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Abstract

An olefin epoxidation Ti catalyst has been optimised by means of high-throughput experimentation involving materials synthesis
thesis treatments, and catalytic testing. Softcomputing techniques for advanced experimental design have been used. The variab
in the hydrothermal synthesis of Ti-silicate-based catalysts were: concentration of OH−, titanium, and surfactant. The probe reaction e
ployed for the optimisation was the solvent-free epoxidation of cyclohexene, withtert-butylhydroperoxide as oxidant. The different catal
groups detected by clustering analysis were studied by XRD and UV diffuse reflectance. Ti-mesoporous MCM-41 and MCM-48 m
sieves were among the most active catalysts. The best performing catalysts were tested for epoxidation of different linear olefins.
 2004 Elsevier Inc. All rights reserved.
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1. Introduction

The development of high-throughput experimental to
for materials synthesis, catalytic testing, and physicoch
ical characterisation has made it possible to explore sim
taneously a large number of variables. The growth of th
accelerated tools has been accompanied by the developmen
of software techniques for data management, multivari
experimental design, and data mining. Such research that a
plies accelerated experimentaltools combined with powerfu
computational techniques constitutes so-called combina
ial catalysis.

An important issue in catalytic experimentation is how
design the experiments in order to explore and optimise
multidimensional parameter space, minimising the num
of trials required to achieve a unique solution. Approac
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for experimental design include techniques like factorial
signs[1], deterministic optimisation algorithms like holo
graphic search[2] and split & pool methods[3,4], or sto-
chastic procedures like simulated annealing and genetic a
gorithms (GAs). The most suitable procedure for multi
mensional optimisation in the field of catalysis is gene
algorithms[5,6].

We have developed a new approach[7] for experimental
design that involves the combination of data-mining te
niques with high-dimensional optimisation algorithms,
such a way that the knowledge extracted from the prev
experimentation can be applied in the design of the new
set of catalysts to be experimentally screened in the
optimisation step. One of those techniques comprises
combination of an artificial neural network (ANN) and a G
Thus, whereas the ANN finds the internal relationships
tween catalyst variables in the data from the screening o
previous generations, the optimisation algorithm (GA)
signs the next generation of catalysts to be screened, takin
into account the knowledge extracted by the ANN. The co
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bination of the two artificial intelligence techniques is n
being widely applied[8–12]; this is called SoftComputin
[13,14].

Metal-containing zeolites such as TS-1[15,16], Ti-
Beta [17], and Sn-Beta[18,19] are interesting Lewis aci
catalysts for the oxidation of alcohols, olefins, alkanes,
tones, and aldehydes to esters (Baeyer–Villiger oxidati
hydroxylation of aromatics; and ammoxidation of keton
with H2O2 as the oxidant.

An important breakthrough was the discovery of
silicalite (TS-1). This material has isolated tetrahedrally
ordinated titanium sites in the silicate framework and sh
interesting catalytic properties due to its isolated Lewis a
sites[20]. The synthesis of other Ti-silicate materials like
beta, Ti-MCM-41[21,22], and Ti-MCM-48[23–25]broad-
ened the scope of these oxidation catalysts for the conve
of larger hydrocarbon molecules. It has been shown w
these catalytic systems that the hydrophobic/hydrop
properties of the surface are just as important as the nu
of active sites for catalysing the epoxidation of olefins[26].
Control of the hydrophobicity of the molecular sieve allo
the optimisation of the adsorption of the olefin and pr
ucts, reducing the adsorption of water and the polar epo
over the surface silanol groups and over the=Ti–OH groups,
reducing the formation of diols and the deactivation of th
catalyst[27].

In this work, the synthesis variables of mesoporous
silicate materials are intensively and simultaneously
plored with the aim of optimising the catalytic performan
of the resulting catalysts for the epoxidation of olefins. Th
materials were characterised by XRD, UV spectrosco
SEM, and N2 adsorption to establish relationships betwe
the synthesis conditions and the nature of the Ti sites
structure order, particle size,textural properties, and ca
alytic activity. This multivariable space has been shown to
a nonlinear space, and, therefore, we propose here to
simultaneously the effect of all synthesis variables on
alytic activity. To do this we have chosen high-through
tools for synthesis and catalytic testing, and the desig
experiments was directed by a novel artificial intelligen
technique. Therefore, the optimisation procedure shown he
could also serve as a model study using state-of-art co
natorial methodologies.

