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Abstract

Road transport is a major source of greenhouse-gas emissions, and the European
Union legislation framework raises fleet CO2 targets on the way to a 2035 zero-
emission sales target, pushing both for vehicle efficiency and to find fleet-level
solutions. This dissertation is focused on developing efficient controls and mod-
els for the automotive and mobility sectors, employing machine learning at three
linked scales: control of urban fleets and hybrid vehicle energy management, and
modeling the combustion process of internal combustion engines. At the fleet scale,
Autonomous Mobility on Demand is posed as a network-flow control problem and
addressed with a three-step framework, optimal dispatch, minimum-cost rebalancing,
and a graph-aware Soft Actor–Critic policy that predicts region-level vehicle alloca-
tions. In an in-the-loop mesoscopic SUMO model of Luxembourg, this maximizes
the operational profit for the operator, while reducing waiting time for passengers
and fleet-level emissions, and remains robust across time of day, spatial aggregation,
and simulator fidelity. At the vehicle scale, learning-based energy management
systems are developed for a state-of-the-art plug-in hybrid electric vehicle and bench-
marked against optimization strategies, such as dynamic programming and equivalent
consumption minimization strategy. A dynamic programming-trained LSTM and
an off-policy Soft Actor-Critic are trained on a backward model and validated on
a detailed vehicle virtual test rig in both charge sustaining and charge depleting
operation; they deliver competitive fuel/CO2 results, respect SoC constraints, and
generalize across cycles and initial conditions. At the combustion scale, two real-
time data-driven models are introduced: a neural single-Wiebe parameterization for
burn rate prediction, and a hybrid recurrent model that reconstructs the full burn rate
profile and stays stable across speed, load, and dilution sweeps. Together, these re-
sults show that embedding domain knowledge in learning methods enables scalable,
real-time decisions, from fleet rebalancing to power split and combustion prediction,
supporting near-term emission cuts while meeting tightening policy targets.
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Chapter 1

Introduction

Over recent decades, the risks associated with climate change and resource depletion
have become evident, prompting a broad policy response to cut and control Green-
house Gas (GHG) emissions. In Europe, the European Green Deal sets a course
toward a modern and resource-efficient economy with net-zero emissions by 2050,
complemented by the Fit for 55 package that targets at least a 55% reduction by
2030 relative to 1990 levels [6]. The transportation sector is deeply involved in this
transition and accounts for roughly 35% of global energy use [7]. Within the Fit
for 55 package, the EU targets to tighten fleet-average CO2 emissions standards
for light-duty vehicles: the 2030 emissions cut target for new passenger cars rises
from 37.5% to 55% and for new vans from 31% to 50%, both relative to the 1990
reference level; moreover, from 2035 onward the standard requires a 100% reduction
for newly registered cars and vans. At the same time, the increase in urbanization
concentrates the location of vehicles and so the source of pollution. More than
half of the world’s population already lives in cities, and this share is projected to
reach 60% by 2050 [8]. In dense urban areas, congestion, energy consumption,
and pollution intensify, with road traffic linked to about thirty percent of urban
emissions and fifty percent of health-related costs due to car-generated air pollution
[9]. Effective decarbonization demands coordinated action at two interconnected
scales. At the vehicle level, powertrains must achieve higher efficiency and lower
carbon footprint. At the system level, mobility must be delivered through smarter,
energy-aware operations, most notably via intelligently managed shared fleets. Such
fleets can minimize empty mileage and idle time through optimized dispatching,
routing, and rebalancing, while individual vehicles adopt energy-efficient driving
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and charging strategies. Together, these measures ensure that each vehicle-kilometer
is served with a smaller environmental footprint.

At the fleet scale, Autonomous Mobility on Demand (AMoD) is a promising
urban mobility architecture: a centrally coordinated fleet of connected, self-driving
vehicles that serves on-demand trips. By optimally assigning requests and proactively
rebalancing idle vehicles, AMoD can increase vehicle utilization, reduce parking
demand, and still preserve point-to-point convenience [10, 11]. Realizing these
benefits, however, depends on the quality of coordination. Suboptimal repositioning
or matching can inflate passenger waiting times and inject empty vehicles into
already saturated corridors [12]. The underlying control problem is inherently
spatiotemporal, stochastic, and high-dimensional, with strong network couplings
and feedback from congestion and time-varying demand. These characteristics
pose substantial challenges, balancing operator performance, limiting environmental
impacts, and meeting strict real-time computational requirements, within the non-
stationary traffic environments in which such fleets must operate.

At the vehicle level, one of the most promising solutions to lower emissions is
represented by vehicle powertrain electrification. Policy incentives and expanding
product ranges have accelerated the uptake of Electrified Vehicles (EVs) in Europe
and worldwide [13–15]. Battery Electric Vehicles (BEVs) are increasingly popular,
yet further improvements in performance, cost, and durability are still needed to reach
parity with conventional vehicles. Limited range, long charging times, and a still
not developed charging infrastructure sustain the mid-term role of Hybrid Electric
Vehicles (HEVs) and plug-in Hybrid Electric Vehicles (pHEVs), which combine
desirable features of electric and conventional powertrains [16]. The efficiency of
hybridization depends on how energy is managed. The Energy Management System
(EMS) must schedule engine and motor torque split and battery power so that power
usage is optimized under operational and physical constraints [17]. Computer-aided
simulation tools are widely used to evaluate strategies, and a substantial body of
research has pushed the field toward methods that are implementable in real time yet
remain close to optimal [18, 19].

A third, complementary scale concerns predictive combustion modeling. Even
in an electrifying fleet, many electrified powertrains will still rely on an Internal
Combustion Engine (ICE) for years to come, and extracting the highest efficiency
from that engine is essential to reduce fuel use and emissions. Achieving this requires
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combustion models that are accurate across operating conditions and fast enough for
real-time use in virtual test rigs, calibration loops, and embedded controllers [20, 21]
in order to not wrongly estimate their consumption and emissions performance.
High-fidelity multi-zone and turbulence–chemistry models can capture complex
in-cylinder physics, but are too computationally demanding [22, 23] for these roles.
Simple phenomenological laws, by contrast, are fast but may struggle to represent
non-standard burn behaviors and transient effects with sufficient fidelity. Data-driven
surrogates offer a middle path: learned models can approximate the combustion
process with high accuracy while meeting strict timing budgets [24]. Embedding
such surrogates within lightweight thermodynamic backbones enables combustion
prediction, supports EMS development with more faithful engine responses, and
helps translate electrification into consistent real-world savings whenever the engine
is active.

Within this policy and technological landscape, this dissertation advances a
structure-plus-learning agenda across three interconnected scales so that efficiency
gains compound from fleets to vehicles and down to combustion. At the city scale,
AMoD coordination is formulated as a network-flow control task in which a graph-
encoded Reinforcement Learning (RL) policy proposes region-level rebalancing
actions and a minimum-cost flow layer enforces optimality in matching and rebalanc-
ing distribution-to-flow translation. In a calibrated mesoscopic study, this hierarchy
approaches Model Predictive Control (MPC) performance while reducing passen-
ger waiting time and containing overall fleet emissions, showing that benefits arise
from how and when vehicles are repositioned and favoring predictive over reactive
strategies. At the vehicle scale, learning-based EMSs are developed and evaluated
against Dynamic Programming (DP) upper bounds and Equivalent Consumption
Minimization Strategy (ECMS) baselines on a detailed virtual test rig of a pHEV. At
the combustion scale, two data-driven surrogates are constructed. A Neural Network
(NN) model the parameters of a single-Wiebe law offers a fast, compact description
of the main burn, while a hybrid recurrent model predicts a robust full burn rate able
to correctly predict the full combustion process while remaining stable across sweeps
in speed, load, and dilution, achieving superior performance in terms of robustness
and generalization.

Together, these contributions illustrate how domain structure and learning can
be integrated to deliver real-time, scalable decisions for coordinated fleets, energy-
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aware vehicles, and efficient engines, aligning operational performance with the
environmental objectives that motivate today’s regulatory trajectory.

The remainder of the dissertation is structured as follows:

• Chapter 1 locate the research within climate policy and the European regulatory
pathway, surveys electrification trends and their implications for industry and
cities, and motivates the need for coordinated fleets and effective control,
outlining the thesis scope and layout.

• Chapter 2 reviews the Artificial Intelligence background with emphasis on
NNs and RL, clarifies problem formulation and algorithm families, and fo-
cuses on Double Deep Q-Learning (DDQL) and Soft Actor–Critic (SAC) as
representative methods for long-horizon decision making.

• Chapter 3 develops control applications across scales. It first establishes
modeling foundations for traffic simulation at macro, meso, and micro fidelity,
introduces xEV and powertrain models, and summarizes optimal control,
optimization-based, heuristic, and learning-based methods. It then presents
Scale One on AMoD coordination and Scale Two on energy management
of hybrids, covering the case study and methodology, charge sustaining and
charge depleting policies, performance on a detailed virtual test rig, and
evidence of generalization.

• Chapter 4 investigates modeling applications to predictive combustion. It
introduces phenomenological and data-driven combustion models, details
the case study and methodology, including feature selection and distribution
analysis, NN-Wiebe calibration, and a hybrid recurrent model for burn-rate
prediction, and reports results for both the MLP-Wiebe and Hybrid-RNN
approaches, followed by conclusions and future directions.

• Chapter 5 summarizes the main findings, discusses limitations, and outlines
priorities for future work.



Chapter 2

Artificial Intelligence Background

In recent decades, remarkable advancements in computational technologies, par-
ticularly the exponential growth in Central Processing Unit (CPU) and Graphics
Processing Unit (GPU) performance and the flexible scalability offered by cloud
computing, have significantly accelerated the integration and application of Artificial
Intelligence (AI) across diverse scientific and engineering disciplines. Within this
broad spectrum, AI-driven methodologies designed for optimizing complex physi-
cal and networked systems have emerged prominently, demonstrating measurable
improvements in both operational performance and system reliability. The transporta-
tion sector, in particular, has benefited substantially from such AI advancements,
with successful implementations ranging from predictive modeling of transportation
demand [25], through sophisticated fleet management strategies in networked mobil-
ity systems [1, 26], down to more granular applications such as powertrain control
strategies within HEVs [2], and even detailed modeling of physical phenomena like
combustion processes in ICE [27, 28]. Although AI is an expansive field encompass-
ing numerous approaches and methodologies, a particularly insightful definition was
articulated by Nilsson (2009):

"Artificial Intelligence is that activity devoted to making machines intelligent,
and intelligence is that quality that enables an entity to function appropriately and
with foresight in its environment" [29].

At the core of AI lies Machine Learning (ML), a foundational discipline initially
propelled by Samuel’s groundbreaking research (1959). Samuel demonstrated how
computational systems could independently develop strategic competencies through
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iterative learning, exemplified by programs capable of mastering games like checkers.
ML techniques are fundamentally aligned with established scientific methodologies,
heavily leveraging inductive reasoning to generate hypotheses through pattern recog-
nition in empirical data. Unlike deductive reasoning, where conclusions are logically
drawn from established premises, inductive reasoning creates generalizations based
on observed instances. Consequently, inductive inferences are inherently provisional
and remain open to revision upon encountering new data. A classic illustration of
this principle involves observing swans: an ML model analyzing a dataset consisting
entirely of white swans may hypothesize that all swans are white. However, such
an inference is tentative, subject to immediate revision upon the discovery of even a
single black swan. Despite this inherent uncertainty, inductive reasoning based on
extensive, high-quality datasets holds substantial practical significance, particularly
given today’s vast data availability and computational power.

Classification of Machine Learning Algorithms

ML encompasses a diverse spectrum of algorithmic approaches, and selecting an
optimal technique inherently depends on various problem-specific characteristics,
such as dataset structure, the nature of the variables, and the predictive goals. While
numerous classification schemes for ML exist in the literature [30], a widely rec-
ognized framework categorizes these methodologies into three principal groups
[31]:

• Supervised Learning: Algorithms in this category derive predictive relation-
ships between inputs (independent variables) and outputs (dependent variables)
using labeled datasets. Typically, data is partitioned into training and testing
subsets, allowing algorithms to identify and internalize patterns from training
samples and subsequently evaluate their predictive capabilities on the test set.
Common supervised learning methods include Regression Analysis, Decision
Trees, Random Forests, K-Nearest Neighbors (K-NN), Logistic Regression,
and Gaussian Process Regression (GPR).

• Unsupervised Learning: These algorithms aim to uncover intrinsic struc-
tures and hidden patterns within unlabeled datasets. In contrast to supervised
learning, unsupervised approaches do not rely on predefined labels or correct
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outcomes, but rather infer groupings, similarities, or latent patterns. Notable
examples include K-Means Clustering and the Apriori algorithm.

• Reinforcement Learning: In RL, algorithms learn by interacting with their
environment through trial and error, guided by a numeric reward system.
Rather than receiving explicit instructions about the correctness of specific
actions, RL systems autonomously discover optimal strategies to maximize
cumulative rewards over time. This approach finds extensive applications in
decision-making tasks where long-term optimization is crucial.

Building upon the above classification, this thesis places particular emphasis on
supervised learning techniques designed for regression tasks, situations in which
the output variable is continuous. A representative example is the prediction of
instantaneous ICE torque required by power-split controllers in HEVs. Accurate
torque estimation is critical for optimally distributing power between the electric
motor and the ICE, thereby improving overall energy efficiency. Within the spectrum
of regression algorithms, NNs have risen to prominence owing to their universal
function approximation capability. The universal approximation theorem asserts that,
given sufficient network depth and width, NNs can approximate any measurable
function to an arbitrary degree of accuracy. This theoretical property, coupled with
their empirical success in modeling highly nonlinear and multivariate relationships,
renders NNs exceptionally well suited for both control applications and the detailed
representation of complex physical processes examined in this research.

Chapter Structure

In the subsequent sections, this chapter will delve into how AI, specifically ML
methodologies, can be effectively applied within various scales of transportation
systems, providing the necessary background to understand the methodologies pre-
sented. After the classification of ML algorithms presented above, the discussion
focuses on supervised regression methods, laying the ground on NNs in Section
2.1. From generic feed-forward networks (Section 2.1.1), the discussion flows
through sequence-aware recurrent architectures (Section 2.1.2) to graph-centric mod-
els (Section 2.1.3), illustrating how growing structural complexity in data motivates
increasingly sophisticated network designs. The chapter closes with an overview of
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modern RL, linking its value- and policy-based formulations to the control challenges
explored in subsequent case studies (Section 2.2).

2.1 Neural Networks

NNs have proven capable of solving a wide variety of problems, including pattern
recognition, classification, clustering, and more [32]. They are inspired by the human
brain, consisting of interconnected “neurons” that mimic the way biological neurons
process information. Over the decades, researchers have developed different NN
architectures to handle different types of data. In general, a feed-forward NN (also
known as a fully connected network or multilayer perceptron) passes data through
layers of neurons in one direction (input to output) and is the foundation of many
deep learning models [33]. Convolutional Neural Networks (CNNs) [34] introduce
convolution operations and are especially effective for grid-like data such as images,
making them powerful for image and pattern recognition tasks. Recurrent Neural
Networks (RNNs) [35], on the other hand, include feedback loops, allowing them to
maintain an internal state and model sequential or time-series data (e.g. for forecast-
ing future values in a sequence). More recently, Graph Neural Networks (GNNs)
[36] have emerged to extend deep learning to graph-structured data (non-Euclidean
data domains), where relationships are represented as nodes and edges rather than
fixed grids or sequences. Together, these architectures enable NNs to tackle diverse
data modalities and complex nonlinear relationships. NNs’ flexibility and learning
capability have led to their adoption in many fields. For instance, in transportation
systems, deep networks (including RNNs and GNNs) are used to forecast traffic
conditions and optimize network flows [37]. In advanced control strategies (such as
vehicle engine control or robotics) and combustion modeling, NNs serve as powerful
function approximators for system dynamics and chemical processes. Several appli-
cation in the context of EMS for HEVs have been emerged in the last years, both
applying NNs to directly mimic the policy of optimal control strategies [38, 39] using
RNNs, or by implementing Deep Reinforcement Learning (DRL) policies to directly
approximate the optimal policy from interaction with the vehicle [2, 40], a class
of algorithms described in Section 2.2. Additionally, by training on data, they can
capture patterns for tasks like engine combustion monitoring, on-board diagnostics,
and predictive control, which are effectively modeled with physics-based models,
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but at the cost of high computational requirements. With data-driven approach it is
possible to reduce the computational demand without greatly affecting the perfor-
mance if the model is properly trained [27]. These examples underscore the broad
applicability of NNs in solving complex problems across transportation, control, and
combustion domains.

2.1.1 Feed-Forward Neural Networks

The fundamental building block of a NN is the artificial neuron (depicted in Figure
2.1), often implemented as a perceptron. The perceptron, introduced by Rosenblatt
in 1958 [41], computes a weighted sum of its inputs and then applies an activation
function to produce an output. Mathematically, a perceptron with inputs x1,x2, . . . ,xN

produces an output y as follows:

y = σ(W ·x+b) (2.1)

where W = [w1,w2, . . . ,wN ]∈RN are the weights on each input, x= [x1, . . . ,xN ]
T ∈

RN is the input vector, b is a bias term, and σ(·) is the activation function, which
allows to consider nonlinearities in the function approximation process.

𝑥1

𝑥2

𝑥𝑁
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𝑤𝑁

𝑎 =෍

𝑖=1

𝑁

𝑤𝑖𝑥𝑖 + 𝑏 𝑦 = 𝜎(𝑎)

Fig. 2.1 Perceptron layout.

In a feed-forward NN, many neurons are organized into layers: an input layer,
one or more hidden layers, and an output layer. Each neuron in a layer takes as input
the outputs of the previous layer’s neurons (or the raw inputs for the first layer). The
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neurons are fully connected between adjacent layers, hence the term fully connected
network. The output of each neuron in one layer becomes an input to neurons in the
next layer, and information flows forward only, making it a feed-forward architecture.
After the weighted sum at each neuron, an activation function is applied to introduce
nonlinearity (common choices include the sigmoid logistic function, hyperbolic
tangent, or the Rectified Linear Unit). By stacking multiple layers, feed-forward
networks, also called Multi Layer Perceptrons (MLPs), can model more complex
nonlinear decision boundaries.

During the training of an NN, the goal is to automatically adjust the weights
W and biases b so that the network’s output y matches the desired output for each
input, by minimizing the prediction error on the training set (usually expressed as
a Mean Squared Error (MSE) between predicted and target output). This learning
is typically achieved by the back-propagation algorithm [42] combined with an
optimization method like gradient descent [43], or its more sophisticated version, as
Adam [44]. Back-propagation efficiently computes the gradient of the loss function
with respect to each weight, enabling the network to learn by incrementally updating
weights in the direction that reduces error. In essence, the network “learns” a highly
nonlinear input–output relationship by iteratively tuning its parameters to minimize
the difference between its predictions and the ground truth, which is represented
by the target outputs in the training dataset. The concept of back-propagation
was first formulated in the 1970s [45], but it become popular in the mid-1980s
when Rumelhart, Hinton, and Williams popularized its use for training multilayer
networks, demonstrating that it could effectively train deep neural architectures
[42]. As a result Deep Neural Networks (DNNs), essentially feed-forward NNs with
many hidden layers, became feasible and started to outperform shallow network
models on complex tasks. The transition from shallow to deep architectures enabled
the mapping of much more complex and highly nonlinear functions that shallow
networks could not efficiently represent [33]. Several factors catalyzed the rise
of deep feed-forward networks in recent decades. The advent of cheaper, high-
performance parallel computing, especially the GPU, significantly accelerated the
training of large networks, which involve millions of weight updates. In addition,
the availability of massive datasets (“big data”) provided the raw material needed for
deep networks to generalize well. These developments, coupled with algorithmic
improvements and regularization techniques, have led to the modern deep learning
revolution. Today’s deep feed-forward networks form the basis of many applications,
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from computer vision and natural language processing to system modeling and
control, wherever a complex functional mapping from inputs to outputs is required.

2.1.2 Long-Short Memory Layer

While feed-forward NNs do not use feedback loop between inputs, many real-world
problems involve sequential data where past inputs influence future ones, like in time
series, sentences, control signals over time, and many others. RNNs [35] addresses
this limitation by introducing loops in the network, as depicted in Figure 2.2: the
output of a neuron at one time step is fed back as input in the next time step. This
gives RNNs an inherent memory and process sequences of inputs of arbitrary length.

𝒙𝑡

𝒙𝑡

𝒙𝑡

𝒉𝑡

𝒉𝑡

𝒉𝑡

𝒉𝑡−1

𝒉𝑡−1

𝒉𝑡−1

Fig. 2.2 RNN layer layout.

However, early RNNs suffered from the vanishing (and exploding) gradient
problem [46], as one tries to backpropagate error gradients through many time steps,
the gradients can decay or blow up, making it difficult for standard RNNs to learn
long-range dependencies in sequences.

Long Short-Term Memory (LSTM) networks were proposed by Hochreiter and
Schmidhuber (1997) to overcome these issues [47]. An LSTM is a type of RNN
that embeds a special unit called a memory cell along with gating mechanisms that
regulate the flow of information. Each LSTM cell contains three gates, often called
the forget gate, input gate, and output gate, which control what information is kept
in memory, what new information is added, and what information is output at each
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time step, as depicted in Figure 2.3. The gating is implemented through sigmoid
activations (which output values between 0 and 1, functioning like “valves” for
information) and element-wise multiplication to selectively pass information. The
LSTM’s equations for a single time step t can be written as follows:



it = σg(Wi ·xt +Ui ·ht−1 +bi)

ft = σg(Wf ·xt +U f ·ht−1 +b f )

ot = σg(Wo ·xt +Uo ·ht−1 +bo)

c̃t = σc(Wc ·xt +Uc ·ht−1 +bc)

ct = ft⊙ ct−1 + it⊙ c̃t

ht = ot⊙σc(ct)

(2.2)

⊙ ⊙
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σ𝑔

σ𝑐

Fig. 2.3 LSTM layer layout: the predicted output patterns are assigned to the training set (the
observations).

where xt is the input at time t, ht−1 is the previous hidden state, and ct−1 is
the previous cell state. σg(·) denotes the sigmoid function (for gates), σc(·) is
usually a tanh activation that generates candidate values, and ⊙ is element-wise
multiplication. In these equations, it , ft ,ot are the input, forget, and output gate
activations respectively, each between 0 and 1 due to the sigmoid activation, and
c̃t is the candidate update to the cell state. The cell state ct is updated by linearly
combining the previous cell state ct−1, scaled by ft , which decides how much
to forget or retain from the past, with the new candidate content c̃t , scaled by it ,
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which decides how much new information to transfer in the new cell state. The
new hidden state ht , which is also the output of the LSTM at time t, is then given
by the transformed cell state (passed through tanh) filtered by the output gate ot .
Essentially, the forget gate ft controls the cell’s memory clearance, the input gate it
controls how much new information flows into the memory, and the output gate ot

controls how much of the memory is revealed to the next layer or as output. This
gated design allows LSTMs to maintain and update a memory over long sequences,
thereby remembering long-term dependencies far better than standard RNNs. By
preventing older important information from being completely overwritten (thanks
to forget gates) and by selectively adding new information, LSTMs mitigate the
vanishing gradient problem. In practice, LSTM networks have been extraordinarily
successful in sequence modeling tasks. They have been used extensively in language
modeling, speech recognition, and time-series forecasting. For example, LSTM-
based models can learn temporal patterns in traffic flow data to improve short-term
traffic predictions [48], and they are used in control systems to predict time-dependent
signals (such as the control variables in optimal control where the evolution of input
signals matters). The ability of LSTMs to handle time dependencies makes them
well-suited for any application where the context through time matters significantly.

The application of is applied in both the control and modelling application. In
fact, a power-split controller for a pHEV was implemented by training an LSTM
network with a dataset built with the optimal control trajectory of DP, as reported
in [38] (see Section 3.4.2). A hybrid network, combining an LSTM layer with
a series fully-connected layer was then implemented to model the burn rate of a
highly diluted ICE in the modelling implementation section, as reported in Section
4.3. LSTM networks are exploited for both control and system modelling. First,
a power-split energy management controller for a pHEV was derived by training
an LSTM network on a data set generated from the DP optimal control trajectory,
as detailed in [38] (Section 3.4.2). Subsequently, a hybrid architecture comprising
an initial LSTM layer that works in parallel with a series of fully connected layers
was designed to predict the burn rate of a strongly diluted ICE within the modelling
application framework (Section 4.3).
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2.1.3 Graph Neural Networks

The aforementioned NNs (fully-connected, convolutional, recurrent) generally op-
erate on regular structured data like vectors, grids, or sequences. However, many
problems involve data that are more naturally expressed as graphs, sets of enti-
ties with complex relationships. Examples include transportation networks, social
networks, communication networks, molecular structures, knowledge graphs, and
many others. GNNs are a class of deep learning models designed to directly work
with graph-structured data [36]. In a graph G = (V ,E ), data is organized as nodes
V = {vi}i=1:Nv connected by edges E = {ek}k=1:Ne ⊆ V ×V , and each node, and
possibly each edge, can have features. Connectivity in the graph is encoded by the
adjacency matrix A ∈ RNv×Nv:

Ai j =

1, if (i, j) ∈ E ,

0, otherwise,
(2.3)

while the diagonal degree matrix D ∈ RNv×Nv contains information about the
degree of each node, that is, the number of edges attached to each node.

Di j =

∑
N
j=1 Ai j, i = j,

0, i ̸= j,
(2.4)

Both A and D are typically augmented with self-loops via Â = A+ I and D̂ii =

∑ j Âi j. The key idea of GNNs is to iteratively update each node’s representation by
aggregating information from its neighbors in the graph. This process, often called
message passing [49] or graph convolution, allows the network to learn embeddings
that capture both the features of each node and the structure of its neighborhood. One
popular formulation is the Graph Convolutional Network (GCN) proposed by Kipf
and Welling (2016) [50], which performs an aggregation analogous to a convolution
on the graph. In a GCN layer, the feature vector of each node xi ∈ RN

f (with N f

the number of node features) is updated by taking a weighted sum of the feature
vectors of its neighbors (and itself), followed by a non-linear transformation. A
representation of the aggregation mechanism of GCN is depicted in Figure 2.4.

Mathematically, a GCN update can be written in matrix form as:
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Input
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𝜎

Fig. 2.4 LSTM layer layout: the predicted output patterns are assigned to the training set (the
observations).

X ′ = σ

(
D̂−1/2ÂD̂−1/2XW

)
(2.5)

where X ∈ RNv×N f is the matrix of node features (each row corresponds to
a node’s feature vector), W is a trainable weight matrix, and σ(·) is an activation
function (like ReLU) applied element-wise. Here Â=A+I is the adjacency matrix of
the graph with added self-connections (so that each node includes its own features in
the aggregation), and D̂ is the diagonal degree matrix of Â. The term D̂−1/2, Â, D̂−1/2

is a normalized adjacency matrix, which scales the neighbor contributions by the
inverse square root of their degrees, ensuring that the feature aggregation is properly
normalized. In effect, this equation says: each node’s new feature x′i is obtained by
averaging its own and its neighbors’ current features x j (with normalization) and then
applying a linear transformation W and nonlinearity σ . Repeating this for multiple
layers allows information to propagate over the graph: a node’s representation can
encode not just its immediate neighbors but neighbors further away, as successive
layers aggregate more distant signals. By using such neighbor-aggregation schemes,
GNNs can learn rich representations that incorporate graph topology and features.
They have achieved impressive results in many domains where relational inductive
bias is important. For example, in a transportation network (which naturally forms a
graph of intersections and roads), GNN models can capture the spatial dependencies
of traffic flows; this leads to more accurate traffic forecasting and better routing
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or signal control strategies [51, 52]. Recent work shows GCN policies boost fleet
rebalancing for AMoD systems [1, 53] and, when combined with graph-aware RNN
models, also learn temporal demand patterns [54]. Building on these advances, in
this work a GCN policy is embedded in an RL framework for AMoD coordination,
training it in the SUMO traffic simulator [55] and validating robustness across
times of day, demand patterns, and simulators’ fidelity, thereby demonstrating that
exploiting graph structure yields superior control of complex transportation networks.

2.2 Reinforcement Learning

RL [56] is a powerful, data-driven approach aimed at optimizing control policies for
dynamic systems through direct interaction with their environments. Unlike classical
DP, which typically demands exhaustive exploration of the entire state-action space
and precise knowledge of future conditions (see Section 3.2.2), RL iteratively refines
policies based on experiences gained from real-time interactions. This iterative
approach significantly mitigates the curse of dimensionality, making RL particularly
suitable for practical applications involving complex, high-dimensional real-world
environments.

Formally, RL is framed within the mathematical structure of a Markov Decision
Process (MDP), defined as follows:

M = (X ,U ,P,d0,r,γ) (2.6)

In this framework, X denotes the set of states x ∈X , which can be discrete or
continuous. Similarly, U represents the set of control actions u ∈U . The dynamics
governing state transitions are captured by the conditional probability P(xt+1|xt ,ut),
with an initial state distribution d0(x0). The reward function r : X ×U → R offers
immediate feedback, informing the learning agent about the effectiveness of its
actions in specific states. The agent’s goal is to maximize the cumulative sum of
rewards, adjusted by a discount factor γ ∈ (0,1] that balances immediate versus future
rewards. Critically, the careful engineering of the reward function and appropriate
selection of γ are essential yet challenging aspects of RL, greatly influencing the
resulting policies. For instance, in EMS for HEVs, balancing fuel efficiency against
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battery usage illustrates the sensitivity of the policy to reward shaping, generating a
spectrum of strategies from conservative battery management to aggressive depletion.

The objective of RL algorithms is to find the optimal policy π(ut |xt), defining the
agent’s decision-making strategy by mapping states to actions. During training, the
agent collects experiences, represented as tuples {xt ,ut ,rt ,xt+1}, forming trajectories
τ , which serve as the basis for iterative policy refinement. The probability distribution
over these trajectories, given the policy π(ut |xt), is expressed as:

pπ = d0(x0)
H

∏
t=0

π(ut |xt)P(xt+1|xt ,ut) (2.7)

Thus, the formal objective of RL becomes:

Jπ = Eτ∼pπ

[
H

∑
t=0

γ
tr(xt ,ut)

]
(2.8)

2.2.1 Classification of RL Algorithms

To effectively address diverse control challenges, various RL algorithms have been
proposed, grouped according to their core features and underlying assumptions.
These classifications facilitate selecting appropriate methods tailored to specific tasks
and contexts.

Model-based vs Model-free Approaches

A primary distinction among RL algorithms depends on whether the environment’s
dynamics are explicitly modeled or not. Model-based approaches explicitly learn
the transition dynamics P(xt+1|xt ,ut) from interactions, subsequently using this
learned model to simulate action outcomes and optimize policies offline. These
approaches, such as Dyna [57], Model-Based Policy Optimization (MBPO) [58],
and Dreamer [59], significantly enhance sample efficiency but can introduce biases
due to modeling errors, potentially limiting their accuracy and robustness.

Conversely, model-free approaches avoid explicit modeling of the environment
dynamics, directly deriving policies from trial-and-error interactions between the RL
policy and the environment. Algorithms like SARSA, Q-Learning (QL) [60], and the
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more advanced SAC [61] use this paradigm. Model-free methods typically excel in
complex and high-dimensional environments due to their simplicity and avoidance of
modeling errors, at the cost of a lower sample efficiency since there is no information
regarding the response of the model to a control, rather than the reward feedback,
requiring more policy updates during training compared to model-based approaches.

Discrete vs Continuous Environments

Another crucial categorization relates to the nature of state-action spaces. In discrete
environments, state-action pairs constitute finite, countable sets, allowing methods
like classical QL to employ tabular approaches effectively. However, many practical
scenarios, especially physical or control systems, inherently possess continuous
state-action spaces. Algorithms such as SAC and Deep Deterministic Policy Gra-
dient (DDPG) [62] are specifically designed to handle continuous domains, often
employing NNs to approximate policies and value functions, thus enabling more
targeted and scalable control solutions.

Policy-based vs Value-based Approaches

RL methods also differ fundamentally in their optimization strategies.

Policy-based algorithms directly parameterize and optimize policies, typically
using gradient-based methods. In these algorithms, a parametrized function, usually
a NN, is used to model the policy that maps states to control actions, that can be
deterministic π(xt) or stochastic π(ut |xt), also called the actor. Algorithms such as
REINFORCE, Proximal Policy Optimization (PPO) [63], and Trust Region Policy
Optimization (TRPO) [64] fall under this category, suitable for managing high-
dimensional or continuous action spaces despite potential challenges in optimization
stability. In fact, the policy gradient can be noisy and the algorithms are very sample
inefficient, aspects that can cause the policy to get stuck in local minima.

