catalysts Moy

Article

Increasing the Efficiency of Optimized V-SBA-15
Catalysts in the Selective Oxidation of Methane to
Formaldehyde by Artificial Neural

Network Modelling

Benny Kunkel **, Anke Kabelitz 2, Ana Guilherme Buzanich 2 and Sebastian Wohlrab 1*

1 Leibniz-Institut fiir Katalyse e.V. an der Universitat Rostock, Albert-Einstein-Str. 29a,
18059 Rostock, Germany

2 Bundesanstalt fiir Materialforschung und -Priifung (BAM), Richard-Willstatter-Strafe 11,
12489 Berlin, Germany; Anke.Kabelitz@bam.de (A.K.); Ana.Buzanich@bam.de (A.G.B.)

* Correspondence: Benny.Kunkel@catalysis.de (B.K.); Sebastian.Wohlrab@catalysis.de (S.W.)

Received: 13 November 2020; Accepted: 30 November 2020; Published: 2 December 2020

Abstract: The present study investigates the possibility of improving the selective oxidation of
methane to formaldehyde over V-SBA-15 catalysts in two different ways. In a classical approach of
catalyst optimization, the in situ synthesis of V-SBA-15 catalysts was optimized with regard to the
applied pH value. Among the set of catalysts synthesized, a higher amount of incorporated
vanadium, a higher content of polymeric VO« species as well as a less ordered structure of the
support material were observed by increasing the pH values from 2.0 to 3.0. An optimum in
performance during the selective oxidation of methane to formaldehyde with respect to activity and
selectivity was found over V-SBA-15 prepared at a pH value of 2.5. With this knowledge, we have
now evaluated the possibilities of reaction control using this catalyst. Specifically, artificial neural
network modelling was applied after the collection of 232 training samples for obtaining insight into
the influence of different reaction parameters (temperature; gas hourly space velocity (GHSV); and
concentration of Oz, N2 and H20) onto methane conversion and selectivity towards formaldehyde.
This optimization of reaction conditions resulted in an outstanding high space-time yield of
13.6 kgco-kgearrh .

Keywords: selective oxidation; molecular VOx catalysts; formaldehyde; artificial neural network
modelling

1. Introduction

Methane, the main component of natural gas, is the simplest and most abundant hydrocarbon
with estimated global deposits of 199-10'8 m?[1]. Due to its molecular symmetry and the high strength
of the C-H bonds, high temperatures are normally required for methane activation [2] in chemical
transformations. As a result of harsh reaction conditions, only few processes which transform
methane directly into value-added products, such as HCN, CHsCl, CS2 or C2Hz [3], were transferred
from laboratory to industrial scale. Processes directly yielding oxygenates like methanol or
formaldehyde often suffer from overoxidation towards CO and COg, especially at high methane
conversion [4]. Hence, for further improvements, process selectivity as well as production rates
should be at their optimum when working at low conversions.

Among the variety of evaluated catalytic systems for the selective oxidation of methane towards
formaldehyde, silica-supported vanadium catalysts are one of the most selective and most productive
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candidates to date [4-7]. Different methods for preparation are known in the literature, yielding
catalysts with varying properties and distribution of VOx species. The most prominent ones are wet
and incipient wetness impregnation [8,9] and ion exchange [10,11] of vanadium salts, grafting of
molecular precursors [12-14] and direct preparation via in situ methods during silica synthesis. The
latter was applied for different kinds of V-5iO2 materials as the successful synthesis of V-SBA-15
[5,6,15-17], V-SBA-3 [18], V-MCM-41 [5,19,20], V-MCM-48 [21] or V-MCEF [22] catalysts for different
catalytic applications demonstrates. Moreover, the choice of synthesis conditions therein plays a
crucial role for the catalytic activity and selectivity. For example, Seeburg et al. [5] studied the
influence of the hydrothermal ageing during V-MCM-41 synthesis and observed an increasing
content of oligomeric VOx species with extending treatment time as well as a lower amount of
Brensted acid sites. A medium concentration of both was found to be beneficial for the selective
oxidation of methane. Similarly, the pH value is a critical parameter during catalyst syntheses due to
the influence on the forming support structure [23] as well as on the kind and amount of different V
species in solution [24,25] and the resulting catalyst therewith [26,27]. Exemplarily, Gao et al. [26]
varied the pH value during synthesis of V-SBA-15 catalysts between 1.3 and 3.0 and observed a
decrease in crystalline V205 particles in favor of isolated VOx species, as well as an increase in acidity.