2. Experimental

2.1. Synthesis of Ti-silicate catalysts

Ti-silicates were synthesised by means of automated
botic equipment developed in-house. The preparation
quired three different steps: (1) synthesis of the gel, (2) c
tallisation under hydrothermal conditions, and (3) posts
thesis treatment, including organic extraction, dehydrat
and silylation. Ti samples were synthesised by a proce
described elsewhere[27,28]. Starting gel precursors we
r

y

amorphous silica (Aerosil 200, Degussa), 25 wt% aq
ous solution of tetramethylammonium hydroxide (Aldric
25 wt%), an aqueous solution of hexadecyltrimethylam
nium bromide (CTMABr), titanium(IV) ethoxide (Alfa Ae-
sar, 33% min), and CTMAOH, which was obtained fro
CTMABr by ionic exchange.

The starting gels were synthesised with a robotic s
tem built in-house, which can automatically perform
following routines: (i) dosing of liquid and solid reagen
(ii) evaporation of solvents by IR heating under airflow, a
(iii) gel homogenisation by vigorous stirring. For each sa
ple, CTMAOH, CTMABr, and TMAOH, if required, were
mixed according to the desired chemical composition
til total homogenisation. Then, titanium ethoxide and silic
were added. All gels obtained conformed to the follow
molar composition:x SiO2, y Ti(OEt)4, z CTMA, k TMA,
26 OH, H2O. Crystallisation was carried out inside Tefl
vials placed automatically in a 15-well stainless-steel ra
The Ti-silicates were synthesised at 408 K for 24 h. T
maximum gel volume per individual synthesis was 3.5
and the typical solid mass obtained after washing and
ing ranged from 0.1 to 0.25 g, depending on the molar
composition and the crystallisation yield.

Surfactant extraction and silylation[22,27] were per-
formed with the use of a liquid-handling robot equipped w
a stirring and heating station. Extraction was performe
two steps, first with a 0,05 M H2SO4–ethanol solution an
afterwards with a 0,15 M HCl–ethanol/n-heptane (48/52)
solution, under reflux at 363 K for 1 h in both cases. E
tracted Ti-silicate samples were dehydrated under vac
(10−2 bar, 433 K for 2 h) and silylated with hexameth
disilazane in toluene under reflux (358 K for 2 h). T
catalysts were filtered, washed with toluene, and drie
333 K overnight, yielding catalyst amounts in the range
20–150 mg.

Samples synthesised for this work were compared
a high-activity Ti-MCM-41 catalyst[27]. The gel molar
composition of this reference catalyst is 0.015 SiO2, 0.15
Ti(OEt)4, 0.26 CTMA, 0.26 TMA, 24 OH, H2O, and it was
crystallised in a 60-ml lined-lined stainless steel autoclav
373 K for 24 h under static conditions. Surfactant extrac
and silylation were carried outwith the procedure describe
above.

2.2. Catalytic testing

Reactions were carried out in 2-ml glass flasks w
magnetic stirring and heated by means of a tempera
controlled aluminum rack (Fig. 1). The equipment allow
high-throughput testing by processing 21 batch reaction
parallel. Aliquots were taken with an autosampler (Ko
K-MAS5), and reaction products were analysed on-line
ultrafast gas chromatography (column HP5, 3 m len
analysis time 90 s). Together with the integration of
multibatch reactor and the autosampler, the ultrafast an
sis system provided a large quantity of results that mad
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mg of
Fig. 1. Multibatch Automatic Reactor used for catalytic testing for olefin epoxidation. Sets of 21 reactions were studied simultaneously, using 2 ml glass flasks.

Reference catalyst (yield at 5 h) (%)

74.5
77.3
76.9
76.6
75.4
77.2

Standart deviation= 1.12.

Fig. 2. Epoxide yield evolution using the reference Ti-MCM-41 catalyst as reproducibility test (323 K; 785 mg of cyclohexene, 215 mg of TBHP and 5
catalyst).
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possible to follow the reaction with time and to carry o
rigorous kinetic studies (Fig. 2).