Value-based focus on learning value functions and deriving a policy from them,
rather than learning the policy directly. Two value functions can be learned: V π ,
which maps the expected return associated with being in a particular state and then
following the policy π:
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V π(x) = Eτ∼pπ ( ·|x0=x)

[
H

∑
t=0

γ
t r(xt ,ut)

]
(2.9)

or the action-value function Qπ , which is defined as the expected cumulative
return that the agent can collect taking an action u in the state x and then following a
policy π .

Qπ(x,u) = Eτ∼pπ ( ·|x0=x, u0=u)

[
H

∑
t=0

γ
t r(xt ,ut)

]
(2.10)

Key examples of model-free, value-based algorithms include the QL [60], one
of the most common RL algorithms, and its derived versions, such as the Deep QL
(DQL) [65] and the Double Q-Learning [66].

QL incrementally estimates the optimal action-value function by bootstrapping
toward the reward plus the maximum predicted value of the next state, and works
with a tabular approach in a discrete environment. Double QL uses the same update
rule of QL, but introduces an independent value estimator so that one estimator
selects the next-state action while the other evaluates it; this simple decoupling
sharply reduces the over-estimation bias that arises from using the same values
for both selection and evaluation, one of the main drawback of QL. Deep QL lifts
QL to high-dimensional and continuous observation spaces, while still working
with discrete action spaces, by replacing the tabular Q-function with an NN. With
DQL, the "curse of dimensionality" problem that affects the QL is partially solved.
Finally, Double DQL (2016) combines the bias-reduction idea of Double QL with the
function-approximation power of DQL using two value estimator parametrized with
NNs. The Double DQL is described in deep in Section 2.2.2, since it is exploited in
the optimization of the energy management of a pHEV, whose results are presented
in the lower-scale case study in Section 3.4.

Actor-Critic Methods

Actor-Critic (AC) algorithms bridge the strengths of policy- and value-based methods
by simultaneously learning a parameterized policy πϑ (xt) (or πϑ (ut |xt) for a stochas-
tic setting), called the actor, and an associated value function Qϕ(xt ,ut), also known
as the critic. Training the actor with feedback from the critic mitigates optimization
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issues, stabilizing policy updates and enhancing sample efficiency. Algorithms such
as DDPG and SAC have emerged as state-of-the-art solutions for continuous con-
trol, balancing exploration and exploitation effectively through sophisticated value
estimation and policy optimization techniques.

Deterministic Policy Gradient (DPG) algorithms [56] introduced the idea of
learning a deterministic target policy while exploring with a separate stochastic
behaviour policy. DDPG [62] extends DPG by representing both actor and critic with
NNs. SAC [61] is the current state-of-the-art for continuous control, and maximizes
a trade-off between expected reward and entropy (randomness) of the policy. By
pursuing a maximum entropy objective, SAC encourages exploratory and diverse
actions while learning. It employs two value estimators for more reliable value
estimates and an adjustable temperature parameter to balance reward maximization
against entropy. These innovations make SAC highly sample-efficient and robust,
achieving excellent performance on continuous control benchmarks with stable
convergence. Section 2.2.3 provides a detailed description of SAC and explains how
it is applied in both the control scales: (i) to control the power-split of a pHEV using
a stochastic policy, and (ii) to optimize the spatial distribution of idling vehicles.

On-policy vs Off-policy Methods

Finally, RL algorithms can be categorized based on experience utilization strategies.
On-policy methods, including PPO and Advantage Actor–Critic (A2C, A3C), use
experiences gathered directly from the current policy for updates, offering training
stability but reduced sample efficiency. In contrast, off-policy methods, such as QL
and its derived variants (Double QL and DQL), DDPG, and SAC, leverage past
experiences collected by potentially different behaviour policies to update a different
target policy, significantly enhancing sample efficiency. This flexibility, however,
necessitates advanced stabilization techniques to mitigate the risk of unstable updates.
QL-based algorithms collect experiences with an ε-greedy behaviour policy (i.e.,
choosing a random action with probability ε and the greedy action otherwise) and
update the action-value function as if the greedy policy had been followed. Off-policy
AC algorithms behave similarly: DDPG and SAC store transitions in a replay buffer
and later sample mini-batches to update both actor and critic.

By clearly understanding these classifications, practitioners can strategically
select and adapt RL methods suited to the specific requirements and constraints of
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their target applications. Next sections detail a deeper presentation of the Double
Deep QL (DDQL) (Section 2.2.2)) and the SAC (Section 2.2.3), which are employed
as RL algorithms for the optimization of the control policies at both the scales
considered.

2.2.2 Double Deep Q-Learning

Building upon the foundational distinctions established in the previous section re-
garding model-free, value-based RL algorithms, we now delve deeper into the DDQL
method, a significant advancement over classical QL. As previously highlighted, QL
stands out for its simplicity and effectiveness, working within discrete state-action
spaces without explicitly modeling environment dynamics. QL employs Temporal
Difference (TD) learning [67], which blends aspects of Monte Carlo (MC) [68] and
DP [69]. TD learning acquires knowledge from direct environmental interactions
similar to MC, and utilizes a bootstrapping technique similar to DP [70], estimating
the Q-value function as defined earlier in Equation 2.10. Central to both DP and RL
frameworks is the Bellman equation, which expresses a state’s value (or state-action
pair’s Q-value) through immediate rewards and the next state’s value. Through the
Bellman equation, it is possible to find optimal decisions by breaking down complex
decision-making problems into smaller, manageable steps, as follows:

Qπ(xt ,ut) = r(xt ,ut)+ γExt+1∼P
ut+1∼π

[Qπ(xt+1,ut+1)] (2.11)

Here, Qπ(xt ,ut) denotes the Q-value associated with policy π when selecting
action ut in state xt . The optimal policy’s Q-value function, π∗, maximizes the
expected future rewards, and its corresponding Bellman equation is formulated as:

Qπ∗(xt ,ut) = Ext+1∼P

[
r(xt ,ut)+ γ max

ut+1∈U
Q(xt+1,ut+1)

]
(2.12)

However, traditional value iteration approaches to solving Equation 2.12 suffer
from scalability issues due to the complexity of extensive state-action spaces search.
A more efficient approach leverages a parameterized Q-function Qϕ(xt ,ut), typically
realized through an NN, directly estimating optimal Q-values from observed data.
The TD update rule for this parameterized estimator is given by:
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Qϕ(xt ,ut)← Qϕ(xt ,ut)+α

[
r(xt ,ut)+ γ max

ut+1∈U
Qϕ(xt+1,ut+1)−Qϕ(xt ,ut)

]
(2.13)

While effective, standard QL and DQL inherently face Q-value overestimation
issue, arising from using the same parameters to select and evaluate actions, due to
the application of the max operator. To address this limitation, DDQL [65] introduces
an innovative decoupling strategy, employing two distinct NNs:

• Behaviour network Qϕ : Actively interacts with the environment, generating
experiences and continually updating its parameters.

• Target network Qϕ ′ : Provides a stable evaluation reference, using periodically
or soft updated parameters (see Equation 2.16).

By separating the action selection from its evaluation, DDQL significantly re-
duces the Q-value overestimation bias typically encountered in traditional QL. The
TD target value y(xt ,ut) within DDQL becomes:

y(xt ,ut) = r(xt ,ut)+ γQϕ ′(xt+1,argmax
ut+1∈U

Qϕ(xt+1,ut+1)) (2.14)

The training process and the separation between action selection and action
evaluation are clearly depicted in Figure 2.5.

DDQL further enhances sample efficiency through an experience replay buffer
D , storing previous experiences {xt ,ut ,rt ,xt+1}, and then randomly sample mini-
batches of M experiences from D for updates. The behaviour estimator Qϕ parame-
ters are optimized by minimizing the loss function:

JQϕ
= E{xt ,ut ,rt ,xt+1}∼D

[(
y(xt ,ut)−Qϕ(xt ,ut)

)2
]

(2.15)

Target network parameters are updated either through periodic synchronization
to the behaviour parameters (ϕ ′ = ϕ) or via a soft-update rule to ensure stability:

ϕ
′ = τϕ +(1− τ)ϕ ′ (2.16)
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Fig. 2.5 Schematic representation of the architecture of the SAC agent.

This methodology substantially improves training stability, as the slowly evolving
target network mitigates drastic fluctuations typical of rapid parameter updates. Thus,
DDQL exemplifies a critical advancement within the broader landscape of off-policy,
value-based RL methods, maintaining efficiency and stability while addressing
significant limitations of its predecessors.

2.2.3 Soft Actor-Critic

While DDQL substantially advances traditional QL by addressing the overestimation
bias and enhancing stability in discrete action spaces, it inherently struggles when
confronted with complex, continuous state-action environments. This limitation
motivates the introduction of AC algorithms, which unify the strengths of policy-
based and value-based approaches discussed previously. Among these methods, the
SAC [61] algorithm has emerged as a prominent and effective solution, particularly
tailored for continuous control problems. SAC is characterized by three fundamental
components: a distinct actor-critic structure involving separate policy (actor) and
value function (critic) NNs, an off-policy training approach similar to DDQL to
leverage previous experience efficiently, and entropy maximization to ensure robust
exploration and policy stability. This entropy maximization distinguishes SAC from
other RL algorithms, as it explicitly balances expected returns against policy random-
ness, leading to improved exploration efficiency and reduced risk of convergence to
suboptimal solutions.
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The SAC agent’s training methodology, illustrated schematically in Figure 2.6,
integrates stochastic exploration strategies by parameterizing actions as distributions
rather than deterministic outputs. Specifically, the policy network outputs both the
mean and standard deviation, defining a Gaussian distribution from which actions
are sampled as reported in Equation 2.17.

(µϑ ,σϑ ) = fϑ (xt)

ut ∼ πϑ (ut |xt) = N
(
µϑ ,diag(σ2

ϑ )
) (2.17)

This stochastic approach contrasts with deterministic policies and facilitates more
thorough exploration of complex state-action spaces. The critic in SAC evaluates the
quality of the actor’s selected actions through the TD error, continuously adjusting
to reflect the evolving policy. This interaction between actor and critic results in an
iterative learning loop, where the actor optimizes actions based on critic evaluations,
and the critic updates its estimates based on the actor’s behavior, continuing until the
desired performance is achieved or external intervention occurs.

Parameters 
update

Entropy
𝒙𝑡 𝒖𝑡
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Fig. 2.6 Schematic representation of the architecture of the SAC agent.

The distinctive feature of SAC, entropy maximization, quantifies the randomness
in policy actions, calculated via the information entropy:

H(π(·|xt)) = Eut∼π [− logπ(ut |xt)] (2.18)
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Higher entropy corresponds to increased randomness, beneficially enhancing
exploration and preventing premature convergence to local optima. SAC modi-
fies the conventional Bellman equation (Equation 2.11) by integrating an entropy
regularization term, forming the soft Bellman equation:

Qπ(xt ,ut) = r(xt ,ut)+ γEut+1∼π

xt+1∼P
[Qπ(xt+1,ut+1)+αT H(π(·|xt+1))] (2.19)

Here, αT , the entropy regularization coefficient or the temperature parameter,
dynamically balances immediate rewards and entropy, directly influencing the ex-
ploratory behavior of the policy throughout training. The SAC training is based on
an experience replay buffer D , from which it is possible to approximate the Bellman
equation through data, by sampling mini-batches of M experience, like for the
DDQL. Thus, the entropy regularized TD target is formulated as follows:

y(xt ,ut) = r(xt ,ut)+ γ min
j=1,2

Qϕ ′, j(xt+1,ut+1)−αT logπϑ (ut+1|xt+1)

ut+1 ∼ πϑ (·|xt+1)
(2.20)

It should be noted that, with this approach the information entropy H(π(·|xt+1))

is approximated by sampling the next action ut+1 from the actual policy π . The
SAC algorithm also incorporates the clipped double-Q trick to mitigate Q-value
overestimation biases, utilizing two independent critic networks initialized differently.
The final loss function guiding the critics updates becomes:

JQϕ, j = E{xt ,ut ,rt ,xt+1}∼D

[(
Qϕ, j(xt ,ut)− y(xt ,ut)

)2
]
, j ∈ 1,2 (2.21)

The Q-value estimators’ parameters can be updated with a custom frequency or
softly updated every training step, like for the DDQL (see Equation 2.16).

The policy network updates aim to maximize the following loss function, which
integrates both reward expectations and policy entropy:
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Jπϑ
= E{xt ,ut ,rt ,xt+1}∼D [−αT logπϑ (ut |xt)+ min

j=1,2
Qϕ, j(xt ,ut)] (2.22)

Lastly, the temperature parameter αT can be kept constant during training or
adaptively tuned by minimizing the entropy loss function:

JαT = E{xt ,ut ,rt ,xt+1}∼D [−αT logπϑ (ut |xt)−αT H ] (2.23)

with H representing the desired target entropy, providing an explicit goal for
policy randomness.

SAC represents a significant advancement over previous methods, addressing
both exploration and stability concerns in complex continuous action spaces, solidi-
fying its role as a leading-edge solution for sophisticated RL applications.



Chapter 3

Control Application

The two scales investigated in this dissertation, i.e., city-wide coordination of AMoD
fleets and component-level power-split control in hybrid powertrains, share a pro-
found structural connection from the standpoint of systems control. In both domains,
energy efficiency is significantly enhanced when intelligent controllers perceive and
respond dynamically to real-time conditions. Furthermore, both systems operate
within stochastic, highly interconnected environments. At the fleet level, fluctuating
traffic conditions continually affect travel times, while at the powertrain level, traf-
fic dynamics influence vehicle speeds imposed by drivers, introducing substantial
uncertainty into powertrain load demands. Additionally, each scenario presents a
high-dimensional state–action space: thousands of vehicles for fleet management and
multiple hybrid operation modes and torque-split configurations at the powertrain
level. Consequently, researchers must deal with the curse of dimensionality, inherent
stochasticity, and strict computational limitations.

Due to these parallel structures, the evolution of control methodologies in these
distinct domains has unfolded along remarkably similar trajectories. Initially, Rule-
Based (RB) heuristics dominated, providing rapid decisions but often lacking of
optimality. Subsequently, deterministic optimization frameworks emerged, as Mixed-
Integer Programming (MIP) for fleet management, and DP and Pontryagin-type
methods for powertrain control, offering improved performance but suffering from
exponential computational growth and a heavy reliance on prior system knowledge.
More recently, DRL introduced a paradigm shift, promising near-optimal decision-
making with significantly reduced inference times. Leveraging NN approximators
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within AC or value-based approaches, DRL efficiently handles high-dimensional
state spaces, identifies near-optimal strategies, and continuously adapts to dynamic
and uncertain environments.

This dissertation capitalizes on these converging insights to craft a unified RL
framework capable of spanning both spatial and temporal scales, from city-wide
mobility systems to hybrid powertrains. In what follows, the relevant literature is
synthesized into a cohesive narrative, underscoring shared technical challenges and
illustrating how cross-domain insights between fleet logistics and vehicular energy
management enrich the controller design proposed herein.

AMoD coordination

In AMoD systems, a primary challenge arises from the inherently high-dimensional
state–action space, naturally framed as a networked optimal control problem. Exten-
sive research across various domains, including power systems [71], telecommunica-
tions [72], supply-chain logistics [73], and transportation [74, 1], has demonstrated
that large-scale operational tasks can often be recast as graph-based flow optimiza-
tion problems. Traditional tools, such as time-expanded networks [75] and Linear
Programming (LP) [76], provide optimal solutions under deterministic conditions
but struggle significantly in real-world scenarios where stochasticity undermines
predictability and computational burdens escalate exponentially.

Reflecting this broader progression, early AMoD operators relied on fast but
short-sighted heuristics [77, 78], trading efficiency for computational simplicity.
Advances in MPC and mixed-integer optimization significantly boosted system
performance by re-optimizing decisions over finite horizons [79, 80]. Neverthe-
less, these methods exhibit super-linear runtime growth relative to fleet size and
degrade under unpredictable conditions like sudden demand changes or traffic distur-
bances. Recent trends thus pivoted toward data-driven and RL-based methods that
derive policies through interaction with simulated mobility environments. Notable
contributions include AC policies with fleet-size-independent action spaces [81],
sequential assignment strategies with theoretical performance guarantees [82], and
decentralized multi-agent controllers tailored for electric fleets [83]. Yet, many of
these methods do not exploit the inherent structure of the transportation network.
Addressing this gap, Gammelli et al. [1, 53] incorporated GCN into hierarchical
policies, effectively reducing dimensionality and exploit information from neigh-
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boring areas in the city to further optimize the decisio-making. Building upon this,
Schmidt et al. [26] and Gammelli et al. [54] further enhanced sample efficiency
and robustness through offline RL and meta-RL training paradigms [84]. Despite
significant advances, however, policies are predominantly validated using simplified,
high-speed simulators, leaving unresolved issues regarding their robustness and
applicability in noisy real-world environments.

Energy Management System for Hybrid Powertrains

The evolution of EMS for hybrid powertrains mirrors the trajectory observed in
AMoD coordination. Industry widely employs RB strategies, such as lookup tables
and threshold-based logic [85], due to their transparency and minimal computational
requirement. Nevertheless, RB strategies embed expert biases and often perform
very sub-optimally outside their calibration scenarios, limiting their effectiveness
under diverse real-world conditions. In pursuit of optimality, research has explored
global optimization methods such as DP [69] and Pontryagin’s Minimum Principle
(PMP) [86], offering optimal solutions if the complete mission profiles are known in
advance. However, these methods are computationally intensive and impractical for
real-time deployment. Alternative local optimization techniques, including ECMS
[87] and MPC [88], mitigate computational costs but risk suboptimal performance,
particularly under cycle variations [89].

The advent of RL provided an alternative and efficient solution, progressing
from tabular QL, which is effective but limited by state-action space discretization
[90–92], to DQL, which leverages NN value approximators to manage continu-
ous states more efficiently [93–95]. Despite these improvements, DQL remains
susceptible to action discretization errors and overestimation bias. AC methods,
such as DDPG and Twin Delayed Deep Deterministic Policy Gradient (TD3) [96],
successfully addressed these limitations, finding application in multi-objective EMS,
battery health management, and waste-heat recovery scenarios [97–100]. Recently,
entropy-regularized SAC algorithms have emerged prominently, offering superior
exploration–exploitation balance and training stability [101–104].

Yet, persistent challenges parallel those in AMoD research: most EMS studies
risk overfitting by training policies on singular driving cycles, and simplistic vehicle
models frequently hinder effective transition to detailed virtual vehicle test rigs and
real-world test cases.
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Converging Themes and Remaining Challenges

Despite their distinct operational scales, AMoD fleet coordination and hybrid power-
train EMS share a common set of scientific challenges:

• navigating vast, continuous state–action spaces under real-time computational
constraints;

• maintaining robustness among stochastic, dynamic traffic conditions, unpre-
dictable demand, and varied driver behavior;

• leveraging structural domain knowledge (network topology or drivetrain
physics) to mitigate the curse of dimensionality;

• ensuring sample-efficient, safe training procedures, given the constraints of
computationally intensive simulations and real-world safety demands;

• achieving generalization across varying geographic locations, temporal scales,
and operational contexts, bridging the persistent "sim-to-real" gap.

Contributions

This dissertation harmonizes two distinct yet structurally similar research streams:
city-scale AMoD coordination and component-level hybrid-powertrain EMS op-
timization. The contributions build upon and extend previous results reported in
[105] for fleet coordination, and in [38, 95, 104, 2, 106] for the powertrain domain.
Specifically:

• At the AMoD scale, a SAC framework is adopted, integrating a three-layer hier-
archical policy proposed by [1] to significantly compress the action space. The
policy controls idle vehicle redistribution across an aggregated city network,
substantially enhancing computational tractability. Training and evaluation
conducted in a SUMO-based mesoscopic traffic simulator [55] demonstrate
impressive robustness and generalization across various conditions, includ-
ing different network aggregation levels, simulator fidelities, and time-of-day
variations.
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• At the powertrain scale, the dissertation applies SAC initially on a simplified
vehicle model, subsequently validating the learned policies on a high-fidelity
virtual test rig using a Real Driving Emissions (RDE) compliant cycle. Ex-
tensive cross-validation confirms robust performance across diverse driving
missions and initial battery energy conditions, verifying the scalability and
practical applicability of the developed approach from simplified training
conditions to realistic operational environments.

Collectively, these contributions demonstrate the feasibility and effectiveness of
using a unified DRL framework, specifically SAC, across multiple scales and do-
mains, thus addressing significant real-world challenges in transportation efficiency
and sustainability.

Chapter Structure

This chapter is structured to reflect the two distinct yet interconnected scales while
maintaining a cohesive narrative flow from modeling foundations to control de-
sign and performance evaluation. Section 3.1 establishes the foundational modeling
frameworks: Section 3.1.1 analyzes various traffic simulator paradigms (macroscopic,
mesoscopic, and microscopic) and motivates the selection of SUMO’s mesoscopic
engine for fleet-level analyses, while Section 3.1.2 details the modeling strategies
employed for vehicle longitudinal dynamics and hybrid powertrain behavior. Build-
ing upon these modeling foundations, Section 3.2 introduces a unified optimal
control perspective, critically reviews existing optimization-based methodologies,
contrasts them with RB heuristics, and provides a rationale for adopting learning-
based approaches, particularly the SAC framework. Subsequently, the chapter is
split to address each application scale separately yet consistently. Section 3.3 de-
tails the methodology, presents a specific case study, and discusses the principal
results concerning fleet coordination. In parallel, Section 3.4 mirrors this structure
at the component level, focusing on powertrain EMS optimization and associated
outcomes.
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3.1 Modeling Theory

A rigorous evaluation of control policies for AMoD fleets and hybrid-electric pow-
ertrains depends on equally rigorous system-level models. At the network scale,
traffic simulators translate origin–destination demand into time-resolved vehicle
trajectories, exposing the spatial–temporal patterns that rebalancing and charging al-
gorithms must master. Microscopic platforms track each individual car, macroscopic
tools approximate continuous traffic streams, and mesoscopic engines lie in between;
selecting the right fidelity, therefore governs both realism and computational cost for
AMoD studies. At the vehicle scale, electrified–powertrain models convert those tra-
jectories into fuel and electricity use, capturing how torque is shared between engine,
motor, and battery under a chosen EMS. Together, traffic and xEV models form a
digital twin that connects city-wide flows with component-level energy balances.

The remainder of this chapter reflects that dual perspective. Section 3.1.1 sur-
veys traffic-simulation paradigms in ascending order of resolution, macroscopic,
microscopic and mesoscopic, highlighting their core assumptions, typical use-cases
and relevance to fleet coordination. Section 3.1.2 then offers a concise introduction
to electrified-vehicle classes before detailing the modeling stack adopted in this
thesis: longitudinal vehicle dynamics, steady-state map representations of engine,
motor, and battery, and the backward- and forward-quasi-static numerical schemes
used to propagate those models along drive cycles. Each subsection establishes the
assumptions, parameters, and solution methods later employed in the AMoD and
EMS case studies.

3.1.1 Traffic Simulators

Accurate traffic modeling is the foundation of any realistic simulation of AMoD
systems, because the travel times, network congestion levels, and vehicle to vehicle
interactions predicted by the traffic layer feed directly into vehicle routing, fleet siz-
ing, energy and emission assessments of the AMoD fleet. No single traffic simulator
is universally “best”: instead, researchers choose among three classical categories:
macroscopic, mesoscopic, and microscopic, by weighing a fundamental trade-off
simulator fidelity and computational cost. The following subsections detail (i) the
continuum and graph-based foundations of macroscopic models, (ii) the queue-based
mesoscopic formulation implemented in SUMO, and (iii) the vehicle-dynamics ingre-
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dients of microscopic simulation, highlighting how each layer supports progressively
richer, but costlier, analyses of AMoD operations.

Macroscopic

Macroscopic models treat traffic flow as fluid flow on a road network graph, focusing
on aggregate quantities like flow, density, and speed. The road network is represented
as a graph with nodes that represent the intersections, connected by edges that
represent the road segments. The traffic dynamics on each node are described by
continuum equations, whose main equation is the conservation of vehicles on each
node:


∂ρ(x,t)

∂ t + ∂q(x,t)
∂x = 0

q(x, t) = Q(ρ(x, t))
(3.1)

where ρ(x, t) is the traffic density (measured in [veh/m], describing the mean
number of vehicles per unit roadway length, while q(x, t) is the traffic volume or flow
rate, describing the mean number of vehicles passing the cross-section x per unit
time at time t (measured in veh/s). This equation states that changes in traffic density
ρ(x, t) along a road are due to imbalance of inflow q(x, t) and outflow. This equation,
according to the Kinematic Wave Model [107], is paired with the fundamental
diagram Q that relates the flow q(x, t) to the density ρ(x, t) and thus to the traffic
speed along the road through q(x, t) = ρ(x, t)ẋ. A classic example is the Lighthill-
Whitham-Richards (LWR) model [108, 109], a first-order model where each road
behaves like a single homogeneous stream with a velocity that decreases with density.
This continuum approach captures phenomena like shockwaves and traffic jams as
wave propagations in the density field. Graph-based approaches usually discretize
the continuum model for computation. A notable method is the Cell Transmission
Model (CTM) proposed by Daganzo in 1994 [110]. It divides each road intersection
into cells and updates the vehicle count in each cell at small time steps. The update
rule for each cell i is given by:

ni
t+∆t = ni

tq
i
t−qi+1

t (3.2)
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where ni
t is the number of vehicles in cell i and qi

t is the flow, so vehicles leaving
cell i, during the interval (t, t +∆t). The flow qi

t is determined by upstream demand
and downstream supply, ensuring that it does not exceed the road’s capacity or
cause negative densities. In essence, each link acts like a pipeline with a finite wave
propagation speed, and vehicles entering a link will propagate cell by cell unless
impeded by downstream congestion. These macroscopic network models are compu-
tationally efficient and well-suited for large-scale simulations. They can reproduce
key emergent phenomena, like formation and dissipation of queues, shockwave prop-
agation, and are deterministic, avoiding the noise of individual vehicle behavior. An
added benefit from an energy perspective is that macroscopic models readily provide
aggregate measures like average travel time, fuel consumption, and emissions for the
network. For example, by using aggregate speed and flow outputs, one can estimate
fuel usage or emission rates with appropriate consumption models. This makes
macroscopic graph-based simulators attractive in transport-energy studies where
system-wide efficiency or emissions are evaluated.

Mesoscopic

Mesoscopic traffic models combine the aggregate efficiency of macroscopic frame-
works with the detailed vehicle representation of microscopic simulations, relying
on simplified vehicle dynamics derived from queueing theory [111]. In these mod-
els, each road link is split into queues with finite capacity, where vehicles travel at
free-flow speed until they reach the end of the segment and may join a FIFO queue
if the discharge capacity is saturated. The queue length N(t) evolves according to
the accumulation equation:

Ṅ(t) = qin(t)−µ, (3.3)

where qin(t) is the arrival rate and µ is the link’s outflow capacity. In this work,
the mesoscopic engine of SUMO [55] is employed to simulate traffic dynamics
for AMoD systems efficiently. Each network k-th edge is represented as a single
aggregated queue of fixed length Lk, refreshed in discrete steps ∆t, with each vehicle
ν assigned an exit time tν

exit computed as:
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tν
ff =

Lk

min
{

vν
max, vk

lim

} (3.4)

tν
exit = max

{
tν
in + tν

ff, tν−1
exit +Hk

s (o
k,ojam)

}
(3.5)

where vν
max is the desired speed of vehicle ν , vk

lim is the speed limit, and Hk
s is the

minimum time headway ensuring safe progression based on the congestion state of
the current and downstream queues. Congestion is assessed through the occupancy
ok = nkLveh/Lk, with nk being the number of vehicles in the queue and ojam a jam
threshold, which must be properly calibrated to ensure realistic congestion through
the network. Four headway regimes are defined as:

Hk
s =


Hff, ok < ojam, ok+1 < ojam,

Hfj, ok < ojam, ok+1 ≥ ojam,

Hjf, ok ≥ ojam, ok+1 < ojam,

Hjj, ok ≥ ojam, ok+1 ≥ ojam,

(3.6)

capturing both free-flow and congested interactions. Intersections are modeled as
additional delays based on traffic lights or priority rules. By abstracting continuous
vehicle trajectories into queue-based updates, SUMO’s mesoscopic solver is up to
two orders of magnitude faster than its microscopic engine, yet still reproduces
congestion effects and realistic travel times, making it ideal for AMoD simulations
and energy analysis at the fleet level.

Microscopic

Microscopic models simulate the detailed behavior of individual vehicles. Each
vehicle’s acceleration and spacing are computed based on car-following models,
for the longitudinal motion, and lane-changing rules, for lateral movement. In the
open-source simulator SUMO, several car-following models are implemented to
govern how a vehicle follows the one in front of it. These models are defined by
equations that ensure collision-free, yet realistic, interactions between vehicles. The
default car-following model in SUMO is the Krauss model [112] which is essentially
a stochastic safe-distance model. It can be considered a space-continuous version of
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the Nagel-Schreckenberg cellular automaton model [113]. For each follower vehicle
ν , the maximum safe speed is determined by the braking-safety inequality:

vsafe ≤ vlead +2bmax

(
g− vvlead

2bmax

)1/2

(3.7)

where g is the net gap, vlead the leader’s speed and bmax the (common) comfort-
able deceleration; the adopted speed is then:

vt+∆t = max{0, (1−ω)vsafe +ω ξ} (3.8)

with ω∈ [0,1] a driver imperfection factor and ξ a uniform random draw, guar-
anteeing collision-free operation by construction. The widely used Intelligent Driver
Model (IDM) [114] is also implemented and often preferred for smooth trajectory
analysis. Its acceleration law:

v̇ = amax

[
1−
(

v
v0

)δ

−
(

s∗(v,∆v)
s

)2
]

s∗ = s0 + vHs +
v∆v

2
√

amaxb

(3.9)

depends on desired speed v0, time headway Hs, minimum jam gap s0, maximum
acceleration amax, comfortable deceleration b, and exponent δ , producing realistic
acceleration and braking profiles that are crucial for emission and energy studies
at the vehicle level. Lane selection is handled by the MOBIL rule [115], which
evaluates a prospective lane change by the criterion:

anew
i −aold

i + p
(
anew
ℓ −aold

ℓ +anew
ℓ−1 −aold

ℓ−1
)
> ∆athr (3.10)

with p the driver politeness factor and ∆athr a minimum incentive threshold.
Signalised junctions are simulated by a discrete phase optimizer that imposes amber-
and red-light constraints on incoming links; unsignalised and priority nodes follow
gap-acceptance logic that yields realistic blocking . Microscopic simulation therefore
captures stop–and–go waves, capacity drop at merges, and the dynamic effect of
Adaptive Cruise Control (ACC) or eco-driving algorithms, features essential when the
research goal is to relate instantaneous powertrain behaviour to traffic conditions. The
cost is computational: memory scales with the number of vehicles and runtime grows
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linearly with Nveh/∆t, limiting network size or horizon length unless multi-core
processing and adaptive time stepping are used. Nevertheless, for corridor studies
or the calibration of powertrain energy models, the microscopic layer provides the
necessary fidelity that coarser mesoscopic or macroscopic abstractions cannot.

3.1.2 xEV modeling

Traffic models describe how individual vehicles interact on the road network, yield-
ing speed–position trajectories for every vehicle. Translating those trajectories into
reliable estimates of energy use and pollutant emissions, however, requires a descrip-
tion of the vehicle itself and, in particular, of how its powertrain converts traction
demands into fuel and electricity consumption. The present work focuses on HEVs
and on assessing innovative EMSs for such architectures. To that end, the vehicle
model must satisfy two often conflicting requirements:

• Physical fidelity: it must capture the dynamics of the powertrain components,
i.e., ICE, Electric Motor (EM), battery, and satisfy the traction demand coming
from the road and the driver;

• Computational efficiency: it must run fast enough to process long drive cycles,
and optimization loops within a reasonable computational time.

These considerations motivate the adoption of a system-level modeling frame-
work, which is detailed in this section. The formulation begins with a brief introduc-
tion of the electrified powertrain in Section 3.1.2, followed by the description of the
longitudinal dynamics of the vehicle, presented in Section 3.1.2, and the modeling
approach for the hybrid powertrain components in Section 3.1.2. Finally, Section
3.1.2 outlines the numerical methods used to solve the coupled dynamics of the
vehicle and powertrain efficiently and accurately.

