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Abstract: Nowadays, engine experimental research represents a very expensive field within the
automotive industry, but it remains fundamental for engine and vehicle development. The present
work aims to investigate a novel approach for engine control system calibration, by adopting machine
learning techniques to model physical parameters of the engine starting from experimental data
measured at the test bench. The main goal is to create a methodology which accelerates the calibration
process without losing accuracy. A model that estimates air mass flow is created by adopting either a
tree ensemble model or an artificial neural network trained on a small dataset, which was previously
acquired at the test bench using a random calibration of the volumetric efficiency map. The model’s
performance is first validated on a larger, random dataset. Then, the volumetric efficiency calculated
from the air mass flow model estimation is used to calibrate the transfer function of the Engine Control
Unit. Finally, the sensitivity of the model error correlated with the number of data points acquired
is used in order to determine the best practice for a Design Of Experiment, which minimizes data
acquisition. The methodology proposed can lead to reduced time and costs of the whole calibration
process of the engine, without losing accuracy. The analysis was conducted on the entire vehicle,
which is crucial for drivability, especially in motorcycles since they are highly sensitive to air-to-fuel
ratio adjustments. This work demonstrates that machine learning models can be adopted for the
fine-tuning of the calibration process, which is normally performed manually.

Keywords: engines; neural networks; random forest; gradient boosted decision; vehicle; calibration

1. Introduction
1.1. Engine Calibration

The calibration of internal combustion engines is a complex and critical process
to ensure that vehicles meet emissions regulations, deliver optimal performance, and
ensure fuel efficiency. Traditionally, engine calibration requires numerous experimental
tests and simulations to find the right balance between these parameters [1]. The main
constraints are related to pollutant emissions, which have guided the evolution of engine
control systems for several years [2]. Engine calibration for passenger cars and motorcycles
has to work within emission limits, but without sacrificing drivability. The increased
stringency of these constraints has prompted the development of several algorithms and
control strategies aimed at predicting physical phenomena occurring in the engines, as
well as calibration strategies [3]. Manual calibration of the control system requires many
experimental measurements at the test bench, which make development costs high. It is
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thus fundamental to find alternative strategies to reduce development costs. Starting from
test automation and measurements, several strategies have begun to emerge which can
predict engine phenomena, thus reducing the number of measurements required [4]. In
response to these challenges, the evolution of digital technologies has introduced machine
learning algorithms as powerful tools to enhance precision, reduce time, and lower the costs
associated with engine calibration pre-processing. Machine learning algorithms possess
several properties that make them particularly attractive for applications in modelling and
control of complex non-linear systems [5].

