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MACHINES THAT LISTEN TO ENGINES:
Al-DRIVEN OPTIMIZATION OF COMBUSTION USING
ALTERNATIVE FUELS

knock sensors and maintain stoichiometric air fuel ratios through lambda sensor feedback. The
challenges are these existing mechanisms were designed for modest variation within an already
known fuel group, not for wider ranged combustion properties that hydrogen, ammonia, and
multifuel blend strategies introduce [2, 6].

On the other hand, the emissions compliance window is narrowing. Modern engines already operate
away from their peak thermal efficiency points specifically to keep NOx and CO within acceptable
limits. This is a deliberate tradeoff that regulations are compressing further. As NOx limits tighten
and CO, targets become more aggressive, the margin available for that tradeoff shrinks, making the
optimization harder to solve with fixed systems. Modern engine control systems are not completely
static. Closed loop feedback from lambda sensors continuously adjusts the air fuel ratio around

the stoichiometric target, and knock sensors allow the ECU to adjust ignition timing in real time
when combustion instability is detected. These feedback systems provide meaningful adaptability
within a known fuel envelope. What they cannot do is handle much wider compositional variability
of hydrogen, ammonia, or variable biofuel blends. They also cannot optimize across the full set of
conflicting emissions, efficiency, and durability objectives that future regulations demand [2, 6].

Artificial intelligence is emerging as a bridge between where engines currently are and where

they need to be in the future to keep up with the rapidly evolving fuel landscape. Machine learning
models trained on engine sensor data can generalize across a far wider range of operating
conditions and fuel compositions than the calibration maps conventional ECUs rely on, capturing
nonlinear combustion behavior that map based interpolation cannot resolve. Reinforcement
learning operating within validated simulation environments, can explore injection and timing
strategies across operating conditions that manual calibration cannot. Digital twins can maintain
a real-time virtual copy of a running engine and adjust its control parameters as engine conditions
rapidly change. All these tools are beginning to transform the ICE from a static mechanical system
into an adaptive self-optimizing machine [2, 6, 7].

This article examines that transformation. It begins with the new fuels entering service and the
combustion challenges they create. It then surveys the Al and machine learning toolkit being
used to optimize engines, from artificial neural networks and long short-term memory networks
to surrogate models and physics informed methods. It covers reinforcement learning as an
Section 1: introduction- The Accelerating Demand for Intelligent Engine Control autonomous control architecture, digital twins as the platform that integrates all these tools
together. It also covers the substantial barriers that still separate current research from future
deployment. The goal is to give a technically grounded but accessible account of an active and
consequential area of engine research.

Whenever a freight ship crosses the Pacific, a tractor cuts through a midwestern field, or a truck
climbs over a mountain pass, an internal combustion engine is doing the work. Even as electric
vehicles have commanded significant industry and media focus in recent years, the ICE continues
to power approximately 95% of the world's transportation energy [1,2]. The vehicle fleet globally
numbers over 1.4 billion units, and the majority of those will be running on the combustion process
for decades. The transition to electrification is real, but it is not right around the corner as many
believe it is. It is not fast enough to meet the emissions targets that governments around the world Not all fuels are created equal, and that has never mattered more than it does today. Each

have already written into law. alternative fuel under active development for ICE applications introduces combustion properties
that fall outside ethe range for conventional ECU feedback. The control challenge is different in
each case, but the common thread is that traditional engine development strategies are insufficient
for any of them [8, 9, 10].

Section 2: A Landscape of Alternatives- The Fuels of the Future

The regulatory environment surrounding ICEs has tightened substantially in recent years. Euro 7
takes effect in November 2026, the European Union has mandated a 90% CO, reduction from new
vehicles by 2035, and the International Maritime Organization has committed to net zero shipping

emissions by 2050 [1, 3, 4, 5]. These targets are not projections. They are strict legal requirements Understanding this nuance is the foundation for why Al is necessary. A single fuel with stable,

that engine manufacturers must meet using fuels and technologies available to them. That predictable properties can be calculated with a fixed map. A diverse and variable fuel portfolio is
constraint is the immediate context for what this paper covers. something that cannot.

The problem is two sided, and both sides are ramping up their intensity. On one hand, the fuels The combustion challenges are substantial. Hydrogen's laminar flame speed is 170 to 200
entering the combustion chambers are changing. Hydrogen, ammonia, biofuels, and synthetic centimeters per second in stoichiometric conditions. The extreme flame speed creates a tendency
e-fuels are being developed for specific hard to electrify sectors including heavy transport, maritime, | toward two distinct but connected ignition problems in spark ignition engines. Backfire occurs

and aviation rather than as universal gasoline replacements. Biofuels and ethanol blends are more when hydrogen ignites in the intake port from hot surfaces or leftover combustion gases before

broadly applicable but still introduce important variation in combustion properties. Modern engines the intake valve closes. Pre-ignition occurs inside the cylinder when hot spots including spark plug
already compensate for this variability, with spark ignition engines adjusting ignition timing through electrodes, exhaust valves, or carbon deposits ignite the charge before the intended spark event.
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Both represent control challenges that go further than what a conventional ECU calibration can
manage and that require active cycle level monitoring and response [8, 10]. Hydrogen has a wide
flammability range from 4% to 75% by volume in air which makes mixture formation management
even more complicated.

Figure 1 compares the energy densities of the major alternative fuels against traditional diesel
and gasoline.
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Figure 1: Energy density comparison of alternative and conventional fuels on a gravimetric
and volumetric basis [10, 13, 15].

Ammonia is gaining consideration as a zero-carbon fuel candidate for heavy transport and maritime
applications. The combustion challenges center on two main properties of ammonia. Ammonia’s
laminar flame speed is lower than that of hydrogen or diesel, at a rate of seven to nine centimeters
per second at stoichiometric conditions, making ignition difficult and combustion unstable at high
loads without a co-fuel or ignition promoter [8, 12]. Ammonia has some other products including
nitrogen oxides (NOx), nitrous oxide (N,0), and if combustion is incomplete unburned ammonia

in the exhaust. N,O is a potent greenhouse gas with a warming potential about 265 times greater
than CO, over a 100-year period. The most practical approach is dual fuel operation. This involves
pairing ammonia with a small quantity of diesel or hydrogen to stabilize the ignition stage. Precisely
managing the blend ratio and injection timing across varying load and temperature conditions is a
multivariable optimization problem well-suited to Al-driven control [8, 13].

Figure 2 shows a radar chart comparing key combustion properties across the major alternative
fuels and traditional diesel and gasoline. It makes clear why each fuel requires a specific
optimization approach.

