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1. Introduction

Emission regulations over the last thirty years have forced automotive manufacturers to 
focus on energy efficiency and on the reduction of environmental impact of their internal 
combustion engines. Among these, diesel engines are still widely used in various heavy duty 
transport applications due to their  high thermal efficiency and reliability.  However,  the 
increasing complexity of modern fuel injection systems, turbocharging technologies, and 
exhaust  after-treatment  devices  has  made  advanced  modelling  and  simulation  tools 
essential for engine design, calibration, and control.

Among the various technologies under investigation, model-based control strategies play a 
crucial role in the development of advanced powertrain systems. However, high-fidelity 
physics-based engine models typically require computational resources and execution times 
that are not compatible with real-time implementation in modern Engine Control Units 
(ECUs). As a result, data-driven approaches have emerged as promising alternatives capable 
of  simulating  the  behaviour  of  complex  physical  models  while  significantly  reducing 
computational costs.

The availability of large amounts of experimental data acquired during engine test sessions 
has encouraged the development of data-driven modelling approaches, which are able to 
describe  system  behaviour  without  the  need  of  a  full  physical  representation.  These 
methodologies can identify complex and nonlinear relationships between engine control 
variables and performance variables. They also provide effective tools for the estimation of 
quantities  that  are  difficult  or  expensive  to  measure  directly,  reducing  time  and  cost 
associated with experimental testing.

This thesis develops predictive models to estimate selected engine output variables from a 
set of measurements acquired during diesel engine test bench operations. A preliminary 
analysis  of  the  available  dataset  was  carried  out  in  order  to  investigate  its  statistical 
properties and identify the correlations among the measured quantities.

Subsequently, different modelling approaches based on system identification and machine 
learning techniques were investigated and implemented. In a first stage, separate regression 
models were developed and trained to estimate each output variable individually.  In a 
second  stage,  Multi-Layer  Perceptron  (MLP)  neural  networks  were  designed  to 
simultaneously predict multiple output variables, exploiting the relationships among them.

The predictive performance of all  developed models was assessed through appropriate 
quantitative metrics and validated against experimental measurements. Particular attention 
was devoted to evaluating the robustness and generalization capability of the model.

The results of this work demonstrate the potential of data-driven methodologies as effective 
tools for approximating complex engine simulations. Moreover, the developed models may 
provide  valuable  support  for  advanced  applications  in  engine  control,  virtual  sensing, 
diagnostics, performance optimization for automotive systems.
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2. Experimental Data Preparation

2.1  Data Pre-processing 
The first step of the procedure was to process and clean the experimental data that were 
acquired from a diesel engine during a bench test. The aim of this activity was to identify the 
main variables influencing the outputs and to prepare a dataset suitable for modelling. 

This stage started by importing the entire dataset which was provided in Excel format and 
contained a mix of numerical values and text strings.

The dataset was then cleaned by keeping only numerical columns and the relative variable 
names,  removing  those  with  constant  values  or  missing  data.  This  was  done  because 
constant variables do not provide useful information for modelling purposes, while the 
presence of missing values can compromise the regression procedure.

Input variables were then selected based on physical knowledge of the engine system and 
their expected influence on the output variables of interest.

Specifically, quantities typically processed by ECU were selected, including:

 Engine speed
 Exhaust flap actuator position 
 Injected fuel quantity
 Pilot fuel quantity
 Main injection timing 
 Pilot injection timing 
 Rail pressure
 Variable geometry turbocharger (VGT) position
 EGR valve position

For specific output variables, other inputs were considered but these are introduced in the 
following chapters.

It is important to specify that this feature selection was guided by knowledge of diesel engine 
and supported by statistical analysis.
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In parallel, the system output variables were defined:

1. Brake torque
2. NOx emissions expressed in g/kWh
3. NOx emissions expressed in ppm
4. Indicated Mean Effective Pressure
5. Mass Fraction Burned 50%
6. Air mass flow rate
7. Maximum in cylinder pressure
8. Exhaust pressure
9. Exhaust gas temperature upstream of the turbine
10. Exhaust gas temperature downstream of the turbine

The problem was thus formalized as a supervised learning problem, in which the objective 
was to analyse the data and model the relationship between input and output variables.

Overall, the adopted methodology combines data cleaning techniques, variable selection 
based on statistical analysis and physical knowledge of the engine. This hybrid approach 
enabled the construction of a coherent and informative dataset, used for the development 
of predictive models.

2.2  Dataset preparation
The next phase consisted of preparing the dataset for training and testing the regression 
models. First, the dataset was split according to the total number of available observations. 
After determining the overall number of observations, approximately 100, 80% of them was 
dedicated for model training while the remaining portion was assigned to the test phase. 

To ensure reproducibility of the results, the random number generator seed was fixed. In 
this way, the same split between training and test sets was ensured each time the script was 
executed. 

The  observation  indices  were  then  shuffled  randomly,  preventing  any  potential  bias 
related to the temporal or experimental ordering of the measurements. 

To prevent differences in variable scales from distorting the modelling process, each variable 
was normalized using the mean and the standard deviation computed exclusively on the 
training dataset. This step prevents the data leakage from the test set into the training 
phase.

Overall,  this  stage  represents  the  preparation  of  the  dataset  for  training  supervised 
regression models.
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3. Linear Regression Models

3.1  Full linear regression model
As a first modelling approach, a multiple linear regression model was developed using all the 
selected input variables to describe the relationship between engine parameters and the 
output variable.

The  model  was  trained  on  the  standardized  training  dataset  using  MATLAB's  “fitlm” 
function, which estimates the regression coefficients through the least squares method. In 
this model, the output variable was expressed as a weighted sum of the input variables plus 
a constant term, with the coefficients determined to minimize the prediction error on the 
training set.

Once the training phase was completed the predicted values were compared with the 
measured values  through a  scatter  plot,  where  the  reference line  y= x  represents  the 
perfect prediction. The distance from the reference line gives a visual idea of the model 
accuracy.

To numerically evaluate the model performance, the Root Mean Square Error (RMSE) was 
computed. This metric measures the average magnitude of the prediction error and lower 
RMSE values indicate higher accuracy.

The same model was tested on the independent test set. The predictions were compared 
with the corresponding measured outputs using the same graphical representation adopted 
for the training. This step allows the assessment of the model's ability to generalize to 
unseen data.

The comparison between the RMSE values makes it possible to evaluate if the model exhibits 
good generalization capabilities or shows signs of overfitting.

Overall, this linear regression model allows to obtain a straightforward interpretation of the 
relationship between inputs and output, while providing a useful benchmark against which 
more advanced modelling techniques can be compared.

3.2  Multicollinearity analysis using the Variance Inflation Factor (VIF)
After building the full linear regression model, an analysis of multicollinearity among the 
input variables was performed using the Variance Inflation Factor (VIF).

The VIF quantify how linearly dependent each input variable is on the remaining ones. For 
each variable, the value is computed by fitting a regression in which the considered variable 
is treated as the dependent variable and all the others are used as predictors. 
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From the coefficient of determination Ri
2  obtained with this regression, the VIF coefficient 

is defined as:

 VIF i=
1

1-Ri
2

High VIF values indicate that a variable can be well explained by a linear combination of the 
others, suggesting the presence of multicollinearity. 

In general, a commonly used threshold is 5, above which significant redundancy among 
variables is present.

Performing this analysis to the full model revealed a strong level of multicollinearity among 
the selected inputs. This result is consistent with the nature of the engine system, in which  
many ECU input variables are physically correlated leading to information redundancy.

The presence of multicollinearity does not necessarily compromise the predictive capability 
of the model. In fact, the full model still provides accurate predictions of the output variable 
during the testing phase.  However,  it  reduces the reliability  and interpretability  of  the 
regression coefficients. When strong correlations exist among predictors, small variations in 
the data can lead to significant changes in the estimated coefficients, making it difficult to 
attribute the contribution of each input to the output.

The full model can therefore be considered highly predictive but poorly interpretable, since 
regression coefficients are not sufficiently stable. This suggested that an additional variable 
selection was necessary.

3.3  Reduced linear regression model
The objective of this phase was also to reduce model complexity by selecting the most 
relevant variables while maintaining high predictive performance. 

Variables  were  progressively  removed based  on  physical  interpretation  of  the  system, 
prioritising  those  considered  less  informative  or  strongly  correlated  with  others.  The 
remaining variables were then used as regressors for the reduced linear model.

The  model  was  evaluated  on  both  the  training  and  test  sets  to  assess  its  predictive 
performance and generalization capability.

