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Abstract

Internal combustion engines operating on alternative fuels face ai inherent challenge: optimizing
power output and fuel efficiency while simultaneously miinimizing exhaust emissions requires the
simultaneous management of multiple, often conflicting objectives. Although multi-criteria
decision-making (MCDM) and machine learning (ML) methods have each been applied
extensively in engine research, they are typically used in isolation, and the direct prediction of a
composite MCDM decision score from engine control parameters has not previously been
demonstrated. This study addresses that gap by proposing a hybrid TOPSIS-Stacking framework
in which a TOPSIS-based composite score, aggregating eight performance and emission indicators
into a single figure of merit, is itself treated as a continuous regression target. Experimental data
from a single-cylinder Otto-cycle engine operating across a range of ethanol-water blend ratios (0
to 50% water by volume), two compression ratios (7.44:1 and 9.44:1), and five rotational speeds
(2000 to 4000 rpm) were used. Entropy-based weighting was adopted to assign objective criterion
importance, and three regression models (RSM, XGBoost, and a stacking ensemble combining
both) were trained to predict the TOPSIS score from four engine control parameters. A 5-fold
Group Cross-Validation strategy was implemented to prevent repetition leakage between
experimental replicates and ensure conservative generalization estimates. The stacking ensemble
achieved the highest predictive accuracy (R? = 0.814, RMSE = 0.061, MAPE = 6.36%),

outperforming both individual models. Feature importance analysis identified water fraction as the



dominant predictor, followed by compression ratio, consistent with their thermodynamic influence
on NO, formation and thermal efficiency. These results demonstrate that the proposed framework
provides a reliable and computationally efficient tool for virtual engine calibration and scenario-
based performance evaluation, significantly reducing the need for exhaustive multi-criteria

experimental campaigns.

Keywords: Internal Combustion Engine, TOPSIS, Ensemble Learning, Artificial intelligence
Engine Performance Modeling, Multi-Criteria Decision Making, Artificial intelligence (Industry

innovation and infrastructure)
1. Introduction

Internal combustion engines (ICEs) remain crucial in transportation, with 99.8% of global
transport powered by ICEs as of 2020. Despite alternatives like battery electric vehicles, ICEs are
expected to dominate through 2040. Improving ICE efficiency and re¢ducing emissions is vital for
environmental impact mitigation. Advanced technologies can poteintially reduce fuel consumption
by 50% in light-duty vehicles !. Emissions from ICEs include NO,, CO, CO,, hydrocarbons, and
particulate matter 2. These emissions result from complex interactions between fuel properties and

engine parameters >.

The chemical properties of the fuel, combustion quality, and engine design parameters have a
direct impact on engine performance and emission levels 4 Therefore, improving both
performance and reducing emissions is essential to ensure engines operate efficiently while
minimizing their environmental footprint. At the same time, reducing fuel consumption is
important not only for lowering operational costs but also for decreasing dependence on fossil
fuels and mitigating environmental impact 3. Achieving this balance under real-world operating
conditions has become a critical goal in modern engineering. Especially today, with increasing
environmental pressures and the growing use of alternative fuels, integrated and data-driven

approaches are needed to meet these challenges effectively 7.

In today's world, growing environmental concerns, energy security challenges, and the finite
nature of fossil fuel resources have intensified the demand for cleaner and more sustainable
alternative fuels in ICEs. In this context, renewable fuels such as biodiesel and alcohol-based fuels

have gained significant attention 8,



Bioalcohols are an important group of renewable fuels that provide sustainable energy in ICEs.
Short-chain alcohols such as methanol, ethanol, propanol, butanol, and octanol are promising
alternatives to fossil fuels for internal combustion engines due to their high octane numbers and
clean combustion potential °>-!!. These bioalcohols can be produced from biomass through various
thermochemical and biochemical processes. When blended with gasoline, they generally improve
engine performance, increasing brake thermal efficiency and reducing emissions °'°. Isobutanol,
in particular, offers advantages over ethanol, including higher energy content and lower
hygroscopicity '2. However, each alcohol has unique properties that affect its suitability for
different engine types. For example, ethanol is more suitable for spark-ignition engines, while
octanol is better for compression-ignition engines. Recent experimental studies demonstrate that
while ethanol blends effectively reduce soot and NO, emissions, they can simultaneously increase
carbon monoxide (CO) and unburned hydrocarbon (THC) emissions depending on the combustion
mode 3. This proves that the application of ethanol in internal combustion engines creates
unavoidable trade-offs between performance and emission targets. Further research is needed to
address challenges in large-scale production, purification, and commercial viability of these

biofuels 4.

ICEs convert the chemical energy of fuels into mechanical power through controlled combustion
processes. Key performance parameters of ICEs include brake power, torque, brake thermal
efficiency (BTE), and brake specific fuel consumption (BSFC). These parameters are closely tied
to the efficiency of combustion and are influenced by both the physical properties of the fuel and

engine design characteristics.

Understanding the complex relationships among these variables is crucial for the development of
modern, environmentally friendly, and high-efficiency engine technologies. In this context, both
experimental and computational methods are employed to analyze fuel-engine interactions and to
optimize engine behavior. Recently, the integration of artificial intelligence (AI) and machine
learning (ML) techniques into combustion studies has enabled more effective multivariate
modeling, allowing for faster and more accurate predictions of engine performance under various

fuel compositions and operating conditions '3

Recent research highlights the limitations of traditional ICE modelling approaches and explores

ML techniques as promising alternatives '6. Aliramezani et al. review various ML methods for



ICE modeling, optimization, and control, proposing grey-box approaches that combine physics-
based and ML models 7. Salam et al. discuss analytical, regression, and artificial neural network
methods for engine research, recommending the integration of advanced statistical and ML
algorithms '®. Huang et al. demonstrate the effectiveness of artificial neural networks (ANN) in
modelling engine performance and emissions, accurately capturing complex relationships between
operating variables and engine responses !°. Soltanalizadeh et al. propose hybrid deep learning
approaches, combining Multilayer Perceptron (MLP), Convolutional Neural Network (CNN), and
Long Short-Term Memory (LSTM) networks to model engine emissions under both warm and
cold operating conditions, demonstrating improved predictive accuracy compared to conventional
methods. These studies emphasize the potential of ML techniques to address the complexities of
ICE modelling and optimization, offering more flexible and accurate solutions than traditional

empirical or thermodynamic approaches '°.

Recent advancements in ML have significantly improved engine modelling and analysis. ML
techniques, including artificial neural networks and deep learning, have demonstrated superior
performance in predicting engine behaviour and in-cylinder pressure 2%2!. These approaches offer
advantages over traditional methods, particularly when large experimental datasets are available
17, Hybrid models combining analytical functions with ML techniques have shown enhanced
accuracy and generalization across dynamic engine operating conditions 2°. ML applications in
engine research span various areas, including combustion analysis, emissions modelling, and fault
diagnostics 722, The intcgration of ML with physics-based models, known as grey-box
approaches, has been proposed as a promising solution for robust and high-fidelity engine
modelling and control 22, These advancements in ML-based engine analysis are accelerating
optimization processes and improving our understanding of complex in-cylinder phenomena 2!-22,
Advanced data-driven techniques are particularly valuable for interpreting these phenomena, such
as the high-frequency cylinder pressure fluctuations and knock limits associated with novel

prechamber combustion systems 23.

Furthermore, the evaluation of engine performance must not rely solely on predictive accuracy; it
should also incorporate trade-offs among multiple criteria such as power output, fuel efficiency,
and emissions. For instance, recent research has demonstrated that advanced optimization

schedulers, such as multi-objective game theory (MOGT) and genetic algorithms, can effectively



manage these complex trade-offs by simultaneously maximizing work output and minimizing NO
emissions and entropy generation in alternative dual-fuel engines ?*. Similarly, hybrid optimization
strategies integrating Design of Experiment (DoE) methodologies with evolutionary algorithms,
such as NSGA-II, have proven highly effective in accelerating the convergence toward optimal
trade-offs between performance maximization and NO, emission reduction 2. In this regard,
multi-criteria decision-making (MCDM) techniques, such as the Technique for Order Preference
by Similarity to Ideal Solution (TOPSIS), offer a systematic framework for balancing conflicting
objectives. For instance, recent research has successfully applied MCDM methods such as the
Analytic Hierarchy Process (AHP) to identify optimal injection strategies in complex tri-fuel
engine configurations by systematically evaluating the critical trade-offs between thermal
efficiency and emissions 2°. By integrating ML-based prediction with MCDM-based evaluation, a
hybrid data-driven strategy can be formulated capable of not only forecasting engine parameters
with high precision but also supporting optimal decision-making across diverse operating

scenarios 27.