1.2. Artificial Neural Networks (ANNs)

Neural networks are particularly effective in modeling complex nonlinear systems
such as internal combustion engines, where the relationships between input variables
(e.g., pressure, temperature, fuel mixture composition) and output variables (e.g., engine
power, emissions, fuel efficiency) are not easily determinable through traditional methods.
ANNs can learn these complex behaviors by training on experimental data, making them
ideal tools for real-time prediction and optimization. Several studies have demonstrated the
effectiveness of neural networks in engine calibration. For example, in [6] a neural network
model is developed for pre-calibration of diesel engine emissions and performance, using a
multi-objective genetic algorithm to optimize the outcomes. The authors of [7] provided
an overview of neural network applications in the calibration of spark-ignition engines,
highlighting their use in virtual sensing and as substitutes for lookup tables. Additionally,
ref. [8] explored the use of ANNs to accelerate the experimental calibration of propulsion
systems, showing a significant reduction in calibration time. In [9], the development of a
virtual methodology based on physical models and ANNs to optimize engine calibration is
reported. The role of neural networks is not limited to engine calibration, but also extends
to the modeling and optimization of engines: for example, ANNs are used in [10] to
predict efficiency and emission of a gasoline engine, while in [11] they are used to analyze
the potential of alternative fuels for a diesel engine; Ref. [12] report the use of artificial
neural networks to create a predictive model on the basis of which fuel consumption of
motor vehicles can be determined. Brahma et al. (2008) [13] compared neural networks
with other modeling techniques, showing that ANN offers greater accuracy in engine
calibration than global regression models. Another interesting aspect of ANNs is their
ability to replace black-box controls in engine calibration systems. Meli et al. (2024) [14]
demonstrated how neural networks can be used to model complex Engine Control Unit
(ECU) functions, improving calibration accuracy. Neural networks have also been used to
estimate volumetric efficiency in engines, significantly reducing the experimental effort
required for base calibration, as highlighted by De Nola et al. (2019) [15]. Zhou et al.
(2008) [16] introduced a neural network-based modeling approach for vehicle emission
testing and engine calibration, showing significant improvements in accuracy and efficiency.
Another important contribution was made by Pan et al. (2021) [17], who developed an
engine calibration model using Gaussian process regression, showing how ANNs can
overcome the inaccuracies associated with traditional combustion models. Jacob et al.
(2020) [18] conducted an interdisciplinary review of engine management system calibration
strategies, highlighting how ANN can enhance the accuracy of calibration techniques for
various alternative fuels. Rahimi-Gorji et al. (2017) [19] used ANNs to model the effects
of atmospheric conditions on engine performance, demonstrating how these networks
can be applied to optimize engine calibration under different operating conditions. The
application of neural networks to engine management systems was also explored by Garg
et al. (2012) [20], who described various use cases of ANNs to improve engine calibration
and control. Shayler et al. (2000) [21] examined the use of ANNs in engine management
systems, highlighting how these networks can significantly reduce calibration work and
improve overall efficiency. Another significant example is provided by Schoeggl and
Ramschak (2000) [22], who used ANNs to assess vehicle drivability during development,
calibration, and quality testing, showing how these networks can improve the reliability
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of results. Atkinson and Mott (2005) [23] applied an ANN to optimize the dynamic
calibration of diesel engines, demonstrating significant improvements in performance and
emissions. Lowe and Zapart (1999) [24] conducted a comparative study on the use of ANNs
for confidence interval estimation in engine management systems, showing how these
networks can improve calibration accuracy. Friedrich et al. (2016) [25] investigated the
use of ANNs for medium-speed engine optimization, demonstrating how these networks
can enhance the modeling and prediction of engine performance. Vinoth et al. (2022) [26]
developed a recurrent neural network-based soft sensor for flow estimation in rocket engine
injector calibration, demonstrating the applicability of ANNs in contexts beyond internal
combustion engine calibration.

These studies clearly demonstrate the potential of neural networks in engine calibra-
tion, offering advanced solutions to address modern challenges in engine management.
Integrating ANNs into calibration processes not only promises to improve operational
efficiency but also opens new possibilities for continuous optimization of propulsion
systems. The application of ANNs in internal combustion engine development is still
ongoing and can lead to not only improved performance of engines, but also decreased
experimental effort for the development of engine control systems, which is a field still in
continuous evolution.

1.3. Tree Ensemble Models

While ANNs are a popular and effective choice, other “traditional” machine learning
algorithms can also be used to model non-linear relationships in data. Particularly fitting
to the present work are tree ensemble models, such as Random Forests [27] and Gradient-
Boosted Decision Trees [28]. These models have been shown to consistently deliver better
performance than ANNs in certain scenarios, such as with tabular data and in low-to-
medium data regimes [29]. The favorable performance in low-data scenarios makes the
uses of these models appealing, as one of the main goals of the present study is minimizing
data acquisition.

In the engine calibration field, these models have been used to predict combustion feed-
back information to control spark timing [30]. They have also been applied to extrapolate
information from knock sensor signals for combustion knock control [31].

1.4. The Present Study

This work deeply investigates the calibration of volumetric efficiency of a motorcycle
engine, by adopting a predictive model based on an ANN or a tree ensemble trained on
data collected at the test bench. The main innovation of this work lies in the application
of machine learning models for the fine-tuning of the entire pre-production vehicle, rep-
resenting a significant advancement over traditional methodologies. In contrast to the
majority of studies in the literature, which focus on calibrating a standalone engine in
a test cell, the use of machine learning models at the final stage of vehicle calibration
on a rolling bench, particularly for a motorcycle, represents a novelty for the field. This
innovative approach bridges the gap between conventional engine testing and full-vehicle
performance evaluation, providing a more integrated and efficient calibration process that
reduces both time and costs while maintaining high precision.

