic reaction kinetics of heterogeneously catalyzed
reactions is of great importance for the chemical industry. Insight in the effect of reaction conditions
on catalyst activity and selectivity is indispensable for the design and safe operation of chemical
reactors and even entire processes. In the pursuit of novel catalyst design, an adequate
understanding of promoter, support, metal particle size,... effects on the catalyst performance is
essential. A technique providing such key insights is Steady State Isotopic Transient Kinetic
Analysis (SSITKA).

While quite some relevant information can already be obtained from the experimental analysis
itself, the modeling of SSITKA data will further increase the insights in the reaction pathway and
how it is affected by the aforementioned phenomena. These additional insights can be used in a
model guided design procedure. One must take care, however, not to drown in the acquired
experimental information and to keep the computational effort, while modeling, within manageable
limits.

The present work focuses on the modeling of SSITKA data acquired for complex reactions.
Specific attention is devoted to the stable and fast integration of the reactor model equations as well
as to the extent of the reaction network that is accounted for in molecular detail. Fischer-Tropsch
Synthesis (FTS) has been selected as the model reaction.

Procedures

In a SSITKA experiment an isotopic label in the reactants and products is monitored as a function
of time after an abrupt switch of a reactant by its isotopic counterpart.' For FTS, this is typically a
switch between '*CO and *CO. Apart from the isotopic labeling, the experiment is performed at
steady state conditions. The preferred reactor configuration for SSITKA experimentation is a plug
flow reactor. The resulting reactor model equations, hence, comprise partial differential equations,
PDEs, for the species which take part in the isotopic exchange and ordinary differential equations,
ODEs, and algebraic equations, AEs for the species that are not taking part in the isotope exchange
reactions and for the various sums of isotopologues and isotopomers of a specific species.” The
PDEs are purely convective in nature, necessitating the use of a non-linear discretization scheme to
avoid spurious oscillations during the numerical integration.> As non-linear discretization scheme,
the Flux Limiter’ (FL) approach has been selected. Due to the vast number of FL functions
proposed in the literature, a case study has been performed in which the 14 most relevant FL
functions are compared to each other in terms of accuracy and computational time as function of the
residence time in the reactor and abruptness of the isotopic switch. Two more ways to further
reduce the computational time are considered, i.e., a semi-analytical calculation of the Jacobian
matrix and selection of an appropriate stiff ODE solver.

The Single-Event microkinetic (SEMK) methodology® is applied for the microkinetic modelling.
The isotope effects merely impact on the symmetry number of the reaction rate coefficients in the
SEMK methodology. An available automated reaction network generation algorithm® has been
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extended with the capability to account for isotopes. The size of the resulting reaction network,
however, exhibits an exponential dependency on the carbon number of the longest hydrocarbon
chain, see Figure 1. It not only leads to computationally too intensive calculations but goes beyond
the detail which can reasonably obtained with present-day analytical techniques. As a result, a
reaction network size reduction technique has been devised. The hydrocarbons considered in the
network are split up into two groups. A group with a maximum carbon number for which
isotopologues and isotopomers are accounted for in full detail. In the second group of heavier
hydrocarbons, sets of species are introduced which allow tracking the isotopic labeling at specific
positions in the chain. This is illustrated in Figure 1 for metal propyl species in which the maximum
carbon number for which isotopically labeled species are accounted for in detail is set at 2. The
eight metal propyl species are distributed over six sets. Two of these sets follow the total amount of
metal propyl species with a '2C or '>C atom bonded to the metal atom of the catalyst. The four other
sets follow the total amount of metal propyl species with an isotopic labeling of the two terminal
carbon atoms as indicated in Figure 1. For the heavier hydrocarbon, only the total fraction of '*C or
C as a function of time can be simulated. Of course, the example presented for metal propyl
species serves illustrative purposes only and the corresponding gain is practically none. The gain for
heavier species, however, is much more significant as evident from Figure 1, left.
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Figure 1: Left - The number of species in the reaction network as function of the carbon number in the longest
hydrocarbon chain. The full black line represents the number of species in the reaction network generated with
the reaction network generation code. The dashed line corresponds to the number of species when only the
formation of C, species is described in detail. Right - Graphical representation of the sets introduced in the
reduced Kinetics scheme.
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functions were selected as the best FL functions for the modeling of SSITKA data.

The semi-analytical calculation of the Jacobian matrix allows reducing the computational time with
a factor 4 to 7. Of the four backward differentiation solvers, i.e. DASPK, LSODE, VODE and
LSODA, the DASPK solver was found to outperform the others.

Table 1 shows the reduction in computational time between simulations performed with the kinetics
scheme accounting for all the isotopologues and isotopomers of all the hydrocarbons, the so-called
detailed network, and the simulations performed with the kinetics scheme accounting for a detailed
labeling of only a subset of the hydrocarbons, the so-called reduced network. The carbon number of
the longest hydrocarbon in the simulations is 5 and the carbon number of the longest hydrocarbon
chain in the subset is 2. The simulations indicate that a reduction in computational time up to a
factor 10 can be achieved.

Table 1: Computational time for the different kinetics schemes. The carbon number of the longest hydrocarbon
in both schemes is 5. In the reduced kinetics scheme, the carbon number of the longest hydrocarbon chain which
is described in full detail is 2.

T [s] H2/CO | CPU time detailed network | CPU time reduced network

[~ s/ Is]

2 1779 175

0.01 5 1764 173

01 2 2153 349

’ 5 2296 329
10 2 21052 3022
’ 5 19093 2734

Conclusions

A careful assessment of Flux Limiter (FL) functions is essential to select an appropriate FL function
for a specific application. The case study presented in this work illustrates how for the modeling of
Steady State Isotopic Transient Kinetic Analysis (SSITKA) data, continuous FL functions are the
best choice. A semi-analytical calculation of the Jacobian matrix further reduces the computational
time with a factor 4 to 7. The DASPK solver is selected as the best backward differentiation solver.
A method to track the isotopic labeling in full detail has been devised together with a technique to
reduce the reaction network size and fine-tune the information generated by the simulations to the
level of detail accessible by current analysis methods. Simulations results show that a reduction in
computational time of a factor 10 can be achieved.

Acknowledgements

This work was supported by a doctoral fellowship from the Fund for Scientific Research Flanders
(FWO) and the 'Long Term Structural Methusalem Funding by the Flemish Government'. This
work was carried out using the STEVIN Supercomputer Infrastructure at Ghent University, funded
by Ghent University, the Flemish Supercomputer Center (VSC), the Hercules Foundation and the
Flemish Government — department EWI.

References

1. Shannon, S.L. and J.G. Goodwin, Chem Rev, 1995. 95(3): p. 677-695.

2. Berger, R.J., et al., Appl Catal, A, 2008. 342(1-2): p. 3-28.

3. Waterson, N.P. and H. Deconinck, J Comput Phys, 2007. 224(1): p. 182-207.
4, Lozano-Blanco, G., et al., Ind Eng Chem Res, 2008. 47(16): p. 5879-5891.
5. Lozano-Blanco, G., et al., Oil Gas Sci Technol, 2006. 61(4): p. 489-496.



Novel heuristics for mediating radical chain reactions

Novel heuristics for mediating radical chain reactions:
a stochastic simulation of the synthesis of copolymers with tailored
monomer sequences

Paul H.M. Van Steenberge’, Dagmar R. D'hooge’**, Marie-Francoise Reyniers® and
Guy B. Marin*

1Laborator%/ for Chemical Technology, Ghent University, Technologiepark 914 B-9052 Gent, Belgium
Department of Textiles, Ghent University, Technologiepark 907, B-9052 Gent, Belgium

Introduction

A novel kinetic Monte Carlo modeling methodology is presented, allowing control
over monomer sequences for each individual macromolecule in radical
polymerization [1,2]. The methodology is applied for controlled radical polymerization
(CRP), in which macroradicals R; (i: chain length) can be temporarily deactivated into
dormant species (RiX; X: end-group functionality) by a mediating agent (e.g.
catalyst). Under well-chosen conditions termination reactions which lead to loss of X
and formation of dead polymer P can be minimized.

In this contribution, focus is on Initiators for Continuous Activator Regeneration Atom
Transfer Radical Polymerization (ICAR ATRP; Figure la) aiming at the controlled
synthesis of linear gradient copolymers (Figure 1b) made of methyl methacrylate (red
and n-butyl acrylate (green) monomer units. A temperature of 80°C is selected and
CuBr,/PMDETA (N,N,N',N",N"-pentamethyldiethylenetriamine) is considered as
catalyst with amounts as low as 50 ppm (molar with respect to monomer).
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Figure 1. (a) ICAR ATRP, initial compounds boxed (R¢X: ATRP initiator; l,: conventional radical
initiator; M: monomer; Mt"”LyXZ: deactivator); X: functionality; K, daqisp: rate coefficient for activation,
deactivation, dissociation, propagation (b) Targeted linear gradient copolymer (methyl methacrylate
(red) and n-butyl acrylate (green) monomer units).

Methodology

Linear gradient quality (<GD>) is calculated based on the comparison of kinetic
Monte Carlo simulated monomer sequences of a representative number of chains
with predefined ideal gradient monomer sequences [1]. Mayo-Lewis monomer
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incorporation kinetics are exploited to determine the optimal multicomponent fed-
batch policy that results in a fast ATRP initiation and a good control over monomer
sequences [2]. The conventional radical initiator flow rate is determined based on the
simulated termination rate profile, in order to mimic a steady radical concentration.
The comonomer flow rates are adjusted to maintain starved feed operation (90%
monomer conversion; low monomer concentrations) and the catalyst/deactivator flow
rate is varied so that a constant ppm level is obtained with respect to the added
amount of monomer. These heuristics follow from the design premise to incorporate
a quasi-constant number of monomer units per activation-growth-deactivation cycle
and, hence, to limit as much as possible the perturbation of the ATRP pseudo-
equilibrium between R and RX species.

Results

Kinetic Monte Carlo simulations show that starved feed operation and fed-batch
feeding of the catalyst ensure the incorporation of an approximately constant number
of monomer units during each activation/growth/deactivation cycle, leading to higher
uniformity in the monomer sequences. Combined with fine-tuning of the conventional
radical initiator flow rate, i.e. maintaining a constant radical concentration, a relatively
fast ICAR ATRP (Figure 2a), a linear number average chain length evolution (Figure
2b), a high end-group functionality (Figure 2c¢) and suppressed termination in the
initiation phase (Figure 2d) can be obtained.
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Figure 2: (a) Overall conversion (based on total monomer amount of corresponding batch case) as a
function of polymerization time (b) Number average chain length x, as a function of overall conversion
(c) End-group functionality EGF as a function of overall conversion. (d) Dispersity as a function of
overall conversion (e) Evolution of instantaneous copolymer composition Fy s @s a function of the
overall conversion (MMA:1) (f) Gradient deviation <GD> as a function of conversion; initial conditions:
[M]o:[RoX]o 100; fed-batch addition of dissolved I,: 27 pmol L™ with flow rate of 0.001 pL st per liter
reaction mixture of the corresponding batch case; fed-batch addition of comonomer via Mayo-Lewis
equation each time an in situ conversion of 0.9 is reached (with at the start 1% of the batch amount in
pure MMA form); comonomer addition accompanied by addition of deactivator so that Cu level is
always 50 ppm (with respect to the monomer and monomer units).