Introduction to Electrified Vehicles

Electrified Vehicles (xEVs) involve a some technologies that use electricity as a
primary or auxiliary source for vehicle propulsion, replacing conventional energy
sources and associated components with their electric counterparts. Generally, it’s
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possible to electrify not only the propulsion system, but also some auxiliary systems
that traditionally use energy coming from the ICE, degrading its overall efficiency.
BEVs use electric motors powered by batteries instead of ICE, but their market
spread is limited by range, charging time, and infrastructure challenges [16]. In
between traditional ICE powertrains and BEVs, HEVs represent a compromise
by integrating the advantageous aspects of both propulsion solutions, thus, it’s
considered a promising solution at least in the mid-term scenario. The high energy
density of fossil fuels enables the ICE to provide extended driving range, while
the addition of an auxiliary energy storage system allows the load to be shared
between the ICE and the EM. This sharing can move the ICE operating points into
more efficient or less polluting regimes. Furthermore, in HEVs, the ICE can be
deactivated when not needed and, compared to conventional vehicles, the ICE can
be downsized and paired with EMs, resulting in improved fuel economy without
affecting the overall performance of the powertrain. Additionally, kinetic energy lost
during braking can be partially recuperated, as EMs function as generators during
braking events, converting kinetic energy into electrical energy to be stored in the
battery, enabling the so-called regenerative braking. Among the xEV powertrains,
it’s possible to further categorize them depending on the powertrain electrification
level. Figure 3.1 presents a classification of xEVs based on the relative size of their
electric actuators. The higher the EM and battery sizes, the higher the degree of
electrification. In conventional vehicles, the ICE alone fulfills all propulsion needs.
Micro-hybrids add a small EM, enabling start-stop functionality to reduce idling fuel
use and emissions. Mild and full hybrids use larger EMs and batteries, providing
additional features such as engine assistance and regenerative braking. Plug-in
Hybrid Electric Vehicles (pHEVs) differ from HEVs in that their larger batteries
can be recharged externally, enabling longer travel distances with minimal ICE
intervention. At the far end of the spectrum, fully electric vehicles rely exclusively
on EMs, which may be powered by batteries or fuel cells.

HEVs can also be categorized according to their powertrain architecture, typically
falling into one of three main types:

• Series Hybrid: only the EMs are mechanically linked to the wheels. Traction
is provided by EMs powered either directly from the battery or by a generator
driven by the ICE.
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Fig. 3.1 Spectrum of vehicle electrification levels.

• Parallel Hybrid: both the ICE and the EM can supply their mechanical power
to the driven wheels, and the connection between the ICE and the EM is
obtained by means of a mechanical transmission system;

• Complex Hybrid: this architecture is characterized by the coexistence of a
parallel path with a series one.

Vehicle modeling

With vehicle’s longitudinal dynamics analysis, the vehicle can be treated as a single
lumped mass. Applying Newton’s second law to this point-mass representation (see
Figure 3.2) give:

𝛼

𝐹𝑟𝑜𝑙𝑙

𝐹𝑎𝑒𝑟𝑜
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𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎

Fig. 3.2 Forces acting on a vehicle.
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Mvehv̇ = Finertia (3.11)

where Mveh denotes the total mass of the vehicle, including the equivalent inertias
of all driveline components, v is the longitudinal velocity, and Finertia is the inertial
force. That inertial component can be decomposed as:

Finertia = Fpwt−Fbrk−Froll−Faero−Fgrade (3.12)

with Fpwt as the tractive force produced by the powertrain, Fbrk as the resistive
force applied by the braking system, Froll as the rolling resistance, Faero as the
aerodynamic drag, and Fgrade gravitational component coming from road slope.
Usually, the rolling resistance can be commonly expressed as [17]:

Froll = crollMvehgcosα (3.13)

where g is the gravitational acceleration, α is the road slope angle, and croll is
the rolling resistance coefficient. The latter depends on speed, tyre inflation pressure,
and ambient temperature, and is often approximated by a polynomial expression
depending on the vehicle longitudinal velocity:

croll = c0 + c1v+ c2v2 + c3v3 (3.14)

The aerodynamic resistance is calculated via:

Faero =
1
2

ρairA fCdv2 (3.15)

where ρair is the air density, A f is the vehicle frontal area, and Cd is the drag
coefficient. Finally, the component of gravitational force along the road incline is:

Fgrade = Mvehgsinα (3.16)

However, since isolating aerodynamic drag from rolling resistance during testing
is often difficult, both effects are commonly experimentally determined, through a
procedure known as coast-down test: i.e., the vehicle is allowed to decelerate freely,
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so that the observed deceleration arises exclusively from these two resistances; by
recording the instantaneous speed, one can then compute the total drag force acting
on the vehicle as a function of velocity:

Froll+aero =C0 +C1v+C2v2 (3.17)

where C0, C1, and C2 are the Coast-Down coefficients [116].

These relations form the fundamental framework for longitudinal vehicle model-
ing; with accurately identified parameters, they deliver an accurate representation of
the vehicle response for most powertrain and energy analyses.

Powertrain modeling

Building on the longitudinal dynamics formulated in Section 3.1.2, the powertrain
model considered here contains the main components common to most hybrid
architectures, an ICE, an EM with its power-electronics stage, and a battery pack,
that act together to meet the wheel torque demand, as reported in Figure 3.3. The
actual number of components and the level of modeling detail can vary with the
specific hybrid configuration (series, parallel, power-split, etc.); for clarity, only
these principal subsystems are described in the following text.

Internal Combustion Engine. As illustrated in Figure 3.4, engine-modeling
techniques range from full 3D-CFD, which models in-cylinder combustion and gas-
exchange physics at a very high computational cost, through 1D-CFD, which solves
mono-dimensional conservation equations for the entire intake–exhaust network with
moderate run-times, down to map-based models that models the engine behavior
with steady-state lookup tables of fuel flow, efficiency, and emissions versus speed
and load. The map-based approach can run entire driving missions in, or faster than,
real time, making it the method of choice for energy-related analysis at the vehicle
system level. However, their lumped nature means that accuracy degrades whenever
rapid transients, turbo-lag, or other dynamic gas-exchange effects become central to
the investigation.

Electric Machine. At the system level, like an ICE is described through steady-
state performance maps, an EM is modeled with look-up tables. Due to the machine’s
very high rotational speeds, the rotor’s lumped inertia is the only dynamic state
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Fig. 3.3 Example of a hybrid powertrain with its main components.

explicitly simulated, while the much faster electromagnetic dynamics are embedded
into the map representation. Depending on the chosen formulation, the electrical and
mechanical power/torque are coupled with an efficiency map expressed versus speed
and load. Losses in the power-electronics stage can be modeled through a dedicated
efficiency map or directly embedded into the EM’s overall efficiency map. In traction
mode, the mechanical power at the shaft Pmech is obtained from the electrical power
Pelec through:

Pmech =
Pelec

η
(3.18)

whereas in generator mode, the relationship reverses to:

Pmech = Pelecη (3.19)
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Fig. 3.4 Main engine modeling methodologies: model detail vs. computational time.

The power sign distinguishes traction from regeneration, whose sign depends on
the convention used, but the losses are always positive and are computed as:

Ploss = Pelec−Pmech (3.20)

Battery. As with ICEs and EMs, batteries can be represented with models of
varying fidelity, each featuring the usual trade-off between accuracy of the captured
physics against computational cost. At the highest resolutions are atomic-scale
simulations, used for material behavior characterization, molecular-scale models
that solve phase transitions within cell constituents, and microscale frameworks
based on non-equilibrium thermodynamics that recreate the 3D morphology of
porous electrodes. For vehicle-level studies, however, it is common to describe the
pack’s electrical behavior with Equivalent Circuit Models (ECMs), which provide
an efficient yet sufficiently accurate representation of battery electrical dynamics
for driving cycle simulations and control development. Following the system-level
models approach already adopted for the ICE and EM subsystems, the discussion
that follows is restricted to the ECM description.
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Figure 3.5 shows a typical ECM for a battery. In this representation, the resistor
R0 accounts for ohmic losses due to wire resistance, electrode resistance, and other
dissipative effects. Dynamic behavior is captured by a parallel resistor–capacitor pair,
R1 and C1. Although the illustration uses a single R-C branch (first-order model),
additional branches can be added to improve fidelity.

VOC

𝐼R0

𝑉R1

C1

+

Fig. 3.5 Battery equivalent circuit-based model (first-order).

The terminal voltage is given by

VL =Voc−R0I−
n

∑
i=1

Vi (3.21)

where Voc is the Open Circuit Voltage (OCV) measured after the cell has reached
equilibrium under unloaded conditions, I is the current, and Vi denotes the voltage
across the ith R-C branch. Here n is the number of such branches (n = 1 in the
figure). Each branch is described by the first-order differential relation

Ci
dVi

dt
= I− Vi

Ri
(3.22)

Both Ri and Ci may vary with operating conditions such as temperature and the
sign of the current (charging vs. discharging). Their numerical values, along with R0,
are usually obtained by fitting the model to experimental data, with the complexity
of the task increasing with the number of R-C branches.

A still simpler representation replaces the entire R-C network with one lumped
internal resistance, Rint, in series with the open-circuit voltage source. All ohmic
and polarization effects are lumped into this single parameter, reducing the terminal-
voltage relation to
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VL =Voc−RintI (3.23)

As with the individual R-C elements, Rint is identified through curve-fitting of ex-
perimental data and is usually expressed as a function of operating parameters, most
commonly the cell State of Charge (SoC) and temperature, and, where necessary,
current direction.

Numerical Models

Given the equations for the vehicle and hybrid powertrain models, they must be
embedded in a computational framework that predicts energy use and fuel consump-
tion over a specified drive cycle. Two quasi-static approaches are commonly use in
practice.

Backward Kinematic Approach. The backward approach is commonly employed
to estimate a vehicle’s fuel consumption and pollutant output over a driving mission.
In this framework, the speed profile and road gradient are imposed a priori, and
the calculation proceeds backward from the wheels to the energy sources, without
resolving the internal dynamics of the powertrain components. Each machine is
therefore represented by steady-state look-up maps (see Section 3.1.2), a choice
that delivers high computational speed and yields overall fuel and emissions output
that are sufficiently accurate for preliminary assessments over the driving cycle.
The cost of this efficiency is that transient phenomena are reduced to a sequence of
steady-state operating points, so results can change from experimental data during
highly dynamic events. The information flow of the backward method is illustrated
in Figure 3.6.

Force
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Ang. Speed

Torque

Ang. Speed
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Fig. 3.6 Information flow in a backward kinematic approach.
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Quasi-static Forward Approach. In a quasi-static forward simulation, the ICE,
EM, and battery are still represented by steady-state look-up tables; however, un-
like the backward kinematic method, vehicle speed is not imposed on the vehicle
anymore, but treated as a target profile. A driver model, typically implemented as
a Proportional-Integral-Derivative (PID) controller, modulates brake and throttle
commands so that the actual speed follows the target. The longitudinal dynamics
equation then updates acceleration and velocity at each time step, thereby capturing
the overall system dynamics that the backward approach lumps into the equivalent
vehicle mass (see 3.1.2. The corresponding flow of information is reported in Figure
3.7.
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Speed 
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Fig. 3.7 Information flow in a forward dynamic approach.

Although this quasi-static scheme delivers reasonably accurate fuel consumption
estimates over driving cycles, its steady-state maps cannot resolve strongly non-
linear phenomena such as soot formation, rapid load transients, or turbocharger
lag. Analyses that require such detail demand higher fidelity engine models, e.g.,
0-D or 1-D fluid-dynamic formulations, to reproduce the full thermodynamic and
gas-exchange dynamics.

3.2 Control Theory Background

Efficient management of AMoD fleets and HEV powertrains claims two versions
of the same challenge: solving a complex, partially uncertain dynamical system
toward long-term objectives while respecting stringent physical and operational
constraints. In a city-scale AMoD network, control decisions determine when and
where thousands of autonomous vehicles reposition, charge, and serve passengers,
directly affecting passenger wait times, operating cost, and overall fleet emissions. At
the powertrain scale, EMS for HEVs continuously allocate torque between ICE and



50 Control Application

EM to minimize fuel use and pollutants under different battery depletion strategies.
Both problems demand real time, foresighted choices, yet being different in their
dynamics, horizons, and dimensionality; a unified control theory perspective helps
compare solution methods and identify trade-offs in optimality, robustness, and
computational burden.

The remainder of this section is organized accordingly. Section 3.2.1 intro-
duces the generic optimal-control formulation used throughout the thesis. Section
3.2.2 reviews optimization-based strategies, proceeding from global DP and PMP
to receding-horizon MPC and the instantaneous ECMS variant popular in HEVs.
Section 3.2.3 presents heuristics that sacrifice formal optimality for transparency and
very low on-board cost, both for fleet rebalancing rules and classical EMS look-up
strategies. Finally, Section 3.2.4 motivates data-driven and RL controllers, bridging
the gap between model-heavy optimization and model-free heuristics and setting the
stage for the case studies presented in later chapters.

3.2.1 Optimal Control Framework

Many engineering and economic tasks can be formulated as optimal control prob-
lems: the control theory branch that seeks a control trajectory that guides a dynamical
system while maximizing or minimizing a chosen performance index. In the context
of HEVs, for example, the control variable might be the instantaneous power-split
between the powertrain machines, and the objective could be minimizing fuel con-
sumption, pollutant emissions, or a weighted combination of both. At a larger scale,
the motion and spatial distribution of a robotaxi fleet may be coordinated to maximise
service profit or minimise fleet-related pollutants or CO2 emissions, again through
an appropriately defined multi-objective index. Classical optimal control methods
are feasible only when the underlying mathematical model is simple, due to the
computational burden associated with the optimization process itself, and the future
evolution of the system is perfectly known over the optimization horizon. Real sys-
tems rarely meet these conditions, since model uncertainty and unknown boundary
conditions are always present, so any practical implementation is, by construction,
only near-optimal. Following the formalism of [117], the system dynamics can be
expressed as
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ẋ(t) = f (x(t),u(t), t) (3.24)

where x(t)∈Rn is the set of states, u(t)∈Rm is the set of controls, f is a function
that model their time evolution, and t is the time variable. In an HEV, f includes the
vehicle and powertrain equations (see Section 3.1.2; in a fleet model, it may encode
vehicle motion through a road network and traffic evolution (see Section 3.1.1). For
a problem with fixed final time t f and partially specified terminal state, the control
law u(t) is optimal over t ∈ [t0, t f ] if it minimizes the cost functional

J = φ
(
x(t f ), t f

)
+
∫ t f

t0
L(x(t),u(t), t)dt (3.25)

subject to the terminal condition (boundary conditions on states)

ψ
(
x(t f ), t f

)
= 0 (3.26)

and instantaneous constraints


G(x(t), t)≤ 0

x(t) ∈X (t)

u(t) ∈U (t)

∀t ∈ [t0, t f ] (3.27)

Here, L(x(t),u(t), t) ∈ R denotes the instantaneous cost-to-go function, that
can be the fuel rate, pollutant emission rate or any other quantities related to a
desired dynamic behavior for a HEV, or the monetary profit, and CO2 or pollutant
emissions at the fleet level. Φ captures any terminal penalty, such as final battery
SoC, fleet distribution at the end of the day. Additional local constraints, such as
physical limitations of the powertrain components, i.e., ICE, EM, battery, or flow
conservation at network nodes, restrict admissible trajectories, while integral or
terminal constraints enforce conditions at the final time instant t f . These may be
imposed as hard constraints through (3.26) or as soft constraints by augmenting
the terminal cost Φ. For instance, if J minimized only instantaneous fuel flow, the
optimal solution would exploit a pure electric drive, depleting the battery until the
end of the driving mission; incorporating a SoC penalty in Φ prevents this unrealistic
outcome and ensures a desired final electric energy content. To solve the optimal
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control problem, several families of methods can be employed, depending on how
much system knowledge is available, how much detail is required, and whether real-
time implementation is needed. Optimization methods formulate the task explicitly as
an optimization problem, computing the control sequence either instantaneously, over
a receding finite horizon, or across the entire time period through global techniques.
A second category relies on RB heuristics, by carefully tuning decision rules that
sacrifice strict optimality in exchange for very low computational cost while still
tracking the optimal policy reasonably well. A third, learning-based, approach trains
a parametrized policy, often using machine learning models, so that after an offline
training phase, it can deliver near-optimal performance with the computational speed
required for online deployment. The next sections discuss these three classes of
techniques in detail.

3.2.2 Optimization-based Approaches

Optimization-based approaches tackle the optimal-control problem by applying
mathematical programming techniques that can be grouped into two broad families:

• Global optimization methods: the full problem is solved in a single batch under
the assumption that past, present, and future operating conditions are perfectly
known. Representative algorithms are DP [69] and PMP [86].

• Local optimization methods: the overall task is decomposed into a succession
of smaller problems. Only current and, when available, predicted near-future
information is used, typically within a receding-horizon framework. MPC
[88] and Stochastic Dynamic Programming (SDP) [118] fall into this cate-
gory, while the Equivalent Consumption Minimization Strategy (ECMS) [87],
widely adopted for HEVs, performs an instantaneous minimization of its cost
function.

Dynamic Programming

DP [69] [117] provides a numerical method for obtaining the globally optimal
solution of an optimal control problem. Its main drawbacks are its non-causal nature,
since the entire time history of exogenous inputs must be known in advance to
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compute the system dynamics across the entire time horizon, and the well-known
curse of dimensionality, where computation time increases exponentially with the
number of state and control variables. For continuous systems, both the state and
control spaces need to be discretized; analytic expressions for the cost-to-go function
can be found only in special cases, so spaces discretization is the common approach,
even if it introduces numerical errors, which could degrade the accuracy of the
solution [119]. DP is based on Bellman’s principle of optimality, which states that:

"An optimal policy has the property that whatever the initial state and
initial decision are, the remaining decisions must constitute an optimal
policy with regard to the state resulting from the first decision" [69].

Therefore, the portion of the optimal trajectory that starts at any intermediate stage
and continues up to the end must coincide with the corresponding tail of the global
optimal policy. The translation of this statement into mathematical form leads to the
(3.28). Because DP works in a discrete fashion, time, state, and control variables are
first sampled on finite grids. Consider, therefore, a discrete-time system with a fixed
terminal instant:

xk+1 = fk(xk,uk) (3.28)

with k = 0,1, . . . ,N−1, uk ∈Uk, and xk ∈Xk. A control policy is the sequence:

π = {u0,u1, . . . ,uN−1} (3.29)

Its cumulative cost, from step 0 in the initial state x0 to step N−1 is:

Jπ(x0) = LN(xN)+
N−1

∑
k=0

Lk(xk,uk) (3.30)

where Lk is the instantaneous cost, i.e., the cost due to the application of control
signal uk at the step k in the state xk to the dynamic system given by (3.28). The
optimal cost function is the one that minimizes the total cost:

J∗(x0) = min
π

Jπ(x0) (3.31)
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and the optimal policy π∗ = {u∗0,u∗1, . . . ,u∗N−1} is the one that satisfy (3.31), with
Jπ∗(x0) = J∗(x0). To exploit Bellman’s principle, let’s define the tail subproblem
from step i (and state xi) to step N−1, characterized by the following cost:

Jπ(xi) = LN(xN)+
N−1

∑
k=i

Lk(xk,uk) (3.32)

and the tail optimal policy {u∗i ,u∗i+1, . . . ,u
∗
N−1}, i.e., the last part of the optimal

policy π∗. Bellman’s optimality principle states that the policy segment from any
intermediate stage to the final time step must be optimal for that subproblem. DP
algorithm exploits this principle to update the optimal cost-to-go function at each
node Jk(xi) of the control-state grid, by proceeding backward in time, thus starting
from the final step N up to the initial one 0. During the backward phase, it records
the optimal action that minimizes the related tail subproblem:

u∗k = arg min
uk∈Uk

(Lk(xk,uk)+ Jk+1 ( fk(xk,uk))) k = N−1,N−2, . . . ,1,0 (3.33)

Once the backward phase is completed, J0(x0) equals the optimal cost and the
sequence {u∗0,u∗1, . . . ,u∗N−1} provides the globally optimal control law. Because the
computation of the cost-to-go function at every grid point must be done backward
in time, DP is rarely suitable for real-time applications, as the future is always
characterized by a certain degree of uncertainty. Moreover, it quickly becomes
intractable as the dimensionality of X or U grows.

Pontryagin’s Maximum Principle

PMP [86] provides a set of necessary conditions that any candidate policy for an
optimal control must satisfy. A control input u(t) meeting these conditions is
called extremal. Since PMP guarantees necessity but not sufficiency, every optimal
control is extremal, whereas not every extremal control is optimal. Given the
system dynamics in (3.24), and the cost function in Equation3.25, the corresponding
Hamiltonian is defined as follows:
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H(x(t),u(t),λ (t), t) = L(x(t),u(t), t)+λ (t)T f (x(t),u(t), t) (3.34)

here f (x(t),u(t), t) is function that models the dynamics of the system as in
(3.24), L(x(t),u(t), t) is the instantaneous cost from (3.25), and λ (t)∈Rn is a vector
of optimization variables, called co-state vector and has the same dimension of
the state vector x(t). State and control are both bounded with constraints specified
in (3.27). The minimum principle states that the optimal control law u∗(t) must
minimized the Hamiltonian function:

u∗(t) = arg min
u∈U

(H(u(t),x(t),λ (t), t)) (3.35)

satisfying the following necessary conditions [120]:


ẋ∗(t) =− ∂H

∂λ

∣∣∣
x∗(t),u∗(t),λ ∗(t)

λ̇ ∗(t) =− ∂H
∂x

∣∣∣
x∗(t),u∗(t),λ ∗(t)

H(x∗(t),u∗(t),λ ∗(t), t)≤ H(x(t),u(t),λ (t), t), ∀u(t) ∈U

∀t ∈ [t0, t f ]

(3.36)

along with the boundary conditions on the states that, with a fixed final time t f ,
are given by:

λ
∗(t f ) =

∂φ
(
x(t f ), t f )

)
∂x

∣∣∣∣∣
x∗(t f )

(3.37)

where φ
(
x(t f ), t f

)
is the terminal cost defined in (3.25). Additionally, state

constraints are enforced by specifying the admissible set of trajectories through the
inequality G(x, t)≤ 0, such that:

X (t) = {x ∈ Rn|G(x(t), t)≤ 0} (3.38)

where G(x(t), t) : Rn 7→ Rp encodes p inequality constraints that every compo-
nent of the state vector must satisfy.
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PMP is a powerful tool because it converts a globally optimal control problem
into local, point-wise minimization conditions. However, the global nature of the
problem is hidden in the definition of the initial and boundary constraints. In addition,
the necessary equations must be derived from a simplified system model, introducing
errors and simplifications in the model that could lead to an optimal policy that may
deviate from true optimality. Finally, PMP assumes the entire time horizon is known
in advance, limiting real-time use to missions whose future evolution is either fully
specified or reliably predictable.

Equivalent Consumption Minimization Strategy

Previous sections have shown that full-gorizon, global optimal control cannot be
deployed in real-world applications, both for energy management and vehicle fleet
coordination tasks: the computational effort is prohibitive, and uncertainties always
characterize the future. A common approach to overcome these issues is to reduce
the optimization windows, or even collapse it into an instantaneous optimization task,
so that the problem can be solved in real-time with reduced stochasticity. For the
energy management problem, a widely adopted local method is the ECMS [121, 87]),
which is a static technique that instantaneously optimize the powetrain energy flow,
achieving sub-optimal results, while being implementable on an ECU. The basic idea
is to a multi-objective optimization problem, in which the optimization variable is
an equivalent fuel consumption, made by the actual engine fuel consumption, ṁ f (t),
and a virtual fuel consumption, relying on the use of the battery, ṁel(t), which is
locally minimized at each time step.

ṁ f ,eq(t) = ṁ f (t)+ ṁel(t) = ṁ f (t)+ s(t)
Pbatt(t)
QLHV

(3.39)

here Pbatt(t) is the power provided (Pbatt > 0) or absorbed (Pbatt < 0) by the
battery; QLHV [MJ/kg] is the fuel lower heating value; s(t) is an equivalence factor
that converts battery energy into an equivalent mass of fuel. Given a vehicle and
powertrain model (see Section 3.1.2 for details), solving the above single-step
optimization gives the power-split command that minimizes instantaneous equivalent
fuel usage. The performance of this approach, however, depended on choosing
s(t) correctly. In a PMP fashion, s(t) plays the role of the costate associated with
the battery SoC; embedding this adjoint variable in the instantaneous optimisation
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enforces the terminal SoC constraint and thus establishes a formal link between
ECMS and PMP [122]. Becasue the optimal s(t) depends on both the powertrain
architecture and the driving mission to perform, a poor estimate can compromise the
performance benefits that ECMS would otherwise provide. Thus, perfect tuning of
s(t) theoretically requires a-priori knowledge of the entire mission and it’s performed
through a numerical optimization procedure. In practice, this future information is
unavailable, so many adaptive schemes have been proposed to update s(t) online
[123]. The most common approach relies on (3.40), in which the update rule consider
the past value of the equivalence factor and a proportional update to the difference of
the actual SoC from the target one.

sk+1 =
1
2
(sk + sk−1)+ kp(SoCtrg−SoC(t)),

t = kT, k = 1,2, . . .
(3.40)

where sk is the current the equivalence factor; sk−1 is the value used in the
previous interval; sk+1 is the value for the next interval; SoCtrg is reference SoC
(usually the initial for charge sustaining operation); kp is the proportional gain of
the feedback controller; T is the adaptation period. Through this adaptation rule, it
is possible to achieve the final SoC target without any knowledge of future driving
conditions. The only tuning that should be performed relies on the initial guess for
s(t) and for kp to weight how much the SoC can deviate from the target.

Model Predictive Control

MPC [124] is an optimization-based framework that, at every sampling instant tk,
solves a finite-horizon optimal-control problem, placing itself midway between a
global strategy and an instantaneous one. The method is particularly attractive when
limited preview information is available, because over the prediction window it
produces a control sequence that is optimal for the current forecast. For example,
considering the energy management problem, a short-term speed predictor can
usually supply a short-sighted future speed trajectory, and an MPC can then evaluate
the resulting fuel consumption and SoC trajectory over that window and choose the
optimal power-split [125, 126]. Likewise, in an AMoD context, demand forecasters
are able to estimate customer arrivals in the next minutes, giving MPC enough
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foresight to dispatch and recharge vehicles effectively [127]. Formally, after time
discretizations, the controller solves:

min
u0,...,uN−1

φ(xN)+
N−1

∑
k=0

Lk(xk,uk) (3.41)

Subjected to the following constraints:


xk+1 = f (xk,uk) k = 0, . . . ,N−1

xk ∈Xk k = 0, . . . ,N−1

uk ∈Uk k = 0, . . . ,N−1

ψ(xN) = 0

(3.42)

where Equations 3.41 and 3.42 are the time-discretized versions of Equations
3.25, 3.26, and 3.27 over the control horizon, and with xk+1 = f (xk,uk) enforcing
the system dynamics. In the simplest setting the dynamics are linearized around the
current operating point, using the following approximation of the system:

xk+1 = Axk +Buk (3.43)

so that, if the cost function is quadratic, the optimization becomes a Quadratic
Program (QP) that can be solved efficiently with standard solvers. If integer decision
variables are present (for instance, discrete gear selections or engine on/off modes),
then the problem becomes a Mixed-Integer Quadratic Program (MIQP) or, more
generally, a Mixed-Integer Linear Program (MILP) when costs and dynamics are
linear. More complex variants replace the linear dynamics model with a nonlinear
mapping, like a NN, at the cost of a more complex Non-Linear Program (NLP) to
be solved. Because forecasts is uncertain and model simplification is affected by an
intrinsic error, MPC adopts a receding-horizon implementation: at each step, the
optimization is solved, but only the first input uk of the optimal sequence is applied
to the system, after which a new observation of the system is taken and the horizon
slides forward. Figure 3.8 visualizes this loop: the left figure shows the predicted
output (yellow) tracking the reference (red) over the window k+1, . . . ,k+N, while
the green line represents the optimal control trajectory: the right one the right panel
repeats the procedure one sample later, starting from the newly measured state. In
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Fig. 3.8 RDE - (a) MPC optimization procedure over the control horizon starting from step
k; (b) MPC optimization procedure over the control horizon starting at step k+1.

this way, MPC continuously corrects its predictions, compensates for disturbances
and modeling errors, and ensures constraint satisfaction throughout the operation.

In short, MPC combines constraint handling, limited look-ahead and continual
re-optimisation in a single framework, being able to achieve very robust performance
to model errors and future stochasticity, making it ideal for problems where a few
seconds or minutes of reliable forecast are available yet hard safety or operational
limits must never be violated, like in the two control problems (i.e., HEVs EMS and
robotaxi fleets coordination) that are reported in the section.

3.2.3 Heuristic-based Approaches

In practical applications, controllers are often implemented using a set of predefined
rules that choose control actions based on the observed or measured states of a
dynamic system. These RB approaches aim to optimize a performance index or
mimic optimal control policies. Unlike approaches derived directly from optimal
control theory, RB methods do not depend on explicit formal models but instead rely
on heuristic rules developed through engineering intuition and experience. When
applied to fleet coordination tasks, RB strategies commonly involve monitoring
the current distribution of vehicles and demand and adjusting the fleet accordingly.
Some approaches utilize predictive models to forecast demand [128]. Examples of
typical RB fleet control strategies include equally distributed vehicles throughout
a city, rules designed to anticipate future passenger requests, or strategies aimed at
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balancing vehicle distribution by relocating idle vehicles to zones where departures
have occurred [129]. These methods can also be combined after careful calibration of
their decision logic. In the context of hybrid powertrains, RB strategies typically seek
to maintain the powertrain in high-efficiency operating regions through conditional
logic (such as if-then-else structures), informed by efficiency maps or fuzzy logic
methods, as in the example reported in Figure 3.9.

SOC > 0.5
AND

Vveh < 55km/h

accveh > 0.1m/s2

AND
Pdmd < 7.5kW

Pdmd < 15kW

Parallel Mode

EV Mode

NO

NO

NO

YES

YES

YES

Fig. 3.9 An example of RB control.

Generally speaking, RB controllers rely exclusively on instantaneous measure-
ments and must respect local operational constraints, including limits on parameters
like power, torque, speed, vehicle numbers per region, and inter-region flows. Cal-
ibration of RB controllers usually involves parameter tuning guided by optimal
control solutions. Methods such as DP may serve either as benchmarks to verify the
performance of RB strategies [123] or as references for setting appropriate control
rules [130, 131]. The primary advantage of RB approaches lies in their simplicity
and low computational complexity. However, the presence of numerous thresholds
and parameters complicates the calibration process, limiting the generalization ca-
pabilities across diverse scenarios. Consequently, RB controllers do not guarantee
optimal solutions nor necessarily satisfy integral constraints.
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3.2.4 Learning-based Approaches

Learning-based approaches, particularly RL combined with NNs, have emerged as
valid alternatives for managing complex, stochastic, and high-dimensional systems,
effectively addressing the limitations inherent in optimization-based and heuristic
strategies.

As previously detailed in Section 2.2, RL frames control tasks as DDPs, in which
an agent learns optimal decision-making policies through interaction with its environ-
ment, aiming to maximize the expected cumulative return. This approach naturally
accommodates dynamic and uncertain environments, eliminating the necessity for
explicit future knowledge required by optimization-based methods. Moreover, RL
does not rely on predefined heuristic rules; instead, it implicitly captures domain
expertise through extensive data-driven learning processes.

Optimization-based methods typically demand accurate predictive models and
intensive computational resources, making them computationally demanding and
difficult to scale for real-time applications. Conversely, heuristic approaches, despite
being computationally efficient and straightforward to implement, often deliver
suboptimal outcomes and limited adaptability to novel scenarios. RL methods
provide a balanced alternative by combining near-optimal decision-making with
computational efficiency, offering strong generalization capabilities across diverse
scenarios and operational conditions.

In the context of AMoD fleet coordination, RL-driven controllers leverage exten-
sive simulations to progressively refine strategies for vehicle repositioning, passenger
dispatching, and charging management. Deep RL methodologies, such as DQL,
AC architectures, and notably SAC, have shown significant potential in effectively
navigating extensive state–action spaces. Advanced architectures like AC combined
with GCNs leverage spatial network structures, reducing dimensionality while cap-
turing inter-zone dependencies within city-scale networks [1, 53]. Techniques such
as offline RL and meta-RL further enhance sample efficiency and policy general-
ization, addressing the persistent challenges associated with transferring learned
policies from simulation to real-world scenarios [26, 54]. Offline RL involves train-
ing policies using previously collected datasets without additional interaction with
the environment during training. By leveraging existing data, offline RL significantly
reduces the risk and cost associated with real-time exploration, making it particularly
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suitable for applications where live interaction with the environment is costly, dan-
gerous, or infeasible. Meta-RL, or meta-learning [84] applied to RL, aims to enhance
an agent’s adaptability by training it to rapidly adjust to new tasks or environments
based on previous experiences. This approach provides RL agents with the capability
to generalize across diverse and previously unseen conditions, effectively improving
policy robustness and transferability.

