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Abstract: The Selox is a catalytic benchmark for the selective CO oxidation reaction in the presence of H2, in the form of 

mathematical equations obtained via modelling of experimental results. The optimisation efficiencies of several Global 

Optimisation algorithms were studied using the Selox benchmark. Genetic Algorithms, Evolutionary Strategies, Simulated 

Annealing, Taboo Search and Genetic Algorithms hybridised with Knowledge Discovery procedures were the methods 

compared. A Design of Experiments search strategy was also exemplified using this benchmark. The main differences re-

garding the applicability of DoE and Global optimisation techniques are highlighted. Evolutionary strategies, Genetic al-

gorithms, using the sharing procedure, and the Hybrid Genetic algorithms proved to be the most successful in the bench-

mark optimisation. 
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INTRODUCTION 

 The wide acceptance of High Throughput Experimenta-
tion (HTE) and combinatorial methods in recent years has 
opened a broad range of possibilities to the catalyst re-
searcher [1, 2]. However, the automation and parallelization 
of the experimentation poses new challenges to the chemist 
in the planning of experimental work so as to take full ad-
vantage of HTE capabilities. Chemometric research methods

 

[3, 4], initially dedicated to tackle analytical chemistry is-
sues, are nowadays receiving special interest from the cata-
lyst HTE community and a considerable number of studies 
has been performed in order to improve the understanding of 
these methods and to adjust them as well as other computer-
science methods to the field of catalyst optimisation [5].

 
A 

method used already for many years within the combinato-
rial catalysis field is Design of Experiments (DoE). Applica-
tions include catalyst formulation and preparation [6-9], 
catalytic kinetic modelling [10, 11],

 
reactor engineering [12, 

13], and the optimisation of catalytic reaction conditions [14-
18]. For the latter, DoE is usually well-suited, since for this 
application a well defined parameter space is commonly em-
ployed, the general understanding of a given chemical sys-
tem is targeted and, by using descriptors, successful model-
ling of the response surface can be achieved in the presence 
of discrete variables [19]. When the goal is the optimisation  
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of a heterogeneous catalyst composition, however, global 
stochastic algorithms appear to be promising alternatives. 
These are attractive due to a) the large parameter space, b) 
the non-linear shape of the response surface, where synergis-
tic effects are commonly encountered, and c) the difficulty of 
defining DoE descriptors that characterise heterogeneous 
catalysts [20, 21]. Under these conditions the use of DoE 
methodology might not be the most appropriate since the 
optimum can be easily missed. 

 Usually in Catalysis, catalytic properties cannot be pre-
dicted from physical models. This implies that the catalysts 
(candidate solutions) must be synthesized and tested. Cata-
lyst screening and optimization is a tedious task even with 
the help of automated parallel equipments. As a conse-
quence, the optimisation procedure should be reliable and 
should minimize the risks of failures (e.g. optima not found). 
This represents a substantial increase in the effort required to 
asses the reliability of algorithms and methodologies. In ad-
dition, unlike the solution of a mathematical equation, labo-
ratory experimentation implies experimental error and out-
liers. Algorithms robust with respect to noisy data are there-
fore required for catalyst optimisation [50]. Furthermore, 
adjusting and testing the applicability of the different algo-
rithms to different types of chemical problems is essential. 
Much effort has been recently invested in validating optimi-
sation algorithms using catalytic benchmarks. For instance, 
Genetic Algorithms search procedures have been studied in 
virtual catalytic benchmarks in the form of a Neural Network 
[22, 28, 32, 39], or in some form of virtual mathematical 
benchmarks. While several of these methods have been 
tested separately, few studies compare their performances 
directly on the same benchmark. 
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 In this paper a general overview of the application of 
common chemometric optimisation methods in the field of 
catalyst optimisation is presented. Several global optimisa-
tion algorithms are compared to each other using the same 
mathematical function, or benchmark, which derived from a 
dataset on the Selox reaction. Finally, Design of Experiment 
methodology is also studied using the same Selox bench-
mark. 

