
Academic Editor: Roberto Finesso

Received: 13 October 2025

Revised: 6 November 2025

Accepted: 13 November 2025

Published: 18 December 2025

Citation: Gong, S.; Liu, W.; Luo, J.;

Fang, Z.; Gao, X. Experimental and

Modelling Study on the Performance

of an SI Methanol Marine Engine

Under Lean Conditions. Energies 2025,

18, 6607. https://doi.org/10.3390/

en18246607

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Experimental and Modelling Study on the Performance of an SI
Methanol Marine Engine Under Lean Conditions
Shishuo Gong 1 , Weijie Liu 1,2,3,*, Junbo Luo 1, Zhou Fang 1 and Xiang Gao 1,2,3

1 State Key Lab of Clean Energy Utilization, State Environmental Protection Engineering Center for Coal-Fired
Air Pollution Control, Zhejiang University, Hangzhou 310027, China; xgao1@zju.edu.cn (X.G.)

2 Zhejiang Baima Lake Laboratory, Hangzhou 310051, China
3 Jiaxing Research Institute, Zhejiang University, Jiaxing 314000, China
* Correspondence: liuwj2023@zju.edu.cn

Abstract

This study presents the experimental and modelling investigation of the performance of an
SI methanol marine engine operating under lean conditions. The effects of spark timing
and excess air ratio on combustion characteristics, engine performance, and emissions are
explored. Multiple machine learning models, including Support Vector Machines (SVM),
Artificial Neural Network (ANN), LightGBM, and Random Forest (RF), are employed to
predict the engine performance and emission characteristics. Experimental results show
that as spark timing advances, the combustion phase advances, with the burn duration
being extended. When the excess air ratio is less than 1.35, there exists an optimal spark
timing, corresponding to a maximum brake thermal efficiency. The optimal spark timing
exhibits an advancing tendency along with increasing excess air ratio. HC emission is
primarily determined by the excess air ratio and shows no significant variation under
the different spark timings. NOx emission is initially increased and then decreased with
advancing spark timing. Compared with ANN, LightGBM, and RF, SVM demonstrates a
superior predictive accuracy, with R2 values for engine performance exceeding 0.98 and
R2 values for emissions above 0.92.

Keywords: SI methanol marine engine; lean combustion; spark timing; excess air ratio

1. Introduction
Maritime shipping accounts for more than 80% of global international freight traffic,

making it a major contributor to global greenhouse gas (GHG) emissions [1]. To address
GHG emissions from maritime shipping, the International Maritime Organization aims
to achieve net-zero GHG emissions from the global shipping industry by around 2050.
The EU’s Fit for 55 proposes a reduction of at least 55% in GHG emissions by 2030 [2]. As
regulations are increasingly stringent, developing alternative fuels has become an effective
way to achieve GHG reductions [3,4].

Methanol has emerged as a promising alternative fuel [5]. The low heating value of
methanol is 20.06 MJ/kg, while the octane number is 109. The characteristics of methanol,
including high octane number, high laminar flame speed, and large latent heat of vaporiza-
tion [6–8], provide the engine with high anti-knock capability, enhanced efficiency, and low
emissions. Zhu et al. [9] found that the brake thermal efficiency (BTE) increased by 3% and
COVIMEP was kept below 2% when methanol was applied to an SI natural gas engine. Chen
et al. [10] revealed that the peaks of in-cylinder pressure and heat release rate were highest
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when fueled with methanol, as compared to ethanol and n-butanol. In recent years, lean
combustion has served as an effective strategy to further enhance the thermal efficiency and
the emission characteristics in methanol-fueled engines [11,12]. Zhao et al. [13] reported
that the indicated thermal efficiency (ITE) of the engine fueled by methanol increased by
2.39% and NOx emission decreased by 72.17% under an optimal excess air ratio. Kim
et al. [14] determined that lean burning could reduce specific fuel consumption by up to
27.5% and NOx emissions by up to 83.4% in a direct injection engine. With the ability to
enhance efficiency and reduce emissions, methanol also exhibits considerable potential as a
clean and efficient fuel for marine engines.

