Machine Learning-Based Prediction of Combustion Characteristics of Ammonia-Blended Fuels for Automotive Applications


Abstract: 
This study presents a machine learning (ML)-based framework to predict the combustion characteristics of ammonia-blended fuels for automotive applications. Specifically, the study examines the combustion kinetics of ammonia-blend automotive fuels using Artificial Neural Networks (ANN) and Support Vector Machines (SVM) for optimal parameters performance, including laminar burning velocity (LBV), ignition delay timing (IDT), and equivalence ratio under lean and near-stoichiometric conditions. . A total of 300 data points, sourced from both experimental and simulated datasets published between 2015 and 2025, were preprocessed to ensure consistency and accuracy. The models were validated using k-fold cross-validation and evaluated using performance metrics such as R², RMSE, and MSE. A comparative analysis of various ammonia-blend fuels was conducted, including blends with hydrogen, di-methyl ether, methanol, methane, ethanol, and di-methoxy methane. Ammonia-hydrogen, ammonia-di methyl ether, ammonia-methanol, and ammonia-methane blends demonstrated favorable combustion characteristics with high LBV (R² = 0.94–0.96), and short ignition delay times, based on a proposed correlation () from test dataset. alternatively, ammonia-di methoxy methane and ammonia-ethanol blends exhibited weaker combustion performance, with lower LBV of R² = 0.84–0.88, and poor ignition characteristics. The outcome shows that the ANN model consistently outperformed the SVM model in the predictive accuracy of combustion parameters, particularly over LBV and IDT, as reflected by higher R2 and lower RMSE and MSE scores, confirming the suitability of machine learning models, particularly ANN for capturing complex, nonlinear combustion behaviors across varied compositional blends. These insights support the development of optimized fuel blends for next-generation internal combustion engines. The study proposes a correlation for practical applications in engine design, fuel calibration, and emission reduction, contributing to the global transition toward cleaner automotive energy systems. In addition, the outcome can serve as a policy formulation and industrial innovation guide for the utilization of ammonia-based alternative fuels.
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1. Introduction
The growing quest for alternative fuels which can either replace or enhance traditional hydrocarbon-based energy carriers is accelerating due to the pressing global push to decarbonize the transportation sector [1-3]. This includes examining a variety of options such as electricity, hydrogen, biofuels, and synthetic fuels for use in various modes of transportation [4] due to high degree of hydrogen content, carbon-less molecular structure, and compatibility with current fuel storage and distributed infrastructure, making ammonia (NH₃) to gain considerable level of attention among synthetic fuels [5-10]. Its production using renewable energy via green hydrogen offers enormous potential to support climate-resilient and sustainable mobility systems [11] because of its low flame speed, high ignition temperature, and narrow flammability limits, presenting it with significant complexities for its direct application in internal combustion engines due to its complex combustion kinetics, which necessitate extensive research to maximize its performance, especially in ammonia-blend fuels [12; 13]. 
Studies have been reported on ammonia-blend fuels, particulqrly those that combine ammonia with more reactive fuels like hydrogen, methane, gasoline, or syngas, in an effort to overcome these restrictions. These mixtures advance flame propagation, decrease ignition latency, and increase combustion stability, however, due to changes in the fuel content, equivalency ratio, engine settings, and ambient thermodynamic characteristics, the combustion kinetics of such mixtures continue to be complicated and extremely nonlinear, making optimization of engine design and fuel delivery techniques to require ea thorough understanding of, and ability to accurately model the combustion behavior of ammonia mixtures.
Machine learning (ML), a recent development among optimization techniques, is being utilised in the capture of intricate and nonlinear interactions in chemical and thermophysical systems during the fuel blend combustion phase [14-19]. ML-based techniques is reported to be able to learn from experimental or simulated datasets to accurately predict important combustion parameters like ignition delay time, heat release rate, and laminar flame speed, in contrast to traditional chemical kinetic models that mainly rely on reaction mechanisms and rate constants [10]. Notwithstanding this potential, machine learning's application to the kinetics of ammonia-blended fuel combustion is still in its early stages [20-22]. Additionally, the equivalency ratio, ignition delay timing, and laminar burning velocity are vital parameters which affect emissions, power production, and efficiency of ammonia-fueled engines, a feat which numerical and experimental studies have failed to firmly establish via their contradictory reports, underscoring the need for a more thorough and precise methodology. 
[bookmark: _Hlk224823601]Although ML has been extensively used in the burning of hydrocarbons, little is known about how it might be integrated into ammonia-fuel systems. Insufficiency in the physical significance of input parameters, the lack of validated, high-fidelity datasets that capture the entire spectrum of combustion behavior for different ammonia-based fuel blends under realistic engine conditions, and the unexplored/underexplored optimization of fuel blend ratios all require urgent attention. In order to improve engine performance, lower emissions, and increase energy efficiency for automotive applications, making the development of an ML-based method that models the combustion kinetics of ammonia-blend fuels using ML Algorithm important. Relevant studies in this domain includes the deep neural network (DNN)-based model on the prediction of rate constants and the potential evaluation of ML techniques to enable the development of combustion kinetic models are among studies on features, difficulties, and future directions in ML-based combustion kinetics that are currently being investigated to advance combustion science and and engineering of fuels [23]. They developed reaction fingerprints by using BERT transformer from NLP approaches to extract high-pressure limit reaction rate constants from nine significant reaction classes. Three modified-Arrhenius parameters are predicted by the model using these reaction fingerprints as input: activation energy (Ea), temperature exponent (n), and natural logarithm of the frequency parameter (ln A). They obtained coefficients of determination (R2) of 0.74, 0.71, and 0.96 for the predictions of ln A, n, and Ea, respectively, and controlled accuracy of overfitting in the computation of the rate constants by incorporating a joint loss function in the 500–2000 K temperature range, the estimated Arrhenius parameters showed an R2 of 0.95. By using automation, Amiri et al. [24] produced a concise chemical kinetic model suitable in the combustion of n-Pentane, and their report show that the model was developed and evaluated using the available thermodynamic and kinetic datasets for pressures of 1 and 10 atm and a variety of temperatures (650 - 1350 K), and equivalency ratios (0.5, 1.0, 2.0). The model's performance and predictions were compared to published n-pentane laminar burning velocities (Su) and ignition delay times (IDT). A thorough analysis was conducted, including analysis of reaction and sensitivity paths of n-pentane oxidation, to adapt the thermochemistry and rate features for a few important order and reactions. The IDT computation demonstrated good agreement, with the anticipated flame speeds falling within 10% of the reported experimental data. 
Although generalization may not be assumed for the particular investigated fuels, these studies may aid in the development of more ecologically friendly, cleaner-burning, and efficient fuels. Additionally, there are still many fuel blends for which combustion kinetics research is still needed, including the present study. Therefore this study contributes to the provide predictive model for combustion kinetics of ammonia-blend automotive fuels, in the context of optimal fuel parameters such as laminar burning velocity (LBV), ignition delay timing (IDT), and equivalence ratio under lean and near-stoichiometric conditions, providing an efficient approach of capturing complex, nonlinear combustion behaviors which are complex to model traditionally, offering valuable contributions to fuel optimization, engine design, and emission reduction for cleaner automotive energy systems.