The mitigation of multicollinearity among the selected variables was then checked through 
the computation of the Variance Inflation Factor (VIF), to find any residual dependencies 
among the regressors in the reduced configuration.
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3.4  Conditioning Number
An additional analysis of the correlation structure among the input variables of the reduced 
model was conducted to further assess the presence of multicollinearity and the overall 
stability of the model.

The conditioning number of the regressor matrix was computed. This index represents a 
global indicator of multicollinearity, as it quantifies the sensitivity of the system to variations 
in  the  explanatory  variables  only  if  they  were  previously  standardized.  A  conditioning 
number  below  the  commonly  accepted  threshold  of  ≈30  indicates  that  no  significant 
multicollinearity is present.

Reducing the number of input variables lead to more stable and interpretable regression 
coefficients, improving the reliability of the individual variable contributions compared to 
the full model.

3.5  Residual analysis of the reduced model
Subsequently, a residual analysis was conducted to verify the statistical validity of the model 
assumptions.

The residuals were computed as the difference between the measured and predicted values, 
and their mean was calculated to check the absence of systematic bias.

The analysis was then extended through a graphical representation of the residuals versus  
the predicted values. This plot allows to detect any non-random structure in the errors,  
which could  suggest  nonlinear  dependencies  not  captured.  In  the ideal  case,  residuals 
should be randomly distributed around zero, without any trends or structures.

Finally,  a  QQ-plot  of  the  residuals  was  created  to  assess  the  normality  of  residual  
distribution. The good alignment of the points with the ideal diagonal indicates a residual 
distribution  consistent  with  normality,  supporting  the  validity  of  the  linear  model 
assumptions.
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4. Non Linear Regression Models

4.6  Quadratic Regression Model
The quadratic model was applied only to those output variables for which the linear models 
did  not  provide  satisfactory  results  in  terms  of  RMSE  and  R2,  to  improve  predictive 
performance where a linear approximation was not sufficient. 

The quadratic regression model was built from the variables selected in the reduced linear  
model,  with the aim of  capturing the main nonlinearities of  the system while  keeping 
complexity low. 

The model was estimated on the training dataset using MATLAB’s “stepwiselm” function 
with a quadratic specification, which automatically selects statistically significant linear,  
interaction, and quadratic terms through a stepwise procedure. In this way it was possible 
to eliminate all the terms that were not necessary for the prediction.

The quadratic model was validated on the test dataset to assess its generalization ability.  
Finally, a direct comparison between the reduced linear model and the quadratic model was 
performed using the same test dataset.

4.7  Power Law Regression Model
Specifically for the evaluation of NOx emissions, expressed both in ppm than g/kWh, a power 
law model was also considered.

This model was developed as an alternative to linear and quadratic models, with the aim of  
representing nonlinear relationships not captured before. 

The model was built starting from the reduced variable set selected in the previous stages.  
Unlike the previous models, the non-standardised dataset was used, because the power law 
formulation requires positive quantities. For this reason, an additional data filtering was 
applied, keeping only observations where all input variables and the output are positive.

The model structure was defined in parametric form, in which the output is expressed as the 
product of input variables raised to exponents to be estimated. 

y= β0 ∙ x1
β1 ∙ x2

β2 ∙ x3
β3⋯ x i

β i

The model parameters were estimated through the MATLAB’s “lsqcurvefit” function. Initial 
values for the exponents were set based on the physical dependence among the system 
variables.

Once the optimal parameters were estimated, the model was evaluated on the test dataset 
by comparing predicted and measured values. Performance was quantified using the RMSE 
to assess the model’s ability to follow the output trend.
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5. Neural Network Models

In addition to the previously developed linear and non-linear regression models, a neural 
network model one was implemented to further investigate the relationships between the 
selected input variables and each of the target output.

The same input  variables  and dataset  partition adopted for  the previous models  were 
considered, ensuring identical training and test splits. This choice guarantees a fair and 
consistent comparison among the different modelling approaches.

A feedforward neural network for regression was then trained using MATLAB’s “fitrnet” 
function. The architecture consisted of a single hidden layer, with the number of neurons 
chosen based on the expected complexity of the system to be modelled. The non-linearity  
of the system was introduced through a ReLu activation function in the hidden layer. The 
level  of  complexity was inferred from the performance and behaviour observed in the 
previously developed linear, quadratic, and power law models. 
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6. Multi-Output Neural Network Modelling

A subset  of  neural  network  models  was  developed  by  grouping  output  variables  into 
physically related categories, to evaluate whether this strategy could improve prediction 
accuracy and reduce inference time.

Grouping outputs could allow the neural network to learn shared relationships between 
inputs and correlated outputs, exploiting implicit dependencies among variables within the 
same domain. 

The available outputs were divided into four main groups:

- Performance:  groups  the  engine  torque,  IMEP,  MFB50  and  peak  pressure, 
representing performance indicators of the combustion process. 

- NOx Emissions: includes NOx expressed both in g/kWh and ppm, which quantify 
pollutant emissions of NOx after the combustion. 

- Thermal: is composed by thermodynamic variables of the system such as exhaust 
temperatures upstream and downstream of the turbine.

- Intake  and  Exhaust  System:  contains  air  mass  flow  rate  and  exhaust  pressure, 
describing the intake – exhaust system behaviour.

The same input dataset used for the previously developed regression models was adopted 
for all neural network models. The dataset was split into training, validation, and test sets  
using a reproducible random partition. Both input variables and outputs were independently 
standardised based on training set statistics.

For  each  output  group,  a  dedicated  feedforward  neural  network  was  defined with  an 
architecture adapted to the complexity of the corresponding subsystem. 

The Performance group adopted a deeper network with larger hidden layers, reflecting the 
higher nonlinear complexity of combustion variables and the large number of variables to 
be estimated. The NOx and Thermal groups adopted a deep architecture to better capture 
the dependencies. Finally, the Air System group used a more compact network due to its  
simpler input-output relationship.

All  models  were  trained  using  the  Adam  optimizer.  The  training  procedure  was  kept 
consistent across all networks, with 500 epochs, a batch size of 32, and an initial learning  
rate  tuned  for  each  group.  A  validation  set  was  used  during  training  to  monitor 
generalization performance and prevent overfitting, while the test set was kept completely 
unseen and for final evaluation.

Model  performance was evaluated using the Root Mean Square Error (RMSE)  and the 
coefficient of determination (R2) for each output variable within each group. 
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7. Results Analysis

This  chapter  presents  and  discusses  the  results  obtained  from the  different  modelling 
models  described  in  the  previous  sections.  For  each  output  variable,  the  predictive 
performance  of  the  models  is  analysed  through  appropriate  statistical  indicators  and 
graphical comparisons between measured and predicted values. Particular attention was 
devoted to the evaluation of model accuracy and generalization capability.

The analysis aims to identify the most suitable modelling approach for each output category 
and to assess the advantages and limitations of each technique.

7.1  Brake Torque

7.1.1 Full Linear Model

As a first modelling approach, a linear regression model was developed to describe the 
relationship between the engine torque and a set of variables available to the Electronic 
Control  Unit  (ECU).  In  particular,  some actuator  signals  and parameters  related to the 
combustion were selected as input variables. The application of the linear model provided a 
useful starting point for evaluating the contribution of each control variables to torque 
generation and for obtaining have an initial interpretation of the physical phenomenon.

The linear regression model resulted in the coefficients reported in the following table.

Table 1: Regression coefficients of the full linear model for torque estimation

The coefficient associated with the fuel quantity was significantly larger than all the others, 
indicating the dominant role of this variable in determining the engine torque.
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Figure 1: Training and testing plots of the full linear model for torque estimation

The predictive performance of the model on both the training and test sets is summarized 
below.

RMSETRAIN RMSETEST R2

2.92  Nm 3.14  Nm 0.999

Table 2: Training and testing performance of the full linear model for torque estimation

These results highlight the excellent predictive capability of the model. The small difference 
between the training and test errors indicates that the model doesn’t exhibit overfitting and 
generalises well  to new data.  Although the linear model exhibited very high predictive 
performance,  it  was  important  to  assess  whether  the  input  variables  were  strongly 
correlated with one another. In general, if high correlation among the inputs is present, the 
model may have difficulty attributing the effect of each variable to the output and the 
estimated coefficients may become unstable.
The VIF analysis produced the following values for each input variable.

