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ABSTRACT

This study introduces a novel hybrid approach based on ensemble machine learning prediction and simulated annealing for 
the optimisation and minimisation of emissions from dimethyl ether (DME)-diesel fuel combustion compression ignition 
engines. Experimental data were obtained from a commercial, four-cylinder, direct injection diesel engine (Model 4113) 
under different load conditions, with varying blends of DME and diesel. Key emissions (NOx, CO, and HC), the brake 
mean effective pressure and the blend ratio were measured with high precision by AVL analysers. Multiple regression models 
were built and compared, including support vector regression (SVR) and XGBoost, with rigorous hyperparameter tuning. 
SVR yielded better performance for NOx (test R2 = 0.820) and HC (test R2 = 0.854), although both models achieved good 
accuracy for CO (SVR test R2 = 0.854; XGBoost test R2 = 0.731). A correlation analysis showed that there was a strong positive 
link between engine load and NOx, and good HC reduction with higher DME content. The trained ensemble models were 
implemented as objective functions in a simulated annealing algorithm to achieve multi-objective optimisation of critical 
engine parameters. The proposed approach has a high level of predictive reliability and effective global search capability, and 
provides a computationally efficient pathway for emission control in alternative fuel engines. These findings provide support 
for the broader use of DME as a clean, renewable fuel for compliance with stringent future emission standards.

Keywords: Dimethyl ether; Alternative Fuel; Diesel engine; Machine Learning; Simulated Annealing Optimisation

INTRODUCTION

Global transportation is heavily reliant on internal combustion 
engines (ICEs), despite the growing concern over air pollution 
and greenhouse gas (GHG) emissions  [1,2]. Indeed, ICEs 
running on fossil fuels have been found to release very significant 
quantities of nitrogen oxides (NOx), particulate matter (PM), 
carbon monoxide (CO), and unburned hydrocarbons (HC) under 
normal operation cycles [3–5]; these pollutants are very dangerous 
to human health, as they worsen respiratory diseases and create 
layers of smog in cities. The increasing regulatory pressure in most 

countries has created an urgent need to find alternative fuels that 
are much cleaner and can significantly reduce the detrimental 
emissions from exhaust [6,7]. For these reasons, researchers 
around the world are exploring options for alternative fuels such 
as biodiesel [8,9], hydrogen [10], ammonia [11], alcohol [12,13], 
and gaseous fuels (biogas, producer gas, syngas, natural gas, 
etc.) [14–16] to power ICEs, in order to reduce GHGs and increase 
sustainability. Dimethyl ether (DME) is one promising oxygen-
rich fuel for compression-ignition engines that requires relatively 
few changes [17,18]. As a synthetic compound, DME has a high 
cetane number and results in very low soot emissions, since the 
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molecular structure has no bonds between its carbon atoms and 
carbon atoms [19], [20]. Decades of research have demonstrated 
that DME combustion is associated with almost zero PM 
emissions and lower levels of HC and CO compared to typical 
diesel, although the formation of NOx tends to be heightened in 
situations of high engine load, and advanced control measures are 
required to become more efficient [21]. Arcoumanis et al. [22] 
highlighted the outstanding prospects of DME in terms of its low-
emission performance when combined with suitable approaches 
to engine calibration. Subsequent research has solidified these 
results, and has demonstrated that DME is effective at increasing 
thermal efficiency whilst significantly reducing CO and HC 
levels in optimally designed setups [23–26]. Regardless of these 
obvious advantages, however, challenges are still encountered 
during practical implementations, which are associated with 
the fuel pressure demand, injector lubrication, and the special 
storage infrastructure that is necessary for on-vehicle applications. 
Recent studies of heavy-duty engines [27–30] have shown that the 
combination of an exhaust gas recirculation system and a selective 
catalytic reduction system is an effective way to manage the NOx 
emissions from a DME engine. Computational fluid dynamics 
models have enhanced the understanding of in-cylinder flow 
and reaction dynamics, but such models require significant 
computational resources to conduct predictive tasks [31,32].

Machine learning methodologies have previously been 
adopted in an attempt to achieve reliable predictions of engine 
performance and exhaust properties, based on few experimental 
measurements [33,34]. The use of artificial neural networks 
has been found in multiple works to provide a great deal of 
effectiveness in predicting the emissions and performance of 
diesel engines, with high correlation coefficients, under different 
operating conditions [35,36]. Ensemble learning methods, 
and especially random forest and extreme gradient boosting 
algorithms, can increase the robustness of prediction and reduce 
the risk of overfitting and nonlinear dependencies, which would 
otherwise underperform with standalone models [37–39]. Such 
ensemble techniques have provided high performance in the 
prediction of PM emissions in gasoline direct-injection engines 
and the CO2 concentrations in a wide range of vehicle fleets. 
In spite of this development, however, the use of ensemble 
machine learning for the prediction of emissions from engines 
running on pure DME as the sole fuel still has remarkably 
few applications [40,41]. Optimisation algorithms play an 
essential role in identifying the best parameters for engines 
in terms of reducing pollutant emissions while ensuring that 
they remain competitive in terms of their efficiency and power 
production [42,43]. The simulated annealing (SA) algorithm 
was inspired by controlled metallurgical cooling [44], and it 
can be particularly useful in achieving global optimisation in 
the complex and multimodal calibration surfaces of engines. 
Previous researchers have reported the use of various optimisation 
methods to enhance the efficiency of DME synthesis through 
a significant improvement in yield parameters [45,46], but 
a  combination of these approaches with predictive emission 
models to achieve direct minimisation for DME-fuelled engines 
has not been studied sufficiently in the existing literature. 
Traditional methods of optimising these engines usually rely 

on gradient-based local search methods or genetic algorithms, 
which can easily become trapped in poor-quality solutions. There 
are therefore important gaps in research into the synergistic 
use of ensemble machine learning in situations where the 
precise forecasting of emissions, followed by global parameter 
refinement, takes place by SA within the context of DME.

