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Yingtian Huang and Chuyi Jiang
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract

In modern heavy-duty vehicles, measuring fuel consumption relies on advanced flow
meters, which are expensive and challenging to install. Volvo Group currently em-
ploys an empirical calculation model based on predefined coefficients, but this thesis
explores the potential of replacing the flow meter with machine learning models.
The primary objective is to develop predictive models that outperform the existing
baseline. To this end, Multi-Layer Perceptron (MLP), Long Short-Term Memory
(LSTM), and Transformer architectures are evaluated to determine the most suit-
able model for this scenario, while the impact of incorporating Physics-informed
Neural Networks (PINNs) on prediction performance is also investigated. Using
historical field test data, six models were trained and evaluated. All trained models
demonstrated superior performance compared to the baseline. The outcomes of this
thesis work have the potential to be embedded in the Electronic Control Unit (ECU)
system for future field tests, providing a practical and cost-effective alternative to
the physical flow meter.

Keywords: Neural network, MLP, LSTM, Transformer, PINN, fuel consumption,
diesel engine, virtual sensor, digital twin.
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1
Introduction

This chapter provides an overview of the research project. It begins by outlining
the limitations of current methods for measuring fuel consumption in background.
Following this, the purpose of the proposed approach to address these limitations
is introduced. The scope and limitations of the study are then discussed to clarify
the boundaries of the research. Finally, relevant prior work that has inspired and
informed this study is presented.

1.1 Background

With increasingly stringent EURO emission regulations being implemented in the
European Union, fuel consumption has become a critical factor due to its close
relationship with emissions. Moreover, fuel consumption is also a key indicator for
evaluating the economic efficiency of a vehicle. A lot of effort has been taken to save
fuel consumption [1].

Flow meters provide a direct approach to measuring fuel consumption and gener-
ally exhibit robust performance across various fuel types and vehicle configurations.
Nonetheless, the calibration process can be intricate, and their measurement accu-
racy may be affected by variations in the Reynolds number of the fuel flow [2].

To address these challenges, recent research has explored the use of virtual sensors as
an alternative to physical measurement devices. Virtual sensors, also referred to as
soft sensors, are software-based models that estimate physical quantities using data
from existing onboard sensors, such as vehicle speed, engine load, or acceleration.
They enable indirect estimation of difficult-to-measure variables without additional
hardware. According to [3], virtual sensors act as digital abstractions that extend
the capability of physical sensors in cyber-physical systems. Their flexibility and low
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1. Introduction

cost have led to their widespread adoption in industrial process control, structural
monitoring, and automotive systems [4], [5].

In the context of vehicles, virtual sensors have been proposed for estimating quanti-
ties such as engine torque, battery state-of-charge, and more recently, instantaneous
fuel consumption. For example, [6] demonstrates that fuel consumption can be accu-
rately estimated using only Global Navigation Satellite System (GNSS) and Inertial
Measurement Unit (IMU) signals, without relying on fuel flow sensors.

Apart from direct measurement, physics-based approaches have been widely adopted
in multiple areas of the automotive industry indirectly. As described in [7] and [8],
fuel consumption models can be broadly categorized as white-box, gray-box, or
black-box models, based on their level of physical transparency and interpretability.

However, physics-based simulations are computationally expensive and often pro-
duce a wide range of vehicle performance outputs, many of which are not directly
relevant to fuel consumption estimation, resulting in inefficient use of computational
resources.

As a result, it has become common practice to employ simplified, equation-based
models for hybrid vehicles to support the development of control strategies. Never-
theless, these simplified models often compromise accuracy, thereby limiting their
effectiveness in precisely predicting fuel consumption [9].

Given the aforementioned limitations of both direct measurement and simplified
equation-based models, data-driven methods have become increasingly attractive. In
studies [10]–[13] have explored various NN architectures for predicting instantaneous
fuel consumption and emissions across different types of vehicles.

Building upon this, previous studies often selected NN architectures based on spe-
cific considerations, but they did not perform systematic comparisons of different
models within the same project. In contrast, the present study trains multiple NN
architectures - MLP, LSTM, and Transformer Encoder - on the same dataset to eval-
uate and compare their predictive performance. Additionally, this work investigates
the potential benefits of incorporating physics-informed constraints by comparing
pure data-driven models with PINNs under identical training conditions.

2



1. Introduction

1.2 Purpose

The purpose of this thesis is to study machine learning methods for vehicle fuel
consumption estimation. The long-term goal is to support virtual sensing as an
alternative to physical flow meters. This work also plans to explore how physics
knowledge can guide the training of NNs. The idea is that physics-informed models
may reduce errors and give results that follow physical laws.

In the context of this project, the aim is to achieve more accurate predictions than
existing embedded models. The thesis focuses on improving estimation accuracy
while keeping results close to real-world ground truth.

1.3 Related Work

Three key aspects of this work are: first, the development of a NN to predict fuel con-
sumption and other related features; second, the investigation of physical processes
associated with fuel consumption; and third, the integration of physical principles
into NN models. Accordingly, the literature review will primarily focus on three
areas: purely data-driven NNs, physics-based modeling and simulation, and PINNs
that combine physical principles with data-driven learning.

1.3.1 Data-Driven Modeling Approaches

Data-driven models leverage empirical data to learn complex relationships among
features. A wide range of input features has been used in these models, including
vehicle-related parameters (mass, aerodynamic and rolling resistance coefficients),
powertrain characteristics (engine or motor power and torque), driving behavior
metrics (speed and acceleration), and environmental factors (road grade and traffic
conditions) [14]. Researchers have applied algorithms ranging from simple regres-
sions to advanced machine learning techniques, to incorporate such diverse data.
These data-driven approaches offer a flexible framework for fuel consumption esti-
mation and driving behavior analysis, often achieving higher accuracy by learning
directly from real-world data.

Early applications of machine learning to fuel consumption demonstrated the fea-
sibility of data-driven predictions using onboard data. For example, [11] and [15]
developed models using vehicle OBD/ECU sensor data to estimate both total and
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instantaneous fuel consumption for heavy-duty trucks. These studies typically em-
ployed algorithms like artificial neural networks (ANN) or gradient boosting on a
few key inputs such as engine speed, engine load, and vehicle speed. [15] further
that the ANN achieved higher accuracy than linear regression or random forest mod-
els. Together, these works demonstrated that even with limited but well-selected
features, machine learning can achieve reliable prediction performance for practical
applications.

[16] provide a comprehensive review of data-driven fuel consumption prediction
models. They classify approaches into traditional machine learning models, neural
network-based models, and hybrid combinations of multiple techniques. In compar-
ative experiments, more complex models achieved the best prediction performance,
often reporting coefficients of determination (R2) above 0.90 for fuel consumption es-
timates. Researchers also discuss that there is a trade-off between model complexity
and the amount/quality of data needed: highly expressive models can yield supe-
rior accuracy if sufficient training data are available, but they may underperform or
overfit with limited data.

Researchers have also explored deep learning architectures to further improve fuel
consumption prediction. For instance, Fang et al. developed a convolutional neu-
ral network (CNN) based model augmented with a generative adversarial network
(GAN) to capture fine-grained patterns in vehicle fuel consumption data Fang2019.
This approach shows deep learning can model complex, nonlinear relationships in
the data, which are easily missed by simpler models. Likewise, Liu et al. introduced
hybrid deep neural networks and even automated machine learning strategies to
optimize model architecture [17]. The results from these researches confirm that
by increasing model complexity and capacity, one can better capture the complex
relationship related to fuel consumption prediction.

In summary, data-driven modeling approaches for vehicle fuel consumption offer
high predictive accuracy and adaptability by learning directly from data. At the
same time, these approaches rely highly on the amount of data. They also tend to be
less interpretable, as complex machine learning models do not inherently explain the
causal impact of each input feature on fuel consumption. But data-driven methods
remain a powerful tool in the vehicle dynamics modeling. And current researches
continues to address their limitations.
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1.3.2 Physics-Based Modeling Approaches

Physical fuel consumption models are methods based on thermodynamics, fluid
mechanics, and engine subsystem dynamics, which aim to simulate the internal
behavior of a combustion engine to predict fuel consumption. These models are
often used for controller design, engine calibration, and virtual test benches because
they provide transparency and known physics relationships.

A well-known example is a mean-value diesel engine including a Variable-Geometry
Turbocharger (VGT) and Exhaust Gas Recirculation (EGR), developed in [18]. The
model uses eight dynamic states (e.g., manifold pressures, turbocharger speed, actu-
ator positions) and is optimized to capture nonlinear system dynamics while keeping
computational cost moderate.

In addition to full mean-value engine models, simplified macroscopic approaches
have also been studied. For instance, an average-speed-based fuel consumption
model was proposed in [19], calibrated using synthetic driving cycles and transient
test data. Their method segments the driving profile into microtrips and estimates
the mean fuel rate based on average speed and acceleration, showing good agreement
with measured values across different cycles. Although less detailed than subsystem-
based models, such approaches are useful for high-level vehicle evaluation and fuel
consumption prediction in traffic simulations.

Another example is a physical model of a diesel engine with a turbocharger developed
for Hardware-in-the-Loop (HIL) applications in [20]. This work emphasizes not only
steady-state behavior but also transient responses under varying loads and speeds,
making it useful for calibration and diagnostic purposes.