For hybrid powertrain EMS, RL approaches aim to optimize power-split strategies
by implicitly learning torque distributions suitable for varying driving conditions.
Initially, ML applications to EMS were limited to NNs directly predicting optimal
control actions, lacking the full advantages of RL algorithms. Traditional feed-
forward networks provide static representations with limited expressive capacity for
dynamic state sequences. Consequently, LSTM networks emerged as a significant
advancement, effectively modeling temporal dependencies within dynamic driving
cycles. These LSTM-based approaches achieved high accuracy by capturing the
complexity inherent in sequential data. However, supervised learning methods,
including LSTM, require labeled datasets, typically generated by computationally
expensive global optimization methods such as DP. Despite their performance,
LSTM-based controllers trained on DP-generated data exhibit limited generalization
to unseen driving conditions, prompting researchers to adopt more flexible and robust
RL-based strategies.

Initially, RL methods faced challenges related to state-action space discretiza-
tion. However, integrating deep learning techniques into RL significantly advanced
continuous-state and action space handling. Algorithms such as DDPG, TD3, and
ultimately SAC have overcome earlier limitations, notably incorporating entropy
regularization to achieve robust exploration and stable training [101, 104].

A primary strength of learning-based methods lies in their effective generalization
across varied operational contexts without explicit recalibration, a notable improve-
ment over optimization-based and heuristic approaches. However, ensuring robust
real-world performance requires meticulous training, sufficient exploration of state
space, and integration of realistic noise and uncertainty in training environments.
Although learned policies typically execute rapidly with minimal computational
overhead, the training phase remains computationally intensive, often requiring
specialized hardware or cloud-based computational resources.
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In summary, learning-based approaches represent an integrative solution that
harmonizes the optimality of model-based optimization methods with the simplicity
and computational efficiency of heuristic strategies. Their demonstrated success in
both AMoD fleet coordination and hybrid powertrain EMS highlights the potential
for unified RL frameworks to effectively manage complex, cross-domain control
challenges.

3.3 Scale 1: AMoD Systems

Within the thesis-wide framework of RL for Mobility Across Scales, this section
addresses the network/system layer that complements the in-vehicle EMS of Scale 2,
which is reported in Section 3.4. Building on the modeling and control foundations
set in Sections 3.1, and 3.2, the decisions to city-wide AMoD coordination scale
is analyzied, where dispatch, and rebalancing must adapt to stochastic demand
and congestion while remaining computationally tractable at scale. In this cross-
scale view, Scale 1 shapes trip-level operating conditions, spatiotemporal vehicle
availability, travel times, and duty cycles—that Scale 2 exploits on board; conversely,
vehicle-level energy usage informs system-level sustainability metrics, closing the
loop between network policy and powertrain behavior.

The AMoD problem is cast as a networked optimal-control task with a high-
dimensional state describing zone-level inventories, queues, and demand forecasts,
and a structured action space representing rebalancing and service flows on a time-
expanded graph. Consistent with Section 3.1.1, SUMO’s mesoscopic engine is
adopted to stress the trained policy on a realistic traffic scenario: demand is injected
via OD arrivals, and congestion and travel times emerge from queue-based link
dynamics that feed back into AMoD decisions. Optimization references (time-
expanded flows solved with LP/MIP) connect to Section 3.2.2, while calibrated
heuristics mirror Section 3.2.3. In line with Section 3.2.4, we then instantiate a
SAC-based hierarchical controller that compresses the action space through graph-
structured representations; a GCN encodes local topology and congestion so the
actor–critic can share information across adjacent zones, stabilize training via entropy
regularization, and deliver fast, rolling-horizon inference suitable for large fleets.

The agenda for this scale proceeds as follows. Section 3.3.1 formalizes AMoD co-
ordination as a network-flow control problem and details the hierarchical SAC/GCN
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policy, together with the SUMO-in-the-loop training and evaluation protocol. Section
3.3.2 instantiates the framework on a Luxembourg network (Section ??), including
demand scenarios and aggregation levels. Section 3.3.3 reports key KPIs—passenger
waiting time, served demand, vehicle-kilometers traveled, and energy/emissions prox-
ies—and then stress-tests generalization in Section 3.3.3 along three axes: Across
Space (changes in network and aggregation), Across Time (time-of-day and demand
shifts), and Across Simulator Fidelity (mesoscopic→microscopic transfers). This
structure mirrors the chapter’s cross-scale philosophy: principled modeling, paired
optimization/learning baselines, interpretable graph-aware policies, and rigorous
robustness assessments that connect network-level coordination to vehicle-level
energy outcomes.

3.3.1 Methodology

This section presents a scalable AMoD coordination architecture that couples exact
optimization with RL. The coordination task is first cast as a network-flow problem
over the transportation graph (served-trip flows xt

i j, rebalancing flows yt
i j, edge costs

ct
i j); then a three-stage hierarchy is introduced: (i) a convex dispatch layer assigns

vehicles to requests, (ii) a learning layer predicts a per-region desired allocation
x̂t+1, and (iii) a minimum-cost flow layer computes feasible rebalancing actions
(Sections 3.3.1–3.3.1). The learning layer is implemented by a graph-based policy
trained with a SAC agent, selected for stable training under stochastic dynamics
and for entropy-regularized exploration that aligns with rolling-horizon control.
Since operational cost ct

i j typically includes a distance-proportional component,
minimizing unnecessary travel directly reduces both total vehicle-kilometers traveled
and fleet-wide emissions; accordingly, emissions are tracked as a primary KPI and
can be incorporated in the reward as a distance-weighted penalty, ensuring that
system profit and sustainability are optimized jointly while remaining compatible
with SUMO-in-the-loop evaluation (Section 3.3.1).

Formulating AMoD Coordination as a Network Flow Problem

To formally describe the robo-taxi coordination task, the AMoD operator is modeled
as responsible for dispatching and repositioning a fleet of Nveh autonomous, on-
demand vehicles within a transportation network represented by a graph G = (V ,E ).
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The nodes V denote spatially aggregated regions (e.g., pickup/dropoff zones), while
the edges E capture admissible interconnections between regions. The number
of regions is denoted by Nreg = |V |, and the planning horizon is discretized into
T = {1, . . . ,T} intervals of length ∆T .

At each time step t, trips between origin–destination pairs (i, j) ∈ V ×V are
requested, with demand dt

i j and associated price pt
i j. Vehicle travel between two

connected nodes requires τ t
i j ∈ Z+ steps and incurs cost ct

i j, both depending on
congestion dynamics as described in Section 3.1.1. Passengers are assumed to be
impatient, leaving the system if not matched within τmax time steps. The operator
must therefore orchestrate two intertwined decisions: (i) assigning available vehicles
to passenger trips, and (ii) redistributing idle vehicles across regions to pre-position
capacity where it will be needed.

This problem can be formulated as a network flow optimization [132], with
decision variables xt

i j ∈ N (number of trips served between i and j at time t) and
yt

i j ∈ N (number of empty rebalancing trips from i to j). The operator’s objective is
to maximize total profit:

max
{xt

i j,y
t
i j}

T

∑
t=1

∑
i, j∈V

[
(pt

i j− ct
i j)xt

i j− ct
i jy

t
i j
]
, (3.44a)

subject to demand limits, flow conservation, initial conditions, and non-negativity
constraints:

xt
i j ≤ dt

i j, ∀i, j ∈ V , t ∈T , (3.44b)

∑
i∈V

(
x

t−τt
i j

i j + y
t−τt

i j
i j

)
= ∑

k∈V
(xt

jk + yt
jk), ∀ j ∈ V , t ∈T , (3.44c)

x0
ii = xinit

i , y0
ii = 0, ∀i ∈ V , (3.44d)

xt
i j,y

t
i j ≥ 0. (3.44e)

While conceptually well-posed, the complexity of this problem scales as O(|V |2T ),
which severely limits its applicability in real-time large-scale scenarios. Moreover, it
abstracts away stochastic elements such as variability in demand and travel times,
which are crucial for real-world robustness. These limitations motivate the use of
RL to complement optimization: RL can adaptively capture non-stationary patterns,
while optimization ensures that constraints are enforced at each decision step.
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Hierarchical Decomposition for Policy Design

Fig. 3.10 Illustration of the proposed hierarchical decomposition for AMoD fleet coordination.
Given the current distribution of idle vehicles and customer transportation requests, the
decomposition entails: (1) assigning idle vehicles to trip requests (i.e., xt

i j) by solving a
convex dispatching problem; (2) determining a desired future allocation of vehicles across
regions (i.e., x̂t) via RL; and (3) converting x̂t into actionable rebalancing trips (i.e., yt

i j)
while minimizing the overall rebalancing cost [1].

To combine the strengths of optimization and learning, a hierarchical policy
decomposition is adopted. Rather than directly mapping system states to all flow
variables, the decision-making process is structured into three stages, as shown in
Figure 3.10:

1. Dispatching: assign vehicles to passenger requests by solving an assignment
problem that maximizes profit while respecting demand and vehicle availabil-
ity.

2. Desired Vehicle Distribution: compute a compact, per-region target allocation
of vehicles x̂t+1 for the next time step. This intermediate representation
serves as a “goal state” that guides rebalancing decisions and reduces the
dimensionality of the action space from O(|V |2) to O(|V |).

3. Rebalancing: translate the desired allocation into feasible vehicle flows by
solving a minimum-cost flow problem subject to regional vehicle conservation.

This decomposition ensures scalability, since optimization handles local con-
straints and short-term assignments efficiently, while the RL component learns to
steer the system towards desirable long-term equilibria.
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Graph-Based Policy Representation

A key design choice concerns the representation of the RL policy responsible for
predicting the desired vehicle distribution. Because the underlying transportation
system is naturally structured as a graph, GNNs are employed to encode both
local node features (e.g., demand, idle vehicles) and connectivity (e.g., congestion-
weighted travel times). For additional details on GNNs, refer to Section 2.1.3. This
yields three main benefits:

• Permutation invariance: the policy depends on node attributes rather than
arbitrary indexing of regions.

• Locality: graph convolutions naturally propagate information between adjacent
regions, enabling transfer across different network topologies.

• Alignment with network optimization: GNNs are structurally compatible with
flow-based formulations, facilitating learning of effective coordination strate-
gies.

Learning Signal The RL layer is trained online by interacting with the previously
introduced SUMO-in-the-loop environment. Actor–critic methods, and in particular
SAC [61], are a natural fit because they estimate policy gradients without differ-
entiating through the embedded optimization subproblems that enforce short-term
feasibility.

Concretely, we train a SAC agent on a reward that trades off demand satisfaction
against operational effort:

r(t) = ∑
i, j∈V

xt
i j
(

pt
i j− ct

i j
)
− ∑

(i, j)∈E
yt

i j ct
i j, (3.45a)

ct
i j = β τ

t
i j, (3.45b)

where xt
i j and yt

i j denote passenger and rebalancing flows (as defined earlier),
pt

i j is the realized fare or value of service, and ct
i j is a time-varying travel cost

proportional to the travel time τ t
i j. The scalar β > 0 modulates the sensitivity to

operational effort: larger β emphasizes frugality in empty movements, whereas
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smaller β biases the policy toward higher service levels. In Section 3.3.3 we show
how sweeping β systematically shifts the operating point along this cost–service
frontier.

SAC then maximizes the entropy-regularized return

E
[
∑
t

γ
t(r(t)+α H (π(· | st))

)]
[61],

which encourages robust, high-entropy policies that adapt to stochastic demand and
congestion while remaining compatible with the optimization-based dispatch and
rebalancing layers.

Integration Across Scales Overall, the methodology yields a principled integra-
tion of optimization and learning: convex formulations guarantee short-horizon
feasibility and safety, while RL captures the long-horizon, stochastic structure of
fleet management. This mirrors the thesis-wide theme of RL for Mobility Across
Scales: AMoD coordination (Scale 1) sets spatiotemporal operating conditions for
vehicle-level energy management (Scale 2), allowing decisions at each scale to be
both locally consistent and globally coherent.

3.3.2 Case Study

This case study operationalizes the framework of Section 3.3.1 in a congestion-
responsive setting to evaluate the hierarchical AMoD controller under realistic con-
ditions. A mesoscopic SUMO environment for the city of Luxembourg is adopted,
using a 24-hour calibrated scenario with exogenous background traffic and signalized
intersections; the original road network is spatially aggregated into regions to define
the node set V that sustain the network-flow formulation (see Section 3.3.1). The
decision pipeline of Section 3.3.1 is applied without modification: a convex dispatch
layer assigns vehicles to requests, a graph-based policy predicts a per-region desired
allocation, and a minimum-cost flow layer computes feasible rebalancing actions.
The learning layer is implemented via a SAC-trained policy (Section 2.2.3), chosen
for robustness to stochastic dynamics and entropy-regularized exploration. Perfor-
mance is benchmarked against heuristic rules and an optimization-based algorithm,
all within the same SUMO-in-the-loop protocol. Evaluation covers both economic
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and sustainability objectives: profit and operational cost, as well as distance- and
environment-oriented KPIs such as fleet emissions; because edge costs ct

i j typically
include a distance-proportional component, decreasing unnecessary travel tends to
reduce emissions as well as it will be proven in Section 3.3.3.

Mesoscopic scenario of the city of Luxembourg The traffic environment is
instantiated in SUMO [55] using its mesoscopic, queue-based traffic model (see
Section 3.1.1 for details), with detailed infrastructure features (lanes, signals, and
priority rules) and exogenous traffic demand. In this setting, link travel times τ t

i j

and edge costs ct
i j evolve endogenously with congestion induced by dispatch and

rebalancing actions, yielding a faithful yet tractable representation for the hierarchical
controller in Section 3.3.1. The testbed uses a calibrated 24-hour scenario for
Luxembourg derived from real traffic data [133].

The base network is aggregated into regions to define the node set V used
throughout Section 3.3.1 and provide an aggregated representation of the city network
for the AMoD control logic application. The higher fidelity of mesoscopic dynamics
increases stochasticity and non-stationarity, motivating a graph-based policy trained
with a SAC agent (Section 3.3.1) to stabilize learning and encourage exploratory,
rolling-horizon behavior. Trip prices pt

i j follow publicly available Luxembourg taxi
fares1, while operating costs ct

i j are calibrated from publicly released ride-hailing
cost structures2. Because both pricing and cost embed distance-linked components,
reducing excess travel directly impacts the total distance driven by the fleet and its
greenhouse gas emissions, which are tracked as primary KPIs alongside profit and
waiting time.

Baseline policies To position the SAC-based, graph-informed controller relative to
established alternatives, several baselines are evaluated within the identical three-
stage pipeline of Section 3.3.1. In all cases, the dispatch layer computes passenger
assignments xt

i j; baselines differ only in how rebalancing targets or flows yt
i j are

produced, and are assessed under the same prices pt
i j, costs ct

i j, and KPI set. The
following baselines are used, spanning from heuristics to optimization-based:

• Heuristic rules.
1See, for example, public fare calculators for Luxembourg.
2For instance, cost breakdowns disclosed by major platforms.
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– No Rebalancing. Idle vehicles are never repositioned; service relies
exclusively on locally available supply.

– Equal distribution. At each decision epoch, idle vehicles are driven
toward a uniform per-region target to equalize availability across V ; the
minimum-cost flow layer then translates this target into feasible yt

i j.

– Plus-one [129]. For every served trip departing a region, one idle vehicle
(when available) is sent back to that region to counteract depletion;
feasibility and costs are handled by the same rebalancing optimization.

• Optimization-based reference.

– MPC [80]. A time-expanded MPC solves for (xt:t+H−1
i j , yt:t+H−1

i j ) under
perfect foresight of demand and network conditions (e.g., travel times,
prices). In macroscopic regimes, where actions do not feed back into
congestion, this constitutes an oracle-like upper bound. In the mesoscopic
SUMO setting, however, intersection control and congestion feedback
introduce variability, so realized travel times may deviate from forecasts;
the MPC remains a stringent, though not literal, upper benchmark in this
higher-fidelity regime.

3.3.3 Results

This section reports the empirical performance of the proposed SAC–GNN controller
on the Luxembourg case study and compares it with standard baselines (No Reb.,
ED, P1) and an MPC oracle. We first analyze coordination during the afternoon
peak (16:00–18:00), then study reward design via a sweep of the movement-penalty
weight β , and finally test generalization across spatial aggregations, times of day,
and simulator fidelities. Performance is assessed with a unified set of operator-,
network-, and sustainability-level metrics (definitions in (3.46)–(3.49)): operator
KPIs (profit, revenue, rebalancing cost) quantify monetization and repositioning
burden; network KPIs (fleet utilization and average waiting time, citywide and by
region) capture service quality and asset usage; sustainability KPIs (vehicle distance
and CO2 emissions) track externalities, with emissions computed from HBEFA
factors for Euro 6d petrol passenger vehicles under the prevailing traffic state. Unless
otherwise stated, the baseline SAC–GNN policy uses β = 1.
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Performance metrics Model assessment integrates three complementary layers
of performance, operator, network, and sustainability, so that profitability, service
quality, and environmental footprint are evaluated in a unified way. Operator-side
metrics quantify how well resources are monetized; network-side metrics reflect the
quality of service delivered to riders and the utilization of vehicles; sustainability
metrics track externalities that accompany vehicle movements. Together, these
indicators expose the fundamental trade-offs between cost, service, and emissions
that arise when rebalancing policies alter vehicle flows.

Operator perspective. Let xt
i j denote the flow of served passengers from region

i to j at time t, with price pt
i j and operating cost ct

i j. Let yt
i j denote the flow of

idle vehicles rebalanced from i to j. Over a horizon t = 0, . . . ,T and region set V ,
operator key performance indicators (KPIs) are:

P =
T

∑
t=0

(
∑

i, j∈V
xt

i j
(

pt
i j− ct

i j
)
− ∑

i, j∈V
j ̸=i

yt
i j ct

i j

)
, (3.46a)

R =
T

∑
t=0

∑
i, j∈V

xt
i j
(

pt
i j− ct

i j
)
, (3.46b)

Creb =
T

∑
t=0

∑
i, j∈V

j ̸=i

yt
i j ct

i j. (3.46c)

Profit P balances fare margins against rebalancing expenditures, revenue R
isolates the contribution of served demand, and Creb isolates the operational burden
induced by repositioning. This decomposition clarifies whether gains in P arise from
higher throughput, lower operating costs, or reduced repositioning.

Network perspective. To capture system-wide service quality and asset usage,
let Mt

match and Mt
reb be, respectively, the number of vehicles matched to passengers

and used for rebalancing at time t, and let Mtot be the total fleet size. Denote
total demand by D = ∑

T
t=1 ∑i, j dt

i j and region-i demand by Di = ∑
T
t=1 ∑ j dt

i j. The
utilization and waiting-time metrics are:
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UFt =
Mt

match +Mt
reb

Mtot
, UF =

1
T

T

∑
t=1

UFt , (3.47a)

twt,avg =
∑

D
k=1 twt,k

D
, (3.47b)

twt,avg,i =
∑

Di
k=1 twt,k

Di
. (3.47c)

Here, UF summarizes how intensively the fleet is employed across time, while
twt,avg and twt,avg,i index customer experience overall and by region. These indicators
reveal whether operator-side improvements are achieved by shifting load patterns
that lengthen waits or underutilize assets.

Sustainability perspective. Since rebalancing changes where and how much ve-
hicles travel, environmental externalities are explicitly tracked. Let ℓi j be the inter-
region distance. Total distance and CO2 emissions are defined as:

Ltot =
T

∑
t=0

∑
i, j∈V

(
xt

i j + yt
i j
)
ℓi j, (3.48)

ECO2 =
T

∑
t=0

∑
i, j∈V

(
xt

i j + yt
i j
)

ε
t
i j. (3.49)

The factor CO2 emissions per vehicle movement ε t
i j is computed according to

Handbook Emission Factors for Road Transport (HBEFA) for a Euro 6d–compliant
petrol passenger vehicle under the prevailing traffic state, yielding a realistic represen-
tation of emissions for typical Italian taxi fleets. In combination with (3.46)–(3.47),
(3.48)–(3.49) make explicit how policy choices that raise profit or reduce waiting
time may also increase vehicle kilometers or emissions, thereby clarifying the trade-
offs that govern policy selection.

https://www.hbefa.net/
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Coordination during the afternoon peak

The first experiment evaluates the system’s ability to coordinate an AMoD fleet
during the afternoon traffic peak (4–6 pm). Unless otherwise noted, the SAC agent
is trained with a cost weighting factor β=1 as reported in (3.45a) and is used as
the baseline for this section. As highlighted by the metrics in Section 3.3.2, the
performance assessment is performed from a threefold perspective, considering
operator, system efficiency, and environmental impact aspects.

Operator metrics Table 3.3 indicates that the SAC–GNN framework learns re-
balancing policies that are nearly optimal even in a high-fidelity traffic environment.
In particular, SAC–GNN attains a reward within 2.3% of the MPC and outperforms
all heuristics. It serves the highest demand (comparable to ED and MPC) while
cutting rebalancing costs by roughly 29% relative to ED (1353 vs. 1904), indicating
more judicious use of idling vehicles. By contrast, MPC intentionally forgoes some
low-margin trips to minimize empty travel, achieving the lowest rebalancing cost but
a slightly lower served demand; the resulting policy is therefore more conservative
and less dynamic than SAC–GNN, but still able to maximize the profit.

Table 3.1 System performance on the Luxembourg mesoscopic simulation during the after-
noon traffic peak (04:00–06:00): operator perspective.

Profit [$] Served Demand [$] Rebalancing Cost [$]
(%Dev. MPC)

No Reb. 34686 (−7.8%) 34686 0
ED 36029 (−4.2%) 38298 1904
P1 35346 (−6.0%) 37157 1393

SAC-GNN 36742 (−2.3%) 38547 1353

MPC 37617 (0%) 38179 562

Network metrics A comprehensive assessment of network performance in Tables
3.2 and 3.3 and Figure 3.11 shows that policies differ not only in the quantity of
motion they induce but in the timing and placement of that motion, which determines
service quality, spatial equity, and environmental footprint. SAC-GNN delivers the
lowest average waiting time (133 s) with disciplined utilization (75%), indicating
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anticipatory repositioning that pre-aligns idle supply with imminent demand and con-
tains hotspots citywide; MPC, while cost-efficient, runs the fleet at lower utilization
(69%) and yields longer waits (165 s), illustrating that strict cost control can sup-
press responsiveness under peaky loads; ED achieves the highest utilization (80%)
by aggressively relocating vehicles but pays for this in avoidable empty mileage,
leading to a waiting time still 7.5% worse than SAC-GNN (143 s vs. 133 s) and
demonstrating that “busier” fleets do not guarantee better service when movements
are reactive rather than predictive;

Table 3.2 System performance on the Luxembourg mesoscopic simulation during the after-
noon traffic peak (04:00–06:00) — network perspective.

Average Waiting Time [s] Average Fleet Utilization [%]
(%Dev. MPC)

No Reb. 269 (+63%) 57
ED 143 (−13%) 80
P1 238 (+44%) 76

SAC-GNN 133 (−19%) 75

MPC 165 (0%) 69

Spatially, SAC-GNN, MPC, and ED all maintain broadly balanced coverage, yet
only SAC-GNN couples this with superior waiting time for passengers, implying
that its relocations are both geographically well-targeted and temporally well timed.
In contrast, P1 and No Reb. exhibit peripheral passenger accumulation, P1 due to
local, demand-chasing behavior that fails to seed low-supply outskirts, and No Reb.
due to the absence of proactive balancing, yielding markedly higher waits despite
utilization similar to SAC-GNN (76% and 57% respectively).
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Fig. 3.11 Average passenger waiting time across the city under each policy considered in the
study.
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Environmental impact The emissions–distance results reinforce the mechanism
described in the service quality analysis for the customers: relative to MPC (0% ref-
erence), No Reb. posts the lowest emissions (−74%) and distance (16620×103 km)
only because the fleet moves far less, at the expense of unacceptable service; among
active strategies, SAC-GNN attains the most favorable trade-off, incurring a modest
+6.0% increase in emissions with a proportional +6.0% increase in distance (22096
vs. 20845×103 km) while cutting waits by 19% relative to MPC; P1 is slightly
higher on both emissions (+6.9%) and distance (22304×103 km, around +7.0%)
yet delivers substantially longer waits (238 s), and ED is least eco-efficient, with the
largest distance (23608×103 km, around +13.3%) and emissions (+13%) but no
commensurate service gain. The near-linear scaling of emissions with distance across
ED, P1, and SAC-GNN suggests comparable propulsion efficiency and points to
avoidable empty vehicle kilometers as the main differentiator; SAC-GNN minimizes
these by converting motion into matches rather than relocations, thereby reconcil-
ing low waiting times, contained spatial hotspots, and a moderate environmental
footprint during peak-period operations.

Table 3.3 System performance on the Luxembourg mesoscopic simulation during the after-
noon traffic peak (04:00–06:00) — emissions economy perspective.

Emissions [1000 kg] Distance [1000 km]
(%Dev. MPC)

No Reb. 831 (−74%) 16620
ED 3555 (+13%) 23608
P1 3360 (+6.9%) 22304

SAC-GNN 3330 (+6.0%) 22096

MPC 3142 (0%) 20845
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Fig. 3.12 Operator and network performance across reward structures. (Top) Profit, revenue,
and rebalancing cost. (Bottom) Average waiting time and fleet utilization factor.

Reward design

Reward shaping steers the learned controller by penalizing vehicle motion through a
travel-time–proportional cost, modeled on each edge (i, j) as ci j = β τi j and included
in the per-step reward of (3.45a). Varying the scalar weight β tilts behavior along a
continuum from dynamic, service-seeking strategies (small β ) to conservative, cost-
averse strategies (large β ), with the resulting operator- and network-level outcomes
summarized in Figure 3.12.

Mechanistically, increasing β raises the opportunity cost of moving without
immediate revenue, reducing the attractiveness of speculative repositioning and
long deadheading; the controller therefore favors holding vehicles idle unless the
expected value of a future match outweighs the penalization. This mechanism
produces three practical regimes. Under light penalization (β ≤ 0.5), aggressive
pre-positioning keeps vehicles close to demand, sustaining high fleet utilization
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and low, stable waiting times, albeit with noticeable empty-kilometer accumulation.
In a moderate range (β ≈ 0.8–1.0), avoidable empty trips are trimmed without
materially affecting realized revenue; rebalancing cost falls sharply and operator
profit peaks near β ≈1.0, while service quality remains competitive with only mild
increases in waiting time. With heavier penalization (β ≥1.2), the fleet becomes
increasingly static: anticipatory rebalancing is discouraged, spatial mismatches
persist, utilization declines, and waiting times rise; in the extreme, the policy may
forgo profitable matches that require nontrivial deadheading. From the operator
perspective (Figure 3.12, top), rebalancing cost decreases monotonically with β ,
confirming that the penalty effectively suppresses empty movements; revenue is
comparatively inelastic for small-to-moderate β , so profit follows a shallow concave
profile, improving as wasteful movement is removed, then flattening or slightly
receding once higher penalties begin to displace revenue-generating matches that
require pre-movement. From the network perspective (Figure 3.12, bottom), average
waiting time increases and fleet utilization decreases as β grows, reflecting the mirror
image of those cost savings: fewer empty trips imply fewer anticipatory moves, so
vehicles are less often in the right place at the right time; this degradation is modest
at first but accelerates beyond a threshold around β ≥1.0 in our setting. Collectively,
these responses trace a Pareto frontier between operator efficiency (low rebalancing
cost, high profit) and customer experience (low waiting time, high utilization): small
increases in β deliver outsized cost reductions with minimal service impact, whereas
beyond the knee of the curve, the marginal savings are offset by steeper increases
in waiting time and erosion of utilization. The practical implication is that β serves
as a single, interpretable lever to align the policy with operational priorities and
can be re-tuned as conditions change; within the experiments presented, a moderate
choice (β = 1.0) secures most efficiency gains while preserving competitive network
performance, with β <1 favored under strict latency targets and β >1 acceptable
when cost constraints dominate and service-level agreements are looser.

Generalization Performance

This section focuses on operator-side performance profit, served demand, and re-
balancing cost since network- and environment-level responses mirror the patterns
established in the afternoon-peak analysis, as detailed in Section 3.3.3, and lead
to the same qualitative conclusions. Generalization is assessed for a SAC-GNN
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policy trained during the afternoon peak (04 pm–06 pm) on a city aggregated into
10 regions by evaluating zero-shot transfer (i.e., without additional training) along
three axes: (i) spatial aggregation (alternative regional partitions), (ii) time of day
(nighttime and morning rush in addition to the afternoon peak), and (iii) simulator
fidelity (training in the macroscopic setting and zero-shooting in the mesoscopic one).
For each axis, the analysis compares the zero-shot policy (SAC-0Shot) against a
retrained SAC policy when applicable, standard baselines (No Reb., ED, P1), and an
MPC, reporting operator KPIs to quantify portability and robustness across changing
spatial resolutions, demand regimes, and modeling fidelities.

Across spatial aggregation Figure 3.13 reports operator KPIs under varying
spatial aggregations, contrasting the retrained SAC policy, the zero-shot baseline
(SAC-0Shot), and the MPC. The retrained SAC maintains consistent performance
as the aggregation changes: profit deviates from the MPC by only 0.6% to 3.3%
from smaller to larger action spaces, with a characteristic pattern of slightly higher
served demand and higher rebalancing cost relative to MPC. The zero-shot baseline
exhibits robust portability: despite being trained on a different aggregation, its profit
gap to MPC remains moderate (3.1%–4.4%), and it preserves the same qualitative
trend, more served demand than MPC, but at the price of elevated rebalancing.
The excess rebalancing cost is the primary contributor to the residual profit gap
versus the retrained SAC. Overall, these results indicate that the SAC-GNN archi-
tecture generalizes effectively across spatial partitions; while retraining recovers
near-optimal performance, the zero-shot policy remains competitive in the presence
of aggregation-induced changes to travel patterns and region-level dynamics.

Across time of day Transfer across demand regimes is assessed by applying the
afternoon-peak policy to two additional periods:

• night time: 12 am–02 am, characterized by low demand, smaller fleets, and
near free-flow traffic;

• morning rush: 07 am–09 am, with high demand, larger fleets, and moderate
congestion, having traffic features similar to the afternoon peak.
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Fig. 3.13 Comparison of KPIs for the retrained SAC, its zero-shot counterpart (SAC-0Shot),
and the MPC oracle under a different spatial aggregation of the network.
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Table 3.4 Nighttime (12 am–02 am) operator KPIs. In addition to standard baselines, SAC-
NA (afternoon+night) and SAC-NMA (night+morning+afternoon) are evaluated.

Profit [$] Served Demand [$] Rebalancing Cost [$]
(%Dev. MPC)

No Reb. 5297 (-19%) 5322 0
ED 5784 (-12%) 6858 1037
P1 6349 (-3.2%) 6777 393

SAC-0Shot 5411 (-18%) 6112 672
SAC-NA 6333 (-3.5%) 6752 387
SAC-NMA 6178 (-5.8%) 6509 260

MPC 6561 (0%) 6891 329

Table 3.5 Morning peak (07 am–09 am) operator KPIs. In addition to standard baselines,
SAC-NA (afternoon+night) and SAC-NMA (night+morning+afternoon) are evaluated.

Profit [$] Served Demand [$] Rebalancing Cost [$]
(%Dev. MPC)

No Reb. 45630 (-15%) 45917 0
ED 51050 (-5.3%) 55717 4384
P1 49980 (-7.2%) 52478 2158

SAC-0Shot 51229 (-4.9%) 55789 4268
SAC-NA 49909 (-7.3%) 55725 5510
SAC-NMA 52252 (-3.0%) 55835 3306

MPC 53867 (0%) 54889 943

To probe the value of broader training corpora, SAC-NA (trained on after-
noon+night) and SAC-NMA (trained on night+morning+afternoon) are also consid-
ered. Operator KPIs are summarized in Tables 3.4 and 3.5.

Zero-shot transfer is heterogeneous across regimes. At night, profit is down by
up to 18% versus MPC for SAC-0Shot, reflecting a combination of lower served
demand and higher rebalancing costs. This aligns with the markedly different spatial
distribution of night time demand, which is more concentrated, reducing the payoff
of the highly active repositioning learned on peak periods. In contrast, during the
morning rush, the zero-shot policy generalizes well, with a profit gap of only −4.9%
relative to MPC and an operating style aligned with the afternoon peak, characterized
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Table 3.6 Cross-fidelity generalization on the Luxembourg mesoscopic simulation during
the afternoon peak (04 pm–06 pm): zero-shot SAC trained in the macroscopic setting vs.
baselines and a SAC trained directly in mesoscopic.