Methanol is predominantly utilized in a dual-fuel mode for marine engines. Engine
control parameters, including spark timing, injection timing, and excess air ratio, signif-
icantly influence the combustion characteristics, engine performance, and emissions of
the methanol engine. Gong et al. [15] numerically found that delaying spark timing could
reduce NO emissions, but CO, methanol, and formaldehyde emissions increased. Duan
et al. [16] proved that delaying injection timing could reduce NO emissions but increase
CO, methanol, and formaldehyde emissions. They also concluded that delaying spark
timing could reduce CO and NO emissions but lead to a reduction in BTE. Ning et al. [17]
reported that increasing the methanol substitution rate and delaying the methanol injection
timing could improve engine BTE, while reducing THC and CO emissions. Yin et al. [18]
investigated the engine operating range and performance under different methanol en-
ergy substitution ratio (ESR) conditions. The results indicated that the maximum ESR can
reach 65.1% at full engine load, and the maximum ESR under 79.5% load condition could
reach 52.4%. Current research on methanol marine engines mainly focuses on dual-fuel
combustion, while studies on pure methanol operation remain limited. Further research is
required to investigate the impact of key parameters on the performance of pure methanol
marine engines.

The large number of key parameters leads to prolonged experimental cycles and
increased procedural complexity in investigating their impact on engine performance.
Consequently, the application of machine learning to enable rapid and accurate prediction
of the effects on engine performance has become a hot topic of research. Amin et al. [19]
employed an ANN to predict the impact of fuel composition on engine performance,
achieving high accuracy with close agreement between the predicted and experimental data.
Wang et al. [20] constructed the SVM-based model to predict engine cycle variations. Using
a genetic algorithm, the model achieved high predictive accuracy, attaining an R2 value
of 0.9972 and a mean squared error of 0.0197 for CoVCA10-90. Rahimi et al. [21] developed
a wavelet neural network (WNN) coupled with a stochastic gradient algorithm (SGA)
to predict performance and exhaust emissions, obtaining satisfactory results. However,
different machine learning models exhibit varying applicability. It is necessary to develop
machine learning models according to operating conditions for improving both predictive
accuracy and efficiency.

This study presents an experimental and modelling study on the performance of
an SI methanol marine engine under lean conditions. Experiments were conducted on a
methanol marine engine to investigate the effects of spark timing and excess air ratio on
combustion characteristics, engine performance, and emissions. Machine learning was
employed to construct predictive models of engine performance based on experimental
measurements. A comparative analysis was conducted to evaluate the predictive accuracy
of four machine learning models. In this paper, the experimental setup, test procedure, and
predictive models are presented in Section 2. Section 3 outlines the effects of key parameters
on the combustion characteristics, engine performance, and emissions. Additionally, the
predictive accuracy of different models is compared. The results are expected to optimize



Energies 2025, 18, 6607 3 of 18

the BTE and emission characteristics of methanol marine engines, while providing an
accurate predictive model to shorten experimental cycles.

2. Methodology
2.1. Experimental Setup

A schematic diagram of the experimental setup is shown in Figure 1. The experimental
setup includes a modified engine, fuel supply system, control system, and measurement
system. The experiments were conducted on a four-cylinder, four-stroke, naturally aspi-
rated SI engine modified from a marine diesel engine. The major modifications included
adjusting the compression ratio from 17:1 to 12.5:1 to avoid knocking in the methanol
engine, mounting spark plugs at diesel injector holes, installing methanol injectors on the
intake manifold, and installing an oxygen sensor on the exhaust manifold. The detailed
engine parameters are shown in Table 1. Methanol was delivered to the port injection rail
and injectors via N2 pressurization. The spark timing (ST), injection parameters, and excess
air ratio (λ) were controlled by an electronic control unit (ECU).

Figure 1. Schematic diagram of the experimental setup.

Table 1. Engine specifications.

Parameters Specification

Number of cylinders Inline 4-cylinder
Displacement (L) 4.214

Bore (mm) 108
Stroke (mm) 115

Compression ratio 12.5:1
Number of valves 2

IVO/IVC (◦CA aTDC) 327/606
EVO/EVC (◦CA aTDC) 114/378

The dynamometer was directly coupled with the test engine to load and measure the
engine torque and speed. A flowmeter (CODA KC Series, Alicat from Shanghai, China)
was utilized to measure the consumption of methanol. The in-cylinder pressure data was
captured by a pressure sensor (6054BR, Kistler from Shanghai, China) with a resolution of
0.1 ◦CA. Subsequently, the data with 200 cycles was processed in a combustion analyzer
(Kibox2, Kistler from Shanghai, China). The emissions data was sampled by an exhaust gas
analyzer (MGA6, MRU from Beijing, China).