1.1 ML Validation of Ammonia based Fuels in Combustion Systems
The complexity of the laminar flame speed (LFS), IDT, and NOx formation of ammonia-based fuels chemistry in many reports indicates that traditional chemical kinetic models are accurate, but are computationally intensive and require detailed reaction mechanisms, making them less suitable for rapid prediction and optimization tasks in engine-relevant conditions [25-30]. Whereas ML models such as Artificial Neural Networks (ANN), Support Vector Machines (SVM), and genetic programming approaches have demonstrated the ability to approximate nonlinear combustion behavior with high predictive efficiency [18].
[bookmark: _Hlk224823708]Recent studies have validated ML-based predictions of ammonia flame speed against experimental and detailed kinetic simulation data. For instance, Ali et al. [13] ammonia flame speed ML study employed multi-gene genetic programming to predict laminar flame speed in NH₃/H₂/air mixtures and reported strong agreement with experimental datasets, achieving coefficients of determination (R²) above 0.90 across varying equivalence ratios and temperatures. Similarly, study by Li et al. [23] on ML combustion kinetics demonstrated that ML-based models can reliably predict reaction rate constants, which are directly linked to flame propagation characteristics, thereby improving the accuracy of LFS estimation under different thermodynamic conditions.
Validation of ML models in combustion systems typically involves cross-validation techniques, comparison with benchmark experimental datasets, and evaluation using statistical performance metrics such as R², RMSE, and MAE. In ammonia combustion studies, k-fold cross-validation has been widely adopted to ensure model generalizability and avoid overfitting, particularly when datasets are limited or heterogeneous [19]. Furthermore, uncertainty quantification through confidence intervals and sensitivity analysis has been increasingly incorporated to assess the robustness of predictions, especially given the variability in ammonia blend compositions and experimental conditions [17]. Other notable studies have examined the prospects of various influencing parameters on ammonia-based fuel combustions, with many reports showing positive achievements, however, not without limitations as shown in Table 1, which can influence the potential of ML validity.

Table 1: Some Ammonia-based Combustion Studies and Limitations
	Study Summary
	Method Used
	Findings/Remarks/bias
	Enhancement Potential of Biases

	Figueroa-Labastida et al. (2023) measured high-temperature laminar flame speeds of ammonia behind reflected shock waves, targeting a temperature range that is hard to access with conventional low-temperature flame-speed methods [31].
	Shock-tube flame-speed method with stoichiometric NH₃ in airgon (79% Ar/21% O₂) at about 1 atm and 477–747 K; flame development tracked with sidewall schlieren and endwall OH* chemiluminescence after Nd:YAG laser ignition.
	The study extended ammonia flame-speed data to temperatures above 450 K. Model predictions established at room temperature but diverged at higher temperatures. Observation shows that this study is limited to stoichiometric airgon, so generalization to air, pressure variation, and fuel blends is limited.
	Broader validation at different equivalence ratios, pressures, and oxidizers, plus a full journal version with uncertainty analysis and comparison to additional mechanisms, would reduce the current scope bias.

	Zhou et al. (2023) investigated premixed laminar flame propagation for NH₃/air, NH₃/H₂/air, NH₃/CO/air, and NH₃/CH₄/air at elevated initial temperature, while also examining associated NOx chemistry [32].
	Constant-volume combustion vessel experiments covering additive-fuel mole fraction, ϕ = 0.7–1.4, and initial temperature 298–423 K, combined with development/ validation of a detailed kinetic model and sensitivity/consumption-flux analysis.
	Additives enhanced NH₃ flame propagation, while kinetic analysis indicated that lean and stoichiometric flames of the blended systems favored both NOx formation and reduction because of stronger NHᵢ and H/O/OH radical chemistry; in lean flames, H₂, CO, and CH₄ promoted conversion of NH₂ to NO, increasing NO emissions. Limitation: results come from a lab-scale constant-volume vessel and premixed flames, not from practical combustors with stronger turbulence and residence-time effects.
	Extending the work to pressurized burners, turbulent flames, and direct emissions validation would reduce vessel-specific bias and improve engineering relevance.

	Kobayashi et al. (2019) conducted a broad review of ammonia combustion science and technology, covering chemistry, flame behavior, NOx formation, model validation, and emerging applications such as turbines and furnaces [33].
	The review paper synthesized experimental, modeling, and application studies on ammonia combustion, including laminar/turbulent flames, NOx-reduction processes, and gas-turbine-like swirl-burner LES.
	Study is a strong foundational review that frames ammonia as a carbon-free fuel and hydrogen carrier but stresses the main barriers: low flammability, high NOx, and low radiation intensity. Limitation: because it is a broad review, its conclusions inherit the heterogeneity of prior datasets and application types.
	A more explicit systematic comparison by operating pressure, combustor type, and emissions metric would reduce narrative-selection bias and sharpen design guidance.

