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ABSTRACT 

The challenges of the globalisation of the markets have increased the demand for 

fine chemicals and shortest time to market. At the same time in the fine chemical industry, 

integrated process development is driven by a constant research for higher yields and 

selectivity. The optimisation of the reaction step is the utmost task, since it effects the 

integrated process development as a whole. 

In recent years, rising interest has been shown on how to provide more and more 

on-line analytical measures from small scale devices suitable for parallelisation, with the 

aim of speeding up the reaction optimisation and identifying a sufficiently accurate 

empirical model to characterise the reaction system. Despite the fact that the number of 

online signals is increasing, a systematic approach on how to treat simultaneous on-line 

measurements is still not fully developed. 

In the framework of data-oriented process development, this thesis presents an 

algorithm for the simultaneous evaluation of several in-situ signals from an in-house 

developed small scale reaction calorimeter. An empirical kinetic model is fed to the 

algorithm together with several data sets from different in-situ analytical devices. As 

multiple analytical signals are considered, the optimal parameter set may be different for 

each of them. In this work, they are treated using a Pareto optimal approach and a genetic 

algorithm to identify the optimal parameter set for each signal and their trade-offs along 

the Pareto front. For the determination of the parameter set with the ‘best’ trade-off, the 

geometrically intuitive shortest Euclidean distance to the origin of the Pareto plot was used 

as an indicator. 

Two reaction examples have been considered in this thesis, in order to test the 

developed multi-objective genetic algorithm (MOGA): a) the two-step consecutive 

epoxidation of 2,5-di-tert-butyl-1,4-benzoquinone followed by time resolved calorimetric 

power signals and infrared spectroscopy (MOGA with two signals), and b) the three-phase 

heterogeneously catalysed hydrogenation of nitrobenzene to aniline over a Pd/C catalyst, 

additionally followed by the hydrogen uptake (MOGA with three signals). 

For the homogeneously catalysed epoxidation of the benzoquinone (a), the Pareto 

optimum of the best amongst three screened candidate models (case studies) was in very 

good agreement with previous results from literature that were obtained from a mono-

objective optimisation comprising a priori weightings of the individual experimental 

absorbance and calorimetric power signals. Although these a priori weightings appear to 



 

 x

have being chosen reasonably, it is only the whole Pareto front that reveals the parameter 

trends depending on possible weightings, allowing for an a posteriori decision on the ‘best’ 

trade-off. 

For the heterogeneously catalysed hydrogenation of nitrobenzene (b), a new 

mechanistic model could be proposed based on a combination of Langmuir-Hinshelwood 

ideas using analogies from Michaelis-Menten enzymatic kinetics. Several potential 

candidate models (rate laws) have first been screened by mono-objective fittings (Newton-

Gauss-Levenberg/Marquardt) of the calorimetric power signal bearing the most abundant 

information (in this case). The multi-objective approach was then applied to the 

calorimetric, spectroscopic and gas uptake signals simultaneously for a kinetic and 

thermodynamic parameter optimisation in the Pareto sense. For the model development, 

i.e. by screening, the mono-objective approach was preferred to the multi-objective Pareto 

optimisation, as the latter is rather challenging in terms of interpreting the results for a non-

optimal or obviously wrong model due to additional ambiguities (trade-off indicator versus 

model suitability). 



 

 

ZUSAMMENFASSUNG 

Im Rahmen der Globalisierung der Märkte wird von der Feinchemikalien- und 

Pharmazeutischen Industrie ein immer schnelleres Reagieren auf Markttrends verlangt. 

Gleichzeitig wird die integrierte Prozessentwicklung der Feinchemikalienindustrie durch 

eine konstante Verbesserung der Ausbeute und Selektivität angetrieben. Dabei ist die 

Optimierung der Reaktionsschritte die wichtigste Massnahme, weil sie die integrierte 

Prozessentwicklung als Ganzes betrifft. 

In den letzten Jahren wuchs das Interesse an zusätzlichen online Analytikgeräten in 

Kleinreaktoren, welche für Parallelisierungen geeignet sind, um damit die 

Reaktionsoptimierung zu verkürzen, und ein hinreichend präzises empirisches Modell für 

das Reaktionssystem zu erstellen. Obwohl die Anzahl an Online-Signalen stetig ansteigt, 

wurde noch kein vollständiger und systematischer Ansatz zur simultanen Verarbeitung von 

mehreren Onlinesignalen entwickelt. 

Im Rahmen der datenorientierten Prozessentwicklung präsentiert diese Doktorarbeit 

einen Algorithmus zur simultanen Evaluation mehrerer in-situ Signale für einen in-Haus 

entwickelten kleinmaßstabigen Reaktionskalorimeter. Ein empirisches, kinetisches Modell 

wird zusammen mit experimentellen Daten in den Algorithmus eingegeben. Da mehrere 

analytische in-situ Signale gleichzeitig berücksichtigt werden, unterscheiden sich die 

optimalen Parametersätze normalerweise für jedes Signal. Mehrere Datensätze aus 

verschiedenen in-situ Analysen werden in den Algorithmus eingegeben, und mittels eines 

Pareto-optimalen Ansatzes und eines genetischen Algorithmus behandelt, um den 

optimalen Parametersatz für jedes einzelne Signal und auch deren Kompromisse (trade-

offs) entlang der Paretofront zu identifizieren. Zur Bestimmung des Parametersatzes, 

welcher den „besten“ Kompromiss darstellen könnte, wurde als Indikator die geometrisch 

intuitive, kürzeste euklidische Distanz zum Ursprung der graphischen Darstellung der 

Paretofront gewählt. 

Zwei Reaktionsbeispiele werden im Rahmen dieser Doktorarbeit untersucht, um 

den Multiobjektiven Genetischen Algorithmus (MOGA) zu testen: a) die konsekutive 

Zwei-Schritt Epoxidierung von 2,5-di-tert-butyl-1,4-Benzochinon verfolgt mittels 

zeitaufgelöster kalorimetrischer Wärmetönung und Infrarotspektroskopie (MOGA mit 

zwei Signalen), und b) die drei-phasige heterogen Pd/C katalytisierte Hydrierung von 

Nitrobenzol zu Anilin, wobei zusätzlich die H2-Aufnahme verfolgt wurde (MOGA mit drei 

Signalen). 
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Für die homogen katalysierte Epoxidierung des Benzochinons (a) war das 

Paretooptimum des besten Modells aus drei getesteten Kandidaten (Fallstudien) in sehr 

guter Übereinstimmung mit vorherigen Literaturresultaten, welche ihrerseits mittels 

monoobjektiver Optimierung unter der Annahme von a priori Wichtungen der einzelnen 

experimentellen Absorptions- und kalorimetrischen Wärmetönungssignale erhalten 

wurden. Obwohl diese a priori Wichtungen vernünftig gewählt gewesen zu sein scheinen, 

kann nur die gesamte Paretofront alle wichtungsabhängigen Parametertrends offenlegen. 

Für die heterogen katalysierte Hydrogenierung von Nitrobenzol (b) konnte ein 

neues mechanistisches Model postuliert werden, welches aus einer Kombination von 

Langmuir-Hinshelwood mit Analogien aus Michaelis-Menten Enzymkinetik besteht. 

Zunächst wurden mehrere potenzielle Modellkandidaten (Geschwindigkeitsgesetze) mittels 

monoobjektiver Optimierung (Newton-Gauss-Levenberg/Marquardt) des kalorimetrischen 

Wärmetönungssignals getestet, welches in diesem Fall die ergiebigste Information trug. 

Anschließend wurde die multiobjektive Methodik auf die kalorimetrischen und 

spektroskopischen Signale sowie die Gasaufnahme angewandt, um eine Paretooptimierung 

der kinetischen und thermodynamischen Parameter durchzuführen. Für die 

Modellentwicklung, i.e. dem Austesten der Kandidatenmodelle, wurde der mono-objektive 

Ansatz vorgezogen, da die multi-objektive Methodik bezüglich der Interpretation der 

Resultate eines nicht geeigneten oder offensichtlich falschen Modells zu zusätzlichen 

Uneindeutigkeiten (Kompromissindikator versus Modelleignung) führen kann. 
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C h a p t e r  1   

INTRODUCTION 

1.1 Problem framework 

In recent years the globalization of markets, a rising demand for environmental 

performances, increased profitability and capital productivity and higher customer 

expectations can be observed [US.Chem.Ind. '96]. As time to market has become more and 

more critical, the time for process development has correspondingly shrunk for fine 

chemicals and pharmaceutical industry [Klipstein et al. '01].  

Traditionally, the different aspects of process development have been separately 

treated with the consequence that an optimal process as a whole is rarely achieved. 

Integrated process development is a rational way of considering several environmental, 

safety, economic and recently also sustainability aspects. The sustainability of a process in 

the environmental sense is achieved by ensuring that technological development that meets 

the economic and environmental needs of the present will also enhance the chance for 

future generation to meet their own need, by not placing an intolerable load on the 

ecosphere and maintaining the natural basis for life. 

In the fine chemical industry, development is driven by a constant search for higher 

yields and selectivity. The process development task is usually carried out just after a 

suitable molecule and synthesis path has been identified. Before such a molecule reaches 

industrial scale production many issues have to be taken into account, among which the 

optimization of the reaction step is of primary importance, since it affects the integrated 

process development as a whole.  

Improving the reaction step is an important task of an integrated process 

development having a major impact not only on the quality of the final product and its 

ability to meet the higher expectations of the market, but also on the reduction of waste to 

be treated or disposed [Heinzle et al. '98; Koller et al. '98; Jödicke et al. '99]. As a 

consequence a more environmentally friendly and a more economic production can be 

achieved [Heinzle et al. '97; Mak et al. '97; Hungerbühler et al. '98]. 

An effective way to optimize the yield of existing processes and to reduce time to 

market of new products can be achieved by the introduction of tools for process design. 
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Over the past few years, chemists and engineers have increasingly adopted these tools to 

compensate the lack in time with speed and efficiency .These tools enable new reactions to 

reach faster the plant production level and fine chemicals manufacturing to be less 

hazardous, more environmental friendly, and more cost-effective than ever. Among these 

there are software tools for process design simulation and flowsheeting [Aspentech], 

statistical tools [Camo; Umetrics], bench instruments such as high throughput automated 

and parallelized experimentation tools [Biotage; Chemspeed; Mettler Toledo], as well as 

micro-reactors [Hessel et al. '02b; Hessel et al. '02a]. The use of the latter ranges from 

proving feasibility for one chemical reaction to more in-depth scientific studies and 

industrial piloting [Pennemann et al. '04]. However, the integration of parallelization, 

automation, in-situ analytical technologies and data analysis is not yet fully available.  

The enhancement of an integrated process design naturally passes through the 

improvement of tools like those mentioned above. In this scope lies the rising interest in 

recent years on how to provide more and more on-line analytical measures from small 

scale devices suitable for parallelization. However, despite the fact that the number of 

online signals is increasing, a systematic approach on how to treat simultaneous on-line 

measurements is still not fully developed.  

The fine chemical industry traditionally scales up from laboratory procedures, but 

this approach can produce large amounts of waste per unit of product [de Vries et al. '03]. 

Thus, detailed scale up studies on small scale devices are necessary, despite dissimilarity 

between the heat transfer and mixing properties of small scale reactors when compared to 

large scale ones [Zufferey 2006].  

This work focuses only on the optimization of the reaction step on the basis of a 

data oriented chemical reaction engineering framework, according to the results of 

investigations carried out on two small scale devices that have been developed in previous 

works for this scope [Zogg '03; Visentin '05]. 

As far as the reaction optimization is concerned, the availability of a suitable 

empirical model which is able to describe the main and most important side reactions is 

essential and in most cases sufficient to characterize the process satisfactorily. The 

availability of kinetic and thermodynamic data of the process in early development phases 

is made possible by using small scale devices. Such experiments can provide useful design 

data from a minimum amount of product and number of experiments. 

In a strict sense, process development and chemical reaction optimization can only 

be systematically carried out, if an appropriate reaction model is available. For a large 
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number of fine chemical and pharmaceutical products such a model is not available or at 

least is difficult to be developed due to a lack of time and appropriate tools. However, 

based on general chemical knowledge it should be possible to derive an appropriate 

empirical model that describes the most important main and side reactions, with a 

minimum number of reaction parameters. This empirical model is often sufficient to 

successfully carry out the tasks of process development and chemical reaction 

optimization. 

A standard analytical tool for the purpose of kinetic and thermodynamic reaction 

analysis is reaction calorimetry [Karlsen et al. '87; Landau '96; Regenass '97a; Ubrich et al. 

'01; Zogg et al. '04c; Papadaki et al. '05; Ampelli et al. '06; Andreozzi et al. '06; Gao et al. 

'06; Grolier et al. '06; Levin et al. '06; Russell et al. '06; Zhang et al. '06; Ferretti et al. '07; 

Meena et al. '07; Richner et al. '08]. As the heat release and uptake during a chemical 

reaction is proportional to the reaction rate, calorimetry can be considered as a differential 

kinetic analysis method [Levenspiel '99; Blackmond '05]. To enhance the information 

content of a single measurement, calorimetric devices can be combined with additional 

integral analytical sensors such as spectroscopic probes [Landau et al. '95; LeBlond et al. 

'98; am Ende et al. '99; Ubrich et al. '99; Nomen et al. '01; Ma et al. '03; Visentin et al. '04]. 

With modern online instrumentation, neither technique requires any sampling and is 

straightforward to apply.  

To identify the desired thermodynamic and kinetic reaction parameters of a specific 

empirical reaction model, mathematical evaluation methods are required. The evaluation of 

calorimetric and spectroscopic data is conventionally carried out separately [LeBlond et al. 

'98; Ubrich et al. '99; Nomen et al. '01; Ma et al. '03; Zogg et al. '03; Visentin et al. '04; 

Minnich et al. '07; Imlinger et al. '08]. This generally leads to different estimates for the 

reaction parameters since measurement errors and unmodelled phenomena have an 

influence on the different signals. It would therefore be desirable to evaluate all data sets 

simultaneously in order to achieve all thermodynamic and kinetic reaction parameters in a 

single step, representing an overall optimal solution. Previous work has shown how to 

carry out evaluation by combining the different signals into a mono-objective function. 

This has been done both without weighting of the signals [Puxty et al. '05] and with 

weighting by an automatic procedure based on sensitivity analysis that does not require 

user interaction [Zogg et al. '03; Zogg et al. '04a]. In other studies the use of global 

optimisers such as genetic algorithms (GAs), branch and bound or simulated annealing 

methods has been demonstrated to fit kinetic models to data from a variety of analytical 
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signals [Terry et al. '99; Balland et al. '00; Eftaxias et al. '02; Katare et al. '04; Maeder et al. 

'04; Papamichail et al. '04; Goud et al. '07; Kryk et al. '07; Tadepalli et al. '07; Imlinger et 

al. '08; Puxty et al. '08; Tjahjono et al. '09]. No work has been found in literature showing a 

combined approach that does not rely on transforming the signals into a mono-objective 

function. It is desirable to develop an approach that is able to optimize multiple objective 

functions simultaneously. Such an approach could give deeper insight into the considered 

reaction system, since no transformations of the signals are required to form a mono-

objective function.  

1.2 Goal of the thesis 

The aim of this work is to develop an improved algorithm for the characterisation of 

an empirical reaction model and the determination of its parameters by simultaneously 

modelling calorimetric, infrared and gas uptake measurements, without combining the 

signals into a mono-objective function. A Genetic Algorithm (GA) is used in order to find 

an optimised set of reaction parameters for each signal, and a ranked Pareto set of non 

dominated solutions as a trade off between them. GA has been selected among a large 

variety of optimizers available in literature for its application simplicity to a wide range of 

problems. Furthermore, GAs optimization variables include ‘rate constants’ and ‘activation 

energies’ which are considered to characterize a given empirical reaction model. It should 

be pointed out that the specific enthalpies of the involved processes (e.g. reaction, mixing, 

and phase change enthalpies) are not independent variables for the search algorithm. 

Through this approach it will be demonstrated that different analytical measurements can 

reveal both common and different information about the system studied, and a reasonable 

compromise (trade-off) can be proposed a posteriori. 

1.3 Organisation of the thesis 

The present thesis is organized in five chapters as presented in Figure 1.1. In each 

chapter the relevant literature is presented and the associated supporting information is 

mentioned in the appendix. In Chapter 2, a short introduction to multi-objective 

optimisation and GAs is given followed by the specific features of the multi-objective 

genetic algorithm, MOGA. The implementation of the algorithm for a two signal case is 

introduced in Chapter 3. Here, the empirical reaction model fitting problem is considered 
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for the epoxydation of 2,4-di-tert-butyl-1,4-benzoquinone with tert-butyl-hydroperoxide 

using calorimetric and spectroscopic data from [Zogg '03]. 

Chapter 4 extends the algorithm to a three signal case. The empirical reaction model 

fitting problem is considered for the hydrogenation of nitrobenzene on Pd/C heterogeneous 

catalyst using calorimetric, spectroscopic and hydrogen uptake data from [Visentin '05]. 

The thesis concludes with the final remarks of Chapter 5. Bibliography and 

Appendices are provided thereafter. 

 
Figure 1.1: Outline of the thesis.





 

 

C h a p t e r  2   

IMPLEMENTATION OF THE MULTI-OBJECTIVE GENETIC ALGORITHM 
(MOGA) 

2.1 Introduction 

The present chapter describes the implementation of a multi-objective evolutionary 

algorithm for the problem of parameter estimation of empirical reaction models. The 

objective functions to be optimized are described. These objective functions are a measure 

of how good a reaction model fits a particular in-situ analytical measurement. In this 

specific case the analytical measurements considered are calorimetry, infrared 

spectroscopy and hydrogen uptake. Once clarified which objective functions should be 

used for the parameter estimation of the empirical model, a description of the implemented 

evolutionary technique is presented. The description will move from the main 

characteristics of mono-objective evolutionary algorithms to a multi-objective criteria case, 

pointing out the differences and similarities between them. 

In literature the combination of several in-situ signals is carried out sequentially 

[LeBlond et al. '98; Tjahjono et al. '09], simultaneously weighting the contribution of each 

signal [Zogg et al. '04a; Puxty et al. '05; Imlinger et al. '08] or using a Pareto approach 

[Gianoli et al. '07]. The first two methods have the advantage of reducing the problem to 

mono-objective. In the same time they select a priori which weight to give to each signal. 

In Appendix B, a detailed introduction to mono- and multi-objective optimisation is 

provided. 

2.2 Objective functions of spectroscopic, calorimetric and hydrogen 
uptake data 

In order to fit the kinetic and thermodynamic reaction parameters (e.g. rate 

constants, activation energies, reaction enthalpies and pure component spectra) of a 

proposed model to experimental data, an objective function of the type 

 2
exp

1

ˆ( )
nt

s i
i

ssq y y


   (2.1) 

was considered, where yexp and ŷ  are the experimental and predicted values for a 

particular analytical signal and nt is the number of experimental data points over time. 
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Equation (2.1) above denotes the loss function and in the entire thesis is assumed to 

be the sum of squared errors of fit for the particular in-situ measurement. The number of 

experimental points nt is written for each signal as ntA, ntq and ntg i.e. the number of 

experimental points for the spectroscopic, calorimetric and gas uptake signals respectively. 

The symbol ssqs refers to the sum of squared errors for a generic signal, s. In the following 

section the respective formulas of ssq are described for the spectroscopic (ssqA), power 

(ssqq) and hydrogen uptake (ssqg) in-situ measurements. 

2.3 Influence of temperature 

As the measurements were carried out at different temperatures, the temperature 

dependence of rate constants was represented using an Arrhenius model according to 

Equation (2.2) below [Mezaki 1967; Bunce 1988; Buzzi-Ferraris 1999; Furusjö 2003]: 

 A 1 1
( ) ( ) expr ref

r ref

E
k T k T

R T T

           
 (2.2) 

Tr is the temperature of reaction, EA is the activation energy (J·mol-1), R is the ideal 

gas constant (J·mol-1K-1), Tref is the reference temperature (K) and k(Tref) is the value of the 

rate constant at Tref. This representation of the Arrhenius law was chosen as in this form the 

correlation between the pre-exponential factor and the activation energy is reduced, 

compared to the standard form. 

Similarly, temperature dependences of equilibrium or adsorption constants, K(Tr), 

can be represented by van’t Hoff’s equation 

 1 1
( ) ( )expr ref

r ref

H
K T K T

R T T

           
 (2.3) 

with ΔH being the formation enthalpy. 

2.4 Calculating the sum of squared errors of spectroscopy data 

Consider a two-dimensional matrix of time dependent absorbance spectra Y 

arranged such that each spectrum is stored as a row. Y has the dimension ntA×nw, the 

number of acquired spectra as a function of time by the number of wavelengths or 

wavenumbers. According to Lambert-Beer’s law, spectroscopic measurements can be 

decomposed into the product of a matrix of concentration profiles C and a matrix of pure 

component spectra A. C has the dimension ntA×ns, the number of spectra as a function of 

time by the number of absorbing components in the reaction mechanism. A has the 
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dimension ns×nw, the number of absorbing components in the reaction mechanism by the 

number of wavelengths or wavenumbers. Due to the presence of measurement noise and 

other sources of error this decomposition is never perfect. This difference is captured in the 

residuals matrix RA  

 Y = CA + RA (2.4) 

Given a matrix of absorbance data Y, it is possible to determine how well a given 

reaction mechanism and its associated parameters such as rate constants and activation 

energies fit the measured absorbance data. The first step is to compute the concentration 

profiles that form the columns of the matrix of concentration profiles C [Dyson et al. '03]. 

In simple mechanisms this can be done explicitly, in more complex cases numerical 

methods are used. The corresponding best calculated pure component spectra A are 

determined by linear regression using C and the measured data Y. 

  +A C Y  (2.5) 

where C+, the pseudo inverse matrix, is defined as -1( ) T T+C C C C  (as C is not a 

square matrix and cannot be inverted directly). The matrix of residuals RA is then 

determined by subtracting the calculated data CA from the measured data Y. It is important 

to note that RA is a function of the calculated concentration profiles in C and not of the 

linear parameters A. This is shown in Equation (2.7). The elements of RA are then squared 

and summed together to produce the sum of squared errors 

 RA = Y - CA (2.6) 

substitute Equation (2.5) for E : 

 
2

,
1 1

- ( )
Ant nw

ij
i j

ssq

 

 

  


A

A A

R Y CC Y I CC Y

R
 (2.7) 

where ntA and nw are the number of experimental spectroscopic data points and 

number of wavelengths or wavenumbers respectively, and i and j are indices for rows 

(absorption at constant time point) and columns (absorption at constant wavenumber) 

respectively of the residuals matrix RA. When treating multiple data sets of the same 

chemical system (e.g., starting from different initial concentrations of the chemical species 

or using different temperatures of reaction), it is possible to fit a global chemical model to 

all the data simultaneously. There are two modes in which this can be achieved, details of 

which can be found in literature [Bugnon et al. '94; Dyson et al. '97; Dyson et al. '99]. 
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In this thesis, a global model was fitted to multiple data sets with a different set of 

estimated pure component spectra for each temperature just for the case studies presented 

in Chapter 3.4, so that any differences in molar absorptivity at different temperatures were 

taken into account. 

Figure 2.1 shows graphically how the two modes of treating multiple data sets 

work; if it is assumed that the absorption spectra Ai are temperature dependent the situation 

is depicted in Figure 2.1a, while in Figure 2.1b the dependence of the absorption spectra of 

the different components on temperature is assumed to be negligible. For second order 

global analysis, Equation (2.4) is written as Yi = CiAi + Ri for each one of the available na 

data sets, and the dimension of Yi is ntAi×nw, the number of acquired spectra for the i-th 

data set by the number of wavelengths or wavenumbers, Ci has the dimension ntAi×ns, the 

number of spectra for the i-th data by the number of absorbing components in the reaction 

mechanism, Ai is a matrix of pure component spectra for the i-th data set with dimension 

ns×nw as in Equation (2.4) but now its elements depend on the temperature, and Ri is a 

matrix of residuals of the i-th data set, and has the dimension ntAi×nw.  

a)

 

b)

Y1 C1

A
R1

Y2 C2 R2

Yi Ci Ri

Yna Cna Rna

x= +

Ytot = Ctot××Atot + Rtot Ytot = CtotA + Rtot 

Figure 2.1: Second order global analysis. a) The absorption spectra depend on temperature. b) The 
temperature dependency of the absorption spectra is negligible. 

Given the na data sets, the individual Yi’s are vertically concatenated to form a 

matrix Ytot of dimension Σnti×ns. Similarly the Ci’s and Ri’s are concatenated to form the 

matrices Ctot’s (ΣntAi×ns) and Rtot’s (ΣntAi×nw). The corresponding concatenated Equation 

(2.8) is not a proper matrix product and is written as ××, which refers to Figure 2.1a. 

 Ytot = Ctot××Atot + Rtot (2.8) 
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In the case of negligible temperature dependency of the absorption spectra a slightly 

different mode of calculation is required (Figure 2.1b). Ytot, Ctot and Rtot are defined as 

above, only Atot is replaced by one single matrix A and Equation (2.8) is replaced by 

 Ytot = Ctot×A + Rtot (2.9) 

2.5 Calculating the sum of squared errors of calorimetric data 

The aim of the evaluation of the sum of squared errors of power data is the 

determination of the reaction enthalpy and the kinetic model parameters such as the rate 

constants and activation energies. Power data collected from a calorimeter contains 

information about the reaction to be modelled, but also about other processes that can not 

be separated from the power signal such us mixing processes or heat losses. Usually, heat 

of mixing and heat losses are not part of the empirical model. As a consequence, these 

unmodelled phenomena contribute to the sum of squared errors in addition to the noise of 

the experimental data. Due to the novel design of the reactor, the power output of the 

reaction can be directly measured under isothermal conditions, without the need of any 

mathematical baseline corrections due to changes in the heat-flow characteristics through 

the reactor jacket. For a short summary on the treatment of the power signal refer to 

Appendix A and [Zogg et al. '03]. While the use of a dynamic energy balance for the 

simultaneous determination of reaction enthalpies and heat capacities has been reported 

[Puxty '04], this is only appropriate when data are collected under nonisothermal 

conditions. According to the energy balance for an isothermal calorimeter operating as a 

batch or semi batch reactor, an equation for the measured reaction power q [W] at the time 

ti (s) can be written as follows: 

 q,
1

( ) ( ) ( , ) ( )
nr

i i j i j r j i
j

q t V t t k H r


 
     
 

  (2.10) 

where nr is the number of elementary steps in the reaction, V is the volume [L], j  

the reaction rate of the j-th elementary step [mol L-1 s-1] and ΔrHj the reaction enthalpy of 

the j-th elementary step [J mol-1]. The residuals rq,i capture the errors between the model 

and the experimental data. The calculation of the measured reaction power with time as a 

vector q can be done using matrix notation according to Figure 2.2. The product of the 

reaction rate law for each elementary step and the volume (yielding the rate law in mol·s-1) 

are arranged into the columns of matrix N, the reaction enthalpies into the vector ∆rH and 

the residuals into the vector rq, 
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 q=N·ΔrH + rq (2.11) 

Given a vector of power data q, it is possible to determine how well a given 

reaction mechanism and its associated rate constants and activation energies fit the 

measured power data in an analogous procedure to spectroscopic data of Equation (2.9). 

The columns of the matrix N can be calculated from the model and the pseudo-inverse N+ 

can be determined. The reaction enthalpies ∆rH can be estimated by linear regression: 

 ΔrH = N+·q (2.12) 

Given N and ∆rH the residuals and sum of squares can be calculated and expressed 

as a function of the calculated reaction rates in N. 

 rq = q - N·ΔrH (2.13) 

Substitute Equation (2.12) for r H  

 
q

2
q q,

1

- ( )

qnt

i
i

ssq

 



  



r q NN q I NN q

r
 (2.14) 

r

x

= +q

nr

nr

ΔrH1

ΔrH2

⁞

ΔrHnr

V1υ11 ...
V1υ21

V1υ1,nr

V1υ2,nr

⁞

Vntυnt,1 ... Vntυnt,nr

N ntq ntq

 
Figure 2.2: Calculation of the reaction power q as a vector. Where ntq is the number of power data 
acquisition points. 

