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Abstract: The transition to net-zero mobility, aligned with global decarbonization targets, has intensified interest in
methanol as a clean combustion fuel and carbon-neutral energy carrier. When optimally blended, methanol’s
high-octane rating, strong charge-cooling effect, and inherent oxygen content enhance brake thermal efficiency
(BTE), improve premixed combustion, and suppress knock in both spark- and compression-ignition engines. This
study integrates meta-analysis, physics-informed modelling, and machine learning to establish predictive
relationships between methanol blend ratio, start-of-injection (SOI) phasing, and engine performance. Meta-analysis
revealed a significant positive correlation between SOI advancement and BTE (r = 0.74, 95% CI: 0.60–0.85), with
moderate heterogeneity (I² = 38–45%). Optimal performance was achieved at methanol blend ratios of 25–30% with
SOI between −30° and −35° CA aTDC, balancing efficiency gains with emission constraints. Quantitative model
evaluation demonstrated high predictive accuracy (R² ≈ 0.99, RMSE < 0.30), exceeding typical machine learning
combustion models (R² ≈ 0.91–0.97). SHAP-based sensitivity analysis confirmed that methanol blend ratio (0.125 ±
0.015) and SOI (0.082 ± 0.010) are dominant parameters controlling system behaviour. Model comparison showed
that XGBoost achieved the highest accuracy (MAE = 0.01 °CA, RMSE = 0.02 °CA, R² = 0.985), outperforming
Random Forest (R² = 0.90) and the physics-informed correlation model (R² = 0.93), while linear regression exhibited
inferior performance (R² = 0.90) due to its inability to capture nonlinear interactions. Residual analysis (±0.4 BTE)
and validation with 95% confidence bands (±0.42 BTE) confirmed strong predictive reliability and generalisation.
The integration of carbon capture and utilization (CCU) pathways with methanol synthesis further supports
closed-loop CO₂ utilisation, reinforcing methanol’s potential in carbon-neutral and carbon-negative applications.
Overall, the findings highlight the importance of adaptive, AI-driven SOI optimisation and integrated CCU
strategies for advancing next-generation low-emission engine systems.

Keywords: Decarbonization; Carbon capture and storage; Physics informed machine learning; Combustion ignition
engines; SOI optimization; Sensitivity analysis

Nomenclature
TSA - Temperature swing adsorption PtMeOH - Power-to-Methanol
CCU - Carbon capture and utilization DPF - Diesel particulate filters
IRR - Internal Rate of Return GTL - Gas-to-Liquid
SCR - Selective catalytic reduction SOI - Start of Injection
aTDC - After top dead center NOx - Nitrogen oxides (NO, NO2)
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PFI - Port Fuel Injection Da - Damköhler number
WIT - Water injection timing WFR - Water-fuel ratio
IMEP - Indicated mean effective pressure EOI - End of injection timing
IRGR - In- cylinder reforming gas recirculation ECE - Energy conversion efficiency
PPCI - Partially premixed compression ignition TRLs - Technology readiness levels
GSDR - Gas Switching Dry Reforming EGR - Exhaust gas recirculation
R² - Coefficient of determination CI - Confidence interval
MAE - Mean absolute error RF - Random Forest
CES - Combined effect size (meta-analysis) SHAP - SHapley Additive exPlanations.

Graphical Abstract

1. Introduction
In response to energy security concerns and escalating climate change, the majority of which have

been generated by human activities since the pre-industrial era (Razak et al., 2025; Riffat et al., 2026),
there is an urgent need for clean and sustainable energy carriers capable of accelerating global
decarbonization. Fossil fuel burning remains the principal source of anthropogenic greenhouse gas
emissions, mainly CO2 (Bakhsh and Cantino, 2025; Shen and Yang, 2026). This highlights the need for a
shift towards carbon-neutral or even carbon-negative energy sources. Methanol's liquid form makes it an
enticing option among renewable alternatives, including CO₂ hydrogenation and renewable energy (Olah
et al., 2018; Bos et al., 2020).

Methanol has several advantages over conventional fuels (Table 1). Experimental studies have shown
that even minimal methanol mixing with other fuels can improve engine combustion performance by
boosting efficiency at lower temperatures while lowering hydrocarbon (HC) and carbon monoxide (CO)
emissions (Berber, 2019; Duan et al., 2023). These findings are supported by studies on a wide range of
engine applications, including spark ignition engines (SIE) (Duan et al., 2023), compression ignition
engines (CIE) (Karvounis et al., 2023), internal combustion engines (Zhen and Wang, 2015), and gas
turbines (Wu et al., 2024).

The Intergovernmental Panel on Climate Change (IPCC) highlights the importance of limiting global
warming to 1.5oC through policies such as reducing energy intensity, accelerating decarbonization, and
developing carbon capture technologies (Vitillo et al., 2022), and this call to action emphasizes
renewable energy as a key component of climate mitigation. Carbon capture and utilization (CCU)
decrease CO₂ emissions and turns them into useful fuels like methanol. Meanwhile, carbon capture and
methanol synthesis can simultaneously solve global warming and energy demand concerns, as well as
long-term environmental goals (Scripps, 2025), especially when supported through machine learning
optimization (Samavedam et al., 2026; Ajuka and Enweremadu, 2026).
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Table 1. Multi-criteria comparison of methanol with selected alternative fuels for engine application,
storage, compatibility, environmental performance, and market readiness (IEA, 2021; Xing et al., 2021).

Criteria Methanol Ethanol Biodiesel Hydrogen Ammonia Natural Gas
(CNG/ LNG)

Source
Versatility

Can be made from
CO2 + H2, biomass,
municipal waste, or

electricity
(power-to-methanol)

Biomass-based
only

Vegetable
oil/fatty
acid

feedstock

Water
electrolysis
or natural

gas
reforming

Electrolysis or
fossil ammonia

routes

Fossil (but
also biogas
origin

possible)

Liquid at
Ambient
Conditions

Yes (easy storage,
handling, and
transport)

Yes Yes

No (needs
compression

or
liquefaction)

Yes, but toxic and
corrosive

CNG is
compressed;
LNG requires
cryogenics

Engine
Compatibility

Works in
spark-ignition (SI),
dual-fuel CI, and

modified CI engines

SI engines

CI
engines
(with
limited
blends)

Requires
new engine
platforms

Requires special
ignition systems

With minor
modifications

Combustion
Cleanliness

Low soot, high
flame speed, no

sulfur
Moderate soot More soot

and NOx

Zero carbon,
but NOx
possible

Zero carbon, but
high NOx

Moderate
CO2 and

methane slip
Octane
Number /
Knock

Resistance

Very high (RON
approximately110),
excellent anti-knock

properties

High (RON
approximately108) Low

N/A (not
used in SI
engines)

N/A Moderate

CO₂
Neutrality
Potential

High (when made
from renewable
CO2 and H2)

Medium (depends
on agricultural

input)
Medium

Zero-carbon
if green
hydrogen

Carbon-free (but
lifecycle
dependent)

Fossil-based
mostly

Infrastructure
Compatibility

Can use existing
pipelines and tanks

with minor
modifications

Similar Similar

Needs
dedicated
pipelines
and tanks

Needs
corrosion-resistant
infrastructure

High-pressure
tanks and

compressors

Toxicity &
Safety

Toxic if
ingested/inhaled;

flammable
Lower toxicity Low

toxicity

Explosive
and

leak-prone

Toxic, pungent,
and corrosive

Risk of
methane leaks

(GHG
potential)

Production
Energy Cost

Moderate,
decreasing with
green H₂ scale-up

Low to moderate Moderate High (if
green)

High
(electrolysis-based

routes)

Moderate to
low

Market
Readiness /
Maturity

Moderate – growth
in marine, industrial,

and road fuel
applications

High High Low
(nascent) Low to moderate High

Table 1 shows that methanol may be produced from captured CO2 and renewable hydrogen,
consequently promoting circular carbon cycles and negative-emission pathways when combined with
renewable energy systems (Xing et al., 2021). Unlike gaseous options such as hydrogen or ammonia,
methanol is a liquid at ambient temperatures and is compatible with present engine topologies, requiring
only minor modifications for deployment. Its favorable combustion features, such as low soot emission,
high laminar flame speed, and latent heat of vaporization, enhance charge cooling and allow for cleaner,
more efficient combustion than diesel or biodiesel (Yao and Yao, 2023). Methanol is easier to handle,
store, and transport than hydrogen or natural gas because it does not require high-pressure tanks or
cryogenic infrastructure (Duan et al., 2023). When produced from renewable sources, it is carbon-neutral;
however, future integration with onboard or exhaust-based carbon capture technologies may allow for
carbon-negative operation (Wu et al., 2024).

Methanol (CH₃OH) has been used as an engine fuel since the early 1900s. It was first employed in
aviation and motorsports due to its high-octane rating and clean combustion. During the 1930s, European
Grand Prix racing used methanol-based mixes (usually M86 mixed with acetone, nitrobenzene, and ether)
to boost combustion performance (Germane, 1985). Later, in the United States and China, methanol and
its blends were examined for use in flexible-fuel vehicles to diversify fuel supply and minimize
petroleum dependence (Yao and Yao, 2023; Bromberg and Cheng, 2021). Beyond transportation,
methanol has long been utilized in model aircraft engines, racing applications, and tractor pullers due to
its high ignition temperature, super-octane equivalent, anti-freeze capacity, and ability to suppress engine
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deposits (Bromberg and Cheng, 2021). Meanwhile, methanol fires are also more manageable than
petroleum fires, being extinguishable with water.

