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Interpretable Modeling Frameworks
for Dynamical Systems:
From First Principles to Explainable Al
in Smart and Industrial Applications

by Francesca SAPUPPO

This dissertation develops and applies a unified methodological framework for
modeling dynamical systems that places interpretability, transparency, and explain-
ability at the center of model selection and design. The framework replaces a purely
source-of-knowledge view with a dual-axis taxonomy that distinguishes four classes,
white-, knowledge-driven grey-, data-driven grey-, and black-box, and operational-
izes movement between them via calibration, physics-guided approximation of hard
submodels, and surrogate modeling. It couples taxonomy-aware pipelines with
practical indicators of model complexity, transparency, and explanatory adequacy,
and it is validated across three application domains.

In smart sensing, the thesis introduces a first-principle, dual-carrier partial differ-
ential equations model implemented via finite element method for bacterial-cellulose
ionic transducers, preserving mechanistic clarity while enabling a hybrid 2D-1D
simulation. The model is experimentally validated and used to explain the roles of
curvature, advection, and interfacial phenomena. Transparent data-driven models
are then benchmarked: Auto-Regressive with eXogenous Inputs and Finite Input
Response (FIR) excel in one-step prediction, whereas Nonlinear FIR provides superior
long-horizon simulation.

In industrial soft-sensing, classical linear regressors and their nonlinear coun-
terparts are compared with Koopman-operator-based state-space representations
on processes such as Sulfur Recovery Units and distillation. Results show that
knowledge-driven grey-box formulations can reconcile accuracy with structural in-
sight, while data-driven-grey models retain auditability at higher flexibility; symbolic
regression supports verifiable feature-response laws.

In energy systems, the framework is applied to vehicle-to-grid (V2G) forecasting.
Koopman-based state-space models and machine-learning pipelines are comple-
mented by SHapley Additive exPlanation (SHAP) to expose feature attributions
and decision logic, delivering accurate predictions of aggregated available capacity
together with actionable explanations.

In summary, the thesis proposes and applies a unified methodological framework
that re-anchors model selection and design around interpretability, transparency, and
explainability, and shows, through cross-domain studies, how hybrid paradigms
can satisfy modern scientific, industrial, and financial requirements for trustworthy
prediction and decision-making.
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Chapter 1

Introduction

The increasing complexity of modern engineered systems, spanning advanced materi-
als, industrial processes, and multi-energy networks, demands modeling frameworks
that jointly optimize predictive accuracy, interpretability, and transparency. Traditional
white-box models, grounded in first-principles, offer mechanistic insights, but can be-
come computationally burdensome and, in practice, effectively opaque when scaled
to high-dimensional or strongly nonlinear regimes. Conversely, purely data-driven
black-box approaches deliver flexibility and strong predictive power, yet often lack
explainability and struggle to generalize beyond their training distributions. In safety-
critical, clinical, industrial, and financial contexts, where predictions inform actions
with material risk, decision-makers increasingly require models whose internal logic
and failure modes can be scrutinized, justified, and audited.

This thesis, titled Interpretable Modeling Frameworks for Dynamical Systems, advances
a paradigm shift from the traditional classification of models by source of knowledge, i.e.,
physics versus data, to a richer taxonomy that explicitly incorporates interpretability,
transparency, and explainability as first-class design objectives. We identify a gap in
current practice and propose a cartographic view, a methodological map within which
hybrid models can be positioned and navigated as they blend domain knowledge
and empirical evidence. This map is not merely conceptual, it is used throughout the
thesis to contextualize model design choices, to make trade-offs explicit, for example
capability versus complexity, inference speed versus fidelity, and to guide transitions
between classical and modern modeling regimes.