Besides catalyst composition and structure, reaction conditions play a crucial role in terms of
yield and productivity. Due to high-dimensional parameter spaces spanned by temperature, flow,
pressure, amount and kind of oxidant (O2 and/or NxOy [28-30]), cofeeds (H20 [6,31] or HCI [32]),
dilution etc., simple testing approaches appear rather impractical for optimizations. The most desired
and insightful way for the prediction of reaction outcomes lies in the combination of kinetic
modelling and reaction engineering. However, these attempts often suffer from the high complexity
of the reaction network which involves hundreds of elementary reactions in gas phase [33-35] as well
as from complex interactions between the different reaction parameters. Moreover, the lack of
knowledge on the nature of the active species and the fundamental reaction steps involved, both
being addressed to in operando X-ray absorption spectroscopy (XAS) measurements in the future
[36], makes predictions rather difficult. A practical alternative approach is achieved by black-box
models, which predict reaction outcomes on the basis of previous measurements as they are obtained
by response surface methodology [37] or machine learning [38]. Regarding the latter, the artificial
neural networks (ANN) might be the most potent approach due to the wide range of possible
applications in catalysis [39], science and even everyday life [40]. These, from biological neuron-
inspired models [41], can act as universal function approximators [42] and are thus useful tools for
modelling processes in which the exact functional relationships are unknown. An introduction into
basic principles, different types and possibilities can be found elsewhere [43,44].

In recent years, they were applied to different topics in heterogenous catalysis, especially
catalyst design [45], reaction engineering [46] and increasingly as tool for structure elucidation
[47,48]. For example, Mahboub et al. [49] utilized ANN modelling to investigate the influence of
catalyst composition as well as reaction conditions in the oxidation of 2-methyl-1,3-propanediol to
methacrylic acid. For this purpose, they collected training data by measuring the catalytic
performance of heteropoly catalysts with varying Cs, V and Cu content and with varying feed
compositions. Those were used to train an optimized ANN. After the applied training procedure,
they were able with the help of genetic algorithms to accurately predict a combination of catalyst
composition and reaction conditions with an optimum selectivity to methacrylic acid within the
parameter space.

In the present study, we investigated the influence of the pH value during synthesis on the
structure of V-SBA-15 catalysts and the consequences on their performance in the selective oxidation
of methane to formaldehyde. Among the set of catalysts, the most promising one was selected for
ANN modelling. To the best of our knowledge, it is shown for the first time for the selective oxidation
of methane to formaldehyde how different reaction parameters can alter selectivity—conversion
relationships with the help of ANN modelling.
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2. Results and Discussion

2.1. Catalyst Characterization

The metal loading and the textural properties of the synthesized V-SBA-15 catalysts are given in
Table 1. In general, the vanadium content increases with increasing pH value of the synthesis solution
from 1.1 wt% at a pH value of 2.0 up to 1.9 wt% at a pH value of 2.5. With further increase in the pH
value, it stays nearly constant. The specific surface area decreases with increasing pH value from 771
to 574 m?-g!, and the pore volume varies between 0.92 and 1.00 cm?-g! for the samples synthesized
at pH values below 3.0 and decreases to 0.82 cm®-g! at the pH value of 3.0.

Table 1. Basic structural properties of V-SBA-15 catalysts.

Catalyst V%/wt% SSA/m2g?! Pore Volume/cm=3-g?!

V-SBA-15(2.0) 1.1 771 0.94
V-SBA-15(2.25) 1.4 757 0.92
V-SBA-15(2.5) 1.9 725 1.00
V-5BA-15(2.75) 1.7 692 0.97
V-5BA-15(2.0) 1.9 574 0.82

The structural change caused by the increase in the pH value of the synthesis solution can be
observed by the study of the nitrogen isotherms, BJH pore size distribution and X-ray diffraction at
small angles. The nitrogen isotherms for all materials are shown in Figure 1a and can be classified as
type IV (IUPAC classification [50]), typical for mesoporous materials with hysteresis type H1 for V-
SBA-15(2.0), V-SBA-15(2.25) and V-SBA-15(2.5). While the adsorption and desorption curves are
sharp for V-SBA-15(2.0), indicating a narrow, uniform pore size, both are broadened with for
materials prepared at higher pH value. Moreover, V-SBA-15(2.0) and V-SBA-15(2.25) exhibit defined
two-step desorption branches, suggesting interconnected penetrating and/or plugged mesopores,
and V-SBA-15(3.0) shows a second hysteresis loop at higher pressure, representing the occurrence of
larger pores. The BJH analysis (Figure S2) reveals a bimodal pore size distribution for V-SBA-15(2.0)
with sharp maxima at 4 and 7 nm. The materials prepared at higher pH also show a first maxima at
4 nm, while the second peak is broadened and shifted towards smaller pore widths. Furthermore, the
percentage of pores with a size of more than 10 nm increases with the pH value of the synthesis
applied to the materials.
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Figure 1. (a) Nitrogen isotherms of V-SBA-15 catalysts. (b) Normalized spectra of V-SBA-15 catalysts
after dehydration at 350 °C for 30 min in synthetic air (F = 100 mL-min™"). (c) Raman spectra of V-SBA-
15 catalysts at ambient conditions (stacked). (d) V K-edge X-ray absorption near edge structure
(XANES) spectra of V-SBA-15 samples and reference compounds at ambient conditions.