Recently, interest has shifted to renewable methanol (green methanol), manufactured from collected
CO2 and hydrogen supplied by renewable energy. A balance of combustion emissions with captured CO2
during synthesis is an approach that can provide a closed carbon loop and considerably reduce net
greenhouse gas emissions. In another ecofriendly form, renewable methanol is equally appropriate for SI
and dual-fuel CI engines because of its low soot generation, high oxygen content, and great knock
resistance. Figure 1 displays current research trends, highlighting the growing importance of renewable
methanol in decarbonizing energy-intensive sectors.

Figure 1. Trend in Renewable Fuel Types (2005-2025) [Sciencedirect.com]. Note: RH - Renewable
hydrogen, RNG - renewable natural Gas, RM - renewable methanol, RE - renewable ethanol, RA -
renewable ammonia, RB - renewable biodiesel.

Figure 1 supplemented the annual releases on various renewable fuel types, and observation shows
that renewable hydrogen and methanol have consistently dominated in recent years, indicating robust
research and deployment, which may be linked to the decarbonization of heavy industries and transport.
RH and RM are on a more stable upward trend, showing mature technology and acceptance. RNG has
shown unpredictability in recent years, peaking in 2023-2024, possibly because of waste-to-energy
projects and methane capture incentives. Meanwhile, RE and RA continually increase with moderation,
with RE peaking after 2023, RA's application increased after 2021, and RB's low count in comparison to
others implies market saturation or replacement by other fuels.

Other comparative benefits of RM include the renewable methanol’s (RM) clean energy transition
potential. It is extremely versatile, serving as a direct transportation fuel, a gasoline blend component, an
IMO sulfur-compliant marine fuel, and a feedstock for olefins, formaldehyde, and other chemicals.
Unlike renewable hydrogen, RM allows for simple storage, transit, and use in existing fuel infrastructure
without modification. Its production from CO2 and green hydrogen promotes carbon recycling and
supports carbon-neutral or even carbon-negative pathways, particularly when biogenic CO2 sources are
used. RM production is more energy-efficient and cost-effective than hydrogen generation as it utilizes
current industrial processes like biomass, municipal waste, or CO2-H2 synthesis. Increased popularity in
the maritime sector demonstrates RM's regulatory compliance and practical scalability, while its lower
toxicity and explosion risk compared to hydrogen and ammonia enhances safety during handling and
operation (Methanol Institute, 2018).

1.1. Knock, Miscibility and Injection
Methanol has excellent knock-resistant characteristics, which makes it ideal for use in internal

combustion engines (Yao and Yao, 2023). Its high-octane rating (RON 52-57, MON 31-34) and
improved knock resistance enable higher compression ratios than gasoline (RON 33-40) without
detonation, thereby increasing thermal efficiency. Its high latent heat of vaporization (1100 kJ/kg, close
to four times that of gasoline) provides a strong charge-cooling effect, lowering intake mixture
temperatures by 20–30 °C, reducing peak in-cylinder temperatures, and suppressing knock. With an
approximate of 50% oxygen by mass, methanol promotes more complete combustion, minimizes carbon
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deposits, and reduces hot-spot-induced knock. Experimental studies show that methanol–gasoline blends
(M15–M85) extend knock-limited spark advance by 3–8 crank-angle degrees in spark-ignition engines,
while suppressing knock under high-load dual-fuel diesel–methanol conditions, enabling downsizing
and turbocharging without compromising durability (Schröder et al., 2020). From a combustion theory
perspective, knock suppression involves shortening normal flame propagation time to the end-gas (t₁)
while extending the time before end-gas auto-ignition (t₂) (Kalwar et al., 2023). Although knocks are
linked to auto-ignition, not all auto-ignitions induce knock (Netzer et al., 2019), as shown in Figure 2.
Auto-ignition modes can be classified by temperature gradient into laminar flame propagation,
deflagration, detonation, or thermal explosion (Bradley et al., 2022). The Damkohler effect estimated
through the Damkohler number (Da) defines the ratio of chemical reaction time to transport time
(equation 1), where molecular viscosity (ν) and laminar flame speed (Sₗ) are key parameters, with
coefficient fc typically assumed unity (Keum and Kuo, 2019). When Da ≫ 1, reactions proceed faster
than transport, and allow mixture to reach ignition temperature rapidly, increasing auto-ignition
probability further explains ignition through the ratio of diffusion to reaction timescales (Hayashi et al.,
2022).

�� = ��
��

(1)

where; �� = ν
��

2, and �� = �� × ���.

Conversely, Da ≪ 1 indicates transport dominance, slowing ignition and reducing auto-ignition
likelihood. Da is widely applied in combustion research, including flameless combustion design (Rasaq
et al., 2025), reactor sizing and scale-up (Otalvaro Marín and Machuca Martínez, 2020), residence
time–kinetics trade-offs in methanol steam reforming (Wijaya et al., 2012), and soot reduction studies in
non-premixed flames (Attili et al., 2015). The relevance of Da is further demonstrated by its
methanol-specific behaviour. According to Wang et al. (2023), there is a negative temperature
coefficient (NTC) behaviour under fuel-rich circumstances at elevated pressures, where rising Da
increase’s reaction dominance and decreases reaction rates with temperature. Similarly, Stauch and Maas
(2008) demonstrated that increasing ambient temperature elevates Da, accelerating chemical kinetics and
making transport more rate-limiting, hence influencing ignition delay.

These behaviours are closely linked to knock reduction approaches such as delayed ignition time
(DIT), fuel enrichment, and the use of high-octane fuels (Zhen et al., 2012). Methanol's soot-free
combustion and octane properties are beneficial, but its downsides include low energy density, poor
diesel miscibility, corrosivity, and poor lubrication (Paltrinieri et al., 2019). Methanol's gasoline-like
properties (Bromberg and Cheng, 2010) and renewable production paths, such as CO2 hydrogenation
with green hydrogen (Wang et al. 2026), support its position in the sustainable energy transition.

Figure 2. Variation of knock intensity (KI), auto- ignition timing (AT), knock probability (KP), and
auto- ignition probability as a function of methanol ratio (MR). Line plots represent knock intensity and
auto- ignition timing. Adapted from (Zhou et al., 2022).
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The figure illustrates the combined influence of methanol addition on knock behaviour and
combustion phasing under the different operating conditions. The rising influence of methanol
percentage on ignition delay and knock behaviour at low blend levels (0-4.5%) demonstrates that knock
intensity begins slowly but rapidly grows, while auto-ignition probability which exceeds 70%, indicates
high reactivity and unstable combustion (Figure 3). At moderate fractions (6-7.7%), the most severe
knock conditions occur, with severity peaking at 6 bar and likelihood remaining around 80%. Knock
becomes more noticeable as auto-ignition approaches TDC, indicating a critical blending window where
methanol destabilizes combustion, and higher ratios (≥11.5%) lead to lower knock intensity, likelihood,
and auto-ignition. This shift focuses on methanol's cooling and evaporation effects, which stabilize
combustion and delay ignition timing at ATDC, implying a safer operating regime. Whether neat or
blended, Methanol is entirely miscible with water, causing flame extinction during droplet burning and
deviating from the normal d²-law. Low Damkohler numbers limit chemical heat release in the liquid
sphere, causing extinction at crucial droplet sizes (Yu et al., 2024; Rehage and Kind, 2020).
Higher-carbon isomers are recommended to reduce phase instability in gasoline-methanol combinations
(Xu et al., 2023). Impurities such as ethanol or halide ions improve electrical conductivity, increasing the
danger of electrochemical and galvanic corrosion in simple methanol (Figure 3), while a mixture of
gasoline-methanol-ethanol have poor conductivity (approximately 10 µS/m) (Geng et al., 2025).

Figure 3. Electrical conductivity values gasoline + EtoH + MeoH. Adapted from Li et al. (2022).

Methanol fuel standards vary globally. In Europe, the Fuel Quality Directive (2009/30/EC) and EN
228 allow up to 3 vol.% methanol in gasoline. In the U.S., ASTM D4814-10a permits 0.3–2.75 vol.%
with butanol or higher alcohols, while the EPA 'Octamix waiver' allows 2.5–5 vol.% co-solvents. China’s
national standard authorizes allows for 85% (M85), with provincial regulations allowing 5–100% blends,
reflecting diverse regulatory and infrastructural contexts (Methanol Institute, 2020).

1.2. Optimal Injection Ratio for Knock Suppression
Methanol acts efficiently as anti-knock agent in gasoline engines, owing to its high latent heat of

vaporization, which reduces the tendency to knock and lowers combustion temperature (Yates et al.,
2010). Methanol's charge-cooling action, chemical influence, and octane sensitivity all work together to
minimize knock, with cooling being particularly effective in both plain methanol and blended fuels
(Wang et al., 2019). Liu et al. (2024) found that direct water injection in high-compression-ratio engines
improved knock suppression and droplet dispersion. The ideal timing (−80 °CA) reduced mixture
temperatures below 760 K. At ignition timings of 2°CA and −3°CA, thresholds for water-fuel ratios (0.4
and 0.6) were identified, with knock severity decreasing as WFR increased. Nonetheless, challenges
persist, particularly in mixture formation, as noted by Wei et al. (2023) and highlighted in Table 2.
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Table 2.Methanol Injection-Emission Studies on Engines
Work done Mechanism/Process Remark/Outcome Reference

The influence of injecting
methanol into a gasoline
engine under heavy load
conditions (1500 rpm, 120
kPa) as an anti-knock agent
using a modified low-flow
direct injection within the

cylinder highload
turbo-charged port was
investigated in this study.