The thesis operationalizes this perspective across three application arenas, smart
green materials, industrial soft-sensing, and energy systems with an emphasis on
smart mobility and vehicle-to-grid (V2G), to show that interpretability can be en-
gineered at multiple layers of the pipeline, from structure, for example, physics-
informed forms and symbolic expressions, to learning, for example, constrained
identification and Koopman-operator-based state-space formulations, to explanation
interfaces, for example local and global attributions. Rather than treating applications
as ends in themselves, each domain serves as a testbed for exploring the spectrum
from first-principles Partial Differential Equations (PDEs) through symbolic regres-
sion (SR), linear and nonlinear system identification, AutoRegressive with eXogenous
inputs (ARX) and Finite Impulse Response (FIR), Nonlinear ARX (NARX) and Non-
linear FIR (NFIR), Hankel Dynamic Mode Decomposition with control (HDMDc)
and its multi-step-ahead variant (MSA-HDMDc), to machine-learning (ML) pipelines
coupled with eXplainable Artificial Intelligence (XAI). In doing so, the work demon-
strates how models can move on the map, toward greater transparency without
forfeiting accuracy, by judiciously hybridizing physics and data, calibrating where
needed, constraining where useful, and explaining where required.

In summary, the thesis proposes and applies a unified methodological framework
that re-anchors model selection and design around interpretability, transparency, and
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explainability, and shows, through cross-domain studies, how hybrid paradigms
can satisfy modern scientific, industrial, and financial requirements for trustworthy
prediction and decision-making.

The rest of the thesis will guide you through this methodological-application
journey across the following chapters:

Chapter 2 - Modeling Framework: Knowledge, Data, Interpretability and
Explainability introduces the modeling framework, presenting the taxonomy
of white-, knowledge-driven and data-driven grey-, and black-box approaches,
and positioning them in terms of physical knowledge, data-driven parame-
ter estimation, and interpretability requirements. This chapter provides the
theoretical foundation and a novel taxonomic perspective for the case studies
developed in the following chapters.

Chapter 3 - Smart Sensors based on Green Materials: From White- to Data-
Driven Models presents the development of bacterial cellulose-based smart
sensors. It investigates a first-principle model implemented via a multiphysics
finite-element (FEM) approach, a simplified FEM models, and data-driven
black-box formulations, discussing trade-offs in terms of accuracy, complexity,
and sustainability.

Chapter 4 - Soft Sensors for Industrial Applications: Linear Regression,
Dynamic Mode Decomposition and Symbolic Regression focuses on indus-
trial process monitoring. It applies state-space models, in particular multi-
step-ahead Hankel dynamic mode decomposition with control (MSA-HDMDc)
based on the Koopman operator and SR, to the Sulfur Recovery Unit (SRU)
and to the Debutanizer Column (DC) case, combining data-driven discovery of
equations with interpretability.

Chapter 5 - Vehicle-to-Grid Availability Prediction: From Data-Driven Grey
State-Space to Explainable AI addresses forecasting of aggregated available
capacity (AAC) in V2G systems. It compares state-space data-driven represen-
tation (HDMDc) and linear regression (ARX/FIR) with nonlinear data-driven
methods (LSTM, NARX), and incorporates XAI techniques such as SHapley
Additive exPlaintion (SHAP) to enhance interpretability in decision support for
energy providers.

Chapter 6 concludes the thesis by synthesizing cross-domain insights on inter-
pretable modeling, placing all implemented models across the three application fields
within the proposed two-axis taxonomy, and outlining future research directions in
hybrid modeling for dynamical systems.

This organization emphasizes a coherent narrative that progresses from material-
level smart sensing, to industrial process monitoring, and finally to large-scale energy
systems. Each chapter exemplifies the interplay between modeling accuracy, inter-
pretability, and domain relevance, thus consolidating the thesis contribution to the
field of interpretable dynamical system modeling.



Chapter 2

Modeling Framework: Knowledge,
Data, Interpretability and
Explainability

2.1 Introduction

The modeling of engineering and industrial processes is traditionally built upon
two primary approaches: white-box modeling and black-box modeling. White-box
modeling constructs models based on established physical relations and deterministic
equations, emphasizing model creation using prior knowledge. In contrast, black-box
modeling employs parametric models calibrated with real-world data obtained from
the process, using experimental data as the primary information source. Instead of
relying solely on a single source of knowledge, grey-box identification combines both
prior knowledge and experimental data, merging the strengths of the two approaches
(Bohlin, 2006).