Profit [$] Served Demand [$] Rebalancing Cost [$]
(%Dev. MPC)

No Reb. 34686 (-7.8%) 34686 0
ED 36029 (-4.2%) 38298 1904
P1 35346 (-6.0%) 37157 1393

SAC-0Shot 36406 (-3.2%) 38472 1670
SAC (meso) 36742 (-2.3%) 38547 1353

MPC 37617 (0%) 38179 562

by a high served demand and substantial rebalancing. Incorporating night time data
during training largely closes the nocturnal gap: SAC-NA cuts the profit deviation to
−3.5% via a 2.1% increase in served demand and a 42% reduction in rebalancing
cost relative to SAC-0Shot, though performance during the morning becomes slightly
overactive, reducing profit there. Training across all three periods (SAC-NMA) yields
the best overall robustness, with deviations of −5.8% (night) and −3.0% (morning),
indicating that broader temporal coverage effectively regularizes behavior across
regimes.

Across simulator fidelity: from macroscopic to mesoscopic Cross-fidelity trans-
fer is examined by deploying a policy trained in a macroscopic simulator directly in
the higher-fidelity mesoscopic environment (zero-shot). This pathway is attractive
because macroscopic training requires approximately 17 hours versus roughly 5 days
for mesoscopic training under identical settings. Table 3.6 reports the afternoon-peak
results.

Cross-fidelity transfer is strong: the macroscopic-trained SAC-0Shot achieves
profit within 1.1% of the SAC retrained in mesoscopic, with nearly identical served
demand and only a modestly higher rebalancing cost. Moreover, SAC-0Shot outper-
forms all heuristic baselines in the mesoscopic setting. These findings suggest that
macroscopic training captures the salient decision structure required for mesoscopic
operation, enabling substantial savings in computational budget and wall-clock time
without sacrificing operator performance.
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To conclude and summarize the generalization performance of the proposed
policy, across spatial partitions, demand regimes, and simulator fidelities, the SAC-
GNN framework exhibits reliable transfer on operator KPIs. Retraining recovers near-
optimal performance when needed; otherwise, zero-shot deployment is a competitive
default, particularly in regimes resembling the source domain (e.g., morning vs.
afternoon peaks) or when leveraging macroscopic pretraining. Expanding the training
corpus across regimes further stabilizes behavior, reducing rebalancing overshoot
in low-demand settings while preserving high-demand responsiveness. Given that
network-level and environmental metrics track rebalancing intensity as established in
Section 3.3.3, the operator-side generalization reported here is indicative of broader
system-level robustness suitable for real-world deployment.

3.4 Scale 2: Energy Management of HEVs

Within the thesis-wide framework of RL for Mobility Across Scales, this section
addresses the in-vehicle scale. Whereas the previous part dealt with the system scale,
i.e., AMoD fleet control and rebalancing, the focus here shifts to the single vehicle,
where a supervisory EMS splits traction demand between the ICE and the electric
path while regulating battery SoC. Conceptually, the AMoD layer can be used
to generate trip-level decisions (e.g., assignments, routes, horizon/ETA, expected
duty cycle) and operating contexts (traffic class, stop density); Scale 2 translates
those high-level, network-informed conditions into power-split actions and battery
usage that minimize tailpipe CO2 or any other performance index under real-vehicle
constraints.

We ground the study on a state-of-the-art P2 pHEV available in the European
market, detailing the architecture and component ratings most relevant to control
design, and we assembled a comprehensive driving-cycle dataset that includes type-
approval traces (NEDC, WLTC), on-road RDE measurements, and synthetic RDE-
compliant profiles. The dataset is partitioned into train/test splits and spans a wide
range of power demand and aggressiveness, enabling learning and out-of-distribution
assessment consistent with the cross-scale agenda.

Two complementary virtual test rigs are employed: (i) a backward kinematic
model for efficient training/sweeps and optimal reference generation, and (ii) a high-
fidelity forward dynamic GT–Simulink co-simulation for closed-loop validation
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under a very realistic simulation platform. Performance is reported primarily in
terms of CO2 [g/km], electric energy [kWh], and terminal SoC compliance.

Methodologically, we pair optimization-based references with learning-based
controllers under a common protocol. DP provides cycle-optimal upper bounds with
full preview; ECMS offers a real-time implementable baseline after equivalence
factor calibration. On the learning side, we develop a DP-informed LSTM, trained
under a supervised learning fashion, and a SAC controller with RL training method,
benchmarked also against a DDQL variant. Controllers are instantiated for the two
canonical regimes: Charge Sustaining (CS), minimizing fuel while regulating SoC
around a 15% target, and Charge Depleting (CD), minimizing fuel while tracking a
distance-parameterized linear SoC trajectory to a prescribed terminal value. In line
with the cross-scale perspective, CD explicitly exploits trip-progress information
that could be supplied by the AMoD layer (e.g., remaining distance/horizon), while
CS emphasizes local regulation.

Beyond aggregate metrics, we “open the black box” with post-hoc interpretability
maps over speed–acceleration–SoC–distance grids and run ablations to probe the role
of trip progress and temporal memory (recurrent parametrizations). Finally, we stress-
test generalization by comparing SAC against DP on a matrix of 10 heterogeneous
cycles and 4 initial SoC levels (90%,70%,50%,15%), and we confirm closed-loop
behavior on the forward rig. This integrated, cross-scale protocol quantifies not only
optimality gaps but also policy structure, robustness, and practicality, positioning the
learned EMS as the vehicle-level executor of network-level AMoD decisions.

3.4.1 Case Study

To assess and compare the performance of different EMSs, this section introduces
both the vehicle on which the different control strategies have been applied and
the driving cycles used for the machine learning models training and performance
assessment. First, Section 3.4.1 outlines the architecture and key specifications of the
reference vehicle, which is a pHEV manufactured by Mercedes-Benz, highlighting
the features most relevant to control design. Then, Section 3.4.1 describes the driving
cycle database used to train and validate the machine-learning models, detailing
how type-approval traces, on-road measurements, and synthetic RDE profiles were
combined to cover a broad spectrum of real-world operating conditions. Together,
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these two subsections define the technical context in which the learning algorithms
are developed and benchmarked.

Vehicle Specifications

The case study examined in this Section is the Mercedes-Benz E300de, a state-of-
the-art diesel pHEV marketed in Europe. Figure 3.14 shows its drivetrain layout,
while the principal vehicle and powertrain parameters are listed in Table 3.7. The
car adopts a P2 architecture: a Euro-6d-Temp compliant, 2.0-liter turbocharged
four-cylinder diesel engine is connectable, via an auxiliary clutch (K0), to a 90
kW permanent-magnet synchronous EM. Through a torque converter (TC) and a
nine-speed automatic transmission (AT), both machines transmit torque to the rear
axle. Powered by a water-cooled 13.5 kWh Li-ion battery (Li-NMC, 365 V, 37
Ah), the EM alone can propel the vehicle for up to 54 km and achieve 130 km/h in
electric-only operation. A DC/DC converter steps the high-voltage bus down to 12
V, supplying the auxiliary battery and low-voltage loads.

ICE: Internal Combustion Engine HPCU: Hybrid Power Control Unit K0: Separation Clutch 

EM: Electric Machine PTC: Positive Temperature Coefficient TC: Torque Converter

AT: Automatic Transmission A/C: Air Conditioning 
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Fig. 3.14 Powertrain layout: a diesel engine is connected through an auxiliary clutch to
an EM. Both the ICE and the EM are connected to the transmission by means of a torque
converter.

Typically, a pHEV operates in two battery-management regimes:
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Table 3.7 Vehicle and powertrain main specifications.

Vehicle
Curb Weight [kg]

Power [kW] @ 100 km/h
2060
14.9

Transmission Type 9-AT w/ Torque Converter

ICE

Type
Displacement [cm3]

Max Power [kW] @ 3800 rpm
Max Torque [Nm] @ 1600-2800 rpm

Compression Ratio

In-line 4 cylinders Turbo Diesel
1950
143
400

15.5:1

EM

Type
Max Power [kW] @ 2000 rpm
Max Torque [Nm] @ 1750 rpm

Max Speed [rpm]

PM Synchronous Motor
90
440

6000

HV Battery

Type
Rated Voltage [V]

Cacapity [kWh]/[Ah]
Cooling System

Li-NMC
365

13.5/37
Water Cooled

• Charge Depleting (CD): The battery is sufficiently charged to propel the vehicle
primarily in full electric.

• Charge Sustaining (CS): Once the SoC falls to its lower boundary, the ICE is
used to propel the vehicle and keeps the SoC within a narrow band.

From a powertrain-control perspective, three additional modes can be distin-
guished irrespective of the SoC strategy:

• Electric drive: the EM delivers all traction torque.

• Load-point shifting: the ICE drives the vehicle while the EM is used to charge
the battery, allowing the ICE to operate at a higher, more efficient load point.

• Hybrid drive: the ICE and EM jointly supply the required wheel torque.

Driving Cycles Dataset

The performance of a machine-learning-based EMS is deeply affected not only by
the size of the training set but also by how faithfully the data reproduces real driving
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Table 3.8 RDE-compliant driving cycle characteristics

Urban Rural Highway
Percentage on total distance 29–44% 23–43% 23–43%

Minimum distance [km] 16 16 16
Speed [km/h] v≤ 60 60 < v≤ 90 v > 90

Average speed [km/h] 15 < v≤ 40 60 < v≤ 90 v > 90

behaviour [134]. For that reason we built a database that merges type-approval traces
(i.e., NEDC and WLTC) with a large pool of RDE driving cycles collected on public
roads during the vehicle test campaign. To enlarge the available dataset even further,
we created synthetic RDE-compliant cycles following a methodology inspired by
[135]. Each measured trace was split into sub-cycles that begin and end at a standstill;
the resulting segments were labelled as urban, rural or highway on the basis of their
speed profile. Then, randomly selected sequences of labelled fragments were stitched
together until the assembled trajectory satisfied all regulatory constraints listed in
Table 3.8. A small amount of white noise was then superimposed on the resulting
speed signal to reproduce the natural variability that affect this phenomenon.

The final dataset comprises 80 distinct traces that span a remarkably wide range
of energy demand and driving aggressiveness. Figure 3.15 illustrates this coverage by
plotting every cycle against two energetic indicators: the squared mean speed on the
x-axis, which scales with average traction power, and the mean speed–acceleration
product on the y-axis, which reflects how aggressive a profile is. The grey area in the
background, derived from 47000 km of field data on a comparable plug-in hybrid
over two years [136], confirms the strong overlap between our dataset and real-world
driving operation. We then divided the cycles into a training subset (grey points) and
a test subset (green points), used for training and testing the ML models. A Particular
emphasis is given to a RDE-compliant route [137] (red square), used in the following
Sections as a test case to assess the performance of the developed methodologies.

The selected RDE trace lasts about 92 min and covers 96 km. Figure 3.16(b)
shows its speed–time profile, with colours indicating the urban, rural and motorway
segments, while Figure 3.16(a) maps the corresponding route reconstructed from
PEMS data. As required by the regulation, an urban section is followed by rural
driving and finally by motorway operation. Altogether, the diversity and realism of
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Fig. 3.15 Driving cycles dataset plotted as a function of squared vehicle speed and the product
of vehicle speed and acceleration.

START

FINISH

(a) (b)

Fig. 3.16 RDE - (a) Route obtained from PEMS, overlaid on a topographic map (Courtesy
of Google Maps); (b) Vehicle speed as a function of time, divided into urban, rural, and
highway segments.

the resulting dataset provide a solid foundation for training the ML models and for
assessing its robustness under real-world conditions.
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Virtual Test Rig

To assess the potential of proposed learning based-EMS, two complementary virtual
test rigs were employed and kept consistent with the vehicle specification reported
in Table 3.7. Both platforms share the same parameterization (mass, transmission,
ICE/EM ratings) and rely on steady-state performance maps for the ICE, the EM, and
a first-order ECM for the battery, derived from dedicated testing and data processing
[138]. Additional modeling details are provided in Section 3.1.2.

Backward kinematic model. For RL training and DP benchmark evaluation, we
developed a simplified digital twin based on a backward kinematic formulation. The
vehicle speed trace is imposed at the wheels and the corresponding power flows are
propagated upstream through the driveline to the power sources. Thanks to its limited
dynamics, this approach is widely adopted for full-cycle simulations because it is
computationally efficient yet provides reliable fuel-consumption estimates. These
properties make it particularly suitable for RL frameworks, ensuring tractable training
times while preserving physical consistency across the cycle. The virtual platform
was developed in MATLAB/Simulink ®.

Forward dynamic model. To evaluate closed-loop behavior with higher fidelity,
we also employed a forward, causal model of the same vehicle developed in co-
simulation between GT-SUITE and Simulink ®, and validated against experimental
measurements [138, 139]. In this platform, a virtual driver, modeled with a PID
controller, tracks the target speed profile by issuing accelerator and brake commands.
The plant solves the longitudinal and powertrain dynamics (including the P2 lay-
out with auxiliary clutch, torque converter, and 9-speed automatic transmission),
producing the actual vehicle response. Fuel consumption and electrical quantities
are computed from the steady-state maps consistent with Table 3.7. This forward
formulation captures transient effects (e.g., engine start/stop penalties, converter
behavior, shifting latency) that are relevant for controller assessment under realistic
conditions.

Use within the study. The backward model is used primarily for RL policy training
and large-scale sweeps over the driving cycle dataset (Section 3.4.1), while the
forward model is used to validate the trained policies and to benchmark real-time
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implementable logics under closed-loop conditions. In what follows, DP is applied
on the backward model to obtain reference optimal solutions, whereas ECMS and
learning-based controllers are assessed on both models to balance optimality insight
and realism.

3.4.2 Methodology

This section details the modeling and control framework used to develop and bench-
mark energy management strategies for the reference pHEV. Two complementary
strands are considered under a common experimental protocol: (i) optimization-based
methods that deliver cycle-optimal or near-optimal references, and (ii) learning-based
methods that produce implementable, data-driven controllers. All approaches share
the same vehicle parameterization (Table 3.7), the same driving-cycle dataset (Sec-
tion 3.4.1), and a unified validation environment to ensure a fair, apples-to-apples
comparison. Controllers are designed and assessed under both CS) and CD logics.
For CS, the objective is to minimize fuel (or CO2) while regulating SoC around
a target band; for CD, the objective is to ensure a desired final SoC target while
minimizing fuel. These objectives are encoded as costs/constraints for DP and
ECMS, and as reward terms for RL; they also shape the supervision targets used by
the LSTM approach. The remainder of the section presents the optimization-based
references (DP and ECMS), followed by the learning-based controllers (LSTM and
RL).

Optimization-based Framework

This subsection presents two complementary optimization-based references used as
benchmarks in the study. DP provides an upper bound on achievable performance
under full drive-cycle preview and thus serves as an optimality benchmark. ECMS
offers a causal, real-time implementable controller that, however, requires the of-
fline calibration of the equivalence factor to ensure the final SoC constraint. Both
approaches are instantiated on the vehicle described in Table 3.7; DP is applied to
the backward kinematic model to generate cycle-optimal solutions, while ECMS is
deployed on both the backward and the forward dynamic virtual test rigs to assess
implementability under realistic closed-loop dynamics.
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Dynamic Programming. DP is a canonical tool to compute the optimal power
split in HEVs. In its standard setting, the policy specifies how traction demand is
apportioned between the internal combustion ICE and the EM at each discrete time
step to minimize a chosen cost—typically the total energy consumption over the
driving cycle [140]. The framework is flexible and can accommodate augmented
objectives, e.g., including tailpipe pollutant emissions [141] or the CO2 associated
with grid recharging [142]. Despite its optimality guarantees (up to discretization),
DP is unsuitable for on-board real-time use: it requires full preview of the cycle
because the value function is computed by backward recursion, and the computational
burden grows rapidly with grid density and problem dimensionality. Consequently,
DP is adopted here as a benchmark to bound the performance of implementable
strategies [140, 143–145].

In this work, DP is implemented following Bellman’s principle of optimality
[69] using the open-source MATLAB code from ETH Zürich [146] on the backward
kinematic version of the virtual test rig. The problem is posed with battery SoC as the
state variable and with ICE state and EM power as control inputs; SoC dynamics and
actuator limits are enforced through the underlying maps and constraints consistently
with Table 3.7. This configuration provides a high-quality reference solution against
which the proposed EMS strategies are evaluated.

ECMS. ECMS computes real-time control actions by minimizing an instantaneous
equivalent fuel cost that balances fuel use and electrical energy exchange through an
equivalence factor (see (3.39)). In this study, the ICE power is selected as the control
variable, and the instantaneous cost is formulated by combining the fuel term with
the electrically equivalent term scaled by the equivalence factor, while enforcing SoC
and actuator constraints through the same maps used for DP. To obtain an optimal
ECMS setting, the equivalence factor is calibrated via a genetic algorithm [147],
targeting the desired SoC objective (CS/CD) over the driving-cycle set.

ECMS is deployed on both the backward kinematic model and the forward
dynamic virtual test rig. The backward implementation enables efficient sweep and
calibration, while the forward implementation assesses closed-loop feasibility under
realistic dynamics. This dual deployment ensures that ECMS serves as a strong,
implementable optimization baseline against which learning-based controllers are
compared in Sections 3.4.3 and 3.4.4.
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Learning-based Framework

This section presents the two learning-based EMS approaches developed in this work
and evaluated under a common experimental protocol: (i) a supervised LSTM-based
controller that mimics DP solutions on a broad set of driving cycles, and (ii) an RL
controller that learns a policy directly from a task-oriented reward under CS or CD
objectives. Both approaches use the dataset defined in Section 3.4.1 and are validated
in the same forward dynamic virtual test rig to ensure comparability. The LSTM
path provides a DP-informed, implementable baseline; the RL path explores policy
search without supervision, enabling flexible objective shaping via the reward.

LSTM-based EMS. This work adopts a supervised-learning strategy in which
LSTM networks [148] learn offline to approximate near-optimal power-split policies
from DP targets computed over a broad set of driving cycles (see Section 3.4.1).
This methodology is comprehensively described in [38]. LSTMs are chosen for their
ability to capture long-range temporal dependencies while mitigating the vanish-
ing/exploding gradient issues typical of conventional RNNs. In online operation,
the trained models deliver sub-optimal yet implementable policies with a markedly
lower computational burden than DP.

The methodological pipeline, summarized in Figure 3.17, comprises: (i) DP-
based target generation on a backward kinematic vehicle model; (ii) offline su-
pervised training of LSTM networks using DP state–action pairs; and (iii) online
validation by integrating the trained controller into the forward dynamic virtual test
rig. To reflect distinct battery-management objectives, separate models are trained
for CS and CD operation.

As shown in Figure 3.18, a two-network structure is employed in both regimes:
a classification network predicts the ICE ON/OFF state, while a regression network
outputs the ICE torque. This decomposition improves torque fidelity whenever
the engine is active. For the CS case, inputs include variables directly related to
engine-state prediction and torque demand (e.g., vehicle speed/acceleration, power
demand, engine speed/state). For the CD case, mission-progress indicators (e.g.,
distance/time to destination or their normalized fractions) are additionally provided
so that the policy aligns with near-linear, distance-based SoC depletion when feasible.
The classification head returns the ICE state; the regression head returns the ICE
torque command.
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Fig. 3.17 LSTM-based EMS workflow. DP generates optimal state–action pairs for offline
supervision; the trained LSTM policy is then evaluated online within the forward dynamic
virtual test rig.

The training dataset combines type-approval and RDE cycles and is augmented
with synthetic RDE-compliant traces to broaden coverage; mutually exclusive
train/validation/test splits are used to mitigate overfitting. Network hyperparameters
(depth, number of units, regularization, learning rate, dropout, etc.) are selected
via Bayesian optimization [149] using the MATLAB Deep Learning Toolbox. The
resulting LSTM controller serves as a DP-informed, implementable baseline for the
comparative analysis in Section 3.4.3 and Section 3.4.4.

RL-based EMS. The RL methodology follows the general framework of Section
2.2. Unless otherwise stated, the configuration reported here refers to the baseline
agent used in the results. As illustrated in Figure 3.19, the state vector is

s =
[
vveh, aveh, ωgb,in, SoC, dveh/dveh,tot

]
,

i.e., vehicle speed, vehicle acceleration, gearbox input speed, battery SoC, and the
fraction of distance traveled over the total cycle. This selection provides the agent
with both instantaneous operating conditions and a measure of cycle progress, en-
abling phase-aware decisions. Alternative state definitions are compared in Sections
3.4.3 and 3.4.4 to assess their impact on performance. The action is the normalized
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• Speed
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• Gearbox power demand
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• Gearbox speed
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ICE torque regression LSTM

Fig. 3.18 Two-network EMS architecture: ICE state classification (ON/OFF) and ICE torque
regression, adopted for both CS and CD regimes.

engine torque request,

a =
Tice

Tice,max
∈ [0,1],

which prevents unfeasible torque commands by construction and typically improves
training stability and convergence.
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Fig. 3.19 RL environment for the EMS problem. The baseline agent interacts with a
MATLAB®/Simulink® simulation, receiving the state vector and returning the normalized
engine-torque action.

The reward balances fuel minimization with battery charge objectives under
either CS or CD operation, using soft penalties on SoC because RL cannot impose
hard terminal constraints. For CS, a fixed SoC target SoCtrg,CS is enforced via a
quadratic penalty:

r = k1− k2 ṁ f ∆t− k3
(
SoC−SoCtrg,CS

)2
, (3.50)
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where ṁ f is the instantaneous fuel mass flow, and k1,k2,k3 > 0 are weights. The
fuel term drives consumption reduction; the quadratic term regulates SoC about the
target. The offset k1 can keep the reward non-negative.

For CD, the reference follows a linear depletion profile with respect to traveled
distance. Let dveh be the distance at time t, and dveh,tot the total cycle distance. With
initial SoC SoC0 and desired end-of-cycle value SoCend (set to 15% in this work),
the reference trajectory is

SoCtrg,CD = SoC0−
(
SoC0−SoCend

) dveh

dveh,tot
(3.51)

The per-step reward is then

r(t) =


k1− k2 ṁ f ∆t− k3

(
SoC−SoCtrg,CD

)2
, if SoCmin < SoC < SoCmax

−k4, if SoC ≥ SoCmax

−k5, if SoC ≤ SoCmin
(3.52)

with k1,k2,k3,k4,k5 > 0. Using distance rather than time in (3.51) decouples the
reference from local speed fluctuations, yielding a consistent depletion trajectory
across heterogeneous cycles. As in CS, k2 and k3 are tuned to trade-off fuel saving
against adherence to the SoC schedule; k4 and k5 discourage violations of the
admissible SoC range.

Training uses the driving-cycle dataset of Section 3.4.1. To promote robustness
(especially under CD), the initial SoC is randomly selected between 50% and 95% at
the beginning of each episode. Episodes are early-terminated upon crossing SoCmin

or SoCmax. We train for 2000 episodes and select hyperparameters via an extensive
grid search. For comparative studies, the same reward structure (CS or CD) and
protocol are applied to all RL agents to ensure fairness. For completeness, parameter
values for the DDQL baseline agent are initialized from [95] and subsequently refined
for the SAC agent. For a more detailed explanation of the RL-based freamwrok
please refer to [95, 2, 106].

The LSTM-based controller leverages DP supervision to provide a strong, im-
plementable baseline. The RL-based controller, sharing the same plant interface,
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dataset, and evaluation protocol, optimizes task-driven rewards that explicitly encode
CS or CD goals. This paired design enables a controlled comparison in the results
sections (Sections 3.4.3 and 3.4.4) between DP-informed supervision and direct
policy search under identical conditions.
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3.4.3 Charge Sustaining Policy

In a pHEV, the EMS must accommodate a two-stage battery-depletion paradigm con-
sidering both CD and CS operation. This section focuses on the CS logic, developed
using the RL methodology of Section 3.4.2 and the driving cycle dataset of Sec-
tion 4.2, which is partitioned into training and test sets to assess out-of-distribution
behaviour and generalization. The presentation proceeds from algorithmic bench-
marking to mechanism-level insight and, finally, validation: we first benchmark SAC
against DDQL under a common setup to motivate SAC as the baseline controller; we
then characterize the baseline SAC trained for CS with a 15% SoC target, analyzing
reward evolution and the joint trajectories of SoC and fuel consumption to establish
convergence and stability; next, we open the “black box” via an interpretability study
over a structured grid of speed, acceleration, SoC, and trip progress, reporting both
the control action (normalized ICE torque) and the discrete operating mode (EV,
E-boost, load-point moving); building on these findings, we probe the role of trip
progress by ablating the distance input and retraining, and we investigate temporal
memory by parameterizing the policy and value function with an LSTM; finally, we
validate the learned controllers on a high-fidelity forward virtual test rig, evaluating
CS performance, constraint compliance, and fuel/CO2 outcomes and contextualizing
results against DP and ECMS references.

SAC vs DDQL

To evaluate the training performance in a CS scenario, the cumulative reward trends of
the SAC and DDQL agents were compared. Both agents were trained with the same
negative reward function and an initial SoC of 50% to ensure a fair comparison. As
shown in Figure 3.20, SAC (red) clearly outperforms DDQL (blue) in terms of sample
efficiency, reaching convergence after approximately 140 episodes, whereas DDQL
requires around 1700 episodes to achieve comparable stability. This significant
difference in convergence speed can be attributed to SAC’s explicit policy modeling,
which contrasts with the value-based action selection of DDQL. Additionally, SAC
leverages clipped double Q-learning and adds noise to the target actions, mitigating
overestimation and overfitting issues, and thus enhancing learning capability.

In the initial training phase (about the first 100 episodes), DDQL exhibits a
smoother and more gradual increase in cumulative reward, while SAC shows wider
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Convergence Point: 1700

Convergence Point: 140

Fig. 3.20 Training curves of SAC (red) and DDQL (blue) agents in a CS scenario, plotted as
cumulative reward versus training episodes. [2].

fluctuations. These fluctuations are linked to the deliberate exploration encouraged
by action noise and the stochasticity introduced by the multi-cycle training dataset.
Nevertheless, this variability diminishes as SAC approaches convergence, delivering
superior stability and performance.

To assess not only sample efficiency but also the achievable performance, the two
agents were evaluated on the WLTC driving cycle, which is part of the training dataset.
In this comparison, two additional benchmark strategies were included: DP, used as
the optimal reference, and the ECMS, representing a local optimization approach
commonly adopted in real-time applications with its equivalent factor adaptive
version (see Section 3.2.2 for more details). As illustrated in Figure 3.21, SAC
consistently outperforms DDQL in terms of the trade-off between CO2 emissions
and final SoC. SAC achieves lower emissions for a given SoC target, approaching the
performance of DP while being very close to the performance of the ECMS, while
not requiring any a-priori parameter tuning, like it was done with the ECMS policy
reported in the plot. These results confirm that SAC is not only more sample efficient
but also delivers higher quality control policies. Consequently, SAC was selected
as the baseline agent for the subsequent analysis, and retraining was performed to
match the desired SoC target after the charge-depleting phase.
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Fig. 3.21 Performance comparison on the WLTC cycle between DP (black), ECMS (yellow),
DDQL (blue), and SAC (red) in terms of CO2 emissions versus final SoC. [2].

Consequently, SAC was selected as the baseline agent for the subsequent analysis,
and retraining was performed to match the desired SoC target after the CD phase,
which is set to 15%.

Baseline Policy Training Assessment

Building on the results presented in the previous section, a new SAC agent was
trained to optimize fuel consumption in a CS framework. In this configuration, the
objective is to maintain the battery SoC at a target value of 15%, starting from a
depleted condition. The training process is evaluated by analyzing both the evolution
of the episode mean reward and the trends of fuel consumption and SoC across
episodes.

The cumulative reward evolution, reported in Figure 3.22, serves as a compact
indicator of the agent’s learning progress. In the initial training phase, the mean
reward exhibits a steep increase, reflecting a rapid adaptation of the control policy
despite the significant variability observed across episodes. After approximately 400
episodes, the curve stabilizes around a plateau, while the shaded area representing
the standard deviation becomes relatively narrow. This behaviour indicates that the
agent has converged towards a stable and robust policy, with no signs of late-stage
divergence.
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Fig. 3.22 Training reward as a function of episodes. The solid line denotes the mean value
across 20 episodes, while the shaded area represents the corresponding standard deviation.

Additional insights into the learning process are provided in Figure 3.23, which
shows the episode trajectories of battery SoC (top) and cumulative fuel mass m f

(bottom), color-coded from early episodes (dark red) to later ones (bright yellow).
In the early stages of training, the SoC trajectories display high dispersion and may
exhibit large deviations from the target, occasionally exceeding 0.30 or approaching
the lower operational bound—an indication of an immature and unrefined strategy.
As training progresses, the trajectories become increasingly consistent and converge
towards the desired terminal value of 15%, confirming the agent’s ability to meet the
terminal SoC constraint while avoiding boundary violations and premature episode
terminations. Similarly, the fuel consumption profiles evolve from irregular and
scattered patterns in early episodes to smoother, more predictable trends with reduced
variability in later stages. The parallel improvement in SoC regulation and fuel
consumption behaviour demonstrates that the learned policy effectively coordinates
battery utilization and engine operation in a CS strategy, ensuring compliance with
the SoC constraint over the entire driving cycle.
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Fig. 3.23 Evolution of battery SoC (top) and cumulative fuel consumption (bottom) during
training episodes. The colour scale represents the episode index, from dark red (early
episodes) to bright yellow (late episodes).



102 Control Application

Decision-Making Process

Understanding how an RL policy makes decisions is essential when pHEV energy
management. Unlike RB or optimization-based strategies, RL controllers are often
treated as black boxes, providing limited visibility into why a given action is chosen
in a specific operating condition. To address this limitation, a post-hoc interpretability
analysis is reported, which is designed to expose the internal decision logic of the
trained agent. Specifically, the learned policy was investigated over a strcured grid of
vehicle speed, acceleration, battery SoC, and trip progress, as the remaining distance,
and record both the control action (normalized ICE torque request), reported in
Figure 3.30 and the discrete operating mode (EV, E-boost, load point moving),
shown in Figure 3.25. The SoC-distance grid used is reported in Table 3.9.

Table 3.9 Combinations of battery SoC and normalized travelled distance used for the policy-
interpretability analysis under CS operation.

Normalized traveled distance SoC level

20%
10%
15%
20%

50%
10%
15%
20%

80%
10%
15%
20%

Concerning the ICE exploitation strategy, the maps are strongly structured by
SoC, while the trip progress seems to have a very marginal effect in the CS logic. At
low SoC (10%), the commanded engine fraction is high over almost the entire speed-
acceleration plane, indicating an aggressive use of the ICE to sustain/recover charge.
Only a narrow band at the lowest accelerations calls for limited engine torque when
the torque requested by the driver is low. For SoC values close to the target (15%),
the policy becomes selective. For low–moderate accelerations, the engine request is
small, while a clear activation threshold appears as the acceleration increases; above
that threshold, the engine contribution ramps up with both acceleration and speed,
in order to satisfy the increased torque demand. At a higher value of SoC (20%),
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the engine demand is essentially zero for all the tested vehicle-acceleration points,
highlighting a preference for pure-EV operation when the battery buffer is available.
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Fig. 3.24 Grid of normalized action distributions for nine combinations of SoC and travelled
distance percentage; each panel shows the normalized engine torque within its corresponding
SoC-distance bin for the CS logic.

The operating modes map confirms the ICE torque trend. At low SoC (10%),
E-boost prevails at medium–high torque request to satisfy performance, and load-
point moving emerges at lower accelerations and medium speeds, where the engine
can be operated at higher loads to sustain/recharge the battery in a more efficient
way. EV operation is largely suppressed. At close-to-target SoC value (15%), EV
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dominates for low–mid accelerations, while E-boost appears at higher accelerations,
where transient power demand exceeds what the electric path alone would supply
efficiently. Load-point moving is marginal. Finally, when there is available electric
energy (SoC = 20%), the policy selects EV mode across the board, independently
of speed and acceleration. Also in this case, the effect of the trip progress is very
marginal.

Fig. 3.25 Grid of speed–acceleration plots for nine combinations of SoC and travelled
distance percentage; each panel shows the engine management strategies within its respective
SoC and distance interval for the CS logic.
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Overall, the two figures show a coherent CS strategy: the agent prioritizes EV
operation whenever the SoC margin allows it, engages the ICE primarily under high
torque demand, and uses load-point moving at low demand to maintain SoC when
the battery is depleted and operate the ICE in more efficient operating points. The
smooth, monotonic shifts of the mode boundaries with SoC indicate a well-structured
policy rather than episodic behaviors.
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Effect of Vehicle Distance

Motivated by the limited influence of trip progress observed in the interpretability
maps of Figures 3.30–3.25, we conducted an ablation study in which the vehicle
distance was removed from the state vector. The resulting agent (named SAC-wo-
distance hereafter) was trained and compared against the baseline SAC. Figure 3.26
shows nearly indistinguishable training dynamics: both agents exhibit comparable
convergence rates and steady-state episode rewards, with similar variability. This
suggests that excluding distance does not affect learning stability or asymptotic
performance.

