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ABSTRACT

Dimethyl ether (DME) is a promising clean fuel and chemical intermediate, yet its synthesis from
synthesis gas remains highly sensitive to both catalyst formulation and operating conditions. In
this work, a data-driven framework is developed that combines machine learning surrogate mod-
eling with multi-objective optimization to support systematic decision-making in DME synthesis.
The novelty lies in the systematic comparison of different optimization approaches applied to an
identical machine learning surrogate model for DME synthesis, thereby highlighting their respec-
tive strengths and limitations as decision-support tools under limited-data conditions. A dataset
compiled from published literature includes catalyst compaosition, preparation methods, physico-
chemical descriptors, and operating conditions, with CO conversion and DME selectivity as per-
formance indicators. After data preprocessing, feature analysis using correlation analysis and prin-
cipal component analysis (PCA) is applied to explore dominant trends and interactions. Several
supervised machine learning models are trained and benchmarked, and the best-performing
model is selected as a surrogate for optimization. Two complementary multi-objective optimiza-
tion strategies are then applied to the same surrogate model: a fuzzy-enhanced NSGA-Il algorithm
and a constrained multi-objective Bayesian optimization approach. Gradient boosting is found to
provide the most reliable predictive performance among the tested models. Both optimization
strategies identify similar catalyst formulations as optimal, while differences emerge in the recom-
mended operating conditions. The comparative analysis highlights how different optimization par-
adigms influence compromise solutions when balancing CO conversion and DME selectivity.
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INTRODUCTION

The transition toward sustainable and flexible fuel
production pathways has intensified interest in synthesis
gas (CO/Hz) conversion processes [1]. Among the avail-
able options, dimethyl ether (DME) has attracted consid-
erable attention due to its high cetane number, clean
combustion behaviour, and compatibility with existing
fuel infrastructure. DME can be produced either via a
two-step route involving methanol synthesis followed by
dehydration or through a direct, one-step process using
bifunctional catalysts. Despite extensive experimental
efforts, achieving high CO conversion and DME selectiv-
ity simultaneously remains challenging because of the
https://doi.org/10.69997/sct.197151
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strong coupling between catalyst preparation method,
and operating conditions [2, 3].

From a process engineering perspective, DME syn-
thesis constitutes a high-dimensional and strongly non-
linear optimization problem. Reaction temperature, pres-
sure, feed composition, space velocity, and catalyst
characteristics interact in complex ways that are difficult
to capture using mechanistic models, particularly when
kinetic data are scarce or inconsistent across studies. As
a result, experimental trial-and-error approaches remain
common, but are time-consuming and resource-inten-
sive.

Machine learning (ML) techniques provide an alter-
native route by enabling the construction of surrogate
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models that directly learn input-output relationships from
experimental data [4]. When applied to catalytic systems,
ML models can capture nonlinear trends and interactions
that are not easily accessible through simplified kinetic
expressions [5, 6].

Multi-objective optimization methods are particu-
larly relevant for processes such as DME synthesis,
where improvement in CO conversion may come at the
expense of DME selectivity and vice versa. Evolutionary
algorithms such as NSGA-Il are widely used to generate
Pareto fronts representing trade-offs between compet-
ing objectives [7], while fuzzy decision-making methods
enable the selection of a single compromise solution from
these fronts. However, these approaches typically treat
surrogate model predictions as deterministic and do not
explicitly account for uncertainty [8]. Bayesian optimiza-
tion [9] offers a complementary paradigm by combining
probabilistic surrogate models with acquisition functions
that guide the search toward promising regions of the de-
sign space while quantifying uncertainty [10, 11]. Alt-
hough Bayesian optimization has been applied success-
fully in catalyst and reaction optimization, its perfor-
mance relative to evolutionary multi-objective methods in
the context of DME synthesis has not been systemati-
cally assessed.

Motivated by this gap, the present work compares
two surrogate-based multi-objective optimization strate-
gies: a fuzzy-enhanced NSGA-II algorithm and a con-
strained multi-objective Bayesian optimization approach,
applied to the same machine learning model trained on
literature data for DME synthesis. By focusing on meth-
odological comparison rather than introducing new ex-
perimental results, this study aims to clarify how different
optimization frameworks influence the identification of
optimal solution and compromise operating conditions
under limited data scenarios.