There are few publications that have addressed the issue of 
multi-objective optimisation to realise a balanced reduction in 
NOx, CO, and HC emissions. The limited availability of detailed 
data on pure DME in large operating regimes also limits the 
applicability of the model and its application to real-world 
environments. The present work attempts to address these key 
gaps by presenting a new hybrid approach in which ensemble 
machine learning prediction is combined with SA optimisation. 
The proposed ensemble of extreme gradient boosting models will 
be compared with a standalone support vector regressor (SVR) 
trained on massive experimental datasets from DME-powered 
compression-ignition engines. The aim of this work is to provide 
high-fidelity forecasts of primary emissions in the form of nitrogen 
oxides, carbon monoxide, and unburned hydrocarbons under 
varying load and speed conditions. The SA and artificial bee colony 
(ABC) algorithms are used for optimisation of control parameters 
to reduce emissions.  The main research goal is to attain a high 
level of prediction, although an additional objective is to achieve 
a reduction in nitrogen oxides with optimised settings. The results 
will be used to design the next generation of low-emission engines 
that will be powered using DME. Finally, this approach can lead 
to carbon reductions for transportation, without compromising 
the reliability of operation or the level of performance.

MATERIALS AND METHODS

TEST SETUP AND DATA COLLECTION 

A commercially available direct-injection diesel engine, type 
4113, produced by the Wuxi Diesel Engine Factory, was used in 
this study by Ying et al. [47]. It had four cylinders, water cooling, 
a four-stroke cycle, and a natural aspiration design. Other than 
the necessary modifications to the fuel distribution system, the 
base engine structure was left unaltered. Since DME corrodes 
rubber materials, copper tubing was used in place of the original 
rubber fuel lines. To reduce vaporisation losses of the volatile DME 
component, a customised LPG-style container was used in place 
of the conventional diesel tank. Fig. 1 provides a comprehensive 
schematic of the entire experimental setup, including all its 
associated parts. The fuel exit is positioned at the base of the vessel, 
and the recycled surplus blend is directed back into the top inlet. 
Before delivery, the DME/diesel mixture is pressurised to around 
700 kPa using an electric pump, and this pressurised mixture 
enters the combustion chambers via conventional injectors. To 
keep the system stable, excess fuel is returned to the storage tank 
via a specialised regulating valve. An exhaust gas analysis system 
(AVL brand) was used to quantify the gaseous exhaust components, 
and to ensure reliability, each experimental trial was repeated. The 
extensive dataset obtained from these controlled engine tests served 
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as the basis for building sophisticated machine learning models 
and carrying out SA-based optimisation processes with the aim 
of efficiently forecasting and reducing emissions.

Fig. 1. Test setup modified from [47]

METAHEURISTIC METHOD

Metaheuristic approaches are high-level optimisation 
techniques in which the aim is to achieve effective searching of 
complex, nonlinear, and multimodal search spaces that classical 
gradient-based methods cannot search effectively, or which cause 
them to become stuck in a local minimum.  A balance between 
exploration and exploitation is typically achieved using stochastic 
operators, population-based or trajectory-based search, and 
flexible neighbourhood structures. Metaheuristics are therefore 
suitable for the simultaneous tuning of machine-learning models 
and engine operating parameters with several constraints.

Simulated annealing 
SA is a trajectory-based metaheuristic based on the annealing 

of solids, in which a material is initially heated and then allowed 
to cool gradually to achieve a low-energy crystalline form. In 
the optimisation algorithm, a candidate solution is perturbed 
repeatedly to create neighbours whose acceptance is based on the 
change in objective value and a temperature parameter [48,49]. 
The Metropolis criterion can be used to accept poor solutions, 
which enables the algorithm to overcome local minima at 
increased temperatures. The search becomes more exploitative 
as the temperature decreases, following a certain cooling schedule, 
and focuses on areas with the lowest objective value. Only 
objective-function assessments are needed in SA, which is why 
it shows promise for issues where the problem has a complex 
and black-box representation, such as the prediction of engine 
emissions with ensemble learning [50,51]. Its straightforward 
implementation, small parameterisation, and capacity to deal with 
continuous, discrete, and constrained variables have made it very 
popular for use in engineering design, optimisation of energy 
systems, and hyperparameter optimisation of machine-learning 
models. A schematic representation of SA is shown in Fig. 2(a). 