No Single Alternative Fuel Dominates: Combustion
Trade-off Profile by Fuel Type

Flame Speed
(normalized)

Engine
Compatibilit:

Ignition Energy
(inverse) )
=&-Diesel
—e—Gasoline
—e—Hydrogen
—#—Ammonia

=@-Bioethanol

Storage Ease Energy Density

CO2 Intensity
(inverse)

Figure 2: Combustion property comparison across hydrogen, ammonia, bioethanol, synthetic e-diesel, and
conventional fuels. It shows laminar flame speed, minimum ignition energy, auto ignition temperature, research
octane number, and stoichiometric air fuel ratio [8, 9, 11].

Biofuels are currently the most commercially mature alternative fuels. They hold a significant
advantage of drop-in compatibility with existing engines and fueling infrastructure. Existing engine
calibrations can sometimes accommodate normal blend levels; however, optimization for higher
blend ratios and variable feedstock compositions requires Al based control which can adapt to the
specific blend ratios and composition of the fuel [8, 16].

Figure 3 ranks the major alternative fuels by commercial maturity and technology readiness. It
ranges from fully deployed first-generation biofuels on one end to early-stage microalgae derived
fuels and green ammonia on the other.
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From Lab to Road: Technology Readiness of
Alternative Fuels for ICE Applications
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Figure 3: Technology readiness and commercial maturity ranking of major alternative fuels for ICE application [10, 14, 15].

E-fuels, also called power-to-liquid fuels or electrofuels, are synthetic hydrocarbons. Their most
practical advantage is drop-in capability. E-fuels can be used in existing engines and existing
fuel infrastructure without modification. They each have minimal differences in their combustion
processes requiring tailored optimization [9, 10].

The most immediately practical pathway involves dual-fuel or blended systems that combine
conventional fuel with an alternative one in a controlled ratio. Ammonia-diesel dual-fuel systems are
under active development for maritime and road applications [8, 12, 13]. Hydrogen biodiesel blends
for compression ignition engines improve flame speed and thermal efficiency while lowering net
carbon emissions [17].

Blended configurations introduce a second dimension of variability into the control problem. Not
only does each fuel have unique combustion properties, but the properties change based on the
ratio of the blend. A conventional lookup table has no ability to account for this variability. It is
precisely this challenge that makes machine learning the defining technology for the next generation
of engine control [2, 6].

Section 3: The Limits of Traditional Engine Control

To appreciate the innovation Al brings to engine optimization, it is crucial to understand what

was there before. The conventional approach to managing an ICE relies on what is called a
calibration map, also known as a lookup table. During development, engineers run an engine
through thousands of operating points on a test bench, systematically varying parameters such
as fuel injection timing, injection pressure, exhaust gas recirculation rate, and air fuel ratio. At
every point they measure the performance and emissions of the engine and record the optimal
settings. The measurements are stored in an engine control unit (ECU) after being compiled into a
multidimensional table.

In operation the ECU reads inputs from a range of sensors and applies the corresponding calibrated
parameters. Modern production engines are more instrumented than this basic description
suggests. Lambda sensors measure exhaust oxygen content continuously, allowing the ECU to
adjust fuel injection in real time to maintain the target air fuel ratio. Knock sensors thar are mounted
on the engine block detect the high frequency vibrations characteristic of abnormal combustion and
trigger immediate ignition timing to protect the engine. Mass airflow sensors, manifold pressure
sensors, coolant and intake air temperature sensors, cam position sensors, and throttle position
sensors all feed into the ECU at the same time. This enables a degree of closed loop adaptability
that goes well beyond a simple lookup table [2, 6]. This closed loop feedback is what allows modern
engines to compensate for changes in conditions, fuel quality variations, within a known fuel family
and gradual wear over the engine’s service life.

Figure 4 illustrates the three generations of engine control. It goes from the static lookup table to
the modern closed loop ECU with lambda and knock sensors to the Al adaptive system. It shows
precisely where conventional closed-loop correction ends and where Al optimization becomes
necessary: the point at which fuel chemistry variability exceeds the correction range that lambda
and knock sensor feedback was calibrated to handle.

Three Generations of Engine Control: From Fixed Maps to Adaptive Intelligence
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Figure 4: Three generations of engine control architecture showing the basic lookup table, the modern closed loop
ECU with lambda and knock sensors containing within a pre-mapped correction range, and the Al adaptive system

capable of handling wider compositional variability of alternative fuels [2, 6].
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This approach is effective for a single fuel with a stable and predictable combustion process. It was
designed around the assumption that fuel properties stay within a narrow and well characterized
range. Gasoline and diesel do vary geographically and seasonally in properties including octane
rating, cetane number, energy content, and volatility. Modern closed loop feedback through lambda
and knock sensors allow the ECU to compensate for most of this variation. The limits of this
approach become apparent when the fuel properties shift outside the range the closed loop system
was designed to manage. An Al model faces an analogous boundary because a model trained on
conventional fuel data cannot reliably extrapolate to hydrogen or ammonia combustion without
retraining on representative data. The distinction is that machine learning models can be retrained,
expanded, and updated as new fuel data becomes available. alternative fuels such as hydrogen,
ammonia, and variable biofuels introduce combustion property variation that are much larger than
pump to pump variation in conventional fuels. Lamba and knock sensors can correct for modest
deviation but they cannot reoptimize the whole combustion strategy. They cannot do this when
flame speed, ignition energy, and stoichiometry of the fuel change greatly [2, 18].

Alternative fuels expose all the limitations of the static design of lookup tables. The combustion
properties of hydrogen enriched natural gas blend shift as the hydrogen fraction changes from 5%
10 20% to 50%. A batch of biodiesel derived from soybean oil combusts differently than one derived
from palm oil or waste cooking oil, because the fatty acid composition of the individual oils differs [8,
16]. Ammonia dual-fuel combustion is sensitive to the diesel pilot quantity, the injection timing, the
engine load, and the ambient temperature in ways that cannot be pre-programmed in a lookup table.

Modern engines with closed-loop lambda and knock sensor feedback handle most of this variation
automatically. The ECU continuously trims fuel injection and ignition timing in response to real-
time sensor data. This is why a modern gasoline engine runs acceptably at high altitude or in
extreme heat without requiring a new calibration. The problem is not that conventional engines

are completely blind to operating conditions. It is that the closed-loop correction mechanisms are
designed to operate within a defined window around a known fuel and a known combustion regime.
When ammonia replaces a significant fraction of diesel, or when a hydrogen fraction shifts from 5%
to 50% in a blended fuel, the combustion reaction changes in ways that fall outside the correction
window. The lambda sensor can detect that the mixture is wrong, but the ECU has no calibrated
response for a combustion process it was never mapped for [2, 18]. Alternative fuel integration
involves challenges beyond engine control which include fuel system materials compatibility,
injector design, and in some scenarios fundamental engine geometry modifications.

