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A B S T R A C T

Hydrogen-fuelled internal combustion engines are a promising solution for sustainable mobility, but their effi
ciency strongly depends on combustion phasing, commonly quantified by the crank angle at 50% mass fraction 
burned (CA50). This work presents an adaptive CA50 controller that maximizes efficiency while maintaining 
reliability with respect to knock intensity and peak cylinder pressure (Pmax). Artificial neural networks (ANNs) 
are used to model the dependence of brake thermal efficiency, Pmax and knock intensity on CA50. To ensure 
robust performance under varying or aged conditions, ANN parameters are continuously updated online using 
real-time combustion data. The updated ANN outputs are processed through a desirability function to determine 
the optimal CA50 target. Simulation results show improved efficiency under off-design conditions: a 5% increase 
in EGR is compensated by advancing CA50 by about 4◦, recovering most of the baseline efficiency while 
respecting Pmax and knock constraints. Real-time feasibility was confirmed on embedded hardware.

SYMBOLS/ABBREVIATIONS

AML Adaptive Machine Learning

ANN Artificial Neural Network
BEV Battery-Electric Vehicle
BMEP Brake Mean Effective Pressure
BSFC Brake Specific Fuel Consumption
BTE Brake Thermal Efficiency
CA50 Crank Angle where 50 % of the Energy is Released
cRIO Compact Reconfigurable Input/Output
D Desirability Function
dBTE BTE's desirability function
dk Single desirability function
dMAPO MAPO's desirability function
dPmax Pmax's desirability function
E Error
EGR Exhaust Gas Recirculation
f Trend of considered function
FMEP Friction Mean Effective Pressure
GDM Gradient Descent with Momentum
H2ICE Hydrogen Internal Combustion Engine
IMEP Indicated Mean Effective Pressure
LHV Lower Heating Value
LowerBTE Lower Limit BTE

(continued on next column)

(continued )

AML Adaptive Machine Learning

LowerMAPO Lower Limit MAPO
LowerPmax Lower Limit Pmax
LuT Look-up Table
mfuel Injected fuel mass
OP Operating Point
PFI Port Fuel Injection
Pmax Peak Cylinder Pressure
rk Desirability function weight
SA Spark Advance
UpperBTE Upper Limit BTE
UpperMAPO Upper Limit MAPO
UpperPmax Upper Limit Pmax
v Parameter for GDM explanation
Vd Cylinder displacement
VGT Variable Geometry Turbine
w ANN weights
wt Desirability function shape factor
η Learning Rate
λ Air-to-hydrogen normalized ratio
μ Momentum Coefficient
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1. Introduction

The ongoing global effort to decarbonize the transportation sector is 
driving the rapid development and deployment of alternative power
train technologies that can meet stringent environmental regulations 
while maintaining or even enhancing vehicle performance and reli
ability. Among these technologies, Hydrogen Internal Combustion En
gines (H2ICEs) represent a compelling solution, combining the well- 
understood mechanical architecture of conventional engines with the 
carbon-free combustion properties of hydrogen fuel [1]. When produced 
from renewable energy sources, hydrogen offers a sustainable energy 
vector with the potential to significantly reduce the lifecycle greenhouse 
gas emissions associated with transportation [2]. Unlike Battery-Electric 
Vehicles (BEVs), which rely on critical raw materials and still face 
challenges related to energy density, charging infrastructure, and sus
tainability of battery production, H2ICEs offer the advantage of fast 
refuelling, high energy density, and compatibility with existing 
manufacturing and maintenance ecosystems [1,3,4]. These factors po
sition H2ICEs as a particularly attractive option for sectors where 
operational flexibility and range are paramount and decarbonization is 
required [5,6]. Despite these advantages, the widespread adoption of 
H2ICEs is still hindered by several technical limitations [7,8]. Hydrogen 
combustion exhibits unique characteristics (including high flame speed, 
wide flammability limits, and low ignition energy) that differentiate it 
from conventional hydrocarbon fuels [1,9]. While these properties can 
lead to high thermal efficiency and ultra-lean operation, they also 
introduce complex challenges such as increased susceptibility to knock, 
pre-ignition, backfiring (for Port Fuel Injection, PFI), and high NOx 
emissions under certain conditions [9–12]. Moreover, operating with 
extremely lean mixtures and retarded combustion phasing to mitigate 
NOx emissions and knocking often causes significant efficiency losses 
[11,13]. This drawback, combined with the need to achieve high Brake 
Mean Effective Pressures (BMEPs), leads to use high boost pressures, 
which can result in excessive peak firing pressures (Pmax) and conse
quently require further combustion retardation [14]. These trade-offs 
highlight the need for innovative engine control strategies capable of 
optimizing combustion in real time, balancing performance, efficiency, 
and emissions [15]. Moreover, H2ICEs are generally equipped with 
Exhaust Gas Recirculation (EGR) circuits to reduce peak temperatures, 
thus NOx emissions and knocking risk [11,16–18]. However, these 
systems typically do not use direct feedback control. As a result, any 
fluctuation, instability or malfunctioning in EGR delivery can lead the 
engine to operate under suboptimal conditions, compromising both ef
ficiency, reliability and emissions.