Artificial bee colony 
ABC is a population-based metaheuristic approach that 

emulates the foraging process of honeybee swarm colonies 
seeking nectar sources. A  schematic representation of the 
ABC algorithm is shown in Fig. 2(b). The algorithm consists of 

employed bees, onlooker bees, and scout bees, each of which has 
a different role in terms of the exploration and exploitation of the 
search space [52,53].  Employed bees have affiliated food sources 
(candidate solutions), and their location is changed locally to find 
improved quantities of nectar, comparable to a neighbourhood 
search of current solutions. The bystander bees can observe a hive 
waggle-dance-like probabilistic system and choose the most 
convenient food sources according to their fitness, a process that 
tends to concentrate the search in high-quality areas [54,55].  
Scout bees carry out random surveying of the territory when 
a food source has been depleted, an activity that introduces 
diversity and avoids responses to a sub-optimal minimum. 
ABC is especially suitable where the optimisation of continuous 
engineering is needed, as it has a limited number of control 
parameters, can be hybridised with machine learning surrogates, 
and supports noisy or multi-modal objective functions [56,57]. 
Hence, ABC has been extensively used for combustion, energy-
system, and emission control optimisation problems. 

Fig. 2. Workflow diagrams for (a) simulated annealing; (b) artificial bee colony

MACHINE LEARNING 

Machine learning offers data-driven models that are capable 
of capturing the nonlinear and interacting effects between engine 
operating parameters and fuel properties, and are frequently 
more effective than the traditional empirical correlations. Trained 
regression algorithms can be used to predict the emissions of 
NOx, CO, and HC with a high level of accuracy and speed. Such 
models also work well with multi-objective engine calibration 
methods that are based on metaheuristic optimisers.

Support vector regression 
SVR is a variation of the support vector machine, which 

approximates continuous values through the use of the epsilon-
insensitive loss.  It works by building a regression tube around 
the data but only penalising deviations greater than the value of 
epsilon, and the complexity of the model is controlled through 
the regularisation parameter  C  [58,59]. Kernel functions 
(e.g. the radial basis function, RBF) are used to transform 
inputs to high-dimensional feature spaces, in which nonlinear 
relationships between engine parameters and emissions become 
almost linear [60,61]. Since a solution can be obtained based 
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on a relatively small number of samples (support vectors), 
SVR can work with relatively large datasets, and is resistant 
to overfitting in a high-dimensional feature space [62]. These 
attributes render the use of SVR an important tool for emissions 
prediction, where data are limited but strong interactions and 
nonlinearities are present, and where experimental campaigns 
are costly.

Extreme gradient boosting 
Extreme Gradient Boosting (XGBoost) is an efficient and 

regularised version of gradient-boosted decision trees that yields 
high predictive accuracy and high scalability. The algorithm 
constructs a chain of shallow trees, with each new tree applied to 
the residual of the preceding trees, to minimise a differentiable 
loss (such as squared error) in a regression. XGBoost applies 
shrinkage (learning rate), column and row subsampling, and 
explicit L1/L2 regularisation to regulate the complexity of the 
model and decrease overfitting, an important aspect when 
modelling engine emission data that are noisy [63,64]. Its 
tree-based representation inherently indicates nonlinearities, 
threshold effects, and higher-order interactions between the 
operating conditions and fuel properties without the need for 
explicit feature engineering. XGBoost has also given excellent 
results in engine-emission experiments, providing high 
coefficients of determination and stable extrapolation within 
the experimental space, and has been shown to be efficient 
enough to be used in the optimisation loop (e.g. a metaheuristic 
search) with other methods [65,66].

RESULTS AND DISCUSSION

Several Python libraries were used for data management, 
modelling, and visualisation in the Jupyter Notebook 
environment. Pandas and Numpy were used for data 
preparation and tabular manipulation, as they allowed for the 
creation of derived features and the effective management of 
experimental engine emission datasets. The XGBoost models 
employed the XGBRegressor class from the xgboost package 
via its scikit-learn–compatible API, while the SVR models were 
constructed using scikit-learn (sklearn.svm.SVR). Pure Python 
was used to code the metaheuristic optimisation techniques 
(i.e. ABC and SA) with numpy to support randomisation and 
numerical operations. Line graphs, scatter plots, and boxplots 
comparing actual and expected emissions for the training and 
testing datasets were created using matplotlib and seaborn. 
The experimentation process and interpretation of results were 
made much easier by Jupyter Notebook’s interactive workflow, 
which allows the user to run cells iteratively, examine interim 
results, adjust hyperparameters, and record code, figures, and 
discussion in a single repeatable file.

METAHEURISTIC OPTIMISATION 

Simulated annealing-based optimisation 
Fig. 3 illustrates the exploration of the search space by the SA 