The fed-batch addition of comonomer yields a linear probability profile for
incorporating the first monomer (Figure 1e), as desired for linear gradient polymers.
The proposed heuristics yield at high conversion copolymers with <GD> values near
zero (Figure 1f). Chain initiation and propagation are improved, while chain
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termination remains uncharacteristically low for starved feed conditions (Figure 3
right).

1000 1000

500

0 50 100 150

Figure 3: (left) sample of polymer molecules when adding all reagents at t = 0 (batch); (right) sample
of polymer molecules when adding all reagents according to the heuristics (fed-batch)

Conclusions

Novel heuristics for controlled radical polymerization using isothermal ICAR ATRP of
MMA and nBuA for the synthesis of tailored linear gradient copolymers are
established and their feasibility is demonstrated. A continuous addition of dissolved
conventional radical initiator suppresses initial termination and leads to higher time-
averaged radical concentrations and, hence, an increase of the overall
polymerization rate. To establish stable activation/growth/deactivation cycles, the
monomer is added in a fed-batch manner so that the monomer concentration
remains approximately constant. The relative comonomer flows are set in such way
that a linear probability of finding MMA along the polymer backbone results,
controlling the monomer sequences of individual copolymer chains. Per monomer
addition, deactivator is added to compensate for the volume increase, again ensuring
stable activation/growth/deactivation cycles. Hence, the highest polymer gradient
quality results when a multi-component fed-batch procedure is selected.
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Introduction

Membrane distillation is an emerging technology to separate non-volatile components from an aqueous feed
stream. Mathematical models have proven useful to pursue breakthrough in the economics of the technology and
for further improvement through membrane and module design as well as operational optimization.

Many models for direct contact membrane distillation (DCMD) are based on the Dusty Gas Model for the mass
transfer inside the membrane, while the heat transfer inside the channels is typically modelled with Nusselt type
equations. In most of the MD models the researchers use an "of-the-shelf" Nusselt equation. In our work, we show
that the existing Nusselt equations cannot directly be applied to simulate the heat transfer in the spacer filled
channels and instead the existing equations should be pre-calibrated using aluminium foil [1], operating the system
as a heat exchanger.

In this contribution a Monte Carlo filtering method was applied to calibrate and study the structure of a typical
DCMD model. This is not common practice and the calibration efforts in the literature are typically not treated
correctly. Often too many parameters are being calibrated and issues related to identifiability usually are not
discussed. The method showed that in order to properly calibrate the model for a single layer membrane, only 2
parameters are needed, that correct the heat and mass transfer inside the membrane. The study revealed that a
three dimensional interaction between the porosity, tortuosity and pore size exists when the Dusty Gas Model is
used, revealing that the tortuosity could be used successfully as a single calibration parameter for the membrane
mass transfer. It should be stressed that a multitude of solutions exist to predict the same mass and heat transfer.

Finally, a simple, yet physical method for the simulation of supported membranes is developed that enables to
model the system by reducing the heat transfer coefficient in the permeate channel, where the membrane support
is physically located. The model structure did not need adaptation and addition of parameters.

Results and discussion
In order to choose which parameters should be used in the calibration of the model, the resistances in the DCMD
system are split into different categories - Figure 1.

HT Membrane

HT MT Knudsen Molecular HT

MT Membrane

Figure 1 Heat (HT) and mass transfer (MT) resistances in DCMD system
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The heat transfer inside the channels is modelled using the Nusselt equation (eq.1), similarly to heat exchanger

models. Likewise, the mass transfer is modelled using the Sherwood equation (eq. 2).

Nu = aRe?Pr¢ 1
Sh = aRePSc* 2

The Nusselt equation is calibrated by replacing the membrane with an aluminium foil and performing heat transfer
experiments in order to obtain the coefficients a, b and c in eq. 1. Since the Sherwood equation is the mass transfer
equivalent of the Nusselt equation [2], the experimentally obtained coefficient a, b and ¢ were also used in the

Sherwood equation.

In order to study the model structure for the Knudsen and molecular resistances in the Dusty Gas model a Monte

Carlo filtering method was applied — Figure 2.

ANALYSIS

Non-behavior:

Evaluation
of performance

Parameter
ranges

Figure 2 Flow diagram representation of the Monte Carlo Filtering method used in this work

A sampling range was chosen for the parameters studied in this work. Next, a random shot is taken for each of the
parameters and the model is run using the given parameters set for all of the experiments of a given membrane. The
prediction performance of the model is estimated using the weighted sum of squared errors (wWSSE) using an
objective function that includes model output variables, i.e. the flux and the energy efficiency. The weights were
assigned based on the experimental errors, estimated by the difference of flux and energy efficiency between the
feed and the permeate channels. In this way it is estimated how well a simulation based on a certain parameter set
fits all of the available experimental data. It was found that the membrane mass transfer parameters interact in a
three dimensional way (Figure 3) which would make it dangerous to estimate them simultaneously as this point
towards a problem of structural identifiability. This simply means that, based on the available data, no “unique” set
of parameter estimates can be found. Since the membrane tortuosity is the most uncertain parameter and cannot
be measured it was decided to leave it as the only calibration parameter for the mass transfer. The only resistance
left to be calibrated is the thermal conductivity of the membrane matrix. This parameter is very uncertain since it
cannot be reliably measured and the models that predict the thermal conductivity of the membrane rely on a pre-
defined structure of the air-polymer matrix that is different for every membrane type. Therefore, it was decided to
include this parameter in the calibration — Figure 4. The initial value of the thermal conductivity had to be increased

by about 50% in order to obtain a good fit for the particular membrane.

Membrane conductivity correction
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Figure 3 Three dimensional interactions Figure 4 Weighted sum of squared errors as a
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between the membrane parameters. Only the

behavioural (good) solutions are plotted.
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To improve the mechanical stability of the very thin membranes, non-woven support is often used. Traditionally, the
support is modelled by assuming that the support is completely filled with water and the thermal conductivity of the
support (water and polymer mixture) is calculated by another submodel. This approach is flawed, mainly because it
neglects the convection in the support material and adds uncertainly of the model and additional parameters to the
model. Moreover, the thermal conductivity of the polymers depend strongly on their orientation and degree of
crystallinity. On the other hand, by recognizing that the support brings only an additional heat transfer resistance
because it is located at the permeate side (Figure 1), we decided to model the support simply by reducing the
Reynolds exponent b in the Nusselt equation (eq. 1) since this is the lumped parameter for these phenomena. The
resulting fit for the newly proposed method can be seen in Figure 6. We will also show how this additional
parameter impacts the identifiability of the parameters and how one needs to be careful when choosing degrees of
freedom for optimisation problems.

Conclusions

By applying the Monte Carlo filtering technique to this model we were able to study the model structure and to
derive a new method for simulation of supported membranes. Moreover, the proper parameters for system
optimization could be chosen in order to avoid identifiability issues. This is important, because if one parameter is
used to compensate for another, the predictive power of the model will be impacted.
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1. Introduction

We consider a problem of a chemical process (CP) design in the case of the presence of
uncertainty in the process models. One of two following formulations of a problem of the optimal
design of chemical processes (CP) under uncertainty is usually used: a) the formulation of the two-
stage optimization problem (TSOP) takes into account the possibility of the change of control
variables at the operation stage b) the formulation of the one-stage optimization problem (OSOP)
implies that the control variables are constant at the operation stage.

Methods of solving the TSOP with hard constraints (TSOPHC) and the OSOP with chance
constraints (OSOPCC) have been developed extensively. Significantly less attention was given to
formulation and solving of the TSOP with soft constraints. One of the main issues in solving the
TSOPCC is a calculation of multiple integrals to determine the expected value of the objective
function and the probability of constraints satisfaction. This operation is very intensive
computationally. The use of the standard Gaussian quadrature for the calculation of the multiple
integrals is very intensive computationally even for small dimensionality of vector # of the
uncertain parameters. We consider a method of solving TSOPCC based on the reduction of chance
constraints to deterministic ones.

The two-stage optimization problem with chance constraints (TSOPCC) has the following form

fi = min [ £(d.2(0).0)p(0)d0 (1)
(0)3
Pr{g,(d,2(0),0)<0, j=1,..m}za 2)
We showed that constraint (2) can be substituted with the following m+1 constraints

PHOET }=a 4

r;lez}xgj(d,z(ﬂ),ﬁ)so, 5)

Hence, problem (1) can be rewritten in the following form

f'=min ELf(d.2(0).0)] ©
max g, (d.2(0).0) <0, j=1L..m o
PH{AET }=a, o

The peculiarity of problem (6) is that
a) we should look for optimal forms and positions of the regions 7, and

b) the search variables z(#)are multivariate functions
We will develop an iteration method of solving problem (6) which will be based on a partition of
the uncertainty region T into subregions (multidimensional rectangles R ). Let at the k-th

iteration the region 7 be partitioned on a set R of the subregions R"’
RV ={6,:60""" <0 <6V r=1,.,N,}, (®)
ROU-URP =T )
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RHN(RY)=D, Vl,ql=q=N,, 1=sq=<N, (10)
where (R™) is a set of interior points of the region R, N, is a number of regions R* at the -
th iteration and [ is a number of a subregion in the set R*’ . Unfortunately it is very difficult to
look for the optimal form and location of the region T, . Therefore, we will restrict a class of

possible region T, and look for some approximation f;“ of the region T, . At the k-th iteration of
this procedure we will solve the following problem

min_ E[f(d,Z"(0),0)] (11)
d.:0 @i P
max g (d,2"(6),0) =<0 j=L....m (12)
S
Pr{dET )2 . , (13)

where 7' is an approximation of multivariate function z(6), E;f,)[f(d,i(“(ﬁ),ﬁ)] is an

approximation of E[f(d,z(6),6)].