In this article, the engine speed was maintained at 1400 rpm, and the coolant tempera-
ture was maintained at 348 ± 5 K. The experiment was conducted at room temperature and
atmospheric pressure. The methanol injection pressure was set to 0.9 MPa. The methanol
injection pulse width was kept at 9 ms with a single injection per cycle. Various experiments
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were conducted under excess air ratios ranging from 1.0 to 1.4. Meanwhile, spark timing
was swept from −21 ◦CA aTDC to −45 ◦CA aTDC with an increment of 3 ◦CA aTDC. The
operation conditions are summarized in Table 2.

Table 2. Operating conditions.

Parameters Value

Engine speed (rpm) 1400
Excess air ratio 1.0~1.4

Spark timing (◦CA aTDC) −21~−45
Coolant temperature (K) 348 ± 5

End of injection (◦CA aTDC) −240
Intake pressure (bar) 1.0

Injection pressure (MPa) 0.9
Injection pulse width (ms) 1400

2.2. Data Processing

Heat release rate (HRR) is calculated using cylinder pressure and cylinder volume
according to [22]

HRR =
k

k − 1
p

dV
dθ

+
1

k − 1
V

dp
dθ

(1)

where k is the specific heat ratio, V is the cylinder volume, θ is the crankshaft angle, and p
is the in-cylinder pressure.

Brake thermal efficiency (BTE) is defined as the ratio of effective work to total fuel
heat value. BTE can be calculated by following [23]:

BTE =
W

mmethanol × LHVmethanol
(2)

where W is the brake work, mmethanol is the mass of methanol injection per second, and
LHVmethanol is the low heat value of methanol.

The indicated mean effective pressure (IMEP), defined as the indicated work per unit
volume per cycle, is used to evaluate the utilization of the cylinder working volume and
can be calculated by following [24]:

IMEP = Wi/Vd (3)

Wi =
∫

pdV (4)

where Vd is the cylinder displacement, Wi is the indicated work per cycle.
The coefficient of variation in IMEP (COVIMEP) is used to evaluate the combustion

stability and can be calculated by following [25]:

COVIMEP =
σIMEP
MIMEP

× 100% (5)

σIMEP =

√√√√√ n
∑

i=1
(IMEPi − MIMEP)

2

n − 1
(6)

MIMEP =

n
∑

i=1
IMEPi

n
(7)
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where σIMEP is the standard deviation of IMEP, MIMEP is the mean of IMEP, IMEPi is the
IMEP value for a particular cycle, and n represents the number of cylinder pressure data
points collected for each operating condition, which is 200 in this study.

2.3. Machine Learning Models of the Methanol Engine

Machine learning methods were applied to predict the performance of the engine.
In this study, Support Vector Machines (SVM), Artificial Neural Network (ANN), and
LightGBM were employed to predict the engine performance and emission characteristics
based on experimental data. Five controllable parameters: the engine speed, spark timing,
air flow rate, methanol heat release rate (per second), and calorific value of methanol were
employed as inputs. The outputs of the model include engine performance (brake torque,
brake power, BTE, BSFC), and emissions (HC, NOx).

SVM is a supervised learning algorithm commonly employed for both classifica-
tion and regression tasks. By introducing kernel functions, SVM can be used for high-
dimensional linear problems [26]. Based on the Karush–Kuhn–Tucker condition and kernel
tricks, the original linear regression function can be converted into a nonlinear function. In
this study, the radial basis function is employed as a kernel function. Both the regularization
parameter C and kernel coefficient γ are sampled from a log-uniform distribution. C is
within the range of 1 and 1000 while γ is within the range of 0.0001 and 0.1. The solution
function for nonlinear regression problems can be expressed as

f (x) =
N

∑
i=1

(αi − α∗i )K(xi · x∗i ) + b (8)

where xi is the support vector, N is the number of support vectors, and K(xi · x∗i ) is the
kernel function.

The Gaussian kernel function is used:

K(xi, xj) = exp(−xi − x2
j ) (9)

where xi and xj represent feature vectors.
ANN is a machine learning model inspired by the structure of biological neurons. It is

widely used in tasks such as classification, regression, and pattern recognition. In this paper,
ANN consisted of an input layer, two hidden layers, and an output layer. Each hidden
layer comprised 32 neurons. The mathematical formula for the ANN can be expressed
as [27]

y = f (
N

∑
i=1

wixi − θ) (10)

where wi is the input node, xi is the weight, θ is the threshold, f is the activation function,
and y represents the output.

