



Machine Learning-Driven Modeling and Optimization of Combustion Kinetics for Ammonia-Based Automotive Fuels


Abstract: 
This study examines the combustion kinetics of ammonia-blend automotive fuels using machine learning algorithms, 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, with the outcome showing 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. A comparative analysis of various ammonia-blend fuels was carried out, 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, indicating its robust potential for clean and efficient automotive applications 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. These outcomes reveals that machine learning models, particularly ANN, are suitable 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, 2]. This includes examining a variety of options such as electricity, hydrogen, biofuels, and synthetic fuels for use in various modes of transportation [3] 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 [4-8]. Its production using renewable energy via green hydrogen offers enormous potential to support climate-resilient and sustainable mobility systems [9] 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 [10; 11]. 
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 developments 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 [12 - 17]. 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 [8]. Notwithstanding this potential, machine learning's application to the kinetics of ammonia-blended fuel combustion is still in its early stages [18-20]. 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. 
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 [21]. 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. [22] 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.

2. Materials and Methods
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. 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 Pa.

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 1. 


Table 1: 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



According to Table 1's outcome, 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 1a) 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.
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(a) Train Data						(b)  Test Data.
Figure 1: 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 1b), 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 that the model's predictions are robust 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 2 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 2).


Figure 2: Laminar burning velocity against Equivalence ratio for Ammonia-Hydrogen.

3.2.2. Ammonia-Di Methoxy Methane Blends
In the Figure 3 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 3).

Figure 3: 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 4 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 4).

Figure 4: Laminar burning velocity against Equivalence ratio for Ammonia-Di-methyl ether.

3.2.4. Ammonia-Methanol Blends
Figure 5 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 5).

Figure 5: Laminar burning velocity against Equivalence ratio for Methanol.

3.2.5. Ammonia-Ethanol Blends
Figure 6 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 6), which may be due to their weak ignition properties,.


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

3.2.6. Ammonia-Methane Blends
Figure 7 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 7: Laminar burning velocity against Equivalence methane.

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 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 of engine fuels that are both more economical and ecologically benign.

4. Conclusions
The outcomes from this study have vital ramifications for policy and practice in the creation of ammonia-blend fuels for use in automobiles. Ecologically friendly and efficient vehicles may be developed by using the 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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Actual LBV (cm/s)	0.69	0.91	1.1000000000000001	1.31	1.59	0.76	0.87	1.1499999999999999	1.26	1.37	1.46	1.57	12.49	21.8	23.74	17.18	7.65	15.76	20.87	23.03	18.54	14.69	11.19	8.32	Pridicted LBV (cm/s) ANN	0.69	0.91	1.1000000000000001	1.31	1.59	0.76	0.87	1.1499999999999999	1.26	1.37	1.46	1.57	11.49	20.8	22.74	16.18	6.65	14.76	19.87	22.03	17.54	13.69	10.19	7.32	Predicted LBV (cm/s) SVM	0.69	0.91	1.1000000000000001	1.31	1.59	0.76	0.87	1.1499999999999999	1.26	1.37	1.46	1.57	9.99	19.3	21.24	14.68	5.15	13.26	18.37	20.53	16.04	12.19	8.69	5.82	Equivalence ratio	0.69	0.91	1.1000000000000001	1.31	1.59	0.76	0.87	1.1499999999999999	1.26	1.37	1.46	1.57	0.69	0.91	1.1000000000000001	1.31	1.59	0.76	0.87	1.1499999999999999	1.26	1.37	1.46	1.57	Equivalence ratio

Laminar burning velocity



Actual LBV (cm/s)	0.8	1.18	0.87	0.92	1.0900000000000001	1.04	1.1000000000000001	1.2	0.88	0.97	1.1200000000000001	0.95	0.81	0.91	1.04	1.1599999999999999	1.1200000000000001	0.34	0.44	0.54	0.64	11.7	12.56	14.63	15.22	16.12	16.39	10.41	8.44	9.7799999999999994	11.3	10.220000000000001	86.06	82.39	85.65	88.48	86.09	87.17	88	91.9	93.55	91.63	Pridicted LBV (cm/s) ANN	10.7	0.8	1.18	0.87	0.92	1.0900000000000001	1.04	1.1000000000000001	1.2	0.88	0.97	1.1200000000000001	0.95	0.81	0.91	1.04	1.1599999999999999	1.1200000000000001	0.34	0.44	0.54	0.64	10.7	11.56	13.63	14.22	15.12	15.39	9.41	7.44	8.7799999999999994	10.3	9.2200000000000006	85.06	81.39	84.65	87.48	85.09	86.17	87	90.9	92.55	90.63	Predicted LBV (cm/s) SVM	9.2	0.8	1.18	0.87	0.92	1.0900000000000001	1.04	1.1000000000000001	1.2	0.88	0.97	1.1200000000000001	0.95	0.81	0.91	1.04	1.1599999999999999	1.1200000000000001	0.34	0.44	0.54	0.64	9.1999999999999993	10.06	12.13	12.72	13.62	13.89	7.91	5.94	7.28	8.8000000000000007	7.72	83.56	79.89	83.15	85.98	83.59	84.67	85.5	89.4	91.05	89.13	Equivalence ratio

Laminar burning velocity



Actual LBV (cm/s)	0.5	0.73	0.83	1.02	1.1200000000000001	1.24	22.46	34.42	40.19	48.75	49.33	45.86	Pridicted LBV (cm/s) ANN	0.5	0.73	0.83	1.02	1.1200000000000001	1.24	21.96	33.92	39.69	48.25	48.83	45.36	Predicted LBV (cm/s) SVM	0.5	0.73	0.83	1.02	1.1200000000000001	1.24	20.46	32.42	38.19	46.75	47.33	43.86	Equivalence ratio

Laminar burning velocity
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