Approximation of the region 7,. We will look for the approximation T% in the form of some

aj;

union of multidimensional rectangles 7. ={6,:0""* <6, <"V i=1,...,p}

T =70 ur®u.. .U ® (14)

where T"®

a

is the I-th subregion in the set 7* and N, is the number of subregions 7./**) at the k -
th iteration and

T NHNT) =D, Vs,t=1,..,N,. (15)
Note that the number of regions 7’ is equal to the number of the regions R""’ . We will require

satisfaction of the following conditions
T'“er®, 1=1,..,N, j=1,.,m. (16)

Since conditions (10) are met then it follows from (16) that conditions (15) are met. Taking into
account (14), (15) we obtain

Pr{T "'} = Pr{T, "} + Pr{T} O} + -+ Pr{T "V} (17)
In this case the search of the optimal forms and locations of the regions 7, is reduced to the search
of the optimal upper and lower bounds 8", 8" of the sides of the multidimensional
rectangles 7). Since all the parameters 6, are independent and have the normal distribution then
the probability measure of the multidimensional rectangle 7"’ is equal to multiplication of the

probability measures of the intervals 1" =[6""* <6 < 8”"*']. Thus, we have
PHOET ) =T/ [@(8"* - EL6 Do) - o((@"" - E16, Do, )] (18)
where ®(z) is the standard normal distribution function

Substituting the expressions for Pr{7,/"’} from (18) in (17) we obtain

Pr{l "} = Xﬁ [D(@6" ) - (6 )]. (19)

I=1 “i=1
Approximation of multivariate functions. We will look for an approximate solution of problem
(11) in the supposition that the control variables z(d) will be piece-wise constant functions 7*’(8)
of the following form
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79y ="" ifoerR?, 1=1,..,N, (20)
It is easy seen that if at each iteration N, =1 then TSOPCC is transformed into OSOPCC. For the
approximate calculation of the expected value of the function f(d,Z*’,8)we will use the piecewise
linear approximation f(d,z*,8)of the function f(d,z*,0) of the following form
f(d,z*®,0) = f(d,'zf"("),ﬁ,ﬁ,“‘)) if 9€RV 1 =1,...,N,
N, 2 ,0%)

Fd.,0.0°) = fd, 20,00+ 3 L a0,
i=1 A

i

G, -6 1)

and 0" is the i-th component of the vector 8’ . For the expected value approximation we use the
same partition of the uncertainty region as for approximation of the regions 7, and multivariable
J

functions. The right-hand side of formula (21) is the linear part of the Taylor’s expansion of the
function f(d,z“,0)at the point §* .The points §“, r =1,...,N, are the linearization points. They

will coincide with the middle points of the subregions Tr(k) . It is easy to obtain the following
expression

zrik) (k)
J F@.20.0.0)p0)a0 =a 1@ 00+ X PO 10100 22)

z

where a, = J. 0(0)do, E[0;T"] J. 0.0(0)d6 . One can show that calculation of the values a,

(k) (k) 1

and E[6,;T "] is reduced to calculation of some one-dimensional integrals.

As an approximation of the expected value E[f(d,z*(8),6);T] we will use the following
expression

EQIfd,200).00=Y [, Fd.2",0,0°)0(6)d6 (23)

Using (23), (19), (22) it is easy to transform problem (11) into the following optimization problem
which will be solved at k-th iteration

f(k) - min Ef,’;)[f(d,f(")(ﬁ),ﬁ);T] (24)

:I,(k) HL.I.(k) HU”k)

max g.(d,z"".0)<0, j=1,. l=1,..,N,

1(/<)

N, p —_ ~
L[ (@@ -G Nza;,j=1....m

1=1 "i=I
' eRr®, 1=1,..,N,
Problem (24) is a semi-infinite programming problem. For solving problem (24) one can use the
outer approximations method (Hettich, Kortanek, 1993). We will partition one or several subregions
R™ at each iteration for improvement of the approximations of the regions Ta, , the piece-wise

constant approximation of multivariate functions z(6) functions and the approximation of the

expected value of the goal function. Thus, the solution of problem (24) does not require the
numerical calculation of multiple integrals.
Conclusion

References

Hettich R. and Kortanek K.O., 1993, Semi-infinite programming: Theory, methods and
applications, SIAM Review, 35, 380-429.

49



50
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In general, in a temporal analysis of products (TAP) reactor a pulse-response experiment is
executed by a small and narrow pulse of a gas mixture which is sent into an evacuated
packed microreactor. The injected molecules of gas travel through the microreactor via
Knudsen diffusion and eventually escape into an adjacent vacuum chamber containing a
QMS detector. A rectangular pulse input corresponds to an infinite Fourier series of
trigonometric functions. That means very many frequencies are simultaneously stimulated.
Instead, we propose a sinusoidal input of the reactant gas mixture employing various
frequencies and amplitudes. In doing so, one can find out many details about
adsorption/desorption and reactions inside the pellets. For this purpose the catalyst pellets
were modeled as heterogeneous supports. The gas phase and solid phase being spatially
inhomogeneous, that means the catalyst distribution can be arbitrary, are taken into account.
The diffusion is calculated by the dusty-gas model. Adsorption/desorption processes are
considered as chemical reactions, i.e. gaseous and adsorbed species are modeled as
different species. The elementary steps of reactions can be presented, and the reactors are
simulated as networks of continuous stirred tanks which show the same residence time
distribution as the real reactor. As an example one then obtains the following reduced system
of equations for the isothermal case, whereby for each cell one has to solve the pellet
equations:

0 0 1 0
_g/;x) ZKﬂO (wx)e’ +8 j (g;x)} ZVJWJ (gas)

R
o(yx) zﬂ(as i)MﬁLi ZVjo (adsorbed phase)
00 0z T) o1 —€ia

Reactor equation

dXR 7.1 T Jax
=—x -X)—x-¢-(1-xge' )| —X e +9 |—
de 9 ( in ) K-& ( R )[T ‘220.5 oz 1205

Boundary conditions

8(6wx) 0 and Bi-(xg-— x)——(xe +6) (symmetry or X(z=0.5)=xg

z

Bi = Biot number, y = pressure ratio (p/p; - o5) X = molar fraction, ° = convective factor
(rg . p‘z:O.S /(8nA)),8 = dimensionless diffusion matrix, z = pellet coordinate, 7 = residence

time, v; = stoiciometric coefficients, @ = dimensionless reaction rate, e = vector with all
elements equal to one

By using the a. m. model, the instationary behavior of the reaction A + B — C + D has been
investigated. The following Langmuir-Hinshelwood and Eley-Rideal schemes have been
employed:

FJ. Keil
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LH ER

A+ x> Ax A+ x> Ax

B+ % — Bx* Ax+ B — C* + Dx*

A* + B* — Cx + D+ Ax —> A+ *

Ax > A+ % Cx 5> C+ =

Bx —> B + * D* > D + *

Cx > C+=* * = free site

D+ > D+ * X#* = adsorbed species X

The inflow of component B is maintained constant whilst component A is supplied sinusoidal.
An inert component is also fed into the reactor to keep the residence time constant.

A very important result is that component B oscillates also inside the reactor although its feed
is constant. The oscillations are induced by various mechanisms. The first mechanism is a
depletion of component A in the gas phase owing to penetration of the pores and adsorption.
This results in a high concentration of B in one period when the concentration of A is also
high. That means both components oscillate in phase. This phenomenon is more
pronounced in the ER mechanism compared to the LH mechanism. Coadsorption may also
induce oscillations if the sorption processes and equilibration are running very fast, but the
surface reaction is so slow that a large part of the reactants desorbs before reacting. Fast
chemical reactions also lead to oscillations of B which is depleted in case the concentration
of A is high. In case of an ER mechanism the concentrations of A and B oscillate by a half
period phase shift. If the surface reaction is rate determining, this phenomenon occurs also
for the LH mechanism. Fig. 1 shows an example of the oscillations of B for a LH mechanism
and various adsorption constants.
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Fig. 1

As the three induction mechanisms lead to different phase shifts, the phase shifts give an
indication of the rate determining step. A diffusion resistance has primarily effect on the
phase shift. Additionally, nonlinear distortions of the response curves may be observed. This
means that the fundamental frequency stimulates higher frequencies.

The influence of various parameters on the response will be demonstrated.
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Integration of DFT calculations into microkinetic analysis:
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1 Introduction

Heterogeneous catalysis involves the complex interplay of structure, properties, and activity across
length and time scales. Thus, multiscale modeling can be an effective method to predict catalyst be-
havior and guide experimental studies. In particular, density functional theory (DFT) calculations,
coupled with microkinetic modeling, can give insight into how the electronic structure of the cata-
lyst dictates activity and selectivity. Macroscopic reaction observables can thus be obtained, with
quantitative accuracy, from first principles, given the atomistic structure of the reacting system.
Transition state theory is employed with a modified Brgnsted-Evans-Polanyi relation to obtain the
input parameters to the reactor design equations, which, in turn, are solved to obtain the reaction
rate coefficients, turnover frequencies, and surface coverages.

This method [1] is applied to model the hydrogenation of carbon dioxide to methanol (Figure 1)
and methane on a reduced ceria catalyst. Carbon dioxide utilization is receiving increased attention
due to both the industrial importance of fuel production and the environmental significance of
greenhouse gas utilization [2, 3]. Methanol, as a liquid fuel, can be effectively used as a source of
energy and thus close the carbon cycle. Alternatively, methanol can be used as the raw material
for other synthetic hydrocarbons by the MTO (methanol to olefins) process. The hope is that
the carbon dioxide generated from fossil fuel combustion can then be activated [4] and chemically
recycled by converting it back to methanol via hydrogenation.

2 Results

Two reaction channels to methanol are identified: 1. COOH pathway via a carboxyl intermediate
and 2. HCOO pathway via a formate intermediate. While formaldehyde (HoCO) appears to be the
key intermediate for methanol synthesis, other intermediates, including carbine diol, formic acid
and methynol, are not feasible due to their high formation energies. Furthermore, direct formyl
hydrogenation to formaldehyde is not feasible due to its high activation barrier (Figure 2).

Instead, we find that conversion of H-formalin (HoCOOH*) to formaldehyde is kinetically more
favorable. The formaldehyde is then converted to methoxy (H3CO*), and finally hydrogenated to
form methanol. Our calculated results for vibrational entropy, heat capacity, and reaction enthalpy
are in good agreement with corresponding values in the published literature, which validates our
choice of methodology. Microkinetic analyses reveal the rate-limiting steps in the reaction network
and establish that the HCOO route is the dominant pathway for methanol formation on this catalyst
(Figure 3).
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pathway.

3 Conclusions

Carbon dioxide hydrogenation to methanol on a reduced ceria catalyst should predominantly fol-
low the formate pathway. In this pathway, H-formalin is converted to formaldehyde in the rate-
limiting step, followed by further hydrogenation to form a surface-bound methoxy group and finally,
methanol. Furthermore, our analysis of the turnover frequency suggests that a moderately high
Hy/COg4 feed ratio can facilitate carbon dioxide hydrogenation to methanol. The methodology
proposed here is also broadly applicable to the analysis of chemical reaction networks.
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Explicit formulas for reaction probability in
reaction-diffusion experiments

M. Wallace*!, R. Feresf!, G. Yablonsky*2 and A. Stern$!

Department of Mathematics, Washington University
2Department of Chemistry, Saint Louis University

1 INTRODUCTION

We consider reaction-diffusion systems of the following kind: Pulses of a reactant gas are injected
into a chemical reactor whose interior has been filled with a chemically inert, permeable to gas
diffusion, solid medium containing a number of small metal catalyst particles. Reaction at the
catalytic sites is assumed to be of first order and gas transport is by Knudsen diffusion. The
outflow of gas from the reactor is then measured for the fraction of reaction product in a mixture
containing the product and unreacted gas. Our goal is to find formulas that express this value
as a function of the chemical reaction constant and the reactor geometric configuration (position
and number of catalyst particles, shape of reactor and of the catalyst particles, place of gas
injection, etc.) Our main results are as follows. We first show that reaction probability can

be effectively computed by a time-independent boundary value problem for Laplace’s equation.