METHODOLOGY

Data Collection and Preprocessing

The dataset used in this study is compiled from pub-
lished experimental literature on DME synthesis from
synthesis gas (CO and H2 mixture). It includes operating
conditions and catalyst descriptors commonly reported
across studies, such as reaction temperature, pressure,
H2/CO feed ratio, space velocity, catalyst composition,
and preparation-related parameters. CO conversion and
DME selectivity are selected as the output variables, as
they directly reflect process performance and selectivity
toward the desired product.

Prior to model development, the dataset is screened
for outliers to reduce the influence of inconsistent or er-
roneous entries. Categorical variables describing catalyst
type and preparation method are encoded numerically.
Prior to analysis, all variables are normalized using min-
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max scaling, which linearly transforms each feature to the
range [0, 1] based on its minimum and maximum values.
This step mitigates scale differences and prevents fea-
tures with larger magnitudes from dominating the analy-
sis. Missing values are imputed using automated imputa-
tion procedures in JMP. Model training and validation are
performed using k-fold cross-validation to ensure robust
performance assessment given the limited dataset size.

To explore relationships between descriptors and
performance indicators, Spearman correlation analysis is
applied to identify monotonic trends. In parallel, principal
component analysis (PCA) is used to examine the struc-
ture of the dataset and to assess how catalyst-related
and operating condition-related variables contribute to
overall variance.

Machine Learning Surrogate Model

Several supervised ML algorithms, such as XGBoost,
Gradient Boosting, CatBoost, Random Forest, and Sup-
port Vector Regression (SVR), are trained to predict CO
conversion and DME selectivity from the input variables.
Model performance is evaluated using standard regres-
sion metrics, including the coefficient of determination
(R?) and the root mean square error (RMSE). The model
demonstrating the best balance between predictive ac-
curacy and generalization capability is selected as the
surrogate model for subsequent optimization.

Fuzzy-Enhanced NSGA-II Multi-Objective
Optimization

Multi-objective optimization is formulated with the
goal of simultaneously maximizing CO conversion and
DME selectivity. The NSGA-II evolutionary algorithm [12]
is employed to generate a set of non-dominated solu-
tions representing trade-offs between these objectives.
Since NSGA-Il is inherently a minimization algorithm, the
negative values of the predicted objectives are mini-
mized. This algorithm is implemented using the Pymoo li-
brary in Python [13].

To select a single compromise solution from the Pa-
reto front, a fuzzy logic-based decision-making approach
is applied [14]. This method integrates relative prefer-
ences between objectives into a unified metric, enabling
the identification of a solution that best balances CO con-
version and DME selectivity. The fuzzy-optimal solution
is subsequently compared with experimentally reported
data by identifying the closest real datapoint in terms of
Euclidean distance in feature space.

Multi-Objective Bayesian Optimization

A constrained multi-objective Bayesian optimization
strategy based on the ParEGO framework [15, 16] is also
applied. In this approach, the two objectives are com-
bined into a scalarized objective function using prede-
fined weights, and a Gaussian process model is trained
to approximate this scalarized response. An Expected
1909
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Figure 1. Spearman Correlation Analysis.

improvement acquisition function guides the selection of
new candidate points while respecting process con-
straints [11, 17]. After completion of the optimization loop,
the best compromise solution is identified based on the
scalarized objective values. Presenting the optimized de-
scriptors in their original physical units enables direct
comparison with both experimental data and the fuzzy-
enhanced NSGA-Il results.

RESULTS

Data Preparation and Feature Analysis

The final dataset consists of 52 datapoints with 17
input features describing catalyst formulation, prepara-
tion, and operating conditions. Initial preprocessing en-
sures consistency across studies and prepares the data
for ML analysis. After preprocessing, the data span CO
conversions between 30 and 55%, and DME selectivity in
the range of roughly 45-75%, reflecting the diversity of
catalytic systems reported in the literature.

Spearman correlation analysis (Figure 1) provides an
initial, quantitative indication of descriptor relevance.
Catalyst-related, particularly synthesis method and

Jafari et al. /| LAPSE:2026.0441

Syst Control Trans 5:1908-1915 (2026)

zeolite SiO2/Al203 ratio, show stronger monotonic corre-
lations with DME selectivity, whereas operating variables
such as space velocity exhibit higher correlation with CO
conversion. However, several expected effects, such as
the influence of temperature and pressure, are not fully
captured, highlighting the importance of nonlinear mod-
elling approaches.

