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Abstract: The effect of utilising energy derived from fossil sources on the environment has aroused research
interest in alternative and sustainable energy sources. Synthesis gas, a mixture of carbon monoxide (CO) and
hydrogen can be used as starting materials in hydrogenation reactions to produce chemical intermediates that can
be used in various processes. This study investigates the robustness of applying a fine Gaussian support vector
machine algorithm for predicting light olefins from catalytic CO hydrogenation using magnesia nanoparticles-
based catalysts. The datasets obtained from the CO hydrogenation reaction consist of input parameters such as
magnesia nanoparticles contents, reaction temperature, and reactor pressure, and the output parameters which
include CO conversions and the selectivity of light olefins (CH,, C,H,, C,H, C;Hg, C,Hg, and C3H). The dataset
was trained and employed for the prediction of the light olefins using a support vector machine with an inbuilt
Fine Gaussian Kernel function. The performance of the support vector machine was evaluated using the coefficient
of determination (R?), root mean squared error (RMSE), mean square error (MSE), and the mean absolute error
(MAE). The support vector machine showed significant potential in the prediction of CO conversion, CH, selectivity,
C,H, selectivity, and C,H, selectivity as indicated by R of 0.770, 0.800, 0.730, and 0.930, respectively. While less
predictive performance was obtained for the prediction of C;Hg selectivity, C,Hyg selectivity and C;Hg selectivity
as indicated by R? of 0.630, 0.610, and 0.320, respectively.
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Introduction

The increasing concern in environmental pollution
and the need for sustainable production has propelled
research efforts in the direction of finding viable
solutions to alternative means of production with less
impact on the environment (Azapagic et al., 2016). In
view of this, several technological pathways have been
investigated as robust alternatives for the production
of sustainable and environmentally friendly products
(Radulescu et al., 2009). One of such technological
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processes is carbon monoxide (CO) hydrogenation
which entails the catalytic conversion of synthetic
gas, a mixture of CO and hydrogen to light olefins
(Mohammadi et al., 2021; Zhu et al., 2017). Light
olefins consist of short-chain hydrocarbons (C,H,,) such
as ethylene, propylene, butenes, and butadiene that can
be employed as building blocks in the petrochemical
industries to manufacture a wide range of products
(Corma et al., 2017). The conventional means of
producing olefin in a large-scale process entail the
utilisation of crude oil in the catalytic cracking reaction.
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However, this process faces several challenges such
as coils coking, and limited product flexibility as
reported by Corma et al. (2017). CO hydrogenation
is an emerging process for light olefin production and
offers the advantage of utilising a more environmental
feedstock as well as wide product flexibility (Pedersen
et al., 2018).

The production of light olefin by catalytic CO
hydrogenation has been widely reported in the literature.
The performance of photothermal CO hydrogenation
to olefins using MnO modified Ni catalysts has been
reported by Wang et al. (2020). The study revealed that
the MnO modified Ni catalysts were very effective in
the CO hydrogenation reaction and displayed a high
selectivity towards light olefins with negligible CO,.
In a similar study, Shi et al. (2020) employed Mn-
doped ferrites for CO hydrogenation to light olefins.
The performance of the Mn-doped ferrites in the CO
hydrogenation resulted in high selectivity (54.4%) of
light olefin compared to 33% reported by Wang et al.
(2020). It can be inferred that the Mn-doped ferrites
catalyst has a higher selectivity towards light olefin
in CO hydrogenation compared to the MnO modified
Ni catalysts. The promotional effect of Mn on Fe-Mn
bimetallic catalysts in CO hydrogenation to light olefin
has been reported by Yang et al. (2021). Unlike the MnO
modified Ni catalyst and Mn-doped ferrites catalysts,
the Mn-doped Fe-Mn bimetallic catalysts display a
high selectivity of 60.6%, which can be attributed
to the synergistic effect of the Fe and Mn catalysts.
Besides investigating the performance of various
catalysts in CO hydrogenation reaction, the effect of
various parameters on the reaction has been reported.
Mohammadi et al. (2021) employed response surface
methodology for the optimisation of various operating
parameters in CO hydrogenation to light olefins. The
CO hydrogenation reaction resulted in maximum CO
conversion and light olefin under optimum conditions of
3.21 bar, 290°C and 1.85 for pressure, temperature, and
H,/CO ratio, respectively. In a similar study, Atashi et
al. (2013) employed the response surface methodology
to optimise CO hydrogenation to light olefin. The
study revealed that the catalyst substantially affects the
CO hydrogenation. Under optimised conditions, high
selectivity towards light olefins such as ethane, propane,
propylene, butylene was obtained.