Fig. 3.26 Training reward evolution for the SAC controller: comparison between the baseline
agent (red) and the variant without the distance input (blue). Solid lines denote the episode-
mean reward, while the shaded bands indicate the corresponding standard deviation.

To assess closed-loop behaviour, both policies were deployed on a backward
kinematic test rig following an RDE-compliant cycle and benchmarked against DP.
As reported in Figure 3.27, both SAC controllers regulate SoC close to the CS target
of 15%. Both policies maintain the SoC close to the target throughout the entire
cycle. The baseline policy exhibits a slightly deeper initial battery discharge followed
by a recovery towards the end, whereas the ablated policy adopts a more conservative
profile. However, the resulting differences in the SoC trajectories are marginal.
The DP profile shows the expected globally planned pattern with deeper mid-cycle
depletion and a deliberate recovery near the end. In terms of efficiency, all strategies
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Fig. 3.27 RDE driving–cycle performance comparison of the SAC baseline (red), the SAC
without the distance input (blue), and a DP benchmark (black). In (a), the SoC trajectories
over time are reported, while in (b) the trade-off between the CO2 emissions and the terminal
SoC.

terminate close to the target SoC; DP achieves the lowest fuel/CO2 emissions, while
the two SAC variants are clustered nearby with only a small penalty.

Overall, within the CS operating condition and for the tested cycle, the ablation
results indicate that trip progress (distance) is largely redundant in the state rep-
resentation: removing it leaves training behaviour, SoC regulation, and emissions
essentially unchanged. This finding confirms the interpretability analysis, which
revealed only a marginal role of distance in the policy’s decision making process.

Effect of Recurrence

DP is used as a benchmark because it solves the fully observable MDP: it has access
to the entire driving profile (past and future) and can therefore compute a globally
optimal energy management policy. By contrast, the baseline RL formulation, im-
plemented with fully connected networks, operates under partial observability: the
state only encodes the current driving condition, with no explicit memory of the
past and no preview of the future. This effectively turns the problem into a Partially
Observable Markov Decision Process (POMDP). To increase effective observability,
one idea could be the introduction of temporal memory by parameterizing both the
policy and the value function with an LSTM and retraining the agent (hereafter, SAC
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recurrent). This agent was then compared with the baseline in terms of training
behaviour and closed-loop performance on a backward kinematic test rig, following
the same evaluation protocol used previously. As shown in Figure 3.28, the two
agents exhibit nearly identical learning dynamics: similar convergence rates, compa-
rable steady-state episode rewards, and overlapping variability bands. The recurrent
parameterization, therefore, does not materially affect training stability or asymptotic
reward.

Fig. 3.28 Training reward evolution for the SAC baseline agent (red) and the SAC recurrent
variant (teal). Solid lines represent the episode-mean reward, while shaded areas indicate the
corresponding standard deviation.

On the RDE-compliant cycle (Figure 3.29), the SAC recurrent agent regulates
SoC closer to the CS target (15%) for most of the drive and then intentionally
depletes near the end, finishing slightly below the target. This greater exploitation of
the battery buffer yields a -1.5% reduction in tailpipe CO2 relative to the baseline
SAC. The baseline, instead, allows a larger mid-cycle deviation from the target and
compensates late, closer to DP behaviour.

To understand this different behaviour, in Figure 3.30 the decision making process
in terms of control action distribution is reported for the recurrent policy. The first
eye-catching consideration is that, with recurrent information, the trip progress plays
a key role, while in the baseline policy, this state information was useless. In the
15% SoC row, the recurrent agent commands substantially higher ICE torque over
a broader speed-acceleration region than the baseline, whose maps are largely in
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Fig. 3.29 RDE driving–cycle performance comparison of the SAC baseline (red), the SAC
recurrent variant (teal), and a DP benchmark (black). In (a), the SoC trajectories over time
are reported, while in (b), the trade-off between tailpipe CO2 emissions and terminal SoC.

the low-torque/EV zone. Likewise, at 20% SoC the recurrent policy still requests
non-zero torque in many operating points, while the baseline remains almost entirely
EV. This systematic, moderate ICE usage when SoC is at or above the target prevents
mid-cycle battery depletion and keeps the state close to 15%. Conversely, the
baseline’s strong EV preference at 15–20% SoC allows SoC to drift below the target,
necessitating a late recovery. Near the end of the trip (right column), the recurrent
maps show a reduction of ICE demand at 15–20% SoC, which enables the agent
to spend the remaining battery energy to discharge the battery in the final steps
of the cycle; the baseline maps instead expand the ICE-on region, consistent with
charging back if the SoC is below the target. Overall, the recurrent architecture
yields smoother, more continuous decision boundaries and a proactive regulation
strategy: hold SoC near the setpoint during the drive, then exploit the residual buffer
at the end, while the baseline exhibits a more reactive pattern that tolerates mid-cycle
deviation and compensates late.

Despite the modest CO2 benefit and the more structured, temporally consistent
decisions revealed by the maps, the aggregate performance of the two SAC policies
remains very similar. Moreover, the recurrent agent exhibits a weaker enforcement
of the terminal SoC constraint (ending below 15%), which, together with the added
implementation and tuning complexity of LSTMs, limits the practical value of the
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recurrent parametrization for CS operation in this case study. Consequently, the
baseline SAC offers a favorable trade-off between simplicity and performance.
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Fig. 3.30 Policy interpretability maps for the recurrent SAC agent. Normalized ICE torque
command TICE/TICE,max over a speed–acceleration grid for nine combinations of battery SoC
(rows) and normalized travelled distance (columns). Warmer colors denote greater engine
utilization.
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3.4.4 Charge Depleting Policy

This section presents the CD policy results for the pHEV EMS, developed with
the RL methodology of Section 3.4.2. To avoid degenerate learning and ensure
the agent experiences meaningful engine–battery coordination, the driving-cycle
dataset was filtered to exclude cycles that are trivially solvable in EV-only mode,
i.e., missions for which the initial battery energy would allow a cycle termination
without ICE support. Unlike CS, the CD objective tracks a non stationary SoC
reference, defined as a linear discharge trajectory SoCtrg,CD parameterised by the
travelled distance (see (3.51)). Accordingly, the analysis also examines the effect of
supplying the agent with SoC target feedback as an additional state. The narrative
proceeds as follows: baseline SAC training under CD operation is first characterized
by analyzing reward evolution together with the joint trajectories of SoC and fuel to
establish convergence and stability; the learned policy is then unboxed via the same
interpretability protocol used in the CS section, by sweeping speed, acceleration,
SoC, and trip progress, and both the control action (normalized ICE torque) and the
discrete operating mode (EV, E-boost, load-point moving) are reported; subsequently,
the impact of SoC target feedback is quantified by comparing a baseline agent with
a variant augmented with SoC target feedback as additinal state, and recurrence is
investigated by parameterizing the policy and value functions with an LSTM; finally,
the controllers are validated on a high-fidelity forward virtual test rig, assessing
tracking of the linear SoC target, terminal SoC compliance, and fuel/CO2 outcomes,
and contextualizing performance against reference strategies. Because CD introduces
a dual out-of-distribution dimension, both the driving conditions and the initial battery
energy, closed-loop performance is evaluated at three initial SoC set points (50%,
70%, 90%) to probe robustness across initial charge levels.

Baseline Policy Training Assessment

The learning dynamics of the CD controller are first assessed through the episode
return in Figure 3.31. After a short transient with a few negative-return episodes,
the mean reward rises steeply within the first 50–100 episodes and then exhibits
a gentler upward drift before settling on a clear plateau from roughly episode 400
onward. The shaded band, representing the episode-wise standard deviation, is wide
at the beginning, consistent with exploratory actions and cycle level stochasticity,



3.4 Scale 2: Energy Management of HEVs 113

but progressively narrows, indicating improved policy consistency. The absence
of late-stage drift or variance growth points to stable convergence toward a robust
controller.

Fig. 3.31 Training loss for the CD SAC policy as a function of episodes. The solid line is
the mean value across 20 episodes, while the shaded area is the standard deviation across 20
episodes.

Complementary insight is provided by the per-episode trajectories of SoC and cu-
mulative fuel consumption in Figure 3.32 (colour-coded from early to late episodes).
Despite the widespread of initial SoC values, all trajectories exhibit a controlled
depletion and converge to a common terminal band around the final SoC target,
demonstrating reliable enforcement of the final SoC constraint across episodes. As
training progresses, dispersion near the end of the cycle shrinks markedly, confirming
improved terminal tracking of the linear SoC reference. In parallel, cumulative fuel
consumption evolves from irregular, episode-dependent growth in early training to
smoother, clustered profiles in later episodes, consistent with a stabilized strategy
that coordinates battery depletion and ICE usage.

Taken together, these results show that the CD agent not only converges in terms
of reward, but also learns a physically coherent depletion policy that respects the
terminal SoC target, irrespective of the starting SoC, while progressively regularizing
fuel consumption behaviour.
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Fig. 3.32 Training evolution of the CD policy. Top: battery SoC versus time; bottom: cumu-
lative fuel mass m f versus time. Each curve corresponds to one episode and is colour–coded
by episode index (dark = early, bright = late).
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Decision-Making Process

As in the CS analysis, a post-hoc interpretability study is carried out to “unbox” the
policy learned for the CD condition. A key difference with respect to CS is that the
SoC levels explored in the maps vary with trip progress. This choice reflects the
operational reality of CD deployment: the minimum SoC considered is 50%, so very
low SoC values rarely occur at the beginning of a mission. Accordingly, the three
SoC levels decrease with normalized travelled distance, as listed in Table 3.10. The
policy is interrogated on a structured grid of vehicle speed, longitudinal acceleration,
battery SoC, and trip progress; the resulting control action maps (normalized ICE
torque) are reported in Figure 3.33, while the corresponding mode maps (EV, E-boost,
load-point moving) are shown in Figure 3.34.

Table 3.10 Combinations of battery SoC and normalized travelled distance used for the
policy-interpretability analysis under CD operation.

Normalized traveled distance SoC level

20%
60%
80%
95%

50%
30%
40%
50%

80%
10%
15%
20%

A key outcome of this analysis is that, unlike CS, trip progress plays a leading
role in the CD policy’s decisions. Because the CD objective is tied to a distance-
parameterized linear SoC target, the controller must coordinate the available electric
energy with the remaining distance to track the desired depletion profile, which
reflects the global optimum proposed by the DP.

Concering the control action (Figure 3.33), at 20% distance (left column), where
the available electric energy is still high, the maps are almost uniformly blue, indi-
cating EV-only operation across the domain to follow the desired depletion schedule.
At 50% distance (middle column) with mid SoC levels (30–50%), the policy re-
mains largely EV but begins to admit ICE torque in a bounded region at higher
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accelerations and moderate to high speeds, highlighting a conditional relaxation
when power demand rises or when SoC approaches the target. By 80% distance
(right column), with low SoC (10–20%), the activation threshold drops markedly
and ICE usage becomes widespread, especially for the 10–15% cases, ensuring
drivability while preventing SoC from undershooting the lower bound before the
trip ends. The systematic left-to-right shift, from EV dominance early to increasing
ICE support late, demonstrates that the agent explicitly uses remaining distance
to schedule depletion in line with the non stationary, distance-parameterized SoC
target; this strong dependence contrasts with the CS logic, where distance had only a
marginal effect.

Consistent with the control action maps, the mode-selection plots confirm that
in CD operation, the policy is strongly organized by trip progress. At 20% distance
(left column) with high SoC (60–95%), the maps are uniformly green: the controller
runs EV mode everywhere to adhere to the early portion of the linear SoC target.
By 50% distance (middle column) and mid SoC (30–50%), EV still dominates, but
E-boost appears in the high-demand region (higher accelerations, moderate–high
speeds), matching the bounded non-zero torque region seen previously; load-point
moving remains negligible. At 80% distance (right column) with low SoC (10–20%),
the balance shifts: E-boost becomes prevalent to guarantee performance, while
load-point moving emerges at low accelerations and higher speeds to guard against
undershooting the terminal SoC bound when the remaining distance is small. The
left-to-right transition, EV early, selective E-boost mid-trip, and increased ICE
involvement late, mirrors the torque-map trends and highlights the crucial role of
remaining distance in scheduling depletion under the CD objective, in clear contrast
to the marginal distance effect observed in CS.



3.4 Scale 2: Energy Management of HEVs 117

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Fig. 3.33 Grid of normalized action distributions for nine combinations of SoC and travelled
distance percentage; each panel shows the normalized engine torque within its corresponding
SoC-distance bin for the CD logic.
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Fig. 3.34 Grid of speed–acceleration plots for nine combinations of SoC and travelled
distance percentage; each panel shows the engine management strategies within its respective
SoC and distance interval for the CD logic.
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Effect of SoC Target Feedback

Trip distance strongly influences CD decision-making, which is critical to fully
exploit the benefits of pHEVs. A desirable strategy yields approximately linear
battery SoC depletion with respect to traveled distance, rather than relying on pure-
EV operation and subsequently switching to CS mode at low SoC, where battery
efficiency deteriorates. Consequently, effective fuel-minimizing control requires at
least the remaining trip distance, information that is easily available from modern
GPS systems.

To enhance the observability of the MDP, the state is augmented with a distance-
parameterized reference SoC trajectory, denoted SoCtrg,CD, defined in (3.51). This
reference is not constant, as in the CS operation, and defines a linearly decreasing
profile with distance. The same quantity is used in the reward design, (3.52), to guide
learning toward the desired CD behavior. The resulting policy, referred to as SAC
w SoCtrg, is compared with a baseline SAC agent in terms of training stability and
closed-loop control on the usual RDE driving cycle, using three initial SoC levels:
50%, 70%, and 90%.

Fig. 3.35 Training reward versus episode for the SAC baseline (red) and the SAC agent
augmented with the reference SoC state (orange).

Closed-loop behavior on the backward kinematic virtual test rig is summa-
rized in Figure 3.36. In panel (a), SoC trajectories display the targeted near-linear
depletion across all initial SoC conditions. The augmented policy tracks the distance-
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(a) (b)

Fig. 3.36 Closed-loop evaluation on the backward kinematic virtual test rig over an RDE
cycle for three initial SoC levels (50%, 70%, 90%). In (a), SoC trajectories are reported,
while in (b), CO2 emissions versus terminal SoC (SoCend).

parameterized reference more closely and aligns better with the DP benchmark (black
dashed), whereas the baseline shows greater deviation, manifested as EV-heavy op-
eration early in the cycle at high initial SoC (90%) or increased ICE contribution
at low initial SoC (50%). Panel (b) compares CO2 emissions against terminal SoC
(SoCend). As expected, emissions increase with higher final SoC values. Both learned
policies achieve emission levels close to DP across the three scenarios and close meet
the terminal SoC target of 15%. Notably, the augmented policy attains a terminal
SoC closer to the target with only a limited change in CO2 emissions relative to
the baseline. The combination of improved SoC-tracking throughout the drive and
accurate terminal SoC regulation supports the effectiveness of including the reference
trajectory as an additional state variable to further enhance the performance of the
CD logic.

Effect of Recurrence

Following the same approach adopted for the CS policy (see Section 3.4.3), a natural
way to improve MDP observability is to provide the agent with temporal memory
via recurrent networks. To this end, an LSTM-based SAC agent (hereafter, SAC
recurrent) was trained and compared against the baseline SAC using the usual
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two-step protocol: (i) analysis of the training average reward and (ii) closed-loop
evaluation on a common test cycle.

The training behavior is broadly similar across agents. As shown in Figure 3.37,
the recurrent SAC (teal) reaches the stationary cumulative-reward level slightly faster,
but the asymptotic value and the spread of the cumulative reward are comparable to
those of the baseline (red). This indicates similar training stability and steady-state
performance.

Fig. 3.37 Training reward versus episode for the SAC baseline (red) and the LSTM-based
SAC recurrent agent (teal).

Closed-loop performance was assessed on the backward kinematic virtual test
rig over the RDE cycle for three initial SoC conditions (50%, 70%, 90%), see Figure
3.38. In panel (a), both agents satisfy the terminal SoC constraint (SoCend≈15%) in all
scenarios. The recurrent policy displays a pronounced two phase pattern, aggressive
early depletion followed by a conservative mid-cycle segment and a late correction,
yielding a more curved trajectory that is further from the approximately linear DP
trend (black dashed). The baseline SAC shows a steadier, more DP-like depletion
profile. Panel (b) reports CO2 emissions versus the final SoC value. Both learned
policies lie close to DP, but the recurrent agent is typically equal to or slightly higher
than the baseline, with a final SoC value almost equal to the baseline, highlighting
a slightly less efficient exploitation of the fuel chemical energy. In this setting,
recurrence offers no clear efficiency advantage: constraint satisfaction is preserved,
yet SoC evolution is less regular and emissions benefits are not evident.
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(a) (b)

Fig. 3.38 Closed-loop evaluation on the backward kinematic virtual test rig over an RDE
cycle for three initial SoC levels (50%, 70%, 90%). In (a), SoC trajectories are compared,
while in (b), the trade-off between CO2 emissions and final SoC value is presented.
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3.4.5 Performance on Detailed Virtual Test Rig

To complement the backward-rig evaluation and validate the controllers under real-
istic transients and plant constraints, the learned policies were assessed on a high-
fidelity forward dynamic virtual test rig developed via GT–Simulink co-simulation.
Unlike the backward formulation, this environment explicitly accounts for actua-
tor dynamics, driveline losses, and nonlinear interactions, thus providing a more
stringent and physically consistent benchmark for EMS performance.

Figure 3.39 summarizes the closed-loop results. Panel (a) reports the SoC
trajectories for four different initial values (15%, 50%, 70%, 90%). Both SAC and
the LSTM-based controller regulate the battery in a smooth and adaptive manner:
irrespective of the starting condition, the trajectories converge consistently toward the
charge-sustaining target without violating the lower bound, while flexibly exploiting
the battery buffer to limit ICE usage. It is worth noting that the SAC policy trained on
the backward kinematic rig tends to discharge slightly deeper (final SoC around 11%),
an effect mainly attributable to the higher instantaneous energy demand modeled in
the forward simulation. In contrast, the RB controller displays a two-phase pattern:
it initially depletes the battery almost entirely in EV mode—evident in the steep
initial SoC drop—before switching to charge-sustaining operation. This sequential
strategy is inherently inefficient, as it forces the ICE to operate more frequently
in suboptimal regions once the electric buffer is exhausted. The ECMS, which is
inherently defined in CS operation, maintains the SoC close to the target but tends
to induce a slight overcharge toward the end of the cycle, reflecting its myopic
instantaneous optimization principle.

Panel (b) quantifies the corresponding CO2–SoC trade-off. SAC and LSTM
consistently achieve lower emissions than both RB and ECMS while still converging
to the desired terminal SoC. Between the two learning-based policies, SAC exhibits
slightly deeper depletion, translating into marginally lower CO2 values, whereas
LSTM enforces smoother SoC regulation at the expense of a modest emission
increase. ECMS, which was tested only in CS conditions, delivers competitive results
but requires explicit parameter tuning, while RB is clearly dominated, combining
higher emissions with larger deviations from the SoC target. Overall, the forward-rig
results confirm the superior adaptability of the learned controllers, which outperform
classical baselines both in aggregate performance and in the efficiency of their SoC
management strategy.
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(a) (b)

Fig. 3.39 Closed-loop evaluation on the forward dynamic virtual test rig over an RDE cycle
for four initial SoC levels (15%, 50%, 70%, 90%). In (a), SoC trajectories are compared,
while in (b), the trade-off between CO2 emissions and final SoC value is presented.

A more detailed view is provided by the engine operating-point time distribu-
tions. In CS with a 15% SoC target (Figure 3.41), both SAC and LSTM concentrate
operating time around the high-efficiency island of the Brake Specific Fuel Con-
sumption (BSFC) map, confirming their capability to systematically shift the ICE
toward favorable load–speed regions. This explains the smoother SoC regulation
and lower emissions observed in Figure 3.39. ECMS also exploits efficient regions,
but its operation is more narrowly clustered around specific load points, a direct
consequence of its instantaneous optimization principle. By contrast, RB scatters
operating points over a wider area, mainly at low loads, where engine efficiency
is poor. This dispersion is consistent with its two-phase SoC behavior (initial EV
depletion followed by charge-sustaining operation), which forces the ICE to operate
frequently in suboptimal conditions and results in higher fuel consumption.

In CD starting from a high initial SoC of 90% (Figure 3.41a), the learning-
based controllers exploit the battery aggressively, but when the ICE is requested they
employ it sparsely at high load and near the BSFC valley (i.e., load-point–moving op-
eration), explicitly avoiding low-load, inefficient points; this mechanism explains the
SoC trajectories in Figure 3.39a and the lower CO2 levels in Figure 3.39. Conversely,
RB switches to a sustaining phase after its initial EV-only discharge and activates the
ICE across a much wider area—including many low-load regions—thereby operating
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(c) (d)

Fig. 3.40 Engine operating point time distribution in CS conditions with a SoC target of 15%
for different control strategies: (a) SAC, (b) LSTM, (c) RB, and (d) ECMS. The background
shows the BSFC map of the case study engine.

away from the optimal efficiency locus and incurring the higher emissions observed
in the SoC–CO2 trade-off.

CO2,eq =

(
SoCend−SoCtrg

)
Ebatt

dveh

BSCO2,avg

ηpath
(3.53)

Since the forward dynamic evaluation does not strictly enforce a perfect SoC
target, the final SoC may slightly deviate from the target value. To ensure a fair
comparison among strategies, especially across different initial SoC levels, the
emissions are therefore corrected according to Equation (3.53).
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(a) (b)

(c)

Fig. 3.41 Engine operating point time distribution in CD conditions starting from a SoC of
90% for different control strategies: (a) SAC, (b) LSTM, and (c) RB. The background shows
the BSFC map of the case study engine.

The formulation converts the residual battery energy imbalance into an equivalent
CO2 contribution by means of the average engine specific CO2 emissions and a global
energy conversion efficiency between the engine shaft and the battery. In this way,
any under- or over-depletion of the battery buffer is consistently translated into an
equivalent fuel penalty (or credit), thus restoring energetic comparability across
controllers.

Table 3.11 reports the resulting equivalent CO2 emissions for all control strate-
gies and initial SoC levels. The values include both the measured tailpipe emissions
and the SoC-based correction term defined in Equation (3.53), thus ensuring a fair
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Table 3.11 Equivalent CO2 emissions including SOC correction for different control strategies
and initial SOC levels.

SOC 15% SOC 50% SOC 70% SOC 90%
(%Dev. RB) (%Dev. RB) (%Dev. RB) (%Dev. RB)

Rule-Based 144.46 (0%) 119.44 (0%) 103.60 (0%) 87.11 (0%)

ECMS 141.67 (−1.9%) – – –

LSTM 138.21 (−4.3%) 113.31 (−5.1%) 97.73 (−5.7%) 82.33 (−5.5%)

SAC 138.60 (−4.1%) 112.48 (−5.8%) 96.90 (−6.5%) 81.44 (−6.5%)

comparison across controllers that lead to a different final battery energy content.
Consistently with the trends observed in the SoC–CO2 trade-off of Figure 3.39, the
learning-based controllers achieve the lowest emissions for all initial SoC levels.
Both SAC and LSTM systematically outperform the RB strategy, with reductions that
increase as the initial SoC rises. At low initial SoC (15%), LSTM and SAC exhibit
comparable performance, with LSTM marginally outperforming SAC. However, at
medium and high initial SoC levels (50–90%), SAC achieves the lowest equivalent
CO2 emissions, reaching reductions of up to 6.5% relative to the RB benchmark.
This trend is consistent with the more aggressive yet structured load-point–moving
behavior observed in the CD operating point distributions, where SAC more ef-
fectively exploits high-efficiency ICE regions while avoiding low-load operation.
ECMS was evaluated exclusively under CS conditions, and therefore, its comparison
with the learning-based controllers is restricted to this operating regime. Within CS
operation, ECMS delivers competitive results, confirming the effectiveness of its
instantaneous optimization principle in maintaining the SoC close to the target while
exploiting relatively efficient ICE operating regions. Nevertheless, both SAC and
LSTM achieve lower equivalent CO2 emissions even under CS constraints, indicat-
ing that their learned policies are able to implicitly capture the long-term impact of
operating-point selection beyond instantaneous fuel optimality.

Overall, the results obtained on the detailed forward dynamic test rig confirm that
the SAC agent and LSTM model outperform the RB and ECMS baselines in terms
of SoC management and CO2 emissions, while also demonstrating structured and
interpretable operating patterns aligned with efficient ICE usage. Nevertheless, the
observed slight SoC under-discharge of SAC in CS conditions and the small residual
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deviations from the optimal CO2–SoC trade-off suggest that additional performance
gains could be unlocked through a targeted fine-tuning of the reward formulation and
hyperparameters directly on the forward rig. Such calibration, accounting for the
higher-fidelity dynamics of the co-simulation environment, would enable the SAC
policy to better adapt to real plant characteristics and further narrow the gap to the
optimal benchmark.
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Fig. 3.42 Comparison between SAC and DP results: (a) CO2 emissions [g/km] and (b)
electric energy consumption [kWh]. Results are shown for CD and CD conditions. Dashed
lines indicate ±10% deviation.

3.4.6 Generalization Performance

The previous sections established (i) the sample efficiency and performance advan-
tages of SAC over DDQL, (ii) the structure of the learned decision mechanisms
under CS and CD operation, (iii) the limited role of distance for CS and its centrality
for CD, (iv) the marginal gains of recurrent parametrizations, and (v) the closed-loop
validity of the policies on a high-fidelity forward rig. We conclude by assessing gen-
eralization: does the baseline SAC reproduce the behavior of the optimal benchmark
(DP) across unseen and very diverse driving conditions and different initial battery
states?

To answer this, we evaluated SAC and DP on a test matrix comprising 10
heterogeneous driving cycles and 4 initial SoC levels (90%, 70%, 50%, and 15%) on
the backward kinematic virtual test rig to be compliant with the training environment
and do not introduce biases due to the different environment fidelity level. Figure 3.42
summarizes the results. Each marker corresponds to one cycle–SoC combination,
with symbols distinguishing CD and CS operation; the 1:1 line and the dashed 10%
bands provide visual error bounds, and the shaded area highlights the agreement
region.



130 Control Application

Panel 3.42a shows DP (x-axis) versus SAC (y-axis) tailpipe CO2 emissions.
The cloud of points is tightly concentrated around the identity line and largely con-
tained within the 10% error corridor, indicating an overall good agreement between
SAC-based and DP-based CO2 emission estimates. However, a more detailed inspec-
tion reveals a regression trend with a slope slightly lower than unity, suggesting a
systematic tendency of the SAC approach to yield higher CO2 emissions than the
corresponding DP values. This effect is particularly evident under CD operation,
where most data points lie above the 1:1 line, resulting in a regression trend that devi-
ates more from the ideal identity relationship than in CD operation (see Panel 3.42a).
This deviation is therefore indicative of a consistent bias rather than random scatter.
This discrepancy is an expected consequence of the different optimization informa-
tion structures. DP provides a benchmark solution because it optimizes with full
knowledge of the entire driving profile, whereas SAC operates online and bases its
decisions on the current state, using only the remaining running distance as lim-
ited future information. As a result, reproducing DP CO2 emissions exactly is not
achievable in principle. The objective of the proposed SAC formulation is instead
to reduce the gap with respect to the DP benchmark as much as possible while
guaranteeing satisfaction of the final SoC target. Despite this inherent limitation,
the results demonstrate that SAC matches the DP outcome with high fidelity across
operating regimes (CD and CS), driving cycles, and initial SoC conditions. The close
clustering around the identity line, together with the largely uniform containment
within the 10% corridor, confirms that SAC delivers consistently near-optimal CO2

performance over a wide operating range, with only a modest and systematic offset
that remains bounded even at higher emission levels.

guaranteeing fulfillment of the final SoC target.

Panel 3.42b reports the correlation in total electric energy usage. Again, the
points cluster near the identity line and stay mostly within the error band. The
absence of a visible slope or offset error suggests that SAC closely matches DP’s
allocation of electric energy versus fuel, rather than simply trading one for the
other. In other words, SAC has learned a close to DP global scheduling principles,
despite operating without preview and under partial observability during training.
To conclude, this last section proves that the SAC controller generalizes very well
across 10 different driving cycles and 4 different initial SoC levels, i.e., 40 different
test conditions. It reproduces DP’s CO2 outcomes and total energy usage with strong
correlation and bounded deviations. Combined with the interpretability analysis and
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forward-rig validation, these results indicate that the learned policy has captured
transferable control structure (mode selection and ICE loading) rather than overfitting
to specific cycles or initial conditions. As such, SAC provides a practical, preview-
free approximation of the DP benchmark suitable for real-time EMS deployment.

3.5 Conclusion and Future Steps

This chapter demonstrated a unified, learning-centric control framework operating
across two scales. At the network level, a hierarchical SAC–GNN policy for AMoD
coordination achieved near-MPC operator profit while delivering the lowest waiting
times among feasible baselines, and did so with disciplined rebalancing that moder-
ated distance and emissions. The policy generalized well across spatial aggregations,
time-of-day regimes, and simulator fidelities; macroscopic pretraining transferred
effectively to mesoscopic evaluation, and the reward weight β offered a single in-
terpretable lever to navigate cost–service trade-offs. At the powertrain level, the
proposed EMSs—DP-informed LSTM and preview-free SAC produced structured,
physically consistent decisions (EV, boost, load-point shifting), matched DP trends
on CO2 and electric-energy usage across heterogeneous cycles and initial SoC levels,
and outperformed RB and ECMS baselines on a high-fidelity forward rig. In CS,
recurrence brought marginal gains versus a simpler SAC; in CD, augmenting the
state with a distance-parameterized SoC target improved tracking without sacrificing
efficiency.

Future work will explore extending these methods to more complex multi-agent
scenarios, integrating real-time data streams (e.g., disruptions and demand adap-
tations), and optimizing for additional objectives, such as energy efficiency (e.g.,
for electric vehicles) and equity in service distribution. For the hybrid power-split
scale, priorities include a systematic exploration of recurrent architectures with
targeted hyper-parameter optimization, the integration of a short-horizon speed (or
load) forecasting layer to increase effective observability, and richer learning signals,
e.g., offline RL for data-efficient policy improvement and meta-learning to acceler-
ate adaptation and strengthen generalization across vehicles, cycles, and operating
contexts.



Chapter 4

Modelling Application to Predictive
Combustion Models

Combustion modeling in ICEs shares the same systems-control pressures highlighted
at the other scales in this dissertation: decisions must be accurate, fast, and robust
to uncertainty, especially for real-time applicationsation, like the implementation
of combustion models in real vehicle ECUs. Here, the trade-off is between (i)
high-fidelity physical descriptions, up to CFD, that resolve turbulence-chemistry
interaction but remain too expensive for large DoE campaigns, digital twins, and
ECU embedding, and (ii) compact empirical surrogates that are computationally
attractive yet can lose accuracy, and have a limited applicability close to calibration
operating conditions. Real-time applications demand a middle path that preserves
accuracy and physical trends while delivering fast inference.

The chapter positions two complementary families within the standard 0D/1D
thermodynamic backbone. Phenomenological models encode premixed-flame physics
via laminar burning velocity and turbulence-induced surface amplification in single-
and two-zone settings. Data-driven models, by contrast, learn the mapping from op-
erating conditions to crank angle–resolved combustion descriptors. These surrogates
are introduced not as classical black-box replacements but as physics-aware com-
plements: feature selection and loss shaping reflect combustion causality; outputs
interface directly with single-/two-zone balances so that predicted burn rate profiles
yield pressure and heat release histories without violating the main physical rules.
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The central motivation is practical: approach the accuracy of physically and
phenomenologically informed models where fixed empirical models struggle, while
retaining the computational efficiency required for calibration loops, virtual sensing,
and closed-loop control. In this role, data-driven models act as fidelity amplifiers
for 0D/1D workflows, extending expressiveness beyond strictly S-shaped MFB
assumptions yet maintaining portability and real-time performance across operating
points.