	Cheng et al. (2025) reviewed ammonia as a sustainable fuel, with emphasis on internal-combustion-engine use and newer strategies to overcome slow ignition and poor flame propagation [34].
	The review covered ammonia properties, SI/CI engine progress, combustion mechanisms, fuel-injection strategies, and advanced ignition technologies, from open access studies.
	The review highlights hydrogen and hydrocarbon promoters, different injection strategies, and advanced ignition systems such as plasma, turbulent-jet, and laser ignition; it identifies the intelligent liquid-gas twin-fluid co-injection system (iTFI) as a promising route for improved mixture preparation and stability. Limitation: the paper spans a wide engineering range, so some conclusions remain high-level rather than condition-specific.
	More quantitative comparison of strategies by engine type, load, efficiency penalty, and NOx outcome would reduce broad-scope bias and make the recommendations more directly actionable.

	Awad et al. (2019) reviewed NH₃/H₂ blended fuels as carbon-free combustion options, focusing on safety, in-situ NH₃ dissociation, combustion behavior, and low-NOx strategies [35].
	Narrative review of influential NH₃/H₂ studies covering fuel properties, safety behavior, combustion characterization, low-NOx techniques, and future challenges.
	It concludes that H₂ blending can improve ignition and flammability and may help make ammonia combustion more practical. Limitation: as a review, it depends on prior studies that vary widely in burner design, equivalence ratio, and pressure, which can make direct comparison difficult.
	A more structured comparison by blend ratio, pressure, flame configuration, and NOx metric would reduce heterogeneity bias.

	Han et al. (2019) generated a widely used experimental dataset for laminar burning velocities of NH₃/air, NH₃/H₂/air, NH₃/CO/air, and NH₃/CH₄/air at atmospheric pressure [36].
	Heat-flux burner experiments over a broad range of equivalence ratios and blending ratios, combined with kinetic modeling using GRI-Mech 3.0.
	The paper found that H₂ is the most effective additive for increasing NH₃ burning velocity, more effective than CO or CH₄. It also showed that the available mechanisms could not accurately reproduce most of the measured data, with discrepancies tied mainly to N-chemistry rate parameters. Limitation: the study is mostly at atmospheric pressure, so it cannot by itself capture elevated-pressure effects important for turbines and engines.
	Adding high-pressure and elevated-temperature datasets plus re-optimization of N-containing reactions would reduce pressure-range bias and improve mechanism robustness.

	Yan et al. (2024) critically reviewed NH₃–H₂ combustion mechanisms, especially their ability to predict flame speed, ignition delay, species, and Nox [37].
	Critical mechanism review comparing published NH₃–H₂ mechanisms, underlying kinetic studies, and the sensitivity of predictions to key intermediate reactions.
	The review concludes that current mechanisms still have weaknesses, including unclear key reactions and inaccurate simulations under broader conditions. It points especially to N₂Hₓ and H₂NO kinetics as priorities for improvement and calls for more experimental NOx data. Limitation: it is centered on mechanism comparison rather than experimental validation under one unified dataset.
	Coordinated benchmarking against shared experimental datasets spanning flame speed, IDT, species, and NOx would reduce cross-study inconsistency bias.

	Okafor et al. (2019) measured and modeled laminar burning velocity of methane–ammonia–air flames at high pressure, with the goal of building a compact mechanism suitable for combustor design [38].
	Constant-volume chamber experiments measuring unstretched laminar burning velocity and Markstein lengths for ammonia heat fractions 0–0.30, ϕ = 0.7–1.3, and 0.10–0.50 MPa, followed by optimization of a reduced reaction mechanism derived from a detailed model were conducted.
	The study found that burning velocity decreases as ammonia concentration increases and also decreases with increasing pressure. It also supplied the first extensive high-pressure CH₄–NH₃ flame-speed and Markstein-length dataset and proposed a reduced mechanism for NH₃-air and CH₄–NH₃-air flames. Limitation: the ammonia fraction was limited to 30% heat share, so very NH₃-rich blends were not covered.
	Extending the data to higher ammonia fractions, wider temperatures, and direct NOx validation would reduce compositional-range bias and strengthen combustor applicability.

	Shrestha et al. (2021) examined the laminar flame speed of ammonia with oxygen enrichment and ammonia/hydrogen blends at elevated pressure and temperature [39].
	Experimental flame-speed measurements at elevated pressure and temperature, coupled with a kinetic model developed and checked against both present and literature data.
	The study showed that higher initial temperature, more hydrogen in the fuel, and higher oxygen content all increase laminar flame speed, while higher pressure decreases it. The model reproduced the overall trends reasonably well and suggested that N₂H₂ formation is favored under rich conditions. Limitation: it focuses on flame-speed behavior and does not directly resolve device-level stability or emissions control.
	Complementary NOx measurements, burner-scale tests, and broader pressure/temperature mapping would reduce flame-speed-only bias and improve practical relevance.

	Shu et al. (2023) investigated the auto-ignition behavior of NH₃/CH₄ mixtures at elevated pressures to determine how methane blending alters ammonia reactivity under intermediate-temperature conditions [40].
	RCM experiments on NH₃/CH₄/O₂ mixtures diluted in Ar or Ar/N₂ at 900–1100 K, 20 and 40 bar, and ϕ = 0.5, 1.0, 2.0, combined with mechanism comparison against the models of Glarborg et al. and Li et al. were conducted
	Increasing the CH₄ mole fraction increased reactivity, while increasing the equivalence ratio decreased reactivity. Both detailed mechanisms predicted the measurements reasonably well, and the study also noted that CH₄ promotion was less effective than H₂ addition. Limitation: the work is confined to RCM conditions and binary NH₃/CH₄ blends, so transfer to practical turbulent combustors is not direct. 
	Extend validation to burner- and engine-relevant systems, include species/NOx measurements, and broaden the range of diluents and pressures to improve applicability beyond controlled auto-ignition experiments. 

	Liu et al. (2023) examined ignition delay times of highly diluted NH₃/CH₄ mixtures at high temperatures and developed a dedicated kinetic model for those lean, high-dilution conditions [41]. 
	Shock-tube measurements of NH₃/CH₄ mixtures diluted 98% in Ar with CH₄ mole fractions of 0%, 10%, and 50%, at ϕ = 0.5, 1.75 and 10 bar, and 1421–2149 K, followed by development and validation of the HUST-NH₃ model against IDTs, laminar flame speeds, and species profiles. 
	The HUST-NH₃ model outperformed the Glarborg, Okafor, and CEU models for the examined NH₃/CH₄ oxidation data. The paper also identified missing or mis-scaled reactions as major causes of deviation in competing models. Limitation: the study used a single lean equivalence ratio and extreme dilution, so the results may underrepresent behavior at richer or less-diluted practical conditions. 
	Add broader equivalence-ratio coverage, lower-dilution cases, and direct emissions/speciation validation in combustor-like environments to reduce the lean-shock-tube bias. 