In [21], a dynamic engine model aimed at energy-optimal control of heavy-duty
diesel engines. A significant part of their contribution is the inclusion of air-to-fuel
ratio (AFR) effects on efficiency, as well as accurate modeling of turbocharger and
air/fuel path dynamics.

In heavy-duty truck applications, simplified or semi-physical models are also em-
ployed. For instance, a model combining a steady-state base with a transient cor-
rection module has been proposed for heavy-duty diesel trucks, achieving better
performance than traditional VT-Micro or VT-CPFM models while maintaining
lower complexity and acceptable accuracy [22].

5
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Physical models offer many benefits. One major advantage is their interpretability:
engineers can clearly understand how input states such as turbocharger speed, intake
manifold pressure, or AFR influence the predicted output. These models are also
inherently consistent with known physical laws, which helps ensure that predictions
remain within physically realistic boundaries. For example, they do not produce
negative fuel rates or violate conservation principles. Additionally, physical models
can be used as reliable baselines for benchmarking or as tools to generate synthetic
datasets for downstream tasks.

However, several challenges restrict their practical application. Many of these mod-
els rely on parameters that are difficult to identify or require specialized instru-
mentation, such as detailed pressure sensors, exhaust gas flow measurements, or
manufacturer-provided turbocharger maps. Moreover, the accuracy of physical mod-
els may deteriorate under transient driving conditions if certain dynamics, like ther-
mal lag or actuator delays, are simplified or ignored. Calibration is also non-trivial;
it often demands significant engineering effort and is typically specific to a particular
engine platform or vehicle configuration, reducing the transferability of the model
across systems.

Reading these physical modeling works gives useful insights for combining physics
with machine learning: in particular, structures for subsystem modeling (turbocharger,
flow paths), dynamic states to include (manifold pressures, AFR, etc.), and methods
of parameter estimation. These will inform the hybrid examined later in this thesis.

1.3.3 Physics-Informed Modeling Approaches

Physics-based models and data-driven models offer complementary benefits but also
clear limits. First-principles models are physically consistent yet costly to calibrate
and may miss complex real-world effects; black-box models learn rich patterns from
data but can generalize poorly and lack physical guarantees. This gap motivates
PINNs, which embed domain physics into learning.

A PINN is trained not only to fit data but also to satisfy governing equations by
adding physics-based residuals to the loss. The concept was first introduced by in
[23], where the authors demonstrated how NNs could be constrained by physical
laws to solve differential equations. Later, this idea was further developed into a
general framework for both forward prediction and inverse parameter estimation in
[24]. Guided by physics priors, PINNs often require less data and generalize better
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while ensuring physical consistency.

Researchers have applied PINNs to automotive powertrains with promising results.
In [25], a diesel engine gas flow model was developed using a PINN built around a
mean-value engine model with VGT and EGR systems. The network predicted key
state dynamics (e.g., manifold pressures, turbo speed) from limited sensor data while
also estimating hard-to-measure parameters such as EGR valve area and exhaust
heat transfer coefficients. Training with both data and governing equations allowed
the PINN to reconstruct internal states and identify parameter shifts that indicate
faults or degradation. The model achieved high accuracy with modest data, demon-
strating that PINNs can serve as effective fuel consumption models and diagnostic
tools for engine health monitoring.

A more flexible approach called physics-informed data-driven modeling (PIDDM)
was proposed in [14] for a plug-in hybrid electric vehicle. They noted that tradi-
tional fuel consumption models fall into three categories: physics-based, map-based,
and data-driven. Each has strengths, but none performs well in all situations. To
address this, they built a hybrid model combining physics and machine learning. For
the engine, a dynamic engine map was used, augmented by a Transformer network
to correct errors caused by fast load changes and driver behavior. For the battery,
a thermal and electrical model was combined with a NN to improve predictions of
temperature and state of health. This combination allowed the model to predict
fuel consumption and battery state more accurately than physics-only or data-only
models. Due to its accuracy and physical consistency, the model was further ap-
plied in an optimization task using a genetic algorithm to identify improved design
settings for daily commuting. The resulting powertrain configuration reduced fuel
consumption by approximately 4.85% and battery capacity loss by 3.7% compared
to the original vehicle. This study demonstrates that integrating physical knowledge
with data-driven learning can enhance prediction accuracy and support real vehicle
optimization.

Another example of physics-informed modeling is the Deep Dynamics framework
proposed in [26] for autonomous racing car. In this setting, the vehicle moves at
very high speeds, where even small modeling errors can lead to unsafe behavior.
Traditional physics-based models are difficult to tune for these extreme conditions,
while purely data-driven models may violate physical rules. To address this, the
authors designed a hybrid model that combines a classical vehicle dynamics model
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with a NN. The physics model predicts vehicle motion based on known equations,
while the NN learns unknown parameters,such as tire grip, drivetrain efficiency, and
mass, that are difficult to measure directly. A key feature of their approach is a
“Physics Guard”that constrains the learned parameters within reasonable physical

limits. This hybrid model demonstrated strong performance, predicting the racecar’s
motion more accurately than a physics-only model and performing well in a real-
time controller. Because the model respects physical laws, it remains stable and
reliable even during aggressive driving. This study illustrates that PINNs can be
effectively applied to fast and safety-critical tasks, such as autonomous racing, where
both accuracy and physical consistency are essential.

Other forms of physics-informed modeling include Neural ODEs and Neural FMUs.
Neural ODEs treat hidden states as continuous dynamical systems governed by
differential equations, allowing the model to learn smooth time-evolving behaviors
with built-in physical structure [27]. They are suitable for applications like engine
dynamics or vehicle motion where time continuity matters. Neural FMUs aim to
replace physics-based simulation blocks with NNs trained to match their behavior,
enabling faster and more flexible system-level modeling while preserving physical
consistency [28]. These approaches show that physics can be embedded not only
through loss functions, as in PINNs, but also through model structure and simulation
constraints.

In summary, physics-informed models offer a promising way to combine the strengths
of physics-based and data-driven methods. From PINNs and their variants to Neural
ODEs and Neural FMUs, these approaches improve model accuracy, generalization,
and physical consistency—especially in systems like engines, powertrains, and vehi-
cle dynamics. As these methods continue to develop, they show strong potential for
use in real-time applications, diagnostics, and large-scale vehicle simulation.

1.4 Research Questions

Based on purpose and related work, the thesis is guided by the following research
questions:

1. Which type of NN works best for fuel consumption estimation?

2. Can physics knowledge improve the accuracy of purely data-driven models?

8



2
Theory

This chapter introduces a set of fundamental concepts that form the theoretical
foundation of this study. While interpretations of these concepts may vary across
different contexts, the definitions and explanations presented here have been selected
for their relevance and suitability to the objectives of this research. The aim is
to provide a coherent theoretical framework that supports the methodology and
analysis in the subsequent chapters.

2.1 Engine Structure

In this section, the structural layout of the diesel engine is introduced. A thorough
understanding of the engine’s working principles is important for developing an NN
model, as it provides context for how the available sensor data relates to the engine’s
operation. Although the engine’s internal mechanisms are not directly used in the
implementation of this thesis work, a general understanding of its operation aids in
comprehending the context and rationale behind the data and modeling choices.

The engine considered in this work is a diesel engine, as typically used in heavy-
duty trucks. Unlike the spark plug ignition used in petrol engine, ignition in diesel
engine occurs through mechanical compression of air, which significantly raises its
temperature in cylinder.

As shown in Fig. 2.1, air is drawn in through the inlet and then compressed by a
turbocharger-powered compressor, which is driven by exhaust gases. This process
allows more air to enter the intake system, increasing the air density and improving
engine performance.

This compression process increases the pressure of the air, which also leads to a
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Figure 2.1: Diesel engine structure and airflow path
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rise in temperature. However, hot air is less dense than cool air and contains less
oxygen, which can lead to inefficiency. In order to achieve higher power in the
following combustion process, an intercooler is placed between turbocharger and
intake manifold.

Then the compressed air is injected into the combustion chamber. During the com-
pression stroke, the air is compressed. The engine consists of 8 cylinders, each cylin-
der operates through four phases: intake, compression, combustion and exhaust.
During the intake stroke, the intake valve opens and the piston moves downward,
allowing fresh air to enter the cylinder. In the compression stroke, the intake valve
closes. Then the piston moves upward to compress the air. The temperature will rise
significantly to initiate a spontaneous ignition. Fuel is injected into cylinder filled
with hot and compressed air at the end of compression process. Then a combustion
follows the compression process which push the piston downward with the dramati-
cally increases temperature and pressure. This downward force is transferred to the
crankshaft as mechanical motion. During the final phase exhaustion, the exhaust
valve opens and the piston moves upward again, expelling the burnt gases from
cylinders.

It is common for heavy duty vehicle to use engine with 8 cylinders such as the
one used in this project. The cylinders operate in a staggered sequence to ensure
continuous power delivery from the combustion process, resulting in smoother engine
operation and reduced vibration.