The X-ray diffraction pattern (Figure S3) exhibits only a signal around 22° from amorphous silica
and no reflections which can be assigned to V20s crystallites. The X-ray diffraction patterns at small
angles are shown in Figure S4. For the catalysts synthesized at the pH values of 2.0, 2.25 and 2.5, the
reflections ascribed to the (100), (110) and (200) planes were observed with decreasing intensity. Said
reflections indicate the hexagonal space group P6mm and reflect the structural order which also
decreases with decreasing intensity. A further increase in the pH value to 2.75 in the synthesis
solution leads to large and non-uniform mesopores, which can be derived from a high diffraction
intensity without any observable reflections, which is in accordance with BJH analysis.

In order to examine the nature of the VOx species, UV—vis spectroscopy represents a powerful
tool providing information on the coordination geometry and the degree of polymerization of
supported vanadium oxo catalysts [51-53]. The UV—vis spectra of the dehydrated V-SBA15 materials
are shown in Figure 1b. In general, materials prepared at a higher pH value appear red shifted,
originating from different VOx species and their specific ligand-to-metal charge transfer. The
corresponding edge energies, Eg, decrease from 3.59 eV for V-SBA-15(2.0) to 2.99 eV for V-SBA-15(3.0)
(Figure S5). However, the samples V-SBA-15(2.25), V-SBA-15(2.5) and V-SBA-15(2.75) possess Eg
values of about 3.39 eV and show no significant difference indicating a similar distribution of VOx
species. The proportional contribution of the different VOx species can be further examined by
deconvolution of the spectra into single bands (Figure S6 and Table S1). The experimental spectra for
VOx species on mesoporous silica can be described by tetrahedral monomeric, tetrahedral oligomeric
and octahedral two-dimensional units at 243-247 nm, 291-303 nm and 374-387 nm, respectively [53].
In the present case, V-SBA-15(2.0) shows the highest relative amount of monomeric and oligomeric
species, 24 and 67%, respectively. Both proportions are decreasing with increasing pH value of the
synthesis solution in favor of octahedral VOx species which increased from 9 to 42%.

Raman spectra of the V-SBA-15 materials are given in Figure 1c. The bands at 450, 497, 608, 800
and 978 cm™ are ascribed to vibrations of the silica framework, namely to 5-/6-, 4- and 3-membered
siloxane rings, symmetric Si—-O-Si stretching and the Si—OH stretching mode [54-56] and are most
pronounced for V-SBA-15(2.0). Bands appearing at 920 and 1060 cm™ (shoulder) are attributed to out-
of-phase and in-phase vibrations of V—O-5i bonds [57], and the signal of V=0 vibrations is observed
at 1035 cm™ [58]. The remaining signals at 157, 267 and 704 cm™ can be assigned to hydrated
amorphous V20s-like clusters [59]. These contributions are more intense from materials prepared at
higher pH values portraying the higher amount of octahedral species, as shown by UV-vis
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spectroscopy. Finally, no signals of crystalline V205 (bands at 994, 518, 404, 284 and 146 cm™ [51])
were detected by Raman spectroscopy.

The X-ray absorption near edge structure (XANES) spectra of the catalysts are shown in Figure
1d. All spectra show similar features with a pronounced pre-edge peak at 5469.49 eV. In comparison
with the starting material NHsVOs (black line), the position of the pre-edge peak (Table S2) is shifted
to higher energies. In NHsVOs, the vanadium has the oxidation state of +5 and is surrounded by four
oxygen atoms [60]. In direct comparison with V20s, the pre-edge peak of catalysts is observed at a
similar energy. This indicates that vanadium in all investigated samples is still in the oxidation state
+5, surrounded by five oxygen atoms [60]. The pre-edge peak occurs due to the electron transition
from the 1s to hybridized 3d/4p orbitals in the case of non-centrosymmetric tetrahedral coordination
around vanadium. This extension of the hybridization is a combination of speciation and
coordination environment. However, further disordered environments around vanadium reduce the
effect of hybridization and decrease the height of the pre-edge peak. In the present case, compared to
the references, the height of the pre-edge peak is decreased in spectra of all V-5BA-15 samples,
indicating the disordered structure of the VOx species in the catalysts [61].

In summary, the influence of the pH value during the synthesis of V-SBA-15 catalysts became
evident in three ways:

(i.) Vanadium loading: The amount of vanadium in the catalysts increased as the pH value of
the synthesis solution increased. This observation is in accordance with previously described studies
[26,27] and can be explained by the predominance of the pervanadyl cation (VO:*) at low pH values
which cannot be incorporated into the SiO2 network by co-condensation. With increasing pH value,
the proportion of different decavanadate species such as V10O2(OH)2* and V10027(OH)%- [24,25] being
capable of co-condensation with Si(OEt)s+ increases, and, thus, the overall vanadium content also
increases.

(ii.) Distribution of VOx species: As demonstrated by UV-vis and Raman spectroscopy, the
degree of polymerization increased with increasing pH value of the synthesis solution. At a pH value
of 2.0, two monomeric vanadium species can exist, the pervanadyl cation and a small amount vanadic
acid (VO(OH)s3) [62]. While the vanadic acid can directly be incorporated into the framework,
physisorbed pervanadyl species could be an additional source of monomeric VOx species. As
consequence of a higher pH value, the concentration of decavanadate ions increases, and, thus, the
amount of polymeric VOx species also increases. These findings are somewhat contrary to a study by
Gao et al. [26] and can be reasoned with the lower vanadium concentration in our case (10 mM vs.
140 mM) and the lower synthesis temperature of the reference study (40 °C vs. room temperature).
Furthermore, because of the lower vanadium concentration, in our case, no V20s particles could be
detected as in the mentioned study.