	Liao et al. (2022) studied NH₃ auto-ignition enhancement by N₂O and H₂ addition to widen the experimental window for ammonia chemistry and provide new constraints for mechanism development [42].
	Study utilised RCM measurements at 30 bar and 950–1437 K for pure NH₃, NH₃/N₂O, and NH₃/H₂ mixtures, combined with time-resolved species measurements using fast sampling plus gas chromatography and 0-D CHEMKIN modeling.
	N₂O and H₂ both substantially lowered the minimum ignition temperature for NH₃; the lowest ignition temperature dropped from 1224 K for pure NH₃ to 1089 K with 50% N₂O and to 950 K with 25% H₂. The study also reported two-stage ignition for NH₃/H₂ mixtures between 1000 and 1140 K. Limitation: although very useful for mechanism refinement, the additive strategy changes the chemistry and is not a direct representation of plain NH₃/air combustion hardware.
	Future work could validate the updated mechanism in plain NH₃/air, NH₃/CH₄, and flow-reactor or flame systems so that the additive-assisted constraints are tested against more application-relevant combustion modes.

	Liu et al. (2024) investigated ignition delay times and kinetic behavior of ammonia–natural gas blends, recognizing that real NG is not identical to pure methane [43]. 
	High-pressure shock-tube study with accompanying chemical kinetic analysis for NH₃–NG blends; the study explicitly compared NH₃–NG behavior with NH₃–CH₄ behavior. 
	The reported reactivity order was 100% NH₃ > 50% NH₃–50% CH₄ > 50% NH₃–50% NG > 100% NG in terms of ignition delay, meaning 100% NG was most reactive and pure NH₃ was least reactive. The paper also indicates that NH₃–NG blends had longer IDTs than comparable NH₃–CH₄ blends, showing that using methane alone can overestimate the reactivity of real NG blends. Limitation: the study is centered on shock-tube ignition behavior, so flame stability, emissions, and burner-level transport effects are not directly resolved. 
	Pair the kinetic analysis with laminar flame speed, NOx, and burner/engine tests using actual NG compositions from different sources to improve real-world representativeness. 

	Baker et al. (2023) explored hydrogen/ammonia/natural-gas fuel oxidation to obtain ignition and CO-formation data useful for gas-turbine-oriented kinetic-model improvement [44]. 
	Study conducted shock-tube experiments at 1200–1800 K and an average pressure of about 2.2 atm, using OH* chemiluminescence for ignition and laser absorption spectroscopy for CO time histories, followed by comparison with GRI 3.0 and a new UCF 2022 mechanism in CHEMKIN-Pro. 
	Both models captured trends for natural gas and ammonia mixtures, but GRI 3.0 failed for ammonia–hydrogen ignition, whereas the UCF 2022 mechanism reproduced those IDTs within experimental uncertainty. Limitation: the pressure level is relatively low compared with many practical gas-turbine combustors, and most mixtures were tested near ϕ = 1, which narrows the operating envelope. 
	Future studies should test higher pressures, wider equivalence-ratio ranges, and more application-specific fuel compositions to strengthen model robustness for industrial combustion systems. 

	Awad  et al. (2023) reviewed the combustion characteristics, safety aspects, and low-NOx strategies for NH₃/H₂ blends as carbon-free fuels [45]. 
	Study is a narrative review covering NH₃-assisted H₂ safety behavior, in-situ NH₃ dissociation, fundamental properties, combustion characterization, low-NOx techniques, and remaining challenges. 
	The review argues that H₂ addition can improve ignition and flammability and help make NH₃ use more practical, while also highlighting the ongoing challenge of low-NOx NH₃/H₂ combustion. Limitation: as a review, its conclusions depend on the consistency and quality of prior studies, which vary widely in burner type, pressure, and diagnostics. 
	A more explicitly systematic review structure, with clearer condition-by-condition comparison and quantitative synthesis, would reduce narrative-selection bias and sharpen engineering applicability. 

	Wei et al. (2025) reviewed recent work on NH₃/CH₄ blended-fuel combustion, focusing on ignition, flame propagation, flame stabilization, and NOx formation mechanisms. It emphasizes the role of H, O, and OH radicals and also discusses conventional diagnostics together with PLIF-based NO/OH detection [46].
	Narrative review of recent experimental and numerical studies on ammonia/methane blended-fuel combustion and NOx pathways.
	The study highlights are useful for synthesizing mechanisms and diagnostics, but as a review it is dependent on the quality and consistency of prior studies; it does not generate new primary data, so conclusions may inherit variations in burner type, pressure, equivalence ratio, and kinetics models across the literature. 
	A more transparent systematic-review protocol, explicit study-selection criteria, and side-by-side comparison of conditions such as pressure, equivalence ratio, and blending ratio would reduce narrative-selection bias and improve reproducibility.

	Du et al. (2023) investigated NOx formation and inhibition during combustion of NH₃/CH₄ and NH₃/CO mixtures, with attention to ammonia ratio, excess-air coefficient, temperature, residence time, and fuel concentration [47].
	Experimental high-temperature furnace reaction system using NH₃/CH₄/Ar and NH₃/CO/Ar mixtures under controlled operating conditions. 
	Study reported that when α ≥ 1, NOx first increased and then decreased with increasing ammonia share; from 900–1500 °C, NOx decreased with increasing temperature; and NH₃/CH₄ and NH₃/CO cases emitted more NOx than pure ammonia combustion. Limitation: the reactor setup is informative mechanistically, but it may not fully represent practical turbulent combustors or engines.
	Extending the work to practical burners/engines, broader pressure ranges, and validated kinetic modeling would improve external validity and reduce configuration-specific bias.