The EGR system is a structure connected to the exhaust pipe of the combustion
chamber. EGR aims to reduce NOx emissions in the exhaust gas by lowering the
oxygen concentration in the combustion chamber. By allowing less air into the com-
bustion chamber, EGR lowers the peak in-cylinder temperature. NOx is primarily
formed at high temperatures through the reaction between nitrogen and oxygen in
the combustion air. [29]

2.2 Neural Network

NNs are computational models inspired by the structure and function of biological
NNs [30]. NNs consists of a series of "neurons" which are connected units modeled
brain neurons and can perform computation.
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2.2.1 Network Architecture

A typical NNs consists of three different layers: input layer, one or more hidden layers
and output layer [31]. Each layer has multiple neurons which performs different
transformation. Neurons from different layers are connected to each other. Each
neuron receives signals from the previous layer, and after transformation send the
information to the next layer.

In mathematical description, for an input vector x ∈ Rn to n neurons in hidden
layer, a single hidden layer transformation is defined as:

h = σ(W1x + b1)

y = W2h + b2
(2.1)

Where:

• n and m are input and output dimensions,

• W1 ∈ Rn×d and b1 ∈ Rn are the weights and biases for the hidden layer

• σ(·) is a nonlinear activation function,

• W2 ∈ Rm×n and b2 ∈ Rm are for the output layer,

• y ∈ Rm is the output vector.

2.2.2 Activation Functions

NNs can approximate nonlinear equations using activation functions. There are
some common activation functions that include:

• Sigmoid

σ(x) = 1
1 + e−x

(2.2)

• Tanh

σ(x) = tanh(x) = ex − e−x

ex + e−x
(2.3)

• ReLU

σ(x) = max(0, x) (2.4)
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2.2.3 Forward and Backward Propagation

Forward propagation and backward propagation are the two core steps that enable
NNs to perform prediction and training.

During forward propagation, the input data enters the input layer, passes through
the hidden layer where weighted sums and activation functions are applied, and is
finally transmitted to be the output layer to produce the prediction ŷ.

For backward propagation, the prediction ŷ is compared with the ground truth y

using a loss function to calculate the error. This error is then propagated backward
from the output layer to the input layer using the chain rule, computing the gradients
of each parameter (weights and biases). Finally, an optimizer, such as gradient
descent or Adam, updates the parameters based on these gradients, allowing the
NN to make more accurate predictions in the future.

2.2.4 Gradient Descent and Optimization

The parameters θ are updated iteratively to minimize the loss [32]:

θ(t+1) = θ(t) − η∇θL (2.5)

Where:

• η > 0 is the learning rate,

• ∇θL is the gradient of the loss with respect to θ.

Modern deep learning often uses adaptive optimizers such as Adam, RMSProp, or
Adagrad for more efficient training [33].

2.2.5 Model Variants

To explore how different network architectures capture temporal and nonlinear de-
pendencies in the data, several model variants are considered in this study. Each
architecture offers distinct capabilities in representing system dynamics and learn-
ing complex input–output relationships. The following subsections describe three
representative models used in this work: the MLP, the LSTM network, and the
Transformer.
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Figure 2.2: MLP Structure

2.2.5.1 Multi-Layer Perceptron

MLP is one of the fundamental architectures in ANN and serves as the basis for
many advanced deep learning models. As shown in Fig. 2.2, an MLP consists of
multiple layers of interconnected neurons, typically including an input layer, one or
more hidden layers, and an output layer [34]. Each neuron in a layer applies a linear
transformation to its inputs followed by a nonlinear activation function, enabling
the network to approximate complex nonlinear mappings between input and output
spaces.

Formally, given an input vector x ∈ Rd, the transformation at layer l can be ex-
pressed as:

h(l) = σ
(
W (l)h(l−1) + b(l)

)
, l = 1, . . . , L, (2.6)

where h(0) = x, W (l) and b(l) are the weight matrix and bias vector of layer l, σ(·) is
a nonlinear activation function (e.g., ReLU, sigmoid, or tanh), and h(l) is the output
of layer l.

The final output of the MLP can be written as:

y = fθ(x) = W (L+1)h(L) + b(L+1), (2.7)

where θ = {W (l), b(l)}L+1
l=1 represents the set of learnable parameters.
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Figure 2.3: LSTM Structure

MLPs are universal function approximators, meaning that with sufficient hidden
units and layers, they can approximate any continuous function to arbitrary accu-
racy [35], [36]. This makes them particularly effective for regression, classification,
and as building blocks in more complex deep learning architectures.

2.2.5.2 Long Short-Term Memory

LSTM is a special kind of Recurrent Neural Network (RNN) which is capable of
capturing long-term dependencies in sequential data [37]. Traditional RNNs suffer
from the vanishing and exploding gradient problems, which hinder their ability to
learn patterns across long sequences. LSTM addresses this limitation by introducing
a memory cell and gating mechanisms that regulate the flow of information.

As shown in picture 2.3, an LSTM unit consists of three primary gates: the input
gate, forget gate, and output gate. The input gate controls how much new informa-
tion is written into the memory cell, the forget gate determines which information
should be discarded from the cell, and the output gate regulates the amount of in-
formation propagated to the next hidden state. This gating structure allows LSTM
networks to maintain relevant information over extended time steps and effectively
model temporal dependencies. Mathematically, the LSTM operations as time step
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t can be described as:

ft = σ(Wf · [ht−1, xt] + bf )

it = σ(Wi · [ht−1, xt] + bi)

C̃t = tanh(WC · [ht−1, xt] + bC)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ(Wo · [ht−1, xt] + bo)

ht = ot ⊙ tanh(Ct)

(2.8)

where xt and ht denote the input and hidden state at time t, Ct represents the
cell state, σ is the sigmoid activation function, ⊙ denotes element-wise multiplica-
tion, and W and b are learnable parameters. This formulation enables LSTMs to
selectively remember or forget information, making them particularly effective for
tasks involving time-series prediction, natural language processing, and sequence
modeling.

2.2.5.3 Transformer

The Transformer architecture is a NN model designed for sequence modeling and
transduction tasks, such as machine translation and time-series prediction [38]. As
shown in Fig. 2.4, unlike recurrent architectures like LSTM, Transformers do not pro-
cess sequences sequentially. Instead, they rely entirely on self-attention mechanisms
to capture dependencies between elements at different positions in the sequences,
enabling parallel computation and more efficient modeling of long-range dependen-
cies.

A Transformer model consists of an encoder-decoder structure, where both encoder
and decoder are composed of stacked layers. Each layer includes a multi-head self-
attention mechanism and a position-wise feed-forward network, with residual con-
nections and layer normalization applied to stabilized training.

The core operation, scaled dot-product attention, is defined as:

Attention(Q, K, V ) = softmax

QK⊤
√

dk

V (2.9)

where Q, K, and V denotes the query, key and value matrices, respectively, and dk

is the dimension of the keys. The multi-head attention extends this by computing
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Figure 2.4: Transformer Structure
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attention over multiple subspaces and concatenating the results:

MultiHead(Q, K, V ) = Concat(head1, . . . , headh)W O,

headi = Attention(QW Q
i , KW K

i , V W V
i )

(2.10)

This mechanism allows the model to focus on different parts of the sequence simul-
taneously, capturing complex relationship more effectively than sequential models.
Additionally, positional encoding are added to input embeddings to provide infor-
mation about the order of the sequence elements.

Transformers have become the foundation of many state-of-the-art models in nat-
ural language processing and other domains, owing to their ability to model long-
range dependencies, facilitate parallel computation, and scale efficiently to very large
database.

2.2.5.4 Physics-informed Neural Networks

PINNs are a class of deep learning model that integrate physical laws, expressed in
the form of partial differential equations (PDEs) or ordinary differential equations
(ODEs), into the training of NNs [39]. Unlike conventional data-driven models that
rely solely on empirical data, PINNs leverage both observational data and governing
equations, thereby constraining the solution space and improving generalization,
especially in scenarios with limited or noisy data [40].

The core idea is to approximate the solution uθ(x, t) of a physical system using
a NN parameterized by θ. The loss function of a PINN typically combines two
components: a data loss and a physics loss. The data loss enforces agreement
with available measurements, while the physics loss enforces consistency with the
governing equations through automatic differentiation. For example, given a PDE
in the form:

N [u(x, t)] = 0, (x, t) ∈ Ω, (2.11)

where N denotes a differential operator and Ω is the domain of interest, the physics
loss can be expressed as

Lphysics = 1
Nf

Nf∑
i=1

|N [uθ(xi, ti)]|2 (2.12)

The total loss then becomes

L = Ldata + λ Lphysics (2.13)
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where λ is a weighting parameter that balances the contribution of data and physics
constraints.

2.3 Feature Selection Methods

In the collected dataset, a wide variety of signals are available. However, not all
of them are directly related to fuel consumption, and some may only have weak or
indirect correlations. To improve model efficiency and predictive performance, it is
necessary to identify and retain the most relevant signals for training the machine
learning models. This process is commonly addressed through feature selection, for
which several established methods can be applied.

2.3.1 Machine Learning Methods

Two commonly used machine learning algorithms for feature selection are Random
Forest and XGBoost. Both are tree-based models that evaluate feature importance
by assessing how much each feature contributes to splitting nodes and reducing
prediction error across the ensemble. Despite this similarity, they differ in their
mechanisms and are suited to different scenarios.

2.3.1.1 Random Forest

When using Random Forest for feature selection, feature importance is commonly
evaluated based on the reduction of impurity [41]. The impurity of a node t can be
measured by Gini index, defined as

i(t) = 1 −
K∑

k=1
p2

k (2.14)

where pk denotes the proportion of samples of class k at node t, and K is the total
number of classes. A smaller i(t) indicates a purer node.

When a node t is split by feature j , the impurity reduction can be computed as:

∆ij(t) = i(t) −
(
pL i(tL) + pR i(tR)

)
(2.15)

where tL and tR are the left and right child nodes, and pL and pR denote the
proportions of samples assigned to each child node. This quantity ∆ij(t) represents
the contribution of feature j at node t.
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To obtain the overall importance of feature j, the impurity reductions ∆ij(t) are
summed across all nodes and all trees in the forest:

FI(j) =
∑
trees

∑
t∈splits on j

∆ij(t) (2.16)

Finally, the feature importance scores FI of all features are normalized so that they
sum to 1, producing a ranking that reflects the relative predictive power of each
feature in the Random Forest model.

2.3.1.2 XGBoost

XGBoost is a boosting algorithm for gradient tree boosting [42]. It starts from an
initial prediction model and sequentially adds decision trees as weak learners. At
each step, the gradient and second-order gradient of the loss function with respect
to the current predictions are calculated. Each new tree is then trained to fit these
gradients, effectively correcting the errors of the previous model and minimizing the
overall loss.

Unlike Random Forest, which evaluates feature importance based on impurity re-
duction, XGBoost measures the contribution of each feature using the Gain, i.e., the
reduction in the loss function achieved by splitting on that feature. The Gain for
each feature can be expressed as:

Gain = 1
2

[
G2

L

HL + λ
+ G2

R

HR + λ
− (GL + GR)2

HL + HR + λ

]
− γ (2.17)

where GL, GR are the sums of first-order gradients in the left and right child nodes,
HL, HR are the sums of second-order gradients in the left and right child nodes, and
λ, γ are regularization parameters.

A larger Gain indicates that the split using this feature results in a greater reduction
of the loss function. The feature importance of a feature is then obtained by summing
the Gain values across all splits in all trees, reflecting the overall contribution of the
feature to the model.

2.3.2 Statistical Methods

Statistical methods evaluate the relevance of features by directly analyzing their
statistical relationships with the target variable. These approaches do not rely on
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training predictive models but instead exploit measures of correlation or dependency.
Such methods are often computationally efficient and provide interpretable insights
into the strength and type of association between input features and the output.

In this study, three commonly used statistical methods are considered: Pearson
correlation coefficients, which are used to capture linear relationships between vari-
ables; Spearman coefficients, which assess monotonic but not necessarily linear de-
pendencies; and mutual information scores, which measure more general nonlinear
dependencies based on information theory. These methods offer complementary
perspectives on feature relevance and can be used either as standalone criteria for
feature selection or in combination with machine learning-based methods.

2.3.2.1 Pearson Correlation Coefficient

The Pearson correlation coefficient measures the strength of the linear relationship
between two variables[43]. In this project, the goal is to identify which features have
the greatest influence on the target variable, i.e., fuel consumption. The Pearson
coefficient is denoted as r, and it is defined as:

ρX,Y = Cov(X, Y )
σXσY

(2.18)

where:

• Cov(X, Y ) is the covariance between X and Y .

• σX is the standard deviation of X

• σY is the standard deviation of Y

The value of ρ lies in the range [−1, 1]. A coefficient of ρ = 1 indicates a perfect
positive linear correlation between the evaluated feature X and the target feature
Y , ρ = −1 indicates a perfect negative linear correlation, and ρ = 0 suggests no
linear correlation.

In feature selection, Pearson coefficients are calculated between each candidate fea-
ture and the target (fuel consumption), and features with coefficients below a pre-
defined threshold can be filtered out as less relevant. This provides an efficient way
to quickly eliminate features with weak correlations. However, a limitation of the
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Pearson coefficient is that it can only capture linear relationships, while nonlinear
dependencies remain undetected.

2.3.2.2 Spearman Rank Correlation Coefficient

Another parameter that can be considered for feature selection is the Spearman
Rank Correlation Coefficient, which evaluates the monotonic relationship between
two variables, not just linear correlation[44].

For two variables X and Y , the Spearman coefficient is defined as:

ρ = 1 − 6 ∑n
i=1 d2

i

n(n2 − 1)
(2.19)

where di = rank(Xi) − rank(Yi) denotes the difference between the ranks of Xi and
Yi, and n is the number of samples.

A larger absolute value of ρ indicates a stronger monotonic relationship.

In feature selection, we calculated ρj for each feature Xj with respect to the target
Y , and filter out features whose correlation does not meet a predefined threshold to
retain only the most relevant features.

2.3.2.3 Mutual Information Scores

If the relationship between two features is nonlinear, Mutual Information (MI) can be
used to evaluate their dependency. MI measures whether the increase of information
in one variable can reduce the uncertainty of another variable[45]. For discrete
variables X and Y , MI is defined as:

I(X; Y ) =
∑
x∈X

∑
y∈Y

p(x, y) log p(x, y)
p(x)p(y)

(2.20)

where p(x, y) denotes the joint probability distribution of X and Y , and p(x) and
p(y) are the marginal distributions of X and Y , respectively.

A higher I(X; Y ) indicates that knowing the feature X reduces more uncertainty
about Y , meaning the two features are more dependent, and thus the feature will
have a higher importance ranking. MI is not limited to evaluating linear relation-
ships, but can also capture monotonic and nonlinear dependencies between vari-
ables.
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3.1 Dataset and Preprocessing

In this study, we use a dataset collected from motorway tests to analyze the vehi-
cle’s operational and fuel consumption behavior. The dataset has been carefully
preprocessed to ensure consistency, reliability, and suitability for subsequent model-
ing and analysis. In the following subsections, we provide a detailed description of
the dataset and the preprocessing steps applied.

3.1.1 Dataset Description

The dataset comprises 21 controlled motorway test sessions carried out in Gothen-
burg, Sweden, between February and September 2024. All runs were executed with
the same 4 x 2 heavy-duty diesel truck in identical mechanical configuration and
moderate ambient conditions. Data were streamed from the vehicle CAN bus to-
gether with GPS at a fixed interval of 0.1s and stored as MATLAB .mat files, so
each file represents a regular time series. The datasets were split into two kinds
of files that deplolyed different sensor suites while keeping every other condition
unchanged.

A Flex-Core GFL ground-fault sensor (in the following session called it GFL) were
run in 18 test sessions. GFL is a pulse-based flow-meter. The remaining three
sessions used an AVL PLUtron Coriolis flow-meter (PLUtron). PLUtron delivers
and instantaneous mass-flow signal together with density and temperature. Apart
from these fuel-related channels, the rest of the CAN logging configurations was
identical, so the two subsets share the bast majority of variables.

The total 21 run sessions cover 1 822 kilometers and roughly 32 hours of oper-
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ation. The GFL subset contributes 1 084km (20h) whereas the PLUtron subset
provides 738km(12h). The original GFL files contain 125 signals and the PLUtron
files 209 signals. 123 of these signals are common to both, for example, engine speed,
accelerator-pedal position, and ambient temperature. The additional PLUtron-only
signals include real-time fuel density, supply- and return-line pressures and the
temperature-compensated mass-flow rate.

3.1.2 Data Preprocessing

The raw datasets collected from onboard sensors required several preprocessing steps
to ensure that the data were clean, consistent, and ready for use in machine learning
models. These steps include time synchronization, missing value handling, signal
transformation, and data splitting.

3.1.2.1 Time Synchronization

Due to the distributed nature of the vehicle’s sensor architecture, each signal came
with its own timestamp vector. While the most signals were sampled at a nom-
inal rate of 10Hz, few signals (e.g., the front axle speed, the compressor status)
were logged at different frequencies (e.g., 50Hz, 100Hz), and others were recorded
irregularly.

Prior to synchronization, any data rows with negative timestamps were discarded to
avoid misalignment during resampling. Each signal was then individually resampled
onto a 0.1s time period. When multiple samples fell within a time bin, their mean
was taken. The signals were subsequently merged across signals using the time index.
Linear interpolation was applied to fill internal missing values. Any leading missing
entries were forward-filled to prevent undefined inputs at the start of each sessions.

Additionally, for signals where negative values are physically implausible (e.g., pres-
sure, fuel flow, torque), a rectification function that sets all negative values to zero
while preserving positive values.

3.1.2.2 Normalization & Data Splitting

To ensure consistent numerical ranges across all input features, the features were
scaled into the range [0,1]. This approach is particularly well-suited for deep learning
models, as it improves convergence stability and ensures compatibility with activa-
tion functions such as ReLU and sigmoid. Scaling parameters were computed strictly
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from the training subset to prevent data leakage into validation or test phases. The
normalization for a given feature value x was computed using the following equation:

x′ = x − xmin

xmax − xmin
(3.1)

where xmin and xmax denote the minimum and maximum values of the feature in
the training dataset, respectively. These scaling parameters were computed strictly
from the training subset to prevent data leakage into validation or test phases.

After Normalization, the dataset was split into training, validation, and testing
subsets at the session level, to prevent temporal leakage and preserve contextual
continuity within each drive. Because the PLUtron dataset consists of only three
sessions, we allocated one session to each subset: one for training, one for validation,
and one for testing. For GFL dataset, randomly assign full sessions into the three
sets using a fixed seed to ensure reproducibility, while maintaining approximate
balance in driving conditions across each set.

3.1.3 Feature Selection

Feature selection is a critical step in developing accurate and interpretable predictive
models. It ensures that the model focuses on the most informative signals while
reducing noise, redundancy, and overfitting. In this study, we separate the discussion
into target feature selection, which defines the dependent variable, and input feature
selection, which identifies the independent variables used for prediction.

3.1.3.1 Target Features Selection

The target variable in this study is fuel consumption, specifically expressed as fuel
flow rate. This can be reported in units such as kilograms per hour (kg/h) or
grams per second (g/s), depending on the sensor configuration. Accurate target
selection is critical as it directly affects the quality and interpretability of the model’s
predictions.

In the datasets collected, two different fuel measurement approaches were used de-
pending on the sensor type. In the GFL-based sessions, the fuel flow is not directly
measured but can be derived from a pulse-count signal. This signal represents the
cumulative count of fuel injection events or flow meter pulses. From this signal,
instantaneous fuel flow rate can be calculated using a calibration factor obtained
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from bench testing. The Total Pulses variable is used as the target output when
training models on GFL data.

In contrast, PLUtron-equipped sessions include direct high-accuracy measurements
of the fuel flow rate, eliminating the need for signal transformation. The relevant
signal, named Volume Flow, is provided at high resolution and is used as the target
in those sessions.

Due to the difference in measurement methods, our initial plan was to treat the two
signals—Total Pulses and Volume Flow from PLUtron sensor—as separate target
sources and to evaluate model performance independently within each subset. This
strategy was intended to ensure consistency in ground-truth definition across experi-
mental groups while still leveraging all available data. However, after conversion and
validation, the fuel flow derived from Total Pulses proved to be inaccurate, yielding
very low agreement with reference values. Therefore, in the final setup we decided to
rely exclusively on the direct measurements from the PLUtron sensor as the target
variable.

In addition to this measured signal used for training, the dataset also contains
a precomputed variable referred as Fuel Rate, which represents the output of an
internal fuel consumption model embedded in the vehicle. Although the internal
logic of this model is not disclosed, it is retained in our study as an external reference
and used as the baseline for performance evaluation in later sections.

3.1.3.2 Input Features Selection

The selection of input features followed a structured, three-phase process that com-
bines domain expertise, embedded model reverse-engineering, and data-driven vali-
dation. This hybrid methodology was designed to ensure that the final feature set
was not only statistically robust but also physically meaningful in the context of the
vehicle fuel consumption modeling. The whole process is described in Fig. 3.1.

The process began with consultations involving powertrain engineers and control
system experts to gather insights into which sensor signals were most likely to in-
fluence fuel consumption. In parallel, the input list of the vehicle’s baseline fuel
estimation model are reviewed. Even though the model is treated as a black box,
the inputs and outputs are applicable. This prior knowledge provided a physically
grounded list of candidate input features, serving as a foundation for subsequent
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Figure 3.1: Structured input feature selection process

analysis.

The second phase involved evaluating these candidates using machine learning-based
feature importance ranking. Specifically, we employed Random Forest and XGBoost
models to assess the relative contribution of each feature to the prediction of the
fuel rate. These models were trained using subsets of the datasets.

Lastly, statistical analysis was used to refine the feature list further. Pearson correla-
tion coefficients, Spearman coefficient and mutual information scores were computed
to detect weakly informative or highly redundant signals. Signals with consistently
low correlation to the target feature or highly correlated with other features were
removed unless justified by domain knowledge.

The final input feature set was determined by retaining signals that either appeared
in the candidate input features list and were validated by machine learning or statis-
tical relevance. This methodology could make sure the features have clear physical
interpretability, and minimize overfitting risk.

The final set of input features used in our modeling framework is summarized in
Table 3.1, grouped by physical domain for clarity. The grouping highlights the
physical relevance of each variable in relation to fuel consumption.

For instance, environmental conditions such as ambient air temperature and road
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inclination capture external influences that affect engine load and efficiency. Engine
thermal state variables (e.g., coolant and oil temperature) represent the internal
thermal balance of the powertrain, which is crucial for combustion stability and fric-
tion losses. Air and fuel system features, including boost pressure, rail pressure, and
air–fuel ratio, characterize the mixture preparation and energy supply to the engine.
Engine operating conditions such as engine speed and torque directly indicate the
mechanical workload. Control and actuation signals (e.g., throttle position, and
brake pedal position) reflect driver behavior as well as interventions from the engine
control unit. Finally, emission-related and diagnostic signals (e.g., NOx levels, and
oil pressure) monitor combustion quality and after treatment performance, while ve-
hicle dynamics variables such as wheel-based vehicle speed describe the interaction
between engine operation and driving conditions.

3.2 Experimental Setup

We compared three groups of models. We include the existing fuel consumption
as our baseline. The second group consisted of purely data-driven NNs, namely
MLP, LSTM, and TransformerEncoder. Finally, we implemented physics-informed
extensions of these architectures: a PINN based on an MLP backbone, and Physics-
Informed Data-Driven Models (PIDDM) with LSTM and TransformerEncoder back-
bones.

3.2.1 Baseline

The baseline in this study was the existing signal computed by the embedded soft-
ware in the ECU namely Fuel Rate with unit L/s. Although this signal is not the
most accurate measurement, it has been shown to perform well in practice and has
already proven its reliability. Therefore, it provides a meaningful reference for evalu-
ating whether the proposed models can achieve more accurate or reliable predictions.

3.2.2 Data-driven Models

We First implemented three purely data-driven NN architectures for learning the
mapping from input features to fuel consumption. These models only rely on his-
torical data without incorporating any physical knowledge or baseline signals.

• Multilayer Perceptron (MLP)
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Table 3.1: Final input features used in the modeling framework.

Group Feature Unit

Environmental Conditions
Time s
Ambient Air Temperature ◦C
Road Inclination %

Engine Thermal State
Engine Coolant Temperature ◦C
Engine Oil Temperature ◦C
Boost Temperature ◦C

Air and Fuel System

Boost Pressure (Intake Manifold Pressure) kPa
Rail Pressure bar
Air Mass Flow kg/s
Fuel Value mg/str
Air-Fuel Ratio (AFR) ratio
Burned Air Fraction %

Engine Operating Conditions

Engine Speed rpm
Accelerator Pedal Sensor Engine Speed rpm
Torque Value Nm
Actual Engine Percent Torque %

Control and Actuation Signals

Engine Ignition Advance Angle ◦CA
Wastegate Position Demand %
Engine Cooling Fan Speed rpm
Throttle Position %
Brake Pedal Position %
Gear Shift State -
Preview Index -

Emission-related / Diagnostic

NOx Out Level -
NOx In Level -
Oil Pressure kPa
Differential Pressure across Diesel Particulate Filter -

Vehicle dynamics Wheel Based Vehicle Speed km/h
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Implemented as a feed-forward network with several fully connected layers
and ReLU activations. It maps each input sequence to a prediction without
modeling temporal structure, and thus serves as the simplest reference model.

• Long-Short Term Memory (LSTM)
Configured in a sequence-to-one setup, where the hidden state at the last time
step is used to predict the target. This design enables the model to capture
temporal in the input features.

• Transformer Encoder
The Transformer Encoder is implemented as a sequence-to-one regressor. In-
put features at each time step are first embedded into a latent representation,
then sinusoidal positional encodings are added to retain sequence order infor-
mation. The embedded sequence is then processed by stacked encoder lay-
ers consisting of self-attention and feed-forward blocks.This project does not
require sequence generation but a single prediction based on contextualized
sequence representations, so only the encoder component is used.The final
output was obtained from the hidden representation at the last time step.

3.2.3 Physics-informed Models

• PINNs with MLP
The ideal way to transfer a pure MLP into a PINN is to incorporate governing
equations directly into the loss function. In principle, this requires one or
several governing equations that can accurately describe the engine states.
However, in practice, the field test data come from a highly dynamic and
nonlinear environment, making it extremely difficult to identify a governing
equation that captures the system behavior using only a limited number of
variables.

Moreover, equations that are capable of describing such nonlinear dynamics
usually contain a large number of unknown parameters, which are not avail-
able from the experimental setup. Therefore, inspired by [23], we adopted
an alternative approach by embedding the relationships among air mass, fuel
mass and air-fuel ratio (AFR) as the physics constraint in the loss function.

Specifically, the AFR is defined as:

AFR(t) = mair(t)
mfuel(t)

(3.2)
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To capture the dynamic coupling between air and fuel, we reformulated this
algebraic definition into its differential form:

d

dt
AFR(t) =

˙mair(t)mfuel(t) − mair(t) ˙mfuel(t)
mfuel(t)2 (3.3)

This formulation allows us to embed the temporal dynamics directly into the
physics-informed loss function, which is more robust to noisy field test data
and enables the NN to respect the inherent relationship among air mass, fuel
mass and AFR.

While this formulation does not represent a strick physical law, but rather a
mathematical relationship, it serves as a practical workaround in situations
where governing equations cannot be explicitly defined. The lack of suitable
governing equations is a recurring challenge in the development of PINNs, and
in such scenarios, embedding domain-informed mathematical constraints can
offer a feasible solution.

Con sequently, the overall loss function is extended from a purely data-driven
loss to a hybrid form that combines the data loss with the additional AFR-
based constraint:

Ltotal = λ1Ldata + λ2LAF R (3.4)

where λ1 and λ1 are the weight coefficients that balances the contribution
of the physics-informed AFR loss. This formulation enables the network to
not only fit the measured data but also to remain consistent with inherent
relationships among air mass, fuel mass and AFR.

• PIDDM with LSTM
As introduced in the Theory section, this model is a physics-informed residual
formulation, sometimes referred to as a residual LSTM. Instead of predicting
the target directly, the network outputs a correction term δ, which is added
to the existing baseline signal Fuel Rate:

ṁpred = ṁbaseline + ∆ṁfuel. (3.5)

The baseline acts as a physics prior, while the network learns only the system-
atic deviations. The training loss combines the data loss with an additional
physics-informed regularization term:

L = MSE(ṁpred, ṁtrue) (3.6)
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Here, ṁ denotes the model prediction, ṁbaseline is the baseline signal provided
by the ECU, ∆ṁfuel is the residual correction produced by the network, and
the ṁtrue is the ground-truth fuel consumption. And L represents the total
loss.

• PIDDM with Transformer Encoder
The Transformer-based residual model follows the same formulation as the
PIDDM with LSTM: the network predicts a residual correction on top of the
baseline signal, with activation and physics-informed regularization applied in
the same way. The Transformer Encoder is used instead of LSTM layers to
capture temporal dependencies.

3.3 Training Procedure

All models in this study were trained following a standardized training pipeline
implemented in PyTorch. The procedure consists of loading data in mini-batches,
forwarding inputs through the model, computing the loss, and performing parameter
updates via backpropagation. Training and validation losses were monitored at each
epoch.

The Adam optimizer was employed in all experiments, as it provides stable conver-
gence. The training objective is the MSE between predicted and true fuel consump-
tion.

Model hyperparameters (e.g., hidden size, sequence length, dropout rate) are tuned
through a grid search procedure. The final configuration for each model is selected
based on the best validation performance across a specific validation strategy.

To avoid overfitting, early stopping is applied. The training is terminated if no im-
provement is observed for a fixed number of consecutive epochs (patience threshold).

The final hyperparameter configurations for all models are summarized in Appendix
Table A.1.

3.4 Evaluation Strategy

A robust evaluation strategy is crucial to ensure the reliability and generalizability of
predictive models. In this study, we adopt a structured approach to model validation
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and performance assessment, taking into account the limited size and time-series
nature of the dataset. In the following subsections, we detail the validation strategy
employed to prevent information leakage and the metrics used to quantify model
performance.

3.4.1 Validation Strategy

Cross-Validation (CV) is a widely used technique for estimating generalization error
and performing model selection. The core idea of CV is to divide data into separate
subsets for training and validation, so that the model is always evaluated on unseen
data during training. This can prevent overly optimistic estimates and reduce the
risk of overfitting.

One of the most common forms is k-fold CV. In this approach, the dataset is divided
into k equally sized folds. In each round, one fold is held out as the validation set
while the remaining k −1 folds are used for training.The process is repeated k times,
and the final performance is obtained by averaging across all folds.

However, this standard procedure is not suitable for this specific context. In this
study, the time-series dataset consists of only three independent test sessions. This
structure does not allow for a standard k-fold split across individual samples. In-
stead, nested cross-validation strategy was adopted. One entire session was held out
as the test set, while the remaining two sessions were used for training and valida-
tion. In the fine-tuning phase, the remaining two sessions swapped between training
and validation to find the best configuration. During the evaluation phase, the two
sessions are merged into a single training set, and the model is retrained, then uses
the test session to conclude the final performance. The process is shown in Fig. 3.2.

This strategy ensures unbiased performance estimation, prevented information leak-
age across sessions, and maximized the use of the limited available data.

3.4.2 Evaluation Metrics

To quantitatively assess model performance, we computed the following standard
regression metrics for each fold and averaged them across all folds. Here, yi denotes
the ground-truth value and ŷi the model prediction.

• Mean Squared Error (MSE) is the average of squared differences between
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Figure 3.2: Cross-validation workflow for model training and evaluation

actual and predicted values.:

MSE = 1
n

n∑
i=1

(yi − ŷi)2 (3.7)

• Root Mean Squared Error (RMSE) is the square root of MSE, which
preserves the unit of the target variable and is therefore more directly inter-
pretable:

RMSE =

√√√√ 1
n

n∑
i=1

(yi − ŷi)2 (3.8)

• Mean Absolute Error (MAE) calculates the average of the absolute differ-
ences between predicted and true values:

MAE = 1
n

n∑
i=1

|yi − ŷi| (3.9)

• R-squared Score (R2) evaluates the proportion of variance in the dependent
variable that is explained by the model shown below. R2 ranges from 1 (perfect
prediction) to negative values when the model performs worse than the mean
predictor.

R2 = 1 −
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2 (3.10)

where ȳ is the mean of the actual values.
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All metric computations were carried out using the scikit-learn library. The use
of multiple complementary metrics ensures a comprehensive evaluation of both the
accuracy and robustness of the model predictions.

3.5 Implementation Details and Tools

The NN models were implemented using the PyTorch deep learning framework,
running on Python 3.10.0. All experiments were executed on GPU-enabled remote
nodes managed through a Kubernetes-based cluster, allowing dynamic allocation of
hardware resources.

Code was version-controlled using Bitbucket, ensuring traceable development and ex-
periment reproducibility. Dependency management was handled via Poetry, which
provided isolated virtual environments and consistent package resolution across ma-
chines. This setup ensured that all experiments were executed under controlled and
replicable software conditions.

The codebase was organized into multiple modular scripts: data preprocessing, data
loading, and training logic were implemented in separate modules, while model
architecture and evaluation functions were grouped within a unified script. Experi-
mental configurations—such as batch size, learning rate, optimizer type, and cross-
validation parameters—were defined directly within the training module, making it
easy to control and reproduce training behaviors.

A custom logging system was implemented to record key training events, including
training and validation loss values as well as evaluation metrics at each epoch. These
logs were further used to generate visualizations, enabling the monitoring of training
dynamics over time and facilitating early detection of overfitting, underfitting, or
unstable convergence.
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Results and Discussions

In this chapter, the results of all models are presented in both tables and figures,
with a primary focus on comparative analysis. The performances of pure data-driven
models and PINNs are evaluated, and particular attention is given to the model that
achieves the best overall performance, for which a detailed analysis is provided.

4.1 Overview of Model Performance

In this section, we compare the performance of the baseline with all NN models. The
baseline is not a learned model. Instead, it is implemented as a software module
based on an engine efficiency map, which was derived from a combination of physical
modeling and experimental calibration data. It serves as a reference to test whether
NNs can provide more accurate and flexible predictions.

Table 4.1 presents a quantitative summary of performance metrics for the baseline
and each model, with values are reported with four decimals. The metrics reported
are MSE, RMSE, MAE, and R2. Lower values in MSE, RMSE, and MAE indicate
better prediction accuracy, while a higher R2 (closer to 1) means the model explains
more of the true variance. As shown in the Table 4.1, every NN model outperforms
the baseline on all metrics.

4.2 Performance of Data-driven Models

We now compare the three purely data-driven models to understand their relative
strengths in predicting fuel consumption. Each evaluation metric are examined to
provide a more detailed analysis of model performance.
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Model MSE RMSE MAE R2

Baseline 14.2542 3.7757 1.4739 0.9537

Data-driven Models
MLP 10.8914 3.3002 2.0465 0.9645
LSTM 0.6554 0.8096 0.4181 0.9979
Transformer 1.1632 1.0785 0.6369 0.9962

Physics-informed Models
PINNs (MLP) 8.7944 2.9655 1.4715 0.9714
PIDDM (LSTM) 0.7649 0.8746 0.4396 0.9975
PIDDM (Transformer) 2.3325 1.5273 0.8048 0.9924

Table 4.1: Performance comparison of all models

4.2.1 Interpretation

As shown in Table 4.1, the LSTM outperforms the other two models on all evaluation
metrics. Fig.4.1 illustrates a comparison (as a bar chart) of the metrics achieved by
each data-driven model.

In terms of R2, both the LSTM (0.9979) and Transformer (0.9962) explain more
than 99.6% of the variance in the ground truth, while the MLP is slightly lower at
0.9808. For RMSE, the LSTM again performs best with 0.8096, which is less than
half of the MLP’s error (3.3002). The Transformer achieves 1.0785, which is close
to the LSTM but still higher. A similar trend is seen in MAE: the LSTM has the
lowest value (0.4181), the Transformer is next (0.6369), and the MLP shows the
largest error (2.0465).