The reaction probe employed for catalyst optimisation
was the solvent-free epoxidation of cyclohexene withtert-
butylhydroperoxide as the oxidant, under the follow
model reaction conditions. Experiments were done at 32
and 333 K, with cyclohexene (Fluka> 98%) as the sub
strate andtert-butylhydroperoxide TBHP (Aldrich, 80% in
di-tert-butylperoxide/water 3/2) as the oxidant. Reaction
were performed with 785 mg of cyclohexene, 215 mg
TBHP (molar olefin/oxidant ratio= 4), 5 mg of catalyst
(0.5 wt%), and 1.5 wt% water. The best performing ca
lysts were tested for epoxidation of different linear olefi
such as 1-hexene (Fluka, 99.5%), 1-decene (Fluka, 98%
and 1-dodecene (Fluka, 98%). The reproducibility of c
alytic tests was checked against a reference catalyst
tracted and silylated Ti-MCM-41).Fig. 2shows a summar
of the curves obtained with the reference catalyst in dif
ent runs. We tested the possibility of mass transfer con
by automatically changing the stirring speed from 100
1000 rpm (external diffusion). It was found that at 300 rp
the process was not controlled by external diffusion. In
nal diffusion limitation was avoided with catalyst particl
-

with a diameters� 0.1 mm. Only experiments with a mas
balance� 95% were considered.

2.3. Characterisation

X-ray powder was performed with a Philips X’Pe
MPD diffractometer equipped with a PW3050 goniom
ter, with the use of Cu-Kα radiation and a multisampl
handler. DR UV–vis spectra were reordered with a Pe
Elmer (Lambda 19) spectrometer equipped with an integ
ing sphere, with BaSO4 as a reference. The carbon co
tent of silylated samples was quantified with a Fisons
1108CHN-S analyser. Particle size was measured by S
(JEOL JSM-6300 microscope).

3. Experimental design by softcomputing techniques

The experimental design was carried out with the us
a hybrid algorithm we developed[7] (softcomputing tech
nique) and which comprises a genetic algorithm assiste
an artificial neural network.The genetic algorithm tries t
find the optimal solution by investigating several cataly
(so-called generation) simultaneously. Each successive
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Fig. 3. Scheme of a hybrid optimisation algorithm comprising a genetic algorithm assisted byan artificial neural network.
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alyst generation is designed with the previous experim
tal results taken into account, with the use of GA-spec
operators[29]: selection, crossover, and mutation. Throu
this Darwinian evolution, good catalytic features (gen
dominate the population, resulting in a marked impro
ment of the catalyst performance. Neural networks (N
are a nonlinear system able to model and predict com
multidimensional problems like those found in catalysis
high-throughputexperimentation[7,30]. In this proposal, the
softcomputing algorithm can design the next catalyst gener
tion in a more efficient way, employing knowledge of the p
rameter space, which was extracted from the NN-mode
of all previous experimental data (previous generatio
Fig. 3shows a simple representation of the operation pro
of the NN–GA hybrid algorithm.

We decided to adopt real codification[31] in the genetic
algorithm, since each variable belongs to a continuous
main. The parents for the next generation are selected
the roulette wheelmethod. The crossover operator is ba
on confidence intervals[32], which are calculated[33] from
the information from the best individuals of the populat
and predictions of the NN-model. This type of crosso
uses procedures that try to promote not only the surviva
the best-performing catalysts, but also the survival of th
that are both quite fit and different from others, in orde
maintain the population diversity. In this way, a new gene
tion is created by the application of crossover and muta
operators with a certain probability. Afterwards, each n
generation is evaluated in silico with the NN-based pre
tion model, and this information is used to obtain a predic
quality rank of catalysts, ordered by fitness function va
Subsequently, a pre-screening of the statistically poor m
rials is carried out. This final new generation is then exp
mentally evaluated (synthesised and tested for epoxidat