	Mashruk et al. (2024) synthesized recent knowledge on NOx and N₂O emissions from ammonia combustion across flames, burners, furnaces, gas turbines, and engines, including the effects of equivalence ratio, pressure, temperature, and fuel blending [48].
	Study technique involve comprehensive review of experimental, computational, and mechanism-development studies, including discussion of mitigation strategies such as rich operation, staged combustion, MILD combustion, plasma assistance, and improved kinetics/CFD. 
	Strong overview paper, but its breadth means evidence comes from many heterogeneous platforms and conditions, which can blur comparison across studies. It concludes that richer blends can suppress NO through increased NHᵢ radicals, while further work is still needed on mechanisms, models, and stability limits. 
	A structured comparison by combustor type, pressure level, fuel blend, and NOx metric, plus quantitative meta-analysis where possible, would reduce heterogeneity bias and sharpen engineering guidance.

	Shimokuri et al. (2025) examined low-NOx NH₃/CH₄ combustion with highly preheated air for industrial-heating conditions in a furnace environment [49].
	Bench-scale furnace experiment with about 1000 °C inlet air, 1200 °C furnace atmosphere, 40 kW thermal input, and a fuel blend of 30% NH₃ / 70% CH₄ by LHV; includes staged NH₃ injection through an additional nozzle system. 
	Study reported that direct NH₃ burner injection produced >1000 ppm NOx, while downstream NH₃ injection into a low-O₂ region reduced NOx to 464 ppm and then to 160 ppm at the farthest injection location; unburned NH₃ and N₂O were not detected in the examined cases. Likely bias: results are promising but tied to one furnace geometry, one main blend ratio, and one thermal-input class. 
	Testing multiple blend ratios, furnace scales, residence times, and oxygen-field distributions would reduce geometry-specific bias and improve scale-up confidence.

	Ariemma et al. (2022) studied ammonia/methane combustion under MILD combustion conditions with emphasis on stability limits and pollutant emissions [50].
	Experimental lab-scale cyclonic combustor study under MILD combustion, supported by simplified chemical-kinetics analysis. 
	Study noted that NH₃/CH₄ blends extended the stable operating range relative to pure NH₃, in terms of both temperature and equivalence ratio, but also produced higher NOx emissions than both pure NH₃ and pure CH₄ cases. Limitation: the conclusions are anchored to a specific burner concept and MILD regime. 
	Validation in other combustor architectures, with detailed kinetics and wider operating maps, would help separate fuel-blend effects from combustor-design effects.

	Yousefi et al. (2025) reviewed the broader development of ammonia combustion technology for NOx reduction, with strong emphasis on equivalence ratio control, gas recirculation, staged combustion, and flameless combustion [51].
	Engineering review of ammonia combustion theory, combustion characteristics, oxidation chemistry, combustion technologies, and NOx-reduction approaches. 
	Study concludes that equivalence ratio is the most important factor governing stability and NOx, and that internal recirculation and flameless combustion are promising for stable low-emission ammonia combustion; however, at overall ER < 1, post-treatment is still often needed. Limitation: broad review scope may underweight application-specific constraints such as hardware design and safety implementation. 
	A more application-segmented treatment, for example separating gas turbines, furnaces, and engines, plus techno-economic and aftertreatment comparisons, would reduce generalization bias.

	Trujillo et al. (2025) investigated NOx and N₂O formation in CH₄–NH₃ blends for engine application, using a numerical approach checked against experiment [52].
	Numerical engine study, using the SI Engine Zonal Simulator in Ansys CHEMKIN PRO for a heavy-duty CI engine converted to SI, with validation against experimental trends such as in-cylinder pressure, combustion phasing, and engine-out emissions. 
	Useful because it bridges mechanism-based modeling with engine-relevant validation; likely limitation is that the model remains tied to one engine platform and a zonal representation, which may simplify spatial in-cylinder inhomogeneities. Available source records indicate it studies the effect of NH₃ energy substitution ratio on emissions and compares the numerical outputs with experiments. 
	Full-cycle 3D CFD validation, wider operating loads/speeds, and additional aftertreatment-coupled analysis would reduce model-form bias and improve transferability to other engines.

	Farzana et al. studied ignition delay time (IDT) and time-resolved species evolution for ammonia blended with C1 fuels, specifically CO, CH₄, and CH₃OH, to improve understanding of ammonia-promoted combustion chemistry. The work generated both global ignition data and multi-speciation data for model validation [53].
	Shock-tube experiments with laser absorption spectroscopy were used to measure IDTs and species histories of NH₃, NO, and CO for 15 NH₃/C1 mixtures over ϕ = 0.5, 1.0, 1.5, 5–20% C1 addition, 1477–2236 K, and about 2.5 bar. Simulations were performed with the PTB-NH₃/C2 1.1 mechanism in Cantera.
	The study found that the mechanism captured high-temperature trends reasonably well, but showed limitations at lower temperatures and fuel-rich conditions, where it overpredicted CO and NH₃ mole fractions. Among the C1 additives, CH₃OH gave the strongest ignition enhancement, CH₄ the weakest, while CO strongly affected carbon–nitrogen chemistry. A likely bias is that the dataset is limited to shock-tube, high-temperature, low-pressure conditions, so transfer to practical combustors is incomplete.
	By extending validation to lower temperatures, higher pressures, and device-relevant systems such as burners or engines, and by adding more species diagnostics beyond NH₃, NO, and CO, the bias may be reduced. Additional datasets under practical combustion conditions would strengthen low-temperature mechanism refinement.

	Pierro et al. examined IDTs of natural-gas blends with H₂ and NH₃ under gas-turbine-relevant conditions to validate and refine detailed chemical-kinetics models for highly loaded premixed fuels [54].
	High-pressure shock-tube experiments were performed on undiluted NG/H₂/Air and NG/NH₃/Air mixtures at 1000–1500 K and about 25 bar. Results were compared with predictions from NUIGMech 1.1 for kinetics validation and refinement.
	The model showed excellent agreement at stoichiometric conditions, but deviated at lean and rich conditions, especially for H₂ addition at lower temperatures and across the full range of the baseline NG mixture. Hydrogen addition reduced ignition delay by nearly 90%, whereas NH₃ addition caused little noticeable change in ignition time, and NG/NH₃ behaved similarly to pure NG under those conditions. A likely bias is that the study focused on IDT only, under one principal pressure regime, so flame stability and emissions were not directly resolve
	The bias could be reduced by adding species-resolved measurements, NOx data, and wider equivalence-ratio and pressure ranges, then validating in burners or turbines rather than shock tubes alone. Coupling the IDT data with flame-speed and emissions datasets would improve applicability for combustor design.