The Sigmoid function is used as the activation function to introduce a nonlinear
relationship:

f (x) =
1

1 + e−x (11)

LightGBM is a machine learning algorithm based on the gradient boosting decision
tree (GBDT) framework [28]. It integrates multiple weak decision trees to gradually fit
residuals and improve the predictive performance of the model. In this study, LightGBM
model was developed based on Gradient Boosting Decision Trees, with a learning rate of
0.05, a maximum of 15 leaf nodes, and a maximum tree depth of 4. This configuration
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effectively mitigated overfitting while maintaining the model’s learning capability. The
prediction results can be expressed as

f (x) =
N

∑
i=1

w(x) (12)

where f (x) is the sum of the output values w(x) of all decision trees.
RF is an ensemble learning algorithm proposed by Breiman. It constructs multiple

decision trees and averages their results [29]. In this study, the random forest model
consisted of 100 decision trees without constraints on maximum tree depth. The final
prediction result can be expressed as

h(x) =
1
N

N

∑
i

h(x, θi) (13)

where h(x) is the model prediction result, N is the number of decision trees, x is the input
feature vector of the model, θi is the randomly distributed feature vector, and h(x, θi) is the
prediction result based on x and θi.

A total of 612 experimental datasets were employed to train and validate the machine
learning models. To optimize data utilization and improve prediction accuracy, experi-
mental data with CO levels exceeding 6000 ppm were identified as outliers and removed
from the dataset during preprocessing. The inputs and outputs were standardized to zero
mean and unit variance based on their respective characteristics. The experimental data
were randomly divided into a training set (80%) and a test set (20%) to ensure a reliable
evaluation of the model’s performance on unseen data. Considering the limited size of
the experimental dataset, 3-fold cross-validation was employed to evaluate the model’s
generalization capability.

The coefficient of determination (R2) and root mean square error (RMSE) were selected
as evaluation indicators for the model in this study. R2 was used to measure the model’s
ability to explain fluctuations in the output variable, with a value range of [0, 1]. The closer
the value is to 1, the better the model fits. RMSE represents the average error between
the predicted value and the actual value. Smaller values indicate higher model prediction
accuracy. The formulas for R2 and RMSE are shown below:

R2 =

N
∑

i=1
(ŷi − y)2

N
∑

i=1
(yi − y)2

(14)

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − y)2 (15)

where ŷi is the predicted value, yi is the actual value, and y is the average of actual values.

3. Results and Discussion
3.1. Combustion Characteristics

Figure 2 shows the curves of in-cylinder pressure and heat release rate at different
spark timings and excess air ratios. Figure 2a plots the variation in in-cylinder pressure and
HRR under different spark timings when the excess air ratio is 1.2. It is observed that the
peak of in-cylinder pressure increases while the peak of HRR decreases gradually with the
advance in spark timing. The combustion phase moves toward top dead centre (TDC) as
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spark timing advances, resulting in a more isochoric combustion and an increasing peak of
in-cylinder pressure [30]. The in-cylinder pressure and HRR traces shift to TDC, while the
shape of the cylinder pressure and HRR traces undergo insignificant changes with spark
timing advancing. An exception is observed at ST = −21 ◦CA aTDC, where the initiation of
combustion is shifted into the decline phase of in-cylinder pressure, leading to a bimodal
in-cylinder pressure trace.

(a) (b) 

Figure 2. In-cylinder pressure and heat release rate at different (a) spark timings and (b) excess
air ratios.

The in-cylinder pressure and HRR curves at different excess air ratios under the spark
timing of −33 ◦CA aTDC are presented in Figure 2b. The peaks of in-cylinder pressure
and HRR are observed to increase with excess air ratio ranging from 1.0 to 1.1. However,
a gradual decline is observed as the excess air ratio increases from 1.1 to 1.35. Lean
combustion reduces flame propagation velocity with increasing excess air ratio, resulting
in broadened traces of in-cylinder pressure and HRR with delayed peaks [31].