PCA reveals further clarifies the structure of the da-
taset. As shown in Figure 2(a), the first four principal
components account for approximately 90% of the total
variance. The loading plot in Figure 2(b) indicates that the
first two principal components are dominated by catalyst
formulation and preparation descriptors, while PC3 and
PC4 are more strongly associated with operating condi-
tions such as reaction temperature, pressure, and space
velocity. This separation quantitatively supports the need
for modelling approaches capable of handling interac-
tions between catalyst-related and operational variables.

Surrogate Model Performance

Table 1 summarizes the predictive performance of
the evaluated ML models. The reduction in R? and in-
crease in RMSE from training to validation are attributed
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Figure 2. (a) Cumulative explained variance by PCA component, (b) PCA component loading.

to the generalization gap, indicating that models fit the
training data more closely than unseen data, with some
degree of overfitting. This effect can be reduced through
improved hyperparameter tuning, regularization, and in-
creasing dataset size.

While XGBoost and Gradient Boosting achieve simi-
larly high training accuracy (R? of 0.99 for both CO

conversion and DME selectivity), differences become ap-
parent during validation. Gradient Boosting achieves R?
of 0.83 for CO conversion and 0.89 for DME selectivity,
with RMSE values of 0.01038 and 0.01258, respectively.
In comparison, XGBoost shows lower generalization per-
formance, particularly for CO conversion (validation
R2=0.74).
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Figure 3. Comparison of the best solution and real datapoints.

Table 1: Predictive performance of the predictive models.

Training
Method Parameter R? RMSE
XGBoost Cco Conversiic?n 0.99 0.00002
DME Selectivity 0.99 0.00001
Gradient CO Conversion 0.99 0.00024
Boosting DME Selectivity 0.99 0.00029
CatBoost CO Conversion 0.97 0.00157
DME Selectivity 0.98 0.00138
Random CO Conversion 0.96 0.00236
Forest DME Selectivity 0.85 0.01000
SVR CO Conversion 0.83 0.01000
DME Selectivity 0.91 0.01071
Validation
Method Parameter R2 RMSE
XGBoost (6]0) Conver;ign 0.74 0.01668
DME Selectivity 0.82 0.01400
Gradient CO Conversion 0.83 0.01038
Boosting DME Selectivity 0.89 0.01258
CatBoost Cco Conversiic?n 0.78 0.01332
DME Selectivity 0.83 0.11604
Random CO Conversion 0.75 0.01547
Forest DME Selectivity 0.87 0.01360
SVR CO Conversion 0.66 0.02115
DME Selectivity 0.74 0.02619
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These results indicate that Gradient Boosting pro-
vides the best balance between accuracy and generali-
zation for the available dataset. Consequently, it is se-
lected as the surrogate model for subsequent multi-ob-
jective optimization. The performance gap between
training and validation metrics also reflects the limited
size and heterogeneity of the literature-derived dataset,
reinforcing importance of cautious interpretation of sur-
rogate predictions.

Fuzzy-Enhanced NSGA-II Optimization
Results

Using the Gradient Boosting surrogate, the fuzzy-
enhanced NSGA-II algorithm generates a Pareto front
representing the trade-offs between CO conversion and
DME selectivity. The fuzzy decision-making step identi-
fies a single compromise solution, which is highlighted in
Figure 3 alongside the experimentally reported data-
points. The selected fuzzy-optimal solutions correspond
to a CZ/HZSM-5 catalyst prepared via a core-shell
method, operated at a reaction temperature of approxi-
mately 261°C and a pressure of 37 bar. The surrogate
predicts a CO conversion of about 53% and a DME selec-
tivity close to 70%. As shown in Table 2, the closest ex-
perimental datapoint exhibits very similar performance
values (CO conversion close to 51% and DME selectivity
of approximately 70%), lending credibility to the opti-
mized solution.
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Figure 4. Constrained multi-objective Bayesian optimization.

Table 2: Feature comparison of the best solution and

closest real data point.

Feature

Hybrid catalysts
synthesis method
Oxide catalyst ratio
Oxide catalyst calcination
temperature (°C)

Oxide catalyst calcination
Time (h)

Zeolite SiO2/Al203ratio
surface area(m2/g)
Reduction gas concen-
tration (H2 %)
Reduction temperature
(°C)

Reduction time (h)
Reaction temperature
(°C)

Reaction pressure (bar)
Space velocity (h-1)
Catalyst amount (g)

CO conversion (%)
DME selectivity (%)

Best Fuzzy Closes.t
real point
CZ/HZSM-5
Core-shell
69:31:0
350.8 354.9
4.0 67.7
22.0
60.4 67.0
90.0 100
270 270
1.7 1.0
261 260
37 40
14181 6000
0.7 0.5
53 51
70 70

A detailed comparison in Table 2 shows that cata-
lyst formulation and preparation parameters are closely
aligned between the fuzzy-optimal solution and the
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closest real datapoint. In contrast, differences are more
pronounced in operating conditions, particularly space
velocity and reaction pressure. These deviations suggest
that the optimization framework primarily exploits opera-
tional flexibility to improve performance while remaining
consistent with experimentally validated catalyst formu-
lations.