To address these challenges, adaptive control strategies are emerging 
as a powerful solution thanks to their capability to adapt under evolving 
environment and conditions [19–24]. By continuously updating control 
parameters based on feedback from the engine and external sensors, 
adaptive algorithms can respond to changing conditions such as ambient 
temperature, engine wear, or component's malfunctioning.

In the last years, the use of machine learning techniques has also 
gained momentum in the domain of internal combustion engine 
modelling and control, where they are proving effective in representing 
nonlinear behaviours [15,25–32]. These techniques may be used with 
different objectives. 

• offline modelling and prediction [15,25–32], where ANNs capability 
to capture nonlinear multi-variable relationships is used to setup 
black-box models;

• online/real-time non-adaptive control [31,32], where the ANNs are 
used for soft sensing and diagnosis. ANNs are trained off-line and are 
used in real-time to replace complex models.

The adoption of Artificial Neural Networks (ANNs) has been proven 
particularly interesting in capturing the nonlinear, multi-variable re
lationships characteristic of combustion phenomena as for the 

correlation between Spark Advance (SA) position and relative Crank 
Angle where 50 % of the Energy is Released (CA50) under different 
operating conditions (i.e., air-to-fuel mixture quality, engine speed, EGR 
rate, etc.) [15,25,32].

Overall, recent comprehensive reviews [31,32] highlight that arti
ficial neural networks are predominantly applied as off-line prediction 
tools or surrogate models for engine calibration and optimization. 
Despite their recognized potential, ANN-based combustion control 
strategies operating in real time remain tied to an off-line calibration 
process, which prevents the capability of adapting to actual conditions. 
In Ref. [32] the authors point out that ANN are black-box models trained 
on limited database, thus their reliability is limited to the training 
domain. Static ANNs which only rely on offline training will not be 
robust with respect to EGR or AFR variations with respect to nominal 
conditions.

On the other hand, recently, the integration of machine learning 
techniques in adaptive controls is gaining traction in different fields of 
application [33–36]: in Ref. [33] the authors systematically compare 
Adaptive Machine Learning (AML) with Static Machine Learning (SML) 
techniques, concluding that AML should be used when controlled sys
tems are time-varying, or tend to drift. The robustness of AML to drift, 
yet observed on a different plant (particle accelerators), is confirmed in 
Ref. [34]. Wu et al. in Ref. [35] show how AML can be actually imple
mented in the feedback control loop of chemical processes. Wong et al. 
in Ref. [36] show that an adaptive neural network can be successfully 
implemented within the engine idle controller, but AML has never been 
applied to control the combustion process, with the aim of a continuous 
optimization.

Previous studies, including [15], have shown that CA50 is a physi
cally meaningful control variable to optimize the combustion process, 
owing to its strong correlation with combustion phasing, torque gener
ation, and efficiency. In such approaches, CA50 is typically regulated 
around a predefined target to achieve a desired engine output. However, 
under varying operating conditions, the optimal CA50 value itself may 
shift, motivating the need for adaptive strategies capable of identifying 
the optimal CA50 target in real time rather than enforcing a fixed 
reference.

Although artificial neural networks have been widely adopted for 
engine modelling and control, the majority of existing studies are 
limited to off-line trained or static neural architectures, whose perfor
mance degrades under off-design conditions and time-varying phe
nomena such as EGR rate variations. Recent adaptive neural control 
approaches mainly address tracking and disturbance rejection problems 
and do not explicitly tackle the online optimization of combustion 
phasing. In this context, the present study fills an open research gap by 
introducing an adaptive ANN-based control strategy capable of contin
uously updating the CA50–performance relationships in real time and 
computing an optimal combustion phasing target under reliability 
constraints, without requiring offline re-calibration.