This widely accepted definition (Ljung, 1999) serves as a foundation for classifying
models. However, with the continuous growth of machine learning (ML) techniques,
particularly deep neural networks, the traditional distinction has shifted from the
source of knowledge toward the aspects of explainability and transparency (Pintelas,
Livieris, and Pintelas, 2020). The internal mechanics and reasoning of a model
decision-making process have become more critical for distinguishing between white-
and black-box models than the original knowledge source (Shakerin and Gupta,
2020). This transformation reflects a change in perspective, moving from model
development to its transparent and practical application in industrial contexts. While
one definition is based on the way a model is constructed, the other focuses on the
requirements that the model must satisfy to be usable (Wiemer et al., 2023).

An emerging trend shows a transition from black-box models toward white-box
models in sectors where decisions are critical, such as healthcare, finance, and defense
(Aiosa, Palesi, and Sapuppo, 2023; Gao et al., 2024; Wood, 2024). This movement high-
lights the importance of developing transparent white-box models and integrating
white- and black-box methods to ensure that results can be effectively communicated
and justified to decision-makers (Rudin, 2019). Nevertheless, this tendency focuses
exclusively on the explainability of the model rather than its information source
(Loyola-Gonzélez, 2019).

An opposite development is also noticeable. With the ongoing increase in compu-
tational power, the complexity of physical simulations has also risen (Mittal and Tolk,
2019), leading to white-box models that, although based on prior knowledge, lack
practical explainability due to their high complexity.
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This paradigm shift significantly impacts the selection, development, and de-
ployment of models in engineering and industrial applications. As explainability
and transparency gain importance, models traditionally classified as white-box or
black-box are being re-evaluated based on their capacity to deliver interpretable and
actionable insights. White-box models, although grounded in physical principles,
may lose usability when their complexity obscures their inner workings. Conversely,
black-box models, such as deep neural networks, often achieve high predictive accu-
racy but struggle to meet the increasing demand for interpretability in decision-critical
applications.

These developments highlight the growing importance of hybrid approaches, such
as grey-box models, which aim to balance the transparency of white-box techniques
with the adaptability and data-driven strengths of black-box approaches. However,
as the criteria distinguishing white- and black-box models evolve, the classification
of various grey-box models becomes increasingly ambiguous.

This growing ambiguity calls for a more refined framework capable of systemati-
cally balancing interpretability and complexity. As hybrid strategies blur the lines
between traditional modeling categories, a structured classification framework helps
guide model selection and application. Such a framework supports trade-off eval-
uation, strengthens decision-making, and fosters trust in ML systems. Moreover,
it promotes innovation by identifying opportunities to integrate complementary
features, ultimately improving communication and alignment during model devel-
opment.

To orient the reader, the remainder of the chapter is organized as follows. Sec-
tion 2.2.1 formalizes model development as a two-phase process (model-class selec-
tion and data fitting) and instantiates it for white-, black-, and grey-box approaches.
Section 2.3 introduces cross-cutting design requirements (complexity, transparency,
interpretability, explainability, domain knowledge, computational effort, and real-
ism). Section 2.4 proposes the dual-axis taxonomy and distinguishes knowledge-driven
grey from data-driven grey, including pathways for moving from white—grey and
black— grey. Section 2.5 operationalizes placement on the taxonomy via quantitative
and qualitative metrics detailing the qualitative rubric). The chapter closes with
conclusions that link this framework to the application chapters.

2.2 Modeling Approaches by Knowledge Source and Model
Class

This section sets the groundwork for the taxonomy by first stating a general formula-
tion of model development and then contrasting how white-, black-, and grey-box
approaches instantiate that formulation.

2.2.1 General Formulation of Model Development

Regardless of the specific “color” category assigned to a “box”, Ljung, 1999 distin-
guishes two main stages in the creation of a model: the model class selection phase,
where the model class is defined, and the fitting phase, where the internal parameters
are adjusted using data.

Both model specification and parameter fitting are algorithmic procedures, which
can be expressed mathematically as:

M(xn,t,0) — z(t]), (2.1)
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mgin Llyn,zn(0)], (2.2)

where M denotes the model class, which contains a set of adjustable parameters 0,
and L is a loss function minimized by estimating 6 to improve the correspondence
between the model output z and the measured data yy, for a given input x over time
t. This formalism provides a unified basis from which the different model types can
be differentiated.