The impact of methanol
injection timing and methanol
ratio on knock suppression was
examined using early and late
injection timings, auto-ignition
timing, and knock intensity (KI)

and knock probability to
quantify the knock.

The report states that the timing of methanol injection has a
significant impact on combustion and that injecting fuel near the
BDC may result in the greatest knock reduction. Toward the end
of the compression stroke, a low methanol ratio will make the
knock phenomenon more intense. In the meantime, when

methanol was supplied late in the compression stroke, neither
high nor low methanol ratios significantly decreased the knock

or increased its intensity.

Yu et al.
(2024)

The impact of knock
combustion and direct
injection on knock
suppression were

examined in this study
using a single-cylinder,
naturally aspirated SI
engine with a high

compression ratio of 15.

The methanol engine's
knocking characteristics with a
stoichiometric mixture was
assessed under port fuel

injection mode. To minimize
the knocking combustion, they
used a methanol direct injection
technique to maximize the
charge cooling effect.

Knocking combustion was found to occur at medium and high
loads, intensify at indicated mean effective pressure (IMEP) of

0.7 MPa, and produce random heavy knock cycles with
ultra-high knock intensity at 2.5% frequency. The maximum
oscillating pressure amplitude reached 2.39 MPa. They
determined that pre-ignition from specific hot spots in the

combustion chamber was the cause of the loud knock. To reduce
the knock intensity by 14.3%, they recommended an ideal split

injection rather than a single injection.

Duan et al.
(2022)

A 0.55L single-cylinder
engine with a compression
ratio of 10.9:1 running at
800 kPa net IMEP and
1500 RPM was used to

investigate how
water-methanol injection
affected the performance
of gasoline direct injection

engines.

With a baseline test that did not
involve water injection, direct
injection tests were carried out
using gasoline fuel mixed with

10% ethanol (E10).
Additionally, port injection was

used with four different
mixtures: 100% methanol, 50%
water + 50% methanol, 75%
water + 25% methanol, and

100% water.

Since the combustion phase is sensitive at advanced spark
timings, they found that adding water and water-methanol

blends improved the engine's combustion stability and reduced
IMEP fluctuation. Furthermore, the combined effects of an

improved combustion phase and increased charge cooling result
in lower exhaust gas temperatures when water and

water-methanol mixes are added.

Miganakallu
et al. (2020)

Study examines the
injection strategy on a
heavy-duty SI-methanol

engine's injection
technique for knock

suppression and thermal
efficiency through
cylinder-to-cylinder

variation.

The impact of an intake stroke
with high injection pressure was

established using both
simulation and

experimentation, considering
the relationship between intake

flow and spray.

It was observed that the spray and intake flow strongly interact
to create a more uniform and drop in the temperature mixture
that lengthens the end-gas ignition delay. As opposed to the
knock propensity, at injection timing (αinj) of 320oCA to

480oCA, the combustion speed and thermal efficiency first rise
and subsequently fall. The homogenous mixture leads to higher
thermal efficiency with a faster combustion speed record at αinj
of 380oCA, while the higher temperature of 480oCA causes

knock tendency, which shows a significant cylinder-to-cylinder
variation in knock tendency with respect to in-cylinder

temperature and pressure.

Zhu et al.
(2022)

The impact of injection
timing (αinj) on methanol's
combustion, emissive
properties, and mixture
formation process was

investigated.

A HD PFI SI engine running on
pure methanol was used for

simulations and experiments to
study mixture formation at
injection timing (αinj)
temperatures of 240oCA,

360oCA, and 480◦CA. as well as
up to 720◦CA in terms of

emissions.

Premix and spray were the best mixture among the three mixture
formations reported at the corresponding injection timing (αinj)
temperatures: premix and spray, spray, and premix and spray.

This was determined by homogeneity and lowering the
in-cylinder mixture temperature. The leaner mixture near the
spark plugs and the lower mixture lengthened or retarded
CA0-10, CA10-90, and CA50, which resulted in a reduced
engine brake thermal efficiency (BTE) at αinj of 120◦CA to
300◦CA due to the combustion characteristics. On the other
hand, CO emissions decreased while HC emissions first

increased and then decreased, whereas αinj varied between
0◦CA and 720◦CA. The CO and HC emissions were caused by
the richer mixture volume in the combustion chamber region
and the in-cylinder mixture temperature, respectively. The HC
emission was caused by the richer mixture region in the fissure

formed by the piston and liner.

Feng et al.
(2024)

The study examined the
effects of the methanol
direct injection technique
on the combustion and

emission characteristics of
a dual-fuel turbocharged
engine running at a high

load of 1500 rpm.

Five distinct methanol injection
timings were investigated at
various methanol energy

substation ratios. These timings
ranged from − 330◦ CA to − 60◦

CA ATDC. Among the
attributes examined was the

optimal injection and emissions.

The findings demonstrate that varying injection timings had
distinct effects on engine combustion and emission parameters.
The result of ending the injection timing of methanol (EOI) at
180◦ CA ATDC was the fuller atomization of methanol, which
had the lowest knock intensity, the highest IMEP, the largest
NOx emissions, and delayed combustion and decreased the
combustion rate. They concluded that the optimal injection
strategies were EOI = − 180◦ CA ATDC and an energy

substation ratio range of 4.6% to 8.9%.

Shen et al.
(2023)

This study examined the
potential benefits of high
CR and methanol direct
injection (MDI) for
enhancing engine
performance using a
1.5-liter spark ignition

passenger car engine and a
miller cycle.

The engine was evaluated
utilizing methanol and gasoline
in stoichiometric combustion at
BMEPs of 1.1 MPa and 1.5

MPa with CR11.5, CR13.8 and
CR15.3. The performance cases
of CR11.5 and CR15.3 with
gasoline and methanol were
compared under low burn

combustion.

Fuel economy for gasoline decreases when CR is increased from
11.5 to 15.3 under stoichiometric combustion, but methanol
exhibits the exact opposite trend. An elevated CR of 15.3 and
MDI increased BTE to 43.3% at λ (excess air/fuel ratio) of 1.0,

while a further application of lean burn increased BTE of
methanol by 44.9% at CR15.3. This contrasts with 37.4% of
gasoline at CR11.5. In the meantime, high CR and MDI

prolonged combustion times for all designated λs, but because of
their greater surface/volume ratio and flame dowsing, and at
high λs, they released more CO and THC than low CR with

gasoline.

Lee et al.
(2020)
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Table 2 shows that methanol injection strategy strongly governs combustion phasing, knock
suppression, and emission formation. Across the reviewed studies, advanced or optimized SOI generally
improves premixing and thermal efficiency, whereas delayed injection tends to reduce NOₓ at the
expense of increased CO/HC and lower combustion efficiency. Water–methanol or split-injection
strategies further enhance knock mitigation by strengthening charge cooling and improving combustion
stability. Overall, the evidence confirms that injection timing remains a primary control variable in
determining the efficiency–emission trade-off in methanol-fuelled engines.

Despite its benefits, methanol combustion still emits CO2, and its lower heating value compared to
traditional hydrocarbon fuels results in efficiency losses. Furthermore, because to its corrosive nature,
specialist materials and lubrication procedures are required to maintain long-term engine durability
(Xing et al., 2021). These constraints highlight the need for enhanced injection tactics, effective
after-treatment systems, and adaptable engine designs to fully realize methanol's potential as a
sustainable fuel. Recent studies have increasingly focused on integrating carbon capture technology
directly into mobile combustion systems. While they are widely established in stationary applications,
their use in vehicles and distributed power generation is still in its early stages. New technologies, such
in-cylinder adsorption, post-combustion exhaust separation, and CO2 exhaust gas recycling, show
promise for reducing emissions at the source (Yao and Yao, 2023; Lee et al., 2020). Coupled with
renewable methanol, such capture-enhanced systems could surpass carbon neutrality, enabling
carbon-negative operation. However, technological obstacles arise during integration. Fuel spray
atomization, penetration, and evaporation significantly impact combustion efficiency and CO₂ exhaust
distribution, impacting capture feasibility (Zhou et al., 2022). While ex-situ CO2-to-methanol conversion
has great selectivity, scaling in-cylinder procedures is hindered by catalyst stability under
high-temperature, high-pressure conditions. Advances in computer modelling, catalyst creation, and
hybrid integration offer exciting opportunities, but practical implementation remains elusive. This study
assesses the technological maturity and feasibility of large-scale CO2-methanol integration.

Although methanol combustion and CO₂ utilization have each been widely studied, their integration
remains insufficiently quantified from the standpoint of injection control, combustion optimization, and
predictive system-level modelling.