Although MCDM techniques and ML models have cach individually matured within engine
research, their genuine integration, in which an ML model is trained to learn and reproduce a
composite MCDM-based decision score directly from control parameters, remains a largely
unexplored research direction. The present study is positioned to close this specific gap. Three
converging but distinct strands of recent literature illustrate this point. First, several studies apply
Al exclusively to the multi-objective prediction or optimization of raw performance and emission
targets without aggregating them into a single, learnable decision metric. For instance, Zhu et al.
28 proposed an artificial intelligence based multi-objective optimization strategy for an Otto-cycle
engine operating under ethanol/water blends, the same experimental envelope investigated in the
present work, yet their framework outputs separate optimized operating points for individual
objectives rather than a unified score that can itself be regressed from control parameters. Second,
a substantial body of work couples response-surface or Al-based surrogate models with
evolutionary optimization and subsequently applies TOPSIS only as a final selection step over a
small set of Pareto-optimal solutions. A representative example is the RSM-NSGA-III-TOPSIS
framework of Gao et al. 2 for diesel/PODE3/n-butanol blends and related plateau-environment
diesel studies, in which TOPSIS ranks fewer than a dozen candidate solutions rather than being

learned as a continuous function of the operating envelope. Third, outside the combustion engine



domain, a small number of recent studies have begun coupling stacking ensembles with TOPSIS-
based MCDM. Hannah Grace 3°, for example, applied TOPSIS together with MEREC-based
weighting to rank the performance of stacked classification models for heart-disease prediction. In
that and similar studies, however, TOPSIS evaluates competing ML models rather than serving as
the prediction target of an ML model itself. In contrast to all three of these strands, the present
study computes a single TOPSIS-based decision score across the full set of 360 experimental
alternatives and then trains a stacking ensemble combining RSM and XGBoost to directly predict
that composite score from four engine control parameters under a leakage-safe Group Cross-
Validation protocol. To the best of the authors' knowledge, this is the first demonstration that a
unified MCDM decision score for an internal combustion engine can itself be treated as a
continuous, learnable regression target, enabling virtual estimation of overall engine performance
and emission trade-offs for unseen operating conditions without re-running the full multi-criteria

evaluation.

It is important to note that the novelty of this study docs not reside in the invention of a new
algorithm, a new MCDM method, or a new engine model. Rather, it resides in a new research
formulation: demonstrating for the first time that a composite MCDM decision score, derived from
eight conflicting engine performance and emission criteria, can itself be treated as a continuous,
learnable regression target and directly predicted from engine control parameters. This formulation
transforms a one-time, data-dependent ranking exercise into a transferable predictive function, and
it has not been demonstrated in the engine domain or in any MCDM context involving a stacking

ensemble as the primary prediction instrument.
In summary, the primary novelty and contributions of this study are:

o Integrating classical TOPSIS with a stacking ensemble (RSM + XGBoost) to predict a

unified engine performance score directly from control parameters.

e Treating an MCDM decision score as a continuous, learnable regression target for the first

time in internal combustion engine optimization.

e Providing a data-driven virtual calibration tool that significantly reduces the reliance on

exhaustive multi-criteria experimental evaluations for unseen operating conditions.

2. Materials and methods



2.1.Data Set

The dataset used in this study was obtained from an experimental investigation conducted by
Torres et al. 3!. It contains engine performance and emission data collected from a single-cylinder
Otto cycle internal combustion engine operating under various conditions, including different
ethanol/water blend ratios (from 0% to 50% water by volume) and two compression ratios (7.44:1
and 9.44:1). The experiments were performed at five engine speeds ranging from 2000 to 4000

rpm, and each operating condition was repeated six times, resulting in a total of 360 data points.

The dataset is publicly available through the Mendeley Data repository, DOI
10.17632/yvb7khhbrj.1, published 23 January 2024, under a Creative Commons Attribution 4.0
license, with Darlan Jorge Gil Torres, André de Souza Mendes, and Cyro Albuquerque listed as
the original data contributors and owners 3!. The present authors hold no ownership claim over the
raw experimental data and used it strictly as a secondary, openly licensed data source for the
development and validation of the proposed TOPSIS based decision support and machine learning
framework. All original measurements were collected independently of, and prior to, the present
study, and proper attribution to the original data source is maintained throughout this manuscript

via citation 3!, in accordance with the terms of the license.

The dataset includes both directly measured and computed engine parameters. The complete list

of features used in this study 1s as follows:

e Performance meirics: Torque (Nm), Power (kW), Specific Fuel Consumption (g/kWh),
Efficiency (%)

e Thermal parameters: Fuel Temperature (°C), Exhaust Temperature (°C), Oil Temperature
°O)

e Emissions: CO (%), CO2 (%), Oz (%), HC (ppm), NOy (ppm)

e [Experimental setup: Water fraction (0—0.5), Rotational speed (rpm), Compression ratio,

Ignition advance angle (BTDC)

The descriptive statistics of the main engine performance and emission parameters are presented
in Table 1. As observed, the mean power output is approximately 3.38 kW with a standard
deviation of 0.97 kW, while torque averages at 10.72 Nm. The wide standard deviation observed

in specific fuel consumption (302.44 g/kWh) indicates substantial variability across different



engine operating conditions and water blending ratios. Likewise, NOy emissions exhibit a large
range, with values spanning from 0 to 2733.2 ppm, reflecting the sensitivity of NOy formation to
combustion temperature and oxygen availability. The relatively high standard deviation in
hydrocarbon emissions (HC) also suggests unstable combustion events under certain conditions.
These values provide a preliminary understanding of the variability and central tendencies of the
dataset and support subsequent modelling and decision-making processes based on this
experimental data.

Table 1. Descriptive statistics of the main engine performance and emission parameters under
varying ethanol water blend ratios and compression ratios.

Parameter Mean Std. Dev. | Min Max Outlier Count
Power (kW) 3.38 0.97 1.76 5.09 0
Torque (Nm) 10.72 1.34 5.70 13.47 11
Fuel Consumption (g/s) 0.55 0.23 0.21 1.12 1
BSFC (g/kWh) 614.83 302.44 265.00 1687.00 11
Efficiency (%) 40.03 5.52 21.31 47.71 5
CO (%) 0.60 0.13 0.16  10.98 1
CO2 (%) 10.04 1.40 7.30 1_12.60 0
02 (%) 14.93 1.39 12.20 18.00 0
HC (ppm) 288.78 429.03 [ 8.00 1520.00 10
NO, (ppm) 580.01 689.21 ~ 10.00 2733.20 11

The distribution of outliers detected in each parameter using the Z-score method (|Z-score| > 3)
indicates that specific fuel consumption, torque, and NO, exhibit the highest number of extreme
values, each with 11 outliers, reflecting their high variability and sensitivity to experimental
conditions. The HC and efficiency parameters follow with 10 and 5 outliers, respectively,
suggesting a notable influence on the overall evaluation, while the remaining variables show
negligible or no outlier presence, indicating more stable statistical behaviour. Importantly, these
outliers particularly in emission-related parameters such as NO, and HC were deliberately retained
in the dataset. In internal combustion engine research, such extreme values generally correspond
to physically meaningful operating conditions rather than measurement errors, and their exclusion
would limit the model’s ability to represent the full operational envelope of the engine.
Consequently, accounting for outlier behaviour is essential when selecting weighting strategies in
multi-criteria decision-making analyses, as it can substantially influence correlation structures,

statistical dispersion, and the robustness of the resulting decision scores.



Table 2. Comparison of predictive performance (R?) using StandardScaler versus RobustScaler on
outlier-prone parameters.

Target Parameter | StandardScaler (R?) | RobustScaler (R?) | Difference
NOy 0.7783 0.7784 +0.0001
HC 0.6946 0.6948 +0.0002
CO 0.1381 0.1383 +0.0002

In the context of the modelling strategy, the effect of outliers on prediction accuracy was
investigated by comparing StandardScaler (mean-variance based) and RobustScaler (median-
quartile based). The comparative performance results obtained from this analysis are summarized
in Table 2. As can be seen from the table, the choice of scaling method yielded negligible
differences in predictive performance (identical R? values). Furthermore, tree-based ensemble
models like XGBoost are inherently robust to outliers as they rely on hierarchical splitting rather
than distance metrics. Therefore, standard scaling was retained to preserve the original magnitude

information.

Figure 1 presents the frequency distributions and kernel density estimations (KDE) for all
experimental parameters measured in this study. The control parameters (water fraction, rotational
speed, compression ratio, and ignition advarnce angle) exhibit distinct distribution patterns: water
fraction and rotational speed show uniform distributions indicating balanced experimental design,
compression ratio displays a bimodal distribution with two distinct levels (7.5 and 9.4), while
ignition advance angle tollows a unimodal distribution centered around 35-40 degrees. The
measured parameters demonstrate varied distributions reflecting the complex engine response
characteristics. Fuel and oil temperatures maintain relatively narrow ranges (30-37°C and 75-

150°C respectively), confirming stable operating conditions.
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Figure 1. Frequency distribution plots of selected experimental parameters.

Performance parameters (power, torque, efficiency) and emission parameters (CO, CO2, NOy, HC)
show characteristic distributions with HC emissions notably exhibiting a highly skewed
distribution with most values concentrated below 500 ppm but extending to 2000 ppm in extreme
cases. The specific fuel consumption shows a right-skewed distribution centered around 400-600
g/kWh. These distribution patterns validate the comprehensive coverage of the experimental
design space and highlight the presence of genuine operational extremes rather than measurement
errors, which were deliberately retained to capture the full operational envelope of the engine under

various ethanol-water blend conditions.
2.2.Multi-Criteria Decision Making (TOPSIS)

To evaluate the engine's operating performance under conflicting objectives, the TOPSIS method
was employed. Addressing the necessity for scale invariance, this study strictly utilizes Vector
Normalization to transform different scales and units into a comparable dimensionless
environment. This step is crucial to prevent parameters with large magnitudes (e.g., NOy) from

dominating those with smaller values (e.g., efficiency).