1. THE SELOX BENCHMARK 

 A large data set for the selective catalytic oxidation reac-
tion of CO in the presence of H2 (for fuel-cell applications) 
was modelled to obtain the Selox benchmark [23]. The pa-
rameter space modelled includes the factors relating to cata-
lyst composition and reaction temperature effects on the 
conversion and selectivity of CO oxidation. The catalyst 
composition parameters considered were: the type and 
amount of metal (NM, [NM]%), acting as the main active 
phase, the type and amount of transition metal (TM, [TM]%) 
acting as support (Table 1). By modelling, for every combi-
nation of the remaining discrete parameters, the effects of 
varying [NM%] and [TM%] on the fitness function, 81 quad-
ratic functions were obtained - one for each of the conver-
sion and selectivity responses (Fig. 1). The application of a 
desirability function that combined the two responses and a 
penalty for high reaction temperatures formed the Selox 
benchmark response surface (for more details see ref. [23]). 
The Selox benchmark has the advantage of being composed 
of a series of mathematical functions and, therefore, it can be 
easily optimised computationally. Moreover, it also has the 
advantage of being a real catalytic case study the response 
surface of which can be easily visualised. It comprises a se-
ries of sub-optimal surfaces and its maximum fitness value is 
0.935. The optimal areas (fitness > 0.92) are situated in the 
Pt-Zr-Nb and Pt-Ti/Zr-V sub-regions of the response surface 
(Fig. 1b). 

Table 1. Parameter Space for the Selox Benchmark 

 

Parameter Level 1 Level 2 Level 3 

NM Au Cu Pt 

TM Mo Nb V 

Support CeO2 TiO2 ZrO2 

Temp. ( °C) 200 250 300 

[NM] (mass %) 0.1 … 2.1 

[TM] (mass %) 1 … 5 

 

1.1. Global Optimisation Algorithms 

 A common methodology for the optimisation of catalytic 
problems is the use of global optimisation strategies. Unlike, 
for example, Simplex and Gradient Descent local optimisa-
tion methodologies, which are deterministic algorithms, sto-
chastic global optimisation algorithms do not, as long as the 
necessary number of iterations is performed, get trapped in 
local optima. Among the global methodologies available, 
Evolutionary Algorithms (EA) represent currently the most 
popular method which has found a wide range of applica-
tions in chemistry [24]. After the introduction, by Wolf et al. 
of this optimization strategy in heterogeneous catalyst for-
mulation, the interest in this approach has risen considerably 

[25-32]. The increasing familiarity with this methodology, 
and its efficiency in the discovery of new catalytic materials, 
make EA a methodology of choice for this kind of applica-
tion. Advanced Genetic Algorithms (GA) are also being 
tested in order to further improve the optimisation efficiency. 
Most of these enhancements deal with hybridization of the 
GA algorithm with learning techniques such as Neural Net-
works, knowledge learning systems and others. Different 
promising algorithms like Simulated Annealing (SA) [33-
35], and Taboo Search (TS) [36], while being widely used in 
other scientific fields, have been used to a lesser extent by 
chemical researchers and their advantages have not been 
sufficiently explored. Still other search algorithms recently 
applied to heterogeneous catalysis include MAP [37], Krig-
ing [38], Holographic [39, 40] search, etc. In the following 
section, a brief set of explanations regarding search algo-
rithms to be tested on the Selox benchmark is presented. 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

Fig. (1). Response surfaces. a) Calculated conversion response 

surface for the ternary system Pt-V-Ti at 200°C (y = 53 -12[TM] – 

29[NM] + 8,67[NM]
2

 – 30[TM]
2

 + 20[NM][TM]). b) Contour Plot 

representation of the total desirability response surfaces. 