Input Variable VIF

Engine Speed 113.19

Exhaust Flap 18.74

Fuel Quantity 3.83

Pilot Quantity 10.64

SOI Main 60.20

Rail Pressure 10.58

VGT Position 18.82

EGR Valve 17.91

SOI Pilot 6.26

Table 3: VIF values of the full linear model inputs for torque estimation
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To assess the level of multicollinearity, the following commonly thresholds accepted in the 
literature were adopted:

 VIF < 5: no significant multicollinearity; 

 5 < VIF < 10: moderate multicollinearity; 

 VIF > 10: high multicollinearity.

The results showed that several variables exhibited very high VIF values, indicating strong 
mutual correlation among the input variables.

To  summarize,  the  full  linear  model  estimated  the  engine  torque  with  high  accuracy, 
achieving a coefficient of determination of 0.999. However, the multicollinearity analysis 
revealed  a  correlation  among  the  inputs,  limiting  the  physical  interpretability  of  the 
regression coefficients.

7.1.2 Reduced Linear Model

The  multicollinearity  analysis  revealed  a  strong  linear  dependence  among  the  input 
variables, as indicated by high VIF values. For this reason, a model was developed using as  
only the input variables considered physically relevant for engine torque estimation based 
on engineering knowledge of the system.

In particular, the following variables were selected:

1. Injected Fuel Quantity
The  variable  most  strongly  correlated  with  torque,  representing  the  energy 
introduced into the cylinder.

2. Rail Pressure
It influences the fuel atomization and air–fuel mixture quality, affecting combustion 
speed and the energy release rate.

3. Main Injection Timing
This  variable  determines  the  maximum in-cylinder  pressure  and influences  both 
engine efficiency and torque output.

4. EGR Valve
This  valve  controls  the  amount  of  recirculated  exhaust  gas,  modifying  oxygen 
concentration and therefore combustion temperature and reaction rates.

Engine speed was initially included in the set of input variables but later removed because  
the VIF values remained high.

VIFwith  engine  speed = {42.45    3.61    30.35    6.30    3.05 }

When engine speed was excluded, the VIF values indicated that multicollinearity had been 
mitigated.
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Input Variable VIF

Injected Fuel 3.37

SOI Main 3.17

Rail Pressure 4.37

EGR valve 1.66

Table 4: VIF values of the reduced linear model inputs for torque estimation

The reduced linear regression model resulted in the coefficients reported in the following 
table.

Table 5: Regression coefficients of the reduced linear model for torque estimation

The model achieved comparable prediction accuracy on both the training and test sets as 
confirmed by the RMSE values.

 
Figure 2: Training and testing plots of the reduced linear model for torque estimation

RMSETRAIN RMSETEST R2

4.82  Nm 5.46  Nm 0.999

Table 6: Training and testing performance of the reduced linear model for torque estimation
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To confirm the absence of multicollinearity in the reduced model, the condition number of 
the input matrix was analysed.

Since the input variables were standardized, this index represents a reliable measure of  
linear dependence among the explanatory variables.

The obtained value was:

κ = 4.43

As the condition number is significantly lower than the commonly accepted threshold in the 
literature (≈ 30), it can be concluded that no relevant multicollinearity issues were present 
among the set of variables.

Further confirmation was provided by the correlation matrix of the input variables.

Figure 3: Correlation matrix of the selected input variables for torque estimation  

The correlation matrix heatmap confirmed that no pair of variables exhibited correlations 
close to ±1, indicating the absence of strong linear dependencies among the inputs.

The residual analysis revealed no systematic patterns, confirming the adequacy of the linear 
model. Actually, the residuals were randomly distributed around zero with approximately 
constant variance. However, slight deviations were observed, suggesting the presence of 
outliers.
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Figure 4: Residual plots of the reduced linear model for torque estimation

7.1.3 Neural Network

The same dataset and input variables used for the reduced linear model were adopted to 
ensure a fair comparison. Input variables were standardized using training set statistics, 
while the output variable remains the engine torque. A nonlinear regression model was 
developed using a Fully Connected Feedforward Neural Network, also known as Multilayer 
Perceptron MLP. 

Figure 5: Neural network structure for torque estimation
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RMSETRAIN RMSETEST

1.71  Nm 2.55  Nm

Table 7: Training and testing RMSE of the neural network for torque estimation

These  results  indicated  that  the  neural  network  accurately  captured  the  nonlinear 
relationship between input variables and engine torque, achieving lower RMSE than linear 
models  previously  developed. The  small  difference  between  training  and  test  errors 
confirms good generalisation.

7.1.4 Model Comparison

The full linear model, which included the entire set of available ECU variables, showed good 
overall performance but exhibited multicollinearity and redundancy among inputs. For these 
reasons, the model coefficients were less stable and more difficult to interpret.

The reduced linear model achieved good predictive performance, with an RMSE only slightly 
worse than the full model. The reduced input set successfully mitigated multicollinearity.

The neural network significantly increased prediction accuracy, reducing the test RMSE. The 
big improvement suggested that the relationship between the selected ECU variables and 
engine torque was not purely linear.

In particular, combustion-related phenomena introduce nonlinear behaviours that cannot 
be fully captured by a linear model. Through its nonlinear activation functions, the neural 
network was able to learn these complex interactions and achieve more accurate torque 
predictions.

On  the  other  hand,  the  increased  predictive  capability  came  at  the  expense  of 
interpretability. While the coefficients of the linear model can be directly related to physical 
effects, the neural network behaves as a black box model whose internal parameters do not 
have a clear physical meaning.

Figure 6: Performance comparison between models for torque estimation
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7.2  IMEP

7.2.1 Full Linear Model

The modelling framework adopted for torque estimation was extended to the indicated 
mean effective pressure (IMEP),  using the same input variables. The coefficients of the 
resulting model are summarized below.

Table 8: Regression coefficients of the full linear model for IMEP estimation

The weight of the fuel quantity is significantly larger than the others, indicating its dominant 
contribution to the IMEP prediction. Actually, the fuel quantity directly influences the energy 
released per cycle and to the pressure inside the cylinder.

  

Figure 7: Training and testing plots of the full linear model for IMEP estimation

The predictive performance of the model on both the training and test sets is summarized 
below.

RMSETRAIN RMSETEST R2

0.14  ¿̄ 0.16  ¿̄ 0.999

Table 9: Training and testing performance of the full linear model for IMEP estimation
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The same observations  made for  torque  are  valid  here:  the  model  achieved excellent 
predictive performance but exhibited multicollinearity among the inputs, as indicated by the 
VIF values reported in the previous section.

7.2.2 Reduced Linear Model

A reduced model  was developed using as inputs only those input variables considered 
physically  relevant  for  the  estimation  of  the  IMEP  prediction,  based  on  engineering 
knowledge of the system.

The following variables were selected:

1. Injected Fuel Quantity
It is the most influential variable, as higher fuel quantity injected increases the energy 
released during combustion and consequently the IMEP.

2. Rail Pressure
It affects the injection conditions and fuel atomization, which has a relevant impact 
on the combustion efficiency and IMEP.

3. Main Injection Timing
It determines the combustion phasing and the location of the peak pressure within 
the cycle. A proper calibration maximizes the useful work produced.

4. EGR Valve
The EGR valve has a direct impact on IMEP, as it introduces exhaust gases into the 
intake charge, reducing the available oxygen and the combustion speed.

The VIF values indicated that the multicollinearity issue had been effectively mitigated.

Input Variable VIF

Injected Fuel 3.37

SOI Main 3.17

Rail Pressure 4.37

EGR valve 1.66

Table 10: VIF values of the reduced linear model inputs for IMEP estimation

The reduced linear  regression model  yielded the coefficients  reported in  the following 
table.
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Table 11: Regression coefficients of the reduced linear model for IMEP estimation

The model achieved comparable RMSE values on both the training and test datasets.

 
Figure 8: Training and testing plots of the reduced linear model for IMEP estimation

RMSETRAIN RMSETEST R2

0.21  ¿̄ 0.24  ¿̄ 0.999

Table 12: Training and testing performance of the reduced linear model for IMEP estimation

Since the same set of input variables was used for both torque and IMEP models,  the 
condition number and correlation matrix of the input were identical to those previously 
reported. Therefore, the multicollinearity assessment remains valid for this case.

The residual  plot  showed that  the dispersion  was  overall  contained within  a  range of 
approximately ± 0.4 bar. There were also some outliers, characterized by more pronounced 
deviations of up to approximately −0.6 and −0.7 bar.
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Figure 9: Residual plots of the reduced linear model for IMEP estimation

7.2.3 Neural Network

As it was done for the torque, a neural network model was developed for IMEP estimation.