The proposed approach is evaluated under various operating con
ditions, demonstrating its effectiveness in maximizing combustion effi
ciency while addressing the reliability limits. Owing to its adaptive 
capabilities, the proposed methodology can dynamically identify and 
adjust the optimal CA50, compensating for disturbances such as drifting 
EGR actuation, or increased engine's knock tendency resulting from 
system aging or component degradation.

2. Materials and methods

2.1. Engine model and baseline control strategy

The activity has been carried out on a previously developed virtual 
H2ICE platform [15,37] referring to a 6 cylinder double PFI 
spark-ignition hydrogen-fuelled engine equipped with a high-pressure 
EGR loop. To avoid the need for extensive test bench testing, the 
model was developed and validated within a software-in-the-loop 
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framework [38], allowing for virtual calibration and performance 
assessment under a wide range of operating conditions without the risk 
of compromising the engine under calibration phase. The engine model 
is capable to represent with good accuracy the main indicated com
bustion metrics, such as CA50, Indicated Mean Effective Pressure 
(IMEP), Pmax, knock intensity (quantified by means of Maximum 
Amplitude of Pressure Oscillations, MAPO), as a function of control 
parameters (i.e., throttle position, injected fuel mass, SA timing, etc.) 
and engine speed. Moreover, an innovative CA50-based control strategy 
(Fig. 1, partially derived from Ref. [15]) has been developed and vali
dated based on the same engine model, allowing to achieve the desired 
CA50 under steady and transient conditions, enabling greater engine 
management flexibility.

Considering Fig. 1, the optimal CA50 is selected based either on 
Look-up Tables (LuTs) as a function of engine speed, load and air-to- 
hydrogen normalized ratio (λ), as reported in Ref. [15] (however, this 
approach does not allow to adjust the CA50 under system evolution nor 
component's malfunctioning, due to the use of ‘permanent’ LuTs deter
mining the CA50 optimal setting), or can be dynamically selected based 
on system's evolution. Further corrections to CA50 are then applied to 
enable fast torque management: the CA50 setting is retarded under fast 
negative demanded torque gradient to achieve the requested target 
when torque cannot be further decreased acting on the injected fuel 
mass, due to lower saturation, to avoid misfire [15]. The CA50 degra
dation and limitation blocks represent supervisory logic based on 
real-time combustion indicators, using look-up tables or ANNs rather 
than explicit physical models, and are used to constrain the CA50 
optimization domain under off-design conditions.

Focusing on the second approach (the use of an adaptive algorithm), 
it dynamically adapts to the actual running conditions, based on the 
combustion metrics data flow, which was already used by the previous 
controller architecture for CA50, Pmax and MAPO feedback control. The 
further step developed in the present work is then to use the same in
formation gathered from cylinder pressure signals to adjust the optimal 
combustion phasing target. The target CA50 is then converted into a 
corresponding SA actuation by means of a proper ANN. The CA50 
feedback control (carried out by means of a PID) cancels out potential 
inaccuracies in the ANN converting CA50 to SA.

2.2. Adaptive control structure

In the present work, CA50 is not treated as a fixed reference to be 
tracked, but as a decision variable whose optimal value is continuously 
updated based on estimated performance trends and reliability 
constraints.

The adaptive control algorithm must be capable of identifying the 
optimal CA50 setting, considering both maximum achievable Brake 
Thermal Efficiency (BTE) and mechanical constraints such as Pmax and 
MAPO limits. Concerning BTE, even if not directly determined by means 
of cylinder pressure information, it can be easily estimated starting from 

IMEP, determining BMEP from Friction Mean Effective Pressure (FMEP), 
by means of a friction model, and finally using the information of the 
injected fuel mass, as shown in Eq. (1) and Eq. (2) [39]. 

BMEP= IMEP − FMEP (1) 

BTE=
BMEP⋅Vd
mfuel⋅LHV

(2) 

The friction model used to estimate FMEP in equation (1) is based on the 
Chen-Flynn [40] approach, as shown in Ref. [15]. BTE can then be 
determined (Eq. (2)), multiplying BMEP by the cylinder displacement 
(Vd) to achieve the effective work per engine cycle, and finally dividing 
by the product of the injected fuel mass (mfuel) by the Lower Heating 
Value (LHV) of the fuel.