The result is a trade-off that engine engineers have dealt with for decades. Calibrations are
necessarily conservative, programmed to avoid the worst outcomes rather than trying to
optimize the engine for the best possible performance. This causes efficiency to be left on the
table. Conservative calibrations are shaped by emissions requirements. Ignition timing and
mixture strength are set to keep NOx, CO, and particulate emissions within regulatory limits. The
thermodynamic optimum and the emissions compliant operating point are not always the same
and regulations take priority. The result is that the engine operates within regulatory emissions
limits but not at peak efficiency. The gap between where the engine operates and where it could
operate shows performance that is recoverable which static calibration has no mechanism to
fix. For conventional fuels in stable operating environments the cost of conservative practices is
manageable; however, for alternative fuels which are under tighter regulations it is not feasible to
leave that efficiency on the table [6, 18].

Figure 5 illustrates the multi-objective nature of the engine calibration problem. The fundamental
trade-offs between power, emissions, and efficiency are set by combustion chemistry and
thermodynamics. They cannot be eliminated by any control system. What Al changes is the ability
to generalize across a parameters space that no calibration table could cover. A machine learning
model trained on a representative sample of data that learns the underlying nonlinear relationships
between inputs and outputs and can predict accurately at operating conditions it was never shown.

The scores assigned to each strategy on each dimension are relative rankings on a scale of one to
ten. They are derived from the published performance data and calibration trade-off relationships
documented in the engine optimization literature, where ten represents the best achievable
outcome for that specific dimension and scores reflect the well-established engineering reality that
advancing one objective such as NOx reduction or peak power requires sacrificing another such as
fuel efficiency or durability [2, 6, 18].

The scores assigned to each strategy on each dimension are relative rankings on a scale of one to
ten. They are derived from the published performance data and calibration trade-off relationships
documented in the engine optimization literature, where ten represents the best achievable
outcome for that specific dimension and scores reflect the well-established engineering reality that
advancing one objective such as NOx reduction or peak power requires sacrificing another such as
fuel efficiency or durability [2, 6, 18].

Every Optimization Goal Conflicts With Another —
Except When Al Balances All of Them
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Figure 5. Conceptual multi-objective engine optimization radar chart comparing a maximum power strategy,

a minimum NOx strategy, a maximum efficiency strategy, and a balanced Al-optimized strategy across seven
performance dimensions. NOx and CO control strategies differ significantly between spark ignition and
compression ignition engines; the trade-offs shown here are specific to spark ignition operation and are not
directly transferable to diesel combustion. The chart does not suggest that Al eliminates the underlying trade-
offs between power, emissions, and efficiency. The chemistry and thermodynamics of combustion impose
real constraints that no control system can override. What the chart illustrates is that the operating point a
conventional single-objective calibration selects leaves significant performance available on other dimensions,
and that a machine learning system searching for a higher-dimensional parameter space can find operating
points that are better balanced across all objectives simultaneously than any single-objective strategy would
locate. The gain is not magic. It is the result of searching for a larger and more complex optimization space than
manual calibration can practically explore [2, 6, 18].

Optimization of the engine is a structurally difficult challenge to overcome. Engine calibration
involves simultaneous management of multiple output variables that often conflict with each other.
Advancing injection timing improves thermal efficiency and power but it also increases the peak
temperature of the cylinders and NOx formation. Increasing exhaust gas recirculation reduces
NOx but raises particulate matter and hydrocarbon emissions in addition to reducing efficiency.
Leaning the mixture toward excess air improves fuel economy but can cause combustion issues
such as misfiring and instability. Enriching the mixture stabilizes combustion but raises CO and
hydrocarbon emissions. Every setting that helps one metric hurts another. Finding the operating
settings that balance all these parameters simultaneously across the full range of engine speeds,
loads, temperatures, and fuel compositions is a huge optimization problem of scale that manual
calibration cannot solve on its own [6, 18].

The gap between the benefits that static calibration can deliver and what modern regulations and
alternative fuels require is a space that machine learning now occupies. Machine learning is what
will make the optimization of blended alternative fuels a possibility in the future.

Section 4: The Al Toolkit- How Machine Learning Reads an Engine

The combustion process inside a running engine generates continuous streams of information. In
research and motorsport applications, in-cylinder pressure sensors can track the pressure wave
of every combustion event. The cost and durability requirements of production vehicles have
prevented their widespread adoption in commercial engines. Lambada sensors measure exhaust
oxygen content continuously. They provide the closed loop air fuel ratio feedback that allows the
ECU to maintain stoichiometric combustion in real time. Knock sensors mounted on the engine
block detect the characteristic high frequency vibrations of abnormal combustion and feed that
signal directly to the ignition timing control loop. Temperature sensors track combustion heat at
multiple locations in the exhaust stream. NOx sensors measure nitrogen oxide production. Engine
speed, injection timing, fuel rail pressure, air temperature, and numerous additional parameters are
logged at rates of thousands of samples per second. A modern-day engine produces more data in
single drive cycle than a human engineer could manually look through in days [2, 6].

Machine learning exists to find structure in exactly this kind of data. A trained neural network can
identify the nonlinear relationships between engine inputs and combustion outcomes that no
analytical equation can fully capture. Critically, different engine problems call for different Al tools.
Artificial neural networks reduce the number of bench experiments required by predicting steady
state performance at operating conditions that were never directly tested. This allows engineers
to focus physical testing on validation rather than exhaustive parameter sweeps. Long short-
term memory networks manage the time-dependent nature of transient combustion, where each
cycle depends on the one before it. Surrogate models stand in for computationally expensive CFD
simulations, compressing days of computation into milliseconds. Reinforcement learning agents
discover optimal control strategies through direct interaction with the engine rather than from pre-
labeled data. Physics-informed models ensure that predictions remain physically valid even when
training data is scarce, which is the defining challenge for alternative fuel development. Together
these methods collectively replace or augment every stage of the conventional calibration process,
from bench testing through ECU programming to real-time control [2, 6, 21].

ANNs are the most widely used machine learning tool in engine optimization research. An ANN
consists of layers of interconnected nodes, each performing a weighted sum of its inputs followed
by a nonlinear activation function. When trained on a sufficient dataset of engine operating
conditions and measured data, an ANN learns to approximate the mapping between inputs
including injection timing, fuel pressure, and blend ratio. It also can map NOx emissions, brake
specific fuel consumption, and indicate mean effective pressure [2, 16].

Figure 6 shows the architecture of a feedforward ANN application. It traces the path from sensor
inputs through hidden layers to combustion output predictions.

Input Layer Hidden Layer Output Layer
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Variable - #2

Output

Variable - #3

Variable - #4
An example of a Feed-forward Neural Network with one hidden layer ( with 3 neurons )

Figure 6: Architecture of a feedforward ANN. Displaying sensor inputs, hidden layers, and combustion output
predictions [2, 16].