The data used for the modelling are measured on a rolling bench with the complete
pre-production vehicle. The main constraint regarding the calibration of the air mass flow
estimation is related to the sensitivity of the whole vehicle at small variations of torque,
and in catalyst efficiency if the estimation does not have the accuracy needed. Due to these
factors, normally the fine-tuning calibration of production or pre-production vehicles is
performed by hand, at the test bench and in road tests. The present work demonstrates that
it is possible to use machine learning models to save many days of work on motorcycle
calibration without losing accuracy. Another interesting point to underline is that the
estimation model was created starting from a random calibration of the vehicle, which is
the worst condition that a calibrator operator could have in their hands.
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In the following paragraphs, the procedure adopted is described, starting with how
data was collected at the engine bench, and how the machine learning models were created;
particular attention was given to the validation process and choice of model type. The
model trained with the data acquired from a randomly calibrated vehicle is used to estimate
the air mass flow rate through the motorcycle intake manifold across the entire engine
operating range. From air mass flow, it is then easy to calculate injection time. Finally, this
information defines the calibration map which is written into the ECU and used for final
validation in real driving conditions of the vehicle—with a physical driver at the rolling
bench—demonstrating the accuracy of this approach.

2. Materials and Methods

The main aim of this project is to use machine learning models to calibrate the injection
volumetric efficiency of the engine targeting the lambda (air-to-fuel ratio), which is required
by the ECU system. The air-to-fuel ratio primarily affects emissions, particularly when the
engine is operating during the emission cycle loads. It also influences vehicle drivability
and, crucially, performance—factors that are especially important for motorcycle engines.
Regarding emissions, it is very important to maintain lambda within the stoichiometric
zone (normally 1/1.5% in rich zone) in order to maintain catalyst efficiency. Drivability,
especially for motorbikes, is very affected by torque variations due to air-to-fuel ratio
oscillations; these variations are transmitted to the rear wheel, resulting in a harsh feeling
when driving the motorcycle.

All the data used for this work were collected in the Motori Minarelli factory using
an engine test cell equipped with a roller bench for testing the complete vehicle. The test
bench—provided by Ono Sokki (Yokohama, Japan) [32]—is normally used for vehicle
development; the motorcycle’s controls are fully automated except for gear shifting. For ac-
curate estimation of air flow and replication of the motorcycle’s final behavior, it is essential
that the vehicle is in the final production configuration, with all the components installed,
such as the air filter, intake manifold, fairings, etc. As mentioned in the introduction, the
tests were carried out with the whole vehicle because the focus of the work is on the final
calibration process, with the intent of mass production.

The vehicle was braked by an eddy current dynamometer suitable for motorcycles,
which develops up to 70 kW of peak power. The braking torques were set as a function of
vehicle speed, following the coastdown curve, which was measured experimentally on a
specific test road [33]. The test cell is equipped with traditional ventilation systems and
additional systems to ensure a safe environment and compliance with test specifications.
A large fan is positioned in front of the vehicle to simulate the variable air supply the
motorcycle would experience when moving at a certain speed on the road; this feature is
very important because air flows around the vehicle can affect air mass flow in the engine.
Figure 1 shows the full experimental setup with the motorcycle at the test bench.

The setup that allows effective control over the vehicle during testing consists of a
development ECU, which enables real-time monitoring and modification of engine param-
eters and calibration through analog/digital acquisition systems. Communication with the
ECU is ensured by a Controller Area Network (CAN) connection to a PC, which uses the
ETAS INCA (Stuttgart, Germany) [34] software for calibration, monitoring, diagnostics,
and data acquisition. Other measurements, fuel consumption, engine torque, power, etc.,
were also acquired at the same time with a digital acquisition module by the test bench
acquisition software.

In addition, an automatic system for motorcycle control manages the throttle, brake,
and gearbox to achieve prescribed operational points and follow riding cycles efficiently. A
test campaign was carried out driving the motorcycle with an automated cycle which can
cover engine load from 1% to 100% at every engine speed (from 3000 RPM to 10,000 RPM)
chosen for the acquisition. The test carried out for data acquisition consists of fixing the
engine/vehicle speed (the gear does not change during the test) and varying the engine
load from 1% to 100% in 60 s; this method allows the engine to reach a semi-transient
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condition. The data acquisition is performed continuously with a sampling frequency of
100 ms. The total duration of the test is 20 min.
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The data were collected with a random calibration of the ECU in terms of volumetric
efficiency of the engine. Random calibration was created starting from the production
calibration with only one constraint: the value inserted is saturated at +−20%. The choice
was made because of the measurement range of the UEGO sensor adopted (Bosch LSU 4.9).