Bayesian Optimization Results

The constrained multi-objective Bayesian optimiza-
tion results are illustrated in Figure 4, where each evalu-
ated point represents a surrogate-predicted combination
of CO conversion and DME selectivity. The best scalar-
ized solution, indicated by the red star, reflects the opti-
mal compromise according to the equal-weighted objec-
tive function.

As summarized in Table 3, Bayesian optimization
also identifies CZ/HZSM-5 catalyst prepared by a core-
shell method as optimal, confirming consistency with the
evolutionary optimization results. However, the recom-
mended operating conditions differ, with a lower reaction
temperature (240°C) and a higher space velocity. The
predicted performance at this point is close to 47% CO
conversion and 65% DME selectivity, which is lower than
the fuzzy-enhanced NSGA-II solution. The difference can
be attributed to the scalarization and uncertainty-aware
nature of Bayesian optimization, which tends to favour
conservative solutions when model uncertainty is pre-
sent. While this approach efficiently explores the design
space, it may sacrifice peak performance in favour of ro-
bustness.
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Table 3: Feature comparison of the best solution from
multi-objective Bayesian optimization.

Best Bayesian opti-

Feature . .
mized point

Hybrid catalysts CZ/HZSM-5
synthesis method Core-shell
Oxide catalyst ratio 69:31:0
Oxide catalyst calcination 360.00
temperature (°C)
Oxide catalyst calcination 4.0
Time (h) ’
Zeolite SiO2/Al203ratio 27.0
surface area(m2/g) 151
Reduction gas concentra- 24
tion (H2 %)
Reduction temperature 267
(°C)
Reduction time (h) 2.71
Reaction temperature (°C) 240
Reaction pressure (bar) 38
Space velocity (h-1) 11100
Catalyst amount (g) 0.9
CO conversion (%) 46.6
DME selectivity (%) 64.5

Comparative Assessment

A direct comparison of results in Tables 2 and 3
show that both optimization strategies converge toward
similar catalyst formulations, indicating that catalyst-re-
lated decisions are robust across optimization para-
digms. In contrast, operating conditions vary more signif-
icantly between methods, leading to differences of up to
6-7 percentage points in predicted CO conversion and
approximately 5-6 percentages points in DME selectivity.

This quantitative comparison highlights the central
contribution of the present study: different surrogate-
based multi-objective optimization strategies, when ap-
plied to the same dataset and predictive model, can lead
to distinct yet plausible optimal operating conditions.
Such differences are particularly relevant for decision-
making under limited data availability, where the choice
of optimization framework directly influences recom-
mended process conditions.

CONCLUSION

This study presents a surrogate-based multi-objec-
tive optimization framework for DME synthesis from syn-
gas that integrates ML with two distinct optimization
strategies. Gradient Boosting is identified as a reliable
surrogate model capable of capturing nonlinear relation-
ships within a limited experimental dataset. Both fuzzy-
enhanced NSGA-II and multi-objective Bayesian optimi-
zation successfully identify feasible and competitive op-
erating conditions. While the two approaches agree
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closely on catalyst formulations, they differ in their rec-
ommended operating conditions and predicted perfor-
mance levels. These differences highlight the importance
of selecting an optimization strategy that aligns with the
desired balance between exploration, exploitation, and
decision-making under uncertainty. These results
demonstrate that comparative analysis of optimization
paradigms applied to the same surrogate model and da-
taset provides valuable insight into the robustness and
limitations of data-driven decision-support tools for com-
plex catalytic processes such as DME synthesis. Future
studies will include targeted experimental validation of
the optimized conditions identified by both optimization
strategies, with particular emphasis on assessing robust-
ness under realistic process variability. Extending the
framework to include additional objectives, such as cat-
alyst stability, by-product formation, or energy effi-
ciency, would enable a more comprehensive assessment
of industrial relevance.
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