2.6 Calculating the sum of squared errors of hydrogen uptake data 

In the catalytic reaction of hydrogenation carried out in a semi batch reactor, the 

hydrogen uptake provides a direct measure of the overall rate of hydrogenation. The 

overall rate of hydrogenation ṅH [mol s-1] can be expressed as a function of the rate of 
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hydrogenation of each individual elementary step according to the equation [LeBlond et al. 

'98] 

 H H 1..
1

(t ) ( ) ( , )
nr

i i j j i nr i
j

n V t t k r 


 
   
 

  (2.15) 

where nr is the number of elementary steps in the reaction, V is the volume (L), υj the rate 

law of the j-th elementary step (M s-1) and μjH the hydrogen stoichiometry of the j-th 

elementary step. The residuals ri capture the errors between the model and the 

experimental data. The in-situ hydrogen uptake measurements provide information about 

the overall reaction. In this sense hydrogen uptake behaves similarly to reaction 

calorimetry, since it is sensitive to the (stoichiometry of the) hydrogenation steps, while 

calorimetric measurements incorporate the same kind of information in the heat of 

reactions per step. 

Alternatively to the Equation (2.15), which considers the hydrogen uptake 

proportional to a differential measure like the reaction rate, it is possible to compare the 

integrated hydrogen uptake signal to the predicted number of moles hydrogen consumed 

according to the mass balance of the overall reaction of hydrogen. Considering Equation 

(2.16) [Billeter et al. '09]: 

  0 0 0 ,
1

( ) ( ) ( ) ( )
nr

i j i jk k dos k i i
j

k t t V c V t V c t rn  


      (2.16) 

where nk(ti) is the number of moles of the species k (with k ≠ H) at time ti, nr and ri 

have the same meaning as in Equation (2.15), ξj (mol) and μjk (-) refer to the extents of 

reaction and stoichiometric coefficient in the j-th reaction step and k-th species 

respectively. 

In Equations (2.16) hydrogen does not appear explicitly as its concentration is 

assumed constant, thus lumped in the relevant rate or adsorption constants. From Equations 

(2.16) the extents of reaction ξj is determined. The hydrogen uptake is then calculated from 

Equation (2.17), introducing for ξj the value determined with Equation (2.16) 

 HH H H
1

( ) ( ) or
nr

i j i j
j

n t t 


    n ξμ  (2.17) 

With nH [nt×1] vector of hydrogen uptake, ξ [nt×nr] matrix of reaction extents and 

μH [nr×1] vector of stoichiometric coefficients for hydrogen. 

This approach is useful when the reaction is carried out in semi-batch mode and the 

pressure of hydrogen is kept constant in the reactor. Figure 2.3 shows a scheme on how the 

hydrogen uptake is measured. The measurement is carried out indirectly by measuring 
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pressure drop in the H2 reservoir as a function of time. Although the pressure drop is an 

integral property, it may be measured with such a high frequency using a fast response 

pressure transducer that reasonably accurate rate data may be obtained [LeBlond et al. '98]. 

Using the appropriate equation of state or a virial equation, the pressure in the reservoir can 

be directly transformed in number of moles of hydrogen consumed, which can be then used 

in Equation (2.16). 

E-1 E-2

V-2

C-1

L-2V-1

PT-2P-1

L-1

 
Figure 2.3: Scheme for the measurement of the hydrogen uptake rate during a catalytic hydrogenation 
reaction. The computer C-1 controls pressure reducing valve V-1 in order to keep the pressure in the reaction 
vessel E-1 constant. The rate of hydrogen uptake is measured indirectly by recording the pressure drop rate in 
the reservoir E-2. The computer C-1 records the pressure and temperature in E-2, and controls the pressure in 
E-1. P-1 and PT-2 represent the pressure/pressure-temperature sensors. The reactants are dosed via the line 
L-1. The H2-Reservoir E-2 can be refilled via the line L-2 and the three-way valve V-2. 

2.7 Determination of ΔH and A 

The determination of ΔH and A was carried out using the linear least squares 

optimisation instead of calculating the pseudo inverse matrix N+ and C+ respectively. The 

BVLS algorithm solves the minimization problem of Equation (2.18) iteratively [Stark et 

al. '95] 

 min ||   -   ||     such that        M B D bl B bu    (2.18) 

where B is the estimated molar absorptivity Ai for all the coloured species at the 

wavelength i=1…wn, or the estimated enthalpy of reaction ΔH, M is the matrix C or N and 

D is the spectroscopic data Y or power data q respectively. bl and bu are the lower and 

upper bounds set on the solution. In Chapter 3 the BVLS algorithm was implemented in a 

C routine, whereas in Chapter 4 the Matlab backslash operator was used.  

2.8 Description of the MOGA algorithm  

The treatment of the three signals (power, spectra and gas uptake) is summarized in 

Figure 2.8. This scheme is identical to the one shown in Figure 2.7, apart for the treatment 



IMPLEMENTATION OF THE MOGA 

 15

of the additional signal of hydrogen uptake. This additional signal has been treated as an 

additional integral signal. The experimental data and the empirical model to be fitted to 

them are provided to the algorithm. The empirical model is in the form of a system of 

differential equations derived according to the kinetic theory. The initial conditions for 

each experiment are the boundary conditions for the system of differential equations. These 

initial conditions are the initial number of moles and volume of the reaction mixture and 

the feeding properties such as concentration and feeding rate. Experiments at different 

temperature were treated like in Chapter 3.1.1 for the case of two signals, assuming that the 

temperature dependence of the rate constants was represented by the Arrhenius model. A 

detailed description of the implementation of the dependency of the rate constants with the 

temperature is reported in Chapter 3.1.1. In the practical implementation of the algorithm 

to the hydrogenation of nitrobenzene, the tested models did not show meaningful values for 

all the fitted rate constants and activation energies. Therefore, it was decided to test the 

models considering the data at different temperatures separately and consider their 

dependency on the temperature afterward. 

2.8.1 Implementation 

The fitness or goodness of fit for a set of parameters is estimated as the sum of squares of 

the residuals: the smaller the sum of squares, the better the fit. As more than one types of 

measurement were considered the fitness is a multi-objective function, with a sum of 

squares arising from each type of measurement. A set of candidate solutions is called a 

population and it consists of a number of individuals. The i-th population within the GA 

will be represented as Pi. Figure 2.4 shows a block diagram representing schematically 

each of the steps in the implementation of the MOGA outlined below. A more detailed 

introduction to genetic algorithms is given in Appendix B.8. 

2.8.1.1 Setup 

Load the data and define the kinetic model and the MOGA’s operational parameters. 

2.8.1.2 Initialization 

Create the first generation P1 of the GA by randomly generating a set of np candidate 

solutions within their defined range. The range is defined by an upper and lower bound for 

each parameter to be investigated. It is also possible to initialize the population or a part of 

it with a set of individuals obtained from previous run or selected by the user. 
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2.8.1.3 Selection  

Apply a selection method to the current generation to select candidate solutions for 

inclusion into a breeding population for the next generation. There are many different 

strategies for this selection process and they all need to ensure that those candidate 

solutions leading to a better fit are more likely to be included into the breeding population, 

without affecting the capability of the algorithm to explore large areas of the parameter 

space. In this case, the fitness function is a bi-objective function and a Pareto ranking 

method, which will be described in the following section, is used to rank the members of 

the population. The ranking roulette selection [Lucasius et al. '94] was then used to select 

members for inclusion into the breeding population for the next generation. Note that the 

selection process generates 3 different sets: a Pareto and a non-Pareto set during the 

ranking phase, and an np/2 selected individuals set. Furthermore, the ranking is based on 

the evaluation of the current population np together with the actual Pareto set npp (see 

paragraph 2.8.1.9), which is stored in each generation of the population. 

2.8.1.4 Crossover 

Crossover is applied to the breeding population. First, two candidate solutions are 

randomly selected from the breeding population. The vector representing these candidate 

solutions are then combined in some way to produce a new candidate solution that retains 

aspects of both parent strings. The type of crossover used was the scattered crossover (also 

called uniform crossover, UX), which is defined as follows 
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 (2.19) 

where P1 and P2 and C1 are the chromosomes of the parents and the child 

respectively and r is randomly selected and its value could be 0 or 1 only. Thus, the 

chromosomes of the child are arranged in a vector made by a random sequence of the 

genes of both parents. 

2.8.1.5 Gaussian mutation and multiple restart 

Mutation is applied to each new solution resulting from crossover. Each element 

within the new solution vector may be randomly changed with some given probability 

(usually less than 10%). Mutation helps in preventing premature convergence of the 
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algorithm by providing random disruption in order for different regions of the solution 

space to be explored.  

In shrinking Gaussian mutation the mutation rate decreases linearly with the number 

of generations. The Equation (2.20) below describes the variance applied to each parent 

that undergoes Gaussian mutation: 

 1 1 ,j j

ng nsn
var var nsr mod j

nsn ng

     
  

   (2.20) 

where varj is the variance of the j-th generation (usually var1 = 1), nsr is a number 

that controls how the variance shrinks from one generation to the next (i.e. shrink rate, 

usually 0 ≤ nsr ≤ 1), ng is the total number of generations, mod(j,ng/nsn) is the common 

residue of j divided by ng/nsn, nsn is the number of times the variance will shrink and 

restart for all the generations (i.e. shrink number or multiple restarts number). The number 

of genes that will be actually mutated nmn is obtained from the mutation rate nmu, as 

percent, divided by 100, and the population size np, according to the Equation (2.21).  

 
100

nmu
nmn np   (2.21) 

For those randomly selected genes of a given individual which undergo mutation, 

the new values are obtained from the original ones as shown in Equation (2.22), 

 ( )i i jC P randn ub lb var      (2.22) 

where Ci is the new gene (or child) and Pi is the original gene (or parent) are the 

gene produced by mutation and the gene selected from the population respectively. In this 

implementation of the genetic algorithm, each gene corresponds to a real number 

representing a parameter to be identified, ub and lb are the lower and upper bound for the 

selected gene (or parameter), i.e. the search space initially set for that parameter, sqrt(varj) 

is the square root of the variance, i.e. the standard deviation calculated with Equation 

(2.20), and randn is a normally distributed (pseudo) random number, with mean 0 and 

standard deviation 1. For more details, see Appendix B.8.2. 

2.8.1.6 Replacement  

The process of crossover and mutation is repeated until the required number, np - 

nra, of new candidate solutions has been created and the fitness of each new solution is 

evaluated. These solutions are combined with nra new individuals randomly generated 

within the initial range of the search space and with the Pareto optimal set (rank of 1) of 

maximum npp individuals from the current generation to form the new population. 
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Figure 2.4: Scheme of the implemented multi-objective genetic algorithm (MOGA). The two steps with 
darkened borders are the fitness function (top) and the Pareto ranking (bottom). The fitness function is 
described with more derails in Figure 2.7 (bi-objective case) and Figure 2.8 (tri-objective case). The Pareto 
ranking is described in Figure 2.5. 

2.8.1.7 Termination (break criterion) 

The maximum number of iterations was used as the termination criteria, for the 

MOGA in Chapter 3 (two signals) and for the first run of MOGA in Chapter 4 (three 

signals). For the second run of MOGA in Chapter 4, the break criterion consisted in the 

relative change of the average of np population scores for each signal was below 0.1% 

(Chapter 4.4.2). 
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2.8.1.8 Pareto ranking method 

For a given unranked population of x1… npx solution vectors in the i-th generation 

and a stored Pareto set from the previous generation of x1… xnpp (npp = 0 in the first 

generation) the union of the two sets was sorted and ranked as shown in Figure 2.7.  

 
Figure 2.5: Scheme for the Pareto non-dominated ranking method. 

All non-dominated individuals in the population (the Pareto set) received the same 

rank of 1. They were then removed from the sorting process and using the remaining 

members of the population a second Pareto set was found and the individuals forming it 

received rank 2 and were removed. The process was repeated until all individuals received 

a rank. The roulette selection method [Lucasius et al. '94] was then used to select the np/2 

members of the breeding population. The task of ranking the individuals according to their 

domination property can be carried out in several ways. These ways differ according to 

their simplicity, efficiency and according to whether the whole population is ranked or just 

divided in a non-dominated and a dominated set. 

2.8.1.9 Pareto optimal set size and diversity 

In the ranking method the number of Pareto optimal individuals (for the generation) 

is limited and cannot exceed npp. If more then npp members make up the Pareto optimal 

set the number is reduced by calculating a function of closeness between the individuals: 
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min min

( )
2

  


x x x x
x i kD  (2.23) 

where x ≠ xi, x ≠ xk and xi ≠ xk are individuals on the Pareto curve. The individual 

with the smallest value of D (distance to the other points) is removed. This process 

continues until the desired number of points is achieved. Besides limiting the number of 

points, this helps to keep the diversity of the Pareto set and obtain better surface spread. It 

is important to normalize the Pareto surface prior to applying the reduction algorithm, since 

it is based on the Euclidean norm. If the objective functions have values significantly 

different to each other, the one with a smaller value will produce Pareto points that are the 

closest near their optimal value, and thus be chosen for elimination, generating a Pareto 

surface that is denser near the optimal value of the objective functions with the smaller 

absolute value. A simple way to normalize the individuals with a minimal impact on the 

characteristic of the whole Pareto non dominated set is to divide the value of each objective 

by the standard deviation of that objective in the whole Pareto non dominated set, thus the 

average distance for each objective is normalized and then the Euclidean distance is not 

biased by a different range in the objectives and thus no objective is preferred for 

elimination. Additionally this normalization leave unchanged the relative distance and 

distribution of individuals in the search space. 

2.8.2 Hybrid method 

Following the multi-objective global optimisation of the genetic algorithm, a multi-

objective local optimisation is carried out on the final Pareto curve. This step is necessary 

since a GA is not efficient in finding the overall optimum and a gradient or direct search 

method is preferable for this task.  

Under nonlinear constraints, the minimization is carried out according to the 

Equation (2.24): 
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Figure 2.6: Graphical representation of multi-objective optimisation using a local optimisation method for a 
bi-objective function R = f(x) = [f1(x),f2(x)]. The objective function f2 is being optimised under the constraint 
G(x) = f1(x) - f1(x0) ≤ 0. 

where S is the search space, xl and xu the lower and upper parameters’ bound, nvo is 

the number of objective functions in the multi-objective optimisation, x0 refers to the initial 

values of the parameters (optimisation starting point) and G(x) is the vector of nonlinear 

constrains. In this way, the objective function fi is optimised while the others, fj with i ≠ j, 

are bounded by their value at the point x0. The resulting multi-objective local optimal 

values are always non-dominated. The process is iterated for each objective function and 

for a given number of intervals along the Pareto surface, until a new locally optimised 

Pareto surface is produced with a given degree of refinement. The Matlab function fmincon 

[Matlab '08] was preferred as a local optimiser. Figure 2.6 illustrates how the constraints 

are set up for a multi-objective local optimisation using conventional optimisation tools. 

Given a point x0 on the Pareto surface from which the optimisation starts on the objective 

function 2, a cutting plane is drawn that excludes the greyed area from the search. Thus, 

the optimal point achieved will be a non-dominated one. 
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The Hybrid method in Chapter 4 (three signals), was replaced by a run of the 

Newton-Gauss-Levenberg/Marquardt (NGL/M) optimiser [Maeder et al. '07] followed by a 

second run of the MOGA, as explained in Chapter 4.4.2. 

2.8.3 MOGA with two signals 

Figure 2.7 shows the scheme of the fitness function used for the simultaneous 

evaluation of two signals (power and spectra). Here the fitness function was coded with the 

C programming language, whereas for the three signals case of Chapter 2.8.4, the Matlab 

programming language was used. Initially the empirical kinetic model to be fitted to the 

data is fed into the algorithm, as a system of differential equations. In this way, for a given 

set of reaction parameters characterizing the model it is possible to evaluate the fitness of 

the model compared to the experimental data. This process is similar in the case of two or 

more signals. Reaction parameters are the rate constant and the activation energies, in case 

different temperatures are considered. The spectra of the pure components and the 

enthalpies of reaction are also obtained from the fitting process, using a linear optimization 

process, nested in the main non-linear optimization loop.  

The determination of pure component spectra and reaction enthalpies is not 

necessary for the process of fitting rate constants and activation energies to the 

experimental signals, as previously explained in Equations (2.7) and (2.14) respectively. 

But these quantities are useful by-products of the fitting procedure and provide a method of 

setting additional constraints to the system by e.g. bounding the values of the absorbance of 

the pure component spectra at each wavelength and of the reaction enthalpy for each 

reaction step. If the optimal value for each of them is out of bound, the linear optimization 

process will force their values to the bound and consequently the non-linear fitness 

function will give a less optimal value. Initially (see Figure 2.7) the MOGA is fed with: 

 the reaction model in form of the matrix of the stoichiometric coefficients V 

[ncc×nr] and the matrix of the reaction order W [ncc×nr], for all the 

components ncc and elementary reaction steps nr respectively. 

 the kinetic parameter k [nr×np] values and activation energies EA [nr×np], 

where nr is the number of elementary reaction steps in the model and np the 

population size of the MOGA. 

 the recipes for all the experiments. This consist of a vector of the temperature of 

each experiment T [ne×1], a vector of the dosing rates for each experiments udos 
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[ntq×ne], a matrix of the concentration of the dosed feedstock Cdos [ncc×ne], 

where ncc is the number of components and ne the number of experiments. 

 the calorimetric q [ntq×1], infrared Y [ntA×nw], where ntq and ntA are the 

number of calorimetric and infrared experimental points and nw the number of 

wavenumbers considered in the infrared signal. 

The first generation of reaction model parameters k [nr×np] and activation energies 

EA [nr×np] is fed into the MOGA. This means that given an initial range where the reaction 

model parameters should lie, a set of random values for these parameters is generated. This 

set of random numbers is organized in a matrix (k,EA) that from the algorithmic 

perspective forms the initial population of the MOGA. The matrix (k,EA) [2nr×np] is 

obtained concatenating horizontally the matrix k and EA. The rows of this matrix are the 

individuals, and each individual is made of genes i.e. the reaction model parameters and 

activation energies. Given a population np and a number of reaction parameters nr to be 

fitted, the MOGA is fed with a matrix [2 nr×np] of real valued numbers that are randomly 

generated in an initial search space selected by the user. In case the considered experiments 

were carried out at the same temperature, the matrix of the activation energies EA. is 

neglected. The initial search space is selected according to some heuristic, i.e. a plausible 

range for the reaction parameters.  

Given a reaction model, defined as a matrix of stoichiometric coefficients V and 

exponents of the reaction order W, a set of differential equation is constructed. A selected 

individual, who comprises a set of reaction parameters, is fed on the numerical integrator 

that solves the system of differential equations representing the empirical model with these 

reaction parameters. The ODE solver used was the LSODA [Radhakrishnan et al. '93]. In 

order to solve this system of differential equations, the recipe of the considered 

experiments must be fed to the system of differential equations. 

The recipe consists of the concentration of the species in the calorimeter C0, the 

initial volume of substrate in the calorimeter V0, the speed udos and the composition Cdos of 

the feedstock. The result is the matrix of concentration profile C of each species as a 

function of the reaction time. The reaction rates matrix N is calculated in the same time by 

finite difference method. The reaction rates matrix N and the concentration profile matrix 

C are inverted or better are fed in a linear optimization loop together with the experimental 

data to produce the reaction enthalpies ΔH and the pure component spectra matrix A. This 

process is described in details in Chapter 2.4 and 2.5 for the calorimetric and infrared 

signals respectively. At this point the sum of the squares of the residuals is calculated.  
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Figure 2.7: Scheme of the multi-objective genetic algorithm implemented for the simultaneous fitting of the 
in-situ calorimetric and spectroscopic signals. 

The experimental data is used by the algorithm twice for the power signal and for 

the spectroscopic signals. For the power and spectroscopic signals the experimental data is 
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used first to produce the reaction enthalpies ΔH and pure spectra matrix A in the linear 

optimization loop (see Chapter 2.7), and then to calculate the sum of the squares ssqq and 

ssqA for the power and the spectroscopic signal respectively. 

The calculation of the sum of squares for the spectroscopic ssqA and power ssqr 

signals are described in detail in Chapters 2.4, 2.5 respectively. The vector formed by the 

sum of the squares of the two signals (ssqA, ssqq) is the fitness value of the parameter (k, 

EA) fed to the algorithm. The whole population of parameters (thin dotted line in Figure 

2.7) will be evaluated and produce a matrix of fitness value, R, of size [np×nvo] where np 

is the size of the population to be evaluated and nvo the number of experimental signals 

evaluated, that in this case is two: spectroscopic and power signals. C = (c1… cncc) is a 

matrix of size nt×ncc, with ncc number of chemical components. Similarly, N is a matrix 

of size ntq×nr, where ntq is the number of the experimental power data points. 

A linear least squares optimisation is then carried out in order to evaluate estimated 

pure spectra A and enthalpy of reaction rH, according to Equation (2.5) and (2.12) 

implemented according to Equation (2.18). Using the estimated pure spectra and enthalpy 

of reaction the difference between the calculated and measured spectroscopic and power 

data are determined according to Equations (2.7) and (2.14) respectively. The sum of 

squares of the residuals for the spectroscopic and power data (ssqA, ssqq) is then calculated. 

This is the output value of the fitness function. The sum of squares is calculated for each 

individual and fed to the genetic algorithm (dotted lines in Figure 2.7). Table 2.1 

summarizes the conditions used to run the MOGA in the case studies considered.  

2.8.4 MOGA with three signals 

The scheme for the treatment of the in-situ calorimetric, spectroscopic and hydrogen 

uptake signals is reported in Figure 2.8. The algorithm for the two signals case reported in 

Chapter 2.8.3 is also suitable to describe the treatment of the three signals case with few 

adaptations. The algorithm is fed as for the two signals case with the reaction models, the 

recipes for all the experiments and the calorimetric, spectroscopic and hydrogen uptake 

data.  

Additionally, the algorithm must be provided with a vector υH specifying which 

component is the hydrogen uptake among the ncc components of the model considered. 

The concentration profiles are selected from the profiles calculated and contained in the 

matrix C and compared to the gas uptake signal g [ntg×1] in order to calculate the sum of 

square error ssqG (Chapter 2.6). The integration of the ODE system was carried out with 
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the Matlab’s function ode15s (stiff ODE solver), as here the fitness function has been 

coded with the Matlab programming language, whereas in the two signal case of Chapter 

2.8.3, was coded with the C programming language. 

The triplet (ssqg, ssqA ssqq) represents the fitness of the individual (reaction 

parameter set). The sum of squares is calculated for each individual and fed to the genetic 

algorithm (dotted line in Figure 2.8). Table 2.1 summarizes the conditions used to run the 

MOGA for both two and three signals case studies. 

Table 2.1: Summary of the parameter settings used in the MOGA to carry out the evaluation in all the case 
studies. 

PARAMETER SYMBOL TWO SIGNALS THREE SIGNALS 

   FIRST RUN SECOND RUN 

initial population ni -- -- 3 
max. Pareto points npp 50 50 18 
max. iterations ng 2000 1000 -- 
population size np 50 50 50 
mutation rate % nmu 10 10 0 
new solutions % nra 5 5 0 
selection function  non dominated non dominated  non dominated 
crossover function  scattered  scattered  scattered 
mutation function  Gaussian Gaussian -- 
mutation shrinking rate nsr 1 1 -- 
mutation shrinking number nsn 10 5 -- 
initial variance  var1 1 1 -- 
tol. on the average scorea tols -- -- 0.1 % 
a break criterion uses the relative tolerance on the mean score for the Pareto point defined as 
(average(ssqi+1,j)-average(ssqi,j))/ average(ssqi,j)<0.001, with i = current generation, j = power, spectroscopic 
or gas signals. 

2.8.5 MOGA with more than three signals 

Given two or more signals, once the fitness values are calculated, the application of 

the MOGA algorithm is straightforward and is in principle the same as described in 

Chapter 2.8.1. The treatment of each analytical signal must be instead adapted in order to 

make available a fitness value i.e. the sum of squared residuals, ssq. The sum of squared 

residual vectors, of the nt time measurement are concatenated to form the matrix of the 

fitness, i.e. residuals, R, of size [nt×nvo] that is the fed to the MOGA.  
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Figure 2.8: Scheme of the multi-objective genetic algorithm implemented for the simultaneous fitting of the 
in-situ calorimetric, spectroscopic and hydrogen uptake signals. 

 
 





 

 

C h a p t e r  3   

MOGA WITH TWO SIGNALS: CALORIMETRY AND INFRARED SPECTROSCOPY 

3.1 Introduction 

In this chapter, the application of the algorithm described in the previous chapter to 

a two steps reaction of epoxidation of (benzoquinone) 2,5-di-tert-butyl-1,4-benzoquinone 

(BQ) is reported. The experimental data, which was collected in previous studies, is briefly 

introduced. Three case studies are here considered. The first case is reported in literature 

and consists of a base catalysed epoxidation. The second case was proposed in order to 

explain a data set that could not be explained by the first model itself. Therefore the second 

case study is a model involving an acid-base pre-equilibrium of the hydroperoxide and the 

catalytic base to form the respective ions. It is assumed in this model that hydroperoxide 

anion is the actual active species for the peroxidation of quinine. 

3.2 Epoxidation of 2,5-di-tert-butyl-1,4-benzoquinone 

Three reaction schemes were considered (given in Figure 3.1, Figure 3.2 and Figure 

3.3). The first reaction scheme, S1, consists of a two step base catalysed epoxidation 

reaction (Figure 3.1).  
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O O
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Figure 3.1: Reaction scheme S1. Consecutive base catalysed (Triton-B) epoxidation of benzoquinone with 
hydroperoxide as used in case studies CS1. 
 

The mathematical model derived for this scheme is given in the scheme of Equation 

(3.1) where Vr is the volume of the reaction mixture [L], υ1 and υ2 are the 1st and 2nd 

reaction rates [M s-1], k1 and k2 are the 1st and 2nd rate constants [M-2 s-1], dos is the dosing 

rate [L s-1] and cdos,TR is the concentration of catalyst [M], Triton B, TR, in the dosing 

solution. This model consists of six species: benzoquinone, BQ, hydroperoxide, HP, 
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3,5-epoxy-2,5-di-tert-butyl-1,4-benzoquinone (monoepoxide, E1), 2,3,5,6-di-epoxy-2,5-di-

tert-butyl-1,4-benzoquinone (diepoxide, E2), Triton-B, TR, and tert-butanol, BU. The 

mechanism has two elementary steps and is the model for case study CS1. Although the 

catalyst concentration after dosing is considered to be constant, it is included into the rate 

laws for υ1 and υ2 to account for its change in concentration during the short dosing time 

(24 seconds). 
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 (3.1b) 

Previous work suggested that the model S1 did not completely explain the 

experimental findings. More specifically, experiments were conducted at 30°C varying the 

volume of hydroperoxide and scheme S1 was used to evaluate the results [Zogg et al. 

'04b]. It was found that the values of the kinetic parameters were depending on the volume 

of hydroperoxide. As a consequence, the mathematical model of Equation (3.1a) and (3.1b) 

was extended to be also a function of the reaction order. The result was that a negative 

reaction order was found to be optimal for hydroperoxide. These findings suggest that a 

reaction scheme with a pre-equilibrium between hydroperoxide and Triton-B and 

equilibrium between butanol and Triton-B may model the measurements more accurately. 

In the following section, two additional case studies are described, in addition to case study 

1 (CS1). 