2.2.2 First-Principle (White-Box) Modeling

Following Ljung’s framework (Ljung, 1999), white-box models follow the same two
phases: modeling and fitting. Their key distinction lies in the modeling phase, where
M is formulated based on prior theoretical knowledge, such as first-principles equa-
tions or domain-specific rules. The structure of the model often makes the parameters
6 directly interpretable in terms of physical properties or system dynamics.

Although the fitting phase is necessary; it is typically straightforward: 6 is op-
timized to minimize the loss function L, aligning the predicted output z(t|6) with
experimental observations yy. This optimization ensures data consistency without
undermining the inherent transparency of the model. This property is the reason
white-box models are often considered transparent and interpretable. However, the
reliance on explicit mathematical representation can make them computationally
demanding (Ralph et al., 2021). A classical example of a white-box model is one
described by differential equations.

2.2.3 Data-Driven (Black-Box) Modeling

In a similar way, black-box models adhere to the modeling—fitting structure, but their
main emphasis is placed on the fitting phase. In this category, the parameters 0 are
estimated almost entirely from empirical data, with the objective of producing the
closest agreement between model outputs and measured responses.

The modeling phase in black-box approaches is minimal, often limited to selecting
a general-purpose model class M that has no explicit connection to the underlying
physical or logical nature of the system. Common examples include neural networks
(Dayhoff and DeLeo, 2001), support vector machines (Dinov, 2018), and linear re-
gression models (Guidotti et al., 2018), which are versatile enough to approximate
complex nonlinear mappings.

In these models, the parameter fitting process is central, adjusting  to minimize
L so that z(t,60) reproduces yy. As the number of adjustable parameters grows,
interpretability and transparency usually decrease, even though predictive power
may increase.

2.24 Hybrid (Grey-Box) Modeling

As described in the introduction, grey-box models serve as a middle ground between
white-box and black-box approaches. In line with Ljung’s general modeling process,
grey-box models define M to combine known physical principles with parameters ¢
estimated from real-world measurements.

The purpose of grey-box modeling is to mitigate the limitations of each pure
approach: it compensates for the low transparency of black-box models (Loyola-
Gonzélez, 2019) and reduces the computational burden often associated with white-
box models (Li et al., 2021b; Li et al., 2021¢).
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Depending on the application, grey-box models can be implemented either as
sequential or parallel combinations of white-box and black-box structures (Yang et al.,
2017; Sohlberg and Jacobsen, 2008). However, this hybrid configuration requires
additional effort in both model formulation (modeling) and parameter calibration
(fitting).

2.3 Novel Requirements for Model Design

Beyond the traditional modeling approach, contemporary deployments impose
application-level requirements that are not fully captured by model class alone. We
therefore formalize these novel applicative requirements as explicit design objectives
that cut across white-, grey-, and black-box approaches, and detail them below.

2.3.1 Complexity

Complexity is a relative property of a modeling approach characterized by attributes
such as the number of tunable parameters, the depth of representational abstractions,
the degree of nonlinearity, and the extent of variable coupling that can yield emergent
behaviors resistant to straightforward human interpretation. In general, greater
complexity confers greater capacity: more complex models are typically better able
to capture intricate patterns, represent high-dimensional dependencies, and address
problems that simpler models struggle to solve.

2.3.2 Transparency

Transparency in modeling refers to the extent to which model creation, parameter
extraction, and output generation can be understood and explained. It includes three
sub-aspects: model transparency, design transparency and algorithmic transparency
(Roscher et al., 2020). While some methods, like kernel-based models (Hofmann,
Scholkopf, and Smola, 2008), are often transparent in structure, design choices may
lack clarity. Neural networks, despite clear input-output structures, involve heuristic
design and hyperparameter tuning, reducing transparency.

2.3.3 Interpretability

In the context of black- and white-box models interpretability refers to the ability
to present the internal properties or decisions of a model in understandable terms
to humans (Roscher et al., 2020). It involves mapping abstract model concepts,
such as predictions, into forms comprehensible to users. For black-box models,
interpretability often relies on post hoc methods, such as surrogate models (Ribeiro,
Singh, and Guestrin, 2016), feature importance analysis (Konig et al., 2021), or visual
tools like saliency maps (Hohman et al., 2019). White-box models, due to their
inherent transparency, facilitate interpretation by design. Achieving interpretability
often requires data involvement and may depend on heuristic approaches when
algorithmic explanations are complex or infeasible.