This softcomputing method was previously analysed w
the use of a hypothetical model in order to maximise the
gorithm performance[33,34]. The following aspects wer
intensively studied: (i) analysis of the different parameter
the genetic algorithm; (ii) analysis of the impact of the init
random generation goodness on GA performance; and (
softcomputing model applied to different catalytic reactio
that is, GA was combined with a NN (GA–NN hybrid). Th
main conclusion from the above is that GA–NN optimi
tion performance is dependent on the quality of the in
generation. Thus, to improve the behaviour of this softc
puting technique, the initial set of materials is obtained w
a process that guarantees population diversity. This pro
consists of creating several random generations and car
out a statistical population study in order to select the m
diverse population. The diversity in the initial generation
sures that the optimisation process gains information for
whole search space.
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Fig. 4. Prediction performance of the Neural Network Model trained with data derived from the optimisation process of epoxidation catalysts (three genera-
tions).
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An initial random generation of 38 samples was used
determine an ANN model, after the study of several topo
gies and training algorithms. In this case, a multilayer p
ceptron, with four input nodes, two nodes in the first hidd
layer, one node in the second hidden layer, and two ou
nodes, trained with the Backpropagation algorithm with M
mentum (learning factor= 0.8 and momentum term= 0.5),
was selected. This ANN model was integrated into the so
computing algorithm for the design of epoxidation cataly
After the experimental evaluation of a new generation,
NN-model was retrained with the new available data. If
prediction performance of the NN-model was improved, t
retrained model was used in further GA–NN operations; o
erwise the previous NN-model was kept.Fig. 4 illustrates
the prediction performance achieved by the employed neur
network trained with data from three successive generati
that is, the ANN-model makes it possible to predict qual
tively the epoxidation performance of the different cataly
with a certain probability. It is feasible with this model
distinguish a priori between bad-fair and good-very go
catalysts.

4. Definition of the materials synthesis space to be
explored

Starting gel compositions of mesoporous materials c
taining titanium are screened in order to optimise the
alytic activity and selectivity in the epoxidation of cyclohe
ene withtert-butyl hydroperoxide as the oxidant. We ha
selected four synthesis variables (gel compositions) for
optimisation procedure: (i) pH of the gel, (ii) surfactan
(CTMA) content in the gel, (iii) surfactant II (TMA) conten
in the gel, and (iv) titanium content.Table 1shows the range
of values for each parameter. The other experimental p
meters were fixed values established by preliminary stud
The selected objective function was the epoxide yield
tained at 333 K after 5 h of reaction time.
;

Fig. 5. Effect of post-synthesis treatment in catalytic performance of s
Ti-silicate samples in the first catalyst generation. (333 K; 5 h; 785 m
cyclohexene, 215 mg of TBHP and 5 mg of catalyst).

5. Results and discussion

5.1. Exploration and optimisation process

To evaluate the influence of the postsynthesis treatm
on the final catalytic activity, 15 samples of the first ge
eration were subjected in parallel to the three follow
treatments: (i) calcination (813 K for 6 h), (ii) surfactant
extraction, and (iii) extraction and silylation. Calcined a
extracted-only materials showed a lower epoxidation acti
(Fig. 5) due to fast deactivation by formation and deposit
of diols on Ti sites. In this case, diol formation by reacti
with water is especially visible, since the water content in
reactor is 1.5 wt%. Meanwhile, extracted and silylated mate
rials exhibited high yields andselectivities towards epoxid
(∼ 100%) andtert-butylhydroperoxide (> 95%) [35–37].
Therefore, the further optimisation procedure included o

Table 1
Range of parameters explored in the optimisation, i.e., starting gel m
ratios

Min Max

CTMA/(Si+ Ti) 0.15 0.45
TMA/(Si+ Ti) 0.00 0.75
OH/(Si+ Ti) 0.15 0.60
Ti/(Si+ Ti) 0.001 0.206
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Fig. 6. Epoxidation catalytic performance (epoxide yield) for the three evolved generations attwo temperatures (5 h; 785 mg of cyclohexene, 215 mg ofTBHP
and 5 mg of catalyst).
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Fig. 7. Influence of temperature for the reference catalyst and best-ra
materials of each generation.

materials subjected to extraction and silylation. In all ca
the mass balance was> 95%.

Three generations of 38 samples have been synthe
and tested. Through the NN–GA optimisation process
important improvement in the activity and selectivity of t
starting materials has been achieved.Fig. 6 shows the cy-
clohexene epoxide yields obtained for the three consec
generations (3× 38 samples) at two different reaction te
peratures (323 and 333 K) ordered by increasing yiel
5 h of reaction time. Moreover, the best catalyst found
the last generation strongly improves the rate of epox
tion yield at 323 K with respect to the reference catal
The epoxide yield of the best catalyst in each generation an
the reference catalyst are compared inFig. 7, showing the
progressive improvement of the epoxidation catalysts, e
cially when compared at 323 K. With the use of a first-or
kinetic model it was possible to calculate a fivefold impro
ment of the activity of the best catalyst in this study w
respect to the reference catalyst[27].