Figure 10: Neural network structure for IMEP estimation
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The model performance was evaluated using the Root Mean Squared Error.

RMSETRAIN RMSETEST

0.10  ¿̄ 0.12  ¿̄

Table 13: Training and testing RMSE of the neural network for IMEP estimation

The neural network outperformed the linear models in prediction accuracy, demonstrating 
its capacity to capture the nonlinear dynamics governing IMEP.  Moreover, training and test 
errors indicated satisfactory generalization performance.

7.2.4 Model Comparison

Similarly  to  the torque estimation case,  the full  linear  model  achieved high prediction 
accuracy  for  IMEP  but  suffered  from multicollinearity,  limiting  the  interpretability  and 
stability of the estimated coefficients.

The reduced linear model demonstrated good predictive performance on the test set. 
Moreover, the reduced set of variables mitigated multicollinearity, obtaining stable 
coefficients that can be directly interpreted from a physical point of view.

The neural network significantly improved prediction accuracy compared to the linear 
regression model, reflecting its ability to capture nonlinear dependencies between the 
selected ECU variables and IMEP.

Figure 11: Performance comparison between models for IMEP estimation
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7.3  MFB50

7.3.1 Full Linear Model

As it was done for the previous output variables, a full linear model was first constructed.

Table 14: Regression coefficients of the full linear model for MFB50 estimation

Overall, the results showed that MFB50 is primarily driven by the injected fuel quantity and 
the main injection timing. The other variables considered instead play a secondary in the  
estimation of this output.

 
Figure 12: Training and testing plots of the full linear model for MFB50 estimation

RMSETRAIN RMSETEST R2

0.34  °CA 0.44  °CA 0.992

Table 15: Training and testing performance of the full linear model for MFB50 estimation
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The model achieved excellent predictive performance while generalising well to unseen 
data, as evidenced by the small gap between training and test errors and the absence of 
significant overfitting.

However, as seen before, the full linear model suffered from multicollinearity among the 
input variables. The VIF values were identical to those reported earlier, as the same set of 
regressors was used, and are omitted here for brevity.

7.3.2 Reduced Linear Model

Specifically for this output, the following variables were selected as inputs for the reduced 
linear regression model:

1. Injected Fuel Quantity
The  injected  fuel  quantity  influences  the  rate  of  the  combustion  process  and, 
consequently, the crank angle at which MFB50 is reached.

2. Rail Pressure
The rail pressure governs the fuel atomization and the air-fuel mixture, making it a 
key driver for the combustion.

3. Main Injection Timing
It is one of the most significant variables as it determines the onset of the main 
combustion event.

4. Pilot injection Timing
It mainly affects the pre-combustion phase and the ignition delay.

As an initial attempt, engine speed was also included in the set of input variables; however,  
the resulting VIF values remained high, indicating that significant redundancy among the 
predictors was still present.

VIFwith  engine  speed = {25.46    3.32    18.68    5.69    5.16 }

When engine speed was excluded from the set of input variables, the VIF values indicated 
that the multicollinearity issue had been effectively mitigated.

Only  the  main  injection timing  exhibited  a  VIF  value  slightly  above 5  but  this  did  not 
represent a critical concern, as the value remained relatively close to the threshold and all 
the other predictors showed acceptable VIF levels.

Input Variable VIF

Injected Fuel 3.24

SOI Main 5.56

Rail Pressure 4.50

SOI P1 4.69

Table 16: VIF values of the reduced linear model inputs for MFB50 estimation
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Based on these variables, the following reduced linear model was developed. 

Table 17: Regression coefficients of the reduced linear model for MFB50 estimation

Compared to the full  model,  the linear  one predicted the output  variable  with  higher 
errors.

 
Figure 13: Training and testing plots of the reduced linear model for MFB50 estimation

RMSETRAIN RMSETEST R2

0.62  °CA 0.78  °CA 0.973

Table 18: Training and testing performance of the reduced linear model for MFB50 estimation

The  correlation  matrix  showed  that  only  one  pair  of  variables  exhibited  a  correlation 
coefficient close to ±1, namely the start of injection timings of the main and pilot injections. 
The same correlation could  also be observed in  the VIF  values,  where these variables 
exhibited VIF values close to 5.

Nevertheless, the condition number of the input matrix, equal to 4.65, confirmed that this  
residual correlation did not constitute a critical multicollinearity issue.
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Figure 14: Correlation matrix of the selected input variables for MFB50 estimation

The residuals were randomly distributed around zero, with deviations confined within the 
range ±2 °CA.

Figure 15: Residual plots of the reduced linear model for MFB50 estimation

7.3.3 Quadratic Model

To capture simple nonlinearities in the system, a quadratic model was estimated using the 
same inputs as the reduced linear one. The objective was to enhance the model’s prediction 
capability by introducing nonlinear terms while maintaining the level of complexity low.

The model achieved satisfactory performance on the training set, with an RMSE of 0.43 °CA. 
indicating a good fit to the data. However, performance deteriorated significantly during the 
test phase, with an RMSE of 12.50 °CA. This sharp increase in the error clearly indicated the 
presence of overfitting, suggesting that the quadratic model was not appropriate for the 
MFB50. 
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Figure 16: Testing plot of the quadratic model for MFB50 estimation

7.3.4 Neural Network

Finally, a Fully Connected Feedforward Neural Network was built, whose architecture is 
illustrated in the figure below.

Figure 17: Neural network structure for MFB50 estimation

The model performance was evaluated using the Root Mean Squared Error (RMSE).

RMSETRAIN RMSETEST

0.14  °CA 0.28  °CA

Table 19: Training and testing RMSE of the neural network for MFB50 estimation
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The  neural  network  achieved  better  predictive  accuracy  than  the  linear  models,  
demonstrating  its  ability  to  capture  the  nonlinear  relationships  underlying  MFB50. 
Furthermore, the small gap between training and test errors indicates good generalization 
performance and no evidence of overfitting.

7.3.5 Model Comparison

Similarly  to  the torque estimation case,  the full  linear  model  achieved high prediction 
accuracy for MFB50 but suffered from multicollinearity among the input variables, limiting 
the interpretability and stability of the estimated coefficients.

The reduced linear model achieved good predictive performance, with an RMSE of 0.78 °CA 
on  the  test  dataset.  Furthermore,  the  reduced  set  of  variables  successfully  mitigated 
multicollinearity issues, resulting in stable coefficients that can be directly interpreted from 
a physical perspective.

Instead, the quadratic model was not suitable for the estimation of the MFB50 due to the  
poor performance on the test dataset and its overfit on the training set.

The  neural  network  significantly  improves  prediction  accuracy  compared  to  the  linear 
regression model. These nonlinearities are primarily associated with combustion-related 
phenomena, which cannot be fully captured by a linear modelling approach. By leveraging 
nonlinear activation functions in the hidden layer, the neural network is able to learn these 
complex interactions and provide more accurate MFB50 predictions.

However, this gain in predictive performance comes at the expense of interpretability. While 
the coefficients of the linear model can be directly associated with physical effects, the 
neural network operates as a black-box model, whose internal parameters do not have a  
straightforward physical interpretation.

Figure 18: Performance comparison between models for MFB50 estimation
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7.4  Peak Pressure

7.4.1 Full Linear Model

Table 20: Regression coefficients of the full linear model for peak pressure estimation

Looking at the coefficients of the full linear model, it was clear that the injected fuel quantity 
was by far the most influential variable on peak pressure. Rail pressure and main injection 
timing also played a significant role.

 
Figure 19: Training and testing plots of the full linear model for peak pressure estimation

RMSETRAIN RMSETEST R2

1.34  ¿̄ 1.76  ¿̄ 0.998

Table 21: Training and testing performance of the full linear model for peak pressure estimation

The same considerations  made for  the  other  full  linear  models  apply  here  as  well.  In 
particular,  a  further  variable  selection step is  needed to  improve the reliability  of  the 
regression coefficients.
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7.4.2 Reduced Linear Model

Three input variables were selected to predict peak cylinder pressure, explaining for most of 
the output variability:

1. Injected Fuel Quantity
It has a direct influence on the pressure reached in the combustion chamber of the 
engine.

2. Rail Pressure
It governs the fuel atomization and the efficiency of the combustion process.

3. Main Injection Timing
It strongly influences the rate of heat release and the resulting peak pressure in the 
cylinder.

The corresponding VIF values suggested that these three variables were suitable for building 
the reduced model.

Input Variable VIF

Injected Fuel 2.92

SOI Main 3.16

Rail Pressure 4.33

Table 22: VIF values of the reduced linear model inputs for peak pressure estimation

The calculated coefficients of the reduced linear regression model are reported below.