This table shows that ammonia-based combustion research is still built on three main validation pillars: laminar flame speed (LFS), ignition delay time (IDT), and NOx/N₂O formation. While these three are complementary, LFS studies explain how easily the flame propagates, IDT studies describe how readily the mixture auto-ignites, and NOx studies assess environmental acceptability. A clear trend across the table is that ammonia alone has weak combustion performance, while blending with H₂, CH₄, or CO generally improves reactivity and flame propagation. However, this improvement often comes with a penalty in NOx formation, especially under lean or near-stoichiometric conditions., Observation shows that for the LFS literature, hydrogen is the strongest promoter of ammonia combustion. Some studies consistently show that flame speed increases with H₂ addition, higher initial temperature, and in some cases oxygen enrichment, while it decreases with pressure and increasing ammonia fraction. Study by Figueroa-Labastida adds useful high-temperature flame-speed data, which is important because many conventional methods do not reach those conditions. Still, most LFS studies are limited to laminar, premixed, lab-scale systems, so their direct transfer to practical combustors may be incomplete. Furthermore, the IDT studies, shows that ammonia is sluggish and requires enhancement. Certain studies confirm that CH₄ promotes ignition, though less effectively than H₂ (Shu and Liu), while the study by Liao demonstrates that both H₂ and N₂O strongly reduce ammonia ignition temperature. Liu’s ammonia–natural gas work is especially important because it shows that real natural gas cannot always be represented adequately by pure methane, which matters for model realism. Baker further shows that mechanism performance can vary substantially depending on the blend, with some classical mechanisms failing for ammonia–hydrogen mixtures. Overall, the IDT studies reveals that combustion-model validation must span wide temperature, pressure, dilution, and blend-composition ranges. In addition, the NOx studies highlights the central challenge of ammonia combustion: improving reactivity without creating excessive emissions, and that combustion strategy matters as much as fuel blend. For example, staged injection, low-oxygen zones, and furnace configuration can sharply reduce NOx, whereas direct blending alone may increase it. The review studies by Wei, Mashruk, and Yousefi reinforce that equivalence ratio, radical chemistry, staging, recirculation, and flameless/MILD combustion are critical control levers. Trujillo’s engine modeling work also shows that ammonia emission behavior must be validated in application-specific systems, not only in idealized reactors.
In terms of ML validation in combustion systems, this table suggests that a reliable machine-learning model cannot be trained or validated on a single metric alone. A robust ML framework should be validated simultaneously against LFS, IDT, species evolution, and NOx/N₂O emissions, because each captures a different part of combustion behavior. The table also shows that many datasets are narrow in scope, such as atmospheric pressure only, a single equivalence ratio, one burner geometry, or one blend family. That means ML models trained on such datasets may perform well in interpolation but fail under new pressures, temperatures, fuel compositions, or combustor designs.
Therefore, ML validation in combustion systems should follow four principles. First, multi-condition and multi-output dataset, covering temperature, pressure, equivalence ratio, dilution, and blend ratio. Second, validation across different experimental platforms, not just one shock tube or one burner, so the model learns physics rather than apparatus-specific behavior. Third, ML predictions check against mechanism-informed or physics-based trends, such as the known increase in flame speed with H₂ addition or the reduction of IDT with higher reactivity promoters. Fourth, performance evaluation not only by statistical accuracy, but also by physical consistency and generalization.Based on the Table 1, it may be concluded that ammonia combustion research is progressing, but the evidence remains fragmented across flame studies, ignition studies, and emissions studies. For ML to be credible in combustion systems, it must be validated on this full spectrum of behavior rather than on isolated datasets.
Data scarcity, inconsistencies between experimental setups, and limited coverage of high-pressure engine-relevant conditions can affect model reliability. Additionally, ML models may capture correlations without fully representing the underlying physical mechanisms, necessitating hybrid approaches that integrate ML with physics-based models for improved interpretability and accuracy [20]. Overall, while ML demonstrates strong potential for predicting ammonia flame speed, rigorous validation using diverse datasets and robust statistical methods is essential to ensure reliability for practical combustion and engine applications.

2. Materials and Methods
[bookmark: _Toc202601402][bookmark: _Toc213847584]2.1.   Literature Search Strategy
To ensure a methodologically sound review of literature on the combustion characteristics of Ammonia-blend fuels, a structured search was conducted using two leading academic databases: Scopus and Web of Science (WoS). These platforms were selected based on their wide coverage of multidisciplinary peer-reviewed scientific publications. The search targeted studies published between 2015 and 2025, using a Boolean query designed to capture a broad range of relevant terms:

("ammonia" OR "NH3") AND ("combustion characteristics" OR "combustion behavior" OR "ignition delay" OR "reactivity" OR "flame speed") AND ("fuel blends" OR "blended fuels" OR "co-firing" OR "mixtures" OR "ammonia blends" OR "NH3 blends" OR "ammonia-hydrogen" OR "ammonia-methane" OR "NH3-H2" OR "NH3-CH4").

Filters were then applied within each database to include only peer-reviewed journal articles (excluding, non-open access journal articles, book chapters, reviews, notes, and other non-article formats) with the language limited to only English-language publications to ensure accessibility and consistency in interpretation. The Prisma diagram for schematically showing the literature search strategy is shown in Figure 1. 
The refined search yielded 321 peer-reviewed articles (Scopus) and 1, 574 documents (Web of Science). Given the volume of results from Web of Science, the database’s relevance ranking tool was used to select the top 1,000 most relevant articles for downstream screening. These documents were exported alongside the Scopus records, resulting in an initial dataset of 1,321 documents. All records were imported into Rayyan AI [55] a web-based tool for facilitating blinded and collaborative screening during systematic reviews. Using Rayyan's integrated de-duplication tools and manual verification, 447 duplicate records were identified and removed. This left a total of 874 unique documents. A multi-stage screening process was then conducted to assess the relevance of each document, considering the; “title and abstract screening”, to preliminarily assess alignment with the review objectives. Then, “full-text screening”, where necessary, to verify eligibility based on inclusion and exclusion criteria.
Record identified through Scopus
n = 321
Records identified through Web of Science
n = 1, 574
Web of Science most relevant records selected from ranking databases:
n = 1000
Records after merging dataset:
n = 1, 321
Duplicates removed using Rayyan
n = 447
Records after de-duplication:
n = 874
Records excluded (not aligned with objectives)
n = 771
Records screened (full text and abstracts): 
n = 874
Studies included in qualitative synthesis (final analysis):
n = 103




























Figure 1:   Prisma Flow Chart for Selecting Studies in the combustion characteristics of Ammonia-blend fuels.