The dynamic determination of the optimal CA50 should be compu
tationally efficient, to enable real-time execution, due to limited pro
cessing capabilities on embedded control units.

To enable adaptive learning and real-time correction of the optimal 
CA50 target, a customized neural network training routine has been 
developed: for each considered cylinder, three neural networks are used 
to trace the dependence of the performance metrics BTE, Pmax and 
MAPO as a function of CA50. The following step consists in the defini
tion of a desirability function, based on BTE, MAPO and Pmax to identify 
the optimal CA50 given reliability constraints: the influence of CA50 on 
the desirability function value can then be easily determined, leading to 
the evaluation of the optimal CA50 setting (i.e., the one maximizing the 
desirability function).

Each network structure consists of a single-input (CA50), single- 
output (performance metric: either BTE, Pmax or MAPO) feedforward 
fully-connected neural network with one hidden layer comprising three 
neurons. This simple, yet effective architecture, has been selected to 
ensure low computational complexity and compatibility with real-time 
embedded applications.

A first off-line training of the ANNs has been carried out for each one 
of the Operating Points (OP) representing the engine working domain: 
OPs are defined as the combination of engine speed, load and λ. For a 
given OP, the training is executed maintaining the engine model in 
steady-state baseline conditions (i.e., fixing engine speed, mfuel, SA, EGR 
valve position and manifold pressure), and the corresponding ANNs’ 
hyperparameters (biases and gains) resulting from the training are then 
stored in proper LuTs. Given the structure of the ANNs (three neurons), 
14 LuTs are required for each performance metric, for each cylinder.

When the controller is in use, once the OP is recognized, the 
hyperparameters of the ANNs are extracted from the corresponding 
LuTs, delivering the trends of BTE, Pmax, MAPO as a function of CA50.

The described architecture would suffer of the same problem arising 
from the definition of optimal CA50 directly based on LuTs, (i.e., 
optimal phasing would not be dynamically adjusted to actual engine 
conditions): in fact, since the LuTs training has been carried out in 
baseline conditions, their output corresponding to the actual OP will not 

Fig. 1. CA50-based control strategy.
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be valid under different engine states differing from the baseline.
To enable adaptive capabilities, an algorithm adjusting the ANNs 

biases and gains to actual conditions has been implemented, leveraging 
Gradient Descent with Momentum (GDM) [41]. The learning rate (η) 
and the momentum coefficient (μ) have been properly calibrated to 
guarantee stability while avoiding slow learning, considering that the 
GDM can be described as in Eq. (3), where E is the error and w the 
weights matrix. 

v(t+1) = μ ⋅ vt − η⋅∇E(w(t)) (3) 

Therefore, the updated weight can be calculated as in Eq. (4). 

w(t+1) =wt + v(t+1) (4) 

Fig. 2 represents the algorithm for the adaptive procedure. The 
adaptation of the ANNs’ hyperparameters to actual conditions requires 
to re-train online the ANNs using the combustion metrics data flow 
coming from a combustion analyser. To allow a computational efficient 
and robust real-time training, the dataflow is mean averaged and clus
tered, organizing BTE, Pmax, and MAPO measurements into discrete 
CA50 clusters. Only once a predefined threshold of data samples is 
reached for a set of CA50 values in the cluster for a given OP (meaning 
that for each parameters at least five CA50-performance metric couples 
are clustered), the metrics trend is considered valid and representative 
of the working condition and can be used for the on-line adaptive 
training. The adaptive algorithm is executed with an unitary epoch each 
time at least one point of the performance metric considered evolves 
from the previous configuration (at least after 5 cycles as the output of 
the mean averaged performance metrics is updated each 5 cycles).

Then, the output of each updated ANN is calculated over a set of 
CA50 input values (query CA50 vector), delivering the corresponding 
BTE, Pmax and MAPO trends against CA50 (Trends vs CA50 in Fig. 2). 
These trends are updated after each on-line retraining of the ANNs, 
which is performed every five engine cycles per cylinder. Finally, the 
optimal CA50 is calculated by means of a properly calibrated Desir
ability function (D): the formulation is selected for its computational 
simplicity and suitability for real-time constrained optimization, rather 
than for detailed combustion interpretation. As reported in Eq. (5), the 
Desirability function is defined based on the factors dk and rk, which 
determine the influence of the k-th combustion metric (either BTE, 
MAPO or Pmax) on the overall trend of D against CA50. The optimal 
CA50 setting delivers the highest possible value of D: this is achieved by 
maximizing the BTE, while introducing handicaps on CA50 settings that 
would lead to excessive Pmax and/or MAPO values. 