5.2. Validation of the best Ti-MCM-41 catalysts:
epoxidation of linear olefins

Best-performing catalysts in each generation were te
for epoxidation of different linear olefins, such as 1-hexe
d

-

Table 2
Initial molar rate of epoxide conversion using different olefins

Initial molar rate (mmol/(gcath))

Structure Cyclohexene 1-Hexene 1-Decene 1-Dode

Reference MCM-41 0.311 0.013 0.008 0.009
1st generation MCM-41 0.576 0.031 0.020 0.020
2nd generation MCM-41 0.849 0.045 0.029 0.030
3rd generation MCM-41 0.977 0.063 0.046 0.044

Olefin/oxidant molar ratio= 4; reaction temperature, 333 K; 5 mg of ca
lyst/g feed; and 1.5% H2O.

1-decene, and 1-dodecene.The experiments with linea
alkenes were carried out at 333 K, under the same ex
mental conditions used for cyclohexene epoxidation, tha
a molar olefin/oxidant ratio of 4 and 0.5 wt% of catalys
The epoxidation rate of these linear olefins is lower than
observed for cyclohexene epoxidation, and, conseque
differences in activity between the different catalysts will
more obvious. The same order of activity that was obtai
through the optimisation procedure is observed for the t
olefins, and the epoxide selectivity was always very h
(∼ 100%). Fig. 8 represents the conversions versus re
tion time for 1-hexene, 1-decene, and 1-dodecene, fo
reference catalyst and the best catalyst in each generatio
A marked enhancement of epoxidation activity achie
with the softcomputing strategy can be observed. Ind
Table 2shows the initial reaction rate for epoxidation of t
different olefins. It is possible to see there that the initial r
strongly improves from the first to the third catalyst gene
tion, regardless of the reacted olefin.

Results given inFig. 9 (epoxide yield at 10 h of reactio
time) also show that for all catalysts the order of activ
follows the sequence cyclohexene> 1-hexene> 1-decene
≈ 1-dodecene. Since the reactivity of the terminal dou
C–C bond in these linear olefins should be similar and
diameter of the mesoporous Ti-silicates should not presen
diffusional limitations, we believe that the small differenc
in reactivity between the three lineal olefins are related
differences in the adsorption constants of these molecul
the reaction temperature.
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Fig. 8. Epoxide yield evolution for different olefins (1-hexene, 1-dece
and 1-dodecene) over the best-performing catalyst of each generatio
the reference catalyst (333 K; 785 mg of olefin, 215 mg of TBHP and 5
of catalyst).

5.3. Clustering analysis of experimental data

It is of interest to correlate catalyst synthesis with c
alytic results in order to understand how the genetic a
rithm works and to extract global conclusions from the
Fig. 9. Catalytic performance of the best-performing catalyst of each
eration and reference catalyst, using cyclohexene, 1-hexene, 1-decen
1-dodecene as substrates (333 K; 10 h; 785 mg of olefin, 215 mg of T
and 5 mg of catalyst).

periments. The large number of samples and the multidim
sional space data ([CTMA], [TMA], [OH], and [Ti]) do no
allow an exhaustive analysis of each result, but neverthe
some general tendencies can be extracted for cyclohe
epoxidation at 333 K.Fig. 10shows the distribution by pair
of the different synthesis variables for all catalysts as a fu
tion of their epoxidation performance. Thus, catalysts h
been classified into three groups according to their epo
yield: (a) high active materials,> 90%; (b) middle active
materials, 60–90%; and (c) low active materials,< 60%.

In Fig. 10, several areas can be distinguished by
probability of finding different levels of activity, and cat
lysts with activities higher than the reference catalyst (78
were found in a wide range of gel compositions. Ho
ever, the best activities were found around two cluster
[TMA], [CTMA], [OH], and [Ti] concentrations. Good per
formances have been achieved for a CTMA/(SiO2 + Ti)
molar ratio between 0.15 and 0.42. Similar conclusions
be extracted for Ti contents, with a maximum epoxide yi
between Ti/(SiO2 + Ti) molar ratios of 0.012 and 0.061
In relation to [OH], we have not found satisfactory perf
mances above a OH−/(SiO2 + Ti) molar ratio of 0.27, and
this factor seems to be crucial. The best results with T
have been obtained under 0.1 mol/(SiO2 + Ti), in spite of
the fact that some samples with higher TMA values and
values of OH− can give yields near 80%. The reference ca
lyst presents Ti and OH− values inside the maximum activit
cluster, but with less CTMA and more TMA than for th
global maximum found. The results presented here cle
show that it should be possible to achieve high activity
selectivity for a very low level of TMA or even without in
troduction of TMA in the synthesis media, provided that
adequate pH is achieved by means of CTMA. This is
important finding since it makes it possible to decrease
synthesis cost of the mesoporous Ti-silicates.