Figure 3 demonstrates the effect of spark timing and excess air ratio on the maximums
of in-cylinder pressure (Pmax) and HRR (HRRmax) with corresponding crank angles. As
shown in Figure 3a, Pmax monotonically increases with spark timing advancing under
all excess air ratio conditions. As the excess air ratio increases from 1.0 to 1.35, Pmax

initially increases and then decreases. Specifically, Pmax reaches the maximum at λ = 1.1 for
ST = −21 ◦CA aTDC to −36 ◦CA aTDC and at λ = 1.2 for ST = −39 ◦CA aTDC to −45 ◦CA
aTDC. However, excessive intake leads to an over-lean mixture, resulting in a reduction
of Pmax. Pmax crank angle advances with advancing spark timing, while it delays as the
excess air ratio increases. Severe combustion instability is observed at a spark timing of
−21 ◦CA aTDC and the excess air ratio of 1.35. Correspondingly, Pmax occurring near TDC
is generated by the piston compression rather than by combustion.

It can be determined from Figure 3b that HRRmax gradually decreases with advancing
spark timing for the excess air ratio ranging from 1.0 to 1.3. This is due to the fact that burn
duration increases with advancing spark timing, resulting in a reduction in the HRRmax.
An exception is observed at the excess air ratio of 1.35. The volumetric fuel concentration
increases with the spark timing advancing, resulting in a gradual rise of HRRmax. As the
excess air ratio increases from 1.0 to 1.35, HRRmax initially increases and then decreases.
HRRmax crank angle advances with advancing spark timing, while it is delayed as the
excess air ratio increases. HRRmax is observed to be much lower when spark timing is
−21 ◦CA aTDC, and the excess air ratio is 1.35 due to combustion instability.
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(a) (b) 

Figure 3. Effect of (a) spark timing and (b) excess air ratio on Pmax and HRRmax with corresponding
crank angles.

The start and end points of combustion are defined as 5% (CA05) and 90% (CA90)
of the cumulative heat release, respectively. Figure 4 presents the combustion phases
under different spark timings and excess air ratios. The effect of spark timing on the
entire combustion process under the excess air ratio of 1.2 is illustrated in Figure 4a. The
entire combustion process is extended by 33% as spark timing advances from −21 ◦CA
aTDC to −45 ◦CA aTDC. CA05 advances from after to before TDC with advanced spark
timing, while the crank angle of CA90 exhibits no significant variation. During the entire
combustion process, the proportion of ignition delay decreases from 49.8% to 41.9%, the
proportion of CA05-CA50 drops from 15.8% to 11.7%, while the proportion of CA50-CA90
increases from 34.4% to 46.4%.

As shown in Figure 4b, ignition delay shows no significant variation when spark
timing advances from −21 ◦CA aTDC to −33 ◦CA aTDC, while it gradually increases with
further advanced spark timing. As spark timing advances, the in-cylinder temperature and
pressure have not reached the optimal levels when the spark discharge occurs, which slows
the formation of a fireball and consequently prolongs ignition delay [32]. Ignition delay is
prolonged as the excess air ratio increases from 1.0 to 1.35. The increase in excess air ratio
reduces the concentration of methanol and decreases flame propagation velocity, resulting
in an increase in ignition delay.

The variations in CA05-CA50 and CA50-CA90 under different spark timings and
excess air ratios are presented in Figure 4c. CA05-CA50 is not significantly affected by
spark timing when the excess air ratio ranges from 1.0 to 1.2. When the access air ratio is 1.3
and 1.35, the earlier initiation of combustion leads to elevated in-cylinder temperature and
pressure during the compression stroke, which accelerates the combustion rate and shortens
the duration of CA05-CA50. As the excess air ratio increases, the reduced flame propagation
velocity prolongs CA05-CA50 with increasing excess air ratio. CA50-CA90 is observed to
increase with advancing spark timing under all excess air ratio conditions. The advancing
spark timing shifts CA05-CA50 closer to TDC, which reduces combustion intensity during
the power stroke. Consequently, the in-cylinder pressure declines more rapidly during
the power stroke, extending the duration of CA50-CA90. CA50-CA90 decreases as the
excess air ratio increases from 1.0 to 1.35. The oxygen concentration promotes the oxidation
of methanol combustion intermediates and shortens the CA50-CA90. Compared with
CA05-CA50, CA50-CA90 exhibits high sensitivity to both spark timing and excess air ratio,
resulting in an extension of burn duration with advancing spark timing and a reduction
with increasing excess air ratio, as shown in Figure 4d.
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(a) (b) 

(c) (d) 

Figure 4. Effect of spark timing and excess air ratio on (a) the entire combustion process, (b) ignition
delay, (c) CA05-CA50 and CA50-CA90, and (d) burn duration.