This boundary value problem often admits relatively simple one-dimensional network models on
so-called metric graphs. The usefulness of theses network models, which we refer to as generalized
thin zone systems, lies in that it provides explicit formulas for reaction probability that can be
used as reference, or approximation, for the more realistic three-dimensional reactors. We also
undertake a systematic study of Temporal Analysis of Products (TAP)-like configurations for
one or more catalyst particles in which we solve the three-dimensional boundary value problem
numerically and compare the results with explicit formulas obtained for the generalized thin-zone
systems. The problem of determining optimal particle configuration that maximizes reaction
probability is investigated in a few simple cases.

*One Brookings Dr., St. Louis, MO, 63130; matt@math.wustl.edu

TOne Brookings Dr., St. Louis, MO, 63130; feres@math.wustl.edu; — Corresponding author
3450 Lindell Blvd, St. Louis, MO, 63103; gyablons@slu.edu

$One Brookings Dr., St. Louis, MO, 63130; astern@math.wustl.edu
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2 MAIN RESULTS

It is shown by stochastic analysis that the problem of conversion in general reactor
configurations in dimensions 2 or 3 is solved by a time-independent boundary value
problem for Laplace’s equation (or, more generally, a Feynman-Kac equation) with
mixed (Dirichlet, Neumann, Robin) boundary conditions. This provides an effective
computational tool.

FT‘

O )
(O .

- o)

Figure 1: The reaction probability is the solution of a time independent boundary value problem

for the Feynman-Kac operator on the domain U with Neumann boundary condition
on the reflecting boundary I, and boundary value 0 on the absorbing boundary I'y.
The reaction rate term kq(x) is assumed to be supported on a a relatively small region
of U, indicated by the darker grey sets, called active sites.

Here are some details. It is convenient to formulate the problem for the survival
function ¥(x), representing the probability that a single gas molecule of type A,
injected into U at the initial position x, will eventually leave U through I', without
having converted into B. The complementary probability of conversion to B will
be denoted a(x) =1-1(x). If the overall reaction constant is k and the diffusion
constant is D (assuming uniform Fickian diffusivity) then ¢ (x) satisfies

DAY —kq(x)yp=0on U
with boundary conditions

n-vy=0onl,
Y=1onT,.

If the active sites are all collar regions of thickness § as in Figure 1, the problem of
finding the survival function can be restated in terms of Laplace’s equation A =0
in U with mixed Dirichlet-Neumann-Robin conditions on the boundary. Specfically,
with I'. denoting the boundary of the region occupied by catalyst particles, and T,
now denoting the complement of I'; in the reflecting boundary, we have:

n-vyY=0onT,
n-vy =ryp on ',
PY=1onTy

R. Feres
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Here & := % can be regarded as an effective reaction constant.

e We obtain general approximate solutions based on exact solutions for network
models mentioned below. The following is shown to hold very well when the catalyst
is a single particle of a relatively small size:

AR
1+ A&

Here, P(x) is the probability that a molecule of A injected at x will hit the catalyst
particle. Under the assumption of Fickian diffusion P(x) solves Laplace’s equation
AP(x) =0 in U, together with the boundary conditions:

(2.1) a(x) = P(x)

n-vP=0onTl,
P=1onTl,
P=0onT,

e The above conversion formula is greatly generalized in a network approximation,
where we suppose the catalyst to consist of a finite number of points. Then

v (k)
a(x) = Py(x) - P,(x
(9= A9~ 3 R3S
where Py(x) is the probability of hitting a catalyst at all and P,(x) is the probability
of hitting at vertex v; A and A, are polynomial functions whose coefficients contain
geometric information.

°
»

Position of catalyst particles
°
S

LY
|
|

o
>

°
©

0.0

o
0
8

40 60 80 100
Reaction constant

Figure 2: Optimal configuration of a multi-particle thin zone system.

e We undertake a detailed analysis of various configurations of a Temporal Analysis
of Products (TAP)-reactor, including one catalyst particle, two particles, approx-
imations of thin zone systems, among others. We obtain detailed dependence
of conversion on particle shape and position parameters. We also study optimal
configurations that maximize conversion in multiparticle systems.
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The most widely used mathematical approach to chemical kinetics relies on
concentrations, which are assumed to be continuous functions of time. However, it is
now well understood that when very small amounts of substance are involved, the
particulate nature of matter makes this approach untenable and the computationally
often more demanding stochastic kinetics must be used as an alternative.'

This contribution will show that the use of stochastic kinetics may be inevitable
in interpreting experimentally observed results in autocatalytic systems even if the
amounts of substance involved are quite macroscopic. Chemical examples of this
phenomenon include seemingly random distributions of enantiomers in the Soai
reaction,™ and large fluctuations in the clock time of certain Landolt-type reactions.*”
Strong autocatalysis was confirmed in all of these systems®> and the stochastic
approach was successfully used to interpret the enantiomeric excess and Landolt time
distributions.®®

Autocatalysis is a kinetic phenomenon that involves positive feedback. When
the feedback is very strong compared to other processes, the kinetic role of just a
handful of product molecules may be significant enough to influence the overall
reaction, which provides exactly the conditions where the use of stochastic kinetics is

inevitable. The following simple autocatalytic scheme will be of particular interest:

A—fsB
A+B—%—>2B
The deterministic rate equation describing the change of concentration of reactant A is
as follows:
d[A]
ra -k, [A]-k.[A][B]= -k, [A]-k [A]([A], +[B]y -[A]

In this rate equation, [A]y and [B]y represent the initial concentrations of these two

species. This rate equation can be solved analytically:’

(A]= (kAL + & [Blo)[A]pe R
(k, +k,[Al, +k,[B]y) -k [A], (1 - e urhlAbrkIBlory
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In the corresponding stochastic kinetic description, molecule numbers (a for A
and b = a¢ + by — a for B) are used instead of concentrations. The direct equivalent of
the rate equation is the stochastic master equation, which describes the time-dependent
probability, denoted P,(?), that the systems contains exactly @ molecules of species A at
time instant #:

"Za =k, (@a+D)+x (a+)(ay +by —a-D]P,,, -[k,a+x.a(a, +b, -a)P,

As all master equations in stochastic kinetics, this a system of linear differential

equations, whose solution can be given symbolically in the following form:

Pa = EXa,[e‘[‘(u(“0‘”*‘&(“0‘0(@)”)]‘
i=0

In this formula, X, ; represent multiplication factors that can be calculated in a recursive
manner fora=ag, ap— 1, ap — 2, ap — 3, etc.

The contribution will compare the two different approaches and identify the
conditions under which the deterministic rate equation cannot be used. These results
will be visualized by using stochastic maps, which were recently introduced in the case
of first order reaction networks.'® Preliminary results will also be presented on how the
dependence of the observations on stirring rate, a paramount feature in experimental

systems,** can be modelled using the stochastic approach.
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OSCILLATING REGIMES OF FIRST ORDER PHASE TRANSITION
Bykov V.I., Emanuel Institute of Biochemical Physics, Russian Academy of Sciences,
Russia, Moscow, Kosygin St., 4, vibykov@mail.ru
Tsybenova S.B., Emanuel Institute of Biochemical Physics, Russian Academy of Sciences,

Russia, Moscow, Kosygin St., 4, s.tsybenova@gmail.com

In this work we propose the simplest dynamic model of a first order phase transition [1]
and perform its parametric analysis. Conditions have been recognized for the existence of three
and five steady states; the ranges of the parameters where autooscillations exist in a dynamic
system have been found; and parametric and phase portraits of the mathematical model have
been built. The process dynamics in the vicinity of a phase transition point has been shown to
can be rather complex. For phase transitions of the type

F < F O]
in a system where there is heat exchange with the environment, a dimensionless spatially

homogeneous model can be represented as

dx

o ~ix+ [N =), @)

dy

i Bi/i(x+ P (VA= x)+ (1= ), ®)
where

Ji(¥) = Da;exp(y,(1-1/y)), i=12, “)
x and y are dimensionless concentration and temperature, respectively; dimensionless parameters
Da,-, S, Yi, and Bi'

Parametric dependences are easily derived in an explicit form from the stationary

equation, for example,

_ (BB )

= , 5

DTG0+ A0D ©

s =D+ /) )

By +B2)») TOVL0) , (6)
Da, (y) = S0 = DL exp(r, (1-1/y)

O B B /o) - s -1) @

Y1(J’)= y hl S(y_l)f2(y) (8)

y=1" Day(B, +B,) L(») =s(y =1’
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The examples of parameter curves based on (5)—(8) are shown in Figs. 1 and 2, where we can see
regions with one, three and five steady states. The multiplicity of steady states gives rise to a

hysteresis on the temperature curves.

0346 0348 035

0352

- h 02 021 022 023 024 025 026 027 028 029 03 031 032 033 034 035 Daz
Fig. 1. Dimensionless steady state temperature Fig. 2. Parametric dependence y(Da») for Da,
vs. parameter B for s =13, y1=5,P2=8,Da; =0.1,p1=44,p=8,11=257,72=5,5s =
= 0.1 and Da, = 0.35. Parameter vy, varies as 13.
follows: (1) 4, (2) 5, (3) 7, and (4) 20.

For example, bifurcation curve of multiplicity (L) is given by the condition

(51+[52)ﬂ2(y)ff(y)( Vo, T )=S

2 3 )
(O + L)) LA L)

and curve of neutrality (L) by

(61;lzx—l)fl(yh(ﬁz;i(l—X)—l]fz(y)ﬂ- (10)

Together with (5)—(8) equalities (9) and (10) allow to write equations for curves L, and
L, in an explicit form on the plane of the two parameters.

Fig. 3 shows one of the possible parametric portraits of the nonlinear dynamic model (2)
and (3). The curves of multiplicity L, and neutrality L, define the range of parameters that differ
in the number and stability of steady states. In the case of the one unstable steady state there are
autooscillations for model (2), (3) (Fig. 4). From any initial data, the system goes to the
autooscillation mode. The range of parameters for which there are oscillations is quite narrow.
Therefore, for detection of autooscillation it requires a consistent parametric analysis of an

investigated mathematical model.
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Fig. 3. Parametric portrait on the plane (8, y2) Fig. 4. Time dependences of the model (2),

for Da; = 0.1, Da, = 0.35,B2=8,y1=5,s=13.  (3) x(¢), y(t) for autooscillation mode Da; =

0.1, Da, =035, 1 =-1, =8, y1 =51 =
20, s = 13.