Table 23: Regression coefficients of the reduced linear model for peak pressure estimation

The predicted values on the test set closely follow the experimental ones, confirming the 
good predictive capability of the model.



35

 
Figure 20: Training and testing plots of the reduced linear model for peak pressure estimation

RMSETRAIN RMSETEST R2

2.25  ¿̄ 3.54  ¿̄ 0.993

Table 24: Training and testing performance of the reduced linear model for peak pressure estimation

The condition number of 3.93 and the correlation matrix analysis confirmed that the input 
variables were sufficiently independent of each other.

Figure 21: Correlation matrix of the selected input variables for peak pressure estimation

The residual  plot  revealed  that  the  residuals  were  not  randomly  distributed.  A  higher 
dispersion was observed in the central region, roughly between 90 and 120 bar, suggesting 
heteroscedasticity and possible non-linear effects not fully captured by the model.
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Figure 22: Residual plots of the reduced linear model for peak pressure estimation

7.4.3 Neural Network

A fully connected feedforward neural network was then trained to capture the nonlinear 
behaviour of the peak pressure.

Figure 23: Neural network structure for peak pressure estimation
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RMSETRAIN RMSETEST

0.85  ¿̄ 0.90  ¿̄

Table 25: Training and testing RMSE of the neural network for peak pressure estimation

The improvement achieved with the neural network over the linear models is especially 
evident when compared to the reduced linear model. The linear fit was already quite good, 
yet the neural network managed to capture the residual nonlinear relationships that the 
linear model had failed to account for.

7.4.4 Model Comparison

As in the torque case, the linear model already provided excellent peak pressure estimates. 
However, the neural network managed to push accuracy beyond the full linear model while 
avoiding multicollinearity, since it was trained on the reduced set of variables.

The reduced linear model represents a good trade-off between coefficient interpretability 
and predictive performance. Instead, the neural network is the best option when the focus 
is the prediction accuracy.

Figure 24: Performance comparison between models for peak pressure estimation
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7.5  NOx Emissions (g/kWh)
As mentioned in the introduction, only for NOx emissions, two additional input variables 
were included in the model in order to better capture the NOx variability:

- Lambda, which is a measure of the air–fuel ratio that indicates whether the mixture 
is rich, stoichiometric, or lean;

- EGR/lambda, which captures the combined effect of exhaust gas recirculation and 
air–fuel ratio.

This choice was motivated by the strong influence of both the air-fuel mixture and exhaust 
gas recirculation on NOx formation.

7.5.1 Full Linear Model

Table 26: Regression coefficients of the full linear model for NOx g/kWh estimation

The linear regression analysis indicates that the NOx emissions were highly correlated with 
the lambda variable and the EGR as it was expected.

 
Figure 25: Training and testing plots of the full linear model for NOx g/kWh estimation
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RMSETRAIN RMSETEST R2

0.73  g / kWh 0.65  g / kWh 0.846

Table 27: Training and testing performance of the full linear model for NOx g/kWh estimation

The plots showed that part of the variability was not captured by the model, since the R2 
coefficient was not so high, and the RMSE error could be improved.

7.5.2 Reduced Linear Model

NOx formation in diesel engines is mainly driven by combustion temperature and oxygen 
availability. With this in mind, the following variables were selected:

1. Fuel Quantity
This  variable  directly  affects  the  amount  of  energy  released  in  the  combustion 
chamber and therefore the gas temperatures.

2. Main Injection Timing
The injection advance governs the peak in-cylinder temperature, influencing NOx 
formation.

3. EGR Valve
EGR affects the combustion temperature and the available oxygen concentration in 
the intake charge.

4. Lambda
It directly determines oxygen availability during combustion.

In a fist moment,  the EGR/Lambda ratio was also included among the candidate input 
variables for the model. However, this variable was then excluded from the final model 
because it slightly worsened the RMSE and significantly increased the Variance Inflation 
Factor (VIF).

Table 28: Regression coefficients of the reduced linear model for NOx g/kWh estimation

The reduced model achieved similar results to the full one while using significantly fewer 
variables, though some margin for improvement remained.
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Figure 26: Training and testing plots of the reduced linear model for NOx g/kWh estimation

RMSETRAIN RMSETEST R2

0.79  g / kWh 0.69  g / kWh 0.819

Table 29: Training and testing performance of the reduced linear model for NOx g/kWh estimation

The condition number of the input matrix was below 30, confirming that multicollinearity 
was successfully mitigated. The correlation matrix between the input variables further 
supported this conclusion.

Figure 27: Correlation matrix of the selected input variables for NOx g/kWh estimation

From the residuals plot, few outliers with particularly large prediction errors were observed 
at  high NOx levels,  indicating that  the model  was less  accurate under these operating 
conditions.



41

Figure 28: Residual plots of the reduced linear model for NOx g/kWh estimation

7.5.3 Quadratic Model

The quadratic model was explored with the aim of improving the overall RMSE and better 
capturing NOx emissions at high values.

Table 30: Regression coefficients of the quadratic model for NOx g/kWh estimation

The model included all the linear and quadratic terms of the explanatory variables and some 
of the interactions. The remaining terms were excluded from the final model because they 
were not statistically significant according to the stepwise selection.



42

 
Figure 29: Training and testing plots of the quadratic model for NOx g/kWh estimation

RMSETRAIN RMSETEST R2

0.50  g / kWh 0.52  g / kWh 0.929

Table 31: Training and testing performance of the quadratic model for NOx g/kWh estimation

Overall,  the  inclusion  of  quadratic  and  mixed  terms  allowed  a  substantially  improved 
representation of the system behaviour compared with the linear model, while maintaining 
a relatively simple model structure.

7.5.4 Power Law Model

In this approach, NOx is expressed as the product of a multiplicative constant and the input  
variables raised to parametric exponents to be determined. 

The MATLAB function requires an initial parameter vector to perform the regression. Each 
coefficient was initialized based on prior knowledge of the influence that each input variable 
has on the output.

Coefficient Initial  Value Input  Variable

β0 1 Scaling  Factor

β1 1 q fuel

β2 1 ϕ  SOI  Main

β3 -1 EGR  valve

β4 1 Lambda

Table 32: Initial parameter values of the power law model for NOx g/kWh estimation
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Figure 30: Training and testing plots of the power law model for NOx g/kWh estimation

The power law model performed poorly on both training and test sets, struggling to learn 
the input-output relationship even during training. Moreover, the RMSE value on the test 
set was higher than that obtained with the quadratic model, suggesting that the latter was 
more effective for this application.

RMSETRAIN RMSETEST

0.922  g / kWh 0.755  g / kWh

Table 33: Training and testing RMSE of the power law model for NOx g/kWh estimation
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7.5.5 Neural Network

The Neural Network in the image below was created to better approximate the strongly 
nonlinear relationship governing NOx formation.

Figure 31: Neural network structure for NOx g/kWh estimation

RMSETRAIN RMSETEST

0.15  g / kWh 0.32  g / kWh

Table 34: Training and testing RMSE of the neural network for NOx g/kWh estimation

Deeper networks could be explored, though the risk of overfitting would increase, given that 
even with the current architecture the test error was roughly twice the training error.
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7.5.6 Model Comparison

The results  showed a clear improvement moving from linear to nonlinear models.  The 
Quadratic Model showed better performance compared to the linear models.

On the contrary, Power Law Model exhibited higher errors in both the training and test sets 
suggesting that its form was not well suited for this output estimation.

The Neural Network achieves the lowest training and testing errors demonstrating its good 
ability to learn the nonlinearities of the NOx emissions formation.

Figure 32: Performance comparison between models for NOx g/kWh estimation
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7.6  NOx Emissions (ppm)
NOx concentration (ppm) model was developed using the same additional inputs adopted 
for NOx emissions (g/kWh), namely lambda and EGR/lambda. 

7.6.1 Full Linear Model

Linear regression coefficients obtained considering all the input variables are reported in the 
following table.

Table 35: Regression coefficients of the full linear model for NOx ppm estimation

The linear regression analysis indicates that the NOx emissions are highly correlated with 
the lambda variable and the ratio EGR/lambda. 

 
Figure 33: Training and testing plots of the full linear model for NOx ppm estimation

RMSETRAIN RMSETEST R2

43.19  ppm 64.51  ppm 0.955

Table 36: Training and testing performance of the full linear model for NOx ppm estimation
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Compared to the NOx emissions case in g/kWh, the linear model appeared to capture the 
NOx concentration in ppm reasonably well, with an R2  higher than 0.95.