The criteria direction is critical for constructing the decision matrix. Performance metrics such as
power and torque are treated as benefit-type criteria and are therefore maximized, whereas fuel
consumption and emissioi-related indicators are considered cost-type criteria and are minimized.

The classification of all criteria is presented in Table 3.

Table 3. Classification of engine parameters as Benefit or Cost criteria

Parameter Unit Type Goal

Power kW Benefit Maximize (1)
Torque Nm Benefit Maximize (1)
Efficiency % Benefit Maximize (1)
Specific Fuel Cons. (SFC) g/kWh Cost Minimize (])
CO Emission % vol Cost Minimize (])
CO, Emission % vol Cost Minimize (])
NO, Emission ppm Cost Minimize ()
HC Emission ppm Cost Minimize ()

The TOPSIS procedure follows five standard steps: vector normalization of the decision matrix,

multiplication by entropy-derived criterion weights, identification of positive and negative ideal



solutions, computation of Euclidean separation measures, and calculation of the relative closeness

coefficient for each alternative. The full mathematical formulation is provided in Appendix A.
2.3.Determination of Criteria Weights and Correlation-Based Method Selection

MCDM processes, the assignment of appropriate weights to evaluation parameters plays a crucial
role in ensuring the objectivity and accuracy of the final ranking. This section outlines the
application of three objective weighting methods, Standard Deviation, Entropy, and CRITIC for
determining the relative importance of performance and emission-related parameters. Each method
leverages different statistical or information-theoretic principles to quantify parameter significance
without relying on expert judgment. Additionally, a correlation matrix is computed to assess the
interrelationships among variables, and the average correlation coefficient is used to guide the
selection of the most suitable weighting strategy. This integrated approach enhances the reliability

of the evaluation framework by aligning methodological choice with data structure characteristics.

In the standard deviation method, the variability of each criterion is interpreted as a measure of its
discriminative capability, such that criteria with higher dispersion exert greater influence in the
decision-making process. The entropy method, on the other hand, evaluates the degree of
uncertainty associated with each parameter and assigns higher weights to criteria exhibiting more
informative and diverse data distributions. Building upon these principles, the CRITIC method
simultaneously accounts for both the intrinsic variability of the criteria and the level of conflict
among them by reducirg the influence of highly correlated parameters to mitigate redundancy. To
support the selection of an appropriate weighting strategy, inter-parameter correlations were
examined, and the overall correlation structure was used as a guiding indicator, favouring entropy-
based weighting under low to moderate dependency conditions and CRITIC-based weighting
when strong interdependencies were observed.

Table 4. Comparison of parameter importance values calculated by Standard Deviation, Entropy,
and CRITIC methods.

Parameter Std Deviation (%) Entropy (%) CRITIC (%)
Power 0.07 2.59 0.07

Torque 0.09 0.53 0.13
Efficiency 0.39 0.61 0.39

Specific fuel consumption 21.15 6.42 26.83

CO 0.01 1.42 0.00

CO, 0.10 0.60 0.09




NO4 48.20 38.66 40.41
HC 30.00 49.17 32.07

The results presented in Table 4 provide a comparative overview of parameter weight distributions
obtained using three objective weighting methods. Across all approaches, NO, and HC emerge as
the most influential criteria, indicating their strong variability and high informational contribution
to the dataset. The entropy-based weighting approach assigns the greatest importance to HC,
whereas the CRITIC method emphasizes both NO, and brake specific fuel consumption as
dominant parameters. These variations illustrate how each weighting strategy captures different
characteristics of the data by prioritizing information content, statistical dispersion, or inter-
criterion independence. The consistent prominence of specific parameters across all methods

further confirms their critical role in multi-criteria evaluation frameworks such as TOPSIS.

TOPSIS Weight Comparison
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Figure 2. Parameter importance values computed using three different objective weighting
methods: Standard Deviation, Entropy, and CRITIC.

The bar chart in Figure 2 presents a comparative analysis of the weights assigned to eight
performance and emission parameters using Standard Deviation, Entropy, and CRITIC methods.
It is evident that NO and HC are consistently identified as the most influential parameters across
all three methods, reflecting their substantial variability and contribution to decision-making.
While the Standard Deviation method emphasizes the influence of BSFC and NO,, the Entropy

method assigns the highest weight to HC, indicating a high degree of information content in its



distribution. The CRITIC method, which accounts for both variability and inter-parameter
correlation, offers a more balanced weight distribution, particularly elevating the role of BSFC.
These differences highlight the methodological sensitivity of each approach and underline the
importance of aligning weighting strategies with the underlying data structure in multi-criteria

evaluations.

Figure 3 visualizes the Pearson correlation coefficients calculated between eight key performance
and emission parameters. The results reveal strong positive correlations, particularly between
power and CO, (r = 0.93), torque and BSFC (» = 0.82), and torque and efficiency (r = 0.80),
indicating that these variables tend to increase together under similar conditions. In contrast,
parameters such as co exhibit generally weak correlations with others, suggesting more
independent behaviour. These variations in interdependence underscore the relevance of
correlation-based weighting techniques such as the CRITIC method in multi-criteria analysis, as

they account for redundancy and potential overlap in the decision-making framework.
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Figure 3. Heatmap illustrating the Pearson correlation coefficients among selected performance

and emission parameters.

The average absolute correlation was computed using Equation A.6 in Appendix A, yielding

41.20%.

Based on this result, the Entropy method was recommended for assigning criteria weights, as it
performs best under low-correlation conditions by prioritizing parameters with higher information
entropy and minimal redundancy. This data-driven selection enhances the objectivity and
appropriateness of the weighting strategy employed in the subsequent TOPSIS analysis. This
selection criterion is grounded in the underlying mechanics of the two methods. The CRITIC
method, originally proposed by Diakoulaki et al. 32, extends pure variance-based weighting by
explicitly penalizing criteria that are strongly correlated with others, on the rationale that highly
correlated criteria carry redundant information and should not be allowed to dominate the
aggregate score through repeated emphasis. This correction mechanism delivers its greatest benefit
precisely when inter-criteria correlations are strong and pervasive, commonly considered to begin
around an absolute correlation coefficient of 0.7 to 0.8 33. In the present dataset, the average
absolute correlation of 41.20% falls short of this threshold, even under conservative conventions
for classifying correlation magnitude such as Cohen's medium effect benchmark of approximately
0.30 34, indicating that while some pairwise relationships are present, for example between power
and CO,, or torque and BSFC, they do not represent the pervasive redundancy that CRITIC's
correlation correction term is designed to address. Under such conditions, CRITIC's weighting
tends to converge toward that of the variance based methods, while introducing additional
estimation variance through the correlation matrix itself, particularly given the documented
presence of outliers in NO,, HC, and BSFC discussed in Section 2.1. The entropy method, by
contrast, requires no explicit correlation correction and instead directly rewards criteria with high
information content and dispersion across alternatives 33, which is consistent with the moderate to
low correlation structure observed here. This reasoning supports its selection over CRITIC for the

present dataset.

The entropy weighting procedure evaluates information uncertainty in each parameter through
column normalization, entropy computation, utility calculation, and weight normalization. The

formulation is provided in Appendix A.



The results of the analysis are summarized in Table. This dual representation allows for both

numerical precision and graphical interpretation of the parameter importance values.
2.4.Evaluation of TOPSIS Results and Correlation Analysis

The outcomes of the TOPSIS analysis, conducted across a total of 360 distinct experimental
alternatives, are presented in Table 5, which displays the top five ranked results. To enhance
physical interpretability in real-world contexts, the parameters for these ranked alternatives are
presented in their original units rather than normalized values. This approach enables a more
comprehensive understanding of how specific engine operating conditions influence the final
decision rankings. The TOPSIS analysis results for the total of 360 alternatives show that the
highest-ranked alternative achieves a score of 0.97104, highlighting a superior balance between
performance and emissions. The decreasing trend in scores among the top-ranked results reflects
the diminishing optimality of subsequent alternatives. Here, an ‘aliernative’ represents a unique
engine operating condition evaluated within the TOPSIS frainework, and all reported parameter
values are presented in their original physical units (KW, Nm, ppm, etc.) to ensure consistency
with the descriptive statistics in Table 1. All 360 e¢xperimental data points were treated as
individual alternatives in the TOPSIS decision matrix.

Table 5 Performance and emission parameters, TOPSIS scores, and final rankings of the top 5
alternatives.

Rank | TOPSIS Score __{ Power | Torque | Efficiency | Bsfc CO | CO, |NO, | HC
1 0.97104 2.07 9.9 40.01 486.10 10.49 |84 124 |23
2 0.97095 2.03 9.7 37.85 51390 10.50 |84 121 | 24
3 0.97066 2.09 10.0 37.72 51570 10.50 |83 125 |21
4 0.97042 2.09 10.0 40.42 481.30 | 0.56 |83 125 |27
5 0.97031 2.07 9.9 37.34 52090 [0.53 |84 123 |26
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Figure 4. Correlation heatmap of performance and emission parameters with TOPSIS Score and
Rank.