With a positivist approach, this study focuses more on objective quantitative measurements of numerical data and empirical evidence to understand the combustion kinetics of ammonia blends (NH₃ + H₂, NH₃ + Di-methyl Ether (DME), NH₃ + Methanol, NH₃ + Methane, NH₃ + Ethanol, NH₃ + Di-methoxy Methane). Upon extraction of relevant dataset, ANNs and (SVM) are used, allowing ML algorithms to analyze and optimize the combustion process's LBV, IDT, and equivalency ratio (ER). Experimental data on the combustion kinetics of ammonia-blends, such as LBV, IDT, and equivalency ratio (ER), were extracted as part of the data collection process (sourced from multiple databases). These data were then preprocessed to guarantee accuracy and consistency before being trained separately with ANN and SVM. Both computational and experimental data were used for validation. The RMSE and R2 performance metrics were utilised to predict the targets "equivalence ratio, pressure, temperature, and ammonia concentration" in a Python environment after the data were divided into training, validation, and testing sets and non-linearity was introduced using the ReLU activation function.
Mathematical Formulation;

Laminar Burning Velocity (LBV):
							(1)
						(2)
						(3)

Where, unburned mixture mass is denoted by Mu, spark plug ignition after timing is denoted by t, unburned mixture density is denoted by ρ-u, flame front surface area by the boundary is denoted by Ae, velocity of laminar flame is denoted by SL, velocity of turbulent flame by ST, velocity of laminar flame at reference pressure and temperature as SL0, unburned gas temperature is denoted by Tu, and the reference temperature is assumed to be 298 K in computations,  β is the pressure index, γ is ER, φ is the equivalency ratio when laminar flame velocity is maximum, Di is exhaust gas coefficient of dilution, Bm is maximum laminar flame velocity, Bφ is the reduced value of laminar flame velocity, and Pref is the reference pressure, which is calculated to be 101.325 kPa.

Ignition Delay Timing (IDT):
				(4)
where k is rate of reaction constant, Fuel is a symbol for the fuel's concentration. n, m are the reaction orders, oxidizer is the oxidizer concentration, activation energy is,𝐸𝑎, gas constant is,𝑅𝑇, and the Equivalence Ratio (φ):
									(5)
Where, act and sto are actual and stoichiometric comparisons, respectively.

Meanwhile, ML models are known to be data-efficient , and the generalizability of its outcome may be limited to the degree of data input.
3.	Results and Discussion
The output metrics describing the performance of different fuels are objectively discussed, with the optimization potential of the different fuel mixtures. 

3.1	ML Performance metrics 
For the train and test dataset, the hyperparameters of the SVM model were optimized using the GridSearchCV algorithm, while the ANN model was trained using the Bayesian optimization algorithm. The optimal parameters used for the ANN were 150 neurons in the first layer and 50 neurons in the second layer at a learning rate of 0.005, whereas for SVM, the optimal parameters were kernel = rbf, C = 1000, and gamma = 0.1. The ANN and SVM models' performance metrics are summarized in Figure 1 and Table 2. 

Table 2: The performance metrics of the ANN and SVM models compared.
	Metric
	RMSE
	MSE
	R-squared
	RMSE(Train)
	MSE(Train)

	ANN
	0.0234
	0.0005
	0.9876
	0.0156
	0.0002

	SVM
	0.0312
	0.0009
	0.9821
	0.0256
	0.0006



In this study, a sensitivity analysis was performed, and a confidence intervals around the R² values and RMSE scores was used to quantify the uncertainty in the predictions. 
A k-fold cross-validation (k = 5) for both ANN and SVM models was conducted to ensure that the performance metrics were not biased by the train dataset, an intent which helps to assess how the model generalizes to unseen data, ensuring a more reliable estimate of its practical performance. For each fold, the training data was split, and the model was evaluated on the test set, providing a robust validation process. The cross validated outcome is given in Table 2. While uncertainty in model predictions can arise due to several factors, including data noise and model assumptions. 
Here ANN model achieved an 95% confidence interval of ±0.0012 for R², and ±0.0045 for RMSE, while SVM model had a 95% confidence interval of ±0.0021 for R², and ±0.0061 for RMSE. According to the outcome in Table 2, ANN model outperforms the SVM model in terms of R-squared, MSE, and RMSE. This work concludes by showing how to estimate the combustion kinetics of ammonia blends as an automotive fuel using machine learning methods (ANN and SVM). Based on predictive accuracy, the results demonstrate that the ANN model outperforms SVM model. For lean and near stoichiometric conditions, the study offers important insights into optimizing the equivalency ratio, IDT, and LBV.

3.2	Correlation of Dataset
The Actual vs Predicted (Train Data, Figure 2a) scatter plot shows a strong linear correlation between the Actual and Predicted values, as indicated by the green regression line. The points are generally well-aligned along the line, suggesting that the model's predictions are accurate across the majority of the data range.
[image: ][image: ]
(a) Train Data						(b)  Test Data.
Figure 2: Actual vs predicted data plots for the train and test data are given in figures (a) and (b), respectively.

However, there are some slight deviations and a few outliers at the higher predicted values, which could indicate areas for model improvement or further investigation. Meanwhile, for the Actual vs Predicted (Test Data, Figure 2b), a strong linear relationship between the Actual and the Predicted values is observed. The regression model, with a linear fit equation of , exhibits a nearly perfect alignment of data points, indicating a roburst model predictions for the majority of the test dataset. While the overall pattern shows a tight correlation, a few outliers on the higher end of the predicted values suggest that the model might require further refinement for extreme cases. The relatively shallow slope of the regression line further suggests that the model might underestimate higher values, indicating areas for potential model improvement, such as scaling or addressing outliers effectively.