In case study 2 (CS2), a reaction scheme, S2, including the aforementioned 

equilibrium is considered (given by Figure 3.2). This model includes hydroperoxide anion, 

HP-, butanol anion, BU-, and Triton-B cation, TB+, in addition to the species of scheme S1. 
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There are six elementary steps in the mechanism and the mathematical model is given in 

Equations (3.2a) and (3.2b).  
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Figure 3.2: Reaction scheme S2 suggested by Zogg [Zogg et al. '04b] involving pre-equilibrium. 

According to this scheme the active species for the peroxidation is the conjugated 

base of hydroperoxide. In a first pre-equilibrium step, hydroperoxide is deprotonated by 

Triton-B (base) to form the active species. Afterwards, the two step epoxidation takes 

place by reaction of the substrate and hydroperoxide anion to form the mono- and di-

epoxides. The butanol anion formed eventually reacts with the protonated base to produce 

butanol and neutral Triton-B. Such a model is also supported by mechanistic 

considerations [Moore '67; House '72]. 
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 (3.2a) 

A third reaction scheme, S3, depicted in Figure 3.3, was considered in case study 3 

(CS3). S3 is a simplification of S2. In this scheme the equilibrium of S2 are considered to 

be shifted towards the hydroperoxide anion and butanol respectively, and, consequently, 
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the reverse reactions to form hydroperoxide and the butanol anion have been removed. S3 

has the same number of species as S2 but only four elementary steps. 
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Figure 3.3: Reaction scheme S3. A simplification of scheme S2 with the equilibrium assumed to be shifted 
towards the hydroxide anion and butanol. 
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3.3 Materials and methods 

The measurements and instrumentation used have been described in previous works 

[Zogg '03; Zogg et al. '04b]. In summary, benzoquinone and hydroperoxide were added to 

a small volume (< 45 mL), stirred calorimeter equipped with a thermostat. The solvent was 

a mixture of 1,4-dioxane, ethanol and water. The reaction was initiated upon addition of 

the catalyst (benzyl-tri-methyl-ammonium hydroxide, Triton-B) in methanol. The two step 

epoxidation reaction was monitored by power compensation calorimetry and mid-IR 

spectroscopy using an in-situ ATR probe. Thirteen experiments were conducted under 

identical conditions of concentration and volume, which are summarized in Table 3.1. Four 

of these experiments were conducted at 17°C and three experiments at each one of the 

following temperatures: 24°C, 30°C and 36°C. This reaction has been previously studied 

by several authors independently [Hairfield et al. '85; Mayes et al. '92; Bijlsma et al. '98].  

Table 3.1: The experimental conditions used for all measurements. Four measurements were made at 17°C 
and three measurements at each one of the following temperatures: 24°C, 30°C and 36°C. Further details are 
reported in [Zogg '03; Zogg et al. '04b].  

n0,BQ 
[mmol] ([g])a 

VDioxan 
[ml] 

VEthanol 
[ml] 

n0,HP 
[mmol] ([ml])b 

n0,TR 
[mmol] ([ml])b 

5.85 (1.29) 19.2 8.00 58.5 (8.00) 1.78 (0.800) 
a The quantities reported are in millimoles, in brackets are the equivalent quantities in grams.  
b The quantities reported are in millimoles, in brackets are equivalent quantities in milliliters dosed 

3.4 Case studies 

3.4.1 Case study 1 

In case study 1, the mathematical model for scheme S1 (see Figure 3.1 and 

Equations (3.1a) and (3.1b)) was applied to the data sets derived according to the 

conditions of Table 3.1 for the temperatures mentioned in the previous paragraph. In 

addition to the conditions specified in Table 2.1 that are common to all case studies, in 

order to run the algorithm it is necessary to define a range for the parameters being 

optimized. The chosen ranges are given in Table 3.2 below. 

Table 3.2: Defined parameter ranges for case study 1. 

PARAMETER UNIT VALUE / RANGE 
Tref [°C] 30 
k1, k2 @ Tref [M-2s-1] 0 ÷ 1 
EA,1, EA,2 [kJ mol-1] 10 ÷ 150 
ΔrH1, ΔrH2 [kJ mol-1] -1000 ÷ 0 



CHAPTER 3 

 34

After 2000 iterations the MOGA optimisation was terminated. It was possible to 

follow the convergence of the algorithm during the optimization by plotting the value of 

the fitness function for the best individual for each objective function, as shown in Figure 

3.4. These plots show that after less than 100 iterations, the optimal values for each one of 

the two objective functions have almost been reached and very little improvement is made 

in the remaining 1900 iterations.  

 
Figure 3.4: Case study 1. From the top: final Pareto curve following application of the MOGA and local 
optimization; inset - the best ssq values per generation; and values of ki(Tref), EA,i and Hi at each Pareto point 
for each reaction step. A dotted line shows the values for ‘best’ parameter set, i.e. the median of the Pareto 
front. 

Figure 3.4 also shows the final Pareto curve. Once the optimised Pareto curve is 

available, it is possible to plot the value of each optimised parameter (rate constants at Tref 

and activation energies) as a function of their position in the Pareto curve. This is depicted 

in Figure 3.4 below the Pareto curve. It is interesting to note that k2(Tref) and EA,1 show a 

monotonic behaviour when passing from a power-like optimal value to a spectroscopic-

like one, while the others pass through a minimum or maximum value at about the same 

location (power ssqq  200 [W2]). This position corresponds approximately to the point 

where the ssqq for the spectroscopic data reaches a minimum. Beyond this point there is 

very little improvement in the spectroscopic ssq. However, interpretation of this behaviour 

is conceptually difficult. To obtain an estimate for the true value of each parameter, a 
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simple approach is to take the median value. Then, the range spanned by the parameter 

values can be considered as an estimate of the error. These values for all case studies are 

given in Table 3.5, where the respective values determined by [Zogg et al. '04b] using a 

combined mono-objective evaluation method can also be found. These values are in good 

agreement with those determined using the MOGA. The accuracy of this fitting procedure 

can be better evaluated by plotting the calculated and measured data as a function of time.  

 
Figure 3.5: Comparison of the experimental spectroscopic (1651, 1688, 1722 cm-1) and calorimetric data 
(blue circles), in plots from the top to the bottom respectively, with the profiles (red lines) calculated using 
the ‘best’ parameter set, i.e. corresponding to the median point of the Pareto curve, for case study 1 and for a 
measurement at 30ºC. 

In Figure 3.5, the calculated and measured spectroscopic and power data are plotted 

for CS1 for a selected number of wavenumbers (1651, 1688, 1722 cm-1), showing an 

accurate model prediction. The calculated pure component spectra were also examined and 

appeared to be reasonable (good peak shapes and positions and consistent species to 

species changes), although this interpretation lies beyond the scope of this manuscript. 

Reducing the number of absorbing species in the model to five species did not result in a 

significant change in the final result. 
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3.4.2 Case study 2 

This case study considers the reaction scheme S2 of Figure 3.2. The specific 

parameter ranges used to carry out the fitting are defined in Table 3.3. It was assumed that 

the equilibrium did not contribute to the thermal signal and their respective reaction 

enthalpies were set to zero. 

Table 3.3: Defined parameter ranges for case study 2 

PARAMETER UNIT VALUE / RANGE 
Tref [°C] 30 
k+1, k-2 @ Tref [M-1 s-1] 0 ÷ 10 
k-1, k+2 @ Tref [M-1 s-1] 0 ÷ 5 
k3, k4 @ Tref [M-1 s-1] 0 ÷ 1 
EA,1,.., EA,4 [kJ mol-1] 10 ÷ 100 
ΔrH1, ΔrH-1, ΔrH2, ΔrH-2 [kJ mol-1] 0a 

ΔrH3, ΔrH4 [kJ mol-1] -1000 ÷ 0 
a) The enthalpy of reaction for the elementary steps 1 to 4 is set to zero. 

As can be seen in Figure 3.6 the MOGA reached a nearly optimal value for the 

spectroscopic data objective function in less then 200 iterations. Although the power data 

objective function undergoes significant improvement in the first 300 iterations, it 

continues to improve by small amounts throughout the optimisation. Additionally, in the 

Pareto optimal curve the final result shows a low density of points, particularly in the 

vicinity of the minimal ssq value for the power signal. This suggests that the MOGA had 

difficulty to reach an optimal value for the power signal. The lower density arises because 

the Pareto points in the vicinity of the minimum for the power signal become dominated 

and are given a poor ranking. For this case study it was not possible to apply the local 

search algorithm to refine the Pareto optimal points due to failure of the local optimization 

algorithm to converge. This suggests that for this reaction scheme the response surface for 

the objective functions could be discontinuous as this can cause the local optimization to 

fail. As a consequence, the Pareto plot of Figure 3.6 is the one achieved from the final 

iteration of the MOGA without local optimization. 
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Figure 3.6: Plots for case study 2. From the top: final Pareto curve following application of the MOGA 
without local optimisation; inset - the best ssq values per generation; and values of the parameter ratio and 
difference (k1(Tref),…, k-2(Tref) and EA,1,…,EA,-2 respectively for reaction steps 1/-1 and 2/-2) or the parameters 
(r.s. 3 and 4) . 
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The values of the parameters at the points on the Pareto curve are also presented in 

Figure 3.6. Negative activation energies were determined for some Pareto points for both 

the forward and reverse reactions of the second equilibrium (reactions 2 and -2 in Equation 

(3.2b)). This indicates that the rate constant becomes smaller at higher temperature. This 

makes no physical sense unless only the equilibrium constants are defined rather than the 

parameters for the individual forward and reverse reactions. If only the equilibrium 

constants are defined, then the parameters can take on any values that result in the 

appropriate temperature dependent behaviour of the equilibrium. So, rather than plotting 

all the parameters for the pre-equilibrium, only the ratios of the forward and reverse rate 

constants (at Tref) and the difference in activation energy between the forward and reverse 

reactions have been displayed. In this context, the ratio of the rate constants reflect the 

magnitude of the equilibrium constants and the difference between the activation energies 

determines whether the temperature dependent shift in the equilibrium constants is positive 

or negative with increasing temperature. The difference between the activation energies for 

both equilibria shows quite stable behaviour. However, the ratios 1

1

( )

( )
ref

ref

k T

k T

 and 2

2

( )

( )
ref

ref

k T

k T

 

fluctuate randomly between 0.5 and 2. This suggests that the temperature dependent 

behaviour of the equilibrium is well defined but the actual equilibrium constant values are 

defined only within a range and not uniquely. This is supported by the failure of the local 

optimisation. Including the equilibrium most probably leads to over-fitting the data. The 

inclusion of the equilibrium leads to no significant improvement in the optimal ssq value 

for the spectroscopic data and only marginal improvement for the calorimetry data, even 

though the model complexity has been increased significantly. The reaction rates, 

activation energies and reaction enthalpies of elementary steps 3 and 4 (reactions to form 

mono- and di- epoxide respectively) show quite stable values, with just the enthalpies 

being divergent in the direction of the spectroscopic optimum (towards the right side of 

Figure 3.6, rH3 > rH4). A higher value for the enthalpy of reaction of the first 

epoxidation step was also observed in CS1 to the left of Figure 3.4 (power data optimum). 

Although this difference is not expected based on the reaction mechanism [Zogg et al. 

'04b], it suggests that other unmodelled thermal phenomena are taking place (e.g. heat of 

mixing) at the beginning of the reaction, justifying a higher enthalpy value of the first 

epoxidation step. The median parameter values and their ranges are given in Table 3.5. 
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3.4.3 Case study 3 

The reaction scheme used in case study 3 is a simplification of S2. The 

mathematical derivation is not given but it is the same as for the one for S2 of Equations 

(3.2a) and (3.2b) , with the k-1 and k2 steps removed. Taking into account that the 

introduction of the equilibrium in CS2 resulted in poorly defined parameters, the 

equilibrium are simplified to two reactions only. Since the catalyst Triton-B (pKa of its 

conjugate acid is > 15) is a stronger base than hydroperoxide (pKa = 12.80), it is assumed 

that the given equilibrium between hydroperoxide and Triton-B is shifted towards the 

Triton-B cation and the reverse reaction does not contribute [Howard et al. '97]. Similarly, 

the conjugate base of butanol (pKa = 19.80) [Howard et al. '97] is a stronger base than 

Triton B and is assumed that the reaction between the butanol anion (BU-) and Triton-B 

cation (TR+) is shifted towards the neutral products. The result is the four step reaction 

scheme S3 (see Figure 3.3). The parameter ranges defined for the fitting of this model are 

given in Table 3.4. 

Table 3.4: Defined parameter ranges for case study 3 

PARAMETER UNIT VALUE / RANGE 
Tref [°C] 30 
k1, k2 @ Tref [M-1 s-1] 0 ÷ 10 
k3, k4 @ Tref [M-1 s-1] 0 ÷ 1 
EA,1, EA,2, EA,3, EA,4 [kJ mol-1] 10 ÷ 100 
ΔH1, ΔH2, ΔH3, ΔH4 [kJ mol-1] -1000 ÷ 0 

The optimisation was carried out using only the MOGA, as again the local 

optimisation of the hybrid method performed poorly showing a lack of convergence. No 

plots are shown for this case study, but in summary the final Pareto optimal set was 

extremely scattered even after 2000 iterations of the MOGA. The points were not equally 

spaced and they could be clustered at specific positions. Compared to the previous case 

studies, a significantly smaller ssq was achieved for the power data (80-92 W2). This was 

expected, as the degree of freedom for the fitting of the power data is greater due to the 

two additional reaction enthalpy parameters. 
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Table 3.5: All determined parameter values for all case studies. The parameter values are expressed as the 
median of all Pareto optimal points. Errors are expressed as ± the parameter range. Also given is the 
minimum ssq value for each objective function for each case study. Literature data from evaluation with a 
combined mono-objective method is given in brackets [Zogg et al. '04b]. 

CASE 
STUDY 

MINIMUM 
ssq 

REACT. 
STEP 

k a EA,i rH 

 
Power 
[W2] 

Spectra 
[-] i [M-2 s-1] b [M-1 s-1] c [kJ mol-1] [kJ mol-1] 

1 172.8 2.53 
1 

2 

+0.04
-0.090.34  (0.24) 
+0.03
-0.040.10  (0.070) 

+1
-860  (60) 
+3
-473  (70) 

- +60
-20180  (-180) 

- +30
-20170  (-200) 

2 101.0 2.53 
1 

-1 

2 

-2 

3 

4 

+10
-2050  
+7
-338  

+11
-1629  
+1
-425  

+0.02
-0.080.46  

+0.05
-0.010.13  

+7
-6127  

+5
-717  

+29
-51-24  
+6
-4-69  

+1
-165  

+0
-1858  

--- 

--- 

--- 

--- 

- +30
-0160  

- +10
-20200  

3 80.3 2.52 
1 

2 

3 

4 

+0.2
-03.2  

+0
-123  

+0.09
-00.33  

+0.024
-00.074  

+20
-10-230  

+25
-1821  
+0
-075  

+3
-471  

- +0.9
-25.6  

- +2
-1117  

- +10
-30180  

- +40
-0150  

a at Tref = 30 ºC. 
b The rate constants are third-order for CS1. 
c The rate constants are second-order for CS2 and CS3. 

Nevertheless, the Pareto curve was not smooth and lacked convexity suggesting that 

a trade off between the objective functions was difficult to achieve. The smoothness and 

convexity of the Pareto curve is an important consideration, along with the ssq and the 

model complexity, when considering the validity of a particular fitting result. A lack of 

smoothness and convexity suggests that it is not possible to find a good trade off between 

the objective functions. This means that the proposed model is incorrect for at least one or 

both of the objective functions. The determined parameter values are given in Table 3.5. 

The rate constants at Tref for both epoxidation steps (reaction 3 and 4 respectively) were 

found to be in the same range as in CS2 (0.1 – 0.4 M-1s-1). The activation energy for the 

first reaction (formation of the Triton-B cation) was large and negative. This makes no 

physical sense and most likely simply controls the availability of the hydroperoxide anion 

for reaction in the epoxidation steps. From inspection of the calculated concentration 
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profiles with the determined parameter values (in particular k1(Tref) and k2(Tref) being 10 to 

100 times greater then k3(Tref) and k4(Tref)) hydroperoxide immediately reacts with all 

available catalyst and the catalyst is immediately regenerated upon production of the 

butanol anion. Basically, this makes reactions 1 and 2 redundant as long as they are fast 

enough for Triton-B and the butanol anion to be steady-state species. Furthermore, the 

calculated reaction enthalpies for steps 1 and 2 are insignificant compared to steps 3 and 4. 

3.5 Summary 

In summary, the results for evaluation of the schemes S1, S2 and S3 using the 

MOGA in the three case studies clearly indicate that the simplest scheme S1 gives the best 

overall result. Application of the MOGA in CS1 yielded a smooth and convex Pareto curve 

which could be further refined using the local optimisation hybrid method. All the 

determined parameter values were well defined and physically realistic and the agreement 

between measured and calculated data was good. 

The extension of S1 to include equilibrium (CS2, CS3) has resulted in poorer 

performance of the MOGA both in their full and simplified forms respectively. More 

specifically, it led to a number of physically unrealistic parameter values and poorly 

defined objective function response surfaces, which made hybrid local optimisation 

impossible. Furthermore, the resulting Pareto curves were less smooth and in the case of 

CS3 less convex. The reduced ssq values which were observed for the power data 

objective function for CS2 and CS3 were not significant, when compared to the poorer 

MOGA performance and the large increase in model complexity and degrees of freedom. 

3.6 Conclusions and outlook 

Measurements of base catalysed consecutive epoxidation of 2,5-di-tert-butyl-1,4-

benzoquinone by tert-butyl-hydroperoxide using Triton-B as the catalyst have been 

evaluated using a new multi-objective genetic algorithm with Pareto optimal selection, a 

multiple restart scheme and hybrid local optimisation. The use of Pareto optimal selection 

allows reaction schemes to be fitted simultaneously to measurements arising from different 

sources without weighting of the data. Three proposed reaction schemes of varying 

complexity were fitted to 13 measurements carried out at four different temperatures in 

three case studies (CS1, CS2 and CS3). The MOGA allowed the calculation of the rate 
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constants, activation energies and reaction enthalpies of the proposed schemes on the basis 

of simultaneous fitting to spectroscopic and calorimetry power measurements made online.  

The final result was a Pareto optimal curve showing the trade-off between the two 

objective functions. It was also possible to evaluate the reaction schemes against each other 

based on the improvement in the ssq with increasing model complexity, the physical 

validity and the order of magnitude of the parameter values and the relative smoothness 

and convexity of the Pareto curves. The result was that the simplest proposed reaction 

scheme (S1) had the best performance, the reaction occurring in two steps without 

additional complexity.  

Because the MOGA is a genetic algorithm, good solution sets can be found even 

when poor or no estimates of the range of the search space for the parameters are available. 

The MOGA proved to be robust and resistant to ill defined response surfaces that lead to 

failure of the final hybrid local optimisation in CS2 and CS3.  

A significant advantage of the Pareto optimal approach used in the MOGA is that it 

allows any number of additional types of measurement to be incorporated into the 

evaluation. In this study there were only two objective functions and the Pareto points 

could be plotted in two dimensions. A third signal was added (Chapter 4), detailed results 

will be discussed there. 

 
 



 

 

C h a p t e r  4   

MOGA WITH THREE SIGNALS: CALORIMETRY, INFRARED 
SPECTROSCOPY AND HYDROGEN UPTAKE.  

4.1 Introduction 

This chapter discusses the application of the MOGA (Multi-objective Genetic 

Algorithm) described in Chapter 2 to the determination of the kinetic and 

thermodynamic parameters for the heterogeneously catalysed hydrogenation of 

nitrobenzene, considering three different analytical signals simultaneously: 

calorimetric, spectroscopic and hydrogen uptake. The analysis of three signals 

simultaneously is more complex than the simultaneous analysis of two analytical 

signals (calorimetric and spectroscopic) that was considered in Chapter 3 [Gianoli et al. 

'07].  

Heterogeneous catalytic processes are common in industrial practice as they 

allow high conversions and fast reaction rates that may reduce the need for further 

purifications [Bartholomew et al. '05]. 

As far as small scale analytical instruments are concerned, recent year’s 

progress led to devices equipped with several in-situ analytics thus providing 

additional insight into the reactions studied [Blackmond '05; Tummala et al. '05; 

Minnich et al. '07; Tjahjono et al. '09; Stemmet et al. '10]. 

The kinetic measurements for the hydrogenation of nitrobenzene (NB) to 

aniline (AN) over Pd/C catalyst considered in this chapter were carried out employing 

a small scale reaction calorimeter developed in house [Visentin et al. '04; Visentin '05]. 

The experimental work and corresponding kinetic analysis, based on a quadratically 

corrected empirical Langmuir-Hinshelwood (LH) rate law, and considering the three 

signals (calorimetry, infrared and hydrogen uptake) separately were carried out by 

[Visentin '05; Visentin et al. '06].  

In this work the ER model is considered as a particular case of the more general 

LH model, where a substrate in the gas phase, hydrogen in this case, reacts without 

being adsorbed on the catalyst surface. More details are provided in Appendix D.1. 
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In the present work, a novel model based on uncorrected LH ideas is presented, 

and all three analytic signals are fitted simultaneously in the Pareto sense. The Pareto 

set is the best trade-off among the optimal values for each of the three signals. Fitting a 

model to different signal separately, generally results in a different set of optimal 

model parameters. Indeed, each analytical signal gives insights into different 

phenomena involved in the reaction, i.e., heat production/consumption (calorimetry), 

concentration profiles of reactants, products and, if any, of intermediates (infrared 

spectroscopy), and rate of hydrogen consumption (hydrogen uptake).  

 
Figure 4.1: Best fit of very simple Eley-Rideal (ER) and Langmuir-Hinshelwood (LH) models to the 
power signal for the hydrogenation of nitrobenzene. 

The hydrogen uptake signal used in the fitting algorithm consisted of the 

number of moles of hydrogen consumed as a function of time. Initially, experimental 

data were fitted to classical models for the heterogeneous catalytic hydrogenation of 

NB, e.g. Langmuir-Hinshelwood (LH) and Eley-Rideal (ER) type of models. However, 

very simple LH and ER models proved to be inadequate to simulate the features of the 

measurements, particularly when the calorimetric signal was considered (Figure 4.1). 

Further details on LH and ER fits are presented in Chapter 4.4.1. For a short summary 
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of models for heterogeneously catalysed reactions and their derivation refer to 

Appendices D.2 to D.8. 

When the substrate conversion is almost complete the power signal drops 

suddenly, suggesting a switch in mechanism, towards a higher reaction order. The blue 

full line in Figure 4.1 shows the drop in reaction rate for the power signal of a 

hydrogenation experiment at 50°C. A similar drop in the power signal towards the end 

of the reaction has been reported as highly relevant for other reaction systems 

[Sempere et al. '98] but has not been modelled. 

In Chapter 4.4.1, a model screening is performed. For this, selected target 

models were fitted to the power signals in order to identify the most suitable one(s) for 

subsequent detailed MOGA analysis in Chapter 4.4.2. Two models produced a good 

fitting of the experimental data: a) a quadratically corrected empirical LH rate law 

[Visentin et al. '06], and b) a novel model based on plain LH/ER theory, without the 

need of a corrective term (see Appendix D.1 for a definition of LH and ER models). In 

fact, it can be mathematically shown that these two models are equivalent (see 

Appendix D.9.1). In its non-quadratically corrected representation (model (g) in Table 

4.5), however, the model can formally be interpreted such that adsorption of NB and 

AN appear to occur on different catalytic sites. Implications on this will be discussed in 

Chapter 4.4.3, including an attempt to relate the model mechanistically to Michaelis 

Menten type elementary reaction steps as proposed by [Blackmond '05]. 

First, a short literature review on the hydrogenation of NB (Chapter 4.2) and the 

experimental setup (Chapter 4.3) will be presented. 

4.2 Hydrogenation of nitrobenzene 

Many important intermediates of fine chemical industry are obtained from the 

hydrogenation of nitro aryl substituted compounds [Vaidya '02; Blaser et al. '03; 

Bartholomew et al. '05; Maxwell '05; Corma et al. '06; Tadepalli et al. '07; Blaser et al. 

'08; Meng et al. '09; Sangeetha et al. '09; Serna et al. '09]. Moreover, the catalytic 

hydrogenation of nitrobenzene is a standard reaction used to test the performance of 

catalysts.  

The reaction mechanism originally proposed by [Haber '98] for this reaction, 

involved nitrosobenzene and phenylhydroxylamine as intermediates. An updated 

version is shown in Figure 4.4. 



CHAPTER 4 

 46

Despite the fact that hydrogenation of nitrobenzene is a quite common reaction, 

its detailed mechanism is still not fully understood. The reaction has been intensively 

investigated since almost hundred years. 

Literature from 1940 to 1999 

[Scholnik et al. '41] investigated the hydrogenation of nitrobenzene and the acid 

form, sodium salt, methyl and ethyl esters of nitrobenzoic acid over Raney nickel, 

activated with platinum chloride. 

[Samuelsen et al. '50] reported the complete conversion of nitrobenzene to 

aniline without formation of intermediates in case the reaction is carried out on a 

Raney nickel catalyst pretreated with chloroplatinic acid. 

[Line et al. '52] studied the hydrogenation of nitro compounds over Adams 

Platinum catalysts in glacial acetic acid and reported that using deuterium as reactant 

rather than hydrogen gave a fast deuteration of the nitro group but no evidence of 

deuterium exchange with the strongly adsorbed glacial acetic acid, supporting the 

Eley-Rideal mechanism for the hydrogenation of nitrobenzene.  

[Debus '59] proposed for the hydrogenation of nitrobenzene a complex scheme, 

involving nitrosobenzene (NSB), azoxybenzene (AZXB), azobenzene (AZB), 

phenylhydroxylamine (PHA) and hydrazobenzene (HB). Using a nickel catalyst he 

observed a strong deactivation probably due to an oxidation step. A mechanism similar 

to the [Haber '98] process was suggested, and the following ranking of reactivity 

towards hydrogenation was proposed for the intermediates involved: NSB >> NB > 

PHA >> AN and AZXB > AZB > HB. 

[Gharda et al. '60] investigated the gas phase hydrogenation of nitrobenzene at 

400°C over a copper catalyst and concluded that the rate of reaction is proportional to 

the square root of the concentration of hydrogen. [Rihani et al. '65] carried out the 

reaction over a nickel catalyst at 275-350°C and reported an analogous behaviour. For 

both cases an activation energy of 16.5 kcal/mol was indicated. 

Liquid phase hydrogenation of nitrobenzene has been widely investigated. Yao 

and Emmet reported the hydrogenation of nitrobenzene at room temperature and 

atmospheric pressure with colloidal rhodium and palladium [Yao et al. '59], colloidal 

platinum [Yao et al. '61] and Raney nickel[Yao et al. '62]. They found that non 

degassed catalysts converted nitrobenzene to aniline by a first order reaction with 

respect to hydrogen. The order of reaction with respect to nitrobenzene was found to be 
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in the range from 0 to 1 depending on the catalyst concentration. Under an intrinsic 

kinetic regime and with an order of reaction for NB in this range, the observed 

activation energy (EA) was 12-15 kcal/mol. In the case of transport limitation due to 

hydrogen film diffusion, the activation energy was found to be much smaller, i.e. in the 

range from 0 to 0.15 kcal/mol. [Yao et al. '59] studied the effect of solvent type and 

reported that with ethanol-water or dioxane-water mixtures as solvents for the 

hydrogenation of NB an increase of the concentration of water shifted the order of 

reaction for NB from 1 to 0.  

[Taya 1962] reported for the hydrogenation of p-nitrophenol in the same 

solvents as [Yao et al. '59] and with ruthenium as a catalyst an increase in the reaction 

rate and a change in the reaction order for NB as the water concentration increased.  