In addition to the ranking results, a correiation heatmap was generated to examine the relationships

between the input variables and the TOPSIS outcome. The visual representation is shown in Figure
4.

The figure visualizes pairwise correlations among the decision variables, highlighting strong
associations such as between NOx and TOPSIS Score (= 0.97), and their inverse relationship with
the final ranking (» = —0.88). The heatmap reveals that NOx is the most influential parameter in
determining the final TOPSIS scores, aligning with its highest Entropy weight. In contrast,
variables such as efficiency and CO exhibit weak correlations with the TOPSIS score, suggesting

minimal influence under the applied weighting strategy.

These patterns reinforce the effectiveness of the Entropy-based weight assignment, which
emphasizes parameters with high information variance and low redundancy. By combining score
comparison and correlation analysis, this section substantiates the objectivity and consistency of

the decision-making process applied in this study.



2.5.Machine Learning-Based Prediction of Classical TOPSIS Scores

In this study, three distinct regression models were implemented to predict the relative scores
obtained from the classical TOPSIS method: the Response Surface Methodology (RSM), the tree-
based gradient boosting algorithm (XGBoost), and a hybrid Stacking Ensemble model that

combines the two. This predictive modelling

aimed to evaluate whether the final TOPSIS-based decision scores could be reliably approximated

using the original technical and emission parameters.

This choice of prediction target, the aggregated TOPSIS score itself rather than the eight individual
performance and emission parameters, reflects a deliberate methodological decision with both
statistical and practical motivations, and is conceptually aligned with the predict-then-optimize
literature in operations research and machine learning 3. An alternative two-stage strategy would
be to train eight separate regression models, one for each performaice and emission parameter,
and subsequently compute the TOPSIS score from these predicted values. However, because the
TOPSIS procedure itself functions as a decision rule that maps the eight criteria onto a single
ranking, this two-stage strategy mirrors the classical predict-then-optimize pipeline, in which a
model is trained to minimize prediction error on intermediate parameters without accounting for
how those errors propagate through the downstream decision step. Because the TOPSIS procedure
involves normalization, weighting, and Euclidean distance based ranking across all criteria
simultaneously, prediction errors from each of the eight independent models would propagate and
interact nonlinearly through these steps, compounding into a final decision score with substantially
greater and harder to quantify uncertainty than the individual model errors alone. Directly
regressing the TOPSIS score avoids this error compounding cascade, consistent with the rationale
that motivates decision-focused or end-to-end learning over indirect, two-stage approaches in other
prediction-and-decision settings 3. From a practical standpoint, a unified score offers direct
operational value for engine calibration. Rather than requiring engineers to simultaneously weigh
multiple, often conflicting trade-offs, such as higher power against higher NOy, or lower BSFC
against higher HC, for every candidate operating condition, the predicted TOPSIS score condenses
these trade-offs into a single, physically interpretable figure of merit that can be used for rapid

virtual screening of the operating envelope, design space exploration, or, as discussed in Section



7, onboard estimation of overall engine performance where the eight underlying quantities cannot

all be measured simultaneously.
2.5.1. Machine Learning Framework

To ensure the reliability of the predictive models and prevent data leakage, a rigorous validation
strategy was implemented. The machine learning models were designed to predict the TOPSIS
score (output variable, y) from four engine control parameters: water fraction, rotational speed,
compression ratio, and ignition advance angle (input features, X). Importantly, the TOPSIS score
itself is calculated from eight performance and emission metrics (power, torque, efficiency,
specific fuel consumption, CO, CO., NO, and HC), which are not used as model inputs but rather

aggregated into the single target variable through the TOPSIS methodology.

The dataset consists of 6 repetitions for each experimental condition. A standard random split
could result in 'repetition leakage,' where different repetitions of the same condition appear in both
training and test sets, leading to artificially inflated performance mietrics. To address this, a 5-Fold
Group Cross-Validation (GroupKFold) strategy was adopted. The data points were grouped based
on unique combinations of operational parameters (water fraction, speed, compression ratio,
ignition timing). This ensures that all repetitions of a specific condition are kept strictly within the
same fold (either training or validation), assessing the model's ability to generalize to unseen
operating conditions. Furthermore, for the Stacking Ensemble model, Out-of-Fold (OOF)
predictions were generated. The meta-learner was trained using these OOF outputs from the base
learners, ensuring that the input to the second-level model was not seen during the initial training

phase.
2.5.2. Modelling Approaches

The first model was based on Response Surface Methodology (RSM), which utilizes second-order
polynomial terms in a multivariate regression setting. The second model employed the XGBoost
algorithm, a gradient boosting approach optimized for computational efficiency and prediction
accuracy. Finally, both RSM and XGBoost were combined in a Stacking Ensemble architecture,
with a linear regressor serving as the meta-learner. Early stopping was not applied in the XGBoost
training procedure, since the model evaluation was performed under a strict 5-fold GroupKFold

cross-validation protocol.
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Figure 5. Workflow of tiie machine learning models used to predict classical TOPSIS scores,

including data preparation, model training, and performance evaluation.

The hyperparameters were selected using a manual heuristic tuning strategy based on stable
generalization performance under GroupKFold validation, rather than an exhaustive grid search or
Bayesian optimization. Each model’s prediction performance was evaluated using four standard
metrics: coefficient of determination (R?), mean squared error (MSE), root mean squared error
(RMSE), and mean absolute error (MAE). These metrics were used to assess and compare model
accuracy under consistent conditions. A schematic representation of the entire machine learning
pipeline is illustrated in Figure 5, which includes preprocessing, input/target structure, model

configurations, and performance evaluation stages.



This structured pipeline, as illustrated in Figure 5, ensures that the classical TOPSIS decision
scores can be effectively modelled through various regression techniques. By systematically
organizing the preprocessing steps, feature-target selection, training setup, and model-specific
configurations, the workflow supports reproducibility, transparency, and robust performance
evaluation. Such a framework facilitates not only the interpretability of prediction outcomes but
also provides a solid foundation for comparative analysis of model efficiency in multicriteria
decision-making contexts. The detailed configuration parameters and hyperparameter settings for

the implemented RSM, XGBoost, and Stacking models are provided in Table 6.

Table 6 Configuration and hyperparameters of the implemented regression models.

g?lflf)lonen ¢ Is)::t?:;eter / Value / Description
Pszgmcessing Train/Test Split  80% Training / 20% Testing
Cross-Validation  5-fold Group Cross-Validation strategy
Input Features (4) ch?\t; CF;X;E{; Rotational Speed, Compression Ratio, Ignition
Model 1: RSM Method Response Surface Methodology (Ridge Regression)
Polynomial Degree 2 (Second-order terms with interactions)
Regularization Ridge (L2) Alpha: 1.0
1)\(48%‘3% ¢ 2 Algorithm Tree-based Gradient Boosting
Hyperparameters n_estimators: 300, Learning Rate: 0.05, Max Depth: 6
Regularization Subsample: 0.8, Colsample bytree: 0.8
Random Seed 42
Model 3: Stacking Architecture Heterogeneous Ensemble

Base Learners RSM (Polynomial), XGBoost
Meta-Learner Ridge Linear Regressor (L2 regularized, Alpha: 1.0)

All model training and validation procedures were performed on a workstation equipped with an
Intel Xeon W7-2495X CPU, 128 GB DDR5 RAM, 2x NVIDIA RTX A5500 GPUs (24 GB each;
total 48 GB VRAM), and a 2 TB NVMe SSD, running Windows 11 Professional.

2.6.Sensitivity Analysis and Robustness Check



To address the concern that the Entropy method’s assignment of high weights to specific
parameters (specifically HC at 49.17% and NO, at 38.66%) might bias the decision-making
process towards a "single-criteria" optimization, a comprehensive robustness check was
conducted. The TOPSIS rankings were re-calculated using three alternative objective weighting
strategies: CRITIC (Criteria Importance Through Inter-criteria Correlation), Standard Deviation
(SD), and Equal Weighting. First, the weight distributions were analyzed to highlight the
methodological differences. As shown in Figure 6, the Entropy method exhibits a highly skewed
distribution driven by data variance, whereas the Equal Weighting method assigns a constant
importance (12.5%) to all eight parameters. The CRITIC method, which accounts for contrast and
conflict, assigns a more moderate weight distribution, notably increasing the importance of

Specific Fuel Consumption compared to Entropy.
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Figure 6. Comparison of parameter importance weights derived from Entropy, CRITIC, Standard
Deviation, and Equal Weighting methods.

Despite these significant variations in weight assignments, the core objective is to determine if the
identification of the optimal engine operating conditions remains stable. To quantify the similarity
between the rankings produced by the proposed Entropy method and the alternative scenarios,
Spearman’s rank correlation coefficients were calculated. The resulting correlation matrix is

presented in Figure 7.



The analysis reveals a strong positive correlation between the Entropy-based rankings and those
obtained from other methods. Specifically, the correlation coefficient between the Entropy method
and the CRITIC method is 0.97, indicating that accounting for inter-parameter conflicts yields
nearly identical decision outcomes.
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Figure 7. Spearman rank correlation heatmap iliustrating the high degree of consistency between
rankings obtained from Entropy, CRITIC, SD, and Equal Weighting methods.