To summarize, dynamic model (2), (3) can be regarded as the simplest basic model of a

first order phase transition. The parametric analysis of this model shows that it can have one,

three, or five steady states. The parameter regions have been found where autooscillations exist

in a dynamic system; characteristic parameter and phase portraits have been built for the

mathematical model [2—6]. The process dynamics in the vicinity of a phase transition point can

be rather complex. Its characteristic features can be hysteresis of temperature dependences,

undamped temperature and concentration oscillations, and considerable dynamic bursts as the

system tends to acquire a steady state.
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1 Introduction

In recent years many mass transfer operations and two-phase reactions have been carried out in microchan-
nels, with the aim of improving process efficiency. Microchannels offer advantages such as high surface
to volume ratio, low inventories and well defined laminar flow fields. Applications of stratified microflows
include liquid-liquid extraction [1], phase transfer catalysis [2, 3] and membraneless microfluidic fuel cells
[4].

Mathematical models of these systems consist of partial differential equations (PDEs) for each phase,
which describe transverse diffusion, axial convection and reactions. These models must generally be solved
numerically. They contain a large number of parameters, all of which can affect the system performance.
Thus analysis of the system, across parameter space, and optimization using these PDE models becomes
quite tedious.

In this work, we derive reduced order models or averaged models of the system, which retain all the
physical parameters. These models describe the evolution of the transversely averaged concentration along
the length of the channel. They reduce computation time and aid in analysis, design and optimization.
Such models can also be used to gain insight into the physics of the process.

To average the equations, we use the Lyapunov-Schmidt (LS) reduction technique. This technique
has been effectively applied by Balakotaiah and coworkers to average partial differential equations of the
convection-diffusion-reaction type [5, 6, 7]. Two different reduced order models are obtained: the One
Equation Averaged (OEA) model and the Two Equation Averaged model (TEA).

2 Averaged Models for Reactive Extraction

In this section, we discuss averaged models developed for reactive extraction in stratified flow. The process
consists of two fluids flowing alongside each other with a flat inter-fluid interface, in a microchannel. This
flow is modeled as flow between two parallel flat plates. The carrier fluid enters with solute, while the
solvent fluid enters without any solute. As the fluids flow along the channel, the solute diffuses from the
carrier phase into the solvent phase, where it undergoes a reaction of the type A — products.

Two reduced order models are obtained for this system. The One Equation Averaged model (OEA)
and the Two Equation Averaged model (TEA).

In case of the OEA model, the LS reduction is applied to both fluids simultaneously. Mathematically
the PDEs are formulated as a single operator equation in a direct sum space and then reduced. This
approach was used by Ratnakar et al. [8] to develop an averaged model for a monolith catalytic reactor
that consists of a core fluid phase and an annular solid catalyst. The final OEA model is given below:

dé; (1 —h)dés

h% + o Dar (¢2) (1 —h) (la)

é1 — & =pDar (&) (b1) (1b)
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Figure 1: Comparison of the two equation averaged (TEA) model with the full PDE model and the one
equation averaged (OEA) model for the case of second order reaction in phase 2. The variation of the
cup-mixing average concentration along the length of the channel is plotted. Different values of p and Da
are considered. At the inlet (x =0), ¢ = 1 and é; = 0. Parameter values: p120 = 1/2, D1g = 3, K = 2,
h=0.4
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Here ¢; and ¢; are cup-mixing and cross-section average concentrations of the carrier (i = 1) and solvent
(i = 2). p is the transverse peclet number, which is small when transverse diffusion is much faster than
axial convection. Da is the Damkohler number corresponding to the reaction in the solvent phase. f;
are constants that depend on the velocity profile, the ratio of solute diffusivities (D;2), the viscosity ratio
(u12) and the distribution coefficient (K = ¢{?/c3?). h is the volume fraction of the carrier phase (fluid 1)
and w is ratio of the average velocity of the carrier fluid to the solvent.

This reduced model consists of one averaged mass balance equation ((1a)) which describes the evolution
of the cup mixing averaged concentrations along the channel length. Eqs. (1b) and (1c¢) account for the
difference between the cup-mixing and cross-section average concentrations in each phase (due to a finite
time for transverse diffusion). Eq. (1d) accounts for the departure from equilibrium maintained between
the two phases due to the reaction in phase 2.

Figure 1 presents a comparison of the predictions of the TEA and OEA reduced models with that of
the PDE model. Different values of p and Da are considered, for the case of p12 = 1/2, D13 =3, K =2,
h = 0.4. The reaction is assume to be second order: r(¢2) = —3. At the inlet, phase 2 (solvent) is taken
to be pure (é2,;, = 0).

This figure shows that the OEA model is able to predict the systems behavior well, except in the region
close to the inlet. The OEA model cannot predict the initial mass transfer between the phases when they
first come in contact. It can only capture the variations in concentration that occur after this inlet region,
due to the chemical reaction in the solvent phase. This drawback is a result of averaging across both
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phases simultaneously. As p increases, the diffusion time scale increases relative to convection, and the
length of the inlet region over which the initial mass transfer occurs increases. Therefore, the predictions
of the full PDE model matches the OEA after a greater channel length when p is larger.

To overcome this drawback of the OEA model, we develop the TEA model by applying the LS procedure
to each phase separately. This requires identifying the flux between the phases explicitly (J(z)) and writing
the equations in the form of two separate operator equations. The final result is given below:

dél —J (T)
e 2
P A (2a)
ér—a=mJ(z) (2b)
pdéy  J(x) _
wdr =N + pDar (¢2) (2¢)
éy — Co = y2J (x) + pDaysr (¢2) (2d)
T =a=E%) ) (2)
Y4 V4
¢1=1 and ¢é = fz,m at =0 (2f)

Cl,in
Here ~; are constants that depend on fluid properties.

This model consists of two differential equations for the evolution of the cup-mixing average concen-
trations along the channel. Two more equations account for the difference between the cup-mixing and
the cross-section averages. The last equation gives an expression for the flux between the fluids.

The flux J(z) is composed of two terms. The first is due to the departure of the average concentrations
in the two fluids from equilibrium. The second term is a correction to the flux due to a chemical reaction.

Figure 1 shows that the TEA model predicts the average concentrations much better than the OEA
model, when Da is small (Figs. 1(a)-1(c)). This improvement is pronounced near the inlet; the TEA
model captures the variation of the average concentrations right from the entrance of the channel. The
TEA model deteriorates, however, as Da is increased beyond unity. In this case the OEA model performs
much better, as seen in Fig. 1(d). This was found to be the case in other comparisons as well, which
were carried out for a range of parameter values. Thus, when modeling reactive extraction, the TEA
model should be used if Da is small (Da < 1) while the OEA model should be used for relatively high
Da(Da > 1).

3 Conclusions

Reduced order models have been derived that describe mass transfer and reactions in stratified micro flows
accurately. While the averaged models have been developed for a relatively simple reactive-extraction
process, they can be easily extended to processes involving multiple species and multiple reactions, oc-
curring within the fluids or on the surface of the walls. These models will be useful for design, analysis,
optimization and model predictive control.

We have shown how the LS technique can be applied to each phase separately, to derive an averaged
model that predicts inter-fluid mass transfer more accurately. This procedure can be applied to average
models for a wide range of systems involving stratified flows that sustain transport and reactions.
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Abstract

Examples of the most amazing phenomena in catalysis are self-oscillations
and chaotic behavior of the reaction rate accompanied by spatial and tem-
poral self-organization in the adsorbed layer on the catalyst surface. One of
the first heterogeneous catalytic systems in which the rate self-oscillations
were found was hydrogen oxidation on a nickel catalyst. In spite of a wide
variety of different heterogeneous catalytic systems that demonstrate the
critical phenomena of this kind, up to now there is no common theoretical
explanation of such a complex dynamics.

One of the approaches to theoretical studying the complex dynamics in
heterogeneous catalysis consists in development of a mathematical model
as a system of nonlinear ordinary differential equations that describes the
temporal changes of the concentrations of the individual intermediates on
the catalyst surface.

Our paper presents some results of studying chaotic behavior in the low-
dimensional dynamical systems with a hierarchy of characteristic times. Un-
der study is a kinetic model of three nonlinear ordinary differential equations
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with fast, intermediate, and slow variables to illustrate that the influence of
adsorbed species on the rate of a catalytic reaction may lead to sustained
oscillations and chaos under isothermal conditions. Such a situation may oc-
cur, for example, when the heterogeneity of the catalytic active surface sites
causes the activation energy of some rate constants to change with surface
coverage by one of the intermediate substances.

In our recent paper [1] we studied a scheme that allowed us to generate
the multi-peak oscillations in the three-dimensional kinetic system with fast,
intermediate, and slow variables. Our approach was based upon the exam-
ination of global dynamics of the one-parameter family of the two-variable
subsystems with intermediate and fast variables. A distinctive feature of the
study in [1] was the scenario of transition from periodic behavior correspond-
ing to a stable cycle on the strongly deformed torus to the chaotic multi-peak
oscillations by the bifurcation of the invariant torus. It was of great interest
to clarify how the torus should lose its smoothness with respect to the control
parameter.

In this paper, we study a scheme that allows us to generate homoclinic
chaos in the three-dimensional system with fast, intermediate, and slow vari-
ables. In this case, for generation of the chaotic dynamics we find the param-
eters of the model under which the system exhibits a Feigenbaum cascade of
period-doubling bifurcations. Numerical simulations are used to demonstrate
the different types of periodic and chaotic behavior predicted by the model.
In particular, as some parameter is varied, the subharmonic period-doubling
cascade leads to generation of a global attractor in the system.

Unstable manifolds of the periodic orbits in the cascade are topologically
equivalent to Mobius bands, so we call such orbits Mdbius orbits. Using the
one-dimensional approximations of the Poincare map and its second iteration,
we find a transversal homoclinic orbit to the Mobius orbit which appears as
a result of the first bifurcation in the period-doubling cascade.

It is important to note that the saddle Mdbius orbits from the track of
the direct period-doubling cascade and the standard Kaplan-Yorke formula
can give a lower bound for the Lyapunov dimension of the global attractor.
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Introduction

Oscillatory reaction kinetics is unusual and, nevertheless, well-known phenomenon in heterogeneous catalysis.
Sinusoidal or relaxation-type oscillations, and chaotic behavior have been observed in approximately 70 catalytic
reactions in a wide pressure range, from ultrahigh vacuum up to atmospheric pressure, over all types of catalysts,
including single-crystals, polycrystalline foils, wires, and supported catalysts. Several mechanisms describing the rate
oscillations for different reactions were proposed. However, the most of them is based on the Langmuir-Hinshelwood
mechanism and do not take into account the diffusion in subsurface layers of catalysts. This study is devoted to
theoretical analysis of the influence of the diffusion of oxygen atoms into nickel on the self-sustained rate oscillations in
the catalytic oxidation of methane.