To address these gaps, the present study advances a unified hybrid modelling framework for
methanol-fuelled combustion systems that explicitly integrates three components that are usually treated
separately in previous existing studies: (i) quantitative meta-analysis of published start-of-injection
(SOI), blend ratio, efficiency, and emission data; (ii) physics-informed surrogate modelling to preserve
mechanistic consistency between combustion phasing and engine response; and (iii)
machine-learning-based prediction and optimization of brake thermal efficiency (BTE) under emission
constraints. The novelty of this work lies not only in combining these methodological layers within a
single computational pipeline, but also in using the meta-analytic evidence as statistical priors and the
physics-based relationship as a governing constraint for model training. This integrated framework
improves interpretability, reduces purely empirical model dependence, and provides a scalable basis for
predictive control of methanol combustion systems under practical injection–blend–emission trade-offs.
Therefore, the main contributions of this study are threefold: (1) to synthesize methanol combustion
evidence into a harmonized quantitative database focused on SOI, blend ratio, BTE, and emissions; (2) to
develop a physics-informed predictive framework that constrains machine learning with
combustion-relevant relationships; and (3) to identify the coupled influence of SOI and methanol blend
ratio on efficiency–emission trade-offs through validated optimization.

2. Methanol Potential Pathways
Most methanol produced globally is still made from fossil fuels, primarily synthesis gas, which is

made from coal or natural gas and is made up of carbon dioxide (CO2), hydrogen (H₂), and carbon
monoxide (CO). GHG emissions during the lifecycle are largely caused by these pathways. while
methanol combustion continues to release CO2. Additionally, its relatively low heating value and
corrosive properties present challenges for durable, high-efficiency engine applications (Xing et al.,
2021). Renewable methanol, by contrast, can be synthesized through catalytic hydrogenation of captured
CO2 with renewable hydrogen, producing methanol and water (Eq. 2):

CO2 + 3 H2 → CH3OH + H2O (2)

This sustainable approach mitigates environmental consequences and promotes low-carbon
transitions. Municipal solid waste, agricultural wastes, forestry byproducts, and renewable hydrogen are
all used as feedstock (Methanol Institute, 2019). Renewable methanol emits approximately 95% less CO₂
and 80% less NOₓ than fossil fuels and eliminates SOₓ and particulates (Deka et al., 2022). Its integration
with carbon capture and storage (CCS) via pre-, post-, or oxy-fuel processes enhances decarbonisation
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(Lyons et al., 2021). Figure 4 depicts the different synthesis paths, with ethanol-producing locations
providing promising opportunities for renewable methanol, particularly when wind or nuclear energy is
abundant (Cordero-Lanzac et al., 2022). When renewable hydrogen generation efficiency is around 70%,
energy conversion efficiency (ECE) increases to around 49% (Giuliano et al., 2020).

Figure 4. Typical Pathways for CO₂-to-Methanol Conversion. Adapted from (Chen et al., 2019; Ren et
al., 2022).

The mechanistic interpretation of Figure 4 shows the principal pathways involved in CO2
hydrogenation to methanol. Three dominant routes are recognized: the formate pathway, carboxyl
pathway, and CO (carbon monoxide) pathway, each characterized by distinct intermediate species and
reaction sequences. In the formate pathway, CO2 is initially converted to formate species (monodentate
or bidentate), which undergo sequential hydrogenation to formalin, formaldehyde, and ultimately
methanol (Chen et al., 2019; Ren et al., 2022). The carboxyl pathway proceeds through the formation of
cis- or trans-bidentate carboxyl intermediates, followed by hydrogenation to carbene diol and subsequent
dehydration to yield methanol directly (Liang et al., 2023). Alternatively, the CO pathway operates via
two sub-branches: direct hydrogenation of CO to carbene diol and methanol (Zhu et al., 2020), or
through a formyl route, wherein successive hydrogenations transform CO to formyl (–CHO),
formaldehyde, and methoxy (–OCH₃) intermediates before culminating in methanol (Higham et al.,
2025). Collectively, these pathways involve stepwise hydrogenation, dehydration, and rearrangement
reactions that converge toward methanol as the ultimate product, highlighting the mechanistic versatility
of CO₂ reduction chemistry.

2.1. Renewable Methanol, Storage and Carbon Capture Potential
The CO2 capture and storage process begins with exhaust in ICEs, which are the main source of

emissions. A waste heat recovery (WHR) system extracts thermal energy from hot exhaust gases, which
can then be reused in downstream processes and improve overall system efficiency. Dehumidification
removes moisture and preserves sorbent materials from deterioration, ensuring effective CO2 capture
optimal performance, and after drying, the exhaust stream is selectively separated using solid sorbents or
structured adsorbent beds, resulting in a concentrated CO2 stream.

Captured CO2 is compressed and stored in high-pressure tanks for transportation and downstream use
in processes including EOR, carbonation, and permanent geological sequestration. This sequential
approach ensures that waste energy recovery is fully integrated with capture and storage processes.
Figure 5 depicts the system configuration and emphasizes its importance in furthering its cycling for
low-carbon engine applications.
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Figure 5. Representative design of a mobile carbon capture system for a vehicle showing a crank
position (θ). Adapted from (Ye et al., 2025; Kim et al., 2024). Note: (1) Installer tool, (2) Crankshaft
front oil seal, (3) Timing cover (front assembly), (4) WHR System, (5) Dehumidification of moisture
(separation), (6) CO2 (adsorption/desorption) capture, (7) CO2 compressed storage.

Ultra-low carbon green methanol, derived from biomass or other negative-carbon resources, is still
scarce and approximately twice the cost of conventional bunker fuels (Dziejarski et al., 2023).
Nonetheless, production is likely to grow in tandem with increased demand, particularly in shipping,
where Maersk has been deploying methanol-fuelled vessels since 2023 (Wu et al., 2025). Integrating
carbon capture into injection-driven systems brings potential and challenges, as spray atomization,
penetration, and evaporation influence combustion efficiency and CO2 distribution. Co-optimization is
necessary for optimal real-time capture (Zhou et al., 2022).

2.2. Carbon Capture Constraints
Carbon dioxide (CO2) emissions are the primary cause of global warming (Methanol Institute, 2023),

and coal consumption remains prevalent in many industrialized nations (Shuangchen et al., 2013), with
coal-fired power plants being a major contributor to CO2 emissions. Hence, mitigation efforts should
prioritize capturing and recycling CO2 for beneficial applications (Zhang and Guo, 2014). The most
established technique in carbon capture and utilization (CCU) pathways is post-combustion capture.
Methanol production with CCU typically involves amine-based absorption, such as MEA, or
sorption-enhanced techniques, followed by catalytic hydrogenation (Djettene et al., 2024). These
techniques greatly cut CO2 emissions and provide methanol feedstock; however, CO2 hydrogenation is
exothermic and kinetically limited, with conversion efficiencies of 15-25%. This requires improved
reactor design and thermal control (Sajnani et al., 2025), and according to the report, integrated systems
that include biomass valorisation, water electrolysis, and variable feedstock can reach carbon efficiencies
of up to 80% while allowing for decentralized methanol production at competitive costs of €0.69-2.31/kg
(Nathrath et al., 2025). Emerging direct air capture (DAC) systems powered by renewable heat may
enable carbon-negative methanol (Li et al., 2024), making CCU critical for the heavy industries like
natural gas power production, because flexible plants produce CO2 while balancing fluctuating
renewables (Hanson et al., 2025). Studies on ammonia-based absorption, direct hydrogenation,
electrolysis, and chemical looping show increases in efficiency and competitiveness, but constraints,
such as electrical carbon intensity, pressure sensitivity, and material costs remains. Table 3 summarizes
the technology, efficiencies, and problems.



260

Table 3. CO₂ Capture–to–Methanol Conversion Pathways and Optimization Strategies
Nature of work done Technological Adaptation Remarks Reference
Study evaluated an
industrial-scale

methanol
manufacturing

process that used wet
hydrogen and

ammonia-based CO2
capture with solvent
split and double tower

absorption.

Using a multi-criteria evaluation
of ammonia-CO2 capture having
double tower absorption and
solvent split, as well as wet
hydrogen for industrial-scale
methanol synthesis, the

demonstration further recorded
CO2 capture rate, NH3 loss rate,

CO2 conversion rate, and
energy-saving factors.

It was noted that optimizing the integrated process
with exergy analysis made it highly efficient, and a
double-tower absorption process ensured higher rates

of CO2 capture at lower rates of NH3 loss. They
reported an average reboiler duty energy savings of
11.50% (13.39 to 11.85 MJ/kgCO2), and condenser
duty reduction of 11.36%. They concluded that the
total exergy loss was reduced by 14.8%. The strategy
achieved additional 8% CO2 conversion rate increase

to reach 25%.

Yang et al. (2023)

Study utilized an
alternative CO2
utilization-based

pathways involving
process design and
LCA for producing

methanol

Using Aspen engineering suite,
the CO2 capture process included
direct CO2 hydrogenation, dry
reforming and tri-reforming

pathways. Flue gas of a cement
kiln was used as the CO2 source

for the

Their research indicates that the direct CO2
hydrogenation process is a green choice if the GHG
intensity of the electricity is less than 0.17 kg CO2
equivalent per kWh of electricity. Furthermore, they
found that the process's thermal efficiency was still
lower than that of dry reforming, despite being higher
(47.8% LHV) than that of dry reforming (40.6%

LHV).

Khojasteh
Salkuyeh et al.

(2021)

To decarbonize the
chemical process
industry, the study

assessed the potential
of using "green"

methanol (MeOH),
which is generated
using renewable

electricity.