Evolutionary Strategy (ES) and Genetic Algorithms (GA) 

 Genetic Algorithms (GA), and also Evolution Strategies 
(ES), try to mimic the evolutionary process of living species 
by using similar genetic operators such as selection, cross-
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over and mutation [41, 42]. Both share the same basic con-
cepts, but differ in the way they encode the solutions. Ge-
netic Algorithms use chromosomes composed of binary 
code, whereas the evolutionary strategies use a real-vector 
coding representation [43]. In both methods a random initial 
population is evaluated, from which the strings of the se-
lected catalysts are recombined and mutated, creating a new 
population that is evaluated again. Performing the loop once 
is called a generation, and this is then repeated until a termi-
nation criterion (for example a maximum number of cata-
lysts tested, or convergence to a catalyst) is met. The degree 
of browsing/exploitation of the search system is settled by 
adjusting its selection pressure, crossover rate and mutation 
rate parameters [23]. Results obtained for the Selox bench-
mark with a GA algorithm are shown in Fig. 2 and the 
workflow chart for a GA and an ES are presented in Fig. 3a. 

Simulated Annealing (SA) 

 Simulated Annealing algorithms work as an analogy to 
the way in which a heated metal changes towards a mini-
mum-energy crystalline structure on cooling (the annealing 
process). If it is cooled quickly, it will solidify in a less or-
ganised and higher potential-energy state then when cooled 
slowly. The method can be generalised to a combinatorial 
approach in a straightforward way [44, 45]. The state of the 
thermodynamic system is analogous to the candidate solu-

tion, e.g. the catalyst, and the energy of the state are analo-
gous to the value of the objective function for the specific 
solution. The perturbations to move to another state can be 
compared to moving to a neighbour candidate solution and 
the ground state to the global minimum or the final solution 
found by the algorithm. The temperature T is a parameter 
within the algorithm. Its initial value and the way in which it 
is decreased during the optimisation (CT, Cooling tempera-
ture scheme) controls the degree of system browsing and the 
algorithm’s optimisation speed. The workflow chart for a SA 
procedure is presented in Fig. 3b. In this study the simulated 
annealing tested is a classic single-candidate algorithm. 
However, parallel SA optimisations that consider, for the 
same temperature, several neighbourhood candidate solu-
tions have already been implemented [46]. 

Taboo Search (TS) 

 The word Taboo comes from Tongan, a language of 
Polynesia, where it was used by the aboriginal inhabitants of 
the Tonga island to indicate things that cannot be touched 
because they are sacred [47]. A recent meaning of the word 
is a social prohibition imposed as a protective measure. It is 
on the original meaning that the taboo algorithm is based. 
The most important association with this meaning is that 
taboos are transmitted by means of social memory which is 
subject to modification over time. In this way also the Taboo 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (2). Scatter plot of the initial random population and the subsequent 4 generations on the Selox benchmark for the GA1 algorithm set-

tings (Table 2). 
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search memorizes a list of taboo candidate solutions that are 
not repeated in the subsequent iteration and that is updated at 
each iterative step. The Taboo algorithm uses a neighbour-
hood search procedure to iteratively move from a candidate 
solution to a selected one in its neighbourhood, until some 
stopping criterion has been satisfied. The new candidate so-
lution, is accepted if it has not previously been memorised as 
a taboo, or bad, candidate solution

 
[48]. Taboo Search is a 

deterministic algorithm. The workflow chart for a TS is pre-
sented in Fig. 3c. 

Hybrid Algorithms 

 Several efforts have been made to improve the GA algo-
rithms by introducing some sort of knowledge learning pro-
cedure into its search structure. Knowledge discovery algo-
rithms [49-51] and Neural Networks [52-54], among others, 
have been hybridized with GA in order to extract knowledge 
from the past generations and use it in designing the new 
candidate solution generation. In this paper a multi-linear 
regression procedure was introduced in the GA (GA-LR), 
consisting of a mathematical function built according to the 
evaluation of the previous candidate solutions. The new in-
dividuals are estimated and proposed according to this 
mathematical function. The Zone Definer (GA-ZD) GA hy-
brid includes a special supervised learning algorithm which 
divides the search space into zones the boundaries of which 
are based on the average value of each predictive variable. 
Zone Definer is a modification of the k-d-trees algorithm 
[55, 56]. For the prediction, the estimation of an unknown 
candidate solution value will be the value of the zone it be-
longs to

 
[57]. The linear-regression learning procedure mod-

els the search space from a general point of view, while the 
zone-definer learning approach is a non-linear and local pro-
cedure. 