[Yao et al. '62] reported the formation of azoxybenzene together with aniline for 

the hydrogenation of NB over Raney nickel degassed before the reaction. 

[Metcalfe et al. '71] used butanol as the solvent and palladium-silver alloy as the 

catalyst for the hydrogenation of NB, claiming a rise in activation energy in the range 

of 5-25 kcal/mol by increasing the fraction of silver.  
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+
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-
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Figure 4.2: Scheme of selective hydrogenation of nitrobenzene (NB) to phenylhydroxylamine (PHA) in 
presence of the catalytic systems that contain the Co-ethylen-di-amine complex [Shebaldova 1974]. The 
scheme also shows the formation of aniline (AN) and azoxybenzene (AZXB), which are considered here 
as side products. 

[Shebaldova et al. '74] extended the above work attempting to selectively 

hydrogenate nitrobenzene to phenylhydroxylamine using catalysts based on rhodium, 

palladium and cobalt complexes. Aniline was not isolated in the products, but an 

increasing amount of azoxybenzene was found. The mechanism proposed is shown in 

Figure 4.2. Aniline was produced as the only product using iron or nickel as a catalyst.  

[Litvin et al. '75] made a detailed study on the influence of solvent for the 

hydrogenation of p-nitrobenzoic acid with catalyst based on ruthenium, palladium and 

rhodium salts. 
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[Burge et al. '80] studied the hydrogenation of NB over Raney nickel at constant 

pressure and temperature, and found that the consumption of NB and the formation of 

AN followed a zero order rate law.  

[Wisniak et al. '84] carried out the reaction in liquid phase, using Raney nickel, 

palladium, ruthenium and rhodium monometallic catalysts over carbon, and ruthenium 

over alumina. On Raney nickel, it was possible to detect nitrobenzene, aniline, 

azobenzene and azoxybenzene as the only species participating in the reaction, while 

the presence of nitrosobenzene and phenylhydroxylamine was not detected. For all the 

other catalysts, the conversion led directly to aniline without any intermediates. The 

initial rate of nitrobenzene hydrogenation was found to follow a pseudo-first order rate 

law in nitrobenzene. Additionally, [Wisniak et al. '84] found that the unusual change in 

specific weight during the hydrogenation of nitrobenzene under the experimental 

conditions adopted led to a volume increase of about 24% for total conversion of 

nitrobenzene. Consequently an effect on the reaction rate was observed, although the 

author estimated this effect not to be significant on the initial rate. The activation 

energy was found to be 14.1 and 9.7 kcal/mol for Raney nickel and 5% Pd/C, 

respectively, in the temperature range between 100 and 170°C. Above 170°C the 

kinetics was found to deviate from Arrhenius, showing a decreasing reaction rate with 

increasing temperature. Assuming a rate law of the Hougen-Watson type, shown in 

Equation (4.1), 

 
(kinetic term)(potential term)

(adsorption term)n
   (4.1) 

[Wisniak et al. '84] justified this behaviour with a stronger influence of the 

temperature on the adsorption constants of the different components. The effect of 

pressure on the initial rate has also been studied for Raney nickel by [Wisniak et al. 

'84], that determined a linear dependency between initial rate and pressure of hydrogen 

at 150°C up to a pressure of about 500 psi (34.5 bar), while further increase in pressure 

had no effect on the initial rate. At 170°C, however, no plateau was observed and the 

initial rate showed a monotonic increase in the range of pressure studied. [Wisniak et 

al. '84] tested several mechanisms for the hydrogenation of nitrobenzene over Raney 

Nickel on the basis of the work of [Debus '59], as an extension of the [Haber '98] 

mechanism. The best scheme among those proposed which showed a reasonable fit up 

to 40% conversion of nitrobenzene considers the reaction between nitrobenzene and 
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aniline to give azoxybenzene, indicated as a dotted red line in the scheme of Figure 

4.4. 

[Kut et al. '84] studied the liquid-phase hydrogenation of 2,4-

dimethylnitrobenzene to 2,4-dimethylaniline in the absence of solvent with 5% Pd/C 

catalyst in the temperature and pressure ranges of 40 to 80°C, and 6 to 100 bar, 

respectively. The apparent activation energy for the reaction was reported at EA = 40.7 

kJ mol-1. The nitro compound was found much stronger adsorbed on the surface than 

the corresponding amine. 

[Aramendia et al. '84] studied the influence of substituents on the reduction of 

aromatic nitro compounds over supported Pd catalysts. The reaction was favoured by 

electron-withdrawing groups attached to the ring. 

[Turek et al. '86] reported the liquid-phase hydrogenation of nitrobenzene in a 

slurry reactor with suspended Ni catalyst; on the basis of their results, a rate equation 

of the LH type was selected. 

[Petrov et al. '90] reported the kinetic model of nitrobenzene hydrogenation 

over industrial copper catalysts, considering the effects of mass transfer and catalyst 

deactivation.  

[Choudhary et al. '99] studied the catalytic hydrogenation of p-nitrocumene in a 

slurry reactor, using a Pd catalyst (1% wt), focusing on the effect of temperature, 

hydrogen pressure, support type, kinetic and mass transfer as well as intraparticle 

limitations. A Langmuir-Hinshelwood model was proposed based on the rate data in 

the kinetic regime. 

Non ideal behaviour of the catalyst surface 

In literature for heterogeneous catalysis, the case of decreasing heat of 

adsorption as the degree of coverage of the catalyst’s surface increases, is also 

considered. These cases are considered as deviations from Langmuir-Hinshelwood’s 

ideal behaviour. The Freundlich and Tëmkin isotherms are examples of how to 

describe surface coverage as a function of the energy of the surfaces [Satterfield '81; 

Gianoli '97].  

The adsorption isotherms for o-nitrophenol, o-aminophenol and water on a Pd/C 

catalyst with a load of 4.6% of palladium within the temperature range of (278-308 K) 

were investigated by [Choudhary et al. '99], for single- and multi-component 

adsorption of the above mentioned species. The sorption of different adsorbates was 
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found to be strongly influenced by the solvent and occurred in the following order: o-

nitrophenol > o-aminophenol >> water. [Choudhary et al. '99] reported that the single-

component adsorption isotherm data for all the adsorbates fitted the Langmuir 

adsorption isotherm. However, the Langmuir−Freundlich equation gives a better fit to 

the binary adsorption data above 308 K. Choudary’s results suggested that the 

adsorption of o-aminophenol  and o-nitrophenol in methanol over Pd/C catalysts does 

not follow strictly the Langmuir adsorption. The amount of substrate adsorbed per unit 

of catalyst for o-nitrophenol (NP) and o-aminophenol (AP) (e.g. in mg of substrate per 

Kg of catalyst) in the case of adsorption according to the Langmuir-Freundlich 

isotherm is given by Equation (4.2) and (4.3) below, and indicated with θNP and θAP 

respectively: 
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 (4.3) 

where θNP and θAP are the monolayer adsorption capacity of the catalyst, KAP 

and KNP the adsorption constant for AP and NP, c the concentration, n the exponent. 

According to the authors, the rate law =kθNPpH2 for the hydrogenation of o-

nitrophenol should use for the concentration of NP on the catalyst surface the Equation 

(4.2) above, rather than the simpler Langmuir adsorption isotherm. However, the 

resulting model may fit better the experimental data as a result of the increased model 

parameters (i.e. the exponential parameters nNP and nAP).  

[Relvas et al. '08] assumed for the hydrogenation of nitrobenzene over Ni/SiO2 

that the catalyst surface may change with time by contact with the reaction mixture. 

Consequently, they used a Langmuir-Freundlich equation to model the system. They 

claimed their model to be easy to implement and able to describe the reaction 

progression in a wide range of conditions.  

Recent literature 

[Le Bars et al. '04] studied the hydrogenation of 4-nitroacetophenone at 1 bar H2 

pressure and in the temperature range of 20-80°C using 10% Pd/C in ethanol. A 

pseudo-zero-order reaction rate in the substrate for most of the reaction was attributed 

to the strong binding of the organic substrate, and non-competitive adsorption of 
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hydrogen, commonly known as Eley-Rideal mechanism [Eley '41; Eley et al. '41]. For 

this mechanism the rate equation is usually represented by Equation (4.4) below: 

 
1

ER NB
ER

ER NB

k c

K c
 


 (4.4) 

where υER [mol·L-1s-1] is the reaction rate law for the Eley-Rideal model, 

kER [s-1], is a lumped parameter (compare with Equation (D.2) in Appendix D.1) 

containing the intrinsic rate constant as well as the constant concentration of hydrogen, 

KER [L mol-1] is the adsorption constant for the substrate to the catalyst and Eley-Rideal 

mechanism, and CNB is the concentration of the substrate, which in this specific case 

was a substituted nitrobenzene. The reaction rate was expected to switch from a 

pseudo-zero-order to a pseudo-first-order reaction as the surface of the catalyst is 

depleted by the substrate during the reaction. However, towards the end of the reaction 

the rate raised before finally falling to zero, thus showing a negative reaction order for 

the substrate towards the end of the reaction. The extent of the rise was found to be 

greater at lower temperature and for higher catalyst concentration. This kinetic 

behaviour was observed for substituted nitrobenzene and a catalyst with Pd crystallite 

size of 7.5 nm. The anomalous behaviour was interpreted by the authors as the shift of 

the dominant mechanism from ER to LH during the reaction. The LH mechanism of 

Equation (D.32) where the MARI approximation (see Appendix D.6) was applied can 

be easily transformed to Equation (4.5) below  
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LH NB
LH

LH NB
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K c
 


 (4.5) 

where υLH [mol·L-1s-1] is the reaction rate law for the Langmuir-Hinshelwood 

model, the intrinsic rate and adsorption constants are lumped together (compare with 

Equation (D.1) in Appendix D.1), to give the parameter kLH on the numerator, KLH is 

the adsorption constant for the substrate, while the adsorption of hydrogen is 

considered weak and thus negligible. 

At the beginning of the reaction, the substrate concentration is high and 

competitive hydrogen adsorption is inhibited. The reaction proceeds slowly according 

to the Eley-Rideal mechanism of Equation (4.4). As the concentration of substrate is 

depleted from the catalyst surface during the reaction, hydrogen can be allocated 

competitively on the free sites, and thus reacts according to the LH mechanism of 

Equation (4.5). The kinetic model proposed by [Le Bars et al. '04] consists of the 

combination of the two separate processes represented by Equations (4.4) and (4.5). 
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For the model screening in this work, it was assumed for Le Bars model that the 

overall reaction rate of hydrogenation of NB is given by the sum of Equations (4.4) 

and (4.5). The constants KER and KLH of Equations (4.4) and (4.5), representing the 

average binding constant for the substrate at high and low surface coverage, were 

reported at 60°C around 5 and 50 L mol-1, respectively, and in agreement with values 

previously reported in literature [Höller et al. '00]. This implies that the substrate-

catalyst binding energy decreases as the surface is covered by adsorbed molecules, in 

contrast to the simple LH mechanism where the binding energy is considered 

independent to the degree of surface coverage, and the authors assumed no competition 

between weakly and strongly bound sites. 

[Torres et al. '94] studied the three-phase catalytic membrane reactor for 

nitrobenzene hydrogenation, presenting a complete study of mass transfer mechanism 

in different reactor configurations.  

A more detailed scheme of the mechanism of hydrogenation of NB, considering 

hydroxylamine as a main intermediate [Gelder et al. '05] is presented in Figure 4.3. The 

authors studied the hydrogenation and deuteration of nitrobenzene and nitrosobenzene 

over a Pd/C catalyst. Nitrobenzene showed an isotopic effect while no kinetic isotopic 

effect was reported for nitrosobenzene for the first 15-20 min of reaction. Additionally 

nitrosobenzene was completely converted to azoxybenzene prior to the formation of 

aniline, while nitrobenzene was converted to aniline without any significant by-product 

formation. The rate of hydrogenation of nitrosobenzene was one order of magnitude 

lower than for nitrobenzene. The authors concluded that nitrosobenzene could not have 

been an intermediate in the hydrogenation of nitrobenzene and proposed the scheme of 

Figure 4.3, as a modified version of Haber mechanism of Figure 4.4. This modified 

scheme introduces Ph-NOH(a) as a surface intermediate for the hydrogenation of both 

nitrobenzene and nitrosobenzene. In the direct route (hydrogenation of NB) Ph-

NOH(a) reacts with adsorbed hydrogen whereas in the condensation route 

(hydrogenation of NSB) Ph-NOH(a) reacts with itself to eliminate water and produce 

azoxybenzene. As the direct route involves addition of hydrogen at each step, whereas 

the condensation route involves both the coupling reaction and the hydrogenolysis, a 

kinetic isotope effect would be justified. The slower rate of aniline formation for 

nitrosobenzene compared to nitrobenzene is in contrast to the results of [Debus '59] 

using Ni and Fe catalysts.  
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Figure 4.3: Scheme of the modified Haber mechanism for the hydrogenation of NB and NSB [Gelder et 
al. '05]. The common intermediate species, Ph-NOH (a), is suggested as a surface intermediate for 
hydrogenation of both nitrobenzene and nitrosobenzene 

Hydrogenation of nitrobenzene and nitrosobenzene over Raney Nickel, gave 

reaction profiles similar to the one obtained using Pd/C [Gelder et al. '05]. 

Nitrosobenzene was detected in this case in the reaction mixture when the reaction was 

carried out at 1 bar. [Gelder et al. '05] concluded that the presence of azobenzene and 

azoxybenzene in the by-products may indicate that the hydrogen flux was insufficient 

to inhibit Ph-NOH(a) coupling, even though the system may not be in a diffusion 

controlled regime. 

[Serna et al. '09] proposed for the chemoselective hydrogenation of 

nitroaromatic compounds over Au/TiO2 and Au@Pt/TiO2 a model combining the 

Hougen–Watson formalism, see Equation (4.1), and isotopic studies.  

[Sangeetha et al. '09] studied the effect of the support on the vapour phase 

hydrogenation of NB on 1 wt.% Pd supported on hydrotalcite, MgO and γ-alumina 

catalysts.  

Factors influencing selectivity 

Different selectivity can be observed according to the type of solvent and 

catalyst [Yao et al. '59; Kochetova et al. '01; Vaidya '02], reaction conditions and 

substituents on the aryl ring [Blaser '06; Corma et al. '06], supporting either the 



CHAPTER 4 

 54

condensation or the direct route (see Figure 4.4). Recently, [Blaser et al. '09] reviewed 

the progress made in the last decade for the selective catalytic hydrogenation of 

nitroarenes in the presence of other reducible functions. 

[Karwa et al. '02] studied the selective catalytic hydrogenation of nitrobenzene 

to phenylhydroxylamine over a Pt/C catalyst. The selectivity was higher at lower 

temperature, and could be correlated with the dielectric constant of the solvent, DMSO 

improving significantly the selectivity, and electron-releasing tendency of the 

substituent on the nitro-aromatic substrates. However, the reduction of NB with Pd/C 

catalyst showed no selectivity for phenylhydroxylamine. 

[Serna et al. '09] developed a bimetallic Au@Pt/TiO2 catalyst effective for 

hydrogenating nitroaromatic compounds in the presence of other sensitive 

functionalities.  
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Figure 4.4: Updated Haber scheme for the reduction of functionalized aromatic nitro compounds. 
Several steps are required to form the corresponding aniline via either the direct route (left) or the 
condensation route (right). The steps in the condensation route occur on the catalyst surface [Blaser '06]. 
A step involving NB and AN to give AZXB was proposed by [Wisniak et al. '84] and reported with a red 
dotted line.  
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The hydrogenation of a nitro group in the presence of reducible functional 

groups requires a modified catalyst system in order to avoid PHA formation 

[Nishimura '01; Sheldon et al. '01]. Phenyl hydroxylamine, PHA, is a toxic substance 

[Becker et al. '81; Nadeau et al. '03] and its accumulation is a potential hazard as it can 

lead to undesired side-reactions [Stoessel '93].  

Recently, a great effort to develop selective catalysts that limit its concentration 

in the final product has been made particularly with supported nanosized metal 

catalysts [Corma et al. '06; Corma et al. '07; Corma et al. '08; Grirrane et al. '08; Meng 

et al. '09; Serna et al. '09]. Care must be taken to ensure that the proper amount of 

catalyst is used and hydrogen is in excess. A very high catalyst loading may create a 

runaway reaction due to the heat released. If the system is lacking hydrogen, the 

concentration of potentially explosive intermediates, such as azo, azoxy, and hydrazo 

compounds, may increase to a dangerous level [King et al. '05].  

The experimental data considered in this work did not show any by-product. 

There was no evidence for hydroxylamine or any other intermediate species from the 

IR spectra (see Figure 4.6) [Visentin et al. '06]. 

In conclusion, the heterogeneous hydrogenation of nitroaromatic compounds 

was modelled by ER or LH type rate laws in most cases reported in literature. For 

some particular combinations of substrate, catalyst and solvent type, the reaction has 

shown to deviate from the above types of rate laws and extra corrective terms were 

employed. Also, rate laws were reported that considered the Freundlich model to 

describe the substrate-catalyst interaction, rather than the simpler LH or ER, to model 

the heterogeneously catalyzed hydrogenation of nitroaromatic compounds more 

accurately. 

4.3 Materials and methods 

In this work, data were considered that have been collected by [Visentin et al. 

'04; Visentin '05; Visentin et al. '06] in his updated version of Zogg’s original reaction 

calorimeter (see Chapter 3.3). Visentin studied the hydrogenation of nitrobenzene 

catalysed by Pd/C in the temperature range between 35 and 60°C at a pressure of 13 

bar (see Figure 4.5). 
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Figure 4.5: Simplified scheme for the hydrogenation of nitrobenzene (NB) to aniline (AN) [Visentin et 
al. '06]. 

Full details of the experimental setting and procedure are reported by [Visentin 

'05; Visentin et al. '06]. In summary, the reactor was filled with 35 mL of absolute 

ethanol and 0.078 g of 1% Pd/C, the stirrer was initially set at 400-500 rpm, and the 

desired reaction temperature was set. In a second step, the reactor was flushed with N2 

at atmospheric pressure to remove the air in the reactor, and then pressurized with H2. 

The H2 pressure in the reactor was increased from atmospheric pressure to the value of 

13 bar. 

Table 4.1 Recipe used for the hydrogenation of NB 

solvent  ethanol 35 mL 
catalyst Pd/C 1% 0.078 g 
substrate dosed nitrobenzene 4.1 g = 0.0333 mol 

(3.4 mL in 25.6 s) 
ratio catalyst/substrate  2.34 g mol-1 
stirrer speed  1200 rpm 
temperature in the reactor  35, 40, 45, 50, 60°Ca 

pressure in the reactor  13 bar (H2, const.) 
a One measurement each was considered at 35°C, 40°C, 45°C and 60°C, and three measurements were 
considered at 50°C. Further details are reported in [Visentin '05; Visentin et al. '06]. 

Later, the stirrer speed was increased to 1200 rpm. In a last step, 4.1 g 

(corresponding to 0.033 mol,  = 1.2 g mL-1) of NB were added with a constant dosing 

rate of 8 mL min-1. To determine the energy introduced by the dosing, qdos, the heat 

capacity of the feed (cP,NB = 1.76 kJ kg-1 K-1) was used. The reaction was followed for 

circa 1 h, until no further reaction was observed.  

All experiments were carried out under the conditions specified in Table 4.1. 

Five temperature levels have been considered: one experiment for each of the 

following temperatures, 35°C, 40°C, 45°C, and 60°C, and three experiments at 50°C. 

All experiments were first analysed separately, but ultimately considering the 

power, spectroscopic and gas uptake signals simultaneously. Table 4.2 shows the 

names of the experiments considered, their temperatures and number of sample points 

for each signal. In Chapter 4.4.1, several candidate rate laws have been fitted to the 
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power signal for an initial model screening (see Table 4.5) using Matlab’s 

implementation, lsqnonlin, of the Newton-Gauss-Levenberg/Marquardt (NGL/M) 

optimisation [Matlab '08] with Equation (2.14) as the objective function. Then, in 

Chapter 4.4.2, the two-step MOGA algorithm was applied to the most promising 

candidate, model (g) of Table 4.5, i.e. to the abovementioned uncorrected LH 

equivalent of Visentin’s model (f). 

 
Figure 4.6: Typical reaction spectra for the hydrogenation of nitrobenzene at 50°C. Spectra are baseline 
corrected. Evolutions of peaks A (1350 cm-1, N-O symmetric stretch), B (1530 cm-1, N-O asymmetric 
stretch), C (1505 cm-1, C-H bending) and D (1605 cm-1, N-H bending) are highlighted by a thick line.  

Two step MOGA approach 

For the Pareto optimisation of Chapter 4.4.2, a two step MOGA approach was 

implemented, rather than the hybrid method as outlined in Chapter 2.8.2 and as applied 

to the Epoxidation case studies in Chapter 3.4. In the 3-dimensional case, the hybrid 

method (using Matlab’s fmincon as a local constrained optimiser) did not lead to an 

improvement of the Pareto front. 

Initially, the MOGA is run to identify a region near the optimal model 

parameter values. Then, the Newton-Gauss-Levenberg/Marquardt (NGL/M) algorithm 

is applied to each signal individually, using as initial estimates the near optimal 

parameter sets provided by the first MOGA run. In a second run of the MOGA, 
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mutation and multiple restart (Chapter 2.8.1.5) were deactivated. As the new break 

criterion, rather than performing 1000 iterations, the average score (sum of squares) of 

the Pareto front should be below 0.1%. This allowed a better spread and optimized 

Pareto front. 

Note, the first run of MOGA is helpful, as it is robust for the search of optimal 

parameters in a large search space (see Appendix B). They provide good initial 

estimates for the subsequent individual NGL/M optimisations that generally converge 

faster but are more sensitive to initial guesses. Moreover, the MOGA searches the 

optimal parameter values for all signals simultaneously exploiting synergisms and 

providing robustness of the fit. 

 
Figure 4.7: Scheme for the identification of the model parameters. Initially, the MOGA is run to 
identify a region near the optimal model parameter values. Then, the Newton-Gauss-
Levenberg/Marquardt (NGL/M) algorithm is applied to each signal individually, using as initial 
estimates the near optimal parameter sets provided by the first MOGA run. In the last step, the MOGA is 
run a second time using as the initial population the optimal parameter values from the mono-objective 
NGL/M optimisations. 

4.3.1 Signal pre-treatment 

Power signal pre-treatment. For the compensation heater and Peltier elements 

(heat flow signal), current, voltage and temperature of the jacket and calorimeter 

content are recorded as a function of time (sampling frequency 10 Hz). The power 

signal [W] was then calculated following the procedure given by [Zogg '03] and 

presented in details in Appendix A.7. Here a short summary is provided: 

The power signal for the compensation heater is calculated according to Ohm ‘s 

law, Equation (A.8), from the current and voltage measured for the compensation 

heater. 

The heat flow signal is calculated from the power consumption of the Peltier 

elements and the heat flow through the jacket wall, Equation (A.6). The Seebeck S 

coefficient [V/K], the electrical resistance R of the Peltier elements [Ω], and the 

absolute heat conductivity κ through the Peltier elements and jacket [W/K] must be 
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determined by a calibration measurement, usually carried out before or after the 

chemical reaction of interest. 

The total heat of reaction is then calculated according to Equation (A.7). The 

heat loss is also calculated from Equation (A.7) before and after the end of the reaction 

studied, where the total heat of reaction is zero, and the only unknown term is the heat 

loss. The heat loss is assumed constant under steady state conditions, and proportional 

to the changes of the environmental temperature, as the temperature of the reactor 

content or the jacket temperature are constant during the experiment, Equation (A.10). 

In case a baseline drift was observed in the power signal, it was corrected 

mathematically. The drift was estimated from the power signals just before and also 

after the reaction. In this case, a deviation of the baseline from zero was assumed to 

depend on the instrument itself and was not related to the reaction. The baselines after 

and during the reaction were considered identical. If a gap between the baselines before 

and after the reaction was observed, this was attributed to the dosing only, and linearly 

interpolated for the dosing time. 

 
Figure 4.8: Hydrogenation of nitrobenzene at 50°C. The figure is divided in three subplots. The upper 
plot is the power signal measured as a function of time. The middle plot is the absorption as a function 
of time, for a selected peak (D), characteristic for aniline, at 1605 cm-1 (N-H bending, see Figure 4.6). 
The lower plot shows the gas uptake signal converted to hydrogen consumption in mol. The red circles 
are the sampling points used in the fitting process while the blue dots are the original experimental 
points before resampling. The resampling is carried out in order to reduce the computational time of the 
MOGA. 
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Spectroscopic signal 

For the infrared signal, a range of wavelengths where the signal is non-negative 

is selected. Figure 4.6 shows the IR spectrum for a representative hydrogenation 

experiment carried out at 50°C, in the fitted range between 1200 – 1750 cm-1. The 

range includes four characteristic peaks, two for the reactant and two for the product. 

No intermediates or by-products were observed. 

If required, a baseline drift was corrected mathematically by subtracting from 

the absorbance signal the values measured at wavelengths where no peaks could be 

observed and the signal was expected to show zero absorbance. 

Gas uptake signal 

As the instrument provided the pressure drop of hydrogen in a reservoir, this 

quantity had to be converted to hydrogen uptake in [mol/s]. This was achieved using 

the compressibility as given in Appendix C.2. Here, no baseline drift was observed. 

Table 4.2: Data points used in the model fitting for each experiment and signal. The original data sets for 
the power signal and gas uptake have a sampling frequency of 10 Hz. For the infrared signal the 
sampling frequency is around 0.1 Hz. 

EXPERIMENT  NO. OF DATA POINTS 
a 

  POWER SPECTR. 
GAS 

UPTAKE 

NB_35_33 @ 35°C 231 112 231 

NB_40_32 @ 40°C 231 112 231 

NB_45_31 @ 45°C 218 99 218 

NB_50_25 @ 50°C 208 89 208 

NB_50_26 @ 50°C 208 89 208 

NB_50_27 @ 50°C 218 99 218 

NB_60_29 @ 60°C 198 79 198 
a Note that the dosing period of 25.6 s was excluded for the fitting due to possible interferences of the 
heat of mixing to the power signal 

Resampling 

For the MOGA optimisation in Chapter 4.4.2, power, infrared and gas uptake 

signals have been resampled. The resampling is done in order to reduce the number of 

data points at which the integration of the calculated profile must be evaluated. This is 

done to speed up the calculations. The exclusion is carried out avoiding loss of 

significant information as the main criterion (see Figure 4.8). Power, spectroscopic and 

gas uptake signals are originally sampled at 10, 0.1 and 10 Hz, respectively. For the 
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initial model screening from the power signal only (Chapter 4.4.1), the resampling was 

not performed. 

Resampling must not be too drastic otherwise the shape of the signal on a 

subscale will change. Additionally, the distribution of the residuals after fitting will be 

different from the one given by the original data. Table 4.2 shows the number of 

experimental points considered for each experiment as a consequence of the 

resampling process. 

4.4 Reaction modelling 

This section is divided into three parts. In the first part, seven candidate models 

reported in literature for the reaction of hydrogenation of nitrobenzene with Pd/C, or 

similar reaction systems, were tested. For this screening, only the time resolved power 

signals were employed and fitted mono-objectively by a Newton-Gauss-

Levenberg/Marquardt (NGL/M) algorithm as they featured a higher complexity (an 

inverse S-shape) than the absorbance and hydrogen uptake signals (exponential), e.g. 

see Figure 4.8. Actually, most of the models reported in literature are suitable to fit the 

spectroscopic and gas uptake signals but fail as far as the power signals are concerned 

(e.g. see Figure 4.1 for the simple LH and ER rate laws. Therefore, the MOGA 

algorithm, developed especially for multi-objective problems, has not been applied on 

all these candidates. Details on the parameter fitting of the screened rate laws (Table 

4.5) have been omitted as sub-optimal models could be discarded based on visual 

inspection only (see Figure 4.9). The most promising rate law was selected and 

subsequently fitted by the MOGA as outlined in the second part, Chapter 4.4.2. In the 

third part, Chapter 4.4.3, mechanistic implications on this model and the fitted 

parameters will be discussed. 