Together, these results confirm that the LSTM provides the most accurate predic-
tions, the Transformer is a strong second, and the MLP, while weaker, still outper-
forms the baseline.

4.2.2 Error Analysis of MLP

It is worth noting that MLP shows a smaller MSE and a higher R2 compared to
the baseline. However, its MAE is slightly larger. This suggests that although the
MLP captures the general trend of the data better, its average absolute error is
not consistently smaller. Scatter plot and residual plot can examine the prediction
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(a) RMSE comparison (b) RMSE comparison

(c) MAE comparison (d) R2 comparison

Figure 4.1: Comparison of performance metrics across data-driven models
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behavior.

A residual plot shows the difference between the predicted value and the ground
truth on the vertical axis, and the ground truth value on the horizontal axis. This
helps identify whether the prediction error changes with the value being predicted.
In Fig. 4.2 (a), the baseline signal(blue) shows a wider range of errors, especially
large negative residuals in high fuel consumption regions. These outliers significantly
increase the MSE. In contrast, the MLP(orange) has a more compact residual dis-
tribution, with fewer extreme errors. Although it avoids large mistakes, it produces
many small errors consistently, especially when the ground truth value is high. MAE
is sensitive to error frequency, not just error size. This resulting in a lower MSE but
a slightly higher MAE.

The scatter plot in Fig. 4.2 (b) compares predicted values (vertical axis) to ground
truth (horizontal axis), and the dashed diagonal line represents ideal predictions. In
this plot, the baseline model shows more dispersed points, while the MLP predic-
tions align more closely with the diagonal line.This again confirms that MLP better
captures the overall trend, therefore the R2 is higher than baseline signal.

(a) Residual Plot (b) Scatter Plot

Figure 4.2: Error analysis of the MLP predictions and baseline signal
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4.2.3 Detailed Analysis of the LSTM Model

Because the LSTM achieved the best overall performance, we further examine its
predictions in more detail. Fig. 4.3 shows three representative segments, where the
LSTM predictions are compared with both the ground truth and the baseline signal.

In Fig. 4.3(a), a random segment illustrates a typical case. The LSTM prediction
almost overlaps with the ground truth, following even the sharp rises and drops
closely. By contrast, the baseline deviates substantially, especially when the fuel
mass flow increases or decreases rapidly. This shows that under general conditions,
the LSTM provides accurate and reliable predictions while the baseline fails to cap-
ture important variations.

Fig. 4.3(b) presents the period with the largest error. Here, the LSTM underesti-
mates the peak magnitude but still tracks the overall shape of the curve. Although
some details are missed, the LSTM remains much closer to the ground truth than the
baseline, which fails to follow the true signal in this challenging case. This demon-
strates that even at its weakest point, the LSTM is still robust and significantly
better than the baseline.

Finally, Fig. 4.3(c) shows a period with high fluctuations, where the fuel mass flow
has multiple peaks and drops. The baseline cannot follow these rapid dynamics
and smooths out the variations. In contrast, the LSTM prediction tracks both the
sharp decreases and increases, staying very close to the ground truth. This confirms
that the LSTM can handle highly dynamic scenarios, which is critical for real-world
applications.

Together, these three cases highlight that the LSTM outperforms the baseline con-
sistently in normal, difficult, and highly dynamic conditions.
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(a) Random segment(Time 75.0 - 80.0s)

(b) Highest error region

(c) High fluctuation region

Figure 4.3: Predicted values of LSTM and baseline models versus ground truth
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4.2.4 Discussion

All three models were trained on the same data and input features, but they differ
in how they capture temporal dependencies. The MLP is a feed-forward network
with no explicit sequence memory, the LSTM is a recurrent network adept at learn-
ing long-term time dependencies, and the Transformer Encoder uses self-attention
mechanisms to capture both short- and long-range correlations in the sequence.

These results show the benefit of sequence modeling for this task. The LSTM can
align well with changes in fuel consumption and predict peaks and drops more accu-
rately. The Transformer also captures temporal patterns and performs close to the
LSTM. Its slightly lower accuracy may come from several factors. First, the fuel con-
sumption data is smooth and sequential, which fits the inductive bias of recurrent
networks like LSTM. Second, the Transformer has higher complexity and more pa-
rameters, which makes it harder to tune and more sensitive to regularization. Third,
the input length was fixed to 50 time steps in this study. This is already enough
for the LSTM to capture the main dynamics, while the Transformer’s strength in
handling very long sequences may not give extra benefits here. As a result, the
Transformer performs well but does not surpass the LSTM.

Overall, the LSTM is the most reliable pure data-driven model, with the Transformer
a strong second. The MLP is weaker but still much better than the raw baseline.
These results provide a reference for the next step: testing whether adding physics
knowledge can improve the models further.

4.3 Performance of Physics-informed Models

Next, we assess the impact of incorporating domain physics into the NN models.
Table 4.1 shows the performance of these physics-informed models compared to
their purely data-driven counterparts. The effect of physics integration is model-
dependent.

To visualize the effect of physics integration across models, Fig. 4.4 summarizes the
RMSE performance of data-driven and physics-informed models. Since the trends
of MSE, MAE, and R2 are consistent with RMSE, only the RMSE is visualized here
to avoid redundancy.
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Figure 4.4: Comparison of RMSE for data-driven and physics-informed models

4.3.1 Interpretation

The MLP clearly benefits from the addition of physics: PINN-MLP achieves a lower
RMSE (2.9655) than the plain MLP (3.3002) and a slightly higher R2 (0.9714 vs
0.9645). This reduction in RMSE for the MLP after injecting physics knowledge.
We observe a similar reduction in MAE (from 2.0465 down to 1.4715). These im-
provements, while modest, indicate that the physics-informed regularization helped
the MLP correct some of its errors, likely by constraining its predictions to more
physically plausible ranges and dynamics.

As illustrated in Fig. 4.5, the time series comparison between MLP and PINN-MLP
reveals that PINN-MLP provides significantly closer alignment with the ground
truth signal. The PINN-MLP model captures the dynamics more accurately, espe-
cially in transient regions involving rapid fuel rate changes. The physical constraints
can improve the model’s ability to generalize under sharp transitions and complex
driving behaviors.
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Figure 4.5: Predicted values of MLP and PINN-MLP versus ground truth

In contrast, the LSTM and Transformer did not gain accuracy from the physics-
based guidance under the current implementation. The PIDDM-LSTM’s RMSE
actually rose slightly to 0.8746 (from 0.8096 without physics), and its R2 decreased
marginally (0.9975 vs 0.9979). The increase in RMSE suggests that the constraints
or the incorporation of the baseline signal introduced a small performance penalty
for the LSTM. The effect was more pronounced for the Transformer: PIDDM-
Transformer’s RMSE increased to 1.5273 from 1.0785, and R2 dropped from 0.9962
to 0.9924.

However, when analyzing specific segments of the time series, PIDDM-LSTM oc-
casionally aligned more closely with the ground truth. For example, during some
rapid deceleration phases (see in Fig. 4.6), it produced smoother and more physically
plausible predictions, potentially due to the influence of physics constraints. This
suggests that PIDDM-LSTM may still offer localized benefits in capturing sharp
transients or enforcing physical consistency.

Figure 4.6: Predicted values of LSTM and PIDDM-LSTM versus ground truth
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4.3.2 Discussion

The PINNs performs better than the plain MLP because of the limited capacity of
the MLP in handling time-series data. As a feed-forward network, the MLP cannot
directly capture temporal dependencies and is more prone to overfitting. The added
physics term acts as a regularizer, reducing variance and pulling predictions back to
physically plausible ranges. This explains the moderate but consistent improvement
in accuracy after adding physics constraints.

However, the PINN-MLP still performs worse than the pure LSTM and Transformer
models. One reason is that the physics term used here only covers part of the engine
dynamics. This limited scope can guide the MLP but cannot replace the ability
of more advanced models to learn complex dependencies directly from data. In
addition, prior studies show that PINNs often provide strong generalization when
training data is scarce. But in this work, the dataset is large, so the benefit from
adding physics is reduced. As a result, the more complex data-driven models (LSTM
and Transformer) already achieve better performance than the PINN-MLP.

For the LSTM and Transformer, the physics-informed versions did not improve
performance. These models already captured the underlying patterns of fuel con-
sumption, leaving little room for improvement. As baseline signal has non-negligible
error and time lag, adding the baseline as a prior might have conflicted with the
learned data relationships, thus leading to slight underperformance.
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In this chapter, the research questions from Section 1.4 are revisited and answered.
The limitations of the study are then discussed to clarify the scope of the results.
Finally, directions for future work and possible real-world deployment are presented,
followed by a short summary of the overall contributions of the thesis.

5.1 Answers to Research Questions

This section covers the answers to our previous research questions in Section 1.4.

Research Question 1: Which type of NN works best for fuel consumption?
Our experiments indicate that the LSTM is the best-performing architecture for
estimating fuel consumption. Among the tested models and baseline signal, the
LSTM achieved the highest accuracy (R2 ≈ 0.998 and the lowest error metrics on
the validation data, outperforming both the feed-forward MLP and the Transformer
Encoder.