 

1.2. Comparison of Global Optimisation Algorithms Us-

ing the Selox Benchmark 

Candidate Solution Representation 

 The catalyst candidate solutions were coded for all the 
algorithms, except Evolutionary Strategy (ES), as bit-strings 
composed of binary numbers (0,1). Each string comprised 30 
digits, 4 for each discrete variable and 7 for each continuous 
variable. The binary code (base 2) was converted to decimal 
numbers and the corresponding value for the encoded vari-
able calculated from that number. An example of coding and 
decoding of the bit-string representation is shown in Fig. 4a. 
Vector coding representation of the variables was used for 
the Evolutionary Strategies as described in Fig. 4b. 

Algorithm Settings 

 Prior to the experimental optimisation the algorithm set-
tings need to be defined. This will influence the speed of 
optimisation and browsing by the algorithm. The efficiency 
of the optimisation is dependent on whether the settings 
adopted are appropriate for the problem to optimise [23].

 

However, since the knowledge about the shape of the re-
sponse surface is usually not known a priori, chemists have 
usually to base their choice on settings commonly adopted 
and/or previous experience. In our study commonly used 
settings were adopted. For SA, three different Cooling Tem-
perature (CT) schemes were studied (SA1, SA2 and SA3; Ta-
ble 2 and Fig. 5), which in this case defines the neighbour-
hood size change allowed at each iterative step, controlling 
the browsing/exploration speed of the optimisation. 

 For the Taboo Search (TS) a neighbourhood size of 5 
neighbours of the last retained best individual for generation 
and evaluation was considered. The best of these becomes 
the new reference individual and is marked as taboo. For the  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (3). Flow charts of the algorithm strategies. a) Genetic/Evolutionary Algorithm, b) Simulated Annealing, and c) Taboo Search algo-

rithm. 
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Fig. (5). Simulated annealing cooling temperature schemes (CT). 

(Table 2). 

GA and ES, two selections (Ranking and Tournament selec-
tions) and the use of the sharing property were studied. For 
GA a constant 10 % bit-flip mutation rate and 80% uniform 
crossover were considered, and for ES a 10% gene-mutation 
probability and 80% 1-point crossover. In some algorithms a 
sharing property was added to the generation evaluation step, 

such as to induce the simultaneous search of different optima 
[58]. The sharing property (Eq. 1) uses a similarity operator, 
sim (a,b), (Eq. 2), to measure the similarity between each of 
the generation candidate solutions. This similarity operator 
uses a constant  (in our case,  =1) and is proportional to 
the distance between each two individuals d(a,b). The indi-
viduals are penalized if they share a similar neighborhood by 
decreasing their performance value (f(a)  f’(a)) [58]. With 
this operator the regrouping of individuals is penalized and 
the population diversity increased, as shown below (Eq. 1 
and 2). 

  

f '(a) =
f (a)

sim(a,b
i
)

i=1

n
     Eq. 1 

  
sim(a,b) = 1

d(a,b)
     Eq. 2 

where f(a) is the real fitness value of the candidate solution 
a, f´(a) the possible penalised fitness value, d(a,b) the dis-
tance between the candidate solutions a and b (0-1 normal-
ised), and n the number of candidate solutions from the cur-
rent generation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (4). Candidate solution representation. a) Binary string representation and decoding for the GA, SA, TS, random algorithms, and the 

ZD-GA and LR-GA Hybrid algorithms. b) Vector string representation and decoding for the ES algorithms. 
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 For the SA and TS, and any methods that use the sharing 
property, the neighbourhood of the candidate solution needs 
to be defined, since it is necessary for these methods to order 
the distance between the candidate solutions which possess 
discrete variables. For this purpose the Jaccard-Tanimoto 
co-efficient has been used [59]. This co-efficient establishes 
how distant two candidate solutions are from each other by 
calculating, according to their bit-string representation, the 
ratio between the shared and non-shared bits. 