algorithm and how it reaches an optimum operating condition for 

a DME-fuelled engine. Fig. 3(a) shows the temperature schedule, in 
which the temperature is gradually reduced, without interruption, 
to almost zero after approximately 500 iterations. This schedule 
implies that initially, the algorithm will often accept even worse 
solutions, allowing for a broad search and avoidance of a sub-
optimal local minimum. The lower the temperature, the less often 
there is acceptance of worse moves, and the search process is slowly 
concentrated on exploitation close to promising areas of the design 
space. The path of candidate solutions on the brake mean effective 
pressure (BMEP) blend (in this case, LCV) plane can be seen in 
Fig. 3(b). The blue line is initially dispersed, and thus occupies 
a wide area, but over successive steps the range is narrowed, and 
this is how SA is steered towards a steady optimum. The scatter 
in the objective values with increasing iteration number is shown 
in Fig. 3(c). The initial iterations show a high degree of variation 
with the relatively high objective value, but later iterations tend to 
be concentrated around low values, implying better solutions as the 
algorithm cools. The best-so-far object plotted in Fig. 3(d) shows 
a sharp decrease in the first few tens of iterations and a long straight 
line near the end, thus verifying that the global or close-to-global 
minimum is obtained in the initial iterations and then followed. 
The present objective history can be seen in Fig. 3(e). Although 
fluctuations persist over the run, as some uphill movements 
are still tolerated, the overall trend is downward, and there is 
convergence towards the best-so-far curve. This is a positive activity 
of exploration and exploitation, which is a sign of successfully 
tuned SA. At convergence, an optimum operating point with values 
of BMEP = 0.5544 MPa and LCV = 40.4246 MJ/kg is achieved (see 
Table 1), which implies a minimised composite objective value 
of 0.9108. In such a state, the projected values of the emissions 
are NOx = 1253.4 ppm, CO = 0.0267, and HC = 34.24 ppm, 
representing a good compromise for the competing emission 
targets involved in the multi-objective formulation.

Fig. 3. Results for SA-based optimisation: (a) temperature schedule; (b) search  
trajectory; (c) scatter of objective; (d) best so far objective; (e) current objective 
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Artificial bee colony 
The ABC algorithm examines the decision space and converges 

to an ideal operating condition for the engine powered by DME, 
as shown in Fig. 4. The food sources in Figs. 4(a–c) show potential 
solutions in the BMEP–LCV plane throughout the various cycles. 
The food sources in Cycle 1 are widely dispersed, suggesting that 
the search space was initially explored almost at random. The 
swarm progressively shrinks around a small area as the iterations 
advance to Cycles 150 and 299, and the suggested ABC optimum 
stabilises at the final solution. The employed, observer, and scout 
bee phases work together to steer the population from a variety of 
beginning positions in the direction of a high-quality area, as this 
graphic demonstrates. The distribution of the best objective values 
across several runs is displayed in Fig. 4(d). The algorithm appears 
to be quite consistent, as evidenced by the very sharp peak at 0.911, 
and continually converges to almost the same optimum with little 
variation in the quality of the final answer. The evolution of the 
global best objective as a function of the cycle number is shown in 
Fig. 4(e, f). There is a dramatic initial drop in the first few cycles 
followed by a long plateau, highlighting the early convergence of 
the ABC algorithm and showing that only a few cycles are needed 
to achieve almost ideal performance. Strong exploitation of the 
prospective food sources chosen probabilistically by spectator 
bees is the cause of this quick improvement. An ideal operating 
state with BMEP = 0.5558 MPa and LCV = 40.4368 MJ/kg, or 
a minimised composite objective value of 0.9107, is found by the 
ABC algorithm at convergence. The generated operating point 
represents a strong compromise between the conflicting emission 
objectives within the specified search domain, as can be seen 
from the related anticipated emissions of NOx = 1255.59 ppm, 
CO = 0.0268%, and HC = 34.13 ppm (shown in Table 1). 

Fig. 4. Results for ABC optimisation: (a) food sources in the decision space 
for the first cycle: (b) food sources in the decision space for the 150th cycle; 
(c) food sources in the decision space for the 299th cycle; (d) distribution 

of best values; (e) early convergence; (f) best objective per cycle

Tab. 1. Optimisation results

Algorithm Simulated annealing Artificial bee colony

BMEP, MPa 0.5544 0.5558

LCV, MJ/kg 40.4246 40.4368

Objective 0.9108 0.9107

NOx, ppm 1253.4 1255.59

CO, % 0.0267 0.0268

HC, ppm 34.24 34.13

PROGNOSTIC MODELLING 

Correlational analysis 
The correlation matrix in Fig. 5(a) shows how the variables of 

the BMEP and the percentage of diesel and diesel blend in the 
diesel blend varied in relation to the main exhaust gas pollutants of 
nitrogen oxide (NOx), carbon monoxide (CO), and hydrocarbons 
(HC) during the experimental engine test. There is a strong 
positive correlation (0.92) between the BMEP and NOx emissions, 
indicating that the greater the engine load, the greater the formation 
of NOx as a result of the increased combustion temperatures. NOx 
has moderate negative correlations with both CO (−0.42) and HC 
(−0.58), representing the common trade-off in which situations that 
support full combustion give rise to increased NOx and decreased 
CO and HC. The blend ratio has a weak negative correlation with 
NOx (−0.03) and a significant positive correlation with CO (0.48), 
meaning that an increase in the DME content will increase CO 
by a few points and decrease NOx by a few points. HC emissions 
are found to have a moderate negative correlation with BMEP 
(−0.44), blend ratio (−0.45), and NOx (−0.58), suggesting that the 
combustion efficiency is enhanced under high loads and that the 
higher the DME content, the lower the unburned hydrocarbons. 
HC is positively related to CO, but the correlation is weak (0.19). 
Overall, the matrix indicates prevailing load-based NOx growth, 
a desirable decrease in HC with the DME mix, and conventional 
emission trade-offs that are of interest in regard to machine learning 
modelling and metaheuristic optimisation.