The LSTM’s strength lies in its ability to capture temporal dependencies in the
engine sensor data, which proved crucial for modeling fuel consumption. In com-
parison, the MLP lacked sequence memory and performed less accurately, while
the Transformer did well but still slightly underperformed the LSTM on this task.
Therefore, in answer to RQ1, the LSTM is the most effective NN for fuel consump-
tion prediction given our data and setup, as it provides a superior fit to the ground
truth and more robust tracking of fuel consumption patterns than the other models.

Research Question 2: Can physics knowledge improve the accuracy of
purely data-driven models?
In this study, integrating physics knowledge into the NNs yielded mixed results. In
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one case, adding physical constraints to a simpler model (the MLP) did improve
its accuracy: the PINNs achieved a modest increase in R2 and lower error values
compared to MLP. This suggests that incorporating domain physics can guide the
learning process and enhance performance. In this case, the domain physics is the
engine air-fuel dynamics.

However, for the more complex models (LSTM and Transformer), the inclusion of
physics did not lead to better accuracy - in fact, their performance slightly declined
when physics-based constraints were added. These advanced models were already
capturing the essential patterns from data alone, The specific applied physics con-
straints may have been either redundant or restrictive, thus preventing the models
from fine-tuning to the empirical data.

The answer to RQ2 is, physics knowledge can improve model accuracy under cer-
tain circumstances, particularly for simpler architectures or when the data is limited.
But for more complex models, physics knowledge does not guarantee an improve-
ment. If the physics knowledge can not perfectly aligned with the data, it may even
introduce minor performance trade-offs. The effectiveness of physics integration de-
pends on the used appropriateness of the physical model, and the capacity of the
NN. This finding highlights that it’s important to carefully introducing the physics
into machine learning.

5.2 Limitations

Despite the results presented in this study, it is important to acknowledge several
limitations that may affect the generalizability, accuracy, and applicability of the
findings. These limitations arise from both the dataset and the modeling approach,
and they provide context for interpreting the results and planning future work.

5.2.1 Data-related Limitations

The dataset used in this study has several limitations. In real driving conditions,
many external factors affect engine dynamics and fuel use. These include weather,
road type, road condition, geography, and driving behavior. Such variations were not
captured in the current dataset. However, all data were collected from one truck, on
a single route, and under similar weather conditions. This ensured consistency but
reduced diversity. As a result, the model may not generalize well to other vehicles,

48



5. Conclusion

different routes, or varied environments.

Some useful sensor signals were also missing. For example, no incylinder pressure or
exhaust gas composition data were available. These signals could support stronger
physics-informed models with more complete engine representations. Their absence
limited the scope of physical constraints in this work.

Another limitation lies in the raw signal processing. Each signal had its own times-
tamp, and even after synchronization, there remained small misalignments. Our
preprocessing allowed the data to represent the real scenario, but we observed a
slight delay between the ground-truth fuel consumption and the baseline signal.
This gap influenced the training, as predictions were based on the ground truth.
After consulting engineers, the preprocessing procedure was considered correct and
acceptable. We therefore did not apply further corrections. This decision reflects
the real impact of the dataset on the models. Interestingly, the results showed that
if such adjustments were made, model predictions could improve further.

Overall, while the dataset was suitable for controlled experiments, its narrow cover-
age and missing signals limit both the generalization of the results and the ability
to apply more advanced physics.

5.2.2 Model-related Limitations

This study also has several model-related limitations. First, we only tested two
physics-informed machine learning methods. Other methods, such as Neural ODEs
and their extensions, were not explored. Without broader experimentation, it is still
difficult to conclude whether physics-informed methods consistently offer greater
improvements than purely data-driven models.

Second, the evaluation of model performance depended on limited hyperparameter
tuning. Grid search was used in this research, but the range of parameters was
restricted by time and computing resources. This means that the reported results
may not reflect the best possible configurations, and more extensive tuning could
lead to different conclusions about model performance.

Third, deployment requirements were not fully considered during model develop-
ment. This study focuses on testing methodological ideas, rather than optimizing
models for real-world use. In practical deployment as a virtual sensor or in real-time
prediction, computational cost, latency, and memory footprint will become critical
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factors.

Overall, the models serve as a reference for the potential of physics-informed learning,
but further work is needed to address their limitations.

5.2.3 Physics-related Limitations

There are also limitations in the way physics was included in this study. The applied
physical knowledge only covered a part of the engine system. To obtain the most
complete and accurate physical representation, one of the good approach is to build
a full engine model. Such a model can take into account all relevant processes that
affect fuel consumption, including combustion dynamics, heat transfer, and exhaust
behavior.

Additionally, the physics implemented in this study had limited generalization. The
chosen partial differential equation for AFR dynamics was designed for the given
dataset and conditions, but may not directly apply to other engine types, different
operating modes, or varying boundary conditions. This restricts the transferability
of the approach.

Overall, while the selected physics provided useful constraints, it did not capture
the full complexity of engine dynamics and may not apply well beyond this study.

5.3 Future Work

Building on the findings and limitations discussed in this study, several avenues exist
for further research. Future work aims to enhance model accuracy, generalization,
and applicability, particularly in real-world deployment scenarios.

5.3.1 Real-world Deployment

The ultimate goal of developing a virtual sensor is its deployment in real vehicles.
This study has shown the potential of both data-driven and PINNs for fuel con-
sumption prediction, but the evaluation has been limited to offline experiments
with controlled datasets. For practical application, additional performance metrics
need to be considered.

One key challenge is computational efficiency, as onboard systems usually face strict
constraints in memory and processing power. Therefore, models must be designed
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not only for strong offline performance but also for suitability in real-time operation.

Another important aspect of deployment is robustness across diverse real-world sce-
narios. Addressing this requires training on larger and more diverse datasets, incor-
porating a wider range of input features, and carefully balancing accuracy, general-
ization, and efficiency.

5.3.2 Enhanced Physics Integration

The physics used in this study provided useful guidance but remained limited in
scope. Future work should focus on integrating a broader range of physical principles.
Another direction is to design adaptive physics constraints that vary without being
overly restricted.

5.3.3 Advanced Architectures

The architectures examined in this study mainly included MLP, LSTM and Trans-
former. While these provided a useful reference, there remains room to explore
architectures that can more effectively capture temporal dependencies and system
dynamics.

One direction is to investigate advanced recurrent structure, such as GRUs or hi-
erarchical RNNs, which may offer a better balance between model complexity and
sequence modeling ability. Another promising line of research is Neural ODEs and
related continuous-time models, which align naturally with the physical nature of
engine processes.

5.3.4 Online Learning and Adaptation

For real-world deployment, models must remain reliable under changing operating
conditions. In practice, engine behavior evolves over time due to aging, maintenance,
or variations in fuel quality, while external factors such as ambient temperature,
driving style, and road environment introduce additional variability. Models trained
in a static offline setting may not generalize well to these distribution shifts.

Future work should therefore explore online and continues learning methods. This
enables models to adapt incrementally as new data become available. Such ap-
proaches could help the model track gradual changes without requiring complete
retraining.
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5.4 Summary

This thesis explored the development of NN models as a basis for a virtual fuel
consumption sensor. Using real-world engine test data, several NN architectures
were implemented and compared. The results showed that all tested models clearly
outperformed the existing baseline, with the LSTM providing the most accurate and
robust predictions. The study also examined physics-informed approaches, which
proved useful in guiding simpler architectures but less effective for advanced sequence
models. These findings suggest that the role of physics integration depends on model
complexity and the completeness of physical knowledge. Overall, the results confirm
the feasibility of building a virtual sensor for fuel consumption based on accessible on-
board signals, offering a cost-effective alternative to physical sensors and a promising
directions for future deployment in real vehicles.
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A
Appendix 1

A.1 Hyperparameter Configurations and Model
Complexity

This appendix lists the final configurations used for each baseline model and its
corresponding physics-informed model. When the architecture is the same, the
parameter count is also the same. Differences are noted explicitly.

A.1.1 MLP and PINN-MLP

Table A.1: Configurations for MLP and PINNs. PINN differs only in the output
dimension (three outputs).

Parameter MLP PINN-MLP
Input size 28
Hidden sizes [128, 128, 64] [128, 128, 64]
Dropout 0.1 0.1
Learning rate 0.005 0.005
Batch size 32 32
Epochs 50 50
Output size 1 3
parameters 28,545 28,675
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A. Appendix 1

A.1.2 LSTM and PIDDM–LSTM

Table A.2: Configurations for LSTM and PIDDM-LSTM. Architectures are the
same; parameter counts are equal.

Parameter LSTM/PIDDM-LSTM
Input size 28
Hidden size 64
Number of layers 2
Dropout 0.1
Output size 1
Sequence Length 50
Learning rate 0.01
Batch size 128
Parameters 57,409

A.1.3 Transformer Encoder and PIDDM–Transformer

Table A.3: Configurations for Transformer Encoder and PIDDM–Transformer. Ar-
chitectures are the same; parameter counts are equal.

Parameter Transformer Encoder/PIDDM–Transformer
Input size 28
dmodel 128
Number of heads 4
Encoder layers 1
Dropout 0.1
Output size 1
Sequence Length 20
Learning rate 0.01
Batch size 128
Parameters 596,865
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