Figure 5 shows the effect of spark timing and excess air ratio on IMEP and COVIMEP.
In this study, COVIMEP = 5% is defined as the threshold for stable combustion in the
cylinder [33]. Within the excess air ratio ranging from 1.0 to 1.3, an optimal spark timing
maximizing IMEP is observed at −33, −33, −36, and −39 ◦CA aTDC under the correspond-
ing excess air ratios. Meanwhile, a consistent increase in IMEP is obtained with rising
excess air ratio. Advancing spark timing beyond the optimum point generates excessively
high in-cylinder pressure during the compression stroke, which increases negative work
and consequently reduces IMEP [34]. At an excess air ratio of 1.35, negative work is re-
duced by the lean mixture, allowing IMEP to monotonically increase with advancing spark
timing. Within the excess air ratio range of 1.0 to 1.3, COVIMEP is initially decreased and
then slightly increased with spark timing delay. However, at the excess air ratio of 1.35
and spark timing of −21 ◦CA aTDC, unstable combustion is induced by the lean mixture
combined with delayed ignition, resulting in a significant increase in COVIMEP.
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Figure 5. Effects of spark timing and excess air ratio on IMEP and COVIMEP.

3.2. Engine Performance and Emission Characteristics

The contour plot illustrating engine BTE under different spark timings and excess air
ratios is presented in Figure 6. It can be seen that the engine BTE generally increases with
advancing spark timing and increasing excess air ratio. Under the excess air ratio of 1.4 and
the spark timing of −45 ◦CA aTDC, the methanol engine exhibits the maximum BTE. BTE
initially increases and then decreases with spark timing advancing when the excess air ratio
is less than 1.35. Earlier spark timing results in higher pressure in the compression stroke,
while later spark timing leads to increased exhaust loss, both reducing the BTE [35]. As the
excess air ratio advances within this range, an optimum spark timing that maximizes BTE
(BTEmax) is observed for each condition. When the excess air ratio exceeds 1.35, the piston’s
negative work is reduced by the lean mixture, resulting in a monotonic increase in BTE. As
the excess air ratio increases, BTEmax exhibits an increasing trend due to the increased mass
of air in the cylinder and the enhanced combustion [36], with the corresponding optimum
spark timing showing an advance tendency. As the excess air ratio increases from 1.0 to
1.4, BTEmax is observed to increase by 5.9%, with the corresponding optimum spark timing
advancing from −33 ◦CA aTDC to −45 ◦CA aTDC.

Figure 6. Variation in BTE under different spark timings and excess air ratios.

The energy distribution is analyzed to further investigate the trend of engine thermal
efficiency. The total calorific value of methanol is partitioned into five parts: incomplete
combustion loss, heat transfer loss, pumping, friction, and BTE. Figure 7 shows the effect of
spark timing and excess air ratio on the engine energy balance. As shown in Figure 7a, the
incomplete combustion loss generally increases as spark timing advances at the excess air
ratio of 1.2. In this study, the incomplete combustion loss primarily included unburned
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methanol, methanol escape, and the wet-wall phenomenon. The high incomplete combus-
tion loss is primarily attributed to the occurrence of the wet-wall phenomenon. The heat
transfer loss includes exhaust heat loss and coolant heat loss. As spark timing advances
from −21 ◦CA aTDC to −45 ◦CA aTDC, the heat transfer loss is decreased by 5.4%. Pump-
ing and friction exhibit negligible variation with spark timing advancing. This indicates
that the initial increase in BTE with advancing spark timing is primarily driven by the
reduction in heat transfer loss. And the subsequent decrease is predominantly attributed to
the rise in incomplete combustion loss.

  
(a) (b) 

Figure 7. Energy balance at different (a) spark timing and (b) excess air ratio.

As shown in Figure 7b, at the spark timing of −33 ◦CA aTDC, increasing the excess air
ratio from 1.0 to 1.35 provides sufficient oxygen, promoting fuel combustion and reducing
incomplete combustion loss by 6.6%. Meanwhile, the heat transfer loss increased by 4.2%.
Raising the throttle opening increases the intake air resistance and reduces pumping.
Under lean conditions, the in-cylinder pressure during the compression stroke is reduced,
decreasing piston load and friction. These observations indicate that the improvement of
BTE under lean conditions is primarily attributed to reductions in incomplete combustion
loss, pumping, and friction. BTE is observed slightly lower at the excess air ratio of 1.35,
owing to increased heat transfer loss.