Experimental studies often resulted in the generation
of a huge amount of data which can be utilised for
modeling the non-linear relationship between the
process parameters and the outputs. To achieve this,
supervised machine learning algorithms such as

support vector machines can be employed. Support
vector machine possesses in-built algorithms that can
be employed for classification and regression learning
(Bai et al., 2019). Support vector machine has been
utilised for modeling various processes (Fan et al.,
2018; Zendehboudi et al., 2018). Leong et al. (2021)
employed a support vector machine for the prediction
of the water quality index. A robust prediction of the
water quality index was achieved with a high coefficient
of determination (R?) of 0.9184. Also, the application of
a support vector machine for modeling the prediction
of dissolved oxygen concentration in a hypoxic river
system has been reported by Ji et al. (2017). With an
R? of 0.8646, the support vector machine displayed
a high tendency in learning the relationship between
the input variables and the model output. Yuan et al.
(2017) reported a robust prediction of wind power
using a support vector machine. The modeling of the
prediction of CO conversion and selectivity during CO
hydrogenation reaction by support vector machine has
not been reported in the literature. This study, therefore,
aimed to employ a support vector machine for modeling
the prediction of the effect of magnesia nanoparticles
on the catalytic hydrogenation to light olefins.

Experimentation and Modeling Strategy
Using Support Vector Machine

The data employed for the modeling consist of input
parameters such as the pressure of the reactor, the
reaction temperature, and the magnesia contents in the
catalyst. While the output consists of CO conversion,
CH, selectivity, C,H, selectivity, C,H, selectivity, C;Hg
selectivity, C4Hg selectivity, and C;H, selectivity. The
detailed experimental design using the Box-Behnken
method and the CO hydrogenation reaction have been
reported by Atashi et al. (2013). The catalytic CO
hydrogenation was performed in a continuous flow
tubular reactor that consists of the catalysts supported
with quartz wool. The temperature of the reactor was
regulated using a temperature controller. In order to
improve the catalytic activity, the catalyst was reduced
in situ in a flow of 60 mL/min of H,/N, (1:1) for 2 h at
400°C. Subsequently, the reacting and the carrier gases,
which consist of CO, H,, and N,, were allowed to flow
into the reactor with their flow rate being regulated
using a mass flow meter. The product compositions
were analysed using an online gas chromatography.
The detailed steps involved in the application of the
support vector machine are depicted in Figure 1. The
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support vector machine is incorporated with a function
approximation ability that enables it to handle a non-
linear process. The inbuilt kernel functions such as the
polynomial, exponential radial basis function, radial
basis function, sigmoid and linear can be employed to
improve the performance of the support vector machine
regression model that provides a better generalisation.
The dataset which consists of the input parameters
(reactor pressure, reaction temperature, magnesia
content) and the output parameters (CO conversion
and the light olefins selectivity) was divided into
three portions for training, testing, and validation in
the proportion of 0.7, 0.15, and 0.15, respectively to
prevent overfitting. The dataset was pre-processed in an
excel sheet and subsequently uploaded into a regression
learning environment in MATLAB 2020b (MathWorks
Inc.). The Fine Gaussian was selected as a kernel for the
support vector machine used in the modeling process.
The dataset was strained and the performance of the
support vector machine model in predicting the CO
conversion and the light olefins was evaluated using R%,
root mean squared error (RMSE), mean squared error
(MSE) and mean absolute error (MAE).

Reactor Pressure
Reaction Temperature
Magnesia content

Regression
Learner

Fine Gaussian
Support Vector
Machine

CO conversion
Selectivity of light olefins

Training the
Support Vector
Machine

Predicted Outputs

Low R high High R?, low
MSE MSE

Figure 1: Process flow for the support vector modeling
the CO hydrogenation.