D=
(∏

drkk
) 1∑

rk (5) 

The single desirability functions of respectively BTE (dBTE), Pmax 
(dPmax) and MAPO (dMAPO) are expressed as reported in Eq. (6), Eq. (7)

and Eq. (8), where f represents the trend of the considered parameter as 
a function of CA50, the upper and lower limits the maximum and mini
mum values expected for the considered parameters and wt is the shape 
factor. 
⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

dBTE =
[fBTE(CA50) − LowerBTE]
UpperBTE − LowerBTE

dBTE(dBTE ≤ 0) = 0

dBTE(dBTE ≥ 1) = 1

DBTE = dwtBTEBTE

(6) 

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

dPmax =
[fPmax(CA50) − LowerPmax]
UpperPmax − LowerPmax

dPmax(dPmax ≤ 0) = 0

dPmax(dPmax ≥ 1) = 1

DPmax = dwtPmaxPmax

(7) 

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

dMAPO =

[
fMAPO(CA50) − LowerMAPO(OP)

]

UpperMAPO − LowerMAPO
dMAPO(dMAPO ≤ 0) = 0

dMAPO(dMAPO ≥ 1) = 1

DMAPO = dwtMAPOMAPO

(8) 

It is worth pointing out that, while a fixed limit (given by engine 
manufacturer) can be set for Pmax [14], the threshold for MAPO should 
change according to the OP (e.g., engine speed) [15]. The contribution 
of BTE to the desirability function will obviously be monotonical: the 
higher the BTE, the higher the desirability. The CA50 optimizing the 
desirability over the query cluster is then set as the Optimal CA50 in 
Fig. 1.

The controller is able to update the optimal values in real time in 
response to malfunctions, aging effects, or changes in hydrogen prop
erties, and potentially enables a significant reduction in the number of 
tests required to calibrate optimal control settings, since it is capable of 
self-calibrating the optimal CA50.

3. Results and discussion

3.1. Validation under nominal conditions

In the proposed framework, CA50 is treated as a decision variable 
whose optimal value is continuously updated based on the reconstructed 
performance trends and the active reliability constraints. As operating 
conditions evolve, the relative trade-off between efficiency and com
bustion robustness changes: to assess the proposed algorithm capability 
of tracking the optimal combustion phase, tests should be conducted in 

Fig. 2. Adaptive CA50 control strategy.
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different scenarios.
At first, the adaptive performance of the model has been assessed 

under steady-state OPs. Starting from a first tentative pre-calibrated set 
of parameters, the algorithm has been run for a fixed amount of cycles. 
Fig. 3 represents an example of the results obtained in three different 
OPs: 1000 rpm, 5 bar of BEMP, 3000 rpm, 14 bar of BEMP and 4000 
rpm, 9 bar of BEMP to cover a significant portion of the engine operating 
envelope [15,16]. As it can be observed, the controller averages (black 
dots) the cycle-by-cycle values (red dots) of each variable in the cluster 
of pre-defined CA50 values (from − 15 ◦aTDC to +30 ◦aTDC). In the 
meantime, the ANNs are trained and provide the final trend of each of 
the three performance metrics (yellow lines). As visible, in all the 
considered conditions, the algorithm correctly replicates the shape of 
the metrics distribution over CA50 (i.e., BTE, Pmax, MAPO) as a func
tion of CA50. Despite the modelling of the performance metrics is out of 
interest for negative CA50s (optimal CA50 is always positive [40]), it 
has been decided to feed the ANNs even with negative CA50 values to 
ensure robustness in the training phase (i.e., avoiding slightly positive 
CA50 to be close to the training boundary).

After the assessment of the capability of the system to represent the 
correct trends of BTE, Pmax and MAPO, the ability of the desirability 
function to maximize BTE while sticking to the constraints has been 
assessed. As visible in Fig. 4, the desirability function correctly identifies 
the minimum CA50 (thus Optimal CA50) that keeps both ANNs’ Pmax 
and MAPO below their respective limits (black dashed lines in Fig. 4b 
and c).

3.2. Validation under off-design conditions

The next step is the assessment of the adaptability of the control 
system to conditions that may deviate from the baseline engine behav
iour: the combustion controller should be able to optimize CA50 even 
under off-design conditions, changing the settings with respect to the 

baseline training. This aspect is particularly important to keep the en
gine working in optimal conditions without tethering engine's reliability 
even under aged or faulty conditions.