Figure 8 illustrates the impact of spark timing and excess air ratio on HC and NOx
emissions. As shown in Figure 8a, the effect of spark timing on HC emission varies
under different excess air ratios. When the excess air ratio ranges from 1.0 to 1.1, the in-
cylinder fuel concentration is relatively high, and HC emission is reduced with spark timing
advancing. At the excess air ratio of 1.2, advancing spark timing under lean conditions
lowers exhaust gas temperature, which hinders HC oxidation [16], resulting in increased
HC emission. When the excess air ratio ranges from 1.3 to 1.35, a non-significant variation
in HC emission is observed with advancing spark timing. Compared with spark timing,
HC emission is primarily determined by excess air ratio. The increased excess air ratio
elevates in-cylinder oxygen content, promoting methanol combustion and reducing HC
emissions as the excess air ratio ranges from 1.0 to 1.3. The HC concentration remains
below 400 ppm under all spark timings when the excess air ratio is 1.3. At an excess air
ratio of 1.35, combustion instability leads to elevated HC emissions. HC emissions are
reduced by 74.8% at the spark timing of −33 ◦CA aTDC as the excess air ratio increases
from 1.0 to 1.35.
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(a) (b) 

Figure 8. Effect of spark timing and excess air ratio on (a) HC and (b) NOx emissions.

Figure 8b presents the variation in NOx at different spark timings and excess air ratios.
As spark timing advances, NOx emission initially decreases and then increases, typically
reaching the minimum at spark timing of −27 ◦CA aTDC or −30 ◦CA aTDC. According
to the Zeldovich mechanism, the formation rate of NOx is primarily determined by high
temperature, pressure, and oxidation concentration. Although oxidation concentration is
increased as the excess air ratio increases, the lean mixture significantly reduces the peak
temperature in the cylinder [37], resulting in a 91.0% reduction in NOx emission at the
spark timing of −30 ◦CA aTDC.

3.3. Machine Learning Modelling for Methanol Engine Performance

The original dataset contained 612 samples, of which 561 were retained for model
training and validation after preprocessing and standardization. The predictive accuracy
of four models for engine performance and emission characteristics is compared.

The comparison of predicted values based on SVM with experimental values for engine
performance and emission characteristics is presented in Figure 9. The x-axis and y-axis
represent the experimental and predicted values, respectively. For engine performance, the
test data points are closely aligned with the line x = y, except for a few outliers. The slope of
the fitted line approaches 1, and the R2 values of brake torque, brake power, BTE, and BSFC
all exceed 0.98, indicating high predictive accuracy of SVM. For emission characteristics,
the slope of less than 1 for HC indicates an underestimation at higher HC emission levels.
The R2 values of HC and NOx both exceed 0.92, indicating that the predictive accuracy of
SVM for emission characteristics remains satisfactory.

Figure 10 compares the predicted and actual values of the SVM model for engine
performance and emission characteristics and presents the scatter plot comparing the
experimental with predicted values based on SVM. The predicted values of performance
features generally align with experimental values, with minor deviations observed at
low values for brake torque and brake power and at high values for BSFC. The RMSE
of brake torque, brake power, BTE, and BSFC are 1.0403 N·m, 0.1397 kW, 0.2389%, and
8.0469 g/kW·h, respectively. Prediction errors are relatively pronounced for HC emissions,
with part of the HC data significantly deviating from predictions. The general trends for
emissions remain largely consistent with experimental observations.



Energies 2025, 18, 6607 13 of 18

Figure 9. Linear regression plot between predicted and experimental values of SVM model for engine
performance and emission characteristics.
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Figure 10. Comparison between predicted and actual values of SVM model for engine performance
and emission characteristics.