7.6.2 Reduced Linear Model

For NOx concentration in ppm, EGR/lambda was used as input variable instead of EGR valve 
because it captures the combined effect of EGR and air-fuel ratio. The set is composed as 
follows:

1. Fuel Quantity
2. Main Injection Timing
3. Lambda
4. EGR/lambda

In a fist moment, the EGR was also included among the candidate input variables for the 
model. However, this variable was then excluded from the final model because it increased 
the Variance Inflation Factor (VIF) and the RMSE was worse than considering Lambda and 
EGR/lambda.

The reduced regression model is reported below.

Table 37: Regression coefficients of the reduced linear model for NOx ppm estimation

 
Figure 34: Training and testing plots of the reduced linear model for NOx ppm estimation
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RMSETRAIN RMSETEST R2

62.30  ppm 73.28  ppm 0.906

Table 38: Training and testing performance of the reduced linear model for NOx ppm estimation

Variable selection resolved the multicollinearity issue, as confirmed by the condition 
number and the correlation matrix, though at the cost of some accuracy.

κ = 4.10

Figure 35: Correlation matrix of the selected input variables for NOx ppm estimation

The residuals were not symmetrically distributed around zero and their spread increased at 
higher fitted values, indicating heteroscedasticity. Several outliers with large residuals were 
also present.

Figure 36: Residual plots of the reduced linear model for NOx ppm estimation
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7.6.3 Quadratic Model

A quadratic model was built  using the same variables as the reduced linear model,  to 
improve the input-output relationship adding simple nonlinear relations.

Table 39: Regression coefficients of the quadratic model for NOx ppm estimation

Model included all the linear terms of the explanatory variables, some selected interaction 
and quadratic contributions.  The remaining terms were excluded from the final  model 
because they were not statistically significant according to the stepwise function.

The model performance was evaluated on the training and test datasets.

 
Figure 37: Training and test plots of the quadratic model for NOx ppm estimation

RMSETRAIN RMSETEST R2

39.75  ppm 56.94  ppm 0.962

Table 40: Training and testing performance of the quadratic model for NOx ppm estimation
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Overall, the quadratic model captured the system behaviour significantly better than the 
linear model on the training set, while keeping a relatively simple structure. However, the 
improvement on the test set was less pronounced, suggesting that there was still space for 
enhancement.

7.6.4 Power Law Model

Following the same approach used for NOx emissions in g/kWh, the initial parameter values 
were set before optimization.

Coefficient Initial  Value Input  Variable

β0 1 Scaling  Factor

β1 1 q fuel

β2 1 ϕ  SOI  Main

β3 1 Lambda

β4 -1 EGR / Lambda

Table 41: Initial parameter values of the power law model for NOx ppm estimation

Figure 38: Testing plot of the power law model for NOx ppm estimation

The results obtained on the test set indicated that the Power Law model was not suitable 
for correctly simulating the output. In particular, the model showed clear signs of overfitting, 
as highlighted by the high test RMSE.

RMSETRAIN RMSETEST

56.90  ppm 269.08  ppm

Table 42: Training and testing RMSE of the power law model for NOx ppm estimation
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7.6.5 Neural Network

A fully connected feedforward neural network was developed to improve on the accuracy 
of the previous regression models

Figure 39: Neural network structure for NOx ppm estimation

The model performance was evaluated using the Root Mean Squared Error (RMSE).

RMSETRAIN RMSETEST

17.56  ppm 29.76  ppm

Table 43: Training and testing RMSE of the neural network for NOx ppm estimation

The neural network outperformed all previous models, both linear and nonlinear, on training 
and test sets, confirming its ability to capture the complex relationships governing NOx 
emissions.
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7.6.6 Model Comparison

Looking at the model performance comparison, a decreasing trend in the error was observed 
moving from linear to nonlinear models, except for the power law model, which performed 
poorly  on  the  test  set.  The  high  test  RMSE  suggested  either  coefficient  instability  or 
overfitting, confirming that it was not suitable for the data. The quadratic model showed 
intermediate  performance,  though  the  test  error  remained  relatively  high.  The  neural 
network achieved the lowest errors on both sets, outperforming all other approaches.

Figure 40: Performance comparison between models for NOx ppm estimation
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7.7  Exhaust Temperature Before Turbine

7.7.1 Full Linear Model

The following table reports the regression coefficients of the full linear model. The additional 
input  variables  considered  for  the  NOx  emissions,  for  this  output  estimation  were 
neglected.

Table 44: Regression coefficients of the full linear model for temperature before turbine estimation

Among all input variables, the injected fuel quantity showed the strongest influence on the 
temperature, followed by rail pressure and EGR valve.

 
Figure 41: Training and testing plots of the full linear model for temperature before turbine estimation

The predictive performance of the model on the training and test sets is reported below.

RMSETRAIN RMSETEST R2

10.99  K 16.63  K 0.994

Table 45: Training and testing performance of the full linear model
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Since the test error was quite close to the training one, overfitting was not a concern. 
However, the multicollinearity problem among the input variables needed to be solved.

7.7.2 Reduced Linear Model

The variables selected based on physical relevance for predicting temperature before the 
turbine were the following:

1. Injected Fuel Quantity
Exhaust temperature is strongly correlated with the heat released during combustion 
and therefore with the injected fuel quantity.

2. Rail Pressure
Higher rail pressure improves fuel atomization and air-fuel mixing, promoting faster 
and more complete combustion.

3. Main Injection Timing
It strongly influences the rate of heat release and the resulting temperature at the 
exhaust.

4. EGR Valve
Since the EGR introduces gases that contain less oxygen, it dilutes the fresh charge 
and reduces the peak combustion temperature.

The selected variables were the same as those used for other outputs analysed previously,  
so the absence of multicollinearity was already guaranteed.

Table 46: Regression coefficients of the reduced linear model for temperature before turbine estimation

The obtained model was then evaluated on the test set, and the results were comparable to 
the training ones.
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Figure 42: Training and testing plots of the reduced linear model for temperature before turbine estimation

RMSETRAIN RMSETEST R2

12.77  K 18.09  K 0.992

Table 47: Training and testing performance of the reduced linear model for temperature before turbine estimation

The residual analysis showed a slight inverted “U-shaped” pattern. There were positive 
residuals at intermediate values in the range 700–800 K and negative residuals at 
temperatures higher than 850 K. It was also visible an outlier for a temperature around 
880 K that had a high prediction error of 60 K.

Figure 43: Residual plots of the reduced linear model for temperature before turbine estimation
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7.7.3 Neural Network

Since the linear model already provided excellent results, a shallow neural network with few 
neurons was developed, as the relationship was expected to be not so complex.

Figure 44: Neural network structure for temperature before turbine estimation

The RMSE metric was used to assess the model prediction ability.

RMSETRAIN RMSETEST

10.48  K 12.27  K

Table 48: Training and testing RMSE of the neural network for temperature before turbine estimation

The nonlinearity introduced by the neural network further improved prediction accuracy,  
and the small gap between training and test errors confirmed good generalization.
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7.7.4 Model Comparison

Despite its simplicity, the reduced linear model achieved good accuracy on the test set. The 
neural network further improved the results, with only a slight improvement in training error 
but a 30% reduction in test RMSE compared to the linear model

Figure 45: Performance comparison between models for temperature before turbine estimation
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7.8  Exhaust Temperature After Turbine

7.8.1 Full Linear Model

Table 49: Regression coefficients of the full linear model for temperature after turbine estimation

From the table it is possible to assess that the temperature after the turbine is influenced 
mostly by the same variables considered for the temperature before the turbine.

 
Figure 46: Training and testing plot of the full linear model for temperature after turbine estimation

RMSETRAIN RMSETEST R2

11.47  °C 15.39  °C 0.990

Table 50: Training and testing performance of the full linear model for temperature after turbine estimation

These results show the excellent predictive capability of the model.

The model achieves strong generalization performance on unseen test  data with small 
evidence of overfitting. Nevertheless, the correlation analysis highlights multicollinearity 
among the inputs that must be mitigated.
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7.8.2 Reduced Linear Model

The  physically  significant  variables  for  predicting  this  output  were  the  same  as  those 
selected for the temperature before the turbine. This choice was made because the turbine 
does not  introduce independent  thermal  dynamics,  it  mainly  extracts  energy from the 
exhaust flow.

1. Injected Fuel Quantity
2. Rail Pressure
3. Main Injection Timing
4. EGR Valve

Also, the considerations about the VIF coefficients done for the previous analysis are valid in 
this case. To be clear, the selection of these variables eliminates the multicollinearity issue.