Results and Discussion

The interaction analysis as a function of the effects of
the various parameters on the olefin with the highest
selectivity is represented in Figure 2. As revealed by
Figure 2 (a), the relationship between the reaction
temperature, magnesia contents, and CH, selectivity
is non-linear. An increase in the reaction temperature
resulted in a corresponding increase in the CH,
selectivity until it attained a maximum value of 57%. On
the contrary, the increase in the magnesia contents led to
an increase in the CH, selectivity which attained its peak
at a magnesia content of 15%. This could be attributed
to the fact that magnesia contents > 15% resulted in
the deactivation of the catalyst. As shown in Figure 2
(b), an increase in both reactor pressure and magnesia
content resulted in a decrease in the CH, selectivity. It
can be seen that high selectivity is favoured at reactor
pressure < 4 bar and magnesia content < 15%. A similar
trend is observed in Figure 2 (c) for the effect of the
reactor pressure and temperature on the CH, selectivity.

The comparison between the actual and predicted CO
conversion in the hydrogenation reaction is depicted
in Figure 3. The combination of the three parameters
in the experimental design produces variation in the
CO conversion during the hydrogenation reaction.
The lowest CO conversion of 7.84% is observed using
25wt% magnesia nanoparticles, at 280°C and reactor
pressure of 4 bar. While the highest CO conversion of
53.03% is obtained at 15wt% magnesia nanoparticles, at
380°C and 7 bar. This implies that a high CO conversion
is favoured using mild magnesia nanoparticles, a
temperature of 380°C and high pressure. The predicted
CO conversion is consistent with actual values at each
datapoint. However, the R? of 0.770 obtained from the
prediction indicates that only 77% of the dataset can be
learnt using the Fine Gaussian Support Vector Machine
algorithms. The predicted error of 15.018% measured
by the MSE indicates that algorithms can further be
improved to obtain more accurate predictions.

Figure 4 shows the dispersion plots of the actual and
predicted CH, selectivity, C,H, selectivity, and C,H,
selectivity. Also, it can be seen that the combination
of the three parameters has varying effects on the light
olefin selectivity. As shown in Figure 4 (a), the magnesia
nanoparticles had significant effects on the selectivity
for each data point. The least CH, selectivity of 44.5%
was obtained using 1wt% magnesia nanoparticles,
reaction temperature of 330°C, and reactor pressure of
1 bar. While the highest CH, selectivity of 60.2% was
obtained using 15wt% magnesia nanoparticles, reaction
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Figure 2: Three-dimensional plots showing the effect (a) reaction temperature and magnesia content on CH,,
(b) Reactor pressure and magnesia content and (c) Reactor pressure and Reactor temperature on CH, selectivity.
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Figure 3: Dispersion plots showing the comparison
between the actual and predicted CO conversion.

temperature of 380°C, and the reactor pressure of 7
bar. For most of the data points, the predicted CH,
selectivity is consistent with the actual values. The R of
0.800 obtained from the model prediction indicated that
the support vector machine using a fine Gaussian kernel
can only learn 80% of the dataset with a prediction error

of 10.830% as calculated using the MSE. Although, the
support vector machine algorithm shows great potential
in predicting the CH, selectivity, however, the algorithm
can further be optimised for better predictability. Unlike
the CH, selectivity that was highly favoured at all the
data points, the selectivity of the C,H, significantly
varies with the combined parameters at each data point.
The lowest C,Hy selectivity of 1.7% was obtained at
15wt% magnesia nanoparticles, reaction temperature
of 280°C, and reactor pressure of 1 bar. While the
highest C,H, selectivity of 13.4% was obtained using
Swt% magnesia nanoparticle, reaction temperature of
330°C, and reactor pressure of 7 bar. The prediction of
the C,H; selectivity resulted in R* of 0.730 indicating
that 73% of the dataset can be learned by the support
vector machine algorithm with a prediction of 3.266%
obtained from the MSE. Also, Figure 3 (c) shows the
dispersion plots for the comparison between the actual
and the predicted C,H, selectivity obtained from the
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Figure 4: (a) The actual and predicted CH, selectivity,
(b) the actual and predicted C,H; selectivity and (c) the
actual and predicted C,H, selectivity.

CO hydrogenation. Like the C,H, selectivity, the
C,H, selectivity is unevenly distributed along with
the data points due to the differences in the combined
parameters. The highest C,H, selectivity of 28.2% was
obtained using 5wt% magnesia nanoparticles, reaction
temperature of 330 °C, and reactor pressure of 1 bar. The
predicted C,H, selectivity is consistent with the actual
values as indicated by the highest R> of 0.930. This
implies that the support vector machine can learn over
93% of the dataset with a prediction error of 2.809%.