Most importantly, the correlation between the Entropy method and the Equal Weighting method
15 0.91. This is a critical finding; it demonstrates that even when the dominance of HC and NOy is
completely removed (by assigning equal weights to all criteria), the ranking of the alternatives
remains 91% consistent. This empirical evidence refutes the hypothesis that the proposed
framework relies solely on emission parameters. Instead, it confirms that the top-ranked
alternatives represent "global optima" within the experimental design space, satisfying both

performance and emission trade-offs regardless of the specific weighting logic applied.



Sensitivity Analysis: Effect of 'HC' Weight on Top Alternative Rank
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Figure 8. Sensitivity analysis showing the rank stability of the top alternative under varying
weights of the dominant HC parameter.

Finally, a single-parameter sensitivity analysis was performed on the most dominant criterion (HC)
to observe rank stability. As illustrated in Figure 8, the top-ranked alternative maintains its leading
position (Rank 1-5) even when the weight of HC varies significantly around its original value.
However, as expected, if the weight of HC is reduced towards zero, the ranking of the
environmentally optimal alternative drops, which confirms that HC is indeed a distinguishing

factor for sustainability but does not invalidate the multi-criteria nature of the solution.
3. Results

In this study, the predictive capabilities of three distinct regression approaches (RSM, XGBoost,
and Stacking Ensemble) were evaluated for predicting the single TOPSIS decision score, which
aggregates eight performance and emission indicators. To ensure the reliability of the validation
process and prevent data leakage between experimental repetitions, a 5-Fold Group Cross-
Validation strategy was implemented. The comprehensive performance metrics obtained from this

analysis are summarized in Table 7.

The comparative performance of the RSM, XGBoost, and Stacking Ensemble models is
summarized quantitatively in Table 7 and visually illustrated in Figure 9(a—d). Figure 9(a) shows

the coefficient of determination (R?) values obtained using 5-fold Group Cross-Validation, while



Figures 9(b), 9(c), and 9(d) present the corresponding RMSE, MAE, and MAPE metrics,

respectively.

Table 7 Performance metrics (R? and RMSE) of RSM, XGBoost, and Stacking models obtained
using 5-Fold Group Cross-Validation.

Model R? RMSE MAE MAPE

RSM 0.774334 0.067627 0.050688 7.124762
XGBoost 0.780295 0.066728 0.046091 6.542203
Stacking Ensemble 0.814314 0.061345 0.044456 6.359036

Overall, the stacking ensemble achieved the best performance for predicting the TOPSIS score
among the compared models; however, we report this conclusion strictly based on the aggregated
evaluation metrics in Table 7. As shown in Figure 9(a), the RSM model achieved an R?value of
0.7743, indicating a moderate predictive capability. However, this performance is accompanied

by comparatively higher prediction errors, as evidenced by the RIMSE (0.0676), MAE (0.0507),
and MAPE (7.12%) values illustrated in Figures 9(b—d).
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Figure 9. Model performance metrics from 5-fold cross-validation: (a) R?, (b) RMSE, (c) MAE,
(d) MAPE for RSM, XGRBoost, and Stacking Ensemble.

These results suggest that the polynomial-based RSM approach is limited in capturing the complex
nonlinear relationships governing the TOPSIS score. The XGBoost model demonstrates an
improvement over RSM across all performance indicators. As observed in Figure 10(a), the R?
value increases to 0.7803, while the corresponding error metrics decrease to RMSE = 0.0667,
MAE = 0.0461, and MAPE = 6.54% (Figures 10(b—d)). This improvement reflects the ability of
gradient boosting algorithms to model nonlinear interactions and variable dependencies more
effectively. The proposed Stacking Ensemble model consistently outperforms both individual
models, as clearly illustrated in Figure 10. It achieves the highest R?value of 0.8143 (Figure 10(a))
and the lowest error metrics, with RMSE = 0.0613, MAE = 0.0445, and MAPE = 6.36% (Figures
10(b—d)). The simultaneous improvement in goodness-of-fit and error reduction indicates that the

stacking strategy successfully integrates the complementary strengths of RSM and XGBoost,



leading to enhanced generalization performance. Overall, the visual trends observed in Figure 10
corroborate the numerical results reported in Table 8 and confirm the robustness of the Stacking
Ensemble model under group-based cross-validation conditions.
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Figure 10. Actual versus predicted TOPSIS scores for (a) RSM, (b) XGBoost, and (c) Stacking
Ensemble models.

Figure 10 illustrates the relationship between the experimentaily obtained TOPSIS scores and the
model-predicted values for the RSM, XGBoost, and Stacking Ensemble models. As observed in
Figure 10(a), the RSM model exhibits noticeable dispersion around the ideal diagonal line,

indicating limited predictive accuracy, particularly at lower TOPSIS score ranges.

The XGBoost model (Figure 10(b)) demonstrates an improved alignment with the diagonal,
reflecting enhanced predictive capability compared to RSM, although some deviations remain. In
contrast, the Stacking Ensemble model (Figure 10(c)) shows the closest clustering of data points
around the ideal line, confirming its superior prediction accuracy and consistency. These visual

observations are consistent with the quantitative performance metrics reported in Table 7.

The compression ratio is identified as the second most significant factor (0.262), followed by the
ignition advance angle (0.167). In contrast, rotational speed exhibits a comparatively minor
contribution, with the lowest importance score (0.045). These results suggest that fuel composition
and combustion-related parameters have a stronger impact on the overall TOPSIS-based

performance evaluation than operating speed under the investigated conditions.

Figure 11 presents a comprehensive residual diagnostic analysis for the Stacking Ensemble model,

serving to validate the underlying regression assumptions and overall model reliability.
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Figure 11. Residual diagnostics for the Stacking Ensemble model: (a) residuals vs predicted values,
(b) Q-Q plot, (¢) residual distribution with normal curve overlay, and (d) residuals vs input features
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showing model adequacy and assumption validation.

The plot of residuals against predicted values demonstrates a largely homoscedastic pattern, with
residuals evenly distributed around the zero-reference line across the full prediction range from
0.5 to 1.0, although a limited number of extreme points exhibit residual magnitudes exceedingly
plus or minus 0.2. The quantile—quantile analysis further confirms the approximate normality of
the residual distribution, as most data points closely follow the theoretical diagonal reference line,
with only minor deviations observed at the distribution tails, suggesting slightly heavier tail
behaviour than that of a perfect normal distribution. The residual distribution histogram (Figure

11c) exhibits a near-perfect normal shape with mean ¢=0.001 and standard deviation 6=0.061,

(b) Q-Q Plot
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confirming unbiased predictions and consistency with the reported RMSE of 0.0613.



The residuals versus input features plot (Figure 11d) reveals no systematic patterns across water
fraction, rotational speed, compression ratio, or ignition advance angle, with uniform scatter
indicating the model captures the relationships without systematic bias. Overall, this residual
analysis validates the fundamental regression assumptions of linearity, independence,
homoscedasticity, and normality, supporting the reliability of the Stacking Ensemble model's R?
value of 0.814 and confirming its robustness for TOPSIS score prediction in engine performance

evaluation applications.

Figure 12 presents the distribution characteristics of TOPSIS scores across the experimental

dataset and their variation with rotational speed.
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Figure 12. Distribution of TOPSIS scores: (a) Overall frequency histogram with statistical
markers, (b) Score variation by rotational speed showing median consistency but varying
dispersion.

The histogram in Figure 12(a) reveals a bimodal distribution with a distinct gap around 0.75-0.80,
where the lower mode (centered around 0.60-0.65) represents suboptimal operating conditions
while the upper mode (0.85-0.95) indicates superior performance configurations. The mean
TOPSIS score of 0.805 and median of 0.852 suggest a slight negative skew, with more data points

concentrated in the higher performance region.

This bimodal pattern indicates that the engine operating conditions naturally segregate into two
distinct performance clusters rather than forming a continuous spectrum. Figure 12(b)
demonstrates the impact of rotational speed on TOPSIS score variability through boxplots,
showing relatively consistent median values across all speed ranges (2000-4000 rpm) but with

notable differences in dispersion. The 2000 rpm condition exhibits the widest interquartile range,



suggesting greater sensitivity to other operating parameters at lower speeds, while higher speeds
(3500-4000 rpm) show more compressed distributions with fewer outliers. The presence of
outliers, particularly at 2500 and 3000 rpm, corresponds to specific combinations of water fraction
and ignition timing that produce exceptionally poor or exceptional performance, confirming the
complex interaction effects between operational parameters in determining overall engine

performance.
4. Discussion

Although the prediction of classical TOPSIS scores through machine learning (ML) has recently
attracted attention, the integration of regression-based models with Multi-Criteria Decision-
Making (MCDM) techniques in technical fields such as engine performance and emission
evaluation remains largely underexplored. This study introduces a novel hybrid framework that
combines Response Surface Methodology (RSM) and XGBoost within a stacking ensemble
architecture to predict classical TOPSIS scores derived from real-world engine performance and
emission data. To the best of our knowledge, this represents the first implementation of such a
hybrid stacking model in the context of engine-focused classical decision-making, offering a data-

driven alternative to conventional MCDM-based evaluation.