1.25 ton per hour of collected
CO2 from a coal-fired power
station was converted to
methanol using the created

model, which was based on green
hydrogen through water

electrolysis. To improve the
integrated carbon capture,
electrolysis, and methanol
synthesis plant's thermal

management, a pinch analysis
methodology (PAM) was

applied.

By reducing heating and cooling demands by 81% and
47%, respectively, the PAM made it possible to save
4.59 MW of thermal energy and increased global

efficiency from 26.74% to 37.22%.
Additionally, they provided an estimated levelized

cost of methanol (LCOM) with an IRR range of 0% to
10%. They determine that, at an assumed 10%
objective, the LCOM of hydropower renewable

energy sources ranges from 874 to 1356 €/t, which
was near the MeOH projected market price, with a
margin of improvement (655 to 1135 €/t) if electric

energy costs decline.

Battaglia et al.
(2021)

Study re-examines the
GSDR potential for

CO2 and CH4
greenhouse gases
conversion into

syngas and further to
methanol using based
on chemical looping

technology.

Three steps made up the process
cycle: first, a metal oxide/catalyst
is reduced using GTL off-gases to
produce CO2 (and steam), which
is then sent to the next reforming
step to synthesize syngas for GTL
processes. After that, the metal
oxide is reoxidized to provide the
heat required for the endothermic

dry methane reforming.

Report from the study revealed that the GTL
processing involved further processing of syngas

(H2/CO) into methanol at a molar ratio between 1 and
2, experimentally. They observed that gas conversion

is negatively impacted by pressure. Through
simulation and experimentation (ASPEN), they were
able to show that the methanol manufacturing plant

could incorporate the GSDR method.

Ugwu et al.
(2022)

This study examined
the environmental
opportunity cost of
utilizing renewable
energy sources for
carbon capture and
utilization in the

methanol production
process.

Study examined 14 different
cases to determine the net CO2
emissions when CCU methanol

offsets the production of
conventional methanol. These
scenarios included CO2 capture
from three sources: coal power

plants, combined and
conventional natural gas, and

photovoltaics, wind, and the grid,
as well as the generation of H2
using electricity from three

sources.

They observed that, over the 14 cases, the CO2 averted
by using RE on the grid is 660–11960 kg CO2/ton
methanol higher than that from manufacturing CCU
methanol. They suggested that supplying RE to the
grid is more environmentally friendly than using it to

produce CCU methanol, unless the grid's CO2

intensity falls below 67 g CO2/kWh.

Ravikumar et al.
(2020)

Using Aspen HYSYS
simulation, the study
investigated the
technical and

financial viability of
producing methanol
from renewable
sources using

renewable H2 and
CO2 capture.

At 100 bar, 493 K, and an H2/CO2
ratio of 4, the reaction pressure,
temperature, and H2/CO2 ratio

were examined. In the meantime,
the economic analysis was
conducted using sensitivity

analysis, predictive cost analysis,
and itemized cost estimating.

According to the study, the cost of producing
methanol on a pilot and industrial scale was 1.42

$ kWh− 1 for 0.27 tons per day and 0.48 $ kWh− 1 for
100 tons per day, respectively.

They concluded that the raw materials cost for CO2
capture, credit, and renewable H2 generation were the
main economic factors that influenced the cost per unit

of methanol production.

Lee et al. (2020)

The generation of
methanol via CO2
hydrogenation and a

competitive
optimization
technique were

studied.

A non-linear programming solver
and response surface

methodology (RSM) were used
to improve the methanol

production process to reduce the
cost of production per ton of
methanol. The study employed
sensitivity analysis to examine

the impact assessment of

With optimal operating conditions of 183.6°C,
63.5°C, and 51.8°C and 57.8 and 102.6 bar intake
pressure to the first and second reactors, the cost of
producing one ton of methanol was $565.54. which
corresponds to the temperature of the liquid stream

cooler after the second reactor, the inlet temperature of
the first distillation column, and the inlet temperature

of the first reactor.

Borisut and
Nuchitprasittichai,

(2019)
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methanol production cost factors.
Table 3 shows that carbon capture is a promising alternative pathway for methanol production,

though its scalability as a global industrial solution remains at a transitional stage. Key challenges
hindering large-scale deployment include financial feasibility, driven by rising costs of CO2 capture,
transportation, and geological sequestration (Herzog et al., 1999), as well as the availability of safe,
long-term storage capacity (Moghanloo et al., 2017). Additional barriers include the energy intensity,
process efficiency, and scalability of capturing devices (Dziejarski et al., 2023), but carbon capture can
support large-scale methanol synthesis in industries with high CO₂ emissions, complementing overall
decarbonization efforts. Despite increasing attention to climate change mitigation, the global deployment
of CCU technologies has grown slowly and unevenly during the previous 20 years. As illustrated in
Figure 6, only a small fraction of global CO2 emissions was captured between 2000 and 2020.

Figure 6. Global Percentage of CO2 Emissions Captured by CCU Technology between 2000-2020.
(Statista, 2020).

With the minimal progress in CCU adoption in the first decade, and gradual uptake in the second, that
is, 0.04% and 0.12% global CO2 emissions captured, this statistics highlights that only an approximate of
one-eighth of 1% of global CO2 emissions was captured within this period which signifies the immature
level of current compatibility and scale needed for meaningful climate impact. Reported studies which
have deployed different CCU methods give an insight into the cost implications on the adopted strategies
as revealed in Table 3, with their scalability challenges.

2.3. Cost-Technology Constraints
Cost-to-Technology (C2T) reports on scaling up based on industry and market context includes the

Europe’s first commercial e-methanol facility producing approximately 42,000 tonnes/year using
captured CO2 and green hydrogen; excess heat supports 3,300 households (Carlsson, 2025) by Denmark
(Kasso), and both Shunli and Sailboat Plant produces 110,000 t/year and 100,000 t/year of low-carbon
methanol, recycling approximately160,000 t CO2 annually, and using 150,000 t CO2 and 20,000 t
hydrogen from waste streams, respectively, from Emissions-to-Liquids (CRI, 2018) by China’s carbon
recycling international (CRI). Pre-, post-, and oxy-fuel combustion systems are the three main categories
into which carbon capture and storage (CCS) technologies fall. Post-combustion capture is the most
widely used and commercially mature type of CCS in power generation retrofits (Azarabadi and Lackner,
2020). As shown in Table 4, chemical absorption using amine solvents remains the benchmark process,
achieving 90–95 % CO2 capture efficiency but with high energy demand (3–5 MJ t⁻¹ CO2) and an
average cost of approximately $75 t⁻¹ CO2 (Aghel et al., 2022). Physical adsorption and membrane-based
systems offer moderate energy savings and growing potential for modular deployment (Cordero-Lanzac
et al., 2022; Giuliano et al., 2020), whereas cryogenic and bio-based capture routes exhibit either high
energy intensity or limited scalability (Asgharian et al., 2024; Ketabchi et al., 2023). Direct air capture
(DAC) achieves 80–90 % efficiency but is currently energy-intensive (8–12 MJ t⁻¹ CO2) and costly,
approximately $350 t⁻¹ CO2 (Li and Yao, 2024).
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Table 4. CCU Efficiencies and Associated Costs

Methods Efficiency/Energy consumption
((MJ/ton CO2)

Average Cost per
tonne of CO2 capture

/Remarks
Reference

Chemical
absorption (e.g.,

using amine solvent
to remove CO2 from

flue gas).

Strategy’s capture efficiency ranges
within 90-95%, but is

energy-intensive, 3-5 tons. May be
due to the need for significant heat

for re-generation.

Cost averages on $75. It
is a mature technology

and widely used.

Aghel et al.
(2022)

Physical adsorption
methods (e.g.,

activated carbon or
zeolite)

70-85% capture efficiency is
achievable, with moderately less
energy demand of 2 - 4 tons and is
well suitable for concentrated CO2

streams.

Cost averages on $55. It
is a less mature, but
promising method.

Gonzalez
Olmos et al.
(2022)

Membrane
separation methods

Strategy is 85 - 90% efficient, with
lower energy consumption.

Cost averages on $90.
Still at infancy, with
high selectivity.

Dai and
Deng (2024)

Cryogenic capture
Strategy is highly efficient, 95-99%,
but incurs substantial amount of

energy, 4-6 tons.

Cost averages on $110.
Process is complex, with
low maturity and less
scalable for widespread

utilization.

Asgharian et
al. (2024)

Bio-based methods
(e.g., algae).

Moderately efficient 60-80%, with
energy requirement of 1-2tons.

Cost averages on $65. It
is an emerging field,
with potential for

integration.

Ketabchi et
al. (2023)

Direct Air Capture
Strategy is 80-90% efficient, but the

energy required, 8-12 tons, is
substantially high.

Cost averages on $350.
Deploying this method is
expensive, but it has
significant potential.

Li and Yao
(2024)

Large-scale demonstrations including the Boundary Dam project in Canada (approximately 1Mt CO2

yr⁻¹), Petra Nova in the U.S. (1.6 Mt CO2 yr⁻¹), and the Gorgon and Krechba projects in Australia and
Algeria have validated CCS feasibility at industrial scale (Yang et al., 2023; Meng et al., 2023). However,
despite capturing millions of tonnes annually, current CCS operations address only a small fraction of
global emissions, and many storage solutions remain transitional. Integrating CCS with renewable
methanol synthesis provides a more circular pathway, converting captured CO2 into high-energy-density
liquid fuels. While post-combustion and oxy-fuel systems exhibit the highest technology readiness for
near-term application, mineral carbonation and ocean storage remain at early stages of development,
with this uneven maturity underscoring both the promise of CCS and the pressing need for further
cost-effective integration with carbon-utilization technologies such as methanol production.