5.4. Characterisation

XRD measurements showed that from a crystallograp
point of view, three types of materials are occurring in
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Fig. 10. Clustering analysis showing the relationships between synthesis variables by pairs and epoxidation performance at 333 K for the catalysts of the three
evolved generations. Experimental space has been partitioned into different activity-level areas (clusters).
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explored space, that is, MCM-41 and MCM-48 with diffe
ent degrees of structure order, and a low ordered mate
Fig. 1 shows the diffractogramsobtained with the selecte
samples, including the best performing catalysts and som
samples representing defined regions of the explored s
(samples 1–20). Samples with OH−/(SiO2 + Ti) molar ra-
tios above 0.27 have not been studied by XRD becaus
their low activity and the poor synthesis yield. We group
the diffractograms obtained, taking into account the t
of material and the level of structure order. It is pos
ble to find well-ordered MCM-41 and MCM-48 sample
lower ordered MCM-41 samples, and one material with
structure order.Fig. 12 shows the distribution of materia
along the data space. MCM-48 materials have been obtaine
only in a reduced composition area, whereas MCM-41
be observed in a wide range of values. MCM-48 requ
high values of CTMA and OH and low values of TMA
in agreement with[24]. On the other hand, well-ordere
MCM-41 has been achieved only with Ti values under 0.
.

e

f

Ti/(SiO2+Ti), but in a wide range of CTMA, OH, and TMA
(even with low TMA and OH). With regard to MCM-4
samples, different pore sizes have been obtained, as c
concluded from the variation in the first reflection an
[38] (from sample 8= 1.86 to sample 7= 2.46). As can
be observed inFig. 13, the MCM-41 pore size can be r
lated to gel compositions: the higher the organic conten
the gel (CTM+ TMA), the higher the pore diameter. SE
imaging of different high-activity samples (Table 3) showed
that materials with diverse particle size are occurring in
explored space, from the nanoscale (< 0.1 µm) to the mi-
croscale (> 1 µm).

Although different mesoporous structures were fou
that which are catalytically active (Table 3), there is not
a direct relationship between the type and order of
structures and catalytic activity. Cyclohexene epoxide yie
higher than 90% have been achieved with both MCM-41
MCM-48. In addition, high epoxide yields (> 80%) have
been obtained even with less ordered Ti-MCM-41 mat
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)

Fig. 11. XDR patterns of representative synthesis samples: well-ordered MCM-41 (left top); poor-ordered MCM-41 (right top); well-ordered MCM-48 (left
bottom), and an apparently amorphous Ti-silicate (right bottom).

Table 3
Main structure characteristics of best-performing samples. High activity has been obtained with well-ordered and poor ordered MCM-41, well-ordered MCM-
48 and amorphous Ti-Silicate

Sample Synthesis Testing XRD UV–vis DRS Elemental analysis SEM images

Ti/(Ti + SiO2) Epoxide yield (%) Structure Structure order λTiIV Area ratioa C content (wt%) Crystal size (µm

7 0.032 94.7 MCM-41 Low order
small pore size

213 6.9 13.42 0.15–0.25

5 0.017 94.6 MCM-41 Low order 215 12.0 12.39 0.08–0.12
2 0.018 92.9 MCM-41 High order 211 15.0 11.93 0.1–0.2

15 0.061 92.1 MCM-41 Low order 217 3.6 11.44 0.5–1.5
18 0.049 91.2 MCM-48 High order 215 7.9 11.73 0.4–0.5
13 0.027 90.8 MCM-41 Low order 212 13.1 12.76 0.2–0.4
6 0.017 90.1 MCM-41 Low order 214 9.3 11.41 0.08–0.12

17 0.024 88.2 MCM-48 High order 213 7.0 12.15 0.5–2
20 0.085 85.2 – Very low order 220 4.2 9.42 0.05–0.3
Reference 0.015 76.3 MCM-41 High order 216 16.0 11.42 7–15

a Ratio between the area band at 215± 5 nm and the area band at 270 nm.
low
ata-
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V
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-
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over
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er of
nvolu-
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ng
on.
he
als. However, it should be noticed that the sample with
structure order, while more active than the reference c
lyst, is less active than the Ti-MCM-41 optimised samp
with medium and high crystallinities.