In this work, different machine learning models were compared in terms of accuracy
to find the best one for this particular application:

1. Gradient-Boosted Decision Tree Regressor [28]: This is a popular machine learning
model consisting of an ensemble of decision trees trained sequentially. A decision
tree is a non-parametric model that learns simple binary decision rules over the
inputs—structured hierarchically in a tree—to approximate the target. The tree is
constructed using the inputs and targets of the training data. To make a prediction
for a test datapoint, the datapoint is “carried” along a branch of the tree according to
how the inputs behave under the learned binary rules. Then, once a leaf is reached,
the prediction is made using the average target values of the training datapoints that
belong to that leaf. Decision trees are known to be prone to overfitting, and to be
unable to learn very flexible decision boundaries: however, this can be significantly
improved by “ensembling” multiple trees together. In particular, gradient-boosting is
a technique whereby decision trees are sequentially fitted to the residual error (aka the
“gradient”) of the previous tree.

2. Artificial Neural Network [35]: This class of models provides the highest level of flexi-
bility in terms of the input-target relationships that can be learned. In particular, we
focus on Feed-Forward Fully Connected Neural Networks. The fundamental building
block of these is the perceptron, which takes as input a set of features, linearly com-
bines them into a single value using learned weights and biases, and finally transforms
said value with a simple nonlinear “activation” function. Multiple perceptrons can be
combined in parallel, forming a layer, and layers are stacked, with the outputs of per-
ceptrons in one layer being fed as inputs to the perceptrons in the next layer. Neural
networks are trained using the backpropagation algorithm, whereby a loss function
between the network’s output and the target is determined—in our case the Mean
Squared Error loss—and the gradient of the loss value is backpropagated through the
network using automatic differentiation; finally, the network parameters—weights
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and biases of the linear layers—are updated by taking a step in the direction of the
gradient, using a predetermined learning rate.

3. Results
3.1. ECU Strategies and Calibrations

The main signals involved in estimating the engine combustion air flow are engine
speed, usually expressed in Rotation Per Minute (RPM) and the Throttle Position Sensor
(TPS) percentage. In some cases, the tests required either actively riding the motorcycle
positioned on the roller, thus simulating normal road use, known as Auto Load Regulation
(ALR), or using an electric actuator mechanically connected to the throttle control, adjusted
via a potentiometer. This test setup, which can rotate the throttle grip from fully closed
(0%) to fully open (100%) from outside the cell, is called Auto Speed Regulation (ASR).
In this work, the data acquisition was performed by keeping vehicle speed constant, and
by performing a sweeping of the load from 0 to 100% using ASP regulation.

Another parameter involved in estimating the engine combustion air flow is the
Manifold Absolute Pressure (MAP), usually expressed in kPa and measured by a pressure
sensor located in the motorcycle’s intake duct. This value mainly depends on the throttle
opening and external atmospheric pressure. The ECU has a custom strategy for the
estimation of the engine load. The load is considered in terms of TPS percentage if the
TPS is greater than a threshold, which is a function of engine speed and TPS itself. If the
threshold line is not crossed, the load is estimated by a MAP sensor. This strategy is mainly
due to the sensitivity of TPS at low load; at this point, a small percentage of TPS opening
corresponds to high gradients of air mass flow, thus leading to a worsening of the load
estimation. Instead, the MAP sensor has a better resolution in small throttle opening, and
thus is a more reliable parameter for estimating load.

Additionally, the motorcycle’s exhaust line is equipped with a linear lambda sensor
(UEGO—Universal Exhaust Gas Oxygen sensor) capable of measuring the amount of
oxygen in the exhaust gases, thereby providing the ECU with an estimate of the burnt
mixture composition. This information allows the ECU to adjust the air-to-fuel ratio
accordingly through automatic calibration with a Closed Loop (CL) algorithm. The CL
strategy is active when the engine is running in stable condition, because in the case of
high load gradient or high engine speed gradient the UEGO measurements lose accuracy.
The adoption of a CL in this case could create instability in the air-to-fuel ratio. In these
conditions, the ECU estimation is made only by calibrated models, and the amount of fuel
injected is corrected only with environmental conditions (because these parameters are
stable, and they do not enter into CL control).