(iii.) Morphology of the SiO2 support: An increase in the pH value led to a less ordered SiO2
structure and a decrease in the specific surface area. Similar results were described by Aktas et al.
[23].

2.2. Catalytic Tests

The catalytic performance of the V-SBA-15 materials in the temperature range between 580 and
660 °C at a gas hourly space velocity (GHSV) of 720,000 L-h-kg measured for 30 min after
stabilization of the temperature is given in Figures 2 and 3. During this period, the catalytic activity
remains relatively stable, but with further time on stream, a slight decrease was observed (Figure S7).
In general, methane conversion increases with increasing temperature accompanied by a decrease in
formaldehyde selectivity in favor of CO and CO, as reported by previous studies on the selective
oxidation of methane [4]. Besides that, small amounts of Cz-products as well as traces of methanol
were found in the product gas. When comparing the performances of the catalysts, methane
conversion (Figure 2a) increases from V-SBA-15(2.0) to V-SBA-15(2.5), which is mainly ascribed to
the higher vanadium content, followed by a decrease to V-SBA-15(3.0). This may be due to the higher
degree of polymerization as shown by Raman and UV-vis spectroscopy leading to a lower reactivity
of the active sites. The highest methane conversion was observed for V-SBA-15(2.5) at 660 °C with
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1.7% and a formaldehyde selectivity of 36% (Figure 2b), resulting in a space-time yield of
5.5 kgcmo-kgatrh (Figure 3a), which lies slightly below the previously reported V-SiO: systems [5—
7].

The dependency between selectivity and conversion was evaluated at 600 °C by variation of the
residence time as shown in Figure 3b. Conversion and selectivity were highest for V-SBA-15(2.5) with
a maximum yield of 0.76%. Below, a conversion of 0.5% V-SBA-15(2.75) shows nearly the same
behavior but exhibits a faster decrease in selectivity with ongoing conversion. Despite possessing a
similar amount of vanadium, V-SBA-15(3.0) was the least active with a maximum conversion of
0.83%. Figure S8 shows the selectivity-conversion plot at 620 °C, revealing the same trend within the
set of catalysts up to a maximum conversion of 4.6%, while the overall selectivity was slightly
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Figure 2. Catalytic performance of V-SBA-15 materials in the selective oxidation of methane between
580 and 660 °C (25 mg catalyst, gas hourly space velocity (GHSV) = 720,000 L-kg"-h~!, CH4:02 9:1): (a)
methane conversion Xcty, (b) formaldehyde selectivity Schso.
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Figure 3. (a) Space-time yield of formaldehyde obtained by V-SBA-15 materials in the selective
oxidation of methane between 580 and 660 °C (25 mg catalyst, GHSV = 720,000 L-kg"-h"!, CH4:02 9:1).
(b) Formaldehyde selectivity vs. methane conversion recorded at 600 °C (25 mg catalyst, GHSV =
720,000-120,000 L-kg"-h!, CH4:02 9:1).
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Due to the high formaldehyde selectivity and methane conversion compared to the catalysts
synthesized at lower and higher pH values, V-SBA-15(2.5) was chosen for further experiments for
modelling the influence of different reaction conditions on the catalytic performance.

2.3. ANN Modelling

2.3.1. Model Selection and Training Process

In the present study, the influence of five parameters on the conversion and selectivity of V-SBA-
15(2.5) was modelled: temperature, GHSV, concentration of oxygen, nitrogen dilution and
concentration of water as cofeed. The given input variables were chosen, since these include the
complete description of reaction conditions (excluding the pressure, which was not taken into
account due to experimental reasons), while the choice of selectivity and conversion as output
variables enables the calculation of all further catalytic measures (yield and space-time yield).

Different architectures of feedforward neural networks with one and two hidden layers were
investigated as well as two different learning algorithms, namely Bayesian regularization (BR) and
Levenberg-Marquardt (LM) backpropagation. In order to identify the combination of network
architecture and learning algorithm with the best performance and generalization ability, a random
subsampling approach was utilized. The measured 232 training samples given in Table S3 were
randomly divided into two sets, 75% of the data were used to train the respective neural network,
and the remaining 25% of the data were used as test set to evaluate the performance of the network
on unseen data. This combination of training and performance evaluation was repeated 20 times for
each network since the performance varies with exact data division. The resulting average
performance and respective standard deviation on the test and training set are shown in Figure 4. BR
and LM networks showed nearly the same performance on training data as well as when training
networks with one hidden layer. Regarding networks with two hidden layers, BR networks exhibited
an improved generalization ability and a more stable performance as demonstrated by the lower
mean squared error and the lower standard deviation reflecting the differences between the two
training algorithms. While LM training only aims at minimizing the errors on the training set that
can rapidly lead to overlearning, BR training also minimizes the weights between the single neurons.
Since no significant improvement on unseen data was observed when networks with more than 10
neurons in the first and 2 neurons in the second hidden layer were used, and to keep the number of
neurons preferably low following the principle of Occam’s razor, this 5-10-2-2 neural network in
combination with the BR learning algorithm was selected. In this way, the model is flexible enough
to learn and predict the data while an overparameterization is prevented. The final topology is given
in Scheme 1.
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Figure 4. Performance of different neural network topologies on test and training set trained via
Bayesian regularization or the Levenberg—Marquardt algorithm. Markers indicate average mean
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squared error on normalized output data, and the respective whiskers represent the standard
deviation. Each combination of neural network and training algorithm was trained and evaluated 20
times under usage of a new random division of the data into a test and training set for each run.