Fig. 5. (a) Data correlation heatmap; (b) violin plots
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The violin plots in Fig. 5(b) illustrate how the normalised 
variables of the DME/diesel engine experimental data, such as 
the BMEP, the blend percentage, and the emissions of NOx, 
CO, and HC, are distributed. Each of the violin plots represents 
a kernel density estimate (with probability density) with an 
embedded boxplot (with median, interquartile range, and 
whiskers). The distribution of BMEP and percentage blend 
is relatively symmetric, with values concentrated around 0.5, 
indicating an equal distribution of the operating loads and 
DME blending ratios. The distribution of NOx is mediocre, as 
it has a peak in the middle and represents the normal range of 
variations that are found in various combustion scenarios. The 
CO distribution is a little skewed, with a lower median and more 
frequent readings in the low-CO range, whereas HC is the most 
skewed towards the right, and the central density is smaller, 
indicating occasional high readings of unburned hydrocarbons. 
On the whole, there is a reasonable data distribution with 
no extreme outliers following normalisation, a finding that 
supports strong machine learning modelling and optimisation 
in the research.

NOx model 
The results of the SVR-based model for NOx emission are 

depicted in Fig. 6, and show high predictive performance. 
Hyperparameter tuning was done carefully, with the RBF 
kernel being the most successful over the linear kernel, and 
the best parameters were identified as C = 150, epsilon = 0.08 
and gamma  =  0.05 within the ranges considered for C 
(1–500), epsilon (0.01–0.3), and gamma (scale to 0.5). The 
hyperparameter optimisation results are listed in Table 2. The 
model attained robust values for R2 (0.982), mean squared 
error (MSE) (2246.68), mean absolute percentage error 
(MAPE) (0.038), and Kling–Gupta efficiency (KGE) (0.970) 
on the training set, implying that the model fits the observed 
values of NOx almost perfectly. On the unseen test set, the 
performance was still satisfactory, with an R2 of 0.820 and 
increases in MSE to 38382.7, MAPE to 0.175, and KGE to 
0.674. The results indicate a minor level of overfitting due 
to the constraints of the dataset sizes and natural variations 
in measurements of engine emissions testing, as listed in 
Table 3. These quantitative measures were further supported 
by visual measures: the line plot of actual and predicted values 
(Fig. 6(a)) indicated that there was close agreement with 
the training points and reasonable tracking of test samples, 
whereas the scatter plot (Fig. 6(b)) indicated a strong linear 
correspondence of the training data along the ideal 45° line and 
acceptable dispersion of the test data along the ideal regression 
line. The comparisons between real and model distributions 
in Fig. 6(c) show similar spreads and medians for the actual 
and model distributions on both datasets, indicating that 
the model is reliable even when tested on unknown data. All 
of these findings confirm that SVR is a successful method 
of predicting NOx emissions with high accuracy, and thus 
provides a strong basis for proceeding to the next stage of 
optimisation based on a multi-objective model that can reduce 
harmful exhaust emissions while maintaining the efficiency 
of the engine in the applications using DME fuel.

Fig. 6. Results for the SVR-based NOx emission model: (a) actual 
vs predicted values; (b) scatter plot; (c) box plots 

Training of the XGBoost model to predict the NOx emissions 
from a DME-diesel-fuelled compression-ignition engine was 
based on experiments, which provided inputs in the form 
of BMEP, blend ratio, and other corresponding operating 
conditions. After a  systematic trial, the best configuration 
identified through hyperparameter optimisation was as follows: 
number of estimators = 350 (in the range 100–600), learning 
rate = 0.06 (in the range 0.01–0.2), maximum tree depth = 5 
(in the range 3–8), subsample ratio = 0.9 (in the range 0.6–1.0), 
and column sampling ratio = 0.8 (in the range 0.6–1.0), as listed 
in Table 2. These environments represent a trade-off between 
model complexity and generalisation, meaning that XGBoost 
closely reproduces the intricate and interactive influences on 
NOx formation during combustion. The performance metrics 
listed in Table 3 were found to be robust for both the training 
and work datasets. On the training set, XGBoost achieved an R2 
of 0.963, which implies that the amount of variance in the NOx 
emissions accounted for is 96.3%. The MSE was low at 5782.01, 
the MAPE was 0.054 (5.4%), and the Kling–Gupta efficiency 
(KGE) was high at 0.969. These values are close to ideal in terms 
of fitting to the training data. When applied to the unseen test 
set, the model performed relatively well, with an R2 of 0.928 
(explaining 92.8% of the variance), an MSE of 6437.37, an MAPE 
of just 0.060 (6.0%), and a KGE of 0.806. This small change in 
MSE and the slight change in KGE between training and testing 
indicate a low level of overfitting, and hence better generalisation 
by XGBoost than most other regressions, especially since engine 
emission datasets are small and noisy.