Figure 5 shows the dispersion plots of the actual
and predicted C;Hy selectivity, C;H¢ selectivity and

C,Hg selectivity. It can be seen that there are variations
in the C;Hg selectivity, C;H selectivity, and C,Hg
selectivity along with the data points. As shown in
Figure 5 (a), the C;Hy selectivity is unevenly distributed
along with the data points due to the variation in the
combined parameters. The C;Hg selectivity is relatively
low compared to others. The highest C;Hg selectivity
of 4.275% was obtained using a 15wt% magnesia
nanoparticle, reaction temperature of 380°C, and reactor
pressure of 4.275 bar. Most of the predicted values of
the C;Hg selectivity are in proximity with the actual
values. The R* value of 0.630 shows that the support
vector machine is not robust in predicting the C;Hg
selectivity as only 63% of the dataset can be learned
with a prediction error of 0.806 as indicated by MSE.
Figure 5 (b) depicts the dispersion plots showing the
comparison between the actual and predicted C;Hg
selectivity for every data point. The highest C;H,
selectivity of 19.4% is obtained using 25wt% magnesia
nanoparticles, reaction temperature of 280°C, and
reactor pressure of 4 bar. Similar to the C;Hg selectivity,
the prediction of the C,H, selectivity resulted in R
of 0.610 and predictor error of 0.350%. The support
vector machine needs to be optimised for an improved
prediction of the C;H, selectivity. The dispersion
plot showing the comparison between the actual and
predicted C,Hg selectivity is depicted in Figure 4 (c).
Similar to C;Hg selectivity, and C;H, selectivity, the
C,Hg selectivity also has uneven distribution across
the data points. It can be seen that a very low C,Hg
selectivity was obtained at data points 9, 10, and 11,
which could be attributed to the unfavourable reaction
conditions for the C,Hg selectivity. The magnesia
nanoparticles show the lowest selectivity towards
C4Hg. The highest C,Hg selectivity of 2.1% was
obtained using 15wt% magnesia nanoparticles, reaction
temperature of 380°C, reactor pressure of 7 bar. The
C,Hg selectivity is poorly predicted as indicated by
the R? of 0.320 and predicted error of 7.231%. Only
32% of the dataset can be learned for the prediction of
the C4Hg selectivity (Table 1). Therefore, the support

Table 1: Summary of the prediction performance of the support vector machine

Performance  CO conversion CH, C,H, C,H, C;Hy C,Hy C;H,
Metrics selectivity selectivity selectivity  selectivity — selectivity — selectivity
RMSE 3.875 3.291 1.807 1.807 0.897 0.591 2.689
R? 0.770 0.800 0.730 0.930 0.630 0.610 0.320
MSE 15.018 10.830 3.266 2.809 0.806 0.350 7.231
MAE 2.934 2.778 1.627 1.572 0.616 0.410 2.352




78 Alyaa K. Mageed et al.

M Actual ® Predicted (@)
Py
5 4
kS
Q
& 2
I:
(@)
I|| N
3 4 5 6 7 8 9 10 11 12 13 14 15
Data points
9 M Observed ™ Predicted
E 3
=
s}
(0]
K]
T
J
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Data Points
3.0
M Actual m Predicted

g 2.5
Z 20
=)
§ 1s
[
% 1.0
I<l‘
o 05 I

0'0 | P I - P

1 2 3 45 6 7 8 9 10 11 12 13 14 15
Data points

Figure 5: Dispersion plots showing the comparison

between (a) the actual and predicted C;Hg selectivity,

(b) the actual and predicted C;H, selectivity and (c) the
actual and predicted C,Hg selectivity.

vector machine algorithms need to be optimised for an
improved prediction of the C,Hyg selectivity.

Conclusion

This study has demonstrated the potential of employing
a support vector machine with fine Gaussian kernel
function for predictive modeling of CO conversion
and light olefin during CO hydrogenation reaction.
The CO conversion and the selectivity of the light
olefins show significant variation along with the data
points due to differences in the combined parameters.
The performance of the fine Gaussian kernel support
vector machine in predicting the CO conversion and the
light olefins varies across the data points. A significant
predictive ability was displayed by the support vector
machine during the prediction of CO conversion, CH,
selectivity, C,H, selectivity, and C,H, selectivity as
indicated by R* of 0.770, 0.800, 0.730, and 0.930,

respectively. Whereas less predictive performance was
obtained for the prediction of C;Hg selectivity, C,Hg
selectivity, and C;H; selectivity as indicated by R* of
0.630, 0.610, and 0.320, respectively.
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