3.2.1. Fault EGR
The first off-design state here considered is represented by a fault in 

the EGR circuit: EGR rate is increased by 5%. As the recirculated exhaust 
gas fraction usually is not feedback controlled with proper sensors, de
viations from target recirculated quantities are likely to happen, during 
engine's life. Since EGR is usually adopted to abate NOx formation [17], 
the NOx sensor can be used to identify a faulty condition of the EGR 
circuit, but only in cases of reduced EGR flow, and not the other way 
around. Other indirect estimations are possible, especially leveraging 
the cylinder pressure information, yet the capability of keeping the 
combustion phase always under control, with optimal settings is 
extremely useful.

Fig. 5 reports the effect of increased EGR rate on the combustion 
metrics trend over CA50. As it can be noticed, the higher EGR rate shows 
detrimental effects on BTE, while heavily reducing the MAPO distribu
tion and shifting the engine point from being knock-constrained to peak 
pressure-constrained: Pmax increases while increasing EGR rate, as the 
intake air mass is kept constant, thus the total mass trapped in the cyl
inder is higher, leading to higher motoring pressure and Pmax [14]. The 
controller detects the system's evolution and adapts the target CA50 
advancing it from 17 ◦aTDC to 13 ◦aTDC. It is worth noticing that the 
new working point almost reaches the same peak efficiency of the 
baseline configuration (by advancing CA50), while BTE would have 
been much lower without the adaptation of optimal combustion phasing 
(i.e., keeping CA50 constant despite the variation in EGR flow).

As visible from Fig. 5, the controller correctly adapts the perfor
mance metrics trends as a function of CA50, moving from the yellow 
characteristics to the light blue one (which match the mean points, in 
black, of the new operating condition, i.e., higher EGR rate). As already 

Fig. 3. BTE, Pmax and MAPO as a function of CA50 for three different operating conditions, sample points in red, learn point in black and ANN fit in yellow: a) BTE 
1000 rpm - 5 bar, b) Pmax 1000 rpm - 5 bar, c) MAPO 1000 rpm - 5 bar, d) BTE 3000 rpm - 14 bar, e) Pmax 3000 rpm - 14 bar, f) MAPO 3000 rpm - 14 bar, g) BTE 
4000 rpm - 9 bar, h) Pmax 4000 rpm - 9 bar and i) MAPO 4000 rpm - 9 bar. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.)
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recalled, the fault EGR condition leads to lower BTE, lower MAPO and higher Pmax. Therefore, the desirability function targets a more 

Fig. 4. BTE (a), Pmax (b) and MAPO (c) as a function of CA50 at 3000 rpm and 14 bar and identification of the target CA50 (dashed red line) that maximizes BTE 
while adhering to the Pmax and MAPO limits. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.)

Fig. 5. BTE (a), Pmax (b) and MAPO (c) as a function of CA50, nominal traces in yellow, in light blue traces under EGR fault, blue dashed line is the nominal target 
CA50 and red dashed is the adapted one. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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advanced CA50 than the baseline condition. This underlines the 
advantage of adaptive control, avoiding to target an excessively retarded 
CA50 which would have reduced engine performance. In the proposed 
framework, these effects are not explicitly modelled, but emerge from 
the reconstructed performance trends.

3.2.2. Knocking condition
Another interesting condition to investigate is represented by 

changes in the knocking behaviour. Several causes (such as lower 
cooling capabilities, higher air temperature, lower humidity, etc.) [18] 
might lead to increased knock intensity. Even ageing might lead to 
higher knock intensity, due to altered lubricating capabilities, injector 
faults, lubricating oil retaining into combustion chamber and carbon 
deposits. Therefore it is interesting to assess the system's capability to 
properly adapt to increased knock intensity conditions. The test is car
ried out increasing the knock intensity evaluated by the engine model by 
20%, without affecting BTE and Pmax: this hypothesis is not significant 
of the actual engine behaviour, but it allows assessing the controller 
capability to adapt to the new condition.

As reported in Fig. 6, both BTE and Pmax do not show any difference, 
as the only difference here is on knock sensitivity to CA50. Nonetheless, 
it is evident how the controller adapts to higher knock intensities, 
leading to a retarded optimal CA50 identified by the desirability func
tion. In this case the operating condition is knock-limited, and the 
optimal CA50 is achieved where the new MAPO pattern intersects the 
corresponding threshold.