The visual diagnostics in Fig. 7 also testify to the strength of 
the model. The line plot of actual versus predicted results (train 
+ test combined) in Fig. 7(a) shows close tracking between the 
actual (blue/green) and predicted (red/orange) values at most 
sample points, with the low yield regions at the extreme points 
showing only slight deviations. As can be seen from the scatter 
plot (Fig. 7(b)), the training points (blue stars) are well aligned 
along the ideal 45° dashed line, whereas the testing points (red 
stars) are also close to linear, with acceptable scatter, a finding that 
agrees with the high R2 for the test. A comparison of the boxplots 
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(Fig. 7(c)) for both distributions shows that the median and 
interquartile ranges for the actual and predicted values are very 
similar for both the training and testing samples, except for one 
mild outlier in the test actual set, suggesting that the prediction is 
very reliable over the range of operation. Together, these findings 
identify XGBoost as an effective and consistent predictor of NOx 
emissions in engines that are fuelled with DME. These high values 
of R2, low values for the error, and good spatial agreement between 
the true and estimated values confirm that this algorithm can be 
incorporated into a multi-objective optimisation system based on 
simulated annealing, to determine the engine parameter settings 
that are needed to reduce NOx under performance and for the 
management of other pollutants. The results demonstrate the 
importance of gradient boosting ensembles in modelling the 
complex and nonlinear relations of highly developed alternative-
fuel combustion systems.

Fig. 7. Results for the XGBoost-based NOx emission model: (a) actual 
vs predicted values; (b) scatter plot; (c) box plots 

CO emission model 
The SVR model was effective in modelling the CO emissions 

of a DME-diesel fuelled compression-ignition engine. The 
hyperparameters were optimised to ensure maximum 
performance, as listed in Table 2, with the optimum values 
identified as C = 120 (in the range 1–500), epsilon = 0.05 (in 
the range 0.01–0.3) and gamma = scale (out of scale to 0.5). 
These parameters allowed the model to successfully represent 
the nonlinearity of the relationships that govern the formation 
of CO in combustion. The strong predictive capability shown in 
Table 3 was demonstrated by the performance evaluation. On 
the training dataset, SVR had an R2 of 0.966, meaning that 96.6 
% of the variance in CO emissions was accounted for, whereas 
the MSE was almost zero, the MAPE was 0.074 (7.4%), and 
the KGE had a high value of 0.970, as listed in Table 3. These 
statistics indicate that the training data were well fitted. When 
applied to the unseen test set, the model again showed good 
generalisation, with an R2 of 0.854 (explaining 85.4% of the 
variance), an MSE of zero, an MAPE of 0.141, and a KGE of 
0.751. The small generalisation to train and test values increases of 
MAPE and a small decrease of KGE are indicative of reasonable 

generalisation, where relatively little degradation is experienced 
in spite of the small size of the dataset and the inherent variability 
in the emissions measurements. A statistical evaluation of the 
model is shown in Table 3.

These results are confirmed by the graphs in in Fig. 8. The 
line plot of the actual and predicted values in Fig. 8(a) (train and 
test together) shows that the actual values (blue and green lines) 
and the predicted values (red and orange lines) are close to each 
other at most of the sample points, with slight differences at the 
lowest CO concentrations. The scatter plot in Fig. 8(b) indicates 
that the training data (blue stars) are tightly clustered around the 
ideal line, whereas the test data (red stars) show an acceptable 
scatter with an evident linear relationship, in accordance with 
the value of R2 for the test. A comparison of distributions across 
groups using boxplots (Fig. 8(c)) implies that the median and 
interquartile ranges for the values of prediction are similar 
to those of the actual values for the training and test sets; the 
dispersion is also similar, and no strong systematic bias is found. 
In summary, the SVR model is a very successful prediction model 
for CO emissions from DME-powered engines, as it provides 
high accuracy on the training data and good performance on the 
test data. These findings suggest the applicability of this algorithm 
for multi-objective optimisation models, including SA, in which 
the aim is to determine the optimal engine operating conditions 
in terms of reducing CO and other pollutants at the same time, 
with reasonable efficiency and power output. Since the values of 
MSE and R2 are always low and high, respectively, these results 
confirm that SVR is a good predictive model for use in emission 
control research involving alternative-fuel combustion engines.

Fig. 8. Results for the SVR-based CO emission model: (a) actual 
vs. predicted values; (b) scatter plot; (c) box plots 