Methodology

The microkinetic scheme for the oxidation of methane over nickel was published elsewhere [1]. Parameters of
elementary reactions, such as enthalpies and activation energies, were determined using a phenomenological approach
suggested by E. Shustorovich [2]. Pre-exponential factors of elementary steps were evaluated in the framework of the
transition state theory [3]. The diffusion coefficients of oxygen atoms in nickel were determined on the basis of experimental
data. The mathematical model of the reaction consists of a system of ordinary differential equations and takes into account
concentrations of surface intermediates, an oxygen concentration in subsurface layers, and the heat balance.

Results and discussion

The set of elementary reactions included in the model of the catalytic oxidation of methane over nickel is shown
Table 1, where [*] denotes to free vacancies on the nickel metal surface; [Ox] is nickel oxide; [CH4*], [CH;3*], [CH,*],
[CH*], [H*], [O*], [CO*], [OH*] are adsorbed intermediates on the catalyst surface; CH4(g), O2(g), CO(g), CO,(g),
Ha(g), H,O(g) are gas phase concentrations. The model was amended with a step of the diffusion of oxygen atoms from
the nickel surface into subsurface layers. It allows us to study the influence of this step on the characteristics of the
oscillatory behavior (fig. 1). In full agreement with previous study [1] the model without the oxygen diffusion under
certain parameters has oscillatory solution (fig. 2). In this case the oscillations starts without any delay. In contrast in
the model with the oxygen diffusion we found a long induction period before arising the self-sustained oscillations.
Similar effect was observed experimentally. Also we found that the concentration of oxygen in the subsurface layers of
nickel oscillates synchronously with the concentrations of reaction products in the gas phase.

In both cases we found the partial pressure oscillations of products and reactants as well as the concentration
oscillations of main intermediates on the catalyst surface. Simultaneously the catalyst temperature oscillated with the
amplitude of several Celsius degrees. Typical oscillations are presented in fig. 1.

Table 1. The mechanism of catalytic oxidation of methane over nickel.

Ne  Reaction

1 CHy(g) +[*] — [CH4*]
[CH4*] — CHa(g) + [*]
[CH4*] + [*] — [CH5*] + [H*]
[CH3*] + [*] — [CHy*] + [H*]
[CHy*] + [*] — [CH*] + [H*]
[CH*] + [*] — [C*] + [H*]
Ox(g) +2[*] — 2[0%]
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8 2[0%] — Oa(2) +2[*]
9 [C*¥]+[0%] = [CO*]+[*]
10 2[H*] — Ha(g) + 2[*]

11 [0*] - [Ox]
12 [C*] + [Ox] — [CO*] + [*]
13 [CO*] — CO(g) + [*]
14 [CO*] + [0*] — COa(g) + 2[*]
15 [CO*]+ [Ox] — COx(g) +2[*]
16 [H*]+ [O*] — [OH*] + [*]
17 [H*] +[Ox] — [OH*] + [*]
18 [H*] +[OH*] — H,0(g) + 2[*]
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Fig. 1. Synchronous stable oscillations of temperature and gas phase concentrations (left). Unstable
oscillations on the border of oscillatory region (right).
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Fig. 2. Oscillations of catalyst temperature in the models of methane oxidation with 3 and 10 nickel
mololayers.

Conclusions

The addition of the oxygen diffusion into the model leads to the appearance of an induction period before the
self-sustained rate oscillations. The concentration of oxygen in the subsurface layers of nickel oscillates synchronously
with the concentrations of reaction products in the gas phase.
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Fluid Catalytic Cracking is an important unit operation in most of the petroleum refinery operations for
the conversion of crude oil into useful products. The FCC process plays a major role in the conversion
of high molecular weight hydrocarbons, which comprise FCC feedstock, into lower molecular weight
and lower boiling range but higher market value hydrocarbons. The chemical composition of the
feedstocks affects the slate and quality of major FCC products thus influencing the whole refinery
economics. The FCC catalyst enables this economic value of raw materials to be harnessed under the
unit operating conditions constraints. While the quality of FCC catalyst is important to unlock the
feedstock potential and to produce the valuable products, the maximum value depends on the initial
feedstock composition. Understanding complex catalyst-feedstock interactions is the key to proper
catalyst selection and optimum unit operation. The industry standard is to evaluate catalyst-feed
interactions in the Advanced Catalyst Evaluation (ACE) apparatus. This is a high throughput bench top
system with a fluidized bed reactor to simulate commercial riser operations. While the interpretation
of the experimental data within the envelope of testing equipment operating conditions is
mathematically trivial, scaling-up the results onto different operation conditions, especially
commercial operations, or understanding the effect of feedstock or catalyst change on unit
performance requires a thorough understanding of the combined reactor hydrodynamics, unit heat
balance, and kinetics of complex chemical reactions involved in the cracking process.

Over the years, methods have been developed, mostly in the form of heuristic correlations, to predict
cracking products yield and quality based on the properties of the catalyst and feed. Correlations are
however limited in applications to the domain of the experimental data set used for their derivations.
Models allow to expand these heuristic observations onto new systems and to provide a detailed
understanding of complex phenomena that are difficult to experiment with. Modeling of FCC
processes is not trivial because of the enormous number of chemical compounds involved, the type of
chemical families those compounds belong to (paraffins, isoparaffins, olefins, aromatic, naphthenic,
saturates, resins, asphaltenes, etc.) that would affect reaction mechanism and pathways, and the type
of cracking process pathways that can be either thermal or catalytic with Bronsted acid sites
promoting protolytic cracking and Lewis acid sites associated with a B-scission mechanism. Literature
provides numerous examples of kinetic schemes to deal with those complexities.
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This paper describes the evolution of the six-lump model that we successfully employed for the
interpretation of experimental data. While such a lumping scheme is adequate to describe selectivity
of major products, the reaction rate constant did not correlate well with initial composition of the
feedstock. A collection of over two hundred feeds originated from different geographical locations
was thoroughly characterized. All those feeds were tested in the ACE apparatus against three families
of commercial FCC catalysts using a range of severities (cat-to-oil ratio from 0 to 100, and reactor
temperatures from 778 to 817 K). Cracking products were identified and thoroughly characterized.
Distribution models for the feedstock initial properties and cracking product attributes were
formulated based on the discretized form of the gamma distribution function. The cracking process is
described in terms of the discrete population balance assuming deterministic reaction pathways.
While a good agreement was achieved between model predictions and the yield of major products
using a univariate distribution, a bivariate approach might be needed for other properties such as
Gasoline RON and MON.
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Figure 1. Comparison of model predictions with LCO yield data from ACE experiments — 289 data
points.
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1 Introduction

Although emulsion (co)polymerization is an indusitsi important process used in the production dfesilves,
coatings and paintings, its mathematical modelisgchallenging due to: (i) complex mass transfer and
partitioning of monomer(s) among three phasescéijplicated kinetic schemes involving chain-brangrand
cross-linking, (iii) practical problems associateith latex production, e.g., coagulation of polynparticles and
fouling on equipment surfaces.

This contribution deals with the work carried autwo EU collaborative projects. First of them, ren
“COOPOL" (No. 280827) was focused on the developneéisystem for model-based predictive control (MPC
of semi-batch emulsion copolymerization of four mowrs (two water soluble + two hydrophobic). Thejget
ended in February 2015 and the functionality of MeC system was successfully demonstrated at BABE p
plant reactor. Probably the most important outcarnthis project was the reduction of batch duratiynup to
10% while maintaining the product quality charaized by solid content in latex and number-averagéeoular
weight of the produced copolymer.

The aim of the ongoing project “RECOBA” (No. 636828 shifted more towards the detailed
molecular architecture of the formed copolymer, itels necessary to predict on-line full struetwf branched
and cross-linked polymer network, which cannot lomed by the method of polymer moments used in the
macroscopic model developed in the COOPOL projeat.this purpose, we use Monte Carlo (MC) simutatio
which utilizes some of the state variables predated by the macroscopic model. Therefore we cat
approach “hybrid”. Since we do not have a comptperimental characterization of the product mdescu
architecture (full molecular weight distributionramching density etc.) up to now, in this abstraet
demonstrate the feasibility of the hybrid MC apmto@n a simple case of emulsion copolymerizatiotwaf
hydrophobic monomers without long chain-branchindCHE) and cross-linking. Hybrid MC predictions
including branching / cross-linking are alreadyikkde, but they are not validated yet.

2 Macroscopic Process Model of Semi-Batch Emulsion Copolymerization Reactor

The process model of semi-batch emulsion copolyragan of 4 monomers (2 water soluble + 2 water
insoluble) developed within the COOPOL project &séd on several simplifying assumptions, of whioh t
most important are:

* Nucleation of polymer particles is neglected, beeathe polymer seed is used. The process is thus
assumed to proceed in Stage Il and Ill of emulgiolymerization.

* It was found that for typical process conditiorfi®e solubility of hydrophobic comonomers in aqueous
phase is low (< 5%) and also the solubility of foghilic comonomers in polymer particles is low.
Therefore we neglect the presence of comonometsathanot compatible with a given phase and the
reaction medium is finally divided into two simutiously running 2-monomer copolymerizations with
different kinetics: (i) emulsion copolymerization llatex particles, and (ii) solution polymerization
aqueous phase.

» Dynamic evolution of average number of radicalsgmymer particlen is predicted using approach of
Li & Brooks™.

« Besides traditional steps as initiation, propagatiod termination, the copolymerization kineticestie
contains also chain transfer to monomer (and tinetnansfer agent) and intramolecular chain transfe
(backbiting) leading to the formation of short-ahlranches.

The model is formulated as a system of ODEs reptedeoy:
¢ Material balances of non-polymeric species in higes.
* Material balance of radicals in polymer and aquequhesse.
«  Population balance of polymer moments (summed pebtmer and aqueous phase).
* Heat balance of reaction mixture and reactor cggticket.
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The method of polymer moments was used in this ioeeause the main characteristic of product qualas
number-average molecular weight of copolyrMgr and the long-chain branching and cross-linking wes
considered in the model. However, in the presefiexeessive branching and cross-linking, the usgobfmer
moments becomes unsuitable, because near the melthe moments of higher order increase dramdical
(approaching infinity at gel point), making intetioa of model equations stiff or impossible. Moreovmethod
of moments can provide only information about ageranolecular weights of polymer, while predictidinttee
detailed molecular architecture (cf. Section 3)vites valuable information, which can be used fistance for
the estimation of polymer viscosity or film-formimpgoperties.