The reduced regression model is reported below.

Table 51: Regression coefficients of the reduced linear model for temperature after turbine estimation

The fitting of the train and test data are displayed in the images below.

 
Figure 47: Training and testing plots of the reduced linear model for temperature after turbine estimation

RMSETRAIN RMSETEST R2
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14.63  °C 19.11  °C 0.983

Table 52: Training and testing performance of the reduced linear model for temperature after turbine estimation

The residuals didn’t appear completely random but instead showed an oscillating pattern 
with alternating negative and positive values. This behaviour suggested the presence of a 
non-linear component that was not captured by the linear model.

In addition, some outliers are present, as certain points around 400°C - 450°C exhibited 
significantly larger residuals compared to the rest of the dataset.

Figure 48: Residual plots of the reduced linear model for temperature after turbine estimation

7.8.3 Quadratic Model

A model was built using the same variables as the reduced linear model to assess if the 
quadratic contribution could model better the input-output relation. The objective was to 
enhance  the  model’s  descriptive  capability  by  introducing  nonlinear  terms,  while 
maintaining an acceptable level of complexity.
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Table 53: Regression coefficients of the quadratic model for temperature after turbine estimation

The final form of the quadratic model obtained through the stepwise selection procedure 
included all  the linear contributions,  some of the interactions and the quadratic terms 
associated with fuel quantity and the main injection timing. 

The fitting on the train and test set is illustrated in these two plots. 

Figure 49: Training and testing plots of the quadratic model for temperature after turbine estimation

RMSETRAIN RMSETEST R2

7.42  °C 10.39  °C 0.996

Table 54: Training and testing performance of the quadratic model for temperature after turbine estimation

Overall, the inclusion of quadratic and mixed terms allowed a substantially improvement in 
the system representation compared to the linear model.
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7.8.4 Neural Network

Figure 50: Neural network structure for temperature after turbine estimation

The model performance was evaluated using the Root Mean Squared Error (RMSE):

RMSETRAIN RMSETEST

10.91  °C 13.67  °C

Table 55: Training and testing RMSE of the neural network for temperature after turbine estimation

The system relationship may be sufficiently simple to be well approximated by a quadratic 
model. In this case, the use of a neural network did not provide any benefit.

7.8.5 Model Comparison

The dominant nonlinearities of the process were effectively captured through quadratic and 
interaction terms, without requiring the additional complexity of a neural network. The 
linear model instead performed worse both compared the quadratic model and the neural 
network.

A more sophisticated neural network architecture could reduce the prediction error on train 
set, but it would increase the risk of overfitting. 
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Figure 51: Performance comparison between models for temperature after turbine estimation
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7.9  Air Flow Rate

7.9.1 Full Linear Model

For this specific output, it was decided to introduce the intake manifold pressure as input 
variable to better estimate the air flow rate.

Table 56: Regression coefficients of the full linear model for air flow rate estimation

The linear regression analysis indicated that engine speed and intake manifold absolute 
pressure are the most influential predictors for air mass flow. This is consistent with engine 
physics.

Figure 52: Training and testing plots of the full linear model for air flow rate estimation

RMSETRAIN RMSETEST R2

7.82  kg / h 10.09  kg / h 0.997

Table 57: Training and testing performance of the full linear model for air flow rate estimation



65

These  results  showed the  strong  predictive  capability  of  the  model.  Nevertheless,  the 
correlation analysis highlighted multicollinearity among the inputs that must be reduced.

7.9.2 Reduced Linear Model

The physically significant variables for predicting the air flow rate were:

1. Engine Speed: 
The engine speed influences the number of intake cycles per unit time, changing the 
amount of air drawn into the cylinders.

2. VGT position
It regulates the turbocharger boost pressure, thereby strongly affecting the intake air 
density and, ultimately, the intake air mass flow rate.

3. EGR Valve
Exhaust Gas Recirculation reduces fresh air fraction in the intake charge.

4. Intake Manifold Pressure
Higher values of intake pressure increase intake manifold air density and the mass.

The  selection  of  these  variables  mitigated  the  multicollinearity  issue,  even  if  a  small  
information redundancy was present because some VIF values were over 5. The results of 
the regression procedure are presented below.

Table 58: Regression coefficients of the reduced linear model for air flow rate estimation

 
Figure 53: Training and testing plots of the reduced model for air flow rate estimation
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RMSETRAIN RMSETEST R2

16.31  kg / h 18.18  kg / h 0.987

Table 59: Training and testing performance of the reduced model for air flow rate estimation

The analysis of the correlation matrix made possible to identify the pairs of variables 
responsible for VIF values exceeding 5. In particular, x1 and x2 which are the engine speed 
and the VGT had a high absolute correlation. 

However, the condition number was equal to 5.69 confirming the mitigation of the 
information redundancy in the input variables.

Figure 54: Correlation matrix of the selected input variables for air flow rate estimation

The residual plot showed a clear fan-shaped pattern: for low predicted values, the residuals 
were relatively  small  and concentrated,  then spread progressively  as  prediction values 
increase. This indicated that the model suffered from heteroscedasticity.

Figure 55: Residual plots of the reduced linear model for air flow rate estimation
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7.9.3 Quadratic Model

With  the  aim  to  improve  prediction  accuracy,  particularly  at  high  values,  and  reduce 
heteroscedasticity, a quadratic model was adopted.

Table 60: Regression coefficients of the quadratic model for air flow rate estimation

The quadratic model included all the linear terms of the four explanatory variables, some of 
the interaction terms and only one quadratic term. The remaining terms were considered 
statistically non relevant.

 
Figure 56: Training and testing plots of the quadratic model for air flow rate estimation

RMSETRAIN RMSETEST R2

2.44  kg / h 3.07  kg / h 1

Table 61: Training and testing performance of the quadratic model for air flow rate estimation

The inclusion of quadratic and interaction terms yielded an R2  of 1, indicating that the model 
explained all the variability of the output.
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7.9.4 Neural Network

Despite the quadratic model perfectly capturing the output behaviour, a neural network was 
nonetheless developed. 

Figure 57: Neural network structure for air flow rate estimation

RMSETRAIN RMSETEST

1.18  kg / h 2.28  kg / h

Table 62: Training and testing RMSE of the neural network for air flow rate estimation

The test RMSE of the neural network was only marginally lower than that of the quadratic 
model.  The  quadratic  model,  however,  retained  the  physical  interpretability  of  its 
coefficients  and  required  far  less  complexity.  Actually,  the  neural  network  result  was 
obtained with 64 neurons in the hidden layer.
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7.9.5 Model Comparison

The results comparison showed a progressive improvement from the linear models to the 
nonlinear approaches. From the reduced linear model to the quadratic one, the test RMSE 
dropped significantly. The neural network result showed that further improvement from the 
quadratic model was difficult, and the output was almost already explained. 

Figure 58: Performance comparison between models for air flow rate estimation
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7.10  Exhaust Pressure

7.10.1 Full Linear Model

Linear regression coefficients obtained considering all the input variables are reported in the 
following table.

Table 63: Regression coefficients of the full linear model for exhaust pressure estimation

The linear regression analysis indicated that injected fuel quantity and the rail pressure were 
the most influential predictors for exhaust pressure. 

 
Figure 59: Training and testing plots of the full linear model for exhaust pressure estimation

The predictive performance of  the model  on the training  and test  sets  is  summarized 
below.

RMSETRAIN RMSETEST R2

38.40  mbar 41.21  mbar 0.994

Table 64: Training and testing performance of the full linear model for exhaust pressure estimation
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The  model  achieves  strong  generalization  performance  on  unseen  test  data  with  no 
overfitting. Nevertheless, the multicollinearity problem was present in the input.

7.10.2 Reduced Linear Model

The physically significant variables for predicting the exhaust pressure were:

1. Engine Speed: 
The engine speed influences the number of intake cycles per unit time, which can 
affect the exhaust pressure.

2. Exhaust flap
The more the flap is closed, the greater the restriction to the flow and therefore the 
higher the pressure upstream of the valve.

3. Quantity of fuel
An increase in the amount of injected fuel leads to an increase in the temperature of 
the combustion gases, which tends to increase the exhaust pressure.

4. VGT position
The VGT regulates the flow area of the exhaust gases through the turbine. By reducing 
the  effective  flow  area,  the  resistance  to  gas  flow  increases,  leading  to  higher 
backpressure  upstream of  the  turbine  and  consequently  an  increase  in  exhaust 
pressure.