 As a blank reference to test the performance of the other 
algorithms, a random search was included in the comparison. 

Algorithm Efficiency Criteria 

 The efficiency in achieving the Selox benchmark opti-
mum catalytic system was tested for all the global algorithms 
described above. A stopping criterion of maximal 200 cata-
lyst solutions to be tested was adopted for each algorithm 
search. Every algorithm was run 50 times and two efficiency 
criteria were computed from the average results: the percent-
age of the 50 runs that reached the optimal values (>0.92, 
>0.93 and 0.935 % Reliability), and the average maximum 
value reached after the performed 50 runs (Max. Fit. Aver-
age). The Opticat software was used for performing all the 
algorithmic optimisations [60]. The results obtained are pre-
sented in Table 2. 

Comparison of the Global Optimisation Algorithms 

 The algorithms used for optimising the Selox benchmark 
response surface and the results obtained are presented in 
Table 2. 

 From Table 2 we can note that the maximum fitness av-
erage obtained, after 200 catalytic candidate solutions tested, 
was high for many of the algorithms. However, with some of 
the algorithms the maximum fitness average indicates that 
the algorithms were often trapped on sub-optimal solutions 
(SA, Taboo, GA1, GA2, Random). This is quite obvious with 

simulated annealing and taboo searches where, besides the 
low maximum fitness average, the percentage of runs reach-
ing values above 0.92 (% Reliability) is even smaller than in 
the random search procedure. This demonstrates their risk of 
not achieving the right solution when just one search optimi-
sation is performed. The poor performance of the SA search 
is likely to be related to having only a single candidate per 
iterative step (Table 2). When starting from a bad candidate 
solution it can be more difficult to find the right track and the 
optimisation can be easily trapped into a local optimum solu-
tion. Another obvious practical disadvantage of a single-
candidate solution methodology is its unsuitability to parallel 
high-throughput experimentation. Parallel Simulated An-
nealing, which does not suffer from the single-candidate 
limitation

 
[46],

 
is a methodology which was not within the 

scope of the present investigation but would be worthwhile 
to evaluate in future studies.

 
For SA, an improvement can be 

observed when using a slower decrease of the cooling tem-
perature schedule (CT, SA1>SA2>SA3) indicating that a 
longer initial browsing period of the search space is required 
to improve the algorithm performance and to increase the 
probability of the algorithm finding the optimum track. 
Global optimisation algorithms, as the name indicates, are 
usually good in finding the global optimal solution area. 
They are, however, not the best for fine local optimisation of 
the continuous variables. This is indicated by the reduced 
percentage that reached the 0.93 and 0.935 % values - better 
results were achieved with SA and TS. These algorithms, 
which operate with the concepts of distance between the 
individuals and neighbourhood, are better able to exploit the 
optimal region, provided they are not trapped in a sub-
optimal area. A common optimisation procedure to over-
come this limitation is to employ local optimisation determi-
nistic methods, like Simplex or Gradient Descent, after the 
global algorithm optimisation. 

 Evolutionary Strategies (ES) performed in general better 
than the Genetic Algorithms (GA), indicating that the repre-

Table 2. Optimisation Algorithms, Their Settings and Optimisation Results on the Selox Benchmark 

 

Search Settings % Reliability Max. Fit. Average 

Algorithm Distance NInd/Loop NLoop Specific Alg. Parameters 0.935 0.93 0.92 (0-0.935) 