Scheme 1. Final neural network architecture.

Based on this architecture and learning algorithm, a neural network ensemble averaging
approach [63-65] was used in which the output of 20 separately trained networks was averaged. This
approach results in a more consistent output and further decreases errors due to overlearning
compared to a single neural network. Moreover, an enhanced reproducibility is achieved since
depending on the starting conditions of the learning process, the final weights of a single network
differ, leading to different outputs. Figure S9 illustrates this issue with the example of five randomly
chosen points in the parameter space and the corresponding output of the 20 single neural networks.

Since the chosen combination of BR learning with a 5-10-2-2 network turned out to be very
robust against overfitting (four example learning curves are given in Figure 510), each of the 20
networks was trained under usage of the whole data set. The correlation of the predicted and
experimental values of the methane conversion and selectivity towards formaldehyde is given in
Figure 511 and shows a good agreement. The identity function is plotted for comparison.

2.3.2. Effects on Selectivity and Conversion

The conversion of methane and selectivity towards formaldehyde were calculated for the whole
range of input data in the steps of AT =10 K, AGHSV =120,000 L-kg'-h!, Ac(O2) =2.5%, Ac(N2) =10%
and Ac(H20) = 2.5%, yielding 38,808 data points as shown in Figure 5a, which also shows a
comparison with the training data. The selectivity ranges from 83 to 12%. Maximum conversion was
reached at 10.4%. The data exhibit a decrease in selectivity with increasing conversion, as
demonstrated by the previous catalytic tests, and cover a crescent-shaped area. Importantly,
depending on the respective reaction conditions, a high variability in selectivity at a certain
conversion was observed. For example, at a conversion of 4%, the selectivity varies between 22 and
49%. In contrast to that, the selectivity covers a narrow range (from 81 to 83%) close to 0% conversion.
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Figure 5. (a) Predicted selectivity and conversion over the whole input range (white) and training
data (red). (b—d) Predicted selectivity and conversion at 660 °C for the whole input range. Markers
are colored by values of oxygen concentration (b), nitrogen dilution (c) or water cofeed (d).

In order to observe the influence of the single parameters, Figure 5b—d show selectivity versus
conversion at 660 °C in which the single data points show the investigated concentrations of Oz(b),
N2(c) and H20(d) in different color. Moreover, Figure S12 and Animation S1 show the influence of
the GHSV at 660 °C and the evolution of the predicted values of conversion and selectivity over the
whole temperature range, respectively.

The oxygen concentration mainly affects the conversion of methane (Figure 5b). Initially, this
seems to be contrary to previous studies that suggest a reaction order of zero or close to zero [6,31,66]
for oxygen. This can be explained by the lower partial pressure of methane at oxygen-rich conditions
and limitation of the maximum conversion at low oxygen concentrations.

Nitrogen as diluent (Figure 5c) suggests a positive influence on the selectivity. This effect is
caused by a better temperature control during the reaction, as the oxidation of methane towards
CH20, CO and CO: is strongly exothermic (ArH = -275.8, -519.5 and —802.5 k]-mol~! [67]), as well as
by the reduced oxygen partial pressure, resulting in a decreased formation of CO and CO:a.

Different amounts of water as cofeed show a strong influence that improved conversion as well
as selectivity, as shown in Figure 5d. The impact on the conversion was already observed in previous
studies and explained by the formation of highly active V-OH groups via hydrolysis of V-O-5i
bonds [6,31,68]. Furthermore, Figure S13 demonstrates the influence of water at constant partial
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pressure of methane and oxygen at 660 °C. The conversion increases from 2.1% without water cofeed
up to 5.1% with 10% water cofeed and shows only a slight further increase up to 5.8% at 20% water
addition.

2.3.3. Optimization of Formaldehyde Yield

As shown in the previous section, the concentrations of Oz, N2 and H20 have a positive influence
on conversion and selectivity and thus improve the yield. However, the role of temperature and
GHSV on the formaldehyde yield is not that clear and depends on the exact set of conditions. For
example, a high temperature and low GHSV are more likely to cause overoxidation in combination
with a high concentration of oxygen. In order to evaluate such influences, Figure 6 shows the
dependence of the yield on temperature and GHSV at the conditions of the maximum yield, which
was taken from the grid of AT =10 K, AGHSV = 120,000 L-kg"-h1, Ac(O2) = 2.5%, Ac(Nz) = 10% and
Ac(H20) =2.5%.

YCH20 / O/O
960,000 2.28
- 2.05
840,000
- 1.81
"~ 720,000 - 1.58
g’ 1.34
—! 600,000
> 1.11
2
(H 480,000 0.87
0.64
360,000 ‘
1/ ] // 0.40
/ ;«" ;J J:/ /
240,000 , / L [ 0.17

—L
580 600 620 640 660 680
Temperature / °C

Figure 6. Effect of GHSV and temperature on formaldehyde yield at 20% O2, 50% N2 and 20% H-:O.

The highest yield was predicted at 680 °C, 600,000 L-kg-h-1, 20% Oz, 50% N2 and 20% H>0O with
2.3%. In most cases, the yield decreases with increasing GHSV and increases with increasing
temperature. Only at higher reaction temperature does the yield decrease with ongoing temperature
and lower GHSVs, which is due to overoxidation. A comparison of the predicted yield and the
experimental one between temperatures of 580 and 680 °C at 600,000 L-kg"-h" is given in Figure 7.
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Figure 7. Predicted and experimental yield at 600,000 L-kg-h™!, 20% Oz, 50% N2 and 20% H-O.

The overall dependency of the yield on the temperature is well predicted while being shifted by
around 0.1% to lower values over the whole range, resulting in a maximum yield of 2.2% at 680 °C.
This represents a slight improvement compared to the highest yield within the training data (2.1% at
660 °C, 240,000 L-kg-h, 20% O2, 60% N2 and 20% H:0). Although other authors reported higher
yields (a maximum of 3.7% was reported [6]), our approach impressively demonstrates the possibility
of process intensification using ANN.

2.3.4. Optimization of Space-Time Yield

In order to maximize the space-time yield, a high flow of methane must meet a high
formaldehyde yield. Hence, a minimum nitrogen dilution and a maximum GHSV are necessary since
these parameters nearly linearly decrease and increase the space-time yield, as shown in Figure
Sl4a,b. When choosing the right amount of water and oxygen, the situation is somewhat more
complicated since both parameters increase the formaldehyde yield while decreasing the flow of
methane. The point with the highest space-time yield within the grid is predicted at 680 °C,
960,000 L-kg"-h1, 15% O2, 0% N2 and 20% H20 with 14.7 kgcH0-kgearh™. The influences of oxygen
and water at this point are shown in Figure 8. Without water cofeed, the space-time yield increases
with increasing oxygen concentration from 6.0 kgcmokgarh? at 2.5% oxygen up to 11.4
kgcmokgearh™ at
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Figure 8. Effect of water cofeed and oxygen concentration on formaldehyde space-time yield at
680 °C, 960,000 L-kg"-h~' and 0% No.

13.5% oxygen. Upon addition of water, this maximum is broadened, increased and shifted to higher
concentrations of oxygen. Due to overheating of the reactor (see Figure S1) at the point of the
predicted maximum space-time yield, it was necessary to choose conditions with a lower
concentration of oxygen. As shown in Figure Sl4c, the predicted space-time yield reaches a plateau
between 10 and 18% oxygen at which only slight changes are expected. Hence, the oxygen
concentration was decreased to 10% at which a space-time yield of 14.2 kgcmo-kgeatrh! was predicted.
A comparison of experiment and prediction is shown in Figure 9.

16 T Y T Y T
—— STY predicted
141 - m- STY experiment _H|

T T T T

e -
o N
1 1

STYch,0/ kIon,0'kgea
(o]

580 600 620 640 660 680
Temperature / °C

Figure 9. Predicted and experimental space-time yield at 960,000 L-kgh, 10% Oz, 0% N2 and 20%
H20.

While the space-time yield is overestimated at low temperatures, predicted and experimental
values are relatively close above 620 °C. The highest space-time yield was reached at 680 °C with 13.6
kgcH0-kgearrh™. To the best of our knowledge, this is by far the highest value ever achieved. Before
this work, we had previously reported a space-time yield of 6.7 kgcty0-kgearh™ [5].
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3. Materials and Methods

3.1. Catalyst Preparation

V-SBA-15 catalysts were prepared by a co-condensation method. A total of 4 g Pluronic P123
(Sigma Aldrich, St. Louis, MO, USA) was dissolved in 120 mL deionized water at room temperature
followed by the addition of 0.147 g NH4VOs (99%, Merck, Darmstadt, Germany) and further stirring
for 1 h. Afterwards, 8.67 g tetraethyl orthosilicate (Sigma Aldrich, 98%) was added dropwise.
Thereafter, the pH value was adjusted to 2.0, 2.25, 2.5, 2.75 or 3.0 using 2 M HCl and controlled with
a pH meter (Multilab 540, WTW, Weilheim, Germany). The solution was heated to 40 °C and stirred
for 24 h. Subsequently, the resulting suspension was transferred into a PTFE inlet for hydrothermal
treatment at 100 °C for 48 h. The formed solid was filtered, washed with deionized water and dried
at 80 °C overnight. Finally, the sage green powder was calcinated at 625 °C for 16 h (heating rate
1 K'min™) in air. The resulting catalysts were denoted as V-SBA-15(x) with x representing the pH
value during synthesis.

3.2. Catalyst Characterization

Powder X-ray diffraction patterns were measured by a X'Pert Pro (Panalytical, Malvern, UK)
diffractometer under usage of Ni-filtered Cu-Ka radiation (A =1.5418 A, 40 kV, 40 mA).

Vanadium content was determined by inductively coupled plasma-optical emission
spectrometry (ICP-OES) carried out by a Varian 715-ES spectrometer (Varian, Inc., Palo Alto, CA,
USA). Sample treatment consisted of microwave dissolution at 200 °C and 80 bar in a mixture of
hydrofluoric acid and aqua regia.

Specific surface areas and pore size distributions were calculated from N2-sorption
measurements by an ASAP2010 (Micromeritics, Norcross, GA, USA) via the BET and BJH method.
Samples were treated for 4 h at 400 °C under reduced pressure for removal of water.

Ultraviolet—visible (UV-vis) measurements were performed under usage of an Ava Spec-2048
spectrometer equipped with a FCR-7UV400C-2 (Avantes, Apeldoorn, Netherlands) reflection probe.
Spectra were recorded at room temperature after dehydration at 350 °C in flowing synthetic air (100
mL-min™) for 30 min. BaSOs was used as white standard.

Raman spectra were recorded by a LabRAM HR 800 Horiba Jobin YVON spectrometer (Horiba,
Oberusel, Germany) equipped with an BX41 microscope (Olympus, Hamburg, Germany) with an
excitation wavelength of 532 nm generated by a Nd:YAG solid state laser.

X-ray absorption near edge structure (XANES) spectroscopy measurements were performed at
the BAMline (BESSY-II) in backscattered fluorescence mode with a 4-Element Silicon drift detector
from LLA Instruments GmbH & Co. KG (Berlin, Germany). This 4 x 30 mm? diameter detector
arrangement allows a wide solid angle acquisition of the fluorescence signal in 27. The system allows
collecting all events nearly dead-time free. The beam was monochromatized using a double crystal
monochromator (DCM) in a Si(111) arrangement with an energy resolution of AE/E = 2 x 10 The
incoming beam was monitored by a 5 cm-long ionization chamber filled with air. XANES spectra
were collected at the V K-edge (5465 eV) for the V-SBA-15 materials, NHsVOs and V205 (diluted with
BN). All solid samples were placed in a 1 mm sample holder and held in Kapton™tape.

3.3. Catalytic Tests

Catalytic tests were carried out in homemade quartz fixed-bed plug-flow reactors with lengths
of 35 cm (experiments in Section 2.2) or 26 cm (collection of training data). Catalyst materials (25 mg
diluted with 225 mg quartz sand) were placed and fixed by quartz wool at the center of the reactor
at which the diameter decreases from 8 to 4 mm. Temperature monitoring and control was carried
out by a thermocouple inside the reactor at the catalyst bed. Gas flow of CHs, Oz and N2 was
controlled by means of mass flow controllers (MKS-Instruments, Andover, MA, USA). H2O was led
into a heated steel line (150 °C) by a mass flow controller (Mini Cori Flow ML120, Bronkhorst, Kamen,
Germany) with an integrated pump (BG 45X15 SI, Dunkermotoren, Bonndorf, Germany). Product
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analysis was performed via IR spectroscopy under usage of a Matrix MGO1 (Bruker, Ettlingen,
Germany) for experiments in Section 2.2 or a CX4000 (Gasmet, Karlsruhe, Germany) for the collection
of training data. Both devices possess a heated gas cell (180 °C, 10 cm path length) and use reference
spectra of CHs, CO, CO2, H20, CH:20, CH30OH, C2Hs and C2Hs for the analysis of the experimental
product spectra. Example IR spectra at 200, 580 and 660 °C are given in Figure 515.

Formulae for the calculation of methane conversion, selectivity of the respective products and
formaldehyde space-time yield are given in the Supplementary Materials.

3.4. ANN Modelling

Artificial neural network modelling was performed under usage of the neural network toolbox
in MATLAB R2018b. An overview of input and output variables is given in Table 2.

Table 2. Input and output variables used for ANN modelling.

Input Output

Temperature T Conversion of methane X(CHa4)

Gas hourly space velocity (GHSV)
Concentration of oxygen c(O2)
Concentration of nitrogen c(N2)
Concentration of water ¢(H20)

Selectivity towards formaldehyde S(CH:0)

Bayesian regularization backpropagation and Levenberg-Marquardt backpropagation were
utilized as training algorithms via trainbr and trainlm functions within the neural net toolbox in
MATLARB. Stopping criteria were a pimax value of 10" for trainbr and a gradient of 10-¢ for trainlm.
Input values were internally normalized by MATLAB between -1 and 1, and methane conversion
and formaldehyde selectivity were normalized between 0 and 1 via

Xi — Xmin
Xy=—"—"—
Xmax ~ Xmin
with xi, Xmin, Xmex and xn denoting the unnormalized value, minimum and maximum value and the
normalized value of quantity x. The hyperbolic tangent (tansig) was used as transfer function for the
hidden layers, while a linear function (purelin) was used for the output layer, which offers an

unrestricted output range.