2.3.4 Explainability

In modeling, explainability refers to the ability to provide clear and understand-
able reasons or justifications for a model’s predictions or decisions. It builds on
interpretability by contextualizing model behavior with domain knowledge. While
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interpretability focuses on understanding model components, explainability em-
phasizes clarifying the reasoning behind decisions, often combining interpretation
tools, transparency, and domain-specific insights to provide meaningful explanations
(Roscher et al., 2020).

2.3.5 Incorporation of Domain Knowledge

Incorporating domain or theoretical knowledge into modeling enhances explainabil-
ity, improves performance, and helps address small data scenarios. It encompasses
expertise or information specific to a field, ranging from mathematical equations and
rules in the sciences to engineering workflows, world knowledge, or expert intuition.
Integration involves three key aspects: the type of knowledge, its representation and
transformation, and its application in the ML pipeline (Rueden et al., 2021). This can
occur during data preparation, hypothesis design, training, or evaluation. Leveraging
domain knowledge aligns models with real-world applications, making them more
interpretable and effective.

2.3.6 Computational Effort

Computational effort or computational complexity impacts both white-box and black-
box models differently. The life-cycle of a model can be roughly separated into two
phases: the development phase, where a model is developed, and the application
phase, where a finalized model is used. Black-box models generally require significant
resources in the development phase during data fitting and optimization, whereas
white-box models have a tendency to rather require more in the application phase
(Boos et al., 2023). Nonetheless, although the processing power of computers grows
continuously, computational effort and complexity remain critical considerations
(Shahcheraghian, Madani, and Ilinca, 2024).

2.3.7 Model Realism and Fidelity

The level of realism refers to how accurately the model reflects the underlying system.
White-box models, while grounded in physical laws and theoretical principles, often
rely on simplifications, which limit their level of realism. However, as the complexity
of a white-box model increases and the number of model parameters grows, its ability
to capture real-world behaviors improves. This improvement, nevertheless, comes
with the drawback of a higher computational complexity (Fujimoto et al., 2017). In
contrast, black-box models achieve realism by leveraging empirical data, allowing
them to model complex systems effectively. However, this data-driven approach may
introduce overfitting or fail to incorporate underlying causal relationships, reducing
interpretability.

2.3.8 Transferability (External Validity & Portability)

We define transferability as the ability of a model trained on a source setting (site,
user population, season, device, or operating regime) to sustain performance and
calibrated uncertainty in a target setting subject to distribution shift, i.e., covari-
ate, label, or prior shift (Quifionero-Candela et al., 2009). Transferability is distinct
from in-distribution generalization: it concerns performance under domain change
and the effort required to adapt (fine-tune) the model (Pan and Yang, 2010; Weiss,
Khoshgoftaar, and Wang, 2016). Approaches that encode stable mechanisms—via
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physics-informed inductive biases or causal invariances—tend to transfer more reli-
ably (Karniadakis et al., 2021; Pearl, 2009); conversely, purely data-driven models may
require domain adaptation or domain generalization techniques to mitigate dataset
bias (Torralba and Efros, 2011; Wang et al., 2022). Transferability interacts with our
other requirements: lower complexity and modularity curb overfitting; transparency
and interpretability facilitate shift diagnosis and safe adaptation; incorporation of
domain knowledge promotes invariance; and computational effort trades off between
re-training costs and adaptation gains. In practice, we assess transferability via target-
domain error and calibration, transfer ratio (target vs. source performance), and checks
for negative transfer, using the OOD metrics in §2.5 (e.g., Eoop).