When knock tendency increases, the admissible CA50 range is pro
gressively constrained by the activation of pressure- and knock-related 
limits. As a result, the adaptive optimization naturally converges to
ward more conservative CA50 values. This shift is not imposed heu
ristically, but results from the constrained optimization process, which 
excludes unsafe combustion phasing regions while still seeking the best 
efficiency-compatible solution.

3.2.3. Discussion
Although the proposed framework does not explicitly model com

bustion physics, the adaptive evolution of the CA50 target reflects well- 
established combustion behaviours. Under increased EGR rates, the 

reconstructed performance trends indicate a degradation in efficiency 
and combustion stability for advanced CA50 values, naturally shifting 
the optimal target towards later phasing. Similarly, increasing knock 
tendency constrains the admissible CA50 range, resulting in a conser
vative adjustment of the optimal combustion phasing.

These effects are not imposed a priori, but emerge from the online 
reconstruction of performance trends and the constrained optimization 
process, which together form the basis of the decision-making 
mechanism.

It should be noted that the controller responds to the observable 
effects of EGR deviation or knock tendency on combustion behaviour, 
without requiring explicit fault diagnosis.

3.3. Algorithm real time performance

This section presents the real-time validation of the proposed control 
architecture, demonstrating cycle-by-cycle execution under high-speed 
operating conditions.

Following the simulation phase, the proposed control algorithm has 
been implemented and tested on a real-time platform, to assess its 
capability to perform the desired calculation in actual running scenarios. 
The experimental setup has been based on a National Instruments 9030 
Compact Reconfigurable Input/Output (cRIO) platform (with the 
following real time characteristics: 1.33 GHz dual core Atom, RAM 1 Gb) 
[42], where the Simulink model of the whole engine controller (not only 
the adaptive algorithm) was compiled into an executable real-time 
application following an Hardware-in-the-Loop approach (with 
real-time dataflow simulating a 4 cylinder engine was fed by a dedicated 
hardware unit). This allowed the algorithm to be deployed directly on 
the cRIO hardware for real-time testing. The implementation has been 
successfully validated up to 20000 rpm, demonstrating the capability of 
the whole control algorithm to operate under real-time constraints with 
a maximum execution time of 3 ms, meaning that the theoretical limit of 
the controller is double the reached one (being 6 ms the limit at 20000 
rpm).

Fig. 6. BTE (a), Pmax (b) and MAPO (c) as a function of CA50, nominal traces in yellow, in light blue traces under increased knock intensity, red dashed line is the 
nominal target CA50 and blue dashed is the adapted one. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version 
of this article.)
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4. Conclusions & future developments

In this study an adaptive neural network-based control for hydrogen 
internal combustion engines has been developed. The controller traces 
the trends of BTE, Pmax and MAPO as a function of CA50, using three 
Artificial Neural Networks (ANNs), setting the optimal CA50 thanks to a 
desirability function evaluated in real-time. The ANNs biases and gains 
are continuously updated, adapting biases and gains to fit the actual 
combustion metrics trend delivered by a combustion analyser. The 
adaptation is carried out using the Gradient Descent with Momentum al
gorithm, which proves to be compatible with real-time implementation. 
Thanks to this approach the combustion controller adapts the optimal 
CA50 to the actual conditions, maximizing engine efficiency while 
avoiding excessive Pmax and MAPO.

The approach has been assessed in a virtual environment, simulating 
a 5% variation in the EGR flow, and increasing knocking intensity by 
20%: the controller is able to maximize the desirability function, quickly 
adapting to the present engine behaviour. The algorithm has then been 
implemented on a real-time embedded platform, resulting compatible 
with real-time execution even at extremely high engine speed.

The proposed framework combines adaptive machine learning, real- 
time control, and constrained combustion phasing optimization, 
demonstrating both methodological novelty and practical relevance. 
Future developments will focus on extending the framework to include 
NOx emissions and incorporating this aspect into the definition of the 
desirability function, enabling the identification of the optimal CA50 
while also accounting for pollutant emissions, including those poten
tially evolving from cold-start conditions.

The proposed methodology represents a step toward self-calibrating 
combustion control strategies for hydrogen internal combustion en
gines, bridging the gap between adaptive machine learning and real- 
time engine control.
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