4.1.Comparison with Existing ML-MCDM Hybrid Approaches and Methodological

Positioning

Existing studies that combine ML and MCDM methods in engineering contexts can be grouped
into three broad categories, each of which differs fundamentally from the approach proposed in
this study. The first category comprises studies that apply ML or Al exclusively to the prediction
or optimization of individual, directly measurable engine performance and emission parameters
without constructing a unified decision metric. Zhu et al. 28, working on the same Otto-cycle
ethanol/water experimental dataset used in the present study, developed an Al-based multi-
objective optimization strategy that outputs separate optimized operating points for each individual
objective rather than a single composite score. While this approach achieves high predictive
accuracy for individual parameters, it transfers the multi-criteria reconciliation burden back to the
engineer, who must manually weigh competing outputs for each candidate operating condition.
The second category encompasses studies that couple response-surface or surrogate models with

evolutionary optimization algorithms and subsequently apply TOPSIS or another MCDM method



only as a post-hoc selection step over a small set of Pareto-optimal solutions. The RSM-NSGA-
III-TOPSIS framework of Gao et al. ° is representative of this category: TOPSIS is applied to rank
fewer than a dozen candidate solutions identified by the optimizer rather than being used as a
continuous, learnable function across the full operating envelope. In such frameworks, TOPSIS
serves as a selection filter rather than a prediction target, meaning the composite decision logic
cannot be queried for arbitrary, unseen operating conditions without re-running the full
evolutionary optimization. The third category includes studies outside the combustion engine
domain that couple stacking ensembles with TOPSIS-based evaluation, such as Hannah et al. 3,
who applied TOPSIS with MEREC-based weighting to rank competing classification models in a
healthcare context. In these studies, TOPSIS evaluates the quality of ML models rather than engine

operating conditions, and the composite score is never treated as a regression target.

The present study departs from all three categories in a single, defining methodological step: the
composite TOPSIS score, computed across the full set of 360 experimental alternatives using
entropy-weighted criteria, is itself treated as a continuous regression target and directly learned by
a stacking ensemble combining RSM and XGBoost. This formulation transforms the MCDM
evaluation from a one-time, data-dependent ranking cxercise into a transferable predictive function
that can estimate overall engine performance for any unseen combination of the four control
parameters without re-running the multi-criteria analysis. The methodological advancement over
the first category is that the multi-criteria reconciliation is embedded into the prediction target
itself rather than deferred to the user. The advancement over the second category is that the full
operating envelope is covered continuously rather than discretely through a handful of Pareto-
optimal points. The advancement over the third category is that TOPSIS defines what is being
predicted rather than how competing predictors are ranked. These distinctions are summarized in

Table 8 and collectively constitute the primary novelty of the proposed framework.

Several studies have addressed the convergence of ML and MCDM in technical systems, yet none
has integrated stacking ensemble models to predict classical decision scores in engine-related
applications. For instance, Hoxha et al. 3¢ utilized stacking for forecasting transportation energy
demand in Tiirkiye, but without incorporating MCDM methods. Wang et al. 37 applied XGBoost
within a decision framework that lacked classical inference, while Wu et al. 3® used XGBoost for

hydroelectric power prediction, an unrelated domain with no MCDM integration. Das et al. 3%, on



the other hand, employed classical TOPSIS in green logistics but did not implement ensemble

learning techniques.

Table 8 Summary of related literature and identified methodological gaps.

Study Focus Gap Highlighted

(Hoxha et | Stacking ensemble for energy | No MCDM integration

al., 2023) 3¢ | demand

(Wanget al., | XGBoost in decision framework No classical score estimation

2025) %7

(Wu et al, | XGBoost in  hydroelectricity | Not related to MCDM

2024) 38 prediction

(Das et al., | classical TOPSIS in green logistics | No ensemble modeling

2025) %

(Zhu et al., | Al based multi-objective | Optimizes individual objectives separately; no

2025) %8 optimization on the  same | unified MCDM score, no ML regression of a

ethanol/water Otto-cycle dataset decision metric

(Gao et al., | RSM-NSGA-III-TOPSIS for | TOPSIS used only as a post-hoc Pareto-front

2024) % diesel/PODE3/n-butanol blends selector over a few candidate solutions, not as an
ML regression target across the full operating
envelope

(Hannah et | Stacked ensemble with TOPSIS- | TOPSIS ranks competing ML models rather than

al., 2025) 3% | MEREC ranking of classification | engine operating conditions; different domain

models (healthcare) KA
Current Stacking (RSM + XGBoost) for | First integration in this context
Study engine-based classical scores

More recently, and closer to the engine domain examined here, Zhu et al. 2® optimized the same
Otto-cycle ethanol/water dataset using an Al-based multi-objective strategy, but treated each
performance and emission target separately rather than aggregating them into a single MCDM
score; Gao et al. 2%, together with a wider family of RSM/ANN/RF-NSGA-III-TOPSIS studies on
diesel blends, applied TOPSIS only as a final selection step over a handful of Pareto-optimal points
generated by evolutionary optimization, rather than training a regression model to reproduce the
TOPSIS score itself across the full experimental envelope; and Hannah Grace 3° combined a
stacking ensemble with TOPSIS in a healthcare application, but used TOPSIS to rank competing
classifiers rather than as the prediction target of an ML model. These gaps are summarized in Table
8, which clearly illustrates that none of the reviewed studies applied a stacking ensemble to
estimate classical decision scores in an engine performance context, nor used a composite MCDM
score itself as a continuous, learnable regression target. The higher R? values reported in the

comparison studies reflect not only stronger model fit but also the intrinsically lower complexity



of single-parameter prediction targets; predicting a composite MCDM score that simultaneously
encodes trade-offs across eight conflicting criteria represents a fundamentally more demanding

regression task, and the R? of 0.814 achieved here should be interpreted in that context.

A key methodological question that merits explicit discussion is why predicting the composite
TOPSIS score is preferable to predicting the eight individual engine performance and emission
parameters directly. From a statistical perspective, an alternative two-stage approach would require
training eight separate regression models and subsequently computing the TOPSIS score from
their combined outputs. However, the TOPSIS procedure involves sequential normalization,
entropy weighting, and Euclidean distance-based ranking across all criteria simultaneously,
meaning that prediction errors from the eight independent models would propagate and interact
nonlinearly through these steps, compounding into a final decision score with substantially greater
uncertainty than the individual model errors suggest in isolation. Directly regressing the TOPSIS
score eliminates this error compounding cascade entirely 3. From a practical perspective, the
advantages are equally significant. First, a single composite score provides an immediately
actionable figure of merit for engine calibration: ratlier than requiring engineers to manually
reconcile eight separate, often conflicting outputs for each candidate operating point, the predicted
TOPSIS score condenses all trade-offs 1nto one number that directly reflects holistic optimality.
Second, not all eight underlying parameters can be measured simultaneously in a real engine
during operation; sensors for NOy, HC, and torque may not all be available on a given platform,
whereas the TOPSIS score can still be estimated from the four control parameters alone. Third,
the composite score is more robust to individual sensor noise or measurement uncertainty, since
errors in a single parameter are diluted across the multi-criteria aggregation rather than propagating
unchecked to the final decision. Taken together, these statistical and practical advantages justify
treating the TOPSIS score as the primary prediction target rather than using it as a post-processing

step applied to individually predicted parameters.

The integration of ML with MCDM approaches represents a transformative step in engineering
optimization; however, the direct prediction of classical decision scores using ensemble learning
has remained a largely underexplored domain. This study addresses this gap by establishing a
novel hybrid framework that not only evaluates internal combustion engine performance using

TOPSIS but also predicts these decision scores with high precision using a Stacking Ensemble



model. One of the most critical contributions of this research lies in its rigorous methodological
validation. Unlike many prior studies that rely on simple random data splitting which often leads
to "data leakage" due to repeated experimental measurements, this study implemented a 5-Fold
Group Cross-Validation strategy. As demonstrated in the results, this approach ensured that all
repetitions of a specific experimental condition were kept strictly within the same fold.
Consequently, the high R? scores and low RMSE values obtained are not artifacts of memorization
but clear evidence of the model's ability to generalize to unseen engine operating conditions. This
methodological rigor sets a new benchmark for data-driven engine performance studies,

confirming that the proposed framework is robust enough for real-world calibration tasks.