Table 3 compares the R2 and RMSE for each output parameter across four models. SVM
demonstrates superior predictive accuracy for engine performance, attaining R2 values
exceeding 0.98 for brake torque, brake power, BTE, and BSFC, outperforming those of ANN,
LightGBM, and RF. For emissions, the R2 value for HC in the SVM is 0.9242, lower than those
of LightGBM and RF but still within an acceptable range. The R2 value for NOx in SVM is
0.9482, significantly higher than that of the other models. For ANN, LightGBM, and RF, the
R2 values for engine performance all exceed 0.92, exhibiting acceptable predictive accuracy.
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LightGBM and RF exhibit high accuracy in predicting HC with the R2 values of 0.9894 and
0.9486, respectively, while the R2 value in ANN is 0.8541. The R2 values for NOx emissions
in ANN, LightGBM, and RF all exceed 0.83 but are lower than 0.9. Machine learning
models, including SVM, ANN, LightGBM, and RF, all demonstrate reliable predictive
accuracy for engine performance and emission characteristics. SVM exhibits the most
favourable comprehensive performance, demonstrating superior ability to capture the
nonlinear relationship between inputs and outputs with limited experimental datasets.

Table 3. Comparison of SVM, ANN, LightGBM, and RF models for output parameters.

R2 RMSE

SVM ANN LightGBM RF SVM ANN LightGBM RF

Brake Torque (N·m) 0.9874 0.9496 0.9760 0.9245 1.0403 2.0818 1.4367 2.5469
Brake Power (kW) 0.9905 0.9802 0.9764 0.9516 0.1397 0.2016 0.2197 0.3147

BTE (%) 0.9867 0.9670 0.9806 0.9476 0.2389 0.3764 0.2886 0.4739
BSFC (g/kW·h) 0.9829 0.9573 0.9797 0.9379 8.0469 12.7104 8.7745 15.3364

HC (ppm) 0.9242 0.8541 0.9894 0.9486 294.0108 407.7730 110.1627 241.9497
NOx (ppm) 0.9482 0.8951 0.8687 0.8399 195.9359 278.8169 311.9660 344.5104

A 3-fold cross-validation was conducted to assess the robustness of the SVM model,
and the MSE values are summarized in Table 4. Owing to the limited volume of experi-
mental data, the MSE values are relatively high. The MSE values range from 0.02 to 0.08 for
engine performance and from 0.2 to 0.4 for emissions. The MSE for each parameter shows
minimal variation across folds, indicating that the SVM model demonstrates relatively high
robustness on the current dataset.

Table 4. Results of 3-fold cross-validation for the SVM mode.

Train MSE

Fold 1 Fold 2 Fold 3

Brake Torque (N·m) 0.0586 0.0524 0.0459
Brake Power (kW) 0.0355 0.0331 0.0272

BTE (%) 0.0639 0.0565 0.0465
BSFC (g/kW·h) 0.0765 0.0675 0.0614

HC (ppm) 0.3216 0.2687 0.2213
NOx (ppm) 0.2541 0.2147 0.2094

4. Conclusions
This study presents experimental and modelling investigations on the performance of

an SI methanol marine engine operating under lean conditions. The effects of spark timing
and excess air ratio on combustion characteristics, engine performance, and emissions are
explored to improve the performance of the methanol marine engine. SVM, ANN, Light-
GBM, and RF are developed to predict engine performance and emissions characteristics.
An accurate predictive machine model is provided to shorten experimental cycles. The
main conclusions are as follows:

As spark timing advances, the combustion phase advances, with burn duration being
extended. In addition, CA05 advances from after to before TDC, and the crank angle of
CA90 remains nearly constant. When the excess air ratio is less than 1.35, IMEP and BTE
reach their maximum at the optimal spark timing. The corresponding optimal spark timing
exhibits an advancing tendency with increasing excess air ratio. The spark timing has little
influence on the HC emission; however, a significant variation in HC emission is observed
with increasing excess air ratio. NOx first decreases and then increases with the advance
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in spark timing, typically reaching the minimum at spark timing of −27 ◦CA aTDC or
−30 ◦CA aTDC.

SVM, ANN, LightGBM, and RF all exhibit high accuracy in predicting engine perfor-
mance, with R2 values for brake torque, brake power, BTE, and BSFC all exceeding 0.94.
The trends of predicted data show strong agreement with experimental data. Compared
with ANN, LightGBM, and RF, SVM achieves R2 values exceeding 0.98 for engine perfor-
mance and 0.92 for emission characteristics, indicating the most favourable comprehensive
performance of SVM.

Future research will focus on further improving the thermal efficiency, extending the
lean–burn limits, and achieving clean, efficient, and stable operation of methanol-fueled
marine engines. More experimental data will be used to increase the accuracy of the
predictive model.
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