UEGO signal and injection time are essential for calculating an indirect measure of the
air flow into the engine. As mentioned above, the air mass flow is not directly measured
with a specific sensor, due to calibration concerns. Indeed, introducing such a sensor would
alter the intake line, affecting the mass flow it is trying to measure, thus not providing an
accurate representation of what the mass flow would be without the sensor. The calculation
of air mass flow is reported below in Equation (1):

.
mair = λ αst tinj ρF GAINinj

1
106 60

(1)

where:

• .
mair is the air flow rate expressed in mg

cycle

• λ is the lambda of the mixture
• αst is the stoichiometric air-fuel ratio, 14.65 in this case since the fuel is gasoline
• tinj is the injection time expressed in µs
• ρF is the fuel density expressed in g

dm3 , in this case, it is 750 g
dm3

• GAINinj is the injector gain, which is the quantity corresponding to the fuel flow rate

deliverable by the model being used, expressed in cm3

min , in this case, it is 280 cm3

min
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The response of the lambda sensor contains an intrinsic reading delay, which can be
adjusted in various ways [36]. In this work, we take into consideration the time delay
measurement presented by the universal exhaust gas oxygen sensor along with uncertain-
ties in the volumetric efficiency. For that purpose, observers are designed by means of a
super-twisting sliding mode estimation scheme. Also, two control schemes based on a
general nonlinear model and a similar nonlinear affine representation for the dynamics
of the normalized air to fuel ratio were designed in this work by using the super-twisting
sliding mode methodology. Such dynamics depend on the control input, that is, the injected
fuel mass flow, its time derivative, and its reciprocal. The two latter terms are estimated by
means of a robust sliding mode differentiator. The observers and controllers are designed
based on an isothermal mean value engine model. Numeric and hardware in-the-loop
simulations were carried out with this model, the parameters being taken from a real
engine. The results obtained show good output tracking and rejection of disturbances when
the engine is in closed-loop with the proposed control. There are three main factors that
influence this delay. The first is associated with the time interval between the opening of the
intake valve and the exhaust valve, and is considered a combustion delay. The second factor
represents the time it takes for the exhaust gases to reach the lambda sensor, depending
on the air speed in the ducts, and is known as transmission delay. The third and final
factor is related to the sensor itself, whose actual output is an aperiodic exponential curve,
indicating a slow dynamic associated with a first-order system. The time constant can be
approximately considered as 20 ms for a conventional sensor. The first two factors are
clearly proportional to the engine’s rotational speed n, and can be expressed as follows [37]:

• Combustion Delay:

Tc =
3
4

120
n

=
90
n

(2)

• Transmission delay:

Texh =
1

vexh
≈ Tc =

90
n

(3)