The value of ANNs in engine development is not that they eliminate experimental testing but that
they change how the testing is used. A trained ANN can interpolate across a parameter space
from a more strategically selected set of data points which reduces the total number of bench
runs needed to characterize a given operating region rather than eliminating them. The reduction in
required test points depends heavily on the complexity of the combustion system and the accuracy
demands of the application, but the ability to fill in the gaps between the measured points with a
trained model rather than running all the combinations shows a meaningful gain in efficiency [2,
16]. Research published in 2025 applying ANNs to hydrogen enriched ICEs demonstrated strong
predictive accuracy for both performance and emissions metrics across a wide range of variable
input parameters including hydrogen fraction and load conditions [16]. Case studies from Bosch,
Toyota, and Mahindra have demonstrated Al-powered engine management systems that reduce
tailpipe emissions by up to 18% and improve fuel efficiency by approximately 10% compared to
conventional lookup table calibration, with results measured across standard drive cycle testing
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on gasoline and mild hybrid powertrains [2]. It is worth noting that hybrid powertrains represent

one of the strongest use cases for Al based engine control because the interaction between the
combustion engine and the electric motor creates an optimization space with more degrees of
freedom than a conventional drivetrain. Machine learning is well suited to managing that complexity
in real time.

One of the limitations of ANNs is that they treat each prediction independently of one another.

This is a massive limitation because engine combustion is not independent. Each combustion
cycle depends on the thermodynamic state left by the previous one. The behavior of the engine is
based on the history of the past several seconds of operation and changes based on the load and
environment changes. Long short-term memory (LSTM) networks are a type of recurrent neural
network. They are specifically designed to learn from the previous results and data. They learn from
sequential time dependent data by maintaining an internal memory state that carries information
across each step [22, 23].

LSTMs have proven valuable for real time NOx estimation. Physical models of NOx formation are
accurate but require solving complex chemical kinetics equations. These equations cannot be
computed fast enough to run on an ECU during normal engine operation [23]. Lookup tables are
fast but inaccurate, especially under rapidly evolving environments where the engine is changing
load and speed. LSTM networks trained on experimental NOx data can estimate engine-out NOx in
real time with accuracy that far outweighs lookup tables. It additionally can do this at a low enough
cost for ECU deployment. A 2025 study applying a hybrid LSTM and multi-head attention model to
selective catalytic reduction (SCR) after treatment systems demonstrated simultaneous prediction
of NOx outlet concentration and ammonia slip under short driving conditions [24].

Figure 7 quantifies the performance advantage of LSTMs compared with static lookup tables. It
compares NOx prediction error under both steady state and changing engine operating conditions
across four control strategies.

30 LSTM Networks Cut NOx Prediction Error by 87%
vs. Static Lookup Tables
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Figure 7: NOx prediction error comparison across fixed lookup tables, standard ANNs, LSTM networks, and LSTM
plus attention hybrid models [22, 23, 24].

Deep neural networks (DNNs) extend the ANN architecture by adding more layers. They can

learn hierarchical representations of complex combustion properties because of the added

layers. They have been applied to multi-output prediction problems where an individual model

must simultaneously estimate exhaust gas temperature, NOx concentration, and after treatment
conversion efficiency from a set of engine operating input parameters [22]. Deep learning has also
been applied to predicting pollutant emissions from ICEs under transient conditions in a 2024 study
that showed the ability to predict CO,, NOx, and various other outputs from real world driving data
with high accuracy [2].

Convolutional neural networks (CNNs) were originally developed for image recognition,

are being adapted for combustion analysis because of their ability to detect spatial and
temporal patterns within structured data. The accuracy these networks achieved is
sufficient to guide real time operational adjustments, one of the main reasons for Al being
implemented to combustion optimization [21]. The architectural principles of CNNs transfer
nicely to ICE combustion optimization.

Surrogate Models for Engine Design Optimization

Before the engine reaches the road, machine learning plays a distinct role in the design and
calibration process itself, separate from the real-time control methods discussed elsewhere in

this section. The surrogate model is one of the most impactful applications of machine learning
for engine development. Surrogate models are data efficient approximations of high-fidelity
simulations that can be evaluated in milliseconds rather than hours. The standard workflow for
these models involves running a carefully selected set of CFD simulations and the results are used
to train a machine learning model. Then that model is used to search the optimization space are a
scale that a full CFD model would never allow [18, 19, 20].

The ActivO framework, developed at Argonne National Laboratory and recognized with an R&D100
Award, demonstrated that this approach can reduce the number of function evaluations needed
to reach a global optimum by 80% compared to genetic algorithms and other conventional
methods. Not only could it do that but it also maintained and improved solution quality. The
AutoML-GA approach further advanced the process by automating the selection of machine
learning hyperparameters through Bayesian optimization, removing the need for expert tuning of
the surrogate model. It also made the workflows accessible to engineers without deep machine
learning expertise [19]. A 2025 study at AIAA developed a bi-fidelity ANN surrogate that combined
massive quantities of low-fidelity CFD data with a small number of high-fidelity experimental
measurements. It achieved an accurate combustion pressure prediction while drastically reducing
experimental testing requirements [25].

By contrast, the Al methods used for real-time, in-operation control, including LSTMs for NOx
estimation and reinforcement learning for injection timing, operate under entirely different
computational constraints and serve a different purpose [18, 19].
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Figure 8 compares the time needed for engine combustion system design optimization from a
range of five methods. It does from full CFD as the baseline through progressively more efficient
machine learning surrogate models.
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Figure 8: Reduction in engine design optimization time using machine learning surrogate methods relative to full
CFD baseline [19, 25, 26].

For alternative fuel applications, experimental data is scarce and CFD models of hydrogen or
ammonia combustion are computationally expensive, the surrogate model approach provides a
method to achieve optimization from limited amounts of data.

Al in Real-Time Engine Control

Gaussian process regression (GPR) Is a probabilistic machine learning method that produces not
only a prediction but also an estimate of the confidence for every single prediction. GPR's ability to
quantify uncertainty is well suited for experimental optimization problems where every single data
point is expensive to obtain, and the designer needs to know which data points the most accurate
and which ones are the least accurate [27].

In a 2024 study published in the journal Data-Centric Engineering, GPR surrogate models were
applied to a gas turbine combustor optimization problem. While gas turbines and internal
combustion engines differ substantially in their combustion architecture and operating regimes,
the multi-objective optimization challenge they share, simultaneously managing emissions,
stability, and efficiency across a continuous parameter space, makes Bayesian surrogate modeling
approaches applicable to ICE calibration for alternative fuels. In this study, the surrogate model
simultaneously addressed NOx reduction, thermoacoustic stability, and lean extinction limits. The
Bayesian approach allowed the optimizer to find the most informative experimental data along
each step, converging on a Pareto-optimal combustor design. This approach only needed a small
amount of trial runs compared with the likes of a traditional grid search approach [27].