The physical and engineering significance of the results warrants deeper interpretation. The
dominant influence of NOy in the TOPSIS scoring, reflected by its highest entropy weight of
38.66% and its near-perfect Pearson correlation with the final TOPSIS score (» = 0.97), is
consistent with the known thermodynamic sensitivity of NOy formation to peak combustion
temperature. According to the extended Zeldovich mechanisn, NOy production rises exponentially
with in-cylinder temperature; consequently, operating conditions that simultaneously suppress
peak temperatures while preserving power output tend to dominate the upper range of the
composite score. In the ethanol/water blend context investigated here, increasing water content
reduces peak combustion temperature through charge cooling and the high latent heat of
vaporization of water, thercby suppressing NO, formation, a mechanism confirmed by
experimental water injection studies reporting NOy reductions of 20% to 48% at water-to-fuel
ratios of 0.1 to 0.5 4041, This physical mechanism directly explains why the top-ranked TOPSIS
alternatives consistently exhibit low NO, values (121 to 125 ppm) despite modest power outputs,
rather than being dominated by peak power conditions. The bimodal distribution of TOPSIS
scores, with a lower cluster centered around 0.60 to 0.65 and an upper cluster around 0.85 to 0.95,
also has a clear thermodynamic interpretation: the lower cluster corresponds to operating
conditions at higher engine speeds and lower water fractions, where combustion temperatures are
elevated and NO, formation is intensive, while the upper cluster corresponds to moderate speeds
with sufficient water content to suppress NO, without critically impairing combustion
completeness. The feature importance analysis further reinforces this interpretation. Water fraction
emerges as the most important predictor of the TOPSIS score because it simultaneously governs

combustion temperature, NO, formation, and HC emissions through charge dilution, making it the



single control parameter with the broadest thermodynamic reach across the decision criteria.
Compression ratio ranks second (0.262), consistent with the well-established thermodynamic
principle that higher compression ratios improve thermal efficiency through increased expansion
work, but simultaneously raise peak temperatures and NO, emissions, creating a fundamental
performance-emission trade-off that is precisely the kind of multi-criteria tension that TOPSIS is
designed to resolve #2. Rotational speed, by contrast, exerts a comparatively minor influence on
the composite score (0.045), reflecting that under steady-state conditions, speed primarily affects
volumetric efficiency rather than the emission-dominated criteria that carry the heaviest TOPSIS

weights in this dataset.

Table 9 Comparison of the proposed model with recent ML-based engine prediction studies.

Study Prediction Target Models Best R? Dataset
Compared

Khayum etal. # | Individual emission | ML algorithms, | 0.936-0.998 Diesel/biodiesel

(2026) parameters (HC, CO, | dual-fuel diesel dual-fuel engine
NOX)

Pandey et al. | Individual Multiple I\'L‘T 0.95-0.98 (RF) | Ternary blend

44(2024) performance/emission | algorithms, LHR diesel engine
parameters diese! engine

Gad et al | Individual XGBoost-RF- 0.979-0.999 WCO biodiesel

4(2025) performance/emission | MLP stacking CI engine
parameters 2\ ]

Nachippan et al. | BSFC, individual | XGBoost, 0.91-0.96 Castor biodiesel

46(2025) emission parameters Random Forest engine

Zhu et al. | Individual ANN, surrogate | >0.95 Same

28(2025) performance/emission models ethanol/water
parameters Otto-cycle

dataset

Our study Composite  TOPSIS | RSM, XGBoost, | 0.814 Ethanol/water
score (8 criteria | Stacking (Stacking) Otto-cycle
aggregated) engine

Table 9 places the predictive performance of the proposed framework in the context of recent ML-
based engine studies. It is important to note that all comparison studies report R? values for
individual, directly measurable engine parameters such as BSFC, NO,, or HC, where values
typically range from 0.91 to 0.999. The present study, by contrast, predicts a composite TOPSIS
score that nonlinearly aggregates eight performance and emission criteria simultaneously. The
inherently greater complexity of this target, which combines correlated and conflicting criteria

through normalization, entropy weighting, and Euclidean distance-based ranking, makes direct



numerical comparison inappropriate; however, the obtained R? of 0.814 for the stacking ensemble
is consistent with the expected reduction in predictive accuracy when transitioning from single-
parameter to multi-criteria composite targets. This observation is supported by Karaoglu and
Soyler 15, who report an R? of 0.81 for a stacking ensemble predicting an analogous composite
efficiency metric in a biodiesel conversion context. Furthermore, the computational efficiency of
the proposed framework is noteworthy: with training times on the order of a few seconds per fold
and inference times well below one millisecond per sample, the stacking ensemble is suitable for

both offline virtual calibration and potential onboard deployment on modern Engine Control Units.

A more systematic examination of how each control parameter shapes the TOPSIS score
distribution reveals distinct and physically interpretable trends. Regarding water fraction, the
relationship with TOPSIS score is non-monotonic: at low water fractions, combustion
temperatures are elevated and NO, formation is intensive, placing operating conditions in the
lower TOPSIS cluster; as water fraction increases toward 0.3 to 0.4 by volume, the charge-cooling
and thermal dilution effects progressively suppress NO, and HC emissions, pushing conditions
into the upper performance cluster; however, further increases beyond this range begin to impair
combustion stability, raising HC emissions and counteracting the NO, benefit, which explains why
the top-ranked alternatives in Table 5 consistently correspond to intermediate rather than
maximum water fractions. Regarding compression ratio, the two discrete levels investigated
(7.44:1 and 9.44:1) create a fundainental trade-off: the higher compression ratio improves thermal
efficiency and reduces BSFC through enhanced expansion work, which benefits the three
performance-oriented criteria in the TOPSIS evaluation; however, it simultaneously raises peak
in-cylinder temperatures, intensifying NOy formation and imposing a substantial penalty on the
emission-dominated side of the composite score, where NO, alone carries an entropy weight of
38.66%. The net effect of this trade-off explains why compression ratio ranks as the second most
important predictor (importance score 0.262) rather than the dominant one, since its influence on
the TOPSIS score is partially self-cancelling across the two competing criterion groups. Regarding
ignition advance angle, advancing ignition timing beyond the optimum for a given operating
condition improves combustion phasing and thermodynamic efficiency up to a point, reducing
BSFC and increasing power output; however, over-advanced timing raises peak cylinder pressure
and temperature, increasing NO, emissions and partially offsetting the performance gains in the

composite score. This non-linear, bounded influence explains its intermediate importance ranking



(0.167) and the absence of a simple monotonic trend in the residuals versus ignition advance angle
shown in Figure 11d. Regarding rotational speed, the comparatively minor influence on the
TOPSIS score (importance score 0.045) reflects the fact that, under the steady-state experimental
conditions investigated, speed primarily governs volumetric efficiency and friction losses rather
than the combustion temperature-sensitive emission criteria that carry the heaviest TOPSIS
weights. As shown in Figure 12b, median TOPSIS scores remain broadly consistent across the
2000 to 4000 rpm range, while the widest dispersion at 2000 rpm indicates greater sensitivity to
the other three parameters at lower speeds, where combustion duration is longest and the effects

of water fraction and ignition timing on temperature and mixture quality are most pronounced.

In terms of predictive model comparison, the stacking ensemble's R? of 0.814 on a composite
decision score is broadly consistent with findings in related engine ML literature, while
acknowledging that direct numerical comparison is complicated by differences in prediction
targets. For individual engine performance and emission parameters, recent studies report R?
values of 0.91 to 0.99 for XGBoost and Random Forest on BSFC and emission outputs in
biodiesel-blended engines 44, The comparatively lower R? obtained in the present study reflects
the additional complexity of predicting an aggregatcd composite score that nonlinearly integrates
eight parameters simultaneously, rather than any single measurable output. This is consistent with
the observation of Karaoglu and Soyler 15, who report that a linear regression-based stacking
ensemble combining Random Forest, XGBoost, and a deep neural network achieved an R? of 0.81
on a similarly aggregated efficiency metric in a biodiesel conversion efficiency context. The
superiority of XGBoost over RSM in predicting NOy and HC in the present study also aligns with
findings reported by Gad et al. ¥, who demonstrate that tree-based ensemble architectures
outperform polynomial surface models for emission parameters exhibiting strong nonlinear
sensitivity to operating conditions. Taken together, these comparisons confirm that the predictive
performance achieved by the proposed stacking framework is both physically interpretable and

methodologically competitive with the broader engine ML literature.

In terms of predictive performance, the comparative analysis revealed distinct characteristics
among the regression models. The Response Surface Methodology (RSM), while computationally
efficient, showed limitations in capturing the highly non-linear behavior of emission parameters

such as CO and NOy. This aligns with the known limitations of polynomial-based approaches in



modelling complex combustion chemistry. In contrast, the XGBoost model effectively handled
these non-linearities, significantly reducing prediction errors. The success of tree-based algorithms
in modelling engine performance is also in parallel with other recent studies in the literature, which
report that Random Forest regression offers higher R? values (0.95-0.98) compared to Polynomial

regression for complex fuel blends 44.

This new study proves that tree-based algorithms are also superior to Polynomial Regression (PR)
in predicting emission parameters (HC, CO) (R?=0.936-0.998 vs. R = 0.78-0.891). In this study,
we also found that XGBoost outperformed RSM (polynomial-based) in predicting emission
parameters (CO, NOy). Therefore, this new study directly and powerfully corroborates your

findings 3.

However, the Stacking Ensemble emerged as the superior approach by effectively integrating the
global trend-capturing ability of RSM with the local pattern-recognition power of XGBoost. The
Stacking model maintained consistently low error rates across ali parameters, regardless of their
magnitude, demonstrating superior stability compared to singie-model approaches. Furthermore,
the reliability of the target variable (the TOPSIS score) was validated through a comprehensive
sensitivity analysis. The fact that the decision rankings remained stable across different weighting
methods (Entropy vs. Equal Weighting) confirms that the ML model is learning a robust and
objective definition of "optimal performance." This dual validation, both MCDM inputs and the
ML outputs, strengthens the study's conclusion that hybrid AI-MCDM frameworks can reliably
substitute for expensive and time-consuming experimental campaigns. Despite these promising
results, it is worth noting that the performance gain of Stacking over XGBoost was marginal for
some highly linear parameters (e.g., specific fuel consumption). This suggests that for simpler
tasks, advanced boosting algorithms alone may suffice. However, for holistic optimization where
emission trade-offs are critical, the Stacking architecture provides an essential layer of reliability.
Future research could expand this framework by incorporating deep learning-based meta-learners
or testing the model's adaptability on different engine types and alternative fuel blends to further

generalize its applicability.