3.2. Data Training Acquisition and Creation of Models

The calibration, as already described, of injection timing in this engine is accomplished
using two different strategies. The first is called Speed Density (SD) and is based on
engine speed (RPM) and MAP. This strategy is primarily used at low loads where the
estimation derived only from the throttle position is insufficient. The second strategy is
called Alpha Speed (AS), it is expressed in terms of engine speed (RPM) and TPS, and
it covers the remaining operating range of the engine. The two strategies are separated
by an RPM-TPS threshold vector, which determines which strategy has to be used for
determining the injection timing [38,39]. For training the machine learning models, two
different data acquisition processes were performed, one for each strategy. Figures 2 and 3
show the investigated operating points for the SD and AS strategies, respectively. The data
acquisition was designed to cover all boundaries of the engine in terms of load and speed.
The data acquisition system sampling frequency is set to 100 ms. For each strategy (AS, SD),
the engine speed is held fixed at different values, and the load is swept from 0% to 100%
within each strategy’s boundaries, thus resulting in a “striped” acquisition pattern. The
total time of data acquisition is approximately 20 min, and each parameter is sampled at
100 ms [8]. The maneuvers performed can be considered almost in steady-state condition.
The approach adopted is well-suited to the experimental setup (roller bench) and offers
significant time savings in data acquisition without compromising accuracy, thanks to the
slow transition between measurement points. This method contrasts with traditional data
acquisition for machine learning models, which is usually performed under steady-state
conditions on the engine test bench. The Design of Experiment (DOE) has been chosen
for time vs accuracy in case a whole vehicle is used for the data collecting. A full factorial
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approach is not useful since every point would need acceleration and braking of the vehicle,
and the time to reach the steady state would increase for every point reached. It is crucial
to clearly define the boundaries of the problem being studied to avoid extrapolations that
could reduce the accuracy of the regression model estimates. The data acquired were
filtered before being used by the algorithms to isolate only the points contained in each
strategy. The two datasets were used to discriminate the adoption of the TPS sensor or
MAP sensor signal as input for the ML model.
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The training datasets are derived from data acquisition, applying some post-processing
constraints and calculations. First, the measurement errors were filtered out, and secondly,
the UEGO signal was delayed as described in the previous section. The data was di-
vided between AS and SD, and the model was created with different load input signals
(TPS or MAP). Figure 4 shows the range within which machine learning models can be
used successfully. On the left, a brief acquisition related to the Speed Density strategy is
shown, where only a few load sweeps at constant RPM can be observed. This dataset is
used to train the predictive model. On the right, a dataset produced in MATLAB R2023b is
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shown which, with a certain level of discretization, queries the machine learning algorithm
at all the engine operating points that fall within the injection strategy (in this case SD).
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The machine learning model was created using the throttle position sensor, the MAP
sensor, and the engine rotational speed as inputs. The generated output is the airflow
rate. Models with additional inputs (ambient pressure, ambient temperature, engaged
gear, throttle opening derivative) were tested and developed, but they resulted in poorer
performance. This outcome is due to the fact that the combustion engine under analysis
does not have variable valve timing systems, and the airflow rate is solely linked to those
parameters. Furthermore, the pressure and temperature conditions in the test cell are
constant, as there is a conditioning system in the test room. Models were created using
the functions “fitrnet” and “fitrensemble” included in MATLAB Toolbox “Statistics and
Machine Learning”. The first was used for feed-forward fully-connected neural networks,
and the second for tree ensembles. We used Bayesian Optimization—natively integrated
in both functions—to find the best configurations of hyperparameters. This algorithm
is iterative and able to search through various possibilities to minimize the objective
function, which in this case is the expression log(1+loss), where the loss is the mean square
error (MSE) that is calculated with the current iteration hyperparameter configuration.
In this work, multiple iterations of optimization are used to ensure that the results were
comparable and repeatable across different runs of the code, and this was indeed the case.
In fact, the Bayesian algorithm implemented in MATLAB almost always provides a different
combination of hyperparameters compared to the previous result, but the performance that
the models achieve is very similar. For this reason, the described models can be considered
representative of their respective categories.

For the Alpha Speed injection strategy, several experimental trials have identified the
neural network as the best model. The one in consideration is composed by two hidden
layers (the first with 155 neurons and the second with 239), ReLU activation function,
Glorot initialization of weights, and LBFGS as training solver algorithm. For Speed Density,
a tree ensemble with Least Squares Boost algorithm (gradient boosted trees), 49 sequential
decision trees, a learning rate of approximately 0.21, one as the minimum number of
observations per leaf node, 69 as the maximum number of decision splits, and two as the
number of features to randomly select for each split, seems to be the best choice in terms of
model performance (Table 1).
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Table 1. Model setup.

Injection Strategy Alpha Speed Speed Density

Model type Neural network Gradient boosted trees

Model features

• Bayesian optimization
• Feed-forward fully connected
• [115,239] neurons
• ReLU activation function
• Glorot weights initialization
• LBFGS training solver algorithm

• Bayesian optimization
• LS Boost algorithm
• 49 sequential trees
• Learning rate of 0.21
• 1 minimum observation per leaf
• 69 maximum decision splits
• 2 features per split

Figure 5 shows on the x axis the measured air mass flow, and on the y axis the estimated
air mass flow; for the sake of brevity, only the predictions of the gradient boosted tree model
are shown here. The model was created by excluding outlier points. It can be observed that
there is good agreement between the model predictions and real air mass flow.
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4. Discussion
4.1. Model Perfomance Evalutation