3.5. Collection of Training Data

For the collection of training data, 40 random points in the parameter space, which is obtained
by the combination of the values given in Table 3, were selected. For each point, the catalytic
performance was measured in the temperature range of 580 to 680 °C. At some oxygen-rich
conditions, an ignition of the reaction mixture occurred, resulting in an overheating of the reactor
and an enhanced methane conversion for several minutes, which was accompanied by a decrease in
activity thereafter (an exemplarily measurement is given in Figure S1). Data collected after such an
event were not involved in the training process. The conditions and the catalytic performances of the
obtained 232 training samples are given in Table S3.

Table 3. Values of parameters for the collection of training data.

GHSV 9/L-kg-h'  ¢(02) /% c(N2) /% c(H20) /%

960,000 25 0 0
720,000 5 20 2.5
480,000 10 40 5
240,000 15 60 10
20 15
20

a—gas hourly space velocity; b—concentration relative to methane; c—absolute concentration.
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4. Conclusions

In the present study, five V-SBA-15 materials were synthesized at pH values of 2.0, 2.25, 2.5, 2.75
and 3.0 and thoroughly characterized by various methods. Within the set of catalysts, the overall
amount of vanadium can be increased with the pH value until pH = 2.5. Furthermore, the higher
loading resulted in a higher proportion of polymeric VOx species. Both findings are related to the
higher amount of decavanadate ions in solutions of higher pH values compared to low concentrated
pervanadyl and monovanadate species at lower pH. In the course of the affected species distribution
and support morphology, the synthesis pH value also altered the performance of the received V-SBA-
15 catalysts in the selective oxidation of methane to formaldehyde. The conversion of methane and
the selectivity towards formaldehyde were highest for the catalyst synthesized at an intermediate pH
value of 2.5. Hence, this catalyst was chosen for ANN modelling. For this purpose, methane
conversion and selectivity towards formaldehyde were measured at 232 different reaction conditions
in order to obtain a proper amount of training samples. We utilized an ensemble averaging approach
in which the predictions of 20 single neural networks of the architecture 5-10-2-2 were combined. The
obtained model was used to calculate the reaction outcome for a variety of reaction conditions, and
it could demonstrate how the interplay between oxygen content, nitrogen dilution and water cofeed
can positively alter the selectivity-conversion relationship. Finally, the model was used for locating
the points of the highest yield and space-time yield within the parameter space. The predictions and
experimental measurements at these points showed a good agreement and resulted in a
formaldehyde yield of 2.2%. Most importantly, the space-time yield could now be increased to a value
of 13.6 kgcmo-kgarhl, which is well above the current state of research.

Supplementary Materials: The following are available online at www.mdpi.com/2073-4344/10/12/1411/s1,
Figure S1: Temperature at the catalyst bed and oven and methane conversion over time; Figure S2: Pore size
distribution of V-SBA-15 catalysts from BJH analyses; Figure S3: Wide-angle X-ray diffraction patterns of V-SBA-
15 catalysts; Figure S4: Small-angle X-ray diffraction patterns of V-SBA-15 catalysts; Figure S5: Tauc plots for
UV-vis spectra of V-SBA-15(2.0), V-SBA-15(2.5) and V-SBA-15(3.0); Figure S6: Deconvoluted UV-vis spectra of
V-SBA-15(2.0), V-SBA-15(2.5) and V-SBA-15(3.0); Figure S7: Methane conversion and carbon balance while
heating up from 580 to 660 °C and maintaining 660 °C; Figure S8: Formaldehyde selectivity vs. methane
conversion plot at 620 °C; Figure S9: Output of the 20 single neural networks at five different conditions; Figure
S510: Learning curves of 5-10-2-2 neural networks in combination with Bayesian regularization (BR) learning;
Figure S11: Correlation of predicted and experimental methane conversion and formaldehyde selectivity; Figure
S512: Predicted selectivity and conversion at 660 °C over the whole input range; Figure S13: Predicted selectivity
and conversion at 660 °C, 720,000 L-kg'-h, 15% Oz and 20% (N2 + H20); Figure S14: Predicted space-time yield
at 680 °C, 960,000 L-kg-h™, 15% Oz and 20% H20 with varying nitrogen dilution, GHSV or oxygen concentration;
Figure S15: Example IR spectra of the product gas at 200, 580 and 660 °C; Table S1: Position and ratio of the areas
of the deconvoluted gaussians for UV-vis spectra of V-SBA-15(2.0), V-S5BA-15(2.5) and V-SBA-15(3.0); Table S2:
Pre-edge peak position of V-SBA-15 materials and reference compounds; Table S3: Training data for the neural
network; Animation S1: Formaldehyde selectivity vs. methane conversion at various temperatures.
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