The increasing structural complexity of modern internal combustion engines, together with the
variability in fuel properties introduced by alternative fuels, has significantly intensified the

challenges associated with engine calibration. For instance, recent studies demonstrate that



exploiting the full potential of advanced renewable fuels, such as hydrotreated vegetable oil
(HVO), to achieve high-efficiency and ultra-low emission targets necessitates highly specific and
optimized combustion control strategies 47. Traditional Design of Experiments approaches used to
populate static, map-based control strategies require an extensive number of dynamometer tests as
the calibration search space expands, resulting in substantial time and cost burdens during the
development process. To reduce this experimental burden, previous studies have successfully
coupled 1D engine cycle simulations with heuristic algorithms, such as Multi-Objective Particle
Swarm Optimization (MOPSO), to virtually calibrate operating parameters for simultaneously
boosting in-cylinder pressure and controlling NO, emissions %8. Building upon such virtual
optimization concepts, the TOPSIS—Stacking hybrid framework proposed in this study offers a
data-driven and holistic solution by enabling an integrated evaluation of engine performance under

limited experimental conditions.

During the development phase, the proposed model is trained on a sparse experimental dataset to
virtually generate high-fidelity performance maps that represent the full engine operating range.
This virtual calibration capability allows the trade-offs between power output, efficiency, and
emissions to be analyzed without the need for exhaustive physical testing, thereby enabling the
identification of optimal engine control parameters in a virtual environment. As a direct
consequence, dynamometer operating time and fuel consumption during the calibration process

can be significantly reduced, leading to a more efficient engine development cycle.

Furthermore, the computational efficiency of the Stacking Ensemble architecture facilitates the
extension of this framework to on-board, real-time applications. With the increasing processing
capabilities of modern Engine Control Units, the proposed model can be deployed on the vehicle
to estimate unified performance indicators, such as the TOPSIS score, that cannot be directly
measured during operation. This capability provides a strong foundation for transitioning from
static, pre-calibrated maps toward adaptive, model-based control strategies. Consequently, in
internal combustion engines, ignition timing and combustion-related control parameters can be
dynamically adjusted in response to fuel properties and environmental conditions, allowing the

engine to operate consistently close to its holistic optimal operating point under all conditions.

Despite these contributions, several limitations of the proposed framework should be

acknowledged to properly contextualize its generalizability. The model was trained and validated



exclusively on data collected from a single-cylinder Otto-cycle engine operating under a specific
set of ethanol/water blend ratios, two compression ratios, and five engine speed levels.
Consequently, its predictive validity cannot be assumed to extend directly to other engine
architectures such as multi-cylinder, compression-ignition, or turbocharged configurations, nor to
other fuel families such as biodiesel blends, gasoline, or hydrogen mixtures. The TOPSIS score
computed in this study is also inherently tied to the specific set of eight criteria selected and the
entropy-based weighting applied; a different criteria set or weighting strategy would yield a
different composite score, and the trained model would not transfer to that revised formulation
without retraining. Additionally, although the 5-Fold Group Cross-Validation strategy employed
here ensures that no experimental repetition leakage occurs between folds and provides a
conservative estimate of generalization performance, it remains an internal validation procedure
applied to a single dataset. External validation on an independent engine dataset was not performed
in this study, which represents a limitation that future work should address. The robustness of the
TOPSIS rankings to weighting method choice was demonstrated through Spearman rank
correlation analysis across four weighting strategies, yielding correlation coefficients between 0.91
and 0.97, which provides indirect evidence that the learned composite score reflects stable
underlying performance trade-offs rathcr than an artifact of the specific weighting scheme.
However, this analysis does not substitute for cross-engine or cross-fuel validation. Future research
should therefore focus on applying the proposed framework to additional engine types and fuel
blends, incorporating physics-informed constraints into the machine learning architecture to
improve transferability, and testing the model's performance under transient operating conditions

beyond the steady-state measurements available in the present dataset.
5. Conclusions

o This study introduces a novel hybrid framework that evaluates internal combustion engine
performance using TOPSIS and predicts these decision scores with high accuracy through

a Stacking Ensemble (RSM + XGBoost) model.

e A 5-Fold Group Cross-Validation strategy prevented data leakage arising from repeated
experimental measurements, confirming that the model generalizes reliably to unseen

engine operating conditions.



The Stacking Ensemble outperformed the individual RSM and XGBoost models by
combining global trend-capturing with local pattern recognition, maintaining low and
stable error rates across all parameters; stable decision rankings across different weighting

methods further confirm the robustness of the predicted TOPSIS scores.

The proposed framework enables virtual calibration that reduces dynamometer testing time

and cost, with clear potential for extension to real-time, on-board engine control

applications.
Abbreviation Description
AHP Analytic Hierarchy Process
Al Atrtificial Intelligence
ANN Artificial Neural Network
BTDC Before Top Dead Center
BTE Brake Thermal Efficiency
BSFC Brake Specific Fuel Consumption
Cl Compression Ignition
CNN Convolutional Neural Network
CO Carbon Monoxide
CO: Carbon Dioxide
CR Compression Ratio
CRITIC Criteria Importance Through Inter-criteria Correlation
DoE Design of Expcriment
HC Hydrocarbon
HVO Hydrotreated Vegetable Oil
ICE Internal Combustion Engine
LSTM Long Short-Therm Memory
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MOGT Multi-Objective Game Theory
MOPSO Multi-Objective Particle Swarm Optimization
MCDM Multi-Criteria Decision-Making
ML Machine Learning
MLP Multi Layer Perceptron
MSE Mean Squared Error
NOy Nitrogen Oxides
NSGA Non-dominated Sorting Genetic Algorithm
OOF Out-of-Fold
0: Oxygen
MEREC Method based on the Removal Effects of Criteria
PR Polynomial Regression
R? Coefficient of Determination
RF Random Forest
RMSE Root Mean Squared Error
RSM Response Surface Methodology

SD Standard Deviation



SFC Specific Fuel Consumption

THC Total/Unburned Hydrocarbons

TOPSIS Technique for Order Preference by Similarity to Ideal Solution
XGBoost Extreme Gradient Boosting

GPU Graphics Processing Unit

KDE Kernel Density Estimation

Z-score Standardized score (standard deviation units)

WwWCO Waste Cooking Oil

CRediT Contributor Roles Taxonomy
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Appendix A. Mathematical Formulation of TOPSIS and Entropy Weighting

The TOPSIS procedure is implemented in the following steps:

Step 1: To achieve comparability across diverse criteria, the decision matrix is subjected to a vector
normalization process to eliminate scale-related differences and unit inconsistencies, as defined in

Equation (1):

(D)

Step 2: In the subsequent stage, the relative importance of each criterion is integrated into the
analysis by multiplying the normalized values with their respective weights derived from the

Entropy method, yielding the weighted normalized decision matrix as expressed in Equation (2):

Vij = Wj XTyj (2)

Step 3: Following the construction of the weighted matrix, the positive ideal solution (4™) and the
negative ideal solution (4°) are identified to establish the benchmark limits for each criterion,
where the selection of maximum or minimum values is determined by the specific nature of the

benefit or cost-oriented criteria, as formulated in Equation (3):

max (vij)ifj € Benefit

At = {v{,...,v:;} where v}-“ = {min (vij)ifj € Cost

3)
min (vij)ifj € Benefit

A = {v;,...,v;} where vj = {max (vij)ifj € Cost

Step 4: To quantify the performance of each candidate, the separation measures are determined by
calculating the Euclidean distance of each alternative from both the positive ideal and negative
ideal solutions, providing a numerical basis for their relative proximity to the optimal benchmarks

as shown in Equation (4):



- 2 - 2

st= | (vy=vt) sc= | (vy—v7) )
j=1 j=1

Step 5: The final relative closeness coefficient for each alternative is determined by calculating the

ratio of its distance from the negative ideal solution to the sum of its distances from both ideal

benchmarks, where a result approaching unity signifies a superior performance and higher

preference ranking, as defined in Equation (5):
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T ST+ S

i
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To determine the most suitable objective weighting method based on inter-parameter relationships,
the average of the absolute Pearson correlation coefficients was calculated using Equation (6). This
calculation excludes the diagonal elements of the correlation matrix to prevent self-correlation
from inflating the result. The formula used is:

n n

(6)

1
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where 7 denotes the average absolute correlation, and r;; represents the correlation coefficient
between parameters i and j. Applying this equation to the selected parameter matrix yielded an
average correlation value of 41.20%, indicating a moderate to low level of interdependence among

the variables.

The entropy weighting method used in this study evaluates the degree of disorder or uncertainty
in each parameter to assign objective importance scores. The procedure begins with normalizing
the data matrix by column, followed by the computation of entropy values for each parameter.
Then, the information utility is calculated by subtracting each entropy score from 1. Finally, the
normalized importance weights are obtained by dividing each utility value by the sum of all
utilities. The final weight w; of criterion j is calculated using Equation (7):

1-E; (7)

W=

2, (1-E))