Once the machine learning models produce acceptable performance in predicting the
air flow rate, the estimated injection times are derived using Equation (1) and the target
lambda, and are then inputted into the ECU. With these, the complete map can be compiled
and uploaded to the ECU. If, as in the case at hand, injection times obtained from the bench
using the standard experimental method are available and thus serve as the target values
for the models to achieve, comparison errors can be calculated. These errors can guide
potential improvements in the structure and the choice of hyperparameters for the machine
learning models.

errperc =
tinjtarget

tinjmodel

∗ 100 − 100 (4)

In this way, the following results were obtained, clearly highlighting where the models
used produce injection times that deviate most from the targets. Regarding the Alpha
Speed strategy, a neural network was used with results shown in Figure 6.

It can be seen that only certain engine speeds were measured, but even for the un-
studied speeds, as long as they are interpolated between speeds in the training data, the
estimated injection times produce very low errors. Speeds at the borders of the training
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range instead show higher errors; this result was expected because machine learning mod-
els struggle at extrapolation. The highest error values occur just below the maximum engine
RPM, at throttle openings of 90% and above. This is because, in that range, being close to
the limit, very few data were acquired on the test bench. At 10,000 RPM, no samples were
measured. The average absolute percentage error is 2.5%, while the standard deviation
is 2.8.
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studied speeds, as long as they are interpolated between speeds in the training data, the 
estimated injection times produce very low errors. Speeds at the borders of the training 
range instead show higher errors; this result was expected because machine learning mod-
els struggle at extrapolation. The highest error values occur just below the maximum en-
gine RPM, at throttle openings of 90% and above. This is because, in that range, being 
close to the limit, very few data were acquired on the test bench. At 10,000 RPM, no sam-
ples were measured. The average absolute percentage error is 2.5%, while the standard 
deviation is 2.8. 

In Figure 7, we try to understand whether a relationship exists between percentage 
error and injection time. The goal is to exclude the possibility that low errors are due to a 
link with high injection times and vice versa. This could distract the user from the actual 
evaluation of the model. As can be seen, the two variables appear to be uncorrelated, as 
the scatter plot, despite its dispersion, does not exhibit any particular trend with increas-
ing injection time. 

Figure 6. Percentage error in comparison to original calibration map (Alpha Speed). The cells
highlighted in red represent model-estimated injection times that are lower than the target values,
while the green cells indicate injection times that are higher than the target.

In Figure 7, we try to understand whether a relationship exists between percentage
error and injection time. The goal is to exclude the possibility that low errors are due to a
link with high injection times and vice versa. This could distract the user from the actual
evaluation of the model. As can be seen, the two variables appear to be uncorrelated, as the
scatter plot, despite its dispersion, does not exhibit any particular trend with increasing
injection time.
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Figures 8 and 9 show analogous results for the Speed Density strategy, using a gradient
boosted decision tree model.
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Figure 8. Percentage error in comparison to original calibration map (Speed Density). The cells
highlighted in red represent model-estimated injection times that are lower than the target values,
while the green cells indicate injection times that are higher than the target.
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4.2. Motorcycle Calibration Validation

Finally, the calibrated map, calculated from the models starting from the air-to-fuel
ratio required by the ECU calibration, was flashed into the vehicle. The vehicle was tested
at the test bench in Road Load Control (RLC) with a real driver, to evaluate the performance
of the calibration created by ML models. During these acquisitions, the usual engine
parameters were measured, including MAP, various temperatures and pressures, and
the lambda value measured by the sensor, as well as the target lambda channel, which
is automatically calculated by the control unit through interpolation based on RPM and
TPS relative to the point of interest. At Motori Minarelli, as in many other companies in
the sector, calibrators use two thresholds around the target lambda value to describe an
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acceptable range for the measured lambda signal produced by combustion. In this case, the
acceptable numbers must fall within +/−3.5% of the target during engine operation [16].