An ongoing limitation of data driven by ML models is their tendency to produce physically
unrealistic predictions in areas where the training data is poorly represented. For traditional fuels
with large experimental datasets, this is manageable. For hydrogen and ammonia combustion,
where experimental data sets are limited, it can turn into a large problem. Models trained on limited
ammonia engine data may extrapolate to conditions it has never seen and produce predictions that
violate thermodynamic or chemical kinetics constraints [21].

Physics informed machine learning (PIML) also known as physics informed neural networks
(PINNs) when implemented as neural networks, addresses this by storing physical laws directly into
the model's training objective. The model is punished during training not only when its predictions
do not reflect the data but also when they violate known physical relationships. These relationships
include basic laws of nature such as energy conservation or reaction equilibrium constraints. The
result is a model that respects the underlying physics even when only given small datasets [21]. For
alternative fuel combustion, where new chemical reactions are still being characterized, physics
informed models provide more reliable extrapolation than solely data driven models. They are
emerging as the preferred method for applications where safety and accuracy are critical to the
underlying systems.

Figure 9 shows the relative strengths and limitations of each major Al method covered within
this section. It compares all six approaches across five key metrics in a radar chart to guide
understanding where each method is applied to the best of its capability.

Choosing the Right Al Tool: Method Strengths
Across Five Engine Optimization Criteria
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Figure 9: Al method comparison radar chart scoring ANNs, LSTM, DNN/CNN hybrids, surrogate models, GPR, and
PIML [2, 6, 16, 21, 24, 27].
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Section 5: Reinforcement learning- Teaching Engines to Optimize Themselves

The machine learning methods described in Section 4 are all supervised. They learn from labeled
datasets of inputs and outputs produced by experiments. Reinforcement learning (RL) is completely
different. It learns by interacting with the environment, taking actions, observing the consequences
of those actions, and adjusting its behavior to maximize a cumulative reward signal. It requires

no prior knowledge of the system it controls, no labeled training data, and no assumption about
the mathematical form of the relationship between its actions and their outcomes [28, 29, 30].

In practice, however, RL agents cannot freely experiment on production engines. Unrestricted
exploration during training could produce dangerous combustion events, hardware damage, or
emissions violations. For this reason, RL agents for engine control are almost always trained first
in high-fidelity simulation environments and then transferred to real hardware under carefully
constrained conditions, a process known as sim-to-real transfer. Safety boundaries are enforced
throughout training to prevent the agent from exploring control actions outside the acceptable
operating envelope [29, 30].

A supervised model can predict what will happen if an engineer sets a specific setting such as
injection timing. An RL agent can discover what injection timing strategy should be used across all
scenarios. It does this with the goal of optimally balancing NOx reduction against fuel efficiency,
without being told what the answer is beforehand [29, 30].

Figure 10 shows the RL agent training loop, from the agent’s action selection through the
environmental response and reward signal to the updating of the model which drives learning.

How Reinforcement Learning Teaches an Engine to Optimize itself

RL Agent
Neural network policy.

Action
Injection timing, fuel
quantity, EGR rate.

State Observation
Sensor readings, cycle
data.

Agent learns through
thousands of cycles,
not labeled data.

Reward Signal
NOXx penalty +
efficiency bonus.

Engine / Simulation
Physical or virtual
combustion system.

The RL agent receives no pre-labeled answers. It discovers the optimal control strategy
through direct interaction with the combustion system.

Figure 10: RL agent training loop diagram showing the cyclical interaction between the agent action selection,
engine, or simulation [28, 29].

The foundational RL algorithm applied to engine control is Q-learning, a model free method that
learns the value of each action in every state and uses each of those values to select the most
optimal action. In a 2024 study published in the International Journal of Engine Research, Q-learning
was applied to the dilute combustion limit problem in spark ignition engines, where the challenge is
to run the engine as lean as possible for maximum efficiency. The challenge was to prevent cycle-
to-cycle combustion variability (CCV) that results in rough running or misfire [28].

The Q-learning agent was trained to adjust the fuel injection quantity on a cycle-by-cycle basis,
using the previous cycle's combustion result as part of its state representation. The agent learned
to maintain stoichiometric combustion at the lean limit while minimizing CCV. It achieved a net
increase in fuel conversion efficiency of 1.33% compared to conventional control. The result
demonstrates that RL based cycle-by-cycle control can find efficiency improvements that static
calibration cannot [28].

Deep reinforcement learning (DRL) combines RL with DNNs as the function approximator for the
agent’s policy and value estimates. The combination of these two allows the agent to manage
continuous, high-dimensional state and action space that Q-learning cannot manage. DRL enables
optimization over injection strategies involving multiple sequential fuel pulses per cycle. Each

has its own timing and quantity which creates a control problem that traditional methods cannot
effectively manage [29].

A landmark study from Argonne National Laboratory and the National Renewable Energy Laboratory
applied DRL to the control of a compression-ignition engine using a multi-pulse injection strategy.
The DRL agent was required to simultaneously maximize engine work while minimizing the NOx
emissions. The agent discovered a control policy that lowered NOx emissions threefold compared
to the baseline injection strategy while engine work decreased by only 2%. The DRL approach
achieved this result without needing any prior knowledge of the engine system without assuming
differentiability of the objective function [29].

Figure 11 directly compares the performance of a DRL agent against conventional engine
calibration across six key metrics, showing the scale of improvement DRL delivers without requiring
any prior knowledge of the engine system.

Deep Reinforcement Learning vs. Conventional
Engine Calibration:
A Head-to-Head Comparison
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Figure 11: Head-to-head comparison of deep reinforcement learning against conventional engine calibration across
six performance dimensions [28, 29, 30].

The DRL framework used transfer learning across multiple physical models to rapidly accelerate
training. It started with a simplified combustion model and progressively refined the policy on
high-fidelity simulations. This approach significantly lowered the number of real engine interactions
needed to achieve a well-trained model. This addresses one of the fundamental barriers to realistic
RL deployment in engine development programs [29].

The maritime sector has emerged as one of the most active testbeds for DRL based engine
optimization. This is driven by the International Maritime Organization’s strict Carbon Intensity
Indicator (Cll) and Energy Efficiency Existing Ship Index (EEXI) regulations. A 2024 study applied
DRL to optimize energy efficiency across five vessel types. These included cruise ships, oil tankers,
bulk carriers, container ships, and car carriers. They operated with bio-LNG and hydrogen as
alternative fuels [31].

The DRL algorithm was trained to dynamically adjust engine parameters across six operational
situations, each representing unique combination of cargo load and weather conditions. Fuel
efficiency improved by up to 10%, EEXI values decreased by 8% to 15%, and Cll ratings improved by
10% to 30% depending on the specific scenario. Under large cargo loads, the DRL optimized vessel
achieved a fuel efficiency of 7.2 nautical miles per ton compared to 6.5 nautical miles per ton with
conventional methods [31].