24 A Dual-Axis Taxonomy for Models

With the rising complexity of models in engineering needed to correctly map reality,
a clear tendency is emerging towards hybrid modeling such as grey-box models. The
number of possibilities to numerically model reality is also growing with further
research, offering multiple permutations to combine different modeling approaches.
Due to the limits of white- and black-box models, their definition shifted from their
modeling approaches to their application requirements. Both white-box and black-
box models have inherent deficits that limit their application in certain scenarios,
leading to a growing preference for hybrid grey-box approaches. Generally speaking,
the tendency towards grey-box models stems from the goal to eliminate at least one
modeling weakness by incorporating one or more of the presented requirements on
modeling (see Section 2.3). In that regard a recommendation for action does not exist.
At present, there is no standardized procedure that guides a researcher in strategically
extending a given base model to address specific weaknesses. Nonetheless, in the
traditional sense there are essentially two paths to model improvement: moving
from white-box to grey-box, and moving from black-box to grey-box. Here a novel
terminology is presented; it unites the modern point of view to modeling with the
traditional one. This terminology includes a subdivision of two different types of
grey-box models. The goal of this proposed view is to further break down these three
basic terms by their relation to each other.

The terminology proposed here aims to depict white- and black-box models on a
dual-axis scale, as shown in Figure 2.1. The horizontal axis represents the complexity
of a model as defined in Section 2.3. The vertical axis represents the two phases of
modeling (see Section 2.2.1) on a continuous scale. The upper values represent the
modeling phase, while the lower values the fitting phase. It reflects the interpretability,
to which extent the internal workings of the model and its decision-making processes
can be understood by humans since it is based on domain knowledge. If the proposed
model is read as a geographical map, then the following accounts: the more north a
model is located the more it is defined by the modeling phase, while the more south
it is, the more it is defined by the fitting phase. Likewise, on the complexity axis, the
more west a model is located the easier it is to be fully understood by a human, while
the further east it moves, the more intricate it becomes.

This mapping results in four quadrants. The first quadrant represents a true white-
box model: it is a knowledge-based modeling approach, transparent, explainable,
interpretable thus easy to understand for a human. On the contrary, in the fourth
quadrant, the true black-box model is positioned: it is a modeling approach based on
empirical data fitting, highly complex and opaque but also highly powerful in their
ability to map non-linearity.
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FIGURE 2.1: Placement of the implemented models within the dual-
axis taxonomy.

The second and third quadrants are both different types of grey-box models. The
second quadrant, which, compared to the first quadrant, increases in complexity
but remains consistent in interpretability: it is called knowledge-driven grey. By
increasing the complexity and thus model capability, this kind of grey-box model
loses transparency and explainability. However, in its core, it remains a model, which
is developed by the modeling phase.

In contrast, the third quadrant depicts a model, which, identical to a true black-box
model, is based on the fitting phase of model design but equivalent in transparency
and explainability with white-box models. We propose the name data-driven grey.
Although developed with mainly empirical data, a data-driven grey model maintains
sufficient transparency to ensure that its decision-making process is comprehensible
to a human observer.

24.1 From White to Grey

Transitioning from white-box to grey-box involves integrating data-driven compo-
nents. A first pathway is calibration, i.e., using data to estimate uncertain parameters in
an otherwise physics-specified model, which shifts the approach toward data-driven-
grey because the structure remains mechanistic while parameters are data-identified
(Mostafavi et al., 2018). By contrast, different pathways cross the knowledge-driven
grey quadrant. When modeling complexity, due mainly to nonlinearities, makes it
impractical to encode intricate constitutive or closure relations, embedding localized
black-box approximators within a physics scaffold preserves the governing balances
and state semantics while learning only the intractable mappings (Shahcheraghian,
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Madani, and Ilinca, 2024). Further, for computational efficiency, replacing selected
submodels, or, in some cases, the full solver, with surrogates trained on high-fidelity
simulations (or tightly constrained by physical laws) accelerates inference yet keeps
the mechanistic architecture, interfaces, and constraints explicit, thus remaining in
knowledge-driven grey (Stocker et al., 2023; Bottcher et al., 2021a; Bottcher et al.,
2021b; Alizadeh, Allen, and Mistree, 2020; Hashemi, Beheshti, and Mohammadi,
2025).

2.4.2 From Black to Grey

Transitioning from black-box to grey-box involves integrating interpretability, ex-
plainability and transparency by embedding reasoning into the model structure. One
widely known approach aiming for improved transparency is eXplainable Artificial
Intelligence (XAI) (Cheng et al., 2025; Rane and Paramesha, 2024). It provides insights
into the model decