E-ISSN 2586-9027
Homepage : https://tci-thaijo.org/index.php/SciTechAsia Science & Technology Asia
Vol.30 No.3 July - September 2025 Page: [l3-@]

Original research article

Catalytic System Improvement Through
Computational Approaches

Phanchita Wuttikorn, Pinapa Suttiphong,
Surachet Thongboon, Kulpavee Jitapunkul”

Department of Chemical Engineering, Faculty of Engineering, Kasetsart University,
Bangkok 10900, Thailand

Received 30 May 2025; Received in revised form 13 July 2025
Accepted 29 July 2025; Available online 30 September 2025

ABSTRACT

This research aims to develop a predictive model for hydrogen production using a ti-
tanium dioxide-based (TiO2) photocatalyst through an artificial neural network (ANN). The
primary objective is to enhance photocatalyst design for efficient hydrogen production, sup-
porting the transition from fossil fuels to clean hydrogen energy while reducing carbon diox-
ide emissions. The project consists of two parts: machine learning and experimental studies,
with a primary focus on the first. In Part 1, machine learning is used to build a predictive
model for hydrogen production, utilizing TiO2-based photocatalysts. Pearson correlation is
applied to select direct and indirect parameters that significantly impact hydrogen produc-
tion. Data normalization is performed to minimize variations, and the dataset (122 direct
parameter samples and 169 indirect parameter samples) is split by using k-fold cross valida-
tion and after that into training (80%), testing (10%), and validation (10%) sets before model
training begins. The accuracy of the model is evaluated using R-squared and Root Mean
Square Error (RMSE). Part 2 involves experimental work focusing on methane-to-ethane
conversion using the same TiO2-based photocatalyst. The study compares different silver
concentrations to determine the most efficient composition for ethane production. While
both parts are crucial, the primary emphasis remains on hydrogen production and predictive
modeling, as machine learning plays a key role in optimizing photocatalyst design and im-
proving hydrogen yield predictions.
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1. Introduction

Hydrogen is a clean, renewable fuel
with high energy potential, making it a
promising alternative to fossil fuels. It is
widely used in transportation, aerospace, oil
refining, fertilizer production, and chemical
manufacturing [1, 2]. With no greenhouse
gas emissions and a high energy yield per
unit mass, hydrogen offers a sustainable so-
lution for addressing climate change and re-
ducing fossil fuel dependency [1].

However, hydrogen production of-
ten involves reactions with high activation
energy or slow kinetics, requiring effec-
tive catalysts. Titanium dioxide (TiO2) is
a commonly used photocatalyst due to its
chemical stability, low reactivity, environ-
mental safety, and affordability [3, 4]. Its
broad light absorption and long lifespan fur-
ther supports its application in photocataly-
sis [5].

To enhance TiOy performance, metal
doping particularly with platinum (Pt)
is employed. Pt-doped TiOs improves
charge separation, expands light absorp-
tion, and increases surface area and active
sites, boosting photocatalytic efficiency [6].
Given the abundance of experimental data,
Pt-doped TiOs is also suitable for predictive
modeling using Machine Learning (ML) [7,
8].

Artificial Neural Networks (ANN)
offer an efficient approach to model hy-
drogen production, reducing the need for
extensive experimentation and minimizing
time, cost, and human error [7, 9].

In addition to water splitting, hydro-
gen is also produced as a by-product dur-
ing the conversion of methane to ethane.
Ethane is a key feedstock in the produc-
tion of ethylene, widely used in plastics
and chemicals [10, 11]. TiO2-based photo-
catalysis provides a sustainable and energy-
efficient method for methane conversion,
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Fig. 2. Flowchart for the experiment.

offering both environmental benefits and
valuable chemical outputs [12].

2. Materials and Methods
2.1 Machine learning

Start with data collection and Pear-
son’s correlation analysis to identify sig-
nificant variables, followed by z-score nor-
malization. An Artificial Neural Network
(ANN) is then configured by selecting hid-
den layers, activation functions, and the
number of nodes. The model is trained and
its performance evaluated; if unsatisfactory,
the configuration is adjusted and retrained.
Once optimized, the model is validated us-
ing unseen data and used to generate re-
sponse surface and contour plots to visual-
ize the effects of input variables on the out-

put [8].

2.2 Experiment

Titanium dioxide (TiO2) and silicon
dioxide (SiO2) were synthesized via the hy-
drothermal method from Tetrabutyl titanate
(TBT) and Tetraethyl orthosilicate (TEOS),
respectively. Zinc oxide (ZnO) was subse-
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Table 1. Differences in Procedures of Batch 1
and Batch 2.

Steps Batch 1 Batch 2
Addition Added all
of TBT at once Added drop by drop
. Use the photo-
Dope Ag D;;iztlzyn%)_pe deposition method
(Ti0/Si02) before doping it into

ZnO-(Ti02/Si03)

quently loaded onto the catalyst using the
impregnation method, followed by silver
(Ag) doping. The catalyst was then em-
ployed in the ethane conversion reaction,
with experiments conducted in two batches
as described in Table 1 [13, 14].

3. Results and Discussion
3.1 Machine learning

3.1.1 Parameter selection

We used Pearson’s correlation for
feature selection to identify parameters
that influence hydrogen production. This
method can elucidate both direct and in-
direct relationships between input param-
eters and hydrogen production. In a di-
rect relationship, the correlation coefficient
(r) indicates how a specific input param-
eter directly influences the amount of hy-
drogen produced. Conversely, an indirect
relationship reveals how input parameters
affect each other first, and subsequently,
how these interdependencies impact hydro-
gen production. This comprehensive anal-
ysis involves generating a Pearson correla-
tion matrix, which displays the correlation
coefficients for every pair of variables in the
dataset. Understanding these direct and in-
direct influences is crucial for feature selec-
tion, allowing us to identify the most sig-
nificant input parameters for developing ro-
bust predictive models of hydrogen produc-
tion [15].
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Fig. 3. Pearson’s correlation matrix.

To identify direct input parameters
affecting hydrogen production, selection
criteria were set: a positive correlation
> 0.20 or a negative correlation < -0.20.
Based on this, six parameters were selected:
calcination temperature, methanol amount,
pH, irradiation time, BET surface area, and
light power. Among these, calcination tem-
perature and pH met the negative corre-
lation criterion. The selected parameters
are categorized into two groups: (1) Cat-
alyst preparation: calcination temperature,
pH, and BET surface area; and (2) Cat-
alytic reaction: methanol amount, irradi-
ation time, and light power. Indirect pa-
rameters were then identified based on a
strong correlation (= 0.5 or < -0.5) with
the selected direct parameters. While these
have limited direct influence on hydrogen
production, they significantly affect the di-
rect parameters. After that combined, the
direct and indirect parameters are grouped
into two categories: (1) Catalyst prepara-
tion: calcination temperature, pH, water,
bandgap, average particle size, BET surface
area, %anatase, and %rutile; and (2) Cat-
alytic reaction: methanol, ethanol, irradia-
tion time, catalyst loading, and light power.
From Fig. 3, we can see an indirect relation-
ship: methanol significantly impacts light
power, which in turn affects hydrogen pro-
duction, though to a lesser extent.
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Data for ANN and data left for final testing are divided

Selected models have been saved!

d models have been saved!

d network Test R2: 0.5193
d network Test RMSE: 0.7324

Fig. 4. R? and RMSE of average models and
unseen test.
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Hs.

3.1.2 Create a predictive model and
predict unseen test

The data used was normalized before
undergoing the training process [16]. The
model was developed using a single hidden
layer with 60 nodes and trained on 122 data
samples using the Bayesian regularization
backpropagation algorithm (trainbr). The
hyperbolic tangent sigmoid (tansig) func-
tion was applied as the transfer function. A
3-fold cross-validation approach was used,
with the dataset split into 80% for training,
10% for validation, and 10% for testing.
Subsequently, models from fold 1 and fold
2 with R? > 0.46, and from fold 3 with R? >
0.65, were selected and averaged to create
a predictive model with high generalization
capability [9, 17].
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Fig. 6. Regression plot for hydrogen yield pre-
diction.

It can be observed that the predicted
hydrogen values follow the same trend as
the actual values. However, the differences
in their magnitudes result in a relatively low
R? value.

This scatter plot compares predicted
and actual hydrogen outputs from a trained
neural network. The black diagonal indi-
cates perfect predictions, with blue dots for
training data, red for the test set, and yellow
triangles for unseen data. While predictions
generally follow the actual trend, deviations
from the diagonal reveal limited accuracy.
These discrepancies result in a relatively
low R? value, indicating the model captures
overall patterns but lacks precision, under-
scoring the need for improved generaliza-
tion and accuracy.

The poor results might stem from an
unsuitable model choice, likely because of
limited data. You could try switching from
Neural Networks to Random Forest (RF),
Support Vector Machine (SVM), or other
alternatives.
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3.1.3 Response surface and con-
tour plot

1. Catalyst preparation

Fig. 7. Calcination temperature and BET sur-
face area.

The optimal range was found to be
350-450 °C for calcination temperature and
90-120 m?/g for BET surface area.

Fig. 8. Calcination temperature and pH.

The optimal range was found to be
380420 °C for calcination temperature and
0-1 for pH.

2. Catalytic reaction

Response Surface Plot

ieted Hydrogen (micromol)

Fig. 9. Methanol and irradiation time.

The optimal range was found to be
270-330 mins for irradiation time and 150-
180 mL for methanol.

3. Between Catalyst preparation and Cat-
alytic reaction relationships

The optimal range was found to be
380420 °C for calcination temperature and
120-180 mL for methanol.
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Response Surface Plot

Fig. 10. Calcination temperature and methanol.

Table 2. Added TBT (Tetrabutyl Titanate)
all at once and directly doped it into ZnO-
(Ti04/Si0O2) in Batch 1.

0,
. CoHy %CH,
Ratios % Cat (umol/ CO{IVCI‘
Az @ o YOS sion
g (x10~4)
TiO2  SiO2
1 1 0.5 0.10 3 0.00 0.00
1 2 7.50 3.27
1 3 10.28 448
1 5 25.82 11.25
1 10 0.93 0.40
1 5 0.5 0.10 1 21.44 3.11
2 27.82 8.08
3 23.14 10.08
1 5 025 0.20 1 10.39 3.01
2 6.70 3.89
3 7.58 6.61

Note: t = Time of result collection (h), cat = Catalyst loading (g).

3.2 Experiment

From Table 2, the data can be ana-
lyzed into three cases.

In Case 1, varying TiO2/SiOs ra-
tios with fixed 0.50% Ag, 0.1 g cata-
lyst, and 3-hour reaction time yielded a
maximum ethane production of 27.8224
umol-g='-h~! and a methane conversion
rate of 11.25x107%%. In Case 2, with a
fixed TiO2:SiOy ratio of 1:5, 0.50% Ag,
and 0.1 g catalyst, varying the reaction time
showed the highest ethane yield at 2 hours
27.8224 umol-g~'-h~! and a conversion
rate of 8.08x10™% %. In Case 3, under the
same TiO3:SiO- ratio but with 0.25% Ag
and 0.2 g catalyst, the peak ethane yield was
10.3905umol-g=*-h~! at 1 hour, with a con-
version rate of 3.01x10™% %. It can be ob-
served that at a TiO5:Si0 ratio of 1:5, the
%methane conversion increases with time,
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Table 3. Added TBT (Tetrabutyl Titanate) drop
by drop. Use the photo-deposition method be-
fore doping into ZnO-(TiO2/SiO5) in Batch 2
[18, 19].

0,

. CoHg % CH,4

Ratios % Cat (umol/ c0flver
Az @ VD sion

g (x10~4)

TiO2  SiO2

1 3 1 0.10 1 12.71 1.85
6.70 1.95
5.30 2.31
1 5 1 0.10 28.57 4.15
13.90 4.04
3 7.30 3.18

1 1 0.5 0.10 3 23.30 10.15
1 2 3 9.64 4.20
1 3 3 22.89 9.97
3 15.64 6.82
3 7.58 6.61

Note: t = Time of result collection (h), cat = Catalyst loading (g).

as methane is consumed in the reaction to
convert it into ethane. However, once the
equilibrium point is reached (at a TiO2:SiO2
ratio of 1:10), very little methane is required
for conversion to ethane.

From Table 3, the data can be ana-
lyzed into three cases.

In Case 1, with a fixed TiO2:SiO9
ratio of 1:3, 1% Ag, and 0.1 g cata-
lyst, varying the reaction time showed the
highest ethane yield at 1 hour 12.7166
umol-g~t-h~! with a methane conversion
rate of 1.85x10™% %. In Case 2, under the
same conditions but with a 1:5 TiO3:SiO2
ratio, the highest ethane yield was 28.5722
umol-g~t-h~! at 1 hour, with a conversion
rate of 4.15x10™* %. In Case 3, varying
TiO2:Si104 ratios with 0.50% Ag, 0.1 g cat-
alyst, and 3-hour reaction time, the peak
ethane yield was 27.8224 umol-g~!-h~!
and the conversion rate was 11.25x107% %,
It can be observed that for the TiO5:SiO5 ra-
tio of 1:5, with 1% Ag and a catalyst load-
ing of 0.10 g, the %methane conversion de-
creases as time increases. The most prob-
able reason for this is catalyst deactivation,
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such as coking or sintering, which rapidly
reduces the catalyst’s efficiency over time,
thereby diminishing its ability to convert
methane after the 1-hour mark.

4. Conclusion
4.1 Machine learning

A hydrogen production prediction
model was developed using six input pa-
rameters including calcination temperature,
methanol (mL), pH, irradiation time, BET
surface area, and light power and one out-
put (hydrogen). The model featured a single
hidden layer with 60 nodes, Bayesian reg-
ularization training, and a tangent sigmoid
transfer function. Given the small dataset,
3-fold cross-validation was applied. On un-
seen test data, the model achieved improved
accuracy with an R? of 0.51 and RMSE
of 0.39. Response Surface and Contour
Plots identified optimal input ranges, align-
ing with theory in most cases. However,
some discrepancies emerged: the model
predicted an optimal pH of 0—1, below the
theoretical 3—5 range, and no clear opti-
mum for methanol or light power. A similar
method was applied to indirect parameters,
but due to consistently low R? values, only
selected plots were included.

To effectively apply machine learn-
ing in this study, the dataset should first be
classified to account for the diverse range of
metal doping types. Increasing the volume
of data is essential to enhance the perfor-
mance and reliability of the Artificial Neu-
ral Network (ANN). Additionally, the data
should be validated against theoretical ex-
pectations to ensure consistency and scien-
tific accuracy. Finally, selecting an appro-
priate machine learning model tailored to
the dataset characteristics is crucial for gen-
erating meaningful and predictive results.
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4.2 Experiment

This study synthesized and eval-
uvated TiOz-based photocatalysts for
methane-to-ethane conversion using Ag—
Zn0O-(TiO2/Si02) composites across two
experimental batches. In Batch 1, TBT
(Tetrabutyl Titanate) was added all at once
and directly doped into ZnO—(TiO2/Si02),
while in Batch 2, TBT was added dropwise
via photo-deposition prior to doping.
Both batches varied TiO5/SiOy ratios,
reaction times, catalyst loadings, and Ag
percentages to identify optimal conditions.
Overall, Batch 2 showed higher ethane
yields, except in Batch 1 at a TiO2:SiO9
ratio of 1:5, which produced 25.8260
umol-g=-h~! ethane and a methane
conversion rate of 11.25 x107%%. The
highest ethane yield in Batch 1 (27.8224
umol-g=1-h~1) occurred at the same ra-
tio, with 0.5% Ag, 0.1 g catalyst, and 2
hours of reaction. However, the overall
highest yield was in Batch 2 under the
same TiO2:SiO; ratio, with 1% Ag, 0.1 g
catalyst, and 1-hour reaction time, yielding
28.5722 umol-g~'-h~! and a conversion
rate of 4.15 x1074%. These results suggest
that photo-deposition with controlled TBT
addition significantly improves catalyst
performance.

Extending the duration of the exper-
iments allows for a more comprehensive
evaluation of catalyst performance across
varying conditions. Experimental parame-
ters identified in the machine learning anal-
ysis should be systematically varied to as-
sess their influence on outcomes. Further-
more, machine learning techniques can be
applied to the experimental results to iden-
tify key factors driving ethane production
and methane conversion, ultimately guiding
optimization of the catalytic process.
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