Settings for the MOGA algorithm implementation 

In order to carry out the calculations for Chapter 4.4.2, the MOGA algorithm 

had to be fed with additional information, or settings, as reported in Table 4.3 below.  

Analysis of the temperature dependency 

All fittings were performed to one isothermal experiment at a time (rather than 

fitting all temperature dependent measurements simultaneously) to allow subsequent 

Arrhenius and Van’t Hoff type plots for (linear) validation. 
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Table 4.3: Common setting used by the fitness function. 

CONDITION SYMBOL SETTING 

number of IR components ns 2 
stoichiometric coefficient of H2

a μjH -3 
stoichiometric coefficient of NBa μjNB 1 
number of wavenumbersb wn 285 
upper bound for the enthalpy of reactionc ubΔH 0 
lower bound for the enthalpy of reactionc lbΔH -1000 
range for rate constantc k 0 – 1 
range for adsorption constantc K 0 – 100 

a used in the determination of the gas uptake signal according to Equation (2.16) 
b between 1200 and 1750 cm-1 

c k in [s-1], K in [M-1] and ΔH in [kJ mol-1] 

Table 4.4: Summary of the parameter settings used in the MOGA to carry out the evaluation of the case 
studies. 

PARAMETER  SYMBOL VALUE 

initial population ni -- 
max. number of points in Pareto curve npp 50 
max. number of iterations ng 1000a 
tolerance on the average score % tols 0.1c 
population size np 50 
mutation rate % nmu 10a, 0b 
new solutions % nra 5a, 0b 
selection function -- non dominated selection 
crossover function -- scattered crossover 
mutation function  Gaussian 
mutation shrinking rate nsr 1 
mutation shrinking number nsn 10 
initial variance var1 1 

a first run of MOGA.  
b second runs of MOGA (refinement). 

4.4.1 Model screening 

For an initial model screening, seven candidate rate laws (see Table 4.5, a-g) 

have first been fitted to the time resolved power signals at multiple temperatures (see 

Figure 4.9 for typical fits at 50°C) using the Newton-Gauss-Levenberg Marquardt 

(NGL/M) algorithm, taken from [Maeder et al. '07]. Similar results could be obtained 

for the power profiles at all other temperatures. Initially, very simple ER (a) and LH 

(b) models have been considered. Figure 4.9 shows that these models are not adequate 

to simulate the experimental profile for the power signal. Thus, Le Bars’ model [Le 

Bars et al. '04] has also been considered.  
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Table 4.5: Screened candidate rate laws 

MODEL 
FITTED 

PARAMETERS 
a 

p 

RATE LAW 
υ 

(a) Eley-Rideal  k, K 

1
NB

NB

kc

Kc
 

(b) Langmuir-Hinshelwood k, K 

 2
1

NB

NB

kc

Kc
 

(c) Le Bars kER, KER, kLH, 
KLH  21 1

ER NB LH NB

ER NB LH NB

k c k c

K c K c


 
 

(d) Le Bars, simplified b k1, k2, K 

 
1

2
1

NB
NBn

NB

k c
k c

Kc



 

(e) Relvas k, K, n1, n2 1

21

n
NB

n
NB

kc

Kc
 

(f) Visentin k, Q1, Q2 

 2
1 2

NB

NB AN NB

kc

c Q c Q c 
 

(g) Gianoli k, KNB, KAN 

  1 1
NB

NB NB AN AN

kc

K c K c 
 

a According to the model for the calorimetric power signals as of Equation (2.10), the reaction enthalpy, 
ΔrH, has also been fitted. 
b n = 1 or 2, with the best fit for n = 1. 

This combined ER-LH model (c) gave a slightly better fit when compared to the 

individual ER and LH models, but was still not able to capture all features of the power 

data. Interestingly, Le Bars’ model could be simplified to model (d) by setting one 

adsorption constant to zero without significant loss of fitting quality. [Relvas et al. '08] 

model (e) introduces an exponent in the concentration of nitrobenzene, both for the 

adsorption and kinetic terms in order to account for the catalyst surface changing with 

time, thus assuming a Langmuir-Freundlich type of adsorption (see Chapter 4.2). 

Despite the two additional exponential parameters, Relvas’ model (e) also did not lead 

to a better fit of the power signals. Clearly, Visentin’s models (f) [Visentin '05] and the 

model developed in this work, model (g), gave the best fits. It can be shown that under 

the studied reaction conditions the two corresponding rate laws are equivalent (see 

Appendix D.9.1). However, as model (f) is comprised by an empirical negative 

correction parameter (Q2), model (g) was selected as the best candidate for MOGA 

application. The latter is much better suitable for mechanistic interpretations, as will be 

attempted in Chapter 4.4.3 and Appendix D.9.2.  
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Figure 4.9: Fitting the power signal q in [W] for the experiment Nitro50_27 at 50°C. Models tested, 
from the top to the bottom: Eley-Rideal (a), Langmuir-Hinshelwood (b), Le Bars (c), simplified Le Bars 
(d), Relvas (e), Visentin (f) and Gianoli (g). Le Bars and simplified LeBars models failed to fit the 
experimental data just in the initial 5 - 10 min of reaction. Visentin and Gianoli’s models fitted well all 
the experimental profile, with the former using a negative corrective term of difficult interpretation. 
Therefore the latter, model (g), was selected for detailed MOGA analysis. The blue dots are the 
experimental data, the full red line is the fit. Note that the dosing period (0.42 min) was not used for the 
fitting due to likely interference with some heat of mixing; thus, for the dosing period, the full red line 
represents an extrapolation. 
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Equation (4.6), shows the system of ordinary differential equations to be used 

with the appropriate rate law  [mol·L-1s-1] of Table 4.5. Here, p represents the vector 

of fitted rate law parameters, varying from model to model.  
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 (4.6) 

4.4.2 Parameter identification for model (g) using a two-step-MOGA 

In this part, the two step MOGA approach as outlined in Figure 4.7 will be 

applied to the best candidate model (g) of Table 4.5 with the corresponding set of 

differential equations given in Equation (4.6). 

At each temperature, power, spectroscopic and gas uptake signals for the 

measurements given in Table 4.2 have been initially fitted in the first run of MOGA as 

described in Chapter 2.8.4. Four reaction parameters have been optimised: the rate 

constant, k [s-1], apparent adsorption constants for nitrobenzene KNB [mol-1 L] and 

aniline KAN [mol-1 L], and an overall enthalpy of the reaction, ΔrH [kJ mol-1].  

Figure 4.10 shows the Pareto front after the 1st run of the MOGA (left) and the 

best scores (sum of squares) at each iteration (right) for each signal. Next, the 

parameter sets for each signal corresponding to each minimal sum of squares (see 

Figure 4.10, right), are used as initial estimates passed into the NGL/M algorithm and 

optimised mono-objectively. Thus, these three re-optimised parameter sets will reflect 

the best individual mono-objective fits. The corresponding mono-objective results are 

given for all experiments and temperatures in Table E.1 of Appendix E.1, together with 

the calculated molar absorptivity spectra (Figure E.1). Additionally, for each parameter 

set (k, KNB, KAN) and all signals individually, first attempts of Arrhenius and van’t Hoff 

diagrams are provided (Figure E.2) but not individually linearly regressed. This will be 

done for a selected ‘best’ trade-off between all signals after the second run of MOGA 

only. 

For the second run of the MOGA, the best parameter values from the mono-

objective NGL/M optimisations have been used as initial populations. The main reason 

to run a subsequent second MOGA, is to employ -as constraints- the best sum of 

squares and corresponding parameter sets from mono-objective fitting, in order to help 
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finding a smoother Pareto front, and thus a smoother trade-off value for the fitted 

parameters. Typically, after j=100 iterations, the relative change of the average of np 

population scores for each signal was below 0.1%. This break criterion was adapted 

from [Deb '01] and represented a good compromise between smoothness and 

computational time. 

 
Figure 4.10: Typical Pareto front after 1000 iterations for the MOGA (left) and best sum of squares 
(ssq) at each iteration for the power (q), spectroscopic (A) and gas uptake signals (g) (right), from the 
top to the bottom. 
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 (4.7) 

The second MOGA run was performed to result in a set of 18 Pareto trade-off 

parameter values. This somewhat arbitrary number was considered to be a good 

compromise between accuracy and computational time. Figure 4.11 shows the Pareto 

fronts for all measurements, indicating all trade-offs between the signals. In Table E.2 

to Table E.8 of Appendix E.2, all corresponding trade off points are listed. As a 

reasonable ‘best’ trade-off, the scores with minimum Euclidean distance to the origin 

were selected. They are highlighted in the above-mentioned Tables. Note that in Figure 

4.11 the axes have been normalised to the minimum and maximum scores in order to 
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avoid bias in the shortest distance due to domination of the smallest sum of squares 

(here the hydrogen uptake).  

 
Figure 4.11: Pareto fronts (blue circles) after the second run of the MOGA algorithm, for all 
experiments, using the parameters from the mono-objective NGL/M fit (Table E.1) as initial population. 
The closest point to the origin (red square) was chosen as the selected best trade-off. Note that all axes 
have been normalised to the minimum and maximum scores prior to the determination of the Euclidean 
distance. 

Recall, in Chapter 3, the median sum of squares could be used as an indicator 

for the ‘best’ trade off point, as it lead to the same point independent of the signal. 
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Consequently, for the two dimensional case, this resembled the closest point to the 

origin. With three signals, the resemblance was no longer given, and the ‘best’ Pareto 

point was determined, after normalisation, by the smallest Euclidean distance to the 

origin. 

As it is rather difficult to extract information from the 3-dimensional Pareto 

plots (Figure 4.11), two dimensional projections of the Pareto fronts are provided in 

Figure E.3 to Figure E.9 of Appendix E.2. Additionally, the influence of the parameter 

values on the trade off is also given. This is useful for the assessment of the 

sensitivities of the different sums of squares with respect to the parameter sets of the 

different trade offs. This can be very helpful for a cross signal model validation. For 

example, if one parameter has significantly different trends with respect to the sum of 

squares of the different signals, the parameter, i.e. the model, does not show 

consistency along the signals, or may be is even contradictory. Conversely, if trends 

are similar, the three signals have a consistent behaviour with respect to the model, and 

either signal could be used for a mono-objective optimisation with equivalent outcome. 

In reality, the behaviour is somewhere in between these extremes, and the Pareto 

approach is helpful to assess this situation, and even provide an idea of a ‘best’ trade 

off. Importantly, this trade off is done a posteriori, considering a reasonable selection 

(the trade offs) of possible solutions.  

Figure 4.12 shows the Arrhenius and Van't Hoff diagrams for the ‘best’ Pareto 

trade off points. With the regression of the corresponding linearised Equations (2.2) 

and (2.3) the temperature dependencies for the rate constant k [s-1], and the apparent 

adsorption constants KNB [mol-1 L] and KAN [mol-1 L] have been obtained. Activation 

energy and rate constant (Tref = 50°C), as well as formation enthalpies and adsorption 

constants (Tref = 50°C) are summarised in Table 4.6. Obviously, after the second 

MOGA run, the inverse temperature dependencies of all logarithmised parameters 

show significantly less scatter than earlier, when the signals have been fitted 

individually by the mono-objective NGL/M optimisation (compare with Figure E.2). 

Importantly, the selected ‘best’ trade offs lead to good linearity, indicating the power 

of the proposed multi-objective approach to find a reasonable compromise. As 

apparent outliers, experiments no 25 and 26 have been excluded from the linear 

regression. 



MOGA WITH THREE SIGNALS  

 69

 
Figure 4.12: Arrhenius (for the rate constant k [s-1]) and Van't Hoff plots (for KNB [M] and KAN [M]) 
considering the Pareto trade off point closest to the origin for each experiment after the second MOGA 
run. Note, as apparent outliers, experiments no 25 and 26 (crosses) have been excluded from the 
regression of the linearised Equations (2.2) and (2.3). 

For experiment no 27 at Tref = 50°C, Figure 4.13 shows a typical fit of all 

signals using the parameters highlighted in Table E.7. For all other experiments, plots 

of the fits using the parameter sets highlighted in Table E.2 to Table E.8 are given in 

Figure E.10 to Figure E.15 of Appendix E.2. Considering the multi-objective 

compromise, the quality of the fits is very good.  

As a reasonable compromise for all reaction enthalpies corresponding to the 

‘best’ Pareto trade-offs (Table E.2 to Table E.8) at each temperature (measurement), 

their mean, ΔrH = -521 ± 12 kJ mol-1, was calculated and is provided in Table 4.6. It 

fits rather well with literature values [LeBlond et al. '96; Visentin et al. '06] that are 

typically at 530 kJ mol-1. 

The calculated pure component spectra are given in Figure 4.14. They show the 

expected characteristic peaks for NB (N-O symmetric stretch at 1350 cm-1 and N-O 

asymmetric stretch at 1530 cm-1) and AN (C-H bending at 1505 cm-1 and N-H bending 

at 1605 cm-1). The pure spectra show a moderate decreasing trend in the intensity of 

the signals with increasing temperature; this behaviour can often be observed. Apart 
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from this, they are nicely reproducible as have already been the pure spectra 

determined from mono-objective NGL/M optimisation (Figure E.1).  

 
Figure 4.13: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the 
second MOGA run for experiment NB_50_27 at 50°C. For the spectroscopic data kinetic traces of peaks 
A (1350 cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 

 
Figure 4.14: Estimated pure component spectra for NB (top) and AN (bottom) in the range 1200 – 1750 
cm-1 corresponding to the ‘best’ Pareto trade off point (of closest distance to the origin) after the second 
MOGA run. Peak indicators: A (1350 cm-1, N-O symmetric stretch), B (1530 cm-1, N-O asymmetric 
stretch), C (1505 cm-1, C-H bending) and D (1605 cm-1, N-H bending). 
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Table 4.6: Activation energy and rate constant (Tref = 50°C), and formation enthalpies and adsorption 
constants obtained from the regressed Arrhenius and Van’t Hoff diagrams of Figure 4.12 corresponding 
to the results of the second MOGA run. Uncertainties are given as standard errors in the parameters due 
to the linear regression. 

 PARAMETERS 
a EA 

b ΔH b 

k 0.041 ± 0.001 22 ± 3 – 
KNB 63 ± 1 – -7 ± 4 
KAN 1.7 ± 0.1 – -21 ± 2 
ΔrH c – – -521 ± 12 

a the rate constant in [s-1], the adsorption constants in [L mol-1], at Tref=50°C. 
b activation energy and enthalpies in [kJ mol-1]. 
c the reaction enthalpy, ΔrH, was determined as the mean from the ‘best’ Pareto trade-offs (highlighted 
in Table E.2 to Table E.8) with the given standard deviation 

4.4.3 Implication of the results 

Rate law (g), as proposed in this doctoral thesis (Table 4.5), is formally 

equivalent to the empirically corrected rate law (f), as determined by [Visentin et al. 

'06], for a given initial concentration of NB. The corresponding prove is given in 

Appendix D.9.1. However, rate law (g) eliminates the need of a negative corrective 

term (Q2). The parameter values corresponding to rate law (f) could be obtained from 

the correlations between the two rate laws as presented in Equations (D.45). A direct 

comparison with the parameters reported by [Visentin '05] turned out to be rather 

difficult, as his results are based on the assumption that one of his parameters, Q1, is 

constant with temperature. Considering Equation (D.45), and the results of this work 

given in Table 4.6, this is not a reasonable assumption. 

An analogy between enzymatic and heterogeneous catalysis provides a suitable 

mechanistic reasoning for the proposed rate law (g). Similar Michaelis-Menten (MM) 

type analogies have been regarded as very useful in the study of complex catalytic 

reactions [Blackmond '05]. In Appendix D.9.2, the relationship between rate law (g) 

and a corresponding MM type rate law is presented. Assuming that the product aniline, 

AN, is an inhibitor for the hydrogenation of NB, model (g) represents a rate law, which 

is formally equivalent to a MM type rate law that is based on non-competitive 

inhibition by the product, see Equation (D.51).  

The results of Table 4.6 can be interpreted under this assumption. If model (g) 

is equivalent to the MM-type rate law of Equation (D.51), the rate law for the 

hydrogenation of NB under the experimental conditions reported in Chapter 4.3 

appears to deviate from the ER type rate law, commonly proposed for this system 

[Bartholomew et al. '05]. In this work, a non-competitive adsorption of AN on the 
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catalyst surface is observed, which is about 30 times weaker than the one for NB (at 

50°C, see Table 4.6). However, as reaction kinetics is still commonly determined by 

the initial velocity method, the concentration of AN at the start is zero, and thus the 

rate law simplifies to a standard ER type of equation without revealing the ‘true’ nature 

of the phenomenon. 

The adsorption of NB is found to be weakly exothermic, -7 kJ mol-1, in contrast 

to a value of about -50 kJ mol-1 as assumed by [Bartholomew et al. '05]. The 

adsorption of AN was found moderately exothermic, -21 kJ mol-1, the corresponding 

adsorption constant KAN thus showing a stronger temperature dependency in the Van’t 

Hoff sense than the one for NB, KNB. Consequently, the higher the reaction 

temperature, the smaller is the inhibition by AN. At 50°C, KNB was found to be about 

63 L mol-1, but KAN being significantly smaller at about 1.7 L mol-1. [Höller et al. '00] 

reported for the adsorption constant of NB on a 5% Pd/C commercial catalyst at 50°C a 

value of 7.2 L mol-1, and a rate constant of 0.1 s-1, assuming, however, a simple ER 

mechanism as of Table 4.5. 

[Le Bars et al. '04] considered two reaction mechanisms assuming different 

catalyst surface site requirements gradually changing during the course of the 

hydrogenation of NB over 10% Pd/C. For each site, they reported a rate and an 

adsorption constant (at 60°C), assuming a single site simple ER mechanism as of Table 

4.5 at the start, with kER = 7.6·10-4 L mol-1 s-1 and KER,NB = 5 L mol-1, and a dual site 

simple LH mechanism also as of Table 4.5 towards the end of the reaction, with kLH = 

6·10-2 L mol-1 s-1 and KLH,NB=50 L mol-1. A comparison with the results reported in this 

thesis is not possible due to the different rate laws. However, power profiles as 

reported by [Le Bars et al. '04] seem to allow the modelling in terms of a LH type rate 

law with a non-competitive inhibition by AN, similar to the one proposed in this thesis. 

This would render a comparison rather interesting. 

4.5 Summary 

The heterogeneously catalysed hydrogenation of NB has been reanalysed. For 

seven given experiments in the temperature range of 35°C<T<60°C carried out under 

the same conditions, simultaneous calorimetric, spectroscopic and hydrogen uptake 

signals have been kinetically analysed with a novel MOGA approach. 

In Chapter 4.4.1, initially several plausible models have been considered against 

the calorimetric power signal only, as it was determined as the signal with the most 
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abundant kinetic features (S-shape) for this experimental setup. After the dosing 

period, an initial fast drop of the power signal (the rate), is observed, slowing down 

thereafter. Then, towards total conversion of the substrate, the signal shows a sudden 

drop to zero. This S-shaped power profile has not well been investigated in literature. 

Model (g), gave the best fitting in comparison to all other screened models, except for 

the rather empirical model (f). Importantly, the mathematical equivalence of the two 

models could be proven (Appendix D.9.1), and as model (g) could be mechanistically 

related to enzymatic Michaelis-Menten formalism (D.9.2), an approach propagated by 

[Blackmond '05], it was subsequently considered for MOGA analysis.  

In Chapter 4.4.2, the fitting procedure to calculate the parameters of model (g) 

is reported. After a first run of the MOGA (Figure 4.10), initial guesses for the rate law 

parameters were found. Subsequently mono-objective NGL/M runs allowed the 

determination of optimised parameters for each signal separately, as reported in Table 

E.1 of Appendix E.1. Then, a second MOGA was run to achieve a smooth Pareto front. 

The results are best assessed by the ‘parameter plots’ of Figure E.3 to Figure E.9, in 

Appendix E.2. These plots show the agreement of the fits for signal pairs as well as the 

sensitivities of the sums of squares with respect to the parameters. 

The ‘best’ trade off parameter sets for each experiment have been selected from 

the smoothed Pareto front of the second MOGA run using the shortest Euclidean 

distance to the origin, as shown in Figure 4.11 and highlighted in Table E.2 to Table 

E.8. These ‘best’ Pareto parameter sets have been linearly regressed to Arrhenius (k) or 

Van’t Hoff (KNB and KAN) temperature dependencies. From this, rate and adsorption 

constants at the reference temperature (50°C) together with the corresponding 

activation energy and adsorption enthalpies are reported in Table 4.6. Arrhenius and 

Van’t Hoff lead to good linearity. Experiments no 25 and 26 were identified as 

apparent outliers and have been excluded from the linear regression. 

A corresponding ‘best’ reaction enthalpy was determined from the average of 

individual ‘best’ Pareto optima (highlighted in Table E.2 to Table E.8) as 

ΔrH = -521 ± 12 kJ mol-1. 

Calculated pure component spectra show the expected characteristic peaks for 

NB (N-O symmetric stretch at 1350 cm-1 and N-O asymmetric stretch at 1530 cm-1) 

and AN (C-H bending at 1505 cm-1 and N-H bending at 1605 cm-1), and a typical 

moderate decreasing trend in the intensity of the signals with increasing temperature.  
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Finally, a short discussion on the mechanistic implications of model (g), based 

on Michaelis-Menten non-competitive product inhibition, was presented in Appendix 

D.9.2 and discussed in Chapter 4.4.3. 

4.6 Conclusion and outlook 

The extension of MOGA to three simultaneous in-situ measurements: power, 

spectroscopy and gas uptake signals, was reported for the kinetic modelling of the 

hydrogenation of nitrobenzene. 

From the screening of several rate laws in Chapter 4.4.1, a suitable one was 

proposed to fit the power signals. This is based on an Eley-Rideal model, but assuming 

non-competitive product (aniline) inhibition. This conclusion is based on limited 

experimental data (seven experiments were available). Therefore, its range of 

applicability should be further verified, prior to generalisation. 

Combining the MOGA with NGL/M, the proposed approach was able to find a 

smooth Pareto front for 3 signals within reasonable computation time (typically 0.5 h), 

also allowing a comparison with the mono-objective optimal values. This methodology 

was found to be more robust than the hybrid method presented in Chapter 3 applied to 

two signals. 

The ‘best’ Pareto set determined from the smallest Euclidean distance to the 

origin (after normalisation of the scores), proved to be a reasonable comprise for all 

signals simultaneously. In fact, the Arrhenius and Van’t Hoff diagrams from these 

selected ‘best’ trade offs lead to good linearity. This supports the methodology and the 

proposed rate law. 

As a characteristic visualisation tool of the MOGA results for chemical reaction 

modelling, parameter plots as of Figure E.3 to Figure E.9, in Appendix E.2, are 

proposed. Particularly, for more than two signals, appropriate projections of this kind 

are mandatory for assessment of the Pareto front, and corresponding parameter 

sensitivities to the individual signal scores (sum of squares). 

Importantly, the Pareto approach as presented with the MOGA, allows an a 

posteriori analysis of the Pareto front and a selection of an optimal ‘best’ trade off. In 

order to apply a mono-objective optimiser to a multi-objective problem, weightings of 

the individual sums of squares have to be defined a priori, whose suitability is not 

necessarily known and/or rather arbitrary. With an a posteriori selection, different 

‘best’ trade-off indicators (such as the shortest Euclidean distance) can easily be 
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compared. Moreover, [Deb '01] showed that a corresponding simple mono-objective 

weighting will be incapable to find trade-off optimal solutions in problems with a non-

convex Pareto optimal region. 

The Pareto approach, as a tool to analyse multi-way data (different signals of 

different origin), is suitable for model validation but not recommendable for model 

screening. In the latter case, the interpretation of the fitting of several signals 

simultaneously for a non optimal model would produce additional ambiguities of 

difficult interpretation. Therefore, the screening and fitting of one signal at a time, 

considering first the most meaningful or most abundant one, is considered a more 

reasonable approach for model development. 

The MOGA approach presented here was adapted from the two signal case of 

Chapter 3. A further extension to more than three signals would be feasible with minor 

changes. Then, in order to save computational time, an optimised version of MOGA 

could, for example, employ the NGL/M local optimiser in a reasonably nested way 

rather than in a sequential mode. 

 





 

 

C h a p t e r  5   

FINAL REMARKS AND OUTLOOK 

In-situ reaction monitoring is a popular and attractive method to observe the 

reaction progress in real-time and perform a kinetic analysis, including relatively fast 

reactive intermediates that are generally not observable by off-line analysis. Despite the 

steady increase of available in-situ probes, there is no standard data analytical approach to 

kinetically analyse the wealth of simultaneous and divers signal information in a combined 

and robust way. 

The motivation of this work was to fulfil this gap, providing a tool for the handling 

of various in-situ measurements of different source, in order to elucidate kinetic and 

thermodynamic information assuming a superimposed chemical reaction model. 

In order to do so, first an empirical reaction mechanism needs to be proposed. Then, 

for each in-situ signal, an optimisation problem is formulated and an objective function 

constructed. Each objective function should be optimised with the aim of modelling the 

corresponding reaction and also signal specific parameters (e.g. molar absorptivities in 

spectroscopy or reaction enthalpies in calorimetry) in a mutual compromise. 

Naturally, this represents a multi-objective problem, which is proposed to be treated 

by the Pareto approach, i.e. all objectives are considered simultaneously to result in 

reasonable trade-offs, called the Pareto front, comprising all possible ‘best’ solutions and 

thus possible sets of compromise solutions amongst all signals. Consequently, the extremes 

of the Pareto fronts represent the optimal solutions if one signal was considered only. 

Given the whole set of feasible trade-off solutions, a ‘best’ Pareto point (the mutual 

compromise) can be selected a posteriori. In this work, an intuitive approach was taken in 

order to define this mutual compromise, given by the shortest distance to the origin of the 

corresponding Pareto plots. Depending on the investigated chemical problem other 

indicators might very well also be reasonable. 

Two typical reactions have been successfully analysed applying the multi-objective 

genetic algorithm for Pareto optimisation to two and three in-situ signals, respectively. 

For the homogeneously catalysed epoxidation of a benzoquinone, the Pareto 

optimum was in very good agreement with previous results from literature that were 

obtained from a mono-objective optimisation comprising a priori weightings of the 
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individual experimental absorbance and power signals. Although these a priori weightings 

appear to have being chosen reasonably, it is only the whole Pareto front that reveals the 

parameter trends depending on all possible weightings, allowing for an a posteriori 

decision on the ‘best’ trade-off.  

For the heterogeneously catalysed hydrogenation of nitrobenzene, a new 

mechanistic model could be proposed based on a combination of Langmuir-Hinshelwood 

ideas using analogies from Michaelis-Menten enzymatic kinetics. Several potential 

candidate models (rate laws) have first been tested by mono-objective fittings (Newton-

Gauss-Levenberg/Marquardt) of the calorimetric power signal bearing the most abundant 

information (in this case). The multi-objective approach was then applied to the 

calorimetric, spectroscopic and gas uptake signals simultaneously for a kinetic and 

thermodynamic parameter optimisation in the Pareto sense. For model development, i.e. by 

screening, the mono-objective approach was preferred to the multi-objective Pareto 

optimisation, as the latter is rather challenging in terms of interpreting the results for a non-

optimal or even wrong model due to additional ambiguities (trade-off indicator versus 

model suitability). 