Furthermore, observation shows that the most advanced technology readiness and economic
feasibility of key CCS modules across the capture, transport, and storage value chain are
post-combustion and oxy-fuel combustion systems, which have reached large-scale demonstration and
market readiness, particularly in power generation retrofits (Yang et al., 2023). Pre-combustion capture,
while theoretically proven, is still limited owing to high capital costs and complicated integration
requirements, whereas industrial separation in natural gas and ammonia processing is already
commercially established. While pipeline infrastructure is widely used in established markets due to its
dependability and cost-effectiveness, whereas CO2 shipping is gaining popularity for offshore and
cross-border deployments. Geological storage, improved oil recovery (EOR), depleted gas and oil fields,
and saline deposits have mature markets, which are supported by substantial field expertise and
regulatory frameworks. In contrast, improved coal bed methane recovery (ECBM) and ocean storage are
in the pilot or conceptual stages, limited by environmental and monitoring constraints. Mineral
carbonation, using natural silicates or industrial waste, offers permanent CO2 fixation but has high energy
and material costs. It is now in early demonstration. Industrial CO2 usage for fuels, chemicals, and
building materials is now commercially viable in specific sectors, connecting CCS with carbon
circularity projects. Overall, the chart demonstrates that, while numerous CCS components are
technologically mature, economic viability and large-scale integration remain significant, Overall, by
converting captured CO2 into energy-dense liquid fuels, CCU frameworks can bridge the gap between
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emission mitigation and renewable fuel production, thereby, enhancing both environmental and
economic sustainability.

2.4. Carbon Capture Integration Challenges
Existing studies on carbon capture integration in methanol-fuelled engine systems, remains

technically promising but uneven in maturity, including retrofitting internal combustion (IC) engines
platforms for methanol use, generator sets, marine, and non-road engines. With dual-fuel
methanol–diesel configurations dominating this area, and investigations assessing injection strategies,
compression ratios, and after-treatments, including diesel oxidation catalysts (DOC), selective catalytic
reduction (SCR), and diesel particulate filters (DPF) (Yao and Yao 2023; Wang et al., 2023). Retrofitted
dual-fuel methanol–diesel engines, marine platforms, and non-road applications demonstrate that
methanol can be introduced into existing combustion systems with meaningful efficiency and emission
benefits, especially when injection timing, after-treatment, and compression strategies are co-optimized.
However, most of these studies focus on combustion performance rather than direct coupling with
onboard capture hardware and therefore provide only partial evidence for full methanol–CCU
integration.

At the same time, solvent-based CO₂ capture-to-methanol pathways show high capture efficiency and
strong potential for stationary systems, but their translation to mobile or engine-integrated contexts
remains limited by mass, heat management, catalyst durability, and scale constraints. Taken together, the
literature indicates that while methanol combustion technologies and CO₂ utilization strategies have
advanced individually, their full integration remains at low to moderate technology readiness. This gap
strongly motivates the present study, which shifts the focus from descriptive literature technology review
toward integrated, model-based interpretation of methanol combustion performance and optimization of
the injection–efficiency–emission space relevant to future methanol–CCU engine systems.

3. Methodology and Integrated Modelling Workflow
This study adopts a structured and reproducible modelling workflow that integrates meta-analysis,

physics-informed correlation modelling, and supervised machine learning within a single predictive
optimization framework (Figure 7). The workflow comprises five sequential stages: (1) systematic data
acquisition and screening from the literature; (2) data preprocessing, harmonization, and normalization
across engine studies; (3) meta-analysis to quantify the SOI–efficiency relationship and assess
between-study heterogeneity; (4) development of a physics-informed surrogate relationship to constrain
the response surface of methanol combustion; and (5) supervised machine learning, validation,
sensitivity analysis, and iterative optimization of SOI–blend–emission interactions. This stepwise
structure is intended to improve transparency, reproducibility, and scientific traceability of the proposed
framework.

3.1. Stepwise Modelling Workflow
The computational workflow was implemented in the following sequence:
Step 1: Literature screening and database construction from peer-reviewed studies published between

2010 and 2025 using predefined inclusion criteria.
Step 2: Extraction of SOI, methanol blend ratio, BTE, NOₓ, CO, and HC data, followed by

harmonization to representative engine operating conditions.
Step 3: Estimation of study-level SOI–efficiency effect sizes using Pearson’s r, with weighting by

sample size and heterogeneity assessment using I² statistics.
Step 4: Development of a physics-informed surrogate correlation linking methanol blend ratio and

SOI to BTE under controlled conditions.
Step 5: Construction of the modelling dataset by combining harmonized literature data with

surrogate-constrained response information.
Step 6: Training and comparative evaluation of supervised learning models (XGBoost, Random

Forest, and linear regression baseline), with physics-informed regularization introduced through the
composite loss function.

Step 7: Validation using train–test splitting, cross-validation, residual diagnostics, and
predicted-versus-actual comparisons.

Step 8: Sensitivity analysis using SHAP-based feature attribution and variance-based indices to
quantify the relative importance of SOI, blend ratio, and emission variables.

Step 9: Iterative optimization of SOI and methanol blend ratio to identify operating points that
maximize BTE while balancing NOₓ and CO/HC trade-offs.
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3.2. Data Acquisition, Preprocessing, and Meta-analysis
A systematic data collection protocol was implemented using Web of Science, Scopus, ScienceDirect,

SAE Mobilus, and the ASME Digital Library for studies published between 2010 and 2025. Inclusion
criteria required the reporting of methanol blend ratio, start-of-injection (SOI; °CA aTDC), brake thermal
efficiency (BTE), and emission parameters (NOₓ, CO/HC; g/kWh), while studies with incomplete or
inconsistent parametric data were excluded.

To enable cross-study comparability, datasets were normalised to representative mid-load
steady-state engine conditions (1800 rpm, 8–10 bar BMEP, λ ≈ 1.0), selected to minimise variability in
combustion phasing and thermodynamic states. For studies lacking explicit SOI data, injection timing
was inferred by enforcing constant combustion phasing (CA50) while accounting for ignition-delay
variations induced by methanol addition. Residual variability arising from engine-specific configurations
is acknowledged as an inherent limitation.

Meta-analysis was conducted to quantify the SOI–efficiency relationship using Pearson’s correlation
coefficient (r) as the effect size metric. Between-study heterogeneity was assessed using the I² statistic,
and a sample-size-based weighting scheme was applied to ensure statistical robustness. Publication bias
was evaluated using funnel plots with trim-and-fill correction. The resulting pooled statistics serve as
quantitative priors for the physics-informed modelling stage.

To improve reproducibility, all extracted variables were standardized to a common feature schema
comprising methanol blend ratio, SOI, engine load condition, BTE, and emission responses (NOₓ,
CO/HC). Where studies reported ranges rather than point values, representative operating midpoints
were used consistently. Studies lacking sufficient parametric transparency were excluded from model
training and retained only for qualitative discussion. A complete workflow summary, including inclusion
criteria, normalization assumptions, and variable definitions, is provided in Figure 7.

3.3. Physics-Informed Correlation Modelling
A surrogate physics-informed model was developed to represent the interaction between methanol

blend ratio (0–30%) and SOI (−40° to 0° CA aTDC) under controlled operating conditions. The baseline
relationship is expressed as:

��� �, ��� = 38 + 0.02� ���+20 2

400
(2)

PINN/physics-informed ML loss is:

ℛphys(�)   =  BTE� (�)   −  BTEphys(�, SOI) (3)

where � = [�, SOI, NOx, CO/HC].
Here, B is the methanol blend percentage by energy (or volume, specify as used), and SOI is

expressed in crank- angle degrees after-top-dead-center (°CA aTDC), and the constant term (38)
represents the baseline BTE under the reference condition. This formulation captures the coupled
influence of fuel blend and injection phasing on combustion efficiency while preserving physical
interpretability. The surrogate model is used to generate parametric datasets and establish governing
relationships that constrain the subsequent machine learning framework.

3.4. Machine Learning Framework and Model Development
The modelling dataset combines meta-analytic outputs and surrogate-generated data.

3.4.1. Dataset Preparation and Feature Definition
Input features include Methanol blend ratio (%), SOI timing (°CA aTDC), Emission metrics (NOₓ,

CO/HC), while the target variables are Brake thermal efficiency (BTE) and Optimal SOI shift (ΔSOI).
All features were standardised to ensure numerical stability during training.

3.4.2. Model Architecture & Loss Function
Three supervised learning models were implemented and compared: Extreme Gradient Boosting

(XGBoost), Random Forest (RF), Multivariate Linear Regression (baseline model). In addition, a
physics-informed neural network (PINN) formulation was adopted, integrating governing combustion
constraints directly into the learning process through a composite loss function (eqn. 4-6):

Total loss:

ℒtotal = �data ℒdata + �phys ℒphys + �BC ℒBC + �IC ℒIC (4)
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Data loss (supervised fit to measured BTE):

ℒdata = 1
�� �=1

�� (BTE� − BTE� (��))2� (5)

Physics loss (surrogate-correlation residual):

ℒphys = 1
�� �=1

��
(BTE� (��) − BTEphys(��, SOI�))2� (6)

These ensures that model predictions remain consistent with both experimental data and underlying
physical laws.