The coordination of titanium was studied by DR–U
spectroscopy.Fig. 14shows UV–vis DRS spectra for sam
ples 1 to 20. One intense band at 215± 5 nm can be ob
served, which can be assigned to tetrahedral titanium s
together with an important shoulder at∼ 270 nm. It is
known [23,26,27] that extracted and silylated Ti-silicate
have enough hydrophobicity to impede coordination of w
ter with Ti, so the band at∼ 270 nm will probably corre-
,

spond to partially polymerised hexacoordinated Ti spec
Even when the other synthesis parameters are varied
a wide range, it can be observed that when the titan
content in the gel is increased, the presence of polym
titanium species increases (270 nm), whereas the ord
the mesoporous structures decreases. We made a deco
tion analysis of the UV–vis DRS bands by fitting the origin
spectrum to two Gaussian peaks centred at 215± 5 and
270 nm.Table 3shows the Ti content in some interesti
high-activity samples and the UV–vis peak deconvoluti
In Fig. 15, the wavelength for the adsorption of Ti and t
ratio of the areas of the bands at∼ 215 nm and 270 nm in
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a
Fig. 12. Mapping of the different materials obtained among 20 representative samples. MCM-41 with different degrees of structure order, MCM-48 andn
apparently amorphous material can be observed.
rect
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ery
samples with different contents have been plotted. A di
relationship between the titanium content and the amount
polymeric titanium species can be seen. It should be ta
into account that the rest of the synthesis variables also s
to influence the final distribution of titanium, and this c
explain the dispersion observed inFig. 15. The highest cat
alytic activity has been achieved with the introduction o
large amount of Ti (0.032, double the amount of the
erence catalyst), and even higher levels of Ti (until 0,0
can be present with excellent catalytic results. However
composition of certain samples also allows satisfactory
formances with low Ti contents, and we have obtained ep
ide yields of 88% with a Ti/(SiO2 + Ti) ratio of only 0.006.

Table 3shows the measured carbon content introdu
by the silylation process and gives an idea of the hydrop
bicity of the surface of materials; that is, the higher
Fig. 13. Relationship between surfactant content and the first reflection a
gle of MCM-41 samples. In general, high quantities of CTMA and TM
lead to materials with larger pores (lower first reflection angles).

silylation level, the more hydrophobic will be the resulta
sample[22]. It can be seen that active materials have a v



A. Corma et al. / Journal of Catalysis 229 (2005) 513–524 523

y

Fig. 14. UV–vis DRS spectra of some representative Ti-silicate materials.

Fig. 15. Relationship between the area of UV–vis DRS peaks (215± 5 and 270 nm) and Ti synthesis content.UV–vis DRS spectra were analysed b
deconvolution of two Gaussian peaks with maximum at 215± 5 and 270 nm. In general, higher Ti contents produces less tetrahedral titanium (215± 5 nm)
and more polymeric titanium (270 nm). Polynomial fittedlines are introduced for better trend visualization.
e the
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and
high content of carbon, and the most active samples hav
highest carbon content.

6. Conclusions

Through the optimisation process, two types of me
porous Ti-silicate materials with enhanced epoxidation
tivity and selectivity have been found. The strategy for
experimental design has made it possible to explore the
tidimensional space and optimise the areas exhibiting
highest epoxidation performances. Thus, this model s
has allowed us to study simultaneously the four synth
variables (reactant concentrations) and to map the no
ear space. HT synthesis and catalytic testing were acco
nied by conventional characterisation, allowing us to disc
the catalytic results obtained in terms of material structure
that is, Ti coordination, nature of the active sites, and
drophobicity of the catalyst surface. By means of cluster
and factorial analysis of the multiparametric results, it w
possible to correlate gel composition with catalytic activ
Ti-silicate structure, and coordination of Ti sites.
-

This work shows an integrated application of hig
throughput experimentation tools with advanced optim
tion algorithms for experimental design. The high-speed
perimentation was guided by artificial intelligent techniqu
that is, a hybrid algorithm consisting of a GA coupled with
neural network. This hybrid system seems to be a new us
tool for the intelligent discovery of new catalytic materia
since it has appropriate tools for high-dimensional opti
sation while it can keep in memory the whole “history”
the search, reducing the screening of statistically poor ac
materials.
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