There would be several ideas for extending the studies presented in this thesis: 

a) Currently, the Pareto front is determined assuming all signals are of equal 

importance to the result, and thus disregarding possible different noise distributions of the 

signals. Particularly, for the final selection of the ‘best’ trade-off, reasonable inclusion of 

statistical a priori knowledge on the individual signals would be desirable, and might lead 

to a deeper understanding of the intuitively a posteriori chosen shortest Euclidean distance 

to the origin of the Pareto plot. 

b) The extension of the multi-objective Pareto optimisation to more than three 

signals is straightforward from the algorithmic point of view. Computation times will 

certainly increase and efficiency of the algorithms can be targeted. Graphical visualisation 

of the Pareto front, such as the projected parameter and sum of square plots presented in 

this thesis, will be mandatory due to the human restriction to three dimensions only. 

Today, Raman and laser reflectance probes fitting into small reactor systems are readily 

available, allowing in-situ analyses of complex heterogeneous reaction systems such as 

dissolution or crystallisation processes, highly relevant in industry, simultaneously to 

standard calorimetry, in-situ ATR-IR or UV-vis spectroscopic devices. 

c) Thus, the development of a user-friendly toolkit for practical application can 

become relevant. 
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A p p e n d i x  A  

PRINCIPLES OF CALORIMETRY AND TREATMENT OF THE POWER SIGNAL  

A.1 Principles of calorimetry 

In this appendix, the principle of calorimetry will be introduced. These principles 

are the basis for the treatment of the power signal for an in-home developed calorimeter, 

presented afterward. The data considered in this thesis are produced with the calorimeter 

outlined here. A detailed description of the calorimeter and its functioning can be found in 

the work of [Zogg '03] and [Visentin '05]. 

The term calorimetry comes from the composition of the two Latin words calor 

heat and meter measure. Therefore calorimetry is the measure of heat, which is expressed 

in Joules [J] or Watt per seconds [W s] in the international system of units (SI). The basis 

of a calorimetric measurement is the heat balance of the space of reaction, i.e. the 

calorimeter. 

Reaction calorimetry is a powerful tool for the measurement of kinetic and 

thermodynamic data of a chemical reaction and other physical processes that occur with 

thermal effects. Calorimetry is a differential kinetic analysis method, since heat flow is 

proportional to the rate of conversion according to Equation (A.1),  

 ( )Vr rq t  (A.1) 

where qr the reaction heat flow rate [W] determined by calorimetry, υ the rate of 

reaction [M s-1] and V the reaction volume [L]. Calorimetry has the unique feature of being 

a differential kinetic analysis method that is rather uncommon among the most popular 

analytical technique used for kinetic analysis, such as on-line spectroscopy (Infrared, UV-

Vis, etc.), concentration measurements or gas uptake or release, which are integral kinetic 

analysis methods, for which the proportionality between the measured signal and 

concentration can be expressed as Equation (A.2): 

 ( ) ( )i is t c t  (A.2) 

where si(t) represents the measured analytical signal from an integral sensor 

sensitive to the i-th component in a reaction system whose concentration as a function of 

time is ci(t). It has been shown in previous work the benefits of combining an integral 
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measurement method (infrared spectroscopy) with a differential measurement method 

(reaction calorimetry) [Zogg '03].  

The data considered in this thesis comes from an isothermal reaction calorimeter 

that combines the power compensation and the heat flow principles and was developed in 

previous work [Zogg '03]. Calorimeters can be classified according to their different 

operation modes concerning the reaction temperature control system as: 

 Isothermal: Tr controlled at a constant level 

 Adiabatic: Tj controlled to avoid heat losses 

 Temperature programmed: Tr is varied according to a user defined profile 

 Isoperibolic: Tj is controlled at a constant level; the reaction temperature Tr is 

uncontrolled 

where Tr and Tj are the temperature of the reactor content and the temperature of the 

jacket surrounding the reactor vessel. A short introduction to the different measurement 

principles for isothermal reaction calorimeters suitable to simulate experiments in batch or 

semi-batch mode is provided in the next section. Isothermal reaction conditions and most 

suitable, as they are  

 most similar to reactor conditions used in the production scale 

 simplify the interpretation of the kinetic data. 

More extensive presentations on the topic are available in literature [Becker '68; 

Hemminger et al. '84; Karlsen et al. '87; Regenass '97a; Zogg et al. '04c]. A reactor 

calorimeter consists of a vessel equipped with a stirrer and surrounded by a jacket (Figure 

A.1). The jacket provides a system to transfer heat through the vessel wall. Calorimeters 

can be classified according to their measurement and control principles into four different 

types: 

 heat flow calorimeter 

 power compensation calorimeter 

 heat balance calorimeter 

 Peltier calorimeter. 

A.2 Heat-flow calorimeter 

The temperature of the reactor (Tr) is controlled by varying the temperature of the 

fluid flowing in the jacket (Tj). The heat-flow rate (qFlow) through the reactor wall to the 

jacket is determined by the difference in temperature between the reactor content and the 
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cooling liquid. In order to convert this temperature difference (Tr-Tj) in a heat flow signal, 

a heat transfer coefficient (U) must be determined using a calibration heater, according to 

Equation (A.3) 

 r j( - )Flowq UA T T   (A.3) 

 
Figure A.1: Scheme of a) heat balance, b) heat flow or c) power compensation calorimeter 
 

where A is the total heat-transfer area [m2] and U is the overall heat-transfer 

coefficient [W m-2 K-1]. The heat transfer coefficient U, expressing the overall resistance to 

the heat transfer from the reactor to the jacket, consists in the sum of the reactor-sided 

steady-state heat-transfer (hr) [W m-2 K-1], the jacket-sided steady-state heat-transfer 

coefficient (hj) [W m-2 K-1] and λW the heat conductivity of the reactor wall [W m-1 K-1] of 

thickness L [m], according to Equation (A.4).  

 
1 1 1

U r W j

L

h h
    (A.4) 

The typical temperature profile for such a reactor is shown in Figure A.2, where the 

isothermal condition (Tr constant) in the reactor is kept by changing the temperature in the 

jacket (Tj). A fast control on the temperature of the reactor is possible if the heat transfer 

coefficient (U) is sufficiently high to dissipate the heat of the considered reaction. The 

principle of the heat flow reaction calorimeter was developed by Regenass [Martin '75; 

Regenass '97b]. Commercially available instruments based on this principle are the RC1 

[Mettler Toledo], the SysCalo [Systag] and the Simular [Helgroup]. 
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Figure A.2: Steady-state temperature profile in a isothermal reaction calorimeter when heat flows from the 
reactor-content (T = Tr ) through the reactor wall (T = TW(l)) into the jacket (T = Tj). 

A.3 Power compensation calorimeter 

The temperature of the reactor contents (Tr) is controlled by varying the power of a 

compensation heater insert in the reactor, while the temperature of the jacket (Tj) is 

controlled at a constant value by a cryostat. The power signal of the compensation heater 

(qComp) is a direct measure of the reaction heat flow, thus (qFlow) is not determined. The 

power compensation was first implemented by [Andersen '66; Andersen '69], and then 

further developed by many others [Köhler et al. '72; Hentschel '79; Schildknecht '81; Pastre 

et al. '01; Pollard '01]. An example of commercial power compensation calorimeters is the 

Automate [Simms et al. '00] and the Simular that combines the power compensation and 

the heat flow principles [Singh '97]. The power of the compensation heater is calculated 

from the difference of potential V [V] and current I [A] output of a power supply connected 

to the compensation heater inside the reaction mixture, according to Equation (A.8). 

A.4 Heat balance calorimeter 

The temperature of the reactor (Tr) is controlled by varying the temperature of the 

liquid in the jacket (Tj). The heat flow rate (qFlow) from the reactor content to the liquid in 

the jacket is measured by the difference of temperature between the jacket inlet (Tj,IN) and 

outlet (Tj,OUT), given the heat capacity of the cooling liquid in the jacket (cP,cool) and the 

mass flow of the cooling liquid ( m ), according to Equation (A.5) 

wall reactor contents 
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L
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 , , ,( )Flow P cool j IN j OUTq m c T T     (A.5) 

Since the thermal properties of the calorimeter and its contents are not involved in 

the calculation, no calibration is needed. The principle of heat balance was implemented 

the first time by [Meeks '69]. Commercial instruments based on this principle are the 

RM200 [Chemisens], SysCalo [Systag] and ZM-1 [Zeton-Altamira]. 

 
Figure A.3: Signal profile recorded for different calorimeter types. The upper curve is the temperature of the 
reactor content (Tr), and since the reactor types considered are all isothermal, is an horizontal line. For an 
exothermic reaction and for the three calorimeter principles considered the lower curve has different 
meanings a) the temperature profile of the jacket (Tj) in the heat flow calorimeter b) the power compensation 
signal (q) for a power compensation calorimeter c) the difference of temperature between the inlet and outlet 
of the reactor jacket (Tj,IN-Tj,OUT) for a heat balance calorimeter. 

A.5 Peltier calorimeter 

The temperature of the reactor content is controlled by changing the power of the 

Peltier elements. The Peltier elements are electrical devices that can be used either to heat 

or cool the reactor content, according to the direction in which the electrical current flows 

through them. The jacket with cooling liquid surrounding the reactor is needed to dissipate 

the heat pumped by the Peltier elements, its temperature (Tj) is kept constant by an external 

cryostat. The heat flow rate (qFlow) through the Peltier wall is determined by the electrical 

power used, the ohmic resistance and the gradient of temperature, according to the steady 

state heat balance Equation (A.6):  

  2( ) 0.5 ( ) (0)Flow Pelt P Pelt P Pq SI T L RI T L T      (A.6) 

where S is the Seebeck coefficient [V K-1], IPelt the current [A] through the Peltier 

element (cooling current is negative), R the electrical resistance of the Peltier elements [Ω], 

Tr 

a) Tj 
b) q 
c) (Tj,IN-Tj,OUT) 

T 
q 

time 
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κ is the absolute heat conductivity through the Peltier element [W K-1], TP(L) and TP(0) are 

the temperature of the Peltier elements on the faces on the jacket side and reactor side 

respectively. A scheme of a Peltier calorimeter is shown in (Figure A.4). 

 
Figure A.4: Peltier calorimeter 

A.6 The total heat of reaction qtot for a combined reaction calorimeter 

The measurements used in this thesis come from two reaction calorimeters 

developed in-house. Both instruments are based on the combined principles of heat-flow 

and power compensation, and are equipped with Peltier elements and a metallic jacket to 

enhance the heat transfer between the reactor contents and the jacket. Additionally Peltier 

elements allow the on-line measurement of the heat flow rate, and therefore the detection 

of baseline drifts. A scheme of the reactor is provided in Figure A.5. The determination of 

the total heat flow rate ( tot
Reactq ) for this calorimeter is achieved from a heat balance. The 

details of this calculation are shown in previous work [Zogg '03; Zogg et al. '03], while 

Equation (A.7) shows the results of this calculation.  

 tot + - -React Flow Loss Comp Dosq q q q q  (A.7) 

where qCooling is the equivalent to qFlow determined according to Equation (A.6) in 

case the heat loss is negligible, qComp and qDos are determined by direct measure of current 

and electrical potential difference in the compensation heater and the physiochemical 

characteristic of the dosing respectively, according to the equations 

 =Comp Comp Compq I V  (A.8) 
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 Dos p Dos r= (  - )q f c T T  (A.9) 

where f is the feed rate [mol s-1], cp the specific heat capacity of the feed 

[J mol-1 K-1]. All the unmodelled phenomena are usually collected in the heat loss (qLoss) 

that is a quantity fairly constant during the reaction but proportional to the gradient of 

temperature between the reactor jacket (Tj) and the environment (TAmb) [Zogg et al. '03; 

Visentin et al. '04]. Equation (A.10) shows a simplified expression that can be used to 

indicate the heat loss, 

 ( )Loss Loss j Ambq k T T   (A.10) 

where (kLoss) an empirical coefficient [W K-1] and (TAmb) the ambient temperature 

[K]. An accurate measurement is usually achieved if care is taken that steady-state 

conditions are maintained during the reaction. The total heat of reaction ( tot
Reactq ) collected is 

then fed to the optimization algorithm described in Chapter 2, for the determination of the 

reaction parameters, though only the main and side reactions are usually modelled, heat of 

mixing qMix [W] and/or heat of phase change qPhase [W] have to be taken in account too. 

The total reaction power tot
Reactq  [W] is generally expressed as follows: 

 tot
r-( )Reactq H V     (A.11) 

where ΔrH is the reaction enthalpy (J/mol), r is the reaction rate [mol L-1s-1], V is 

the reaction volume [L]. In practice the measure of tot
Reactq  [W] is affected by the error 

Errq  [W], and heat of mixing and/or heat of phase change can be included as in Equation 

(A.12). 

 tot
r-( ) + + +React Mix Phase Errq H V q q q     (A.12) 

A.7 Calculation of tot
Reactq  by a combination of inner and outer heat flow 

balance 

Zogg showed that the tot
Reactq  can be calculated by a combined inner and outer heat 

flow balance [Zogg '03]. The inner heat-flow balance [W] can be written as 

Equation (A.13)  

 tot
React Flow Lid Stirr Dos Compq q q q q q      (A.13) 

Here tot
Reactq  is the total power release or uptake during the reaction, Equation (A.11), 

qFlow is the heat flow through the reactor wall into the metal jacket, qLid is the heat loss into 

the reactor lid; this first two right-hand side terms are positive as they are flowing outside 
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the inner system. qStirr is the heat flow due to the stirring (assumed constant during the 

reaction), qDos is the heat flow caused by the dosing of a reactant, qComp is the measured 

power of the compensation heater. These last three terms are negative since they flow 

inside the inner system. The outer heat-flow balance is written as Equation (A.14) 

 Cooling Loss Flow Lidq q q q    (A.14) 

where qCooling is the total heat pumped by the Peltier elements and qLoss the total heat 

loss of reactor and IR-probe and though the insulation walls. 

The combination of Equation (A.13) and (A.14) gives Equation (A.15), considering 

Δq = qLoss – qStirr  as a constant during the reaction,  

 tot - - +React Cooling Dos Compq q q q q   (A.15) 

The importance of the combination of Equations (A.13) and (A.14) is the 

cancellation of the qFlow, term that can vary during reaction time. 

 

Figure A.5: Scheme of the in-house developed reactor calorimeter. 
 



 

 

A p p e n d i x  B  

OPTIMISATION METHODS 

B.1 Mono-objective optimisation 

An optimization task can actually be carried out with a variety of techniques. Figure 

B.1 shows a scheme that classifies the numerical optimization problems in a tree showing 

the main branches and sub disciplines [NEOS; Moré et al. '93]. Other classifications are 

possible [Mittelmann et al. '06]. From the same references several tools are available and 

these classifications are useful to help to select the appropriate tool to tackle an 

optimization problem. 

 
Figure B.1: The Optimization tree for selection of the correct optimization strategy. 

Another possible classification of optimization methods is according to the 

approach used to solve an optimization task. In this case it is possible to classify a method 

as i) direct or gradient based -according to if it needs the evaluation of the gradient of the 

objective function or just its value and ii) heuristic or blind search method -according to 

whether or not extra information about the problem is provided to the search method in 

order to efficiently find an optimal solution. Among the heuristic methods there are the 
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evolutionary algorithms (EA) that base their search strategy on some biological analogy. 

Some of the most common algorithms that could be classified as EA are the following:  

 Ant colony optimization (ACO) [Dorigo et al. '96; Dorigo et al. '00; Mathur et al. 

'00; Zhang et al. '05], based on how ants solve problems,  

 Genetic algorithm (GA) [Holland '75; Goldberg '89; Michalewicz '98], based on 

genetics and evolution;  

 Artificial neural networks (ANN) [Kohonen '88; Hecht-Nielsen '90; Hertz et al. 

'91], based on how the brain works, however it is a classification/pattern 

recognition method for data rather than an optimization method;  

 Simulated annealing (SA) [Kirkpatrick et al. '83; Harland et al. '88], based on 

thermodynamics;  

 Tabu search (TS) [Glover et al. '04], based on memory-response;  

 Particle Swarm optimization (PSO) [Eberhart et al. '95] inspired by the social 

behavior of bird flocking or fish schooling; 

In this work we chose a multi-objective genetic algorithm (MOGA). This type of 

EA has characteristic advantages and draw-backs when compared with other non EAs:  

 Less sensitive to the initial guess and works well with discontinuous objective 

functions; 

 Less sensitive to the structure of the objective function; 

 Easier to implement 

 Suitable for parallelization 

 Computational intensive 

 Does not guarantee that a global optimum or even an optimal value is found: they 

can only reach the vicinity of it. 

 The characteristic parameters of the algorithm must be fine-tuned in order to get 

improved algorithm performance.  

The latter consideration indicates that, regardless of the performance measure, the 

performance of all optimization algorithms, averaged uniformly over any finite set F of 

functions, is equal if and only if F is closed under permutation (c.u.p.). This is known as 

the no free lunch (NFL) theorem [Wolpert et al. '97; Corne et al. '03; Igel et al. '04] and 

suggest that just fine tuning of the settings of an EA guarantees that it out performs the 

others for a specific problem [Ali et al. '06; Whitley et al. '06]. EAs are nevertheless not the 
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only possibility for solving dynamic optimization problems, but often are the simplest and 

most feasible. In literature is reported an approach for dynamic optimization problems that 

makes use of the alpha branch and bound algorithm (α-BB) [Adjiman et al. '98a; Adjiman 

et al. '98b; Lee et al. '04; Papamichail et al. '04; Chachuat et al. '05; Singer et al. '06]. (α-

BB) are the only methods that guarantee that the global optimum is found in a finite 

number of iterations [Papamichail et al. '02], and additionally they perform better than EAs 

in highly constrained problems. Despite this considerable advantage of (α-BB) algorithms, 

they are very computationally expensive as they require second-order sensitivities to be 

calculated; moreover they require twice continuous differentiability for the solutions of 

differential equations [Chachuat et al. '05]. 

B.2 Multi-objective optimisation 

Many every day situations involves a multi criteria decision of competing variables. 

Let’s imagine being in a shop to buy a perfume. At first we may look for the most 

fashionable one, but suddenly we look at the price and we may decide that the product is 

too expensive, and we wouldn’t like to pay that much for such a product. The mechanism 

of multi criteria decision starts in our mind and we compare the possible candidate 

products against one another, cheaper but possibly of poorer quality. How much are we 

ready to pay for such a product? Is our choice optimal? The concept of optimality here can 

be paraphrased as: are we getting the best from our money? In a multi-objective sense we 

have two objective functions: quality/fashion of the product that we want to maximize, and 

cost which we want to minimize for a given quality. All the possible combinations of a 

given product and its minimum price are the extreme solutions. In a multi-objective contest 

the Pareto optimal solutions are the best trade-offs in the search space. It is important to 

notice that multi-objective optimization differs from a mono-objective optimization in 

many aspects. 

One aspect can be deduced from the example above: a multi-objective problem has 

a Pareto optimal solution only if the objectives are discordant with each other. More 

precisely [Tan et al. '05] define two incomparable solutions if and only if either is better 

than the other one in some objectives. If the objectives are comparable to each other, the 

cardinality of the Pareto optimal set is one [Deb '01] (i.e. they carry the same information). 

This means that the minimum solution corresponding to any objective function is the same. 

Other differences between single and multi-objective optimization are [Deb '01]: 
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 two goal instead of one:  

1. multi-objective optimization aims to one set of optimal solutions i.e. the 

Pareto optimal set and not just one (global or local) as in the mono-

objective case.  

2.  multi-objective optimization aims to find one set of solutions as much 

diverse as possible among each other.  

 dealing with two search spaces: the decision variable space or parameters space 

and the objective space. Although the two spaces are related by a unique mapping 

between them, often the mapping is not linear. Thus the diversity of the solutions 

must be achieved in either the spaces of the objective or in the parameters space 

and in rare cases in both. 

 no artificial fix-up: many multi-objective problems have been treated in the past as 

mono-objective by means of artificial fix ups, such as weighted or ε-Constrained, 

etc methods. These artificial fix-ups reduce the amount of information that it is 

possible to gather from a multi-objective problem tackled with an efficient 

population based optimization algorithm (see Appendix B.2). 

B.3 Ideal, utopian and Nadir objective vectors 

An objective vector formed of these individual optimal values is called the ideal 

objective vector (z*) = (z*(1) , z*(2)) as shown in (Figure B.2) for the case of a bi-objective 

optimization. This ideal solution to a multi-objective problem, if it exists, indicates that the 

minimal solution for all the objectives is the same, and the objectives do not conflict with 

each other. Thus the problem can be treated as a mono-objective optimization problem, or 

in general, if just some objectives are conflicting, the cardinality of the problem can be 

reduced. This aspect of multi-objective optimization has been addressed in literature by 

[Brockhoff et al. '06a; Brockhoff et al. '06b]. The nadir objective vector [Miettinen '05] 

(znad) in (Figure B.2) represents the upper bound of each objective in the entire Pareto 

optimal set. This must not be confused with the vector (W) that represents the worst 

feasible function value in the entire search space. The utopian objective vector (z**) 

represents a lower bound on all the objective functions. The nadir and ideal vectors are 

used to normalize each objective in the Pareto optimal region. 
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Figure B.2: The ideal (z*), utopian (z**) and nadir (znad) objective vectors. 

B.4 Domination 

One property that can be considered to select candidate solutions in the multi-

objective problem is that the solution is non-dominated. The Pareto set consists of 

solutions that are not dominated by any other solutions. A solution x1 is said to dominate 

x2 if x1 is better or equal to x2 in all attributes, and strictly better in at least one attribute. 

Formally, given a minimization problem and two solution vectors 1 2,  x x S , x1 is said to 

dominate x2, denoted 1 2x x , if: 

 1, 2,..., i ii ns f f  1 2{ } : ( ) ( )x x  (B.1) 

and 
 1, 2,..., j jj ns f f  1 2{ } : ( ) ( )x x  (B.2) 

The objective vectors of Pareto optimal solutions form a space in ns , with nvo the 

number of objective functions and   the set of real numbers, called the Pareto optimal 

frontier. The Pareto set can be locally or globally optimal according to whether the 

corresponding solutions are local or global optima. In this work the solutions of the 

optimisation tasks are members of the Pareto global optimal frontier. It is now useful to 

define what multi-objective optimization is from a formal point of view. 
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B.5 Definition of multi-objective optimization 

Multi-objective optimisation can be represented in mathematical form by Equation 

(B.3)  

 
min

such that
1 2 nvof f f

S





f x x x x

x

 ( ) ( ( ), ( ),..., ( ))
 (B.3) 

where 1 2 nvof f fx x x( ), ( ),..., ( )  are nvo objective functions,  1 2( )nvpx ,x ,...,xx  are 

the nvp optimisation parameters in vector form and S Rnvp  is the solution or parameter 

space. The vector of objective functions  S( ) |f x x  is denoted by Y and S is mapped by 

f onto Y, S Y:f . R nvpY  is called the attribute space and ∂Y is the boundary of Y 

[Andersson '00]. In general, f is nonlinear and multi-modal, and S defined by nonlinear 

constraints, is discrete or continuous in one or more variables. * * *
1 2, ,..., nsf f f  is used to 

indicate the individual minima of each respective objective function. The best optimal 

vector value would be the one f*= ( * * *
1 2, ,..., nvof f f ) with each objective function at its 

minimum with the same set of parameter values. However, this is rarely feasible and thus 

the aim is to find the best compromise. Furthermore, the set  ( )f x  of vector valued 

objective functions for all feasible x is not naturally ordered. Therefore, some method of 

ordering is required to decide whether f(x1) is a better solution than f(x2) and so on and 

transform the set  ( )f x  into an ordered set.  

B.6 Multi-objective methods 

Multi-objective optimization can be carried out in several different ways and it is 

possible to classify the multi-objective optimization techniques remembering that the set of 

optimal solutions are the best trade off among competing optimal mono-objective 

problems. [Miettinen '05] classified the multi-objective optimisation methods in four 

classes based on the extent of preference of information on a mono-objective: 

 No-preference 

 Posteriori 

 A priori 

 Interactive 

The No-preference method does not assume any information about the importance of the 

objective, but a heuristic is used to identify only one optimal solution. Posteriori methods 
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use preference information of each objective and iteratively generate a set of Pareto-

optimal solutions. A priori methods use more information about the preferences of 

objectives and usually find one preferred Pareto-optimal solution. Interactive methods use 

preference information progressively during the optimization process. 

A number of techniques for multi-objective optimization have been developed in the last 

four decades. In the case the multi-objective problem is transformed into a mono-objective 

optimisation problem, the technique is classified as a multi-objective optimisation method. 

A short list of these methods is given by [Deb '01].  

 Weighted sum 

 ε-Constrained 

 Weighted Metric 

 Benson’s 

 Value Function 

 Goal Programming 

These methods share a common draw-back: a) only one Pareto-optimal solution can 

be expected to be found in one simulation run, b) not all the possible Pareto-optimal 

solution can be found by some of these methods in a nonconvex multi-objective 

optimization problem; and c) all algorithms require some problem knowledge such as 

suitable weights, ε or target values. Each of these methods differs in the way the multi-

objective problem is transformed in a mono-objective one. The weighted sum suggest 

optimizing a weighted sum of multiple objectives, the ε-constrained method suggest 

optimizing one objective function and use all other objectives as constraints, the weighted 

metric methods suggests minimizing a P metric obtained from all objectives, the value 

function method suggests maximizing an overall value function relating all the objectives, 

and the goal programming method suggests optimizing a weighted sum of deviations of 

objectives from a user specified target. Benson’s method is similar to the weighted metric 

method, except that the reference solution is chosen differently.  

B.7 Evolutionary multi-objective optimization (EMOO)  

Since its early days [Schaffer '85], EMOO has been implemented in various 

disciplines for finding their Pareto optimal solutions [Goldberg '89] in the framework of 

evolutionary techniques [Holland '75]. In the vector evaluated genetic algorithm (VEGA) 

[Schaffer '85], a population is divided into many disjoint subpopulations. For each 
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subpopulation, a different objective function is used to evaluate the fitness of each 

solution. This MO approach was initially used to handle constraints in GA. Following the 

vector optimized evolutionary strategy (VOES) [Fourman '85], Pareto-based selection and 

niching were introduced in the works of [Fonseca et al. '93] with the multi-objective 

genetic algorithm (MOGA), [Horn et al. '93] with the Niched Pareto Genetic Algorithm 

NPGA, [Srinivas et al. '94] and with the non-dominated sorting genetic algorithms 

(NSGA). 

These methodologies required an additional parameter on top of EA common 

parameters (common parameters are: population size, number of generations, parameters 

related to selection, parameters related to recombination such as crossover probability, 

crossover operator, parameters related to mutation such as mutation probability, mutation 

operator, number of independent runs of an EA): NSGA required the niching parameter 

(σshare), which defined the maximum Euclidean distance among two solutions in the 

variable space for them to qualify as solutions from the same niche. MOGA required an 

identical niching parameter as in NSGA, but the distance measure was computed in the 

objective space. NPGA required two parameters: (σshare) and an additional parameter tdom 

(number of individuals chosen for comparison during the selection step). The decision 

maker is requested to estimate these parameters. Note that the MOGA algorithm 

mentioned in this paragraph is similar, but not identical, to the MOGA described in 

Chapter 2.8. 

More recently [Deb et al. '02] developed a NSGA-II to eliminate the need of the 

additional parameter in NSGA. In this case a two step strategy is implemented: the first is 

based on the non-domination ranking; then the population is kept constant reducing the 

number of individuals of maximal rank by a crowding operator. 

The strength Pareto EA or SPEA [Zitzler et al. '98; Zitzler et al. '99] uses a fitness 

assignment scheme based on the domination level of each solution that does not require 

any additional parameters. However, the niching operator and the elite-preserving 

operators involve additional parameters. In this approach, every non-dominated solution 

represents a separate cluster. Then the two clusters having the shortest distance between 

them are merged together and the solution closest to the centre of the merged cluster is 

retained and other solutions in the merged cluster are not considered. This procedure is 

continued as many times as required until the population size is reached. 