Figure 12 breaks down the DRL performance improvements by vessel type across fuel efficiency,
EEXI reduction, and ClI rating improvement, displaying how magnitude of benefit varies with vessel
size and specifics about the operation.

DRL Optimization Delivers Real Maritime Compliance
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Figure 12: DRL based engine optimization performance improvements across five vessel types operating on bio-
LNG and hydrogen [31].

Research at Ain Shams University applied deep Q-network (DQN) reinforcement learning to

the problem of idle speed control in ICE. They compared RL performance against conventional
proportional-integral-derivative (PID) control. The RL approach achieved an improved average fuel
consumption reduction of around two grams per minute at idle. They did this by optimizing throttle
position and ignition timing in real time which is not possible with conventional methods. The study
validated this result on both simulation and physical engine hardware, proving that the RL controller’s
superior performance in simulation translated directly into real world circumstances [30].

Deploying RL agents on production ECU hardware remains a large challenge. Modern ECUs have
limited memory and computational bandwidth compared to the servers RL agents are trained on.
Research in the areas of model compression, neural network quantization, and pruning are actively
working to reduce the computational storage of trained RL agents to make them deployable onto
modern ECUs. The combination of these techniques with ever evolving ECU design gives the belief
that RL based engine control will be commercially feasible within the next decade [2, 30, 32].

Section 6: Digital Twins- A Living Model of Every Engine

A simulation of an engine is built once, validated against test data, and then used to answer
questions about how the engine behaves under conditions that have not yet been evaluated. A
digital twin is something completely different. A digital twin is a computational model that maintains
continuous, real-time alignment with a specific physical engine through a live data connection. As
the physical engine operates and changes, its sensor outputs data directly into the digital twin, which
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is then able to update its state to reflect the changes of the real engine in every moment [33, 34].

The distinction matters because engines do not behave the same way across their time in
operation. Wear accumulates in the injectors and valves, changing the fuel spray characteristics
from the values assumed in the original calibration. Carbon deposits on the injector tips alter the
spray pattern. Engine oil viscosity changes with temperature and degradation. Fuel composition
varies between the different batches. Any of these changes can shift the combustion properties
away from the conditions in which the calibration was based on. This reduces efficiency and
increases emissions without causing a fault code that would notify the driver. A digital twin tracks
these shifts and minute adjustments in real time. It can compensate for them by adjusting control
parameters before the performance of the engine significantly decreases [33, 34, 35].

A combustion digital twin normally integrates three components. A physics-based model provides
the thermodynamic framework governing the combustion process. It usually reduced order
mathematical correlations and empirical approximations rather than detailed chemical kinetics.

A data driven machine learning layer learns the deviations between the physics model and the
engine’s real behavior. It compensates for modeling errors and physical changes that the first-
principles model does not account for. A real time data assimilation layer continuously ingests
sensor data from the actual engine and updates both model components to keep up with the ever-
changing state of the engine [34, 36].

Figure 13 shows the architecture of a combustion digital twin, tracing the real time data path from
the actual engine though the sensor network to the physics model, machine learning correction
layer, and control output feedback loop.

The Digital Twin: A Living Model That Thinks With Every Combustion Cycle
/ Physical Engine \ ﬁ Digital Twin — Al Core “ ﬂ Adaptive ECU Output |\
Fuel Injector i
[| ’ BHVSIESIMBOSE Injection Timing |
Thermodynamics + Chemical Kinetics
[| Cylinder Pressure Sensor
Fuel Blend Ratio |
[| Exhaust NOX Sensor ML Correction Layer
Learns deviation from physics model
[| Temperature Probe EGR Rate |]
[| Speed / Load Sensor ikl Sl
Current engine condition in real time
Pilot Fuel Quantity |
Optimized Control Signal

\ Live Sensor Stream

/

| Feedback loop — updates every combustion cycle

| Unlike a static simulation, the digital twin updates its internal state continuously from live sensor data and adjusts engine control parameters in real time. |

Figure 13: Digital twin architecture showing real time data from an actual engine and sensor network through a
physics-based model and machine learning layer [34, 36].

The most complicated current implementations use physics-constrained neural networks. These
embed the governing equation of fluid mechanics and thermodynamics right into the neural
network architecture. They make sure that the data-driven layer never produces predictions that
violate the physical laws of fluid mechanics or thermodynamics [36]. This is valuable for alternative
fuel engines where the chemical kinetics of hydrogen and ammonia combustion are still being
learned about and studied. The physics model may have regions of uncertainty that purely data-
driven models could exploit in not physically manners.

The most mature commercial deployment of combustion digital twin technology is in the aerospace
sector. Rolls-Royce has integrated digital twin technology with its flight data monitoring and health
management system for the Trent XWB turbofan engine. The digital twin constantly analyzes

real time engine data, simulates operational behavior, and identifies deviations from the expected
performance which may indicate faults within the system. In 2024, the Trent XWB digital twin
successfully predicted around 100 potential faults in advance of their occurrence. This enabled
preventive maintenance on the systems and avoided additional costs [37]. While the Trent XWB is

a gas turbine rather than an ICE, it demonstrates the operational maturity of the real-time sensor
fusion, physics-based modeling, and machine learning anomaly detection architecture that ICE
digital twin research is now actively replicating for alternative fuel combustion management [33, 35].

The principles of this aerospace application transfer to ICE optimization. An ICE running a variable
blend of ammonia and diesel is a system whose behavior is constantly changing in blend ratio,
temperature, and wear state. A digital twin that tracks all these slight changes and movements
within the engine can optimally adjust injection timing, pilot fuel quantity, and EGR rate. This leads
to near-optimal combustion across varying conditions that static calibration has no ability to
account for [37].

A 2024 paper published in iScience by researchers at the Universite libre de Bruxelles and
Cambridge University outlined the critical requirements for real world deployment of digital twins
in industrial combustion systems. They paid particular attention to the challenges caused by
renewable synthetic fuels [35]. The authors identified five key enablers. They included high-quality
training data, robust feature extraction from high dimensional sensor streams, adaptive simulation
frameworks that update their sub grid models based on more recent data, reduced order models
that approximate high-fidelity simulations at ECU compatible computational costs, and lifelong
learning capabilities that enable the twin to improve continuously from experience operating rather
than the twin needing to be retrained often [34].

Figure 14 shows the digital twin lifecycle from the design phase through commissioning to field
deployment. It shows how it continuously learns and the twin's role as it evolves across each stage
of the engine’s life.
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The Digital Twin Lifecycle: From First Simulation to Lifetime Learning
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Figure 14: Digital twin lifecycle diagram showing progression from design phase through field deployment [34, 35].