3.4.3. Training, Hyperparameter Tuning, Validation
Models were trained using a supervised learning approach with an 80:20 train–test split with k-fold

cross-validation employed to ensure robustness. Hyperparameters were optimised using grid search,
including tree depth, number of estimators, and learning rate for ensemble models. Model performance
was evaluated using standard metrics (eqn. 7-9):

MAE = 1
� �=1

� ∣�� − �� �∣� (7)

RMSE = 1
� �=1

� (�� − �� �)2� (8)

�2 = 1 − �=1

�
(��−���)2�

�=1

�
(��−�� )2�

(9)

where yi = actual value (e.g., BTE) for the i-th sample, ��� = predicted value from the model, �� = mean of
the actual values, (e.g., BTE), n = total number of samples

Model reliability was further assessed through residual analysis and predicted-versus-actual
comparisons. Benchmarking was performed against both linear regression and the physics-based
surrogate model. The high predictive accuracy (R² ≈ 1.0) is interpreted cautiously, as it partly reflects
controlled feature spaces and surrogate data constraints, which may limit generalisation under broader
real-world variability.

3.5. Model Integrated Framework and Optimisation Strategy
As illustrated in Figure 7, the proposed framework establishes a fully integrated pipeline in which

meta-analysis provides statistical priors, physics-informed modelling defines mechanistic constraints,
and machine learning enables predictive learning. These components are coupled within an optimisation
(iterative) loop to determine optimal SOI timing and methanol blending ratios while balancing efficiency
and emission trade-offs. The final objective function is expressed as:

BTEopt = �(�MeOH, SOI, NOx, CO/HC) (10)

This unified architecture enables robust prediction and adaptive optimisation of combustion
performance, providing a scalable foundation for real-time control strategies in methanol-fuelled engine
systems.

3.6. Uncertainty and Sensitivity Analysis
Uncertainty within the proposed framework arises from heterogeneous source data, surrogate model

assumptions, and machine learning generalisation limits. Statistical uncertainty was quantified through
meta-analytic dispersion metrics (confidence intervals and I²), while model uncertainty was assessed
using cross-validation variability and residual error distributions.

Quantitative sensitivity analysis was conducted to evaluate the relative influence of key input
variables (SOI, methanol blend ratio, NOₓ, and CO/HC) on model outputs (BTE and ΔSOI). Global
sensitivity indices were estimated using variance-based normalisation of model response gradients,
expressed as:

�� =
Var��(�)

Var(�)
(11)

where �� represents the sensitivity index of input ��on output �.
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Figure 7. Study-specific modelling workflow showing literature screening, data harmonization,
meta-analysis, physics-informed surrogate modelling, supervised learning, validation, sensitivity
analysis, and iterative optimization of SOI–blend–emission trade-offs for methanol-fuelled engine
systems.

Figure 7 presents an integrated modelling framework in which meta-analysis provides statistically
validated relationships that inform a physics-informed neural network, enabling the incorporation of
governing combustion constraints into machine learning. The trained model subsequently predicts and
optimises key parameters such as start-of-injection (SOI), methanol blend ratio, and brake thermal
efficiency (BTE), balancing performance and emission trade-offs through an iterative optimisation loop.

4. Result and Discussions
The interaction between start-of-injection (SOI) and emission behaviour reveals a transitional

operating regime in which combustion efficiency and emission control are optimally balanced,
representing a critical condition for methanol utilisation in compression-ignition engines. This regime
reflects the competing influence of combustion phasing advancement and emission formation
mechanisms, defining the efficiency–emission trade-off characteristic of methanol-fuelled systems.

Quantitative model evaluation demonstrates high predictive accuracy, with performance metrics
indicating strong agreement between predicted and observed values (R² ≈ 0.99, RMSE < 0.30). These
results are comparable to previously reported machine learning-based combustion models, which
typically report R² values in the range of 0.90–0.98 for engine performance prediction, where ensemble
and ANN approaches typically attain R² values in the range of 0.91–0.98 for engine performance
prediction under varying injection and fuel blending conditions (for example, Si and Du (2020), Yeneneh
and Sufe (2026). Here, the improved performance can be attributed to the integration of
physics-informed constraints and meta-analytic priors, which enhance both model robustness and
generalisability. Sensitivity analysis based on SHAP values (Figure 8(a)) further reveals that methanol
blend ratio and SOI are the dominant controlling parameters, with quantified contributions of 0.125 ±
0.015 and 0.082 ± 0.010, respectively. These values are significantly higher than those of emission
variables, with NOₓ (0.040 ± 0.008) and CO/HC (0.057 ± 0.012) contributing secondary effects. This
hierarchy of influence aligns with established combustion theory and experimental findings, where
injection timing governs ignition delay and combustion phasing, while fuel blending influences
thermochemical properties such as charge cooling and oxygen availability.

Compared to conventional regression or standalone ML approaches reported in the literature, which
often identify SOI or fuel composition independently as dominant factors, the present framework
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quantitatively demonstrates their combined and interacting dominance, thereby providing deeper insight
into their coupled effect on combustion performance. This highlights the advantage of integrating
statistical, physics-based, and machine learning methods within a unified framework

Residual analysis (Figure 8(b)) shows a symmetric distribution centred around zero, with residuals
largely confined within ±0.4 BTE units, indicating the absence of systematic bias and confirming
statistical reliability. This level of residual dispersion is lower than that reported in several empirical
combustion studies, where wider deviations are typically observed due to uncontrolled variability in
operating conditions.

The validation plot (Figure 8(c)), evaluated on n = 15 test observations (Actual vs Predicted BTE
points) further demonstrates strong agreement between predicted and actual brake thermal efficiency
(BTE), with data points closely aligned along the 1:1 parity line. The inclusion of 95% confidence
interval bands (±0.42 BTE) is an indication of the robustness of the model, with most predictions falling
within the uncertainty bounds. This performance indicates reliable generalisation, even in the presence of
heterogeneous input data, and compares favourably with existing ML-based optimisation frameworks
that often lack explicit uncertainty quantification.

(a) SHAP-based sensitivity with 95% confidence intervals demonstrating dominant influence of SOI and
methanol blend ratio
(b) residual analysis indicating low dispersion and absence of systematic bias.
(c) validation with confidence bands confirming strong agreement between predicted and actual BTE.

Figure 8. Multi-panel evaluation of the proposed framework:

Overall, the results confirm that the proposed integrated framework effectively captures the complex
interactions between combustion performance, emissions, and operating conditions in methanol-fuelled
engines. While the combination of statistical, physics-based, and data-driven constraints significantly
reduces predictive uncertainty, residual effects associated with dataset normalisation and inter-engine
variability remain and are explicitly accounted for in the interpretation of results. Importantly, by
achieving both high predictive accuracy and physical interpretability, the present approach advances
beyond existing state-of-the-art methods that typically prioritise one aspect at the expense of the other.

4.1. Emission Trade-off
The inverse relationship between NOₓ and CO emissions in relation to the SOI timing in the

methanol- fueled compression ignition engines shows that advancing SOI (toward −40° CA aTDC)
increases in-cylinder temperature and promote earlier combustion, causing higher NOₓ formation due to
enhanced oxidation and prolonged residence at elevated temperatures, as illustrated in Figure 9.
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Figure 9. Emission Trade-off of SOI vs NOx and CO

Retarding SOI (to 0°CA aTDC) reduces peak temperature and oxygen availability, decreasing NOₓ
while raising incomplete combustion products like CO, and the intersection at the reference SOI (-20°
CA) represents a transitional regime that balances efficient combustion and controlled emissions. These
features highlight the efficiency-emission trade-off common in methanol combustion, emphasizing the
need for adaptive or AI-based SOI optimization strategies to dynamically minimize NOₓ without
compromising combustion completeness and thermal efficiency in next-generation hybrid and dual-fuel
engines.

4.1.1. Efficiency Map of Blend Ratio (SOI vs BTE)
As illustrated in Figure 10, the combined influence of methanol blend ratio and start of injection (SOI)

timing on brake thermal efficiency (BTE) in a dual-fuel compression-ignition engine is shown via
contour map.

Figure 10. Blend Ratio and SOI vs BTE Efficiency Contour Map (Guo et al., 2025; Wu et al., 2018).
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The contour distribution shows that BTE gradually increases with more methanol substitution and
slightly advanced SOI, reaching maximal efficiency at 25-30% of methanol blend and SOI between -30°
and -35° CA aTDC. This tendency may be attributed to increased charge cooling and premixing caused
by methanol's high latent heat of vaporization, which boosts combustion efficiency at optimal injection
phasing. In contrast, slower SOI or lower methanol percentages result in decreased BTE due to
incomplete combustion and less thermal utilization leading to an overall synergistic impact of injection
timing and mix ratio tuning in improving thermal efficiency while ensuring stable combustion in
methanol-powered engines.

4.1.2. Start of Injection Correlation
Figure 11 presents the forest plot of SOI–efficiency correlation coefficients (r) derived primarily

from methanol-relevant engine studies, including direct-injection methanol SI engines, methanol/diesel
dual-fuel compression-ignition engines, methanol PPC studies, and related high-compression
alcohol-fuelled datasets used only where mechanistic comparability is justified.