The extended SPEA or SPEA2 [Zitzler et al. '01b; Zitzler et al. '01a] uses the 

distance to the k-th nearest neighbour to cluster solutions and suggested k to be 
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proportional to the square root of the sum of the population size and the archive size. 

SPEA2 also requires specification of the size of the archive for the non-dominated 

solution, and its one-at-a time deletion procedure can be computational expensive for large 

multi-objective problems. 

The Pareto-archived evolution strategy or PAES [Knowles et al. '00] used a 

domination-based selection scheme which does not require any additional parameter. The 

PAES procedure aims to have only one solution in each hyper-box, thereby ensuring 

diversity among population members. The user can influence the number of solutions 

found by decreasing the size of the boxes, despite this there is no guarantee that a solution 

will be found in that box. The elitist function compares child and parent solutions in a box 

checking for domination and decides which solution to keep. 

The indicator-based evolutionary algorithm (IBEA) [Zitzler et al. '04] integrate 

preference information of the decision maker into the multi-objective search. [Basseur et 

al. '06] proposed an IBEA that can handle any type of distribution representing the 

uncertainty, allows different distributions for different solutions, and does not assume a 

‘true’ objective vector per solution, but in general regards a solution to be inherently 

associated with an unknown probability distribution in the objective space. The algorithm 

first defines the optimization goal in terms of a binary performance measure indicator and 

then directly uses this measure in the selection process. Thus the general purposed IBEA 

can be combined with arbitrary performance indicators. In contrast to existing algorithms, 

IBEA can be adapted to the preferences of the user and moreover does not require any 

additional diversity preservation mechanism such as fitness sharing to be used. However a 

fitness scaling factor must be provided by the user as additional parameter. 

A vast literature on EMOO is available on the web page maintained by [Coello '06]. 

A detailed comparison of EMOOs is reported elsewhere [Deb '06; Knowles et al. '06; 

Konak et al. '06]. 

B.8 Genetic algorithm  

The multi-objective genetic algorithm (MOGA) used in this work is an adaptation 

of the genetic algorithm toolbox GAmin developed by Popov in the Matlab® [Popov '03] 

computing language. Details of the changes made are reported below. The application of 

genetic algorithms to problems in chemistry and science has only been recent. Interest in 

evolutionary algorithms began with the work of Rechenberg [Rechenberg '73] and Holland 

[Holland '75]. Limiting their early application was the fact that GAs are computationally 
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intensive, often requiring thousands or millions of evaluations of the objective function 

used to define the fitness of members of the GA. It is only with recent advances in 

computing power that the use of GAs has become feasible for personal computer users. As 

a result the previous decade saw a dramatic rise in their popularity in general, and in 

chemistry applications in particular [Hibbert '93; Lucasius et al. '93; Lucasius et al. '94; 

Balland et al. '00; Leardi '01; Elliott et al. '04; Katare et al. '04; Maeder et al. '04; Elliott et 

al. '05; Elliott et al. '06; Shopova et al. '06].  

Genetic or evolutionary algorithms are a class of adaptive optimisation techniques 

based on Darwinian principles of natural selection and survival of the fittest. Candidate 

solutions in GAs, in this case rate constants and activation energies of a reaction 

mechanism, need to be encoded as strings of numbers.  

B.8.1 Encoding  

The encoding is the process of translating the given optimization problem in a 

representation that is suitable to be handled by the genetic algorithm. Indeed the encoding 

depends strongly on the type of problem to be solved. For optimization problems the 

parameters to be determined are often real numbers and many binary and decimal 

encodings are possible. In the implemented GA a decimal encoding was chosen. The most 

common encodings found in literature are: 

 Binary  

 Gray 

 Value 

 Permutation  

 Tree 

B.8.1.1 Binary  

Parameters of an optimization problem can be mapped to a bit string [Forrest '93; 

Hibbert '93; Massart et al. '97; Balland et al. '00]. In Figure B.3 a possible bit string 

encoding for a two step reaction mechanism is represented. This representation is the most 

common since it was the first one developed and its implementation is easy. Holland 

[Holland '75] described the way the information propagates during the execution of a GA 

using a bit string encoding. From an initial situation where random strings of 0s and 1s are 

built, during the run of the algorithm and with the proceeding of the generations, some 

substrings are favoured and new offspring generated from them, until these substrings 
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dominate more and more of the whole string and eventually no variation is allowed for 

new solutions. In this condition the algorithm has converged. The problem of empirical 

model fitting to experimental data requires the identification of parameters that are real 

numbers. For a given bit encoding string of length (), bits this search space must be 

divided in (2 ) discrete intervals. The longer is the encoding string, the higher will be the 

resolution of the mapping. For rate constants it is most interesting to identify their order of 

magnitude, therefore a logarithmic base for the intervals would be more appropriate to 

avoid coarsening of the intervals for smaller values of the rate constants.  
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Figure B.3: The process of encoding/decoding the parameters for a two step reaction mechanism to/from a 
bit string encoded representation. 

B.8.1.2 Gray 

Gray coding is also a bit binary string representation where two successive values 

differ in only one digit (Table B.1). For bit string encoding the Gray coding is often used 

since it eliminates the difficulty that occurs with binary encoding that the leftmost bits have 

higher significance than the right most ones. Despite of that, Chakraborty showed that 

there is only a small difference between the Gray code and binary representations 

[Chakraborty et al. '03]. In some cases binary encoding performs better than Gray encoding 
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[Khouja et al. '98]. Additionally Gray encoding produces a different function mapping that 

may have fewer local optima. Empirical results indicate that some genetic algorithm test 

functions are significantly altered by Gray coding such that local optimization methods 

often perform better than genetic algorithms [Mathias et al. '94]. 

Table B.1: Equivalence of decimal 
binary and Gray encoding 

Decimal Gray Binary 
0 000 000 
1 001 001 
2 011 010 
3 010 011 
4 110 100 
5 111 101 
6 101 110 
7 100 111 

B.8.1.3 Real code  

This is the natural way of representing the parameters to be optimized, since their 

original representation as numbers (i.e. as values in the set of real numbers) is kept in the 

genetic algorithm. Genetic algorithms (GA) where the encoding of the parameters is the 

same as in the original problem are often called evolutionary algorithms (EA). For this 

encoding it is often necessary to develop some new problem specific crossover and 

mutation method or adapt some existing ones for the problem. Genetic algorithms for 

training neural networks often use this method of encoding. Another approach that could 

be classified as real value encoding is to represent individuals in a GA as strings of letters, 

where each letter again stands for a specific aspect of the solution [Mitchell '96]. 

B.8.1.4 Permutation 

In permutation encoding, every chromosome is a string of numbers that represent a 

position in a sequence. This representation is useful for sorting problems e.g. the travelling 

salesman problem or more recently in molecular biology [Bader 2001; Siepel 2003; Wiese 

2003]. For these applications the permutation encoding is the most natural since it does not 

require any modification to the original problem (EA). 

B.8.1.5 Tree 

This type of encoding is used mainly in genetic programming, i.e. for evolving 

programs or expressions [Koza '92]. In this approach, random changes are introduced by 
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changing the operator or altering the value at a given node in the tree, or replacing one 

subtree with another. 

B.8.2 Mutation 

To clarify the actual procedure of mutation, let’s consider a practical example, as 

depicted in Figure B.4 where the probability of getting a certain mutation number, nmu, as 

a function of the generation is shown. Initially, a parent individual P = (P1, P2,…, Pnvp) is 

randomly selected for mutation, among the ng population members. Then a gene Pi is 

randomly selected among the nvp genes (or parameters, in the case specific case) of the 

parent individual. For a given gene, the mutation number, nmu,  

 ( ) jnmu randn ub lb var    (B.4) 

is added to the parent gene, Pi, to give a new gene, Ci, as shown in Equation (B.5). 

Trough the replacement of the gene Pi with Ci, the individual P is transformed to C. As 

here a real value coding is used (see Chapter B.8.1.3), the number of genes is equal to the 

number of fitter parameters nvp, and i is an integer selected randomly in the range from 1 

to nvp. ub and lb are the lower and upped bound for the selected gene (or parameter). In 

practice, to calculate the new gene, Equation (2.22), obtained by introducing Equation 

(B.4) in Equation (B.5), is used. 

 i iC P nmu   (B.5) 

We consider nsn and ng equal to 10 and 2000 respectively. In Figure B.4a is shown 

what happens to the mutation number (nmu), at generation j=1, 100 and 200. In this case 

the variance shrinks linearly from its maximum value to zero between generations 1 to 

200.  

Initially j = 1, var1 = 1 and nsr = 1, thus from Equation (2.20) in Chapter 2, we get 

var1 = (1-1/200) = 0.995, thus from Equation (B.4) the square root of this value is 

multiplied by a random normally distributed number randn and by the range of the bounds 

resulting in a positive or negative value. Its variability spans with a probability equal to one 

standard deviation (ca. 68%), the range sqrt(0.995)·(ub-lb). Since this value is then added 

to the value of the gene to be mutated Equation (B.5), the overall probability of mutation 

for the first generation has a mean value equal to the value of the gene before mutation. In 

Figure B.4 this range (ub - lb) is represented by a greyed area. At the hundredth generation 

var100 = (1-100/200) = 0, thus the mutation number, nmu, will have a mean value equal to 

zero as before, but its standard deviation will be now half of the initial range (ub - lb). 
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Figure B.4: The probability distribution for the mutation number (PDMN) for Gaussian shrinking mutation 
as defined by Equation (B.4) is shown as a function of the generations (j=1 to 2000), nsn = 10 and ng = 2000. 
(a) WITHOUT restart (upper part). (b) WITH restart (bottom part). 
WHITHOUT RESTART. (PDMN) at generations j = 1, 100 and 200. At the first generation j = 1 the 
probability of mutation is maximal and its variance correspond roughly to the value (ub-lb) where ub and lb 
are upper and lower bounds for that gene in the search space. At the generation j = 100 the mutation variance 
is about half the value for j = 1. At j = 200 the mutation variance goes to zero and no mutation occurs. The 
actual mutated gene is obtained by adding the mutation number (nmu) to the original value of the gene, 
according to Equations (B.4) and (B.5) 
WITH RESTART. (PDMN) is reported for generation j = 1, 200, 201, 400, 1801 and 2000; showing that for 
j = 1, 201, 1801, the variance for the probability distribution of (nmu) is maximal at j = 1, 200, 201, 400, 
1801 and it decreases its value monotonically to zero for from 1 to 200, 201 to 400, 1801 to 2000 
respectively. Note that for clarity are shown 3 restart out of 10 are shown, while the restarts at 401, 601, 
…,1601 are omitted. 

As we reach the generation 200, nmu = 0 and thus no mutation occurs, and in the 

upper part of Figure B.4 the Gaussian representing the mutation variance shrink to a 

vertical line. As mentioned before, the variance is calculated with Equation (2.20) is scaled 

to the range of the initial population according to Equation (2.22), and if the upper and 

lower bound are chosen in the range where the global optimum lies, the convergence of the 

algorithm will be rapid. Let’s consider Figure B.4 (below). In this case the process 

observed in Figure B.4 (above) is repeated 10 times, since according to Equation (2.20), 

for j = 1, 201, 401,.…, 1801, varj = (1-1/200) = 0.995 as the mod function make sure the 

reminder of the division between the current generation j and the ratio ng/nsn = 200 is 

taken, and then normalized by multiplying by nsn/ng=1/200.  
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These iteration values correspond to a restart of the algorithm, since the mutation is 

maximal and will shrinking to zero for j = 200, 400, …, 2000. Figure B.4 (top) is shown as 

an inset of Figure B.4 below and the process of restart is repeated 10 times. In Figure B.4  

(bottom) are shown the probability distribution as a Gaussian for the mutation number nmu 

just the starts for generation j = 1, 201 and 1801 where a start/restart happens, and for 

generation j = 200,400 and 2000 where the Gaussian collapse to a line since nmu goes to 

zero and no mutation occurs. Figure B.4 show 3 restart only, but of course 10 restarts 

happens during the execution of the algorithm for the given values of ng and nsn, but are 

not represented for clarity.  

The implementation of a multiple restarting Gaussian mutation also allows escape 

from local optima if the chosen bounds are loose. At the beginning of each restart the 

probability is one standard deviation that the mutated genes will go to a value distant from 

its initial value not greater than the initial range of the search space for that gene (and 

about 30% that they will be outside this range). In this implementation the Gaussian 

mutation has been applied to a randomly selected fraction (nmu) of genes in the breeding 

population. 

 

 





 

 

A p p e n d i x  C  

EQUATIONS OF STATE 

C.1 Conversion of the pressure drop rate to number of moles of hydrogen 
consumed 

The number of moles of hydrogen consumed can be determined by conversion of 

the pressure drop rate according to an appropriate equation of state (EOS) for hydrogen. 

Equations of state are relationships between different thermodynamic properties of a 

substance or mixture at a certain given physical condition. The simplest equation of state 

for a gas is the ideal gas law 

 pV=RT (C.1) 

where p [kPa] is pressure, V [M-1] the molar volume, T [K] the temperature and R 

[kPa K−1M-1] the ideal gas constant, whose value depend on the unit system adopted (8.314 

JK−1mol-1 in SI units). For a gas far from ideal conditions (e.g. high pressure and/or low 

temperature), this equation performs poorly in predicting the state of the gas. In literature a 

great variety of EOS have been proposed in order to accurately predict the state of a gas 

away from ideal conditions [Reid et al. '87; Elliott et al. '99]. These equations keep in 

account that a real fluid interactions and even transitions will occur. EOSs with 2 or 3 

coefficients have been considered, as well as analytical EOSs. An analytical EOS is an 

algebraic relationship between pressure, temperature and molar volume.  

Interest in a more accurate estimate of the hydrogen’s properties has grown in 

recent years, due to known uncertainties in the current standard, improved methods for 

developing and describing thermodynamic surfaces, design considerations, and lately since 

it is considered as an alternative and clean energy source for fuel cell vehicles [Boublik 

'06; Lemmon et al. '06]. 

A short summary of the traditional EOS used to calculate the properties of fluids is 

reported below. However, in the case of H2 the critical temperature Tc lies in the range of 

temperatures with non-negligible quantum effects; thus, such an estimation of the 

parameters of EOS based on generalized expressions are not reliable at T >250K and high 

pressure [Boublik '06]. These equations can be implemented in software and inversion of 

the equation through iterative solutions is straightforward. Nonetheless, direct use of many 
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of these EOS for hydrogen consumption calculations may not be convenient. In this case 

simpler and less accurate equations, e.g. the virial equation, are often preferred. 

[Thies '03] proposed for the measure of hydrogen uptake by pressure drop in a 

reservoir the equation: 

 2 1

2 1

res p p
n

RT Z Z

  
   

 
 (C.2) 

where res  is the volume of the reservoir in cm3, T the temperature of the reservoir 

in K, p the pressure in bar, and R (=83.14) the ideal gas constant in [cm3 bar/(mol·K)]. For 

the compressibility factor Z, the relation Z=1+kp is assumed, where k= 5.57 10-4 bar-1. This 

relation between the hydrogen uptake and the pressure in the reservoir has validity for 

20<T<30°C and 1<p<30 bar.  

C.2 Compressibility factor equation 

A simple way to extend the validity of the compressibility factor equation for a 

wider range of temperature and pressure of hydrogen is to use adequate values for the 

compressibility factor. Such values are reported e.g. in [Perry et al. '97] and refer to values 

obtained by correlation of experimental data at several different conditions of pressure and 

temperature [McCarty et al. '81]. These values are reported also in Table C.1 below for the 

range of interest of the data considered in this thesis. 

 

Table C.1: Compressibility factors Z for hydrogen [McCarty et al. '81; Perry et al. '97] 

Pressure [bar] T [K] 
1 10 20 40 60 80 100 200 400 

200 1.0007 1.0066 1.0134 1.0275 1.0422 1.0575 1.0734 1.163 1.355
300 1.0005 1.0059 1.0117 1.0236 1.0357 1.0479 1.0603 1.124 1.253
400 1.0004 1.0048 1.0096 1.0192 1.0289 1.0386 1.0484 1.098 1.196

C.3 Simple equations of state (EOS) 

The simplest correction to the ideal gas low is the two parameters equation of state 

below 

 pV=ZRT (C.3) 

where V is the molar volume, and Z the compressibility factor. The compressibility 

factor is for many gases dependent on the reduced temperature Tr and pressure pr only, 

according to the law of corresponding states. Therefore as far as the critical temperature Tc 

and pressure pc are known, the value of Z can be determined from a generalized 
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compressibility chart (lookup) or table (interpolation). The reduced state variables are the 

reduced temperature and pressure and are defined as: 

 Tr = T/ Tc  (C.4) 

 pr = p/ pc.   

where T and p are the actual temperature and pressure, Tc and pc the temperature 

and pressure of the gas at the critical point. 

If for substances that have the same Zc we consider a different chart, we increase 

significantly the accuracy of our estimation for the property of the considered fluid. 

Alternatively a three parameter equation that can be considered is the following: 

 Z = Z(0)(Tr,pr) + ωZ(1)(Tr,pr) (C.5) 

The additional parameter ω represents an acentric factor, i.e. an indicator of non-

sphericity of the molecule’s force field. In this case Z(0) and Z(1) are tabulated as a function 

of the reduced variables [Reid et al. '87]. 

The virial equation of state is a polynomial series in inverse volume that is explicit 

in pressure. This equation gives a sound theoretical base to the theory of EOS for real 

gases since it can be derived from statistical mechanics. 

 p = RTV-1 + RTB(T)V-2+RTC(T)V-3+… (C.6) 

The parameters B, C, … are called the second, third, … virial coefficients and are a 

function of temperature. The coefficients B, C, … can be derived from theoretical 

equations describing the intermolecular forces. E.g. the second virial coefficient depends 

only on the interactions between pairs of molecules, the third on interactions among triplets 

of molecules, etc. Often the virial equation is truncated to the second virial coefficient. In 

this case literature data can be fitted by least squares to the equation 

   1

0
1

B / 1
n

i

i
i

a T T




     (C.7) 

Where B is second virial coefficient (cm3·mol-1), T0 is the reference temperature 

(K), and the coefficients ai (cm3·mol-1) are reported in [Dymond et al. '02; Kehiaian '02]. 

Care must be taken that this truncated virial equation is restricted to small deviations from 

ideal-gas behavior and only in the range of temperatures specified. It is possible to use a 

corresponding states law to estimate the second virial coefficient, when experimental data 

are not available. In this case the value of B for a non polar molecule is given by  

 (0) (1)c

c

BP
B B

RT
   (C.8) 
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Where B(0)=0.083-0.422/Tr
1.6 and B(1)=0.139-0.172/Tr

4.2. For polar molecules an 

additional term B(2) = a/Tr
6 + b/Tr

8 is added, where b is zero for nonhydrogen-bonded 

materials and a is tabulated as a function of the reduced dipolar moment.  

A virial equation is not suitable to describe thermodynamic systems where liquid-

vapour equilibrium is present. In this case other popular equations of state are available 

[Wilson 1964; Renon 1968; Soave 1972; Peng 1976; Fredenslund 1977; Orbey 1998]. 

 
 
 



 

 

A p p e n d i x  D  

KINETIC MODELS FOR HETEROGENEOUS CATALYSIS 

D.1 Introduction 

The intrinsic kinetics describe the chemical transformation of the reactants to give 

the products in a sequence of elementary steps. For a heterogeneous catalytic reaction, 

these steps include the adsorption, desorption, interaction of adsorbed species (reaction in 

adsorption layer), interaction between the molecules from the gas phase and adsorbed 

species (impact reaction), migration of adsorbed species along the catalyst surface [Ertl et 

al. '97; Pyatnitsky et al. '00]. Eventually the catalyst emerges unaltered. A mechanistic 

study would require a detailed characterization of the catalyst, usually carried out by 

experimental techniques such as physisorption, chemisorption, thermal programmed 

desorption (TPD), thermal programmed reduction (TPR), etc. The chemisorption in 

particular allows the determination of the specific surface area of catalytic active material, 

and eventually the energy of the catalytic site [Satterfield '81; Satterfield '96; Gianoli '97]. 

In this section, the adsorption-desorption will be considered in the framework of the 

intrinsic kinetics, since a particular adsorption-desorption mechanism affects the overall 

kinetics. The kinetic mechanism is named after the adsorption-desorption process that 

characterizes it. A detailed description of adsorption-desorption phenomena can be found 

e.g. in [Oscik et al. '82; Toth '02].  

 
Figure D.1: Schematic representation of the Langmuir-Hinshelwood (LH) (left) and Eley-Rideal (ER) (right) 
models in heterogeneous catalysis. 
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The Langmuir-Hinshelwood (LH) kinetics is the most common type of mechanism 

in heterogeneous catalysis [Baxter et al. '02]. It assumes that all the species are adsorbed 

(chemisorbed) and accommodated on the catalyst’s surface before they can take part in any 

reaction. In the Eley-Rideal mechanism [Eley '41; Eley et al. '41] one of the reactant reacts 

directly out of the gas phase without being accommodated on the catalyst surface 

[Chorkendorff et al. '05]. Figure D.1 shows the LH (left) and ER (right) mechanisms as a 

three step process for a bimolecular reaction A + B → P. In the first step the substrates A 

and B are adsorbed on the catalyst’s surface in the LH mechanism (left). For the ER 

mechanism (right) just the substrate A is adsorbed. In step 2 the adsorbed substrates 

migrate to the active site and react in the LH mechanism (left), while in ER mechanism B 

reacts from the gas phase with the molecule of substrate A adsorbed. In step 3 the product 

P is desorbed from the catalyst’s surface, for both mechanisms. Equations (D.1) and (D.2) 

show the rate law for a bimolecular surface reaction in the case of LH and ER mechanisms 

respectively 
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where θi , pi, ci and Ki are respectively the degree of coverage of the catalyst 

surface, the pressure and/or the concentration and the adsorption constant of the i-th 

species; k is the rate constant. For a bimolecular catalytic reaction of the type A + B → P 

following the LH mechanism, the rate of reaction is maximal for a stoichiometric ratio of 

the two reactants A and B. In case the ER mechanism is followed, the rate of reaction 

increases as the pressure of the reactant B (that reacts from the gas phase as shown in 

Figure D.1) is increased. For the reactant A, a LH type of behaviour is observed: as the 

concentration of A is increased, the reaction rate increases until the catalyst’s surface is 

fully covered. Afterwards, further increases on the concentration of A have no effect on the 

reaction rate. The LH mechanism is now considered more in detail, considering the most 

common approximation used in heterogeneous catalysis to simplify the mathematical 

treatment of the reaction system, according to particular conditions applied on the LH 

mechanism. Note that the Hougen-Watson mechanism, also called Langmuir-Hinshelwood 

Hougen-Watson, (LHHW), is the name commonly given to the LH mechanism in the 

chemical engineering literature [Boudart et al. '84]. 
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D.2 The Langmuir-Hinshelwood (LH) mechanism 

Given a reaction A + B → P on a catalytic surface (*), the elementary steps 

involved into the LH mechanism are: 

adsorption of the reactants  
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reaction of the adsorbed species 
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desorption of the products 
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  (D.5) 

where the adsorption and desorption steps are represented by k+ and k- respectively. 

Equations (D.3) to (D.5) describe a catalytic cycle that must be stoichiometrically and 

thermodynamically consistent, i.e. a mass balance on the total number of catalytic sites 

must be verified. For each step, the corresponding rate law expressed reaction rate per site 

can be written by 

 1 1 * 1A Ak c k      (D.6) 

 2 2 * 2B Bk c k      (D.7) 

 3 3 3 *A B ABk k        (D.8) 

 4 4 4 *AB ABk k p      (D.9) 

where θi is the degree of coverage of the catalyst surface by the i-th species, and the 

coverage of all the species must add up to unity according to Equation (D.10) 

 * 1A B AB        (D.10) 

The integration of Equations (D.6) to (D.9) provides the most general solution to 

the dynamic system of getting the coverage profiles as a function of time, and commonly 

must be carried out numerically. As with any numerical solution stability problems may 

arise, and if the behaviour of the steady state is the main interest, some approximations can 

be applied in order to simplify the analysis. The most common approximations applied are 

presented in [Lynggaard et al. '04]: 
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D.3 Steady state approximation (SSA) 

In case no accumulation or depletion of intermediates is expected, Equations (D.6) 

to (D.9) be set to zero:  

 0i
i

d

dt

    (D.11) 

Equation (D.11) does not necessarily imply that the concentration of the 

intermediate is zero, but Equations (D.6) to (D.9) become linear dependent and n-1 

equations are sufficient to describe a reaction system of n elementary step reactions. 

D.4 Quasi-equilibrium approximation (QEA) 

Only one elementary step between those of Equations (D.3) to (D.5) is the rate 

determining step, while the other steps can be considered sufficiently fast to be in a quasi-

equilibrium state. If for example we consider the reaction of the adsorbed species (step 

shown in Equations (D.4) and rate law of Equation (D.8)) as the rate determining step 

(RDS), then Equations (D.6) and (D.9) can be rewritten as : 

 1 1 * 1 1 *0 A A A Ak c k K c           (D.12) 

 2 2 * 2 2 *0 B B B Bk c k K c           (D.13) 

and 

 *
4 4 4 *

4

0 AB
AB AB AB

c
k k c

K

          (D.14) 

thus we are assuming for the adsorption and desorption reactions the behaviour as 

in the Langmuir isotherm. Introducing Equations (D.12) to (D.14) into Equation (D.8), i.e. 

the expressions for the coverage of the reactants A and B into the rate expression for the 

rate determining step gives the expression for the rate law of Equation (D.15): 

 2
3 1 2 *

1 2 3 4

1 AB
A B

A B

c
k K K c c

c c K K K K
 

 
  

 
 (D.15) 

Introducing the equilibrium constant for the overall reaction in the bulk phase, K, 

defined in Equation (D.16) 

 1 2 3 4K K K K K  (D.16) 

in the rate law expression of Equation (D.15), we obtain 

 2
3 1 2 *1 AB

A B
A B

c
k K K c c

c c K
     

 
    

 
 (D.17) 
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Equation (D.17) shows that the rate law depends on both the thermodynamic 

equilibrium composition expressed by the term between brackets and on the degree of 

coverage quadratically. As a consequence, Equation (D.17) shows that the reaction rate in 

presence of a highly covered surface would yield to a slow reaction even if the equilibrium 

ratio defined as  

 AB

A B

c

c c K
   (D.18) 

is much greater than one. In practice, a rate law expression such as Equation (D.17) 

is not so useful since it contains the fraction of free sites θ*. An expression where θ* does 

not appear explicitly can be obtained considering the mass balance on the total number of 

catalytic sites for n species and counting the free catalytic sites as an additional species, 

Equation (D.19),  

 
1

1
n

i
i




  (D.19) 

then introducing Equations (D.12) to (D.14) in Equation (D.19) and rewriting 

explicitly for the fraction of free sites θ* yields Equation (D.20) below 

 *
1 2 4

1

1 /A B ABK c K c c K
 

  
 (D.20) 

By introducing Equation (D.20) in Equation (D.12) to (D.14) respectively, we 

obtain the expression for the coverage of the species involved in the catalytic reaction in 

the case of QEA as 

 1

1 2 41 /
A

A
A B AB

K c

K c K c c K
 

  
 (D.21) 

 2

1 2 41 /
B

B
A B AB

K c

K c K c c K
 

  
 (D.22) 

 4

1 2 4

/

1 /
AB

C
A B AB

c K

K c K c c K
 

  
 (D.23) 

Introducing Equation (D.20) in the expression of the rate law of Equation (D.17) we 

obtain Equation (D.24) below 

  
2

3 1 2
1 2 4

1
1

1 /A B
A B AB

k K K c c
K c K c c K

     

 
        

 (D.24) 

Equations (D.20) to (D.23) relate the concentration of the species in the bulk phase 

with that on the surface of the catalyst. Such relations are referred as adsorption isotherms 

and in this particular case the Langmuir isotherm, for the adsorption - desorption of the 
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species has been used. The Langmuir isotherms as written in Equations (D.20) to (D.23), 

assume that all species are adsorbed on the same type of catalytic site (competitive 

adsorption), that the adsorption energy does not depend on the degree of coverage and that 

just a monolayer is formed. Equation (D.24) is valid just under the assumption of QEA, 

thus under steady state conditions. In case the behavior of the system is not stationary or a 

shift in the rate determining step occurs, Equation (D.24) will produce the wrong 

prediction.  