The results for the XGBoost model in terms of predicting CO 
emissions from the DME-diesel-fuelled compression-ignition 
engine are shown in Fig. 9. Hyperparameter optimisation was 
carried out to produce balanced performance, which resulted in 
the following optimal model: the number of estimators was 280 
(from the range 100–600), the learning rate was 0.04 (from the 
range 0.01–0.2), the maximum tree depth was four (3–8), the 
subsample ratio was 0.85 (0.6–1.0), and the column sampling 
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ratio was 0.9 (0.6–1.0). The hyperparameter optimisation results 
are shown in Table 2. These environments offered a level of model 
complexity that was adequate to describe the nonlinear and 
interactive effects on the formation of CO, with no overfitting. The 
predictive performance was good in quantitative terms, especially 
on the training data. This model achieved a value for R2 of 0.855 on 
the training set, explaining 85.5% of the variance in CO emissions, 
with a zero MSE, an MAPE of 15.7%, and a KGE of 0.883. On 
the unseen test set, the performance was also reasonable, with 
an R2 of 0.731 (explaining 73.1% of the variance), an MSE that 
was still close to zero, an MAPE of 0.48, and a KGE of 0.746. The 
significant rise in the MAPE on the test set indicates that there are 
certain difficulties in extrapolating to unknown samples, which 
may be explained by the small size of the dataset, the noise in 
the measurements of low-level CO, and the overall distribution 
of the CO values across the operating conditions, which is rather 
flat. These findings are justified in Fig. 9. The plot of actual versus 
predicted values in Fig. 9(a) indicates that the actual and predicted 
values are reasonably close at most of the points in the sample, 
but at the lowest and highest CO concentrations, the deviation 
is more significant. The scatter plot in Fig. 9(b) indicates that 
the training points (blue stars) have moderately good degree of 
fit to the ideal line, whereas the test points (red stars) are more 
dispersed, a finding that is consistent with the lower value of R2 in 
the test. A comparison of the distributions in the form of boxplots 
(Fig. 9(c)) shows that both the median and interquartile ranges 
for the predictive values are similar to those of the actual values 
in both training and test groups, the general dispersion is similar, 
and no significant systematic bias is present. Overall, XGBoost 
has a high CO emission prediction, high training accuracy, and 
good test generalisation. The findings validate the capability of 
this model in regard to the modelling of CO behaviour in engines 
fuelled with DME, although it is limited in the extreme low-
concentration variability. These results confirm its suitability for 
inclusion in multi-objective optimisation algorithms, such as 
simulated annealing, for finding engine parameter sets that are 
effective in minimising CO and other pollutants.

Fig. 9. Results for the XGBoost-based CO emission model: (a) actual 
vs. predicted values; (b) scatter plot; (c) box plots 

HC emission model 
The SVR model was applied to predict unburned HC 

emissions from the DME-diesel-fuelled compression-ignition 
engine, based on experimental data on the BMEP, blend 
ratio, and operating parameters. Through hyperparameter 
optimisation, the RBF kernel was identified as the most effective 
of the available options (RBF, linear, and polynomial), with 
optimal values of C = 200 (in the range 1–500), epsilon = 0.1 
(in the range 0.01–0.3), and gamma = 0.03 (on a scale to 0.5). 
These settings enabled the model to accurately capture the 
complex nonlinear patterns associated with HC formation and 
oxidation during combustion. The values of the performance 
metrics indicated outstanding predictive accuracy. On the 
training dataset, SVR achieved an exceptional value for R2 of 
0.992, explaining 99.2% of the variance in HC emissions, with 
a very low MSE of 0.46, an MAPE of only 0.018, and a high 
KGE of 0.967. These results indicate near-perfect fitting to the 
training samples. On the unseen test set, the model maintained 
strong generalisation, with an R2 of 0.854 (explaining 85.4% 
of the variance), an MSE of 10.89, an MAPE of 0.056 (5.6%), 
and a KGE of 0.770. The modest increase in MSE and slight 
reduction in KGE reflect an acceptable level of performance 
degradation, which is primarily due to the limited dataset 
size and the inherent variability in low-concentration HC 
measurements.

The quantitative results are also shown in Fig. 10. The line 
plot of the actual and predicted values in Fig. 10(a) indicates 
a very good fit between the actual measurements (blue and 
green lines) and the predicted values (red and orange lines) at 
almost all the points in the sample, and only slight deviations 
are observed at the extreme ends. The scatter plot in Fig. 10(b) 
shows a close cluster of training points (blue stars) on the 
optimal line, whereas the test points (red stars) have a reasonable 
linear relationship with a low level of scatter, a finding that is 
in line with the high value of R2 for the test.

Fig. 10. Results for the SVR-based HC emission model: (a) actual 
vs. predicted values; (b) scatter plot; (c) box plots

From the boxplots in Fig. 10(c), it can be seen that the 
interquartile ranges and medians for the predicted values 
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are very close to those of the real values on both the training 
and test sets, and the overall distributions are similar, with 
no major systematic bias. On the whole, it is possible to say 
that the SVR model is extremely efficient and consistent in 
the prediction of HC emissions in DME-powered engines. 
The combination of near-perfect training fit, good test 
performance, and high visual agreement means that it can 
be integrated into multi-objective optimisation systems, such 
as SA, to find the optimal engine parameters to reduce HC, 
NOx, and CO.

The XGBoost model was built to predict unburned 
hydrocarbon (HC) emissions from a DME-diesel-fuelled 
compression-ignition engine based on experimental 
input data. Hyperparameter tuning yielded an effective 
configuration consisting of 320 estimators (within the 
range 100–600), a  learning rate value of 0.05 (from the 
range 0.01–0.2), a maximum tree depth of six (from the 
range 3–8), a subsample ratio of 0.8 (from the range 0.6–
1.0), and a column sampling ratio of 0.75 (from the range 
0.6–1.0), as listed in Table 2. These parameters allowed this 
model to account for important nonlinear interactions that 
affect the formation of HC while keeping the complexity 
reasonably low. The values of the performance measures 
represented a moderate predictive ability. On the training 
data, the R2 score for XGBoost was 0.754, representing 
75.4% variance in HC emissions, while the MSE was 15.01, 
the MAPE was 0.085 (8.5%), and KGE was 0.815. On the 
unseen test set, the model yielded values of R2 = 0.686 (68.6% 
variance explained), MSE = 15.58, MAPE = 0.098 (9.8%), and 
KGE = 0.609. The relatively low increase in MSE and small 
reduction in KGE from the training to the test data indicate 
acceptable generalisation, although the overall reduction in 
R2 indicates difficulties in fully accounting for the variability 
of low concentration HC emissions, which is likely to be 
a result of dataset and measurement noise.