SA1  yes 1 200 CT1 T0=1, Ti = 1/NLoopi 4 6 30 0.837 

SA2 yes 1 200 CT2 T0=1, Ti = 1/ln(NLoopi) 12 24 45 0.838 

Simulated 

Annealing 

 
SA3 yes 1 200 CT3 T0=1, Ti = 0.005NLoopi+1 8 17 44 0.860 

Taboo 

Search 
TS yes 5 40  --- 5 12 33 0.821 

ES1 no 40 5 Sel. Ranking 5 24 87 0.919 Evolutionary 

Strategy ES2 no 40 5 Sel. 2 individuals-Tournament 6 35 90 0.920 

GA1 no 40 5 Sel. Ranking 0 2 62 0.897 

GA2 no 40 5 Sel. 2 individuals-Tournament 0 4 74 0.907 
Genetic 

Algorithm 

GA3 yes 40 5 Sel. 2 individuals-Tournament and Sharing 2 11 93 0.923 

GA-ZD no 40 5 L.A. Zone-Definer  0 11 89 0.912 Hybrid 

Algorithms GA-LR no 40 5 L.A. Multi-linear Regression  0 10 93 0.922 

Random RD no 40 5  --- 0 4 58 0.871 

SA: simulated annealing, TS: taboo search, GA: genetic algorithm, ES: evolutionary strategy, GA-LR: genetic algorithm hybridised with multi-linear regression learning algorithm, 
GA-ZD: genetic algorithm hybridised with zone-definer learning algorithm, CT: cooling temperature schedule, Sel.: Selection type, L.A.: learning algorithm. 
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sentation of the candidate solutions can play an important 
role. The higher variability usually obtained when using the 
bit-string representation seems not to be beneficial for the 
Selox benchmark optimisation. In respect to the selection 
types applied, the Tournament selection type produced better 
results than the Ranking selection for both the ES and GA 
cases. This is consistent with the results of previous investi-
gations on the Selox benchmark regarding the effect of this 
setting for the GA optimisation [23]. The use of the Sharing 
property (Eq. 1, 2) with the GA appears to be highly benefi-
cial, bringing about a considerable increase in performance 
and giving results even better than with the ES optimisation. 
The Sharing property, by monitoring the diversity of the 
candidate solutions from one iterative step to the other, dis-
incentives premature convergence to a local optimum and 
enables several alternative optima to be pursued. 

 The hybridisation of learning algorithms (LR, ZD) with 
the GA improved the normal GA efficiency. The integration 
of an algorithm in which the existing knowledge from the 
previous experiences is used to choose the next generation of 
candidate solutions improves the GA search. 

1.3. Design of Experiments (DoE) 

 Design of Experiments (DoE) aims at maximising the 
amount of information obtained from experimentation while 
minimising the number of experiments. DoE uses regression 
techniques to obtain the relationship between the response 
surface and the system factors in order to obtain a real model 
for the chemical system or to just understand the importance 
of the effects of the factors. When the factors that influence 
the system studied are continuous, quantitative interpolations 
are provided to minimize the number of experiments needed 
to obtain the model. However, when discrete factors are also 
present, which is the most common case in catalysis studies, 
other techniques have to be applied to avoid the exhaustive 
performance of all the discrete factor level combinations 
[61]. A common technique used is the D-Optimal criterion, 
where a sub-set of the total combination of experiments is 
selected that has an optimal distribution (the experiments are 
situated as far from each other as possible) [62]. 

 DoE resembles to some extent conventional laboratory 
research, in the sense that, to improve efficiency, the search 
can be divided into different stages or designs. The parame-
ter space is progressively reduced to the most relevant vari-
ables from one stage to the next and detailed information is 
obtained in the end for the most important factors [63]. The 
interpretation of the results, and the selection of the factors 
for further investigation, is the responsibility of the chemist. 
The parameter space is modified at each design, making it 
possible to eliminate or introduce new parameters or levels, 
according to the current understanding of the system under 
study. A representative DoE optimisation strategy, using the 
Nemrodw 2000 software, is discussed below. 