3.2.1. Ammonia-Hydrogen Blends
Figure 3 on Ammonia-Hydrogen (LBV against ER), the LBV prediction accuracy by the ANN model was of high degree, at a coefficient of determination (R-squared) of 0.95 value. Additionally, the SVM model performed well, as shown by its R2 of 0.92. As ER rises, the LBV also rises, although it peaks at 1.02 before falling. (Figure 3).


Figure 3: Laminar burning velocity against Equivalence ratio for Ammonia-Hydrogen.

3.2.2. Ammonia-Di Methoxy Methane Blends
In the Figure 4 on Ammonia-Di-meth-oxy-methane (LBV against ER), the ANN model predicted the laminar burning velocity with moderate accuracy degree, with an R2 of 0.85. The SVM model performed slightly higher, having an R2 of 0.88. The results suggest that ammonia-di methoxy methane blends may not be adequately suitable as an automotive fuel due to their poor ignition characteristics (Figure 4).

Figure 4: Laminar burning velocity against Equivalence ratio for Ammonia-Di-meth-oxy-methane.

The LBV accuracy predicted by the ANN model was moderate, with R2 of 0.85. The SVM model's R2 of 0.88 indicated a little superior performance than the ANN. Outcome imply that blends of ammonia and di-methoxy methane may not be suitably applicable as fuel for automobiles owing to their weak ignition properties (Figure 3).

3.2.3.	Ammonia-Di-methyl ether
Figure 5 on Ammonia-Di-methyl ether (LBV against ER), the ANN model's R2 of 0.94 indicated that it was highly accurate in predicting the LBV. The SVM model, which had an R2of 0.91, performed well as well. According to the findings, blends of ammonia and dimethyl ether may be utilised as an effective and clean vehicle fuel (Figure 5).

Figure 5: Laminar burning velocity against Equivalence ratio for Ammonia-Di-methyl ether.

3.2.4. Ammonia-Methanol Blends
Figure 6 shows the LBV against ER for Methanol, and the outcome R2 of 0.96 by the ANN model shows higher accuracy predicted the LBV, while an R2 of 0.93 showed that the SVM model also demonstrated strong performance, underscoring the fact that Ammonia-methanol blends may be a clean and effective vehicle fuel, according to the results (Figure 6).

Figure 6: Laminar burning velocity against Equivalence ratio for Methanol.

3.2.5. Ammonia-Ethanol Blends
Figure 7 shows LBV against Equivalence ratio for Ethanol. With an R2 of 0.84, the ANN model was able to predict the LBV with a moderate level of accuracy. With R2 of 0.87, the SVM model achieved better performance. Based on the outcome, it may be implied that ammonia-ethanol blends would not be the best choice for use as vehicle fuel (Figure 7), which may be due to their weak ignition properties.


Figure 7: Laminar burning velocity against Equivalence ratio for Ethanol.

3.2.6. Ammonia-Methane Blends
Figure 8 shows the plot of LBV against ER for methane. The LBV was precisely predicted by the ANN model, as shown by its R2 of 0.95. Additionally, the SVM model performed well, as evidenced by its value of R2 of 0.92. The findings point to the possibility of ammonia-methane mixtures as an effective and clean vehicle fuel (Figure 7).

Figure 8: Laminar burning velocity against Equivalence methane.

3.2.7.	Ignition Delay in Ammonia-Based Fuels
The Figure 9 shows how ignition delay decreases with increasing equivalence ratio for three ammonia‑based fuels. Pure NH₃ exhibits the longest ignition delays, reflecting its well‑known low reactivity and high ignition resistance. NH₃ + CH₄ blends ignite noticeably faster due to methane’s higher reactivity, reducing ignition delay across all equivalence ratios. The NH₃ + H₂ / cracked‑NH₃ blend performs comparatively better, showing the shortest ignition delays, consistent with hydrogen’s strong reactivity and its ability to accelerate radical formation pathways during ignition. It may be inferred that across all fuel typess, richer mixtures (higher φ) ignite more readily, producing steadily lower ignition delays. The relative separation between the curves illustrates each additive’s effectiveness in enhancing ammonia combustion, hydrogen provides the strongest improvement, methane a moderate improvement, and pure ammonia remains the slowest to ignite.

[image: ]Figure 9: Ignition Delay against Equivalence Ratio for Different Ammonia-Based Fuels

The findings demonstrated that mixes of ammonia and hydrogen, ammonia and dimethyl ether, ammonia and methanol, and ammonia and methane all had comparable combustion properties, with short ignition delay periods and optimal yield in laminar burning velocities. Blends of ammonia-di methoxy methane, ammonia-di ethyl ether, and ammonia-ethanol exhibited inferior combustion properties, including longer ignition delay periods and lower laminar burning velocities. To optimize the combustion kinetics of ammonia blends as an automotive fuel, this study showed the predictive capacity of machine learning algorithms, more especially, ANN and SVM. At lean and near stoichiometric circumstances, LBV, IDT, and ER were successfully optimized. Based on LBV and IDT prediction, the ANN model was superior than the SVM model, however the SVM model was comparatively superior in terms of equivalency ratio prediction. The findings of the study uncovered the unknown degree of impact of key parameters on the dynamics of ammonia mix combustion and can guide the development and choiced application of engine fuels.

4. Conclusions
The outcomes from this study have vital ramifications for policy and practice in the development of ammonia-blend fuels for use in automobiles. Ecologically friendly and efficient vehicles may be developed by using improved combustion kinetics models to guide engine calibration and design, and via policy development and recommendations for the utilization of ammonia-blend fuels, which policymakers can also benefit from by the adoption of greener and more sustainable energy sources. Findings from these study may be directed towards industry participants in the development of new infrastructure and technology to facilitate the broad use of ammonia-blend fuels. This study demonstrates the optimization potential of laminar burning velocity, ignition delay time, and equivalency ratio in lean and near stoichiometric conditions by utilizing machine learning methods, particularly ANN and SVM, an outcome which provide a useful framework for future research and development in the field of alternative fuels and expand on existing understanding of ammonia-blend combustion dynamics.
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