Fig. 11. Results for the XGBoost-based HC emission model: (a) actual  
vs. predicted values; (b) scatter plot; (c) box plots 

A comprehensive visual evaluation of the results is given in 
Fig. 11. From Fig. 11(a) (line plot of actual vs. predicted results 
for the training and test datasets), it can be seen that there is 
good tracking between the actual (blue and green lines) and 
predicted (red and orange lines) values for the majority of 
sample points, with some notable deviations mainly at the ends 
of the HC range. In Fig. 11(b) (scatter plot of actual vs. predicted 
values), the training points (blue stars) have a moderate level 
of fit to the ideal 45° dashed line, and the test points (red stars) 
have a greater amount of scatter, as would also be aligned 
with the R2 test. 

Fig. 11(c) (boxplot of the actual vs. predicted values) shows 
that the median and interquartile ranges for the predicted 
values are similar to those of the actual values on both the 
training and test sets, with similar overall distributions, 
despite the presence of a few outliers in the training set. 
Overall, acceptable performance of the XGBoost model was 
observed in terms of the predictability of HC emissions, 
with moderate performance during training, and moderate 
test generalisation.

Tab. 2. Optimised values of the training hyperparameters 

Target Model Hyperparameter Tested Range Best Value

NOx

SVR

kernel RBF, linear RBF

C 1–500 150

epsilon 0.01–0.3 0.08

gamma scale, 0.01–0.5 0.05

XGBoost

n_estimators 100–600 350

learning_rate 0.01–0.2 0.06

max_depth 3–8 5

subsample 0.6–1.0 0.9

colsample_bytree 0.6–1.0 0.8

CO

SVR

kernel RBF, linear RBF

C 1–500 120

epsilon 0.01–0.3 0.05

gamma scale, 0.01–0.5 scale

XGBoost

n_estimators 100–600 280

learning_rate 0.01–0.2 0.04

max_depth 3–8 4

subsample 0.6–1.0 0.85

colsample_bytree 0.6–1.0 0.9

HC

SVR

kernel RBF, linear, poly RBF

C 1–500 200

epsilon 0.01–0.3 0.1

gamma scale, 0.01–0.5 0.03

XGBoost

n_estimators 100–600 320

learning_rate 0.01–0.2 0.05

max_depth 3–8 6

subsample 0.6–1.0 0.8

colsample_bytree 0.6–1.0 0.75
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Tab. 3. Results of a statistical evaluation of the models

Target Model Metric Train Test

NOx

SVR

R2 0.982 0.820

MSE 2246.68 38382.7

MAPE 0.038 0.175

KGE 0.970 0.674

XGBoost

R2 0.963 0.928

MSE 5782.01 6437.37

MAPE 0.054 0.060

KGE 0.969 0.806

CO

SVR

R2 0.966 0.854

MSE 0.00 0.00

MAPE 0.074 0.141

KGE 0.970 0.751

XGBoost

R2 0.855 0.731

MSE 0.00 0.00

MAPE 0.157 0.480

KGE 0.883 0.746

HC

SVR

R2 0.992 0.854

MSE 0.46 10.89

MAPE 0.018 0.056

KGE 0.967 0.770

XGBoost

R2 0.754 0.686

MSE 15.01 15.58

MAPE 0.085 0.098

KGE 0.815 0.609

CONCLUSION

This research involved the development and validation of 
a computational framework that integrated advanced ensemble 
machine learning with SA optimisation. An efficient model 
prediction/optimisation framework was proposed for the 
minimisation of emission from DME-diesel-fuelled compression-
ignition engines. Comprehensive experimental data from 
a commercial direct injection diesel engine study were used for 
modelling and optimisation.

Both the SVR and XGBoost models showed good predictive 
performance for all types of targeted emissions, but SVR 
performed especially well for NOx and HC due to its capacity to 
handle nonlinear relationships well. Correlation and distribution 
analyses also confirmed load-dominated NOx formation and the 
positive effect of DME on HC suppression. The use of SA with 
the trained predictive models allowed the framework to handle 
multiple optimisation objectives, involving the identification of 
sets of engine parameters leading to optimal NOx, CO, and HC 
emissions, while maintaining acceptable thermal efficiency and 
power output.

This work fills an important gap in the existing literature through 
the synergistic coupling of high-fidelity emissions prediction with 
global stochastic optimisation for DME combustion systems. 
The methodology described here is scalable, computationally 
efficient and adaptable to other alternative fuels. Future efforts 

should be directed towards real-time implementation, validation 
with various engine architectures, and combinations of renewable 
DME production pathways to further improve the lifecycle 
sustainability. Ultimately, the proposed approach offers a clean, 
efficient transportation method that is consistent with global 
decarbonisation and emissions reduction objectives.
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