The results at high engine loads are reported in Figure 10 (AN strategy), whereas
results at low loads are shown in Figure 11 (SD strategy). In terms of the latter, it was
necessary to redo the training data acquisition for the machine learning models, repeating
the maneuvers more slowly and achieving a finer discretization of points than the first
attempt. In fact, at low loads and low engine speeds, small variations in TPS percentage
correspond to large changes in the MAP signal (tens of KPa in pressure).
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The maneuvers were performed without high load gradient, because the fluid com-
pensation film, which corrects the fuel mass flow, was not modeled and thus not evaluated.
Each figure consists of two graphs. The upper graph shows the derivate of TPS [%/s] to
evaluate if the maneuver was performed with slow gradient; the lower graph shows the
lambda target required by the system (in red), the lambda signal measured (in blue), and
an offset of the target of +−3.5% (dotted black) which represents the limit for an acceptable
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calibration. It can be seen that the lambda measurement coincides with the dotted lines;
this evidence shows the good accuracy of the estimation. Only part of the dataset shows a
lambda signal outside of the acceptable limits, but these points are not of interest because
they are related to gear shifting or engine speed limiter interventions, which affect lambda
signal because of cutoff or misfire, which can occur in these conditions.

Using the proposed approach, the reduction in calibration time, when compared to a
conventional calibration process which requires approximately four days to complete, has
been estimated at around 80%. It is important also to note that, in vehicle development,
this calibration process is repeated multiple times, one for each modification made during
the design phase (e.g., update of intake manifold, frame, fairings, driver seat, fuel tank,
wiring, exhaust system). As a result, the benefits of employing machine learning models
are compounded, ultimately leading to significant savings in both time and costs.

4.3. DOE Evaluation

A brief Design of Experiment (DOE) was then conducted to study how the perfor-
mance of the models changed as a function of the number of points acquired for the training
datasets (Figure 12). The objective was to obtain a grid that can be used in any acquisi-
tion context, which determines a minimum standard number of samples. This goal was
achieved by attempting to discretize as uniformly as possible, especially at the boundaries,
to avoid model extrapolation. A substantial portion of points was therefore eliminated, up
to approximately 95% of the samples, i.e., from 4800 observations to about 70 operating
points. The results obtained show the potential margin for improvement in the selection of
key samples for model training [40].
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The main reason for this result is related to the type of experimental setup. When using
an entire vehicle on the roller bench, many acquisition points are essentially overlapping.
However, it is interesting to note that acquisition can be performed more quickly and with
the help of acquisition systems that also operate at low frequencies. The decision to use
the entire vehicle was made because the goal of calibrating the complete system requires
using the vehicle with all its parts. Conversely, for a less advanced engine development
phase, the engine test bench would be more appropriate to optimize the DOE structure and
measurement times.

This work has enabled a reduction in the engine air flow calibration procedures by
about one-fifth compared to the traditional procedure, without losing points of accuracy.
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The errors recorded during the modeling campaign are, in fact, comparable to the uncer-
tainties of the measurement chain.

5. Conclusions

The main aim of this work is to demonstrate the potential of machine learning models
for calibrating a complete motorcycle setup, chosen for its high accuracy requirements in
production vehicles. Focusing on motorcycles, air-to-fuel ratio calibration is crucial not
only for emissions and consumption but also for the instantaneous torque of the engine;
therefore, small oscillations in lambda can significantly affect vehicle drivability.

The presented results show a completely new methodological approach, from the
experimental setup to the model validation, and its direct application to the production
vehicle. It has been demonstrated that this methodology can drastically reduce the cali-
bration effort needed to fine-tune the vehicle at the production stage, without reducing
accuracy. The machine learning models employed, particularly regression and neural
network algorithms, have demonstrated their capability to accurately predict the optimal
calibration parameters based on limited experimental data.

These models can prove advantageous not only in test bench conditions but also in a
whole vehicle, demonstrating significant potential for other calibration.

The reduction in calibration time compared to a conventional calibration process has
been estimated at around 80%, as traditional calibration takes approximately four days
to complete.
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Abbreviations

ANN Artificial Neural Network
ECU Engine Control Unit
CAN Controlled Area Network
TPS Throttle Position Sensor
ALR Auto Load Regulation
ASR Auto Speed Regulation
UEGO Universal Exhaust Gas Oxygen sensor
MAP Manifold Absolute Pressure
CL Closed Loop
SD Speed Density
AS Alfa Speed
DOE Design Of Experiment
RLC Road Load Control
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