Figure 11. Forest plot of the SOI-Engine studies (Wei et al., 2023; Feng et al., 2024; Shen et al., 2023;
Wu et al., 2018; Sequera et al., 2011; Huang et al. 2020; Yin et al. 2025; Kumar et al. 2022; El Seesy et
al. 2022; Li et al. 2022; Vargün et al. 2025; Svensson et al. 2020; Treacy et al.; 2024).

The pooled meta-analytic result from fifteen study-level effect sizes illustrated a strong positive
correlation between SOI strategy and brake thermal efficiency (r = 0.745, 95% CI: 0.718–0.771). Overall,
the attached forest plot suggests that optimized SOI phasing is positively associated with efficiency gains
across the included methanol-relevant engine studies. Consistent with methanol-specific experimental
and simulation studies, it shows that earlier or optimized injection timing improves premixing,
combustion completeness, and thermal utilization, particularly in dual-fuel and direct-injection
configurations. Moderate heterogeneity (I² = 38–45%) is expected because of differences in engine class,
combustion mode, methanol substitution ratio, and injection strategy. Nonetheless, the pooled result
confirms that SOI is a robust parametric moderator in methanol-fuelled engines, with beneficial effects
on efficiency up to an operating optimum beyond which excessive advance may increase NOₓ or induce
combustion instability.

Overall, observation shows that the idea that regulated advancement of SOI, within −10° to −30°
crank angle aTDC, optimizes methanol combustion kinetics, while excessive advance beyond the
optimum increases in-cylinder temperature and NOₓ emissions, indicates a practical efficiency-emission
trade-off. As a result, SOI can be regarded as a major parametric moderator that influences the efficiency
of methanol-based combustion methods in both compression-ignition and spark-ignition regimes.

4.2. Model Correlations and ML Outcome
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In Figure 12(a), the polynomial fitted correlation from the fitted quadratic model is given by the
equation, ΔSOI = 0.0008x² - 0.167x + 0.036 (°CA), demonstrating a nonlinear link between methanol
blend percentage and the needed SOI shift to maintain optimal combustion phasing. The coefficient of
determination (R² = 0.93) shows high data points agreement, indicating that increasing methanol
concentration in the fuel blend requires advancing the SOI to compensate for slower evaporation and
ignite delays of oxygenated fuels. At higher blends, steeper curve regimes exhibit more phasing
sensitivity. The residuals of the polynomial fit in Figure 12 (b) reflect the difference between expected
and actual SOI shift values. The residuals for most blends are within ±0.1 °CA, confirming the model's
resilience, practical precision, and lack of systematic bias. However, considerable error development is
detected above a 60% methanol blend, most likely due to non-ideal spray-combustion interactions or
unmodeled secondary effects at high oxygen levels.

Figure 12.Methanol blend–phasing (a) Correlation fit between methanol blend (%) vs. optimal SOI shift
(°CA) (b) Residuals vs. blend at higher blends.

Overall, the findings show that a second-order polynomial fit gives a good and predictive correlation
for SOI correction at different methanol concentrations, and the observed residuals point to areas in
which further modifications, such as integrating temperature-dependent ignition behaviour or spray
atomization features, could enhance prediction at high mix levels.

4.2.1. Model Performance Evaluation for SOI Shift Prediction
Figure 13 shows a comparison of four predictive models, the XGBoost, Random Forest, Present

Correlation (polynomial fit), and Linear Regression for determining the appropriate SOI shift based on
methanol blend levels. The models were evaluated based on three main performance indicators: mean
absolute error (MAE), root mean square error (RMSE), and coefficient of determination (R²). XGBoost
excels at capturing nonlinear dependencies through boosting, with the lowest MAE (0.01 °CA) and
RMSE (0.02 °CA) and an R² value of 0.985. The Random Forest model performed well, with an MAE of
0.21 °CA and RMSE of 0.25 °CA and an R² of 0.96. However, it is less accurate than XGBoost. The
Present Correlation model (second-order polynomial fit) performed similarly with an MAE of 0.23 °CA,
RMSE of 0.28 °CA, and R² of 0.93. However, at higher blend levels, minor deviations limit its accuracy
slightly compared to earlier machine learning models. Nonetheless, it provides a physics-informed,
interpretable, and computationally efficient alternative. Linear Regression has the lowest performance
among investigated methods, with an MAE of 0.71 °CA and RMSE of 0.81 °CA. Despite its excellent R²
of 0.90, the low value could have resulted from the inability to fully capture the nonlinear patterns in the
blend-phasing interaction.
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Figure 13. Comparison of predictive performance metrics for different models. (Mean absolute error
(MAE) and root-mean- square error (RMSE) are shown as bar plots, while the coefficient of
determination (R²) is shown as a dashed line).

Overall, the XGBoost's high-fidelity prediction capacity for Methanol-blends’ combustion phasing
outperformed other models, and machine learning approaches demonstrate superior adaptability and
precision for real-time control applications in advanced combustion systems, despite that empirical
correlation models remain useful for interpretability.

4.3.2. Reliability Error Analysis
The error analysis shown in Figure 14 shows the evaluated reliability of the ML models in predicting

experimental outcomes for start-of-injection (SOI) and methanol blend optimization. The plot compares
predicted and experimental error values (MAE vs. RMSE) within a ±20 % tolerance band, highlighting
each model’s performance relative to ideal behaviour.

Figure 14. Predicted-Experimental Reliability Error Analysis
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With the 1:1 reference line, XGBoost model accuracy (MAE metric) is comparatively better than the
Random Forest, Present Correlation, and Linear Regression model by 90.91%, 91.7%, and 97.2%,
respectively, making it more superior for generalization, and reliable for empirical–machine learning
coupling in combustion optimization studies.

5. Conclusion
This study developed a joint predictive modelling framework which combined meta-analysis,

physics-informed correlation modelling, and machine-learning-driven optimization for methanol-fueled
combustion systems. By integrating statistical synthesis, physically interpretable combustion
relationships, and data-driven learning within a single analytical workflow, the framework solves the
inherent limitations of isolated modelling methods and gives a more robust basis for assessing the
coupled influence of methanol blend ratio, start of injection (SOI), thermal efficiency, and emission
formation characteristics.

The findings reveal that injection phasing acts as a dominant control variable in methanol-assisted
combustion. The meta-analytical result showed a robust positive association between SOI advancement
and brake thermal efficiency (BTE), with a pooled correlation coefficient of r = 0.74, indicating the
significant sensitivity of combustion performance to injection timing. Complementarily, the integrated
predictive framework identified the highest BTE across the investigated operating domain at methanol
substitution ratios of approximately 25–30% and SOI values in the range of about −30° to −35° CA
aTDC. These results establish that careful optimization of methanol combustion phasing can
significantly improve thermal performance.

However, the analysis additionally validates the classical trade-off between efficiency and emission
under advanced combustion phasing. Specifically, advancing SOI enhanced combustion efficiency and
promoted more complete fuel oxidation, but simultaneously increased NOₓ formation due to elevated
in-cylinder temperature and intensified premixed combustion behaviour. In contrast, retarded SOI
reduced NOₓ emissions, but this benefit occurred at the expense of increased CO emissions, lower
combustion completeness, and reduced overall thermal efficiency. Accordingly, the findings support that
injection scheduling in methanol-fueled engines should be treated as a multi-objective optimization
problem rather than a single-parameter efficiency enhancement strategy.

Within the proposed framework, the surrogate physics-based correlation model delivered a
computationally efficient and physically interpretable description of the interaction between methanol
blending and injection phasing, thereby preserving engineering relevance and mechanistic transparency.
In parallel, the machine-learning method, specifically the XGBoost showed higher predictive capability
comparatively to other modelling elements, thereby enhancing the framework’s applicability for future
control-oriented combustion predictions, digital calibration, and adaptive optimization tasks. Therefore,
combining these complementary modelling layers presents both explanatory depth and predictive
robustness.

In addition to its combustion optimization, this study highlights wider relevance of methanol within
emerging carbon capture and utilization (CCU) pathways. Owing to its comparative clean combustion,
fuel adaptability, and suitability for production via CO2-enabled pathways, methanol is continually seen
as a low-carbon fuel. Yet, the application of methanol combustion systems with onboard or
engine-coupled carbon capture technologies remains limited by several unresolved challenges, including
capture cost, added system complexity, infrastructure limitations, and the limited extent of validation
under realistic operating conditions. These limitations imply that, despite methanol–CCU pathways’
conceptual offer, their large-scale deployment in industrial, marine, and non-road transport sectors will
necessitate further advances in materials development, thermal integration strategies, and system-level
engineering design.

Overall, the primary contribution of this work lies in showing that methanol combustion performance
can be more reliably interpreted, predicted, and optimized with greater reliability via statistical, physical,
and machine-learning strategies combined within a single modelling framework. The proposed strategy
improves interpretability, enhances generalizability across operating regimes, and establishes a credible
foundation for next-generation physics-informed and AI-assisted combustion control systems. Future
work should therefore emphasize validating the framework under transient, real-time, and multi-load
operating environments, expansion of high-quality controlled experimental datasets, and integration of
closed-loop optimization architectures that account for load variation, injection pressure, ambient
condition effects, and engine-to-engine variability. Moreover, techno-economic evaluation of
engine-integrated CO₂ capture-to-methanol systems will be necessary to establish their practical
feasibility, scale-up potential, and sector-specific deployment potential.
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