In MPC system, the developed model is implemenseal @++ code and the simulation of several housenfi-
batch reaction is carried out in approx. 1.5 s. Wualel of semi-batch reactor was validated by Horatory
experiments with varying conditions for: (i) consien of individual monomers, (ii) solid contentlatex, and
(i) average molecular weights of the producedagmer.
Moreover, the model became a central part of th€Miistem implemented in the pilot plant reactor of
our industrial partner and its functionality wassessfully tested by three scenarios of increasimaplexity:
1. On-line control of reaction mixture temperature.
2. Minimization of batch time while keeping the stardigproduct quality (characterized by average
molecular weight).
3. Minimization of batch time and change in productalify (increase/decrease in average polymer
molecular weight).

Regarding the average molecular weights, we meamxtperimentally (by SEC/GPC) determined valuehef t
final product, which was not available on-line dgrithe batch, but rather measured afterwards angpaed
with model predictions. Not only that this work repents the first successful case of on-line coofrpolymer
quality implemented at larger than laboratory scitlalso allowed for the reduction in reaction gifny approx.
10%. Results generated at the pilot plant are, keweonfidential and can be presented only witlisg in
arbitrary units.

3 Hybrid Monte Carlo Simulation of Polymer Chains Architecture Evolution

With respect to the evolution of copolymer molecutachitecture, the classical approach represebted
simulation of the growth of individual chains woulie extremely time-consuming for the on-line cohntro
Therefore we follow the so-called “competition taitiue” developed by Prof. Hidetaka Tobita in 1980s
significantly reducing the simulation time.

In the competition technique, each event leadintdp¢ctermination of the active chain growth (eexit
to the aqueous phase, termination, transfer to menor to other polymer chain) is given its protigbi
distribution with respect to the given chain lendgtor each of these events and each radical (&gtorxeing
chain) in polymer particle, the imaginary time bétradical growth (until it is ceased by the evémtalculated
based on the probability distribution and randormbers. The event with shortest time is then sedeatethe
“real”, i.e., as the one that actually happenedria step of MC algorithm, we thus propagate dllachains in
the particle by much higher number of monomeri¢aitiian in the conventional MC simulations, whiehds to
enormous reduction of computational time. Informatabout the structure of macromolecules (formeer ov
several hours of real time) can be obtained in@p@0 seconds in MATLAB on a standard desktop PC.

In order to estimate the probabilities of indivilewents, Monte Carlo simulation utilizes physical-
chemical parameters of the modeled system as wedlalution of several state variables previousiglwated
by macroscopic process model, namely:

* reaction mixture temperature,
« concentration of radicals in the aqueous phase,
* concentration of monomers sorbed in polymer paicl

The predicted information about the evolution ofypter network topology can be easily translatea ifutll
molecular weight distribution (MWD), branching/cssknking density, polymer particle size distritarti (PSD),
conversion at gel point and other desired produmtgss characteristics.

Up to now we are awaiting the detailed experimeimtfgirmation about the architecture of copolymer
formed during the simulated reaction, therefore ca@ present at least the comparison of averageuprod
characteristics calculated by the MC simulation am&troscopic process model for a simplified systeith
long-chain branching and cross-linking neglected,, isemi-batch emulsion copolymerization of twotera
insoluble monomers. However, the evolution of patymetwork due to long-chain branching and crass#ig
is already implemented and will be validated ansa®the experimental data are available.
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It is evident that the agreement between MontecdCand process model is very good for average
particle diameter (Fig. 1a) and average molecukights of the produced copolymer (Fig. 1b), espigcwith
respect to the final (product) values. The diffeeshbetween the models are probably caused byiffeesdt
approach to modeling of radicals distribution inlypeer particles. While the process models uses lpure
statistical approaét, MC approach simulates each event (radical akisorjiito particle, exit from the particle
or termination) separately.
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Figure 1. Comparison of the dynamic evolution of the prodelwaracteristics predicted by Monte Carlo and maoiis
process model of emulsion copolymerization of tydrbphobic comonomerga) Average diameter of polymer partic(®)
number and weight-average molecular weight of cppet.

4 Conclusions and Future Work

The MPC system for on-line control and optimizata-monomer semi-batch emulsion copolymerizatias
developed and successfully demonstrated in induigiifot-scale reactor, thus representing statthefart in the
control of emulsion polymerization processes. Theetbped control model can be extended with thaitiyb
Monte Carlo approach, resulting in the predictidntlee detailed molecular architecture of the pralc
copolymer with sufficient speed for the use in mrelcontrol system.

With respect to polymer quality, only data on aggr molecular weights of copolymer were available
up to now for the validation of models. Therefotiege experimental validation of hybrid MC model wie
performed as soon as the experimental data on detedled molecular architecture (e.g., full MWDabching
density) are available. Polymer network architeztpredicted by MC simulation is further used foe th
prediction of polymer melt viscosity using the exted tube theoR}“.
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Chemical reactions, in laboratory/industrial pregtiand in natural contexts, often occur via a
complex mechanism involving many species and maemyentary steps (or “parallel reactions”).
Even in the ideal situation of perfectly stirred dinen and isothermal conditions, for which the
system of Ordinary Differential Equations (ODEsglging the trajectory in the concentrations
space are of simple polynomial type, one may enesisevere problems on computational and/or
interpretative grounds. For example, the largeaprd kinetic constants may originate a “stiffness”
which imposes the use of extremely short propagdiine-steps for integrating the equations. Thus
one aims to achieve a “reduced” but accurate endeghription of the kinetics such that only the
relevant features are kept, the dimension of tjelahic problem is lowered, and the stiffness is
removed. This goal is termed “dimensional reduétimfrkinetics description.

Here we exploit an almost ubiquitous trait which‘a®served” in the concentrations space when
several trajectories, originating from differentitiml points, are plotted together. After a fast
transient, the trajectories seem to “converge” toypersurface, named Slow Manifold (SM), of
lower dimension than that of the whole space; thgd¢tories then remain close to the SM up to
equilibrium and the slow tail of evolution takesgé in its neighbourhood. An illustration of a 2-
dimensional SM, embedded in a 3-dimensional spiacgiven in the figure below for a simple
kinetic scheme.

The existence of a region in which trajectories vesge, implies the appearance of mutual
correlation between the species concentrationgjestigpg that some degrees of freedom can be
removed from the description of the system. Thategy is particularly efficient considering that
SMs of very low dimension can be featured in regc8ystems involving very many species. For
example, a 1-dimensional SM is found in a 9-spetiedel scheme for hydrogen combustion [1].
From the mid of 1980s, several theoretical-compartat approaches have been proposed to define
and detect SMs in chemical kinetics. Amongst theemwention strategies which exploit the idea of
the existence of a timescale separation betwe¢rafasslow processes. In such a category we find
the Computational Singular Perturbation method 48§l the construction of Intrinsic- [1] and
Attracting [3] Low-Dimensional Manifolds. Other mheds are inspired by thermodynamic-like
criteria [4].
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Example of 2-dimensional Slow Manifold in the 3-@insional concentrations space. Solid lines aredtajies
starting from initial points generated at randorheTed line is the 1-dimensional manifold of stasiry points.
The SM can be figured out as the surface whichpig@ached by trajectories in going towards theistaty
points. Values of the kinetic constants here usecka=2 ¢;'t.*, k, =1¢'t.", k, =0.6t,", k, =3, wherec,

andts are arbitrary units for volumetric concentrati@msl time.

In such a scenario, a formal/operative definitibSbl has been recently presented by us [5, 6]. Our
guess is that the SM, being a common trait, shemerge from a “universal format” of the
evolution law of the reacting system. In this conmication we outline the theoretical approach and
present some issues concerning low-computatiorstl-atgorithmic implementations. Hereafter
only the main features are outlined.

The starting point in ref. [5] was to derive anemded system of ODEs from the original one
having the following mass-action-based form

M N ym

X=X (U o) 00 sk L = LN ms 1 @

m=1

where x; is the volumetric concentration of the speq’ies,g“) and U,(Dm) are its stoichiometric
i i

coefficients as reactant and product, respectivialghe m-th elementary step/reaction, arg is

the kinetic constant. Our transformation, as a whobnsists in turning from thé variablesx; to
the followingNxM variablesvjm,ym-(x) having physical dimension of rates:

\ : (m)_s
Vim, j'm (%) =[“£T) _”%T)Hai,i '—U(aﬂ ko [ % A (2)
|

By introducing the cumulative indeXd=(j,m) which labels the pair species-step, the new
variables are collected in the square maigf dimensionQgx Qg with Qg = Nx M, whose time

evolution results to be governed by
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Vog = ‘Vqu Vog 3)

A backward transformatiov (x) - x then allows one to retrieve the actual state efsystem in
the concentrations space [5]. Eq. (3) is an extsystem of ODEs (for th®@¢ variables mutually
related by non-linear constraints such that theaatumber of independent quantities remaihs
whose quadratic format is the same regardlessedietitures of the specific kinetic scheme.

We stress that the change from Eq. (1) to Eq. i(8)ifito the class of transformations named
“quadratization” or “embedding into Lotka-Volterfarmat” [7]. By considering that general ODEs
systems can be firstly put into a polynomial forrf&jtand then “quadratized”, the present study
may be of interest in different fields even outside chemical kinetics context.

In ref. [5] we have shown that the rates

7600 =Y Voo (X) (4)
S

have peculiar properties. First, they fix the ticads of evolution of the matri¥ (as it appears
from Eqg. (3)), and hence of the reacting systemredeer, we have recently established that the
inverse of the Euclidean norm of the areaig directly proportional to the time-step to beptoyed

in a forward propagation scheme, hence such a ropramtifies the local “slowness” of the
evolution. Second, by means of phenomenologicgbeatons, in ref. [5] we formulated the
conjecture that a “typical” trajectory for a “tygi€ kinetic scheme enters a region of the
concentrations space, termed by us as the “Atierntiss Region” (AR), within which the high-
order time-derivativesz((g")(x(t)):d” p(x(Y)/ df tend to become multiple one of the others and

monotonically decay to zero. The SM was definethashypersurface within AR Wher%“)(x) =0,
for all Q, as n- » (on the equilibrium manifold, the stronger and axeondition 2(5”21)(x)=o

holds). This provides a geometdefinition of SM as a global object in the concentrationscepa
[6]. Remarkably, such a definition emerged (anceedlit was detecteda a phenomenological
inspection) by the structure of the evolution lamEiq. (3), without the need of subjective choices o
assumptions.