A similar line of work at ECCOMAS 2025 presented a digital twin specifically designed for
combustion system design. It combined automated CFD data generation with machine learning
based surrogate optimization. The system used open-source CFD tools to create training data
across a range of injector designs and combustion chamber designs. It then trained machine
learning surrogates to guide the design optimization process and achieved high predictive accuracy
while reducing the number of required CFD simulations [35]. The designed design-phase digital twin
is complementary with the operational digital twin that runs on deployed hardware. Together they
cover the full engine lifecycle from development to operation in the field.

The development of Al based injection pressure optimization for hydrogen-spirohyra biodiesel
dual-fuel engines, published in Nature Scientific Reports in 2025, represents one of the clearest
examples of real hardware integration of digital twins [17]. The study showed that expanding
machine learning based optimization using larger datasets, real time adaptive control, and

digital twin capabilities support intelligent combustion management across a range of operating
circumstances that static calibration has no ability to compensate for. It has direct use for broader
industrial integration.

Section 7: What is still in the way

The case for Al driven combustion optimization is strong and the results in the preceding sections
are real. The distance between a promising research result and a widely deployed production
system is always longer than it appears from within the laboratory. Engine optimization involves
safety critical hardware operating in demanding environments, regulated by governments that
require demonstrations of repeated reliability, and integrated into vehicles and vessels that must
function reliably for years without expert maintenance. All these requirements place intense
constraints on Al deployment within engines that do not exist in a research environment.

Data Scarcity

The performance of a machine learning model is directly tied to the quality and quantity of its
training data. For traditional diesel and gasoline engines decades of experimental testing have
produced large, well-defined datasets that provide a solid foundation for machine learning model
training. For hydrogen ICEs, ammonia dual-fuel engines, and many complicated biofuel blends,
experimental databases are rare [21]. Hydrogen combustion at high engine loads, ammonia
ignition under cold start conditions, and biofuel performance across the entire range of feedstock
composition are all areas where training data required for dependable machine learning models
does not yet exist at the scale necessary for production deployment.

Physics informed machine learning provides partial mitigation by constraining model predictions to
be physically consistent even with sparse datasets. Synthetic data generation using lower-fidelity
simulation, validated against the limited available data is another approach being investigated.
Transfer learning, where a model trained on traditional fuel data is fine-tuned on a smaller alternative
fuel dataset has shown promise in a few recent studies [21]. However, none of these approaches
fully solve the problem for the kind of comprehensive, well-instrumented experimental campaign that
produced high quality training data. Building datasets like that for alternative fuels is an infrastructure
investment that the research community and industry are still in the initial stages of making.

Interpretability and Certification

A DNN with millions of parameters is a black box. It receives inputs and produces outputs through
a chain of mathematical operations that human engineers cannot directly understand. The opacity
of this process is acceptable in many applications, but engine control is not one of them. When an
Al controller makes a decision that results in unusual combustion, a regulator needs to understand
why that decision was made. When a manufacturer seeks type approval for an Al based ECU a
certification authority needs to verify that the controller will perform safely in all circumstances.
When a maintenance engineer discovers a problem, they need insights about the problem that a
black box model cannot provide [38].

Explainable Al (XAl) is an active research field specifically addressing this problem. Techniques
such as SHAP (Shapley Additive exPlanations) values, attention mechanism that highlight which
inputs most influenced a given output, and gradient based saliency maps that visualize which
traits drive a model's predictions are being applied to engine machine learning models [38]. Physics
informed models provide natural explanations of their behavior better than data driven models
because they are constrained by physical laws of nature. The fundamental interpretability tradeoff
is the most accurate models tend to be the least interpretable and the certification process for Al
based safety critical automotive control does not allow for this inability to interpret why the model
made specific decisions [21, 38].

Figure 15 ranks the six primary deployment barriers by severity, technicality needed, regulatory,
safety, and standardization categories. It identifies data scarcity and combustion safety validation
as the most critical constraints currently.
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What Is Blocking Al-Driven Engine Optimization
From Reaching Production
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Figure 15: Severity ranking of key barriers to widespread deployment of Al based combustion optimization [2, 5, 21, 38].

Real-Time Deployment of Embedded Hardware

The ECU is not a server. Production automotive ECUs have memory measured in megabytes,
processor clock speeds measured in the hundreds of megahertz, and real time operating
requirements measured in microseconds per combustion cycle. The DRL agents and DNN
surrogate models that achieve the best results in the research settings are trained and evaluated on
GPU clusters with hundreds of gigabytes of memory. Deploying a model trained in that environment
onto an ECU requires techniques for model compression, quantization, and pruning that reduce
model size and computational cost without unacceptable degradation in accuracy [2, 30].

Edge Al research is specifically targeting this gap by developing neural network architectures
designed for embedded hardware from the start rather than retrofitted after training in unrealistic
deployment environments. Lightweight ANN architectures trained with knowledge distillation have
shown that substantial compression is achievable while preserving most of the performance
benefit [2, 32]. In these models a large high-performance model teaches a smaller deployable
model to approximate its behavior. The engineering validation for these models is significant. Each
modification to a model requires demonstration that safety relevant behaviors are preserved which
only add to the deployment costs and timeline.

Combustion Safety and Alternative Fuel Risk

Alternative fuels introduce combustion failure modes that traditional engine control was not
designed to manage and that Al system trained mostly on traditional fuel data may not be able

to properly interpret. Hydrogen ICEs are prone to pre-ignition and backfire, especially at high

loads because hydrogen can ignite from hot surfaces in the intake port before the intended spark
event occurs. Ammonia presents toxicity risks if leaked in an unburned form making incomplete
combustion a safety concern rather than just an emissions issue. The wide flammability range of
hydrogen creates the chance of combustion events outside the intended operating system if the
mixture of the control system fails. High concentration ethanol blends introduce a specific failure
mode in the form of mega-knock, a severe low speed pre-ignition event driven by the interaction of
ethanol’s high charge cooling effect, elevated cylinder pressures, and oil dilution. This can cause
catastrophic engine damage and traditional knock sensor feedback alone is not sufficient to
prevent effectively. The low-probability nature of these failure modes compounds the challenge. A
machine learning model trained mainly on normal operating data will not encounter these events
frequently enough to learn a reliable detection and response strategy, leaving a gap that neither
conventional control nor current Al approaches fully address [10, 11].

An Al controller that has learned to optimize NOx emissions and efficiency under standard
operating conditions may not have been exposed to enough training examples of more obscure and
rare operating conditions that do not respond appropriately to being exposed to those conditions.
Formal safety validation methods, including worst case scenario analysis, hardware in the loop
testing across the full operating envelope, and conservative fallback control laws that activate when
the Al system detects that it has left its training distribution are all active areas of research and
development [2, 21]. Regulatory agencies in Europe and the United States are starting to develop
frameworks for certifying and approving Al based safety critical automotive systems. However,
those frameworks are not completed yet and the validation burden they will inflict on manufacturers
remains unclear.

Regulatory Uncertainty

The regulatory environment for both alternative fuels and Al based engine control is actively
changing. The EU's revision of its 2035 ICE targets, announced in December 2025, changed the
compliance framework in ways that affect which fuels manufacturers have an incentive to develop,
and which Al optimization capabilities are needed [4, 39]. The EPA's Tier 5 rulemaking for non-road
engines is progressing through a political environment that has introduced considerable uncertainty
about timing and stringency [5]. The IMQ'’s 2050 net zero

This uncertainty trickles down into Al development decisions. A manufacturer considering a

major investment in ammonia dual-fuel optimization needs regulatory confidence that ammonia
will be a viable compliance pathway before committing themselves to developing the fuel. The
absence of universal benchmarks for evaluating Al based engine control systems compounds the
problem. Separate manufacturers, research groups, and regulatory bodies are using completely
different metrics to evaluate performance. This makes it difficult to compare results across the
field and establish industry wide standard which corporations can base their investment off [2, 5].
Harmonization of evaluating the engine optimization frameworks across the world is necessary for
widespread Al driven combustion optimization deployment and unfortunately it is currently missing.

Section 8: The Road Ahead- Intelligence Meets Alternative Fuels

The trajectory of Al driven engine optimization is not simply more than what already exists. The
research frontier is moving toward architecture and methodologies that are qualitatively more
capable than the supervised learning and standalone RL systems that currently dominate. A couple
of deployments within the next decade are likely to define the field.

Physics informed neural networks embedded in real time digital twins represent what is becoming
the dominant computational architecture for the next generation of engine optimization. Rather
than choosing between physics-based models that are interpretable and data-driven models
which are more accurate, PIML digital twins combine both ideas within a single framework that
learns from data while abiding by thermodynamic and chemical kinetic constraints [21, 34, 36].
For alternative fuel engines where training data is limited this hybrid approach provides both the
reliability and adaptability that purely data driven models cannot deliver on.

Multi-objective optimization is evolving from a research capability to normal engineering practice.
Current production ECU calibrations typically optimize a small number of objectives, normally just
optimizing NOx and fuel consumption, with other emissions species managed by dedicated after
treatment systems. Emerging Al optimization frameworks simultaneously manage power output,
NOx, CO, unburned hydrocarbons, particulate matter, combustion stability, and long-term hardware
durability within a unified reward structure [2, 40]. As these frameworks develop and deployment
hardware becomes more capable, the gap between research grade multi-objective optimization and
production grade engine control will continue to shrink [6, 40].

Federated learning offers a path toward solving the data scarcity problem without needing
centralized data sharing. In a federated learning framework, each vehicle or vessel trains a local
model update on its own data and shares only the model parameters, not the raw sensor data,

with a central server that aggregates the updates into and improves global model [44]. Applied to
alternative fuel combustion, this strategy could allow a fleet of hydrogen ICE vehicles to collectively
build training datasets for rare operating circumstances. Some of these circumstances include a
cold start at high altitude with a high hydrogen fraction which no individual vehicle would encounter
frequently enough to learn on its own from the data. The privacy and security properties of
federated learning make it compatible with the data governance requirements of both automotive
manufacturers and maritime operators.

Generative Al is starting to appear within fuel design applications. In 2023, a research team
published framework where deep learning models trained on molecular property data was used

to design fuel blend formulation with specified combustion targets. These included octane rating,
sooting tendency, and energy density [7]. The capability of using Al to propose new fuel formulas
and then proceed by using machine learning surrogate models to rapidly predict their engine
performance without experimental testing could potentially compress development timelines for
the future of alternative fuel formulations. This creates a feedback loop between fuel chemistry and
engine optimization that did not exist previously.

Edge Al hardware is rapidly advancing to the degree that the gap between what can be done in a
research setting and what can be performed on a production ECU is closing. Automotive grade
neural processing units with matrix multiplication hardware and low power consumption are
entering production for driver assistance. The same silicon is also being evaluated for engine
management applications. Within the current development cycle of six years per vehicle generation,
it is possible that DNN based combustion control will be production ready for commercial
applications [2, 32].

The broader implication of these developments is that the combustion engine is not coming
anywhere near its technological limit. For over a century, engine optimization has been constrained
by the speed at which engineers could characterize, model, and calibrate combustion behavior. Al
removes that limitation. A digital twin running on physics informed machine learning models can
evaluate combustion conditions in a single second than a calibration engineer could in over a year.
A DRL agent can discover injection methods that no engineer would ever think to try. The result is
not a replacement for engineering judgement but an amplifier and evolution of it. An evolution that
will allow engines to burn new fuels in new environments to meet emissions targets that would be
unfathomable by conventional practices.

Section 9: Conclusion

The ICE faces a more demanding environment today than it ever has. Regulatory targets that were
ambitious when they were originally drafted are now getting signed into law. Alternative fuels with
combustion properties that original engine design was never meant for are entering the industry.
And the expectation that engines must optimize themselves in real time across all blends of fuel,
load, temperature, and operating condition has made the traditional lookup table obsolete and an
artifact of a simpler era.

What makes this moment different from previous inflection points in engine development is that the
optimization challenge has outgrown what any human-designed calibration system can solve. The
number of fuel types, blend ratios, operating conditions, and emissions constraints now intersecting
simultaneously exceeds the capacity of lookup tables, fixed maps, and rule-based control logic.

Al does not merely improve on conventional calibration. It addresses a class of problems that
conventional calibration was structurally incapable of solving.

The barriers to full commercial deployment are real and cannot be ignored. Training data for
alternative fuel combustion is minimal. Deep learning models are tough to interpret in the way
safety certifications require. Real-time deployment of ECU hardware remains a technically
demanding challenge. Regulatory frameworks for Al based safety critical engine control are not
universal and are still being developed. The policy regarding the environment for alternative fuels is
constantly changing and makes long-term commitment difficult for corporations.

The convergence of regulatory pressure, fuel diversity, and Al capability is not coincidental. Each
force is accelerating the others. Regulations tighten the performance envelope until only adaptive
systems can operate within it. Alternative fuels expand the combustion parameter space until no
static calibration can cover it. And Al provides the only optimization framework that scales with
both. The direction of travel is not in question. What remains to be determined is how quickly the
data infrastructure, certification frameworks, and edge deployment hardware can catch up to what
the research already demonstrates is possible.

The combustion engine has been refined by generations of engineers working at the constraints of
manual calibration and physical testing. Al does not replace that engineering tradition, but it extends
its reach into operating spaces and fuel chemistries that no lookup table can ever cover. The engine
that burns hydrogen, ammonia, or any alternative fuel reliably and efficiently a decade from now

will owe that performance to both the engineers who designed it and the machine learning systems
that learned, in real time, how to make it run.
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