The  selection  of  these  variables  mitigated  the  multicollinearity  issue,  even  if  a  small  
information redundancy was still present highlighted by some VIF values over 5.

Table 65: Regression coefficients of the reduced linear model for exhaust pressure estimation
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Figure 60: Training and testing plots of the reduced model for exhaust pressure estimation

RMSETRAIN RMSETEST R2

102.72  mbar 94.21  mbar 0.959

Table 66: Training and testing performance of the reduced model for exhaust pressure estimation

The multicollinearity  detected in the correlation analysis  was driven by the correlation 
between x2, engine speed, and x4, VGT position. However, the condition number indicated 
that the issue was marginal and did not compromise model stability.

Figure 61: Correlation matrix of the selected input variables for exhaust pressure estimation

The residuals are not randomly distributed around zero, but instead showed a clear U-
shaped pattern, which suggested potential non-linearity in the model.

In particular, the model underestimated at the high fitted values and overestimated in the 
intermediate region.

In addition, an increase in the variance of the residuals was observed as the fitted values  
increase, suggesting possible heteroscedasticity.



73

Figure 62: Residual plots of the reduced linear model for exhaust pressure estimation

7.10.3 Quadratic Model

A model was built using the same variables as the reduced linear model to assess if the 
quadratic contribution could capture better the input-output relation with a low complexity 
level.

Table 67: Regression coefficients of the quadratic model for exhaust pressure estimation

For this output, the stepwise procedure retained almost all of the regressor terms, as can be 
seen from the number of regression coefficients.
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Figure 63: Training and testing plots of the quadratic model for exhaust pressure estimation

RMSETRAIN RMSETEST R2

16.18  mbar 22.38  mbar 0.999

Table 68: Training and testing performance of the quadratic model for exhaust pressure estimation

Overall,  the  inclusion  of  quadratic  and  mixed  terms  led  to  a  substantially  improved 
representation of the system compared to the linear models, while maintaining a relatively 
simple structure.

7.10.4 Neural Network

Figure 64: Neural network structure for exhaust pressure estimation
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RMSETRAIN RMSETEST

4.73  mbar 16.60  mbar

Table 69: Training and testing RMSE of the neural network for exhaust pressure estimation

The model fitted the training data very well, but the error increased significantly on unseen 
data. The gap between training and test RMSE suggested overfitting. However, the neural 
network achieved the lowest test RMSE, outperforming even the quadratic model.

7.10.5 Model Comparison

The results show a progressive improvement from the linear models to the more advanced 
nonlinear approaches. Actually, the dominant nonlinearities of the system were captured 
very well by the quadratic model and the neural network.  The Neural Network achieves the 
lowest training error, but shows a more pronounced increase in test error, indicating a 
tendency toward overfitting.

Figure 65: Performance comparison between models for exhaust pressure estimation



76

7.11 Multioutput Neural Network
This section presents the results of four neural networks, each trained to estimate a specific 
group of output variables. The networks differ in terms of architecture and learning rate,  
which  were  selected  according  to  the  characteristics  of  the  variables  being  modelled. 
Instead, the number of epochs and the batch size were kept constant across all networks.

The table below summarizes the main characteristics of the neural networks.

Table 70: Overview of the multioutput neural network architectures
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7.11.1 Performance Group

The figure below shows the training and validation loss curves. The two curves remained 
close,  and both  decreased in  a  steady  way throughout  training.  There was no sign  of 
overfitting, indicating good generalisation.  

Figure 66: Training and validation curves of the performance group NN

The table shows a comparison between a neural network trained separately for each output 
(NN) and a multi-output approach (Group NN). 

Table 71: Comparison between single-output and multi-output neural networks for the performance group

The Group NN achieved performance comparable to the individual networks, showing both 
improvements and slight degradations depending on the analysed output. In particular, a 
significant  improvement  was  observed  in  the  estimation  of  MFB50,  and  a  slight 
improvement was also observed for  IMEP,  suggesting that  the group modelling of  the 
targets was beneficial for their estimation. On the other hand, for torque and peak pressure, 
a slight increase in the mean squared error was observed, indicating choosing a multi output 
approach led to a trade-off between the different outputs.

Overall, the multi-output model was able to reach a performance comparable to that of 
specialized networks. The training phase was more computationally demanding due to the 
increased network complexity; however, during inference the multi-output model reduced 
computation time by estimating all four outputs simultaneously in a single pass.
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7.11.2 NOx Group

The training phase is shown in the figure below. It can be observed that there is a saturation 
of the validation RMSE indicating that no further improvement was possible. 

Figure 67: Training and validation curves of the NOx group NN

Table 72: Comparison between single-output and multi-output neural networks for the NOx group

For both representations of NOx, a significant increase in the mean squared error was 
observed,  equal  to  approximately  +21.9%  and  +48.4%  compared  to  the  single  neural 
network, respectively.

These results indicated that, for NOx emissions, the multi-output strategy was not able to 
effectively minimize simultaneously both targets and instead introduced a performance 
trade-off.

The Group NN is more efficient during inference compared to using multiple separate neural 
networks,  as  it  allows  all  outputs  to  be  obtained  through  a  single  forward  pass.  This  
advantage is particularly relevant in real-time applications, where response time is a critical 
constraint. 
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7.11.3 Thermal Group 

As in the other cases, training was successful, with both loss functions decreasing during the 
training process.

Figure 68: Training and validation curves of the thermal group NN

Table 73: Comparison between single-output and multi-output neural networks for the thermal group

In both cases, the use of the Group NN led to a significant reduction in the mean squared 
error compared to the single neural networks for both output targets.

In particular, a reduction in error of more than 50% was observed for both outputs. This  
highlights how group modelling of the target allows an improvement in the prediction of 
physically correlated variables.
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7.11.4 Intake and Exhaust System Group

The training phase is shown in the figure below. 

Figure 69: Training and validation curves of the intake-exhaust group NN

Table 74: Comparison between single-output and multi-output neural networks for the intake-exhaust group

A significant  deterioration in  performance was observed for  the air  flow rate,  with  an 
increase in the mean squared error of more than 100%, indicating grouping strategy was not 
beneficial. On the other hand, a slight improvement was observed for the exhaust pressure 
compared to the single neural network.

Overall, these results suggest that the multi-output strategy is not always advantageous and 
that its effectiveness depends on the degree of correlation between the considered output 
variables and on the complexity of the physical phenomena being modelled.
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8. Conclusions

This thesis investigated different data-driven modelling approaches for the prediction of key 
engine performance, thermal, intake-exhaust, and emission variables using experimental 
data from a diesel engine test bench.

Overall, the results of this work demonstrate that data-driven models are effective tools for 
approximating complex engine behaviour. 

Linear  models  are  able  to  capture  general  trends  for  some outputs,  but  they  are  not 
sufficient to fully describe the complex nonlinear behaviour of engine-related phenomena. 
In particular, their predictive accuracy was limited for strongly nonlinear variables, and their 
performance  degraded  when  complex  interactions  between  inputs  and  outputs  were 
present.

Quadratic models allowed to capture nonlinear dependencies and interaction effects among 
variables,  leading  to  better  predictive  performance  compared  to  linear  regression, 
particularly for variables having simple nonlinearities.

Despite these improvements, the quadratic model still showed limitations when dealing 
with  highly  complex  phenomena,  where  higher-order  nonlinearities  and  dynamic 
interactions could not be fully represented.

For NOx emissions specifically, a power-law model was also developed in order to better 
represent the pollutant formation mechanisms. However, the model showed low prediction 
accuracy and poor generalization capability and was therefore considered not suitable for 
this application.

Neural  networks  significantly  improved  predictive  performance  compared  to  classical 
regression  techniques,  demonstrating  their  ability  to  capture  complex  nonlinear 
relationships without requiring explicit functional assumptions.

Multi-output  neural  network  architectures  (Group  NN)  were  introduced  to  exploit 
correlations between physically related outputs.

Results  showed  that  the  multi-output  approach  was  particularly  effective  for  strongly 
correlated variables, such as thermodynamic and combustion indicators, where significant 
error reductions were achieved.

However, for some variables, such as NOx emissions and air mass flow rate, this strategy 
didn’t work.

The table below reports a qualitative comparison among the models developed in this work 
in terms of model complexity and accuracy.

Model Complexity Accuracy
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Linear Regression Low Low–Medium

Quadratic Regression Low–Medium Medium

Power-Law Model Medium Low

Single-output NN High High

Multi-output NN High High 

Table 75: Overall comparison of the predictive models
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