D.5 Hybrid steady state approximation (HSSA) 

When more than one step is rate determining, e.g. two steps are slow, the situation 

is a hybrid between the SSA and the QEA [Askgaard, et al. '95; Ovesen, et al. '97; Topsoe, 

et al. '97]. Considering the scheme of Equation (D.6) to (D.9), and considering the 

elementary steps of Equations (D.6) and (D.8) as slow, and the QEA for the steps of 

Equations (D.7) and (D.9), then the system of equations to be considered is expressed by 

Equations (D.25) to (D.28), that are equivalent to Equations (D.6), (D.13), (D.8) and 

(D.14) respectively. The solution of the resulting system of equations is more complicated 

than the QEA but simpler than solving the general case of Equations (D.6) to (D.9). 

 1 1 * 1A Ak c k      (D.25) 

 2 2 * 2 2 *0 B B B Bk c k K c           (D.26) 

 3 3 3 *A B ABk k        (D.27) 

 *
4 4 4 *

4

0 AB
AB AB AB

c
k k c

K

          (D.28) 

D.6 Irreversible step approximation (ISA)  

This case is a simplification of the QEA that considers for one or more reversible 

steps in the mechanism only the reaction in one direction, neglecting (i.e. considering very 

slow) the reaction in the opposite direction. If, for example, in the QEA we consider the 

concentration of AB (CAB) as negligible such that in Equation (D.5) the reverse reaction 

can be considered very slow, this step can be assumed as irreversible. As a consequence 

the resulting intrinsic model is shown in Equation (D.29), that is equivalent to Equation 

(D.24) with CAB = 0. 

 
 

3 1 2
2

1 21
A B

A B

k K K c c

K c K c
 

 
 (D.29) 
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D.7 Most abundant reaction intermediate (MARI) approximation 

The MARI approximation is derived from the (QEA). In this model, it is assumed 

that one species is predominantly adsorbed on the surface of the catalyst, e.g. since its 

adsorption constant is much greater than those of the other species on the catalytic system. 

As a consequence, the mass balance on the catalytic sites of Equation (D.19) is rewritten as 

 *
1

1
n

i MARI
i

  


    (D.30) 

Considering, for example, the case of the scheme of Equations (D.3) to (D.5) and 

assuming that species A is the MARI, e.g. because it’s strongly adsorbed and its 

concentration is comparable to those of the other species B and AB, then Equations (D.21) 

to (D.24) for the coverage and rate law can be simplified to give respectively Equations 

(D.31) and (D.32) below: 

 

1

1

*

1

0

1

A
A

A

B AB

A

K c

K c


 
 





 


 (D.31) 

and 

  
2

3 1 2
1

1
1

1A B
A

k K K c c
K c

     

 
      

 (D.32) 

D.8 Nearly empty surface approximation (NESA) 

A situation opposite to the above occurs when the surface of the catalyst is near 

empty, e.g. because the species have low affinity to the surface or the temperature is 

sufficiently high to reduce the solubility of the gaseous species solvated in the solvent of 

the bulk phase, or the affinity for the solid or liquid species (reactant, products or 

intermediates) for the bulk phase is increased. In this case the approximation 

 * 1   (D.33) 

leads to a rate law expression where the adsorption term is negligible: 

  3 1 2 1A Bk K K C C          (D.34) 

if additionally the product concentration is almost zero or the conversion to the 

product is irreversible, then 0   and the rate law is  

 3 1 2 A Bk K K C C        (D.35) 
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Equation (D.35) indicates that for small conversions and nearly empty surfaces the 

maximum reaction rate is observed for stoichiometric ratio of the reactants. 

 

D.9 Model derivations 

D.9.1 Equivalence of models (f) and (g) of Table 4.5 

From the mass balance 

 
 0

NB NB ANc c c   (D.36) 

or equivalently, 

 

0

0
1

AN NB NB

AN NB

NB

c c c

c c

c

 



 (D.37) 

 
given the rate law of Equation (D.38), i.e. model (g) of Chapter 4.4.1, 

 
  1 1

NB

NB NB AN AN

kc

K c K c
 

 
 (D.38) 

and rewriting as 

 
1

NB

NB NB AN AN NB AN NB AN

kc

K c K c K K c c
 

  
 (D.39) 

then, replacing cAN in the last term of the denominator with the first of Equation 

(D.37),  and introducing the second of Equation (D.37)  

 

 0
0

NB

AN NB
NB NB AN AN NB AN NB NB NB

NB

kc
c c

K c K c K K c c c
c

 


   
 (D.40) 

subsequently expanding to 

 
0 2

0 0

NB

AN NB
NB NB AN AN NB AN NB NB NB AN NB

NB NB

kc
c c

K c K c K K c c K K c
c c

 
    

 (D.41) 

and collecting terms with the same power in CNB and CAN in the denominator  

 
0 2

0 0

1 1
NB

NB NB AN NB NB AN AN NB AN NB
NB NB

kc

K K K c c K c K K c
c c

 
   

       
   

 (D.42) 

and finally, dividing numerator and denominator by 
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 0
0

1
NB NB AN NB

NB

K K K c
c

   (D.43) 

leads to 

 

1 2
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0
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1
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 (D.44) 

Equation (D.44) is equivalent to rate law (f) of Chapter 4.4.1, under the condition 

that the parameters kf, Q1, Q2, are calculated as 
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 (D.45) 

D.9.2 Relationship of model (g) of Table 4.5 to Michaelis-Menten 

Suppose, in a first step, that the substrate, S, reacts with enzyme, E, to give the 

enzyme-substrate complex, ES. Subsequently, the enzyme-substrate complex is converted 

into the product, P, as shown in Equation (D.46). Simultaneously but non-competitively, 

enzyme, E, is in equilibrium with an inhibitor, I, to form an unreactive enzyme-inhibitor 

complex, EI, as shown in the last row of Equation (D.46). 

 2

M

I

K

k

K

S E ES

ES P E

E I EI

 
 

 

 (D.46) 

The second reaction step is an irreversible and slow monomolecular process with a 

rate constant k2, and the rate of the overall reaction being 

 

 
max

1

S

I
M S

I

V c

c
K c

K

 
 

  
 

 (D.47) 
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This represents the extended MM equation in order to account for non-competitive 

inhibition phenomena [Illanes '08]. In Equation (D.47), Vmax, the maximal reaction rate, is 

defined as 

 0
max 2 EV k c  (D.48) 

where k2 is the rate constant of the second reaction step of Equation (D.46) and c0 
E  

the total concentration of the enzyme, and KM is the Michaelis constant, i.e. the 

dissociation constant for the enzyme-substrate complex, ES, as defined in Equation (D.49) 

 E S
M

ES

c c
K

c
  (D.49) 

and KI being the dissociation constant of the enzyme-inhibitor complex, EI. 

 E I
I

EI

c c
K

c
  (D.50) 

Dividing numerator and denominator of Equation (D.47) by KM, Equation (D.51) 

below is obtained. This is formally identical to Equation (D.38) i.e. model (g) presented in 

Chapter 4.4.1, if the inhibitor concentration cI, is replaced by the reaction product, which in 

case of rate law (g) is aniline, AN, and if the constants KM and KI are defined as formation 

constants instead of dissociation constants. 

 

max

1 1

S
M

S I

M I

V
c

K

c c
K K

 
  
   

  

 (D.51) 

Defining the apparent maximal reaction rate max
appV , as  

 max
max

1

app

I

I

V
V

c
K




 (D.52) 

then Equation (D.47) can be rewritten as  

 max
app

S

M S

V c

K c
 


 (D.53) 

which is formally equivalent to the ER model, i.e. model (a) of Chapter 4.4.1, under 

the assumption that the concentration of the inhibitor, cI, is constant during the reaction, or 

in the specific case of aniline, is acting as an inhibitor, when just the initial rates are used 

for kinetic modelling.  



 

 

A p p e n d i x  E  

OPTIMISATION RESULTS FOR THE HYDROGENATION OF NITROBENZENE 

E.1 Mono-objective NGL/M optimisations using model (g) 

Table E.1: Summary of the mono-objective NGL/M optimisations using model (g) from Table 4.5. Standard 
errors in optimised parameters are determined from the variance/covariance matrix 

S
ig

na
l 

T k KNB KAN ∆rH
a σr

 ssq # 
ite

ra
tio

ns
 

 [°C] [s-1] [M-1] [M-1] [kJ·mol-1] b c  

NB_35_33 (507) 
q  3.0 ± 0.2e-2 89 ± 6 2.19 ± 0.05 -513 ± 2 1.5E-1 5.2E+0 1 
A 35 2.85 ± 0.02e-2 59.1 ± 0.5 3.64 ± 0.02  1.3E-2 5.6E+0 7 
g  5.5 ± 0.2e-3 16.9 ± 0.5 1.68 ± 0.03  4.5E-4 4.6E-5 27 

NB_40_32 (529) 
q  3.01 ± 0.02e-2 74 ± 1 2.02 ± 0.03 -537 ± 2 1.8E-1 7.1E+0 2 
A 40 1.93 ± 0.07e-1 116 ± 3 14.3 ± 0.4  3.0E-3 2.8E-1 62 
g  1.35 ± 0.02e-2 33.2 ± 0.6 1.731 ± 0.002  3.3E-4 2.4E-5 1 

NB_45_31 (499) 
q  3.7 ± 0.2e-2 58 ± 3 1.93 ± 0.04 -507 ± 1 2.3E-1 1.1E+1 2 
A 45 1.59 ± 0.05e-1 105 ± 3 7.8 ± 0.1  3.3E-3 3.1E-1 25 
g  7.7 ± 0.2e-3 12.5 ± 0.3 1.31 ± 0.02  3.6E-4 2.8E-5 31 

NB_50_25 (503) 
q  9.6 ± 0.5e-2 132 ± 7 1.73 ± 0.02 -510.2 ± 0.1 1.9E-1 7.2E+0 2 
A 50 1.8 ± 0.6e-1 300 ± 100 0.73 ± 0.03  7.7E-3 1.5E+0 59 
g  9 ± 5e-2 130 ± 70 1.9 ± 0.1e+0  1.8E-3 6.9E-4 1 

NB_50_26 (520) 
q  1.099 ± 0.008e-1 152 ± 2 1.84 ± 0.02 -528 ± 1 2.4E-1 1.2E+1 2 
A 50 9.9 ± 0.9e-2 190 ± 20 0.40 ± 0.01  5.4E-3 7.2E-1 28 
g  6.6 ± 0.3e-2 92 ± 4 1.68 ± 0.01  2.0E-4 8.4E-6 2 

NB_50_27 (511) 
q  4.4 ± 0.2e-2 65 ± 3 1.82 ± 0.03 -520 ± 1 2.0E-1 8.6E+0 5 
A 50 2.5 ± 0.1e-1 218 ± 8 4.70 ± 0.04  2.3E-3 1.5E-1 61 
g  3.2 ± 0.5e-2 48 ± 7 1.82 ± 0.07  9.0E-4 1.7E-4 6 

NB_60_29 (517) 
q  6 ± 1e-2 70 ± 20 1.3 ± 0.1 -544 ± 6 1.4E+0 3.6E+2 2 
A 60 5.5 ± 0.1e-2 69 ± 1 1.193 ± 0.008  2.0E-3 8.7E-2 3 
g  2.69 ± 0.08e-2 33.0 ± 0.1 1.11 ± 0.01  2.5E-4 1.2E-5 1 

a) bracketed values for ΔrH are calculated from direct numerical integration of the power signals 
b) σr ([W] for power signals, and [mol] for hydrogen uptake) represent the standard deviations of the 
respective signal residuals, defined as σr = sqrt(ssq/(nd-nvp)), nd being the number of experimental points 
and nvp the number of fitted parameters [Maeder et al. '07]. 
c) in [W2] for ssqq, and [mol2] for ssqg 
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Figure E.1: Calculated pure component spectra for NB (above) and AN (below) as determined from the 
NGL/M optimisation of the spectroscopic data. Peak indicators: A (1350 cm-1, N-O symmetric stretch), B 
(1530 cm-1, N-O asymmetric stretch), C (1505 cm-1, C-H bending) and D (1605 cm-1, N-H bending).  

 
Figure E.2: Arrhenius (top) and Van’t Hoff (middle and bottom) scatter plots of the mono-objectively fitted 
rate and apparent adsorption constants using NGL/M. The power signal (blue, top pointing triangle) shows a 
better linear trend in contrast to the spectroscopic (green, right pointing triangles) and gas uptake data (red, 
left pointing triangles). The grey triangles at 3.09·10-3[K-1] (50°C) indicate that experiments no 25 and 26 
could be outliers. In the two corresponding original data sets at 50°C, total NB conversion is reached some 5 
-10 min prior to the other experiment no 27 at 50°C. This becomes even more evident from the Arrhenius and 
van’t Hoff diagrams corresponding to the optimum parameter set of the second MOGA run (Figure 4.12) 
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E.2 Pareto fit from the second MOGA run using model (g) 

Table E.2: Parameters and corresponding sums of squares for the Pareto 
front of measurement NB_35_33 at 35°C. The ‘best’ trade off from the 
nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

5.2 1.69E-1 7.37E-4 2.95E-2 89.3 2.19 -513 
28.8 2.31E-1 2.90E-4 2.74E-2 76.7 2.77 -513 
46.8 4.10E-2 5.29E-3 3.20E-2 76.7 2.92 -513 
25.2 6.18E-2 2.93E-3 2.86E-2 78.8 2.34 -513 
43.5 4.15E-2 4.94E-3 3.13E-2 76.7 2.82 -513 
13.3 1.55E-1 6.75E-4 2.88E-2 76.8 2.85 -513 
23.4 2.24E-1 3.01E-4 2.76E-2 78.2 2.68 -513 
46.5 4.10E-2 5.14E-3 3.08E-2 78.4 2.58 -513 
43.8 4.14E-2 4.95E-3 3.12E-2 77.4 2.75 -513 
36.9 4.61E-2 4.14E-3 3.01E-2 78.9 2.51 -513 
10.0 1.15E-1 1.21E-3 2.90E-2 76.7 2.79 -513 
49.5 4.10E-2 5.09E-3 2.94E-2 80.4 2.20 -513 
16.0 2.36E-1 3.59E-4 2.77E-2 83.3 2.35 -513 
15.0 1.98E-1 4.32E-4 3.12E-2 87.3 2.70 -513 
37.7 4.73E-2 4.07E-3 2.93E-2 79.3 2.33 -513 
46.8 4.10E-2 5.29E-3 3.20E-2 76.7 2.92 -513 
8.2 1.11E-1 1.29E-3 2.81E-2 77.6 2.53 -513 
28.0 5.43E-2 3.35E-3 3.03E-2 78.7 2.63 -513 

 
Figure E.3: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_35_33 at 35°C. 
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Table E.3: Parameters and corresponding sums of squares for the Pareto 
front of measurement NB_40_32 at 40°C. The ‘best’ trade off from the 
nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

15.3 1.33E-2 2.44E-5 1.35E-2 33.2 1.73 -521 
14.3 1.28E-2 1.09E-4 1.53E-2 37.3 1.73 -521 
16.7 1.28E-2 3.20E-4 3.46E-2 74.5 2.55 -537 
16.7 1.28E-2 3.21E-4 3.46E-2 74.5 2.55 -537 
10.5 1.39E-2 1.14E-4 3.18E-2 73.7 2.21 -537 
11.7 1.36E-2 1.34E-4 3.18E-2 74.0 2.17 -537 
13.2 1.28E-2 4.59E-5 1.40E-2 33.7 1.81 -527 
16.7 1.28E-2 3.21E-4 3.46E-2 74.5 2.55 -537 
17.4 1.28E-2 3.02E-4 3.26E-2 73.6 2.26 -537 
12.2 1.29E-2 1.23E-4 2.05E-2 48.3 1.99 -522 
7.1 1.97E-2 7.96E-5 3.01E-2 73.6 2.02 -537 
20.5 1.28E-2 3.09E-4 3.03E-2 71.3 2.03 -536 
21.5 1.28E-2 3.13E-4 3.14E-2 73.9 2.03 -537 
8.6 1.58E-2 7.32E-5 3.21E-2 74.2 2.26 -537 
7.7 1.69E-2 5.96E-5 3.06E-2 73.4 2.08 -537 
20.5 1.28E-2 3.01E-4 3.18E-2 74.4 2.06 -537 
10.5 1.39E-2 1.14E-4 3.18E-2 73.7 2.21 -537 
9.4 1.40E-2 9.13E-5 2.86E-2 67.1 2.13 -534 

 
Figure E.4: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_40_32 at 40°C.. 
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Table E.4: Parameters and corresponding sums of squares for the Pareto 
front of measurement NB_45_31 at 45°C. The ‘best’ trade off from the 
nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

11.0 8.90E-3 9.07E-4 3.67E-2 58 1.93 -507 
110.2 6.35E-3 3.04E-3 2.19E-1 296 2.73 -518 
110.1 6.35E-3 3.04E-3 2.19E-1 296 2.73 -518 
65.0 6.35E-3 2.66E-3 1.03E-1 142 2.58 -513 
51.1 1.86E-2 2.50E-4 3.68E-2 58 2.16 -507 
65.4 6.35E-3 2.67E-3 1.03E-1 142 2.58 -513 
45.9 1.78E-2 2.56E-4 3.70E-2 58 2.15 -507 
48.2 1.80E-2 2.52E-4 3.69E-2 58 2.16 -507 
24.0 2.03E-2 5.67E-4 8.57E-2 135 2.19 -507 
30.2 1.41E-2 3.38E-4 3.76E-2 59 2.13 -507 
39.8 1.63E-2 2.75E-4 3.75E-2 59 2.15 -507 
19.8 6.80E-3 1.58E-3 5.01E-2 74 2.25 -510 
37.3 1.58E-2 2.86E-4 3.75E-2 59 2.15 -507 
31.4 1.64E-2 3.32E-4 4.01E-2 64 2.09 -507 
25.4 1.28E-2 3.98E-4 3.77E-2 59 2.13 -507 

110.3 6.35E-3 3.04E-3 2.19E-1 296 2.73 -518 
36.0 1.55E-2 2.92E-4 3.73E-2 58 2.14 -507 
43.1 1.71E-2 2.63E-4 3.74E-2 59 2.15 -507 

 
Figure E.5: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_45_31 at 45°C. 
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Table E.5: Parameters and corresponding sums of squares for the Pareto 
front of measurement NB_50_25 at 50°C. The ‘best’ trade off from the 
nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

7.2 1.12E-2 1.93E-3 9.62E-2 132 1.73 -510 
197.3 5.78E-2 6.91E-4 9.31E-2 131 1.91 -490 
173.3 5.79E-2 6.91E-4 9.31E-2 132 1.91 -501 
69.7 3.16E-2 9.16E-4 9.52E-2 132 1.86 -510 
30.7 8.62E-3 3.26E-3 1.01E-1 132 1.84 -501 

187.9 5.61E-2 6.92E-4 9.33E-2 132 1.91 -491 
45.8 1.89E-2 1.31E-3 9.55E-2 132 1.80 -492 
51.7 8.37E-3 3.08E-3 9.46E-2 132 1.55 -492 
60.5 2.79E-2 9.83E-4 9.44E-2 132 1.82 -504 

148.9 4.94E-2 7.09E-4 9.36E-2 132 1.89 -498 
171.9 5.68E-2 6.91E-4 9.32E-2 132 1.91 -500 
88.1 3.49E-2 8.58E-4 9.49E-2 132 1.88 -503 

107.5 4.06E-2 7.84E-4 9.48E-2 132 1.91 -505 
77.6 3.28E-2 8.91E-4 9.50E-2 132 1.86 -505 
83.8 3.43E-2 8.64E-4 9.48E-2 132 1.87 -505 

134.5 4.97E-2 7.06E-4 9.31E-2 132 1.88 -508 
35.2 1.63E-2 1.40E-3 9.40E-2 132 1.71 -492 

158.6 5.19E-2 6.99E-4 9.35E-2 132 1.90 -498 

 
Figure E.6: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_50_25 at 50°C. 
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Table E.6: Parameters and corresponding sums of squares for the Pareto 
front of measurement NB_50_26 at 50°C. The ‘best’ trade off from the 
nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

33.7 6.64E-3 8.37E-6 6.56E-2 92 1.68 -507 
11.6 8.21E-3 9.09E-5 1.10E-1 152 1.84 -528 
49.0 5.49E-3 5.86E-5 1.06E-1 156 1.50 -518 
49.0 5.49E-3 5.86E-5 1.06E-1 156 1.50 -518 
49.0 5.49E-3 5.86E-5 1.06E-1 156 1.50 -518 
22.7 5.87E-3 1.39E-5 1.09E-1 153 1.75 -526 
18.6 6.01E-3 2.68E-5 1.10E-1 154 1.75 -526 
15.6 6.37E-3 3.29E-5 1.10E-1 153 1.79 -528 
39.7 5.49E-3 4.76E-5 1.06E-1 155 1.55 -519 
35.4 5.73E-3 1.70E-5 1.08E-1 153 1.66 -519 
39.7 5.49E-3 4.76E-5 1.06E-1 155 1.55 -519 
11.6 8.21E-3 9.09E-5 1.10E-1 152 1.84 -528 
24.2 5.79E-3 4.77E-5 1.06E-1 153 1.63 -524 
27.5 5.63E-3 2.14E-5 1.08E-1 153 1.67 -527 
31.7 5.57E-3 2.51E-5 1.08E-1 154 1.63 -521 
12.0 7.62E-3 7.38E-5 1.10E-1 152 1.82 -528 
14.7 6.52E-3 3.49E-5 1.10E-1 153 1.81 -528 
17.9 6.36E-3 5.56E-5 1.07E-1 153 1.69 -527 

 
Figure E.7: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_50_26 at 50°C. 
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Table E.7: Parameters and corresponding sums of squares for the Pareto 
front of measurement NB_50_27 at 50°C. The ‘best’ trade off from the 
nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

46.9 1.38E-2 1.72E-4 3.20E-2 47.7 1.82 -499 
21.0 5.53E-3 5.59E-4 3.37E-2 48.6 1.82 -502 
45.9 1.38E-2 1.72E-4 3.20E-2 47.7 1.82 -500 
8.6 7.33E-3 3.59E-4 4.36E-2 64.5 1.82 -520 
35.5 1.02E-2 1.97E-4 3.29E-2 48.5 1.85 -501 
47.4 1.35E-2 1.75E-4 3.27E-2 48.1 1.89 -499 
43.0 1.23E-2 1.75E-4 3.21E-2 47.8 1.82 -499 
31.9 8.35E-3 2.39E-4 3.31E-2 48.3 1.86 -500 
18.0 5.54E-3 5.47E-4 3.39E-2 48.8 1.82 -505 
15.1 5.77E-3 4.39E-4 3.46E-2 49.9 1.86 -509 
19.9 6.23E-3 3.56E-4 3.35E-2 48.6 1.85 -505 
29.8 1.01E-2 2.04E-4 3.38E-2 50.2 1.82 -503 
25.5 1.41E-2 1.84E-4 3.50E-2 52.3 1.84 -515 
39.6 1.35E-2 1.74E-4 3.25E-2 48.4 1.84 -503 
38.4 1.29E-2 1.79E-4 3.34E-2 49.7 1.83 -502 
24.2 7.19E-3 2.88E-4 3.37E-2 49.3 1.83 -503 
42.6 1.25E-2 1.80E-4 3.33E-2 49.0 1.88 -500 
12.8 5.54E-3 6.20E-4 3.85E-2 55.7 1.83 -514 

 
Figure E.8: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_50_27 at 50°C. 
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Table E.8: Parameters and corresponding sums of squares for the 
Pareto front of measurement NB_60_29 at 60°C. The ‘best’ trade off 
from the nearest Euclidian distance to the origin is highlighted. 

ssqq ssqA ssqgas k KNB KAN ∆rH 

[W2] [-] [mol2] [s-1] [M-1] [M-1] [kJ mol-1] 

389 3.73E-3 4.52E-5 5.58E-2 69.1 1.22 -527 
391 3.77E-3 1.94E-5 3.44E-2 42.4 1.16 -524 
376 3.73E-3 3.71E-5 5.54E-2 67.9 1.26 -535 
379 3.77E-3 2.00E-5 3.53E-2 43.6 1.16 -532 
394 4.28E-3 1.27E-5 2.77E-2 33.7 1.14 -528 
387 3.93E-3 1.66E-5 3.25E-2 40.1 1.13 -528 
400 4.07E-3 1.65E-5 2.71E-2 33.1 1.14 -525 
369 3.74E-3 3.30E-5 5.65E-2 68.3 1.33 -541 
373 3.73E-3 2.79E-5 5.00E-2 60.5 1.31 -533 
367 3.81E-3 3.53E-5 5.68E-2 68.9 1.34 -544 
364 4.61E-3 7.12E-5 5.63E-2 68.9 1.34 -544 
397 4.11E-3 1.44E-5 2.76E-2 33.7 1.14 -526 
381 3.74E-3 2.45E-5 3.49E-2 43.2 1.16 -530 
406 4.32E-3 1.23E-5 2.69E-2 33.0 1.11 -522 
406 4.34E-3 1.22E-5 2.69E-2 33.0 1.11 -522 
400 4.13E-3 1.34E-5 2.72E-2 33.3 1.11 -524 
404 4.12E-3 1.42E-5 2.70E-2 33.1 1.12 -523 
372 3.74E-3 2.83E-5 5.00E-2 60.5 1.31 -533 

 
Figure E.9: Projections of the sum of squares of the spectroscopic signals, ssqA, the gas uptake signals, ssqg, 
and the fitted parameters onto the sum of squares of the power signals, ssqq, (first column), of the 
spectroscopic signals, ssqA, (second column), and of the gas uptake signals, ssqg, (third column) 
corresponding to the Pareto front after the second run of MOGA for measurement NB_60_29 at 60°C. 
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Figure E.10: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the second 
MOGA run for experiment NB_35_33 at 35°C. For the spectroscopic data kinetic traces of peaks A (1350 
cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 

 
Figure E.11: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the second 
MOGA run for experiment NB_40_32 at 40°C. For the spectroscopic data kinetic traces of peaks A (1350 
cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 
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Figure E.12: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the second 
MOGA run for experiment NB_45_31 at 45°C. For the spectroscopic data kinetic traces of peaks A (1350 
cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 

 
Figure E.13: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the second 
MOGA run for experiment NB_50_25 at 50°C. For the spectroscopic data kinetic traces of peaks A (1350 
cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 
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Figure E.14: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the second 
MOGA run for experiment NB_50_26 at 50°C. For the spectroscopic data kinetic traces of peaks A (1350 
cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 

 
Figure E.15: Fit of the experimental data (red dots) to the modelled signals (blue line) obtained using the 
parameters calculated from the ‘best’ trade off Pareto point (of closest distance to the origin) after the second 
MOGA run for experiment NB_60_29 at 60°C. For the spectroscopic data kinetic traces of peaks A (1350 
cm-1, N-O symmetric stretch) and D (1605 cm-1, N-H bending) are shown. 



 

 



 

 