In ref. [6] we have proved such a conjecture orpsnmodel kinetic schemes, showing that the SM
can be detected once an algorithmic implementatfdts definition is adopted. On the other hand,
we have also pointed out that facing high-dimersi@ases is a hard task. The major problem is to
devise an efficient way to approach the neighbodhobthe SM,before starting the check of
conditions on the high-order derivatives. Indedthoaigh the AR is specified in mathematical
terms [5], there are still no ways to statég a low-computational-cost route, if a point in the
concentrations space belongs to it or not. Witlsoieh a guide, the search for the SM would be like
“to find a needle in a (multi-dimensional) haystaddowever, we have recently recognized that
approximations of the SM can be obtained by usinly the low-order derivativea((g")(x). Some

recent outcomes along this way will be presente@,hehile for technicalities we refer to our
companion communicatioBlow Manifolds identification for dimensionalitgduction of chemical
kinetics: a computational route
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Lyapunov functions and stability of kinetics: from Boltzmann to
present days

A.N. Gorban>

The talk gives a review of Lyapunov functions and stability analysis of kinetic
systems from Boltzmann’s flog f to the present. New families of universal Lya-
punov functions for nonlinear kinetics are introduced. Differential inclusions pro-
duced by kinetics with partially known reaction rate constants are studied. For them,
the forward-invariant peeling procedure is constructed. This procedure produces a
forward-invariant subset of the concentration space from an initially given domain. The
general constructions are illustrated by simple examples from chemical kinetics.
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Abstract

Process systems engineering (PSE) has been traditionally concerned with the understanding and
development of systematic procedures for the design, control, and operation of chemical process
systems. Systematic computer aided methods and tools have been successfully used in the solution and
analysis of problems related to process-product engineering, covering a wide range of topics and
disciplines. This presentation will discuss the role and importance of modelling with special emphasis
on kinetic model identification. Although, models are an integral part of all computer aided
methods/tools, the development of mathematical models for representation of the domain chemical
process/product knowledge is still principally a manual task. A significant reduction in time and
resources spent on problem solving in general and modelling in particular, can be made through the
development and use of a computer aided modelling framework that can aid in the systematic
generation/creation of the needed models, which is usually the first-step of any model-based approach.
A versatile and flexible modelling framework with features such as model reuse, model decomposition
and aggregation, model identification coupled with a library of predictive constitutive models and
numerical solvers will have the capability to generate process-product models for a wide range of
problems at a fraction of the time and resources spent currently. The presentation will highlight the use
of a systematic model based approach coupled with a computer aided modelling framework in solving
interesting problems in model development, model analysis, model validation and model application of
models. Issues such as model applicability, data consistency, model discrimination and numerical
solution strategies will also be discussed.
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Lack of fit and degrees of freedom in kinetic modelling
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There are many sources of errors both in experiments and the kinetic model that affect the quality of a
kinetic model. It is not always possible to model all change in the catalyst during a large series of
experiments. Average deactivation or the effect of regeneration may be included but small changes due
the complete history of the catalyst is more difficult to identify and model. This may be observed as a
difference between two identical experiments as seen in Figure 1.

Identical repeated experiments may show systematic errors i.e. ‘lack of fit". Now it can be argued if this
‘lack of fit" is random or due to a poor model that cannot model the change in catalyst due to the history
of the catalyst.

New
A B A Regene- A B A Batch
. ration . Catalyst
| i | | i b

Figure 1 Observed and simulated reaction rates with different experiments and catalyst treatments.

In kinetic modeling we fit the model by minimizing the residual between model and experiment
ev=Yuf(Cy, Tu,p)

This residual may have different sources

E(eu)= Y+ 01+ Tm+ €y

W=error from catalyst batch

o=errors from different test series

t=errors from different experiments

e=errors from different observations

With a correct model we expect that the same parameters are valid for all data points and the residual
will be randomly distributed. A prediction using these parameters should have a correct expected value
and the problem arises in calculating the confidence interval. The degrees of freedom is the number of
observations of the error and we need to find the largest sources of error. If the residual from repeated
experiments is larger than the residual from repeated observations it is not sufficient to increase the
number of observations to improve predictability, we need more experiments and the degrees of
freedom is estimated from the number of experiments minus the number of parameters.
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A poor model with lack of fit will not describe all data equally well and the resulting parameters will
depend on what experiments that are performed. The predictions from such a model will have even
larger confidence intervals depending on the expected variations of the parameters in addition to the
random effects.

One way to analyze such data is bootstrapping (random sampling with replacement). There are different
ways of performing the data selection but one common method is to randomly remove a fraction of the
data e.g. 1/10 of the data and make a least squares minimization to obtain new parameters. You repeat
this until all data has been used and an estimation of the confidence interval is obtained from the
variation in parameters between the different data sets.
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Figure 2 Residual of 24 experiments in two series with in Figure 3 Influence of the observations on the parameters
total 3400 observations. estimated from the H-matrix

Figure 2 shows typical residuals from kinetic modelling of transient experiments. The graph shows 10
experiment from a first series of experiments and then additional 24 experiments. From least squares
minimization we obtain that the sum of errors are zero and the sum of squares has a minimum. However
it does not guarantee that the main errors are due to errors in the individual observations. On the
contrary we observe a large residual in the transient transition from one experimental condition to
another and that the residual for the experiments are much larger than the residual for repeated
observations.

The degrees of freedom is the number of observations of the main error i.e. 34-p in this case and in this
case 20 parameters, the degrees of freedom is 14 and not 3380.

The rate of accumulation and desorption can only be observed during transients and only the
equilibrium constant can be determined from steady state experiments. Figure 3 shows the influence
of the different experimental points on the parameters estimated from the H-matrix. We can clearly
see that some observations have minor influence on the parameters and in reality we could estimate
the parameters from 1/5 of all the experiments. In text book parameter estimation with one type of
errors the extra experiments contributes to a more accurate estimation of the error as seen in the
increased degrees of freedom. However, when the main error arises from the experiments and not to
the individual observations these extra experiments do not contribute at all.

The residual during transients are much larger than the average residual and it turns out that some
parameters are determined from a few observations with large errors while other parameters are
determined more accurately from more data points with less errors.
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Figure 4 shows a normal probability plot of the average residual for each experiment. They fit very nice
into a straight line but it is not possible to conclude that these errors are random since with sufficient
number of observations the distribution tend according to the central limit theorem to be normal
distribution. We need a more thorough analysis to identify if the model can be improved e.g. plot the
residuals vs the temperature in the previous experiments.
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Figure 4 Normal probability plot of the residual T

Conclusion

A proper parameter fitting require an analysis of the residual as well. Identification of what experiments
that contribute to the parameter estimation and the errors in these experiments are required for a
proper regression analysis. Adding more observations may not always improve the quality of the model.

Traditional lack of fit analysis based on comparison between repeated identical experiments and the
total sum of squares must be performed with different sources of errors.

Future work

Analysis of the quality of predictions from models with lack of fit.
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Introduction Swirling counterflows play an important role in the environment (tornadoes) and
technology: chemical'™, bio and nuclear reactors; delta-wing aircraft; vortex combustors®. Their nature
has been discussed more than a half-century, but no consensus has been achieved. We argue that swirl
decay and acceleration cause the flow reversals. These mechanisms clearly show why counterflows
develop along and normal to the axis of rotation, how counterflows emerge, expand, becomes double and
multiple. This understanding can potentially help design conventional and novel vortex devices. It also
indicates possible means of the counterflow control.

The development of a local circulation region in a swirling flow, often referred to as vortex breakdown
(VB) bubble, was first observed on a delta wing. The vortex arises where the wing and fuselage meet.
The swirl and longitudinal velocities increase downstream, reach their peaks near the wing middle, then
decay, and vanish far away. VB occurs near the location of maximal swirl velocity and reduces the lift
force. As the angle of attack varies, the lift and drag forces have jumps. These sudden changes can cause
the loss of flight control.

Being problematic for aircraft, VB is beneficial for combustion. A flame front propagates via diffusion
with a speed around 1 m/s. For applications in turbines, the front must be stationary. Therefore, a flow is
required which moves slowly against the flame propagation. A circulatory motion, induced by VB, has
such necessary feature. The reversed flow transports the combustion heat back to a fuel source and
warms up a fuel and an oxidizer that makes combustion stable and clean. Due to these and other
applications, the VB problem attracted the attention of many researches.

Different conjectures’ were proposed to explain VB: (a) inertial wave roll-up (more than 500
citations!), (b) collapse of the near-axis boundary layer, (c) flow separation, (d) fold catastrophe, and (e)
transition from convective to absolute instability. We argue below that VB develops via the swirl-decay
mechanism (SDM) which explains VB features.

Swirl decay mechanism In a few words, SDM is the following. In a rapidly rotating flow, the
centrifugal force induces the radial gradient of pressure p, according to the cyclostrophic balance, dp/dr =
pv*/r, where p is the fluid density, v is the swirl velocity, and r is the distance from the rotation axis.
Therefore, p increases with 7. The reduction of pressure near the axis, compared with its peripheral value,
is larger (smaller) in the vicinity (downstream) of a swirl source because the swirl decays, e.g., due to
friction at a wall. Therefore, the near-axis pressure is smaller (larger) in the vicinity of (away from) the
swirl source. This pressure difference drives the backflow near the axis. If a swirling flow converges to
the axis, the near-axis pressure reduces, decelerating and reversing the downstream flow, i.e., a VB
bubble develops as Figure 1 illustrates.
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Figure 1: VB bubbles of the cylindrical container flow driven by the rotating left disk.

Swirl acceleration mechanism In a few words, this mechanism (SAM) is the following. The
cyclostrophic balance, dp/dr = pvz/r, can occur only away from a wall. The no-slip condition renders that
v = 0 at a wall, i.e., the centrifugal force drops to the second-order zero. It drops in a thin near-wall
boundary layer of a high-speed flow. In contrast, pressure remains nearly invariant across the boundary
layer. If a wall is tangential to the r-direction, then dp/dr is also nearly invariant across the boundary
layer and being not balanced by the centrifugal force there, generates a strong near-wall jet propagating in
the direction of decreasing r.
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Figure 2. Schematics of circulation region CR in a disk-like vortex chamber.

The jet can be very strong if the bulk flow accelerates in the same direction. Such jets measured® and
numerically simulated® in disk-like vortex chambers, DVC, developed for nuclear reactors, but their
mechanism has not been adequately explained. Our explanation is that the jet entrains an ambient fluid
that can cause a local reversal of the radial velocity. Figure 2 is a schematic of the meridional motion in
the disk part of a DVC. A fluid nearly tangentially enters the DVC through its sidewall and develops a
vortex-sink motion. The flow accelerates while moving inward the disk. In an accelerating flow, the
velocity distribution becomes nearly uniform in the normal-to-end-wall directions. With no swirl, the
radial velocity also would be uniform, but the presence of swirl radically changes this by the development
of near-wall jets. If the swirl-to-radial entrance velocity ratio is sufficiently large, then the jet entrains not
only upstream fluid but downstream fluid as well causing the radial velocity reversal and the formation of
circulation region CR schematically shown in Fig. 2. Thus SAM explains the counterflow normal to the
rotation axis observed in disk-like vortex chambers. For more details see papers>®.

Conclusion Based on the above discussion, we can conclude that SDM and SAM resolve two vortex-
dynamic enigmas each having a more than half-century history.
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