This chapter is structured in the following way. First, Section 4.1 reviews the
phenomenological models for SI combustion in 0D/1D and indicates where empirical
forms typically lose accuracy. Section 4.2 presents the PHOENICE engine and
dataset. Section 4.3 details the data-driven surrogates, an NN-parameterized Wiebe
for ultra-fast reconstruction, and a hybrid sequence model that predicts MFB over
crank angle with physics-informed regularization. Section 4.4 evaluates accuracy
and generalization across speed, load, and dilution using MFB10, MFB50, and
MFB10–75 alongside full burn rate profiles. Section 4.5 discusses implications for
real-time deployment and outlines co-simulation and dataset-enrichment steps.

4.1 Combustion Models

This section outlines the modeling strategies used to characterize combustion in
ICE with an emphasis on Spark Ignition (SI) operation and 0D/1D practice. Our
focus is on the quantities that drive system analysis and control, namely the burn
rate and heat release profiles over crank angle, and their scalar summaries such as
CA10/50/90, burn duration, and peak pressure. Two complementary families are
reviewed. Phenomenological models retain a compact, physics-based description
of premixed flame propagation: local chemistry enters through laminar burning-
velocity correlations, while turbulence augments flame surface, yielding practical
closures that are interpretable but require calibration. Data-driven models learn the
mapping from operating conditions and controls to combustion descriptors directly
from data, trading explicit turbulence/chemistry closures for speed and adaptability
while remaining anchored to the same thermodynamic framework. The remainder
proceeds as follows. Section 4.1.1 introduces laminar and turbulent premixed-flame
fundamentals and reviews mainstream closures in single- and two-zone settings
(Wiebe, eddy burn-up, fractal, CFM). Section 4.1.2 then surveys recent data-driven



134 Modelling Application to Predictive Combustion Models

methods and presents the LSTM sequence model used in this work, which predicts
the full crank angle–resolved burn rate at low computational cost.

4.1.1 Phenomenological

Phenomenological combustion models aim to reproduce the leading-order physics
of SI burning with minimal computational cost and a small, interpretable set of
parameters. They idealize the flame as a thin front propagating through a premixed
charge and separate two roles: local chemistry, encapsulated by the laminar burning
velocity and flow-induced enhancement, introduced through turbulence metrics
that wrinkle and stretch the front, increasing its effective area. In 0D/1D engine
simulations, these models are embedded in single-zone or two-zone thermodynamic
frameworks and are coupled to geometry-based volume laws and wall heat-transfer
correlations. The objective is to deliver a credible Mass Fraction Burned (MFB),
or, equivalently, the heat-release history across speed, load, dilution, and spark
sweeps, suitable for system studies, calibration, and emissions/knock hooks, while
remaining transparent about assumptions and tuning needs. The subsection proceeds
from laminar flame fundamentals to turbulent flame phenomenology, then reviews
mainstream closures used in practice: a single-zone baseline with Wiebe MFB, and
two-zone formulations in which the burn rate is set using three different submodels.

Laminar premixed flames. A premixed flame arises when fuel and oxidizer
are mixed before ignition. The flame front is a thin, self-sustaining reaction layer
that separates unburnt and burnt gases and propagates into the fresh mixture; peak
temperatures can exceed 2000 K. Depending on the surrounding flow, premixed
flames are classified as laminar or turbulent.

In the laminar case, the internal structure is classically decomposed into a rela-
tively thick preheat zone, dominated by species and heat diffusion with negligible
heat release, followed by a thin reaction zone with intense exothermic chemistry.
The laminar burning velocity uL, which represents the normal propagation speed
into the fresh gas, is an intrinsic indicator of mixture reactivity. Balancing transport
and reaction rates yields the familiar scalings
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uL ∝

√
λωr

p
(4.1)

δL ∝
λ

puL
(4.2)

with λ thermal conductivity, ωr reaction rate, ρ density, cp specific heat, and δL

laminar flame thickness. The preheat layer is typically an order of magnitude thicker
than the reaction layer, where the structure of a premixed laminar flame is reported
in Figure 4.1.

Fig. 4.1 Structure of a laminar premixed flame [3].

The laminar burning velocity uL depends strongly on equivalence ratio φ , unburnt
temperature T , pressure p, and dilution (Exhaust Gas Recirculation (EGR)/residuals).
For gasoline-like fuels, uL peaks for slightly rich mixtures (φ ≈ 1.05–1.15), decreases
toward the flammability limits, increases with higher T (faster chemistry and higher
conductivity despite lower density), and decreases with p (diffusive transport within
the front is hindered even as reactant concentration rises). Dilution slows the flame
because added heat capacity lowers the reaction-zone temperature (Figure 4.2). For
SI-engine modeling, these trends are commonly captured by power-law correlations
referenced to (T0, p0) [150] and extended for dilution:
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uL = uL,0

(
T
T0

)α(φ)( p
p0

)β (φ)
(4.3)

u(dil)
L = uL[1−GXdil]

γ (4.4)

where uL,0, α , β , G, and γ depend on fuel formulation and Xdil is the molar
fraction of diluent.

Fig. 4.2 Laminar burning velocities of selected fuels versus equivalence ratio at 0.1 MPa and
300 K. Lines are leastsquares polynomial fits to experimental data [4].

While the inner micro-structure of the front is laminar, engine flows are rarely
quiescent. During the main burn the in-cylinder motion corrugates the front over
a range of scales, so that chemistry remains locally laminar-like but the effective
burning rate is governed by how turbulence increases flame surface. This motivates
the following turbulence metrics and the associated regime diagram.

Turbulent premixed flames. In turbulent premixed combustion, the flame front
interacts with eddies across a spectrum of scales; turbulence predominantly wrinkles
and stretches the front, increasing surface area and thus the global burning rate.
The phenomenology is organized by three non-dimensional groups: the turbulent
Reynolds number Ret , which represents the ratio of inertial to viscous effects at the
integral scale; the Damköhler number Da, that is the ratio of large eddy turnover time
to chemical flame time; and the Karlovitz number Ka, which is the ratio of chemical
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time to Kolmogorov time, indicating how fast the smallest eddies act relative to
chemistry:

Ret =
u′lt
ν

Da =
τlt
τch

=
lt/u′

δL/uL
=

uLlt
u′δL

Ka =
τch

τη

=
δL/uL

τη

(4.5)

where u′ and lt are turbulence intensity and integral scale, ν is the kinematic
viscosity, τlt = lt/u′ a large-eddy turnover time, τch = δL/uL a chemical (flame) time,
and τη the Kolmogorov time at the dissipative scale.

These groups delineate the canonical regimes:

• Laminar / weak-turbulence: Ret < 1, the front is essentially laminar.

• Wrinkled/corrugated flamelets: Ka < 1, Da < 1, the inner structure remains
laminar-like while turbulence primarily amplifies flame surface.

• Thickened–wrinkled flames: 1 < Ka < 100, Da < 1; smaller eddies pene-
trate the preheat zone, effectively thickening the front and increasing stretch
sensitivity.

• Broken reaction zones / well-stirred: Ka > 100; reaction zones are strongly
disrupted, and the process becomes mixing/chemistry controlled.

The turbulent premixed combustion regimes introduced above are reported in the
Borghi diagram shown in Fig. 4.3.

In common 0D/1D engine modeling within the flamelet regime, chemistry is
represented via engine-range correlations for uL(T, p,φ ,Xdil), while turbulence is
introduced through (u′, lt) to control flame-surface amplification and the resulting
burn rate [3]. Practically, the models are embedded in either a single-zone or a
two-zone framework and differ mainly in how they represent surface amplification
in the flamelet range (as organized in the Borghi diagram, Figure 4.3). The follow-
ing subsections review the mainstream approaches with attention to assumptions,
governing relations, inputs, and typical performance.
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Fig. 4.3 Borghi (premixed turbulent combustion) diagram. Ordinate: normalized turbulence
intensity u′/s0

L; abscissa: normalized integral scale lt/δL [5].

Single-zone. In the simplest formulation, the in-cylinder mixture is treated as
spatially uniform. During closed-valve phases, the thermodynamic evolution can be
advanced by writing the energy balance as

d(me)
dt

=−p
dV
dt
− p

dQw

dt
(4.6)

from which expressions for pressure and temperature follow. In particular,
temperature evolves according to

dT
dt

=
1

mcv

(
−p

dV
dt
− p

dQw

dt
− ∂e

∂xb

dxb

dt

)
(4.7)

Change in volume is determined directly from engine geometry, while the wall
heat-transfer term Qw, which can be determined through the Woschni model [151],
is usually correlated through dedicated submodels. The burned-mass fraction xb is
imposed to close the system; a common choice is the S-shaped Wiebe MFB law
[152].

xb(θ) = 1− exp
[
−a
(

θ−θ0
∆θ

)m+1]
(4.8)

where (a,m,θ0,∆θ) are calibration parameters. This construction captures mea-
sured pressure traces robustly and with modest computational cost, though it remains
non-phenomenological and typically requires case-specific tuning.
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Two-zones. A more informative baseline divides the cylinder charge into unburned
(u) and burned (b) zones that share a common pressure but retain distinct thermody-
namic states; each zone satisfies its own energy balance while mass is transferred
from u to b as combustion progresses.

d(mbeb)

dt
=−p

dVb

dt
− p

dQw,b

dt
+hu

dmb

dt
(4.9)

d(mueu)

dt
=−p

dVu

dt
− p

dQw,u

dt
−hu

dmb

dt
(4.10)

The coupling term hu
dmb
dt accounts for the enthalpy carried with the mass that is

converted from unburned to burned mixture; it links the two balances and makes the
solution sensitive to the prescribed burn rate. Pressure is taken as spatially uniform
in the cylinder, while temperatures, compositions, and transport properties differ
between zones. Closing the model requires an estimate of the burn rate history dmb

dt
(or equivalently the MFB profile), which is provided by a combustion submodel.
Common choices range from empirical Wiebe-type laws, which are robust but non-
phenomenological, to quasi-dimensional flame-propagation formulations that relate
the instantaneous burning rate to the laminar flame speed uL, turbulence intensity u′,
and an evolving flame surface constrained by chamber geometry. The latter embodies
the classical dual role of chemistry (through uL) and turbulence (through flame-front
corrugation in the corrugated-flamelets regime), enabling realistic trends with speed,
load, dilution, and ignition timing. The following sections review these closures and
their implications for heat-release phasing, wall heat losses, and links to emissions
and knock indicators.

Eddy burn-up. Within the two-zone framework outlined above, one of the most
widely used closures is the eddy burn-up model, originating from Keck [153]. Com-
bustion is idealized as two coupled stages consistent with the flame-brush framework
discussed earlier: (i) turbulent entrainment of unburned mixture into a corrugated
flame brush at a rate set by the available mean uncorrugated flame area AL and
an effective burning speed uL + uT , and (ii) exponential burn-up of the entrained
mass into products over a characteristic time τ that reflects small-scale mixing and
chemical conversion. In compact form,
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dme

dt
= ρuAL(uL +uT ) (4.11)

dmb

dt
=

me−mb

τ
(4.12)

τ =
λ

uL
(4.13)

where uL is the laminar burning velocity, uT ∝ u′ represents the turbulence-
induced enhancement, me is the entrained, but not yet burned mass, and λ is a
mixing length (often tied to an integral or brush thickness scale). Coupled to the
two-zone energy balances at a single cylinder pressure, this combustion submodel
staging supplies ṁb without prescribing an a priori MFB curve, naturally yielding the
observed S-shaped heat release and a realistic late-burn tail. Calibration is typically
compact (entrainment and burn-up constants plus flame-area geometry factors) and
targets CA10/50/90 and pressure traces across speed, load, and dilution, while known
limitations include sensitivity to turbulence correlations and incomplete control of
wall-phase slow-down.

Fractal model. Here [154] turbulence-induced surface amplification is described
via a wrinkling factor AT/AL:

dmb

dt
= ρuuLAT

= ρuuL

(
AT

AL

)
AL

= ρuuL

(
lmax

lmin

)D3−2

AL

(4.14)

Within the two-zone framework, the burn rate is written as mb
dt = ρuuLAT with the

turbulent flame area obtained from a fractal amplification of the mean (uncorrugated)
area AL. The fractal dimension D3 increases with turbulence intensity; the outer
cutoff lmax is linked to the integral scale or instantaneous flame size, while the inner
cutoff lmin represents the smallest dynamically relevant scale, often correlated to the
laminar flame thickness in the flamelet regime or to the Kolmogorov scale at higher
Karlovitz. In this view, turbulence accelerates combustion primarily by wrinkling
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the flame, and so increasing AT , while the local burning speed remains uL. The
model integrates cleanly with the two-zones energy balances and supplies mb

dt without
prescribing an a priori MFB curve; with a compact set of correlations for D3, lmax,
and lmin, it typically reproduces the S-shaped heat release, the burn rate peak, and
trends with speed, load, and dilution. Compared head-to-head with eddy burn-up,
fractal formulations often improve the late-burn tail and speed sensitivity, though
performance remains sensitive to the chosen scale correlations and to assumptions of
isotropic/homogeneous turbulence and geometry-dependent clipping.

Coherent Flame Model. The Coherent Flame Model (CFM) [155] belongs to the
flame surface-density family and retains the same consumption form used in the
two-zone framework,

mb

dt
= ρuuLAT = ρuuLΞAL (4.15)

Here the wrinkling factor Ξ links the turbulent flame surface AT to the mean
(uncorrugated) surface AL via AT = ΞAL, so turbulence accelerates burning primarily
by creating surface rather than by altering the local laminar speed uL. Two ingredients
make the model predictive at low cost and consistent with the two-zone balances: (i)
the mean area AL is spherical only for very small burns and is otherwise tabulated
versus piston position and burned volume Vb to encode chamber geometry; (ii)
Ξ evolves from a 0D ordinary differential equation obtained by reducing the 3D
flame-surface-density transport [156], which supplies a dynamic balance between
production by turbulent strain/curvature and destruction by propagation/dilatation
and near-wall effects. A compact form is given by:

dΞ

dt
=
(

u′
uL

Γ

)1
lt

(
Ξeq−Ξ

)
−
(

ρu
ρb
−1
)uL

rb

δL

lt
(4.16)

Ξeq = 1+C
u′

uL
Sc−1/2 (4.17)

where u′ and lt are turbulence intensity and integral scale, Γ is an efficiency
function, rb = (3Vb/4π)1/3 is a mean flame radius, and δL is the laminar thickness.
This formulation captures the laminar to turbulent transition, naturally reproduces
the S-shaped heat release, and damps wrinkling under strong thermal expansion near
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top dead center. In practice, initialization of Ξ, a small set of production/destruction
and wall-interaction coefficients, and geometry-informed AL(Vb) tables suffice for
calibration against CA10/50/90 and pressure traces across speed, load, and dilution
sweeps. Compared with algebraic wrinkling laws (e.g., fractal formulations) and
entrainment-based closures (e.g., eddy burn-up), CFM offers a dynamic, physically
interpretable link between turbulence metrics and instantaneous burn rate without
prescribing an a priori MFB curve, while remaining sensitive to the turbulence-scale
correlations and the near-wall clipping strategy.

4.1.2 Data-driven

Extending the phenomenological framework introduced in Section 4.1.1, data-driven
combustion models pursue the same overarching objective, such that, obtaining
credible and predictive representations of the combustion process, but achieve it by
learning the mapping from operating conditions and control inputs to combustion
metrics directly from data. Depending on the intended application, the model output
may consist of scalar cycle indicators (e.g., MFB50, burn duration, peak pressure) or
a crank angle–resolved profile such as the burn rate or heat release rate. Rather than
prescribing turbulence–chemistry interaction closures, the learned representation
implicitly captures how these effects combine within the engine’s operating envelope.

In many control and calibration contexts, scalar combustion descriptors are
sufficient and often preferable. For embedded ECU implementation, static or low-
order representations offer simplicity, robustness, and transparency in calibration.
Under such constraints, reconstructing the full crank angle–resolved burn rate trace
may introduce unnecessary computational and tuning complexity.

However, the availability of a complete burn rate profile becomes significantly
more valuable in simulation-oriented environments. In real-time applications such as
Hardware-in-the-Loop, virtual test rigs, and hybrid physics–data-driven digital twins,
phase-resolved combustion modeling enables consistent coupling with thermody-
namic and mechanical solvers. A full burn rate reconstruction preserves ignition
delay, premixed and diffusion-controlled phases, and late-burn evolution, allowing
multiple combustion indicators to be derived from a physically coherent representa-
tion. When integrated within co-simulation frameworks or physical engine test rigs,
this detailed phase information ensures that pressure development, load-dependent
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phasing effects, and late-burn dynamics propagate consistently through drivetrain
and thermal subsystems. Such coherence is essential for assessing overall power-
train response and system-level interactions, even if the final production controller
ultimately relies on simplified scalar models.

From a computational standpoint, phenomenological and CFD-based approaches
provide strong physical interpretability but are often too demanding for large Design
of Experiments (DoE) campaigns, iterative optimization loops, or real-time deploy-
ment [157]. Recent advances in ML and DL have mitigated these limitations by
approximating nonlinear relationships between measurable engine variables—such
as intake pressure, EGR rate, spark timing, and air–fuel ratio—and combustion
descriptors directly from experimental data [158, 159]. By bypassing explicit ther-
mochemical solution steps, neural networks achieve high predictive capability at
millisecond-level inference times.

A wide range of architectures has been explored in the literature. Deep feed-
forward networks have demonstrated highly accurate in-cylinder pressure predic-
tion for HCCI operation [158]. Recurrent architectures such as LSTMs and hy-
brid CNN–LSTM models have successfully captured pressure dynamics across
broad operating ranges, including variations in intake temperature and EGR dilution
[160, 161]. Beyond pressure reconstruction, ML-based predictors have targeted
combustion phasing and emissions metrics: [159] reported accurate predictions of
CA50, HRRmax, and burn duration in biodiesel-fueled engines, while [28] combined
Gaussian processes with ANNs to reconstruct the mass fraction burned (MFB) tra-
jectory with near-phenomenological accuracy at substantially reduced computational
cost. Hybrid physics–ML formulations further demonstrate that thermodynamic
consistency can be preserved through constrained loss functions while retaining
real-time capability [157]. These developments support applications in digital twins,
virtual sensing, and closed-loop simulation [27]. Recurrent models such as LSTMs
and GRUs have additionally shown strong capability in capturing dilution and com-
bustion phasing effects relevant to low-temperature and hydrogen-fueled operation
[162].

The present modeling framework is particularly suited to highly diluted spark
ignition regimes, including lean-burn strategies, high-EGR operation, catalyst heating
phases with retarded combustion phasing, and advanced dilution concepts. In these
operating domains, combustion stability, late-burn behavior, and phasing sensitivity
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are strongly influenced by dilution level, making phase-resolved prediction especially
beneficial.

Despite the rapid evolution of data-driven combustion modeling, several limita-
tions remain evident in the literature. First, many studies prioritize scalar descriptors
over full crank angle–resolved burn-rate reconstruction. Second, high-dilution spark-
ignition regimes, where late-burn dynamics and stability constraints are most critical,
remain comparatively underexplored. Third, some approaches either constrain learn-
ing tightly to predefined phenomenological forms or directly regress the in-cylinder
pressure trace. While pressure regression enables subsequent derivation of net heat
release via thermodynamic analysis, the combustion-phase evolution remains implicit
within the learned mapping. In contrast, explicitly reconstructing the burn-rate profile
under weak phenomenological constraints preserves combustion phase structure,
enhances interpretability, and facilitates coupling across different thermodynamic
backbones.

To address these gaps, the present work proposes a sequence-based LSTM trained
on experimental data from a highly diluted spark-ignition engine to directly predict
the crank angle–resolved burn-rate evolution over an entire cycle. Using inputs such
as engine speed, load, dilution level, and spark timing, the model outputs the com-
plete burn-rate trace without explicit turbulence–kinetics closures or manually tuned
entrainment parameters. When coupled with standard single- and two-zone ther-
modynamic formulations, the approach would be able to deliver real-time pressure
and heat-release histories with accuracy comparable to calibrated phenomenolog-
ical baselines within the trained operating envelope. In doing so, it bridges the
gap between physically detailed but computationally intensive phenomenology and
fast, generalizable data-driven simulation frameworks suitable for real-time virtual
testing.

It should be noted that the validation presented in this work focuses primarily
on steady-state operating conditions. While the sequence-based LSTM architecture
inherently captures cycle-wise dependencies and is expected to improve robustness
under varying operating conditions compared to static regressors, no dedicated
validation under strongly transient maneuvers is included. Accordingly, no explicit
claim of superiority in highly transient operation is made. Extending validation
toward aggressive transients represents a natural continuation of this research.
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4.2 Case Study

The learning-based combustion framework was applied to experimental data from
the European Horizon 2020 PHOENICE project. The reference engine is a state-of-
the-art four-cylinder, 1.3 L, turbocharged, Gasoline Direct Injection (GDI) SI engine
[163]. It features a high compression ratio, a compact four-valve combustion chamber
with a 200 bar fuel injection system, and a MultiAir Variable Valve Actuation (VVA)
mechanism acting on the intake valves [164]. The cylinder head incorporates an
integrated exhaust manifold, improving thermal efficiency and reducing packaging
constraints. To achieve a target Indicated Thermal Efficiency (ITE) of 47%, the
Dual Dilution Combustion Approach (DDCA) [165] was implemented. This strategy
combines homogeneous lean combustion with cooled low-pressure EGR and operates
under a high compression ratio. Several advanced subsystems were introduced to
enable DDCA operation, particularly focusing on the optimization of the combustion
system.

Fig. 4.4 Main technological upgrades implemented on the PHOENICE engine.

As shown in Figure 4.4, a major modification concerns the piston geometry,
which increased the compression ratio from 10.5:1 to 13.6:1. Combined with a
redesigned intake port, this configuration enabled the exploitation of the Swumble
concept, enhancing turbulence intensity and flame propagation under lean and highly
diluted conditions.
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The boosting and fuel injection systems were also upgraded. A 48 V electrically
assisted turbocharger with a Variable Nozzle Turbine (VNT) was introduced to miti-
gate turbo lag and allow energy recovery when turbine power exceeds compressor
demand. In parallel, a high-pressure injection system capable of operating up to
350 bar was implemented, improving atomization and mixture preparation. Finally,
the VVA system was exploited to enable aggressive Miller-cycle operation, reduc-
ing pumping losses and improving efficiency. The final engine configuration and
specifications are summarized in Table 4.1.

Table 4.1 Main specifications of the PHOENICE engine.

Engine Specifications

Number of cylinders 4
Displacement 1332 cm3

Bore × Stroke 70 mm × 86.5 mm
Compression Ratio 13.6:1
Number of valves 16

VVA system MultiAir III (intake only)
Turbocharging 48 V VNT E-Turbo
Fuel Injection GDI (up to 350 bar)

Ignition System Base production
EGR System Cooled Low Pressure (LP)

Rated Power (target) 100 kW @ 4500 RPM
Rated Torque (target) 218 Nm @ 3500 RPM

Experimental Dataset

The dataset used in this study was obtained during the calibration phase of the
PHOENICE engine, conducted by IFP Energies Nouvelles (IFPEN). The campaign
consisted of steady-state measurements collected at eleven representative operating
points, selected to span a wide range of engine speeds and loads, as shown in Figure
4.5 and summarized in Table 4.2.

At each point, the air–fuel ratio (λ ) and EGR rate were systematically varied to
quantify the combined effect of dilution and lean operation. In total, 101 distinct
operating conditions were acquired, each corresponding to a specific combination
of engine speed, load, λ , and EGR rate. Two representative examples of the test
matrices, at 1500 RPM× 5.5 bar BMEP and 3000 RPM × 7 bar BMEP, are reported
in Tables 4.3 and 4.4.



4.2 Case Study 147

Fig. 4.5 Selected engine operating points and full-load curve.

For each operating condition, IFPEN recorded a comprehensive set of variables,
including air and fuel mass flow rates, pressures and temperatures at the compressor
and turbine inlets and outlets, BSFC. Additional parameters such as turbocharger
speed and Spark Advance (SA) were also acquired. Finally, the burn rate curves
employed in this work were derived from a GT-Suite simulation model previously
calibrated using experimental data from IFPEN. These curves serve as the reference
for analyzing combustion characteristics and validating the learning-based predictive
framework developed in this study. It is worth emphasizing, however, that GT-
Suite is used here primarily as a post-processing tool to extract consistent burn rate
profiles from the experimentally measured in-cylinder pressure traces, rather than as
a predictive surrogate to generate combustion data for unseen operating conditions.
Therefore, the proposed learning-based model is effectively trained and assessed
against combustion information that remains rooted in experimental measurements,
while acknowledging that reliance on a calibrated simulation tool for burn rate
reconstruction may still introduce modelling errors, particularly under highly diluted
or extreme transient conditions.
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Table 4.2 Tested steady-state engine points.

Engine Speed [RPM] BMEP [bar]

1000 2
1500 2
1500 5.5
1500 11.5
2000 5.5
2000 13.5
2200 20
2600 15
2600 20
3000 7
3000 13

Table 4.3 Air–fuel ratio and EGR sweeps at 1500 RPM × 5.5 bar BMEP.

Air–Fuel Ratio [–] EGR Rate [%]

1.00 0.9, 5.2, 10.2, 15.3, 18.9
1.11 0.7, 10.3, 15.0
1.25 0.6, 5.1
1.43 0.0

4.3 Methodology

This section outlines the pipeline adopted to obtain real-time, crank–angle–resolved
combustion models. The workflow proceeds in four steps. First, a compact and
physically plausible input set is established through a two-stage feature selection
process: a statistical screen (correlation analysis and Neighborhood Component
Analysis) followed by a physics check to retain variables with causal influence
on phasing and duration. Second, empirical feature distributions are analyzed to
assess coverage, identify sparsely sampled regimes, and anticipate extrapolation risk.
Third, two complementary models are constructed: (i) a fast NN–Wiebe model that
infers single-Wiebe coefficients from the selected features after per-point calibration
via a Genetic Algorithm; and (ii) a hybrid recurrent model (Hybrid–LSTM) that
predicts the full MFB sequence while relaxing the S-shaped prior. The sequence
model employs a dual-branch architecture (static feature encoder and LSTM encoder)
and a physics-informed objective that enforces pre-ignition behavior and derivative
consistency with the target burn rate.
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Table 4.4 Air–fuel ratio and EGR sweeps at 3000 RPM × 13 bar BMEP.

Air–Fuel Ratio [–] EGR Rate [%]

1.00 0.0, 5.2, 10.0, 15.2, 20.6, 21.5
1.11 0.0, 5.3, 9.8, 15.1, 20.1
1.25 0.0, 5.1, 10.0, 14.4
1.43 0.0, 5.2, 7.2

4.3.1 Feature Selection

This subsection consolidates a compact and physically meaningful input set for the
Wiebe–NN and Hybrid–LSTM models. The starting pool comprised standard actua-
tions and states from the PHOENICE dataset (engine speed, load/IMEP or BMEP,
air–fuel ratio λ , EGR rate, spark timing, and air-path variables), listed in Table 4.5.
The selection strategy combines a statistical screen, used to remove redundancy and
highlight task relevance, with a physics check to ensure that the retained variables
carry plausible causal influence on combustion phasing and duration.

Table 4.5 Initial set of features after first human screening.

Initial Features

Engine speed [RPM]
Turbo speed [RPM]
EGR [%]
Air–fuel ratio λ [-]
Intake pressure [bar]
Intake temperature [K]
Intake valve opening (IVO) [deg CA]
Intake valve closure (IVC) [deg CA]
Injected fuel mass [mg/cycle]
Injection duration [deg CA]
Start of injection (SOI) [deg CA]
Spark advance (SA) [deg CA]

First, linear dependence among candidates was quantified with Pearson’s correla-
tion coefficient,

r =
∑

n
i=1(xi− x̄)(yi− ȳ)√

∑
n
i=1(xi− x̄)2

√
∑

n
i=1(yi− ȳ)2

, (4.18)



150 Modelling Application to Predictive Combustion Models

computed on the entire dataset. The numerator measures sample covariance,
the denominator rescales by the product of standard deviations, and r ∈ [−1,1]
is invariant to units. As a rule of thumb, |r| < 0.3 indicates weak association,
0.3≤|r|<0.7 moderate, and |r|≥0.7 strong; the sign gives direction. The correlation
map in Figure 4.6 shows tight blocks among thermodynamic channels and derived
quantities; therefore, highly collinear pairs were collapsed to a single representative,
favoring variables with clearer physical interpretation for combustion modeling.

Fig. 4.6 Correlation matrix among candidate input features. Blocks of high correlation
motivate redundancy pruning prior to supervised modeling.

Second, task relevance was quantified with Neighborhood Component Analysis
(NCA) in regression form, which learns a data-driven scaling of inputs that maxi-
mizes local agreement between features and targets; the resulting weights provide an
importance ranking.
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Neighborhood Component Analysis results. To give metric-specific guidance,
NCA was run separately for MFB10 for the early phasing, MFB50 for the center
of combustion, and MFB10–75 for the duration. The profiles in Figure 4.7 indicate
complementary roles: for MFB10, SA dominates with EGR next, consistent with
ignition phasing and dilution governing onset; for MFB50, injected fuel mass leads,
followed by SA and boost-related variables; for MFB10–75, SOI and engine speed
are most influential, reflecting mixture-preparation effects and time-to-crank-angle
conversion. Taken together, the statistical screen and the NCA ranking point to a
compact set tailored to the study. Specifically, IVO/IVC were removed due to low
correlation with the targets under the Miller-oriented phasing, injection duration was
dropped as redundant with injected mass, and SOI showed limited relevance for
the combustion profiles considered. The eight variables retained for all subsequent
analyses are summarized in Table 4.6.

Table 4.6 Final set of features used across the analysis.

Final Features

Engine speed [RPM]
Turbo speed [RPM]
EGR [%]
Air-fuel ratio λ [-]
Intake pressure [bar]
Intake temperature [K]
Injected fuel mass [mg/cycle]
Spark advance [deg CA]

It should be noted that this pipeline is purely statistical and does not encode
prior physical knowledge; rankings can therefore be affected by correlations or non-
causal associations. Consequently, the final subset was validated against combustion
physics to retain only features whose statistical relevance is consistent with plausible
mechanisms.

4.3.2 Feature Distribution Analysis

The empirical distributions of the selected variables provide the context that explains
the rankings above and indicate where model generalization is most credible. Co-
variations are consistent with engine physics: injected fuel mass and intake pressure
shift to higher values at larger loads; SA moves with dilution; valve events remain
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narrowly distributed under the Miller strategy. These patterns confirm that the
core set in Section 4.3.1 sits on well-covered regions of the feature space, while
also flagging sparse regimes—particularly extreme dilution and high load—where
prediction is more challenging and additional testing would most effectively enrich
the dataset.

The empirical distributions of the selected variables provide the context that
explains the rankings above and indicate where model generalization is most credible.
The PDFs reproduce an experimental campaign built around a discrete speed–load
matrix with systematic dilution sweeps, since several inputs display clustered or step-
like support, like speed and BMEP at scheduled points, λ ∈ {1.00,1.11,1.25,1.43},
and EGR spanning 0–22%. These observations were used to check that the statistical
selection in Section 4.3.1 aligns with physically plausible coverage and to identify
regions with limited support for later discussion. The key outcome of the distribution
analysis can be summarized in the following points:

• Engine speed & Load (BMEP). The distributions are multimodal, mirroring
the discrete speed–load grid of the campaign. Speed shows two main modes
(low–mid and mid–high ranges), while BMEP concentrates at low/mid loads
with a secondary lobe at mid/high loads and a thin tail at the highest loads.
This indicates strong coverage of the central operating envelope and sparser
sampling at the extremes, where knocking limits the engine operation in those
regions.

• Dilution: EGR & Air–fuel ratio λ . EGR density decreases roughly monoton-
ically with a long right tail up to 20%, showing emphasis on low–to–moderate
dilution and fewer heavily diluted cases. The λ PDF is step-like/right-skewed
with shoulders at the scheduled setpoints (λ ≈1.00,1.11,1.25,1.43), consis-
tent with planned lean/stoichiometric.

• Air path: Turbo speed, Intake pressure, and Intake temperature. Turbo
speed is strongly left-skewed with a bimodal shape, with most mass at low
shaft speeds and a light high-speed tail; pin shows a broad, slightly bimodal
structure aligned with the two BMEP bands; Tin varies within a compact range
and exhibits mild bimodality, reflecting a distribution in line with the intake
pressure.
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• Spark advance (SA). The distribution is concentrated at negative crank angles,
with a primary mode at moderate advance and a secondary shoulder at smaller
advance. This pattern is consistent with retard under high load or high dilution
for knock/stability management and with the scheduled dilution sweeps.