1.4. DoE Strategy for the Selox Benchmark Optimisation 

Screening for the Effects of the Main Factors 

 The cost of the total amount of information obtained is 
the number of experiments it is necessary to perform. To 
estimate simple first-order or main effects, a small number of 
the total experimental effort is usually necessary, while in 
order to account for interaction effects as well, more data-

points are demanded. For the parameter space presented in 
Table 1, the minimum number of experiments recommended 
to obtain the trends for the main effects of the factors is 18. 
If we would like to study all the two-factor interaction ef-
fects, a minimum of 130 experiments would be required. 
Frequently the option adopted will need to take into account 
the research time and resources available. A common opti-
misation procedure comprises an initial study of the main 
effects of the factors, following which a subspace of the ini-
tial parameter space is chosen for further investigation of the 
interaction effects between the factors. In the present case, 
ten different D-Optimal designs were evaluated to observe 
the variance of the estimated effects of the factors with the 
experimental points chosen. The position of the experimental 
points in the Selox response surface of one of the D-optimal 
designs is represented in Fig. 6, and, the results obtained for 
the main factor effects study are depicted in Fig. 7. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (6). Representation of one of the possible designs in the Selox 

search space. 

 The estimate of the main effect of a factor is related to 
the average response values of the experiments performed to 
its factor levels. An important factor causes a large effect 
because the system will perform significantly better or worse 
at one of its levels on average. 

 The results obtained for the main factor analysis in the 
Selox response and its variance by choosing difference sets 
of experimental designs is represented in Fig. 7. From this 
analysis we see that the main trends in the Selox surface are 
reproduced. The NM type has by far the largest effect on the 
Selox response; if we look at the Selox response surface we 
see that, on average, when Pt is used the performance in-
creases significantly, while Au is the poorest performer of 
the three NM, followed by Cu. The use of Mo as TM type 
also affects significantly the performance, but in a negative 
way, and this can be confirmed by noticing that on average it 
matches with the lightest areas from the Selox surface (Fig. 
6). The effects of the other factors are smaller and it is not 
possible to rely on their significance at this level. This means 
that those trends are not sufficiently clear to predict the ef-
fect of choosing one of their factor levels. The principal out-
come of the effect study pinpoints Pt as a positive determi- 
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Fig. (7). Average main factor effects with 95% confidence interval 

and their variance. The bars directed to the right signify a positive 

relative effect and those to the left a negative one. The dotted lines 

represent the 95% confidence interval calculated from the estimated 

experimental variance. Effects higher than this confidence level are 

considered statistically significant and are represented in black. 

nant factor level and Mo as a negative one. Based on these 
results, Pt could be selected and Mo eliminated in a subse-
quent more detailed parameter study. 

Screening for Interaction Effects 

 In this second design the interaction effects of the dis-
crete variables Support, TM and Temp were studied (Table 
3). By opting to perform fine-tuning optimisation of the 
[NM]% and [TM]% continuous variables at a later stage and 
by setting their variables at their median-values, a substantial 
reduction of the parameter space was achieved. A full facto-
rial design (Fig. 8) could then be chosen comprising 18 ex-
periments. 

Table 3. Factors to be Investigated in the Second Screening 

and Their Correspondent Levels 

 

Factor Name Level 1 Level 2 Level 3 

1. TM V Nb - 

2. Support CeO2 ZrO2 TiO2 

3. Temp ºC 200 250 300 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (8). Representation of the reduced search space after the main 

factors analysis, and the new experimental design points. 

 The results obtained for the two-factor main and interac-
tion effects are depicted in Fig. 9. A detailed analysis of the 
main effects for this reduced search space show us that on 
average the TM type V is better than Nb. Also ZrO2 is on 
average a better support. In the interaction analysis we notice 
that even if TiO2 is not, on average, considered the better 
support, there is a strong positive interaction between the 
TM V and the support TiO2 (V-Ti). Since the response sur-
face presents several optimal areas, several trends could be 
followed to search them. The interaction effect between the 
transition metals and the reaction temperature does not show 
significant trends. However the interaction of ZrO2, or of 
TiO2, with this parameter indicates a positive interaction at 
200 ºC. The most significant interactions are however the 
TM-Support interactions. The interaction Ti-V is very 
strong, and there is a difference between the Nb-Zr and V-Zr 
interactions, where the Nb-Zr interaction has a positive ef-
fect. These trends can be confirmed by comparing them with 
the response surface in Fig. 8. At this stage of the optimisa-
tion we have the indication that Pt is the best performing NM 
type and that the optimal region could lie in the combination 
of this metal with V supported on TiO2 or Nb supported on 
ZrO2 at 200 ºC reaction temperature. 