This distributional analysis highlights likely failure regions for the models—operating
conditions that are sparsely represented in the dataset. In such areas, the net-
works must extrapolate rather than interpolate, which typically reduces accuracy.
Late/delayed-combustion regimes are particularly underrepresented and thus more
error-prone, as shown in Section 4.4. The analysis also points to where additional
engine testing should be prioritized—targeting rare speed–load–dilution combina-
tions—to enrich the dataset, broaden coverage, and improve model robustness.
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(a)

(b)

(c)

Fig. 4.7 NCA feature importance profiles: (a) MFB10, (b) MFB50, (c) MFB10–75.
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(a) Engine speed (b) Load (BMEP)

(c) Exhaust Gas Recirculation (EGR) (d) Air–fuel ratio λ

(e) Intake pressure (f) Intake temperature

(g) Spark advance (h) Turbo speed

Fig. 4.8 Probability density functions of selected features.
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4.3.3 Neural Network for Wiebe Calibration

Having established a compact, physics-plausible input set (Table 4.6) and clarified
its coverage through the distribution analysis, the next step is to deploy a fast and
interpretable surrogate that maps those features to a full combustion trajectory. To
balance robustness in sparsely sampled regimes with fidelity over the well-covered
envelope, a compact feed-forward NN is coupled to the single-Wiebe analytical form:
the NN predicts the four Wiebe coefficients from the selected features (speed, load,
λ , EGR, SA, and air-path states), while the analytic law reconstructs the MFB/burn
rate at negligible cost. The workflow is two–stage: first, for each operating point a
reference parameter set is obtained by fitting the Wiebe curve to the target combustion
trace via a Genetic Algorithm (GA) [147]; second, a supervised network learns the
mapping from features to those GA-optimized parameters. This design leverages the
physical structure highlighted by the feature selection (e.g., the dominant role of SA
and dilution on phasing) and provides stable, real-time predictions aligned with the
dataset’s coverage.

Wiebe form and fitting objective. Within a crank-angle window θ ∈ [θmin,θmax]

surrounding combustion, the cumulative burned-mass fraction xb(θ) is modeled with
the single Wiebe law in Equation (4.8); the burn rate profile follows by differentiation,
ẋb(θ) =

dxb
dθ

. The calibration parameters (a,θ0,∆θ ,m) at each operating point are
identified by minimizing the discrepancy between the analytic curve and the target
trace sampled on a discrete crank-angle grid {θi}Nθ

i=1. Throughout, the MFB signal is
fitted; the corresponding least-squares cost is

JGA =
Nθ

∑
i=1

[
xb(θi)− x̂b(θi)

]2
, (4.19)

with x̂b the Wiebe reconstruction. The GA settings adopted are summarized
in Table 4.7; the configuration favors broad exploration (large population, uniform
crossover, relatively aggressive mutation) with a saturation-based stop to avoid
over-tuning. Figure 4.9 illustrates a typical fit: the S-shaped evolution and peak
region are captured well, while small deviations can appear at the very onset and
tail—limitations intrinsic to the single-curve structure and a motivation for the hybrid
sequence model introduced later.
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Table 4.7 Genetic Algorithm configuration used for Wiebe parameter optimization.

Genetic Algorithm Configuration

Number of generations 10000
Parents per generation 4000

Population size 9000
Number of genes 4

Mutation 50% of genes, random
Crossover Uniform

Stop criterion Saturation over 50 generations

Learning the parameter map. To enable online prediction, a small multilayer
perceptron is trained on pairs

(
zi, ψ̂i

)
, where zi collects standardized inputs (zero

mean, unit variance per feature) and ψ̂i = [â, m̂, θ̂0,∆θ̂ ] are the GA-optimized targets.
Following a modest hyperparameter grid search (depth/width, activation, regular-
ization), the selected architecture uses three hidden layers with 64-32-16 neurons
and a tanh activation with a 4-neuron linear output layer, which provided the best
validation error and a smooth mapping across operating conditions. The training loss
is the mean-squared error on parameters,

JNN–Wiebe =
N

∑
i=1
∥ψ̂i−ψi∥2

2 ,

ψi = [a,m,θ0,∆θ ],

ψ̂i = [â, m̂, θ̂0,∆θ̂ ]

(4.20)

Early stopping is used to promote smoothness and prevent overfitting. At in-
ference, the network outputs ψ in a single pass; these coefficients are inserted into
Equation (4.8) (or its derivative) to reconstruct the MFB (or burn rate), from which
CA10/50/90 and duration are computed analytically.

4.3.4 Hybrid Recurrent Neural Network Model for Burn Rate
Prediction

While the NN–Wiebe surrogate in Section 4.3.3 offers a compact and interpretable
mapping from operating conditions to a full burn rate profile, its accuracy is ulti-
mately bounded by the expressiveness of the single-Wiebe function. In particular,
the intrinsic S-shaped constraint embedded in the Wiebe law can lack in accurately
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Fig. 4.9 Example GA fit of the Wiebe MFB curve against the reference combustion trace.
The central burn is matched closely; minor discrepancies at onset and late tail reflect the
expressiveness of a single-Wiebe law.

describing combustion regimes that deviate from premixed-like behavior. This
mismatch is especially pronounced for non-premixed (diffusive) combustion, for
cases with strong dilution (high EGR or very lean operation), and for cycles with
a retarded start of combustion, where the mass fraction burned trajectory deviates
from a canonical sigmoid evolution.

The case study engine employed in this work employs several of these features
by a design choice aimed at pushing the engine efficiency through high dilution and
phasing strategies (see Section 4.2). Consequently, it can benefit from a combustion
description that is not constrained to an S-shape mathematical description. As
illustrated in Figure 4.9, the single-Wiebe fit reproduces the combustion phasing
well, but tends to underperform at the start of the combustion process and on its
tails. These start and tail discrepancies are consistent with the limited flexibility of
an exponential-like cumulative law and motivate relaxing the parametric constraints.

A possible extension, commonly adopted in Diesel combustion modeling, would
be the use of a double Wiebe formulation, in which separate Wiebe functions are
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employed to represent premixed and diffusion-controlled heat-release phases. While
such an approach could improve the fit quality at both the beginning and the end
of combustion, it also introduces additional degrees of freedom that are primarily
mathematical in nature. Unlike the single Wiebe formulation, whose parameters
are directly linked to physically meaningful quantities such as combustion phasing,
start of combustion, and burn duration, a double-Wiebe model weakens this direct
physical interpretability, as the decomposition into multiple Wiebe components
is not uniquely linked to the underlying engine operating conditions. In a data-
driven context, this loss of physical anchoring may be detrimental: the increased
parameterization can obscure the relationship between inputs (operating conditions)
and outputs (combustion evolution), potentially leading to poor generalization or
unstable training when embedded within an NN framework. For this reason, simply
increasing the complexity of the Wiebe formulation does not necessarily address the
core modeling challenge.

To overcome these limitations within a data-driven framework, the search for a
suitable functional form should not be restricted to the Wiebe family. Instead, the
model should have greater freedom to find the most appropriate shape, allowing
it to capture asymmetric rise, extended tails, and other non-sigmoidal patterns
observed under different combustion regimes. This motivated the adoption of a
purely NN-described burn rate evolution that uses a sequence modeling approach
while preserving the strengths of feature-informed prediction and removing the hard
S-shaped prior, thereby improving fidelity at the early and late stages of combustion
without sacrificing the accurate prediction of the combustion phasing, which is very
well captured by the Wiebe-imposed model. Designing an effective ML architecture
requires aligning the model structure with the data characteristics and with the
output objective. As highlighted in Figure 4.10, the ML model elaborates on two
distinct data types: (i) a crank angle–resolved burn rate trajectory that is inherently
sequential, and (ii) static operating conditions (e.g., load, speed, EGR, equivalence
ratio, injection timing, boost) that remain constant over an engine cycle. Treating
these sources symmetrically would either dilute the temporal inductive bias or force
constant features into a recurrent pipeline where they offer no sequence information
and risk biasing the output prediction. Accordingly, the model adopts a dual-branch
design that processes sequential and constant features in parallel and combines them
only after the respective embeddings have been formed.
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Sequential data processing layer Constant features processing layer

Constant within one engine cycle

Fig. 4.10 Features data type for burn rate prediction: two parallel branches process the se-
quential burn rate and crank angle trends and the static, constant-feature inputs, respectively.

For the sequential branch, an LSTM is employed (see Section 2.1.2) to capture
temporal dependencies across crank angle. This choice is motivated by three consid-
erations: (i) the burn rate evolution exhibits path-dependent structure (e.g., ignition
delay, rapid heat release rise, tailing) that benefits from gated memory and controlled
state updates; (ii) the LSTM’s hidden and cell states compactly summarize output
trajectory history, reducing the need for explicit autoregression; and (iii) the burn
rate output is not fed back as an input, thereby avoiding error accumulation across
crank angle while retaining the dynamics in the internal states. In parallel, the static
branch maps the constant operating conditions through a compact fully connected
network to produce a context embedding. Two practical design choices are used.
First, static features are standardized, with a z-score method, reported in Equation
(4.21), with xi as the original signal, and µ and σ its mean and standard deviation,
respectively.

zi =
xi−µ

σ
(4.21)

Second, the static branch produces an operating conditions context vector, which
is then concatenated with the LSTM sequence embedding at each crank angle step,
enabling step-wise predictions to be conditioned on a consistent description of the
operating point without reprocessing static features as if they were time-varying.
A final fully connected layer maps the concatenated representation to the mass
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Fig. 4.11 Hybrid Recurrent model for burn rate prediction architecture.

fraction burned (MFB). The burn rate profile is then obtained by differentiating the
MFB signal with respect to crank angle. Predicting the cumulative quantity (MFB)
stabilizes the training and simplifies the functional search space for the network,
while also enabling a derivative-based regularization term in the loss, i.e., a constraint
proportional to the inferred burn rate, to promote physically plausible rise and tail
behavior. A schematic representation of the mode architecture is reported in Figure
4.11.

The final model architecture and hyperparameters are reported in Table 4.8

Table 4.8 Hyperparameters of the hybrid-LSTM model.

Hyperparameter Value

LSTM encoder nodes 256
Constant encoder nodes 256

Decoder nodes 512
Training algorithm Adam

Learning rate 0.001
Epochs 1000

Mini-batch size 32

Each engine cycle is aligned to a combustion window spanning −60CAD before
top dead center (BTDC) to +60CAD after top dead center (ATDC), specializing
the model on the main combustion phase and avoiding non-informative portions of
the cycle. Sequences are not divided into subsequences; the LSTM operates on full
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cycles so that its gated memory can determine which parts of the past trajectory are
salient for the current prediction under the given operating conditions.

Training adopts a physics-informed strategy that injects domain knowledge,
imposes soft constraints, and reduces reliance on purely data-driven curve fitting.
The overall objective in Equation (4.22) averages a per-step loss batch elements and
cumulates across the entire crank angle sequence. The per-step loss in Equation
(4.23) consists of: (i) a data-fidelity term enforcing agreement between predicted and
target MFB, (ii) a pre-ignition constraint active for θt < θSA that suppresses non-zero
MFB before spark timing, and (iii) a derivative-regularization term that aligns the
derivative of the predicted MFB with the target burn rate profile. Lastly, the loss is
accumulated over the entire cycle and averaged across the batch, as formalized in
Equation (4.22); two weighting coefficients scale the physics terms to comparable
magnitude with the data term, supporting generalization to unseen operating points.

JHyb-LSTM =
1
N

N

∑
i=1

Θ

∑
t=1

ℓt,i, (4.22)

with the per-step loss defined as

ℓt,i =


(
1+λpre

)(
x̂b,i(θt)− xb,i(θt)

)2
+λderiv

(
dx̂b,i

dθ

∣∣∣∣
θt

−
dxb,i

dθ

∣∣∣∣
θt

)2

, θt < θSA,

(
x̂b,i(θt)− xb,i(θt)

)2
+λderiv

(
dx̂b,i

dθ

∣∣∣∣
θt

−
dxb,i

dθ

∣∣∣∣
θt

)2

, θt ≥ θSA.

(4.23)

4.4 Results

The objective of this section is to evaluate data-driven combustion models that (i)
accurately reconstruct the burn rate profile (peak intensity, phasing, and duration), (ii)
generalize consistently across training, validation, and test splits, and (iii) respond
correctly to changes in operating conditions (speed, load, EGR, and λ ). In other
words, beyond achieving low error on held-out data, the models are required to
preserve the physical evolution of combustion as the operating point varies.
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Two complementary approaches are examined. The first is a feed-forward NN
that maps operating conditions to the coefficients of a single-Wiebe law calibrated
via a GA, after which the burn rate is reconstructed from the inferred parameters
(Section 4.3.3). The second is a hybrid recurrent architecture (Hybrid-LSTM) that
predicts the burn rate sequence directly, blending domain structure with sequence
learning to capture temporal features of the combustion process (Section 4.3.4).

The evaluation proceeds in three steps. First, we assess learning stability and
potential over/underfitting by analyzing the training and validation losses and by
inspecting representative reconstructions (Section 4.4.1). Second, we probe physical
consistency through operating-condition sweeps—speed/load and dilution (EGR–λ ),
to verify that the predicted burn rate profiles evolve plausibly with the underlying
physics and that performance is uniform across data splits. Third, we quantify gener-
alization over the full dataset using standard combustion metrics (MFB10, MFB50,
and MFB10–75), reported as regression plots and error statistics. Throughout, com-
parisons with the Wiebe-parameter model are provided to highlight the benefits and
remaining limitations of each approach.

4.4.1 Hybrid-LSTM Training Assessment

The Hybrid-LSTM exhibits stable and well-aligned learning dynamics. As shown in
Figure 4.12, both training and validation losses decrease smoothly during the initial
epochs and converge to nearly identical stationary values. The absence of oscillations
and the small gap between the curves indicate reliable convergence without signs
of undertraining. The near overlap of the terminal losses suggests no appreciable
overfitting and is consistent with good generalization to unseen cycles.

These learning dynamics translate into accurate burn rate reconstructions. In
Figure 4.13a, a representative training cycle is reproduced with high fidelity, in-
cluding both the rising and decaying flanks of the heat-release peak. Comparable
accuracy is retained on validation data (Figure 4.13b), even for a case with markedly
delayed combustion, an operating condition that is comparatively rare in the dataset.
Despite this scarcity, the prediction closely follows the target in both magnitude
and shape, indicating that the Hybrid-LSTM has learned robust temporal features
rather than merely memorizing frequent patterns. Overall, the agreement between
losses and the quality of the reconstructions support the conclusion that the model
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Fig. 4.12 Training and validation loss versus epoch. Both curves decrease smoothly and
converge to closely matched stationary values, indicating stable learning and a negligible
generalization gap.
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Fig. 4.13 Representative burn rate profiles reconstructed by the Hybrid-LSTM. (a) Training
cycle with high-fidelity fit. (b) Validation cycle with strongly delayed combustion (rare in
the dataset) accurately captured.

is stable and generalizes well across operating conditions, including challenging
delayed-combustion cases.
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4.4.2 MLP for Wiebe Parameters Prediction

This section evaluates a feed-forward NN trained to predict single-Wiebe parameters
whose targets are obtained from GA fits as explained in Section 4.3.3. The model
thus learns a mapping from operating conditions to GA-optimized coefficients and
reconstructs the burn rate profile from the inferred parameters. The following results
illustrate its behavior across representative sweeps.

Across the speed load sweep under stoichiometric and no-EGR conditions, and
λ–EGR sweeps at 1500rpm× 5.5bar BMEP. The network reproduces the overall
burn rate shape with good fidelity: the central portion of the burn is well captured,
but two systematic effects emerge, (i) a tendency to overshoot the peak burn rate
and (ii) reduced accuracy at the very beginning and end of combustion. In particular,
the onset is often delayed, with predicted MFB10 occurring a few crank-angle
degrees later than measured, while the decay tail can be truncated. These behaviors
are visible both in the stoichiometric, no-EGR speed–load sweep (Figure 4.14)
and in the λ /EGR sweep at 1500rpm (Figure 4.15), where the model tracks the
main evolution of the MFB but exhibits localized deviations at the start and tail of
combustion.

Consistent patterns arise in the combustion metrics. The center of combustion
(MFB50) is generally well matched, whereas the combustion duration (MFB10–75)
is systematically underestimated. Despite these biases, most points remain within a
±5 CA error band relative to the experimental references, indicating that the model
captures the principal trends across operating points; this is summarized by the
global regressions in Figure 4.16. Overall, the network produces physically plausible
MFB profiles over the explored λ /EGR conditions, with remaining discrepancies
concentrated at the onset and tail of combustion. Further insights regarding the
model performance can be found in the Appendix A.1.

4.4.3 Hybrid Recurrent Model for Burn Rate Prediction

To overcome the limitations imposed by the S-shaped structure of the Wiebe function
for the MFB evolution, an hybrid recurrent NN–based model is adopted, as described
in Section 4.3.4. After assessing training performance in Section 4.4.1, it is essential
to verify whether the hybrid–recurrent model behaves robustly across operating
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Fig. 4.14 Wiebe-parameter MLP across the stoichiometric, no-EGR speed–load sweep. The
model captures the central burn region but shows peak overshoot and localized discrepancies
at onset and tail.

conditions and captures the changes in combustion evolution induced by speed, load,
and dilution, in line to the results presented for the Wiebe-NN model. Accordingly,
results are presented through three operating condition sweeps:dilution (EGR–λ ),
speed, and load, reflecting the data-collection plan in Section 4.2. Finally, the
model’s generalization over the entire dataset is evaluated using the combustion
metrics employed throughout this chapter (MFB10, MFB50, and MFB10–75).

Performance Across Operating Conditions

This subsection examines the model’s physical consistency and generalization be-
yond the training set by probing operating regimes not contiguous in feature space.
For each sweep, panels are arranged to highlight changes in the independent vari-
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Fig. 4.15 Wiebe-parameter MLP for the λ–EGR sweep at 1500rpm× 5.5bar BMEP. The
overall shape is reproduced, with typical onset delay (MFB10) and occasional truncation of
the decay tail.

ables, allowing a visual check that predicted burn rate shapes evolve plausibly with
the underlying physics.

Speed and Load Effect Figure 4.17 reports the speed–load sweep (speed in-
creasing from top to bottom, load from left to right) under stoichiometric, no-EGR
conditions. The hybrid–recurrent model reproduces the burn rate evolution with high
fidelity: combustion duration, peak intensity, and peak position closely match the
references, with no evident differences among training, validation, and test panels,
an indication of good generalization. A mild loss of accuracy appears only in cases
with delayed combustion phasing (slightly underestimated peak intensity), which
are under-represented in the dataset. Compared with the MLP–Wiebe baseline in
Figure 4.14, the hybrid–recurrent model mitigates the typical peak overshoot and the
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Fig. 4.16 Regression of predicted versus experimental combustion metrics for the Wiebe-
parameter MLP across the full dataset. Most points lie within ±5 CA, with a tendency to
underestimate MFB10–75.

onset/tail biases of the Wiebe reconstruction (delayed MFB10 and truncated decay),
while preserving the correct peak location across the map.

Improving performance in the delayed-combustion regime is expected by enrich-
ing the operating-point distribution with additional late-phasing cases.

Dilution Effect Figure 4.18 summarizes the dilution sweep at 1500 rpm and 5.5
bar IMEP, with EGR increasing from top to bottom and λ increasing from left to
right. The hybrid–recurrent model tracks the systematic effect of dilution on the
burn rate shape, reproducing the broadening of the curve and the slight delay of the
peak as EGR rises, as well as the reduction in peak intensity and modest phasing
delay as the mixture becomes leaner. Combustion duration, peak magnitude, and
peak location remain in close agreement with the targets across all data splits.

Very similar behavior is observed in Figure A.4a, which shows the same EGR–λ

sweep at a higher speed–load point (3000 rpm, 7 bar IMEP), again ordered with
EGR from top to bottom and λ from left to right. The model accurately follows the
expected dilution trends—widening burns, attenuated peaks, and a shift of the peak
to later crank angles as EGR or λ increase, with uniformly strong agreement across
training, validation, and test subsets.

Taken together across the two dilution sweeps (1500 rpm–5.5 bar and 3000
rpm–7 bar), the hybrid–recurrent model consistently reproduces the expected effects
of increasing EGR and λ—broader burns, attenuated peaks, and slight phasing
delays, while maintaining close agreement with targets for all data splits; relative
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Fig. 4.17 Comparison between target and Hybrid-LSTM predicted burn rate traces over a
speed–load sweep under stoichiometric, no-EGR conditions (λ = 1, EGR = 0). Engine
speed increases from top to bottom, while load increases from left to right. The black dashed
lines denote the target; orange, blue, and red lines indicate predictions on validation, training,
and test samples, respectively.

to the MLP–Wiebe baseline, it reduces the onset delay, peak overshoot, and end-of-
combustion truncation typical of the Wiebe reconstruction. For a condensed view of
metric evolution across operating conditions, an aggregated summary is provided in
Appendix A.1.

Combustion Metrics

Figure 4.20 summarizes the generalization performance over the full dataset for the
combustion metrics considered in this chapter (MFB10, MFB50, and MFB10–75).
Data from the training, validation, and test splits cluster closely around the 1:1 line
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Fig. 4.18 Hybrid-LSTM burn rate predictions for an EGR–λ sweep at fixed operating point:
n = 1500rpm, IMEP = 5.5bar. Panels are ordered with EGR increasing from top to bottom
and λ increasing from left to right. Dashed black lines are targets; solid blue and maroon
lines are predictions on training and test samples, respectively, and orange lines (when
present) denote validation.

and mostly fall within the shaded ±5 CA band, yielding low RMSE values and high
coefficients of determination (R2).

When comparing the LSTM-based reconstruction with the Wiebe-parameter
approach, different trends emerge across metrics. In the Wiebe-based model, com-
bustion phasing (MFB50) is directly embedded in the parametric formulation, and
the calibration procedure, based on a genetic algorithm, was biased toward minimiz-
ing phasing errors, even at the expense of less accurate predictions of combustion
start and tail. This makes MFB50 inherently easier to predict within the Wiebe
framework. Conversely, the LSTM model is required to reconstruct the entire com-
bustion evolution without explicitly enforcing phasing as a parameter, making the
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Fig. 4.19 Hybrid-LSTM burn rate predictions for an EGR–λ sweep at fixed operating point:
n = 3000rpm, IMEP = 13bar. Panels are ordered with EGR increasing from top to bottom
and λ increasing from left to right. Dashed black lines are targets; solid blue and maroon
lines are predictions on training and test samples, respectively, and orange lines (when
present) denote validation.

accurate prediction of MFB50 intrinsically more challenging. Despite this, the
LSTM approach achieves excellent accuracy in terms of combustion phasing, with
a small deviation from the value tracked by the Wiebe-based model (see Figure
4.16), while providing a markedly improved reconstruction of combustion start and
duration (MFB10 and MFB10–75). This highlights a fundamental trade-off between
parametric simplicity and global combustion fidelity: the LSTM-based approach
entails increased modeling complexity but yields a more balanced and physically
consistent description of the combustion process.
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Fig. 4.20 Regression of predicted versus experimental combustion metrics over the full
dataset. Shaded band indicates±5 CA around the 1:1 line; colors denote train/validation/test.

4.5 Conclusion and Future Steps

The Hybrid-LSTM reconstructs burn rate profiles with high fidelity across speed,
load, and dilution; training and validation losses converge to similar stationary
values, and combustion metrics cluster around the 1:1 line (RMSEs of 0.81 CA for
MFB10, 0.93 CA for MFB50, and 1.07 CA for MFB10–75). Compared with the
MLP–Wiebe baseline, the model mitigates onset delay, peak overshoot, and tail
truncation while preserving peak phasing; the residual bias is concentrated in rare
late-phasing, long-duration cases, indicating that data coverage is the main limiter.
Next steps prioritize expanding and rebalancing the dataset by adding operating
points and systematically sweeping key actuations (e.g., spark advance, injection
timing/strategy, boost/throttle), as well as incorporating transient maneuvers to
capture dynamic effects. In parallel, integrating the data-driven combustion model
into a GT-POWER engine test bench will enable benchmarking in a comprehensive
co-simulation environment and quantification of computational speed-ups relative
to phenomenological combustion models, establishing a practical speed–accuracy
trade-off for calibration, virtual testing workflows, and real-time engine-model
operation.



Chapter 5

Conclusion

In an era where climate change is the defining engineering challenge, every incre-
mental cut in emissions counts. In parallel, the digital and AI revolution provides
practical tools, such as high-fidelity data, scalable computation, and connected infras-
tructures, that make it possible to sense, predict, and coordinate complex mobility
and powertrain systems across scales. This dissertation leverages these tools through
domain knowledge-aware, learning-based controllers and data-driven models that
embed physics and optimization references to preserve feasibility and interpretability,
while meeting real-time inference constraints for real-world deployment.

From a cross-scale perspective, several principles emerge. Combining prior
knowledge, whether physical laws or control structure, with learning converts raw
computation into reliable action: convex dispatch layers, costed flows, and physics-
informed losses stabilize training, while reinforcement learning and sequence mod-
els capture variability that short-horizon optimizers or rigid parametric laws miss.
Representation matters: graphs for spatial coupling and sequences for temporal
dependencies act as inductive biases that steer learning toward physically plausible
behavior. Evaluation must reflect operations: KPIs that combine service quality,
utilization, emissions, energy/fuel use, and combustion metrics expose real trade-offs
rather than only average errors. Finally, broad, scenario-relevant coverage is essential
so models interpolate rather than extrapolate when stressed.

Building on these principles, the city-scale AMoD layer formulates fleet control
as a network-flow problem. A graph-encoded SAC policy proposes region-level
allocations, and a minimum cost flow layer enforces feasibility. In a calibrated
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mesoscopic SUMO model of Luxembourg, this hierarchy achieved near-MPC profit,
reduced passenger waiting times, and contained empty kilometers, lowering pol-
lutant and CO2 emissions. Gains arise from when and where relocations occur,
underscoring the value of predictive rather than reactive rebalancing.

At the powertrain scale, learning-based energy management on a plug-in hy-
brid reaches close to Dynamic Programming trends for CO2 and terminal energy
constraints and outperforms ECMS baselines while being real-time implementable.
Policies met state of charge targets in both charge sustaining and charge depleting
operation. Closed-loop validation on a detailed vehicle virtual test rig across hetero-
geneous cycles and initial SoC levels, together with interpretability maps over states,
clarified how torque split and battery usage are traded.

At the combustion scale, two models were developed: an MLP that outputs
single-Wiebe parameters and a hybrid LSTM that predicts the crank angle–resolved
burn rate profile. The Wiebe-MLP captured mid-burn combustion phasing but tended
to delay start and truncate the tail, whereas the Hybrid-LSTM mitigated these issues,
preserved peak phasing, and remained stable across splits and sweeps in speed, load,
and dilution.

Looking forward, broader applicability and robustness call for tighter cross-scale
coupling and richer learning signals. A city–vehicle closed loop that exposes trip
progress and congestion forecasts to the EMS would allow torque split and battery
usage to respond to network-level guidance, enabling a more accurate quantifi-
cation of fleet-level energy and emissions gains; adding speed-forecasting layers
inside the EMS can reduce partial observability and further narrow the gap to DP-
like performance. Integrating the predictive combustion surrogate into the hybrid
vehicle’s virtual test rig can raise ICE fidelity without extra computational cost,
an essential constraint for learning-based controllers that phenomenological turbu-
lence/combustion models struggle to meet. Extending interpretability from EMS
to AMoD and combustion, via statistical attribution, targeted visualization, and
explainable machine learning, can diagnose policy decisions and surrogate predic-
tions. Dataset enrichment is equally important: wider city scenarios for AMoD and
EMS, and expanded engine operating envelopes for combustion, will stress-test edge
regimes and promote interpolation instead of extrapolation, increasing applicability
and generalization of data-driven models. Finally, exploring meta-RL and offline RL
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schemes, together with more explicitly physics-aware losses and architectures, can
improve data efficiency, stability, and deployability.

Taken together, the results show that learning controllers, when grounded in
domain structure and benchmarked against strong optimization baselines, can deliver
real-time decisions that scale from city networks to embedded control units and
into combustion model surrogates, advancing the practical integration of AI with
energy-efficient mobility. By aligning representations with physics and evaluation
with operations, the methodology narrows the gap between algorithmic promise and
deployable practice. The remaining challenges, like broader data coverage in edge
regimes, tighter city–vehicle coupling, and richer physics-aware learning signals, are
tractable and outline a clear roadmap for scale-up.
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sure prediction of an hcci engine using deep learning. Chinese Journal of
Mechanical Engineering (English Edition), 34, 12 2021.

[159] Özer Can, Tolga Baklacioglu, Erkan Özturk, and Onder Turan. Artificial
neural networks modeling of combustion parameters for a diesel engine fueled
with biodiesel fuel. Energy, 247, 5 2022.

[160] Moritz Sontheimer, Anshul Kumar Singh, Prateek Verma, Shuo Yan Chou,
and Yu Lin Kuo. Lstm for modeling of cylinder pressure in hcci engines at
different intake temperatures via time-series prediction. Machines, 11, 10
2023.

[161] Federico Ricci, Luca Petrucci, Francesco Mariani, and Carlo Nazareno
Grimaldi. Investigation of a hybrid lstm + 1dcnn approach to predict in-
cylinder pressure of internal combustion engines. Information (Switzerland),
14, 9 2023.

[162] Hujun Peng, Jianxiang Li, Kai Deng, and Kay Hameyer. Machine learning-
based control for fuel cell hybrid buses: From average load power prediction
to energy management. Vehicles, 4(4):1365–1390, 2022.



References 189

[163] C. De Marino, G. Maiorana, P. Pallotti, S. Quinto, et al. The global small
engine 3 and 4 cylinder turbo: The new fca’s family of small high-tech
gasoline engines. In 39th International Vienna Motor Symposium, Vienna,
Austria, April 2018.

[164] L. Bernard, A. Ferrari, D. Micelli, et al. Electro-hydraulic valve control with
multiair technology. MTZ Worldwide, 2009.

[165] Toni Tahtouh, Mathieu André, Giuseppe Castellano, Luciano Rolando, and
Federico Millo. A path toward a new generation of sustainable spark ignition
engines: Experimental investigations on the synergic use of dual diluted
combustion and renewable fuels. Transportation Engineering, 20:100317,
2025.



Appendix A

Additional Results

A.1 Modelling Application to Predictive Combustion
Models

This appendix includes some additional plots used to further validate the scale 3
combustion model, both for the NN-Wiebe and for the Hybrid-RNN approach.

A.1.1 MLP for Wiebe Parameters Prediction

Figure A.1 reports the combustion metrics (MFB10, MFB50, MFB10-75) for (a)
a speed–load sweep at EGR = 0% and (b) an EGR/λ sweep at 1500 rpm, 5.5 bar
IMEP. Figure A.2 shows (a) burn–rate profiles and (b) the same combustion metrics
for the EGR/λ sweep at 3000 rpm, 7 bar IMEP.

A.1.2 Hyrbid-LSTM for Burn Rate Prediction

Figure A.3 presents the regression plots of the combustion metrics for the training
and validation sets. Figure A.4 reports the combustion metrics for EGR/λ sweeps at
(a) 1500 rpm, 5.5 bar IMEP and (b) 3000 rpm, 7 bar IMEP.
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(a) (b)

Fig. A.1 Combustion metric accuracy of the NN-Wiebe model. In (a) Speed-load sweep
under stoichiometric conditions with EGR = 0%. In (b) EGR/λ sweep at 1500 rpm and 5.5
bar IMEP. Black markers are experimental targets; orange circles/lines are model predictions
on training points; orange stars are predictions on test points.

(a) (b)

Fig. A.2 Burn rate profiles and combustion metric accuracy of the NN-Wiebe model. In
(a) burn-rate profiles for the EGR/λ sweep at 3000 rpm and 7 bar IMEP. In (b) combustion
metrics (MFB10, MFB50, and MFB10-75) for the same sweep. Black dashed lines/markers
are experimental targets; orange circles/lines are model predictions on training points; orange
stars are predictions on test points.
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Fig. A.3 Regression of combustion metrics for the Hybrid-RNN model comparing training
and validation sets. Scatter plots show predicted vs. experimental values for MFB10, MFB50,
and MFB10-75. The red dashed line indicates the 1:1 reference; the shaded band highlights
±5 CA. Blue markers denote training points and orange markers denote validation points;
panel headers report the corresponding RMSE values for each metric.

(a) (b)

Fig. A.4 Combustion metric accuracy of the Hybrid RNN model. In (a) EGR/λ sweep at
1500 rpm and 5.5 bar IMEP; in (b) EGR/λ sweep at 3000 rpm and 7 bar IMEP. Metrics
shown are MFB10, MFB50, and MFB10-75. Black markers are experimental targets; blue
circles/lines are model predictions.
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