Fine-Tuned Optimisation 

 The final optimisation step is exemplified with the se-
lected Nb-Zr interaction at 200 ºC; in this final step the exact 
location of the optimum in terms of the concentration of TM 
and NM is to be found. This usually requires a mathematical 
model to be built which can be used to predict the response 
surface of the problem being investigated. More detailed 
information about each of the factors is then necessary; 
therefore these modeling experiments are much larger than  
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Fig. (9). Statistical effect analysis for the second screening. a) Main 

effects. b) Interaction effects. 

screening experiments and are only performed for a few fac-
tors. To model the curvature of the response surface a sec-
ond-order model is usually considered to be sufficient. A 
Central Composite design [3] (Fig. 10a), was chosen to plan 
the experimental points to be performed. For the efficient 
modelling of the response surface 7 experiments plus two 
replicates of the central point were selected. The resulting 
response surface obtained and the location of the optimal 
composition region is shown in Fig. 10b. 

 In this response surface (Fig. 10b), the representative 
curvature of the benchmark surface (Fig. 10c) is obtained. 
The optimal area is allocated, but with this second order 
model the small areas where the final optimum (>0.93) re-
sides are not revealed. To obtain more detailed information, 
a higher order model design would be necessary. 

CONCLUSIONS 

 The comparison of the different algorithms applied to the 
same benchmark has proven valuable for understanding the 
way they work and how they may be adjusted to the chemi-
cal problem under study. The efficiency of any optimisation 
algorithm depends largely on the difficulty of the problem to 
be studied. Adjustment of the browsing/exploitation ratio of 
the algorithm is essential to avoid becoming rapidly trapped 
on a local optimum or performing too lengthy an optimisa-
tion. Since chemists do not know a priori the shape of the 
response surface to be studied, they need to base their choice 
of the algorithm parameters in the beginning of the optimisa-
tion procedure on existent benchmark studies. 

 If the parameter space to be investigated is large, the De-
sign of Experiments does not usually constitute the most 
efficient strategy. The research can be divided in different 
stages, in which the scientist can adjust the size of the pa-
rameter space and the detail of information withdrawal at 
each stage, making the research more flexible and efficient. 
This strategy runs, however, the risk that synergetic variables 
are discarded at an early stage because their interactions 
were not detected. In this way, even if better cause-effect 
knowledge about the effects of the variables in the chemical 
system is obtained (which is necessary to understand the 
chemical system), the achievement of the optimal solution 
cannot be guaranteed. With global optimisation algorithms, 
the final optimum is more efficiently achieved and guaran-
teed if the number of necessary experiments is performed, 
but only a poor understanding of the chemical system and 
the effects of the variables on the response is obtained. The 
main goal with Global optimisation is the achievement of the 
optimal solution. For small search spaces many of the global 
optimisation methods are not adequate. For instance, for the 
normal procedure of a GA, a minimum population size of 20 
candidate solutions and 3 iterative generations are usually 
necessary. A more efficient design could be obtained with 
DoE where such restrictions do not exist. 

 Chemometric methods for catalysis composition optimi-
sation are excellent aids for exploring and allocating the op-
timal parameter space regions avoiding an inefficient ex-
haustive experimental investigation. The appropriate method 
to be used, however, is dependent on the research resources 
available, the nature of the parameter space and the precise 
research aims. 
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Fig. (10). Composition optimisation in terms of the [NM]% and [TM]% of the catalyst composed of Pt-Nb-Zr at 200 ºC. a) Central Compos-

ite representation of the experimental plan; b) resulting response surface with central composite; c) Selox benchmark response surface for the 

Pt-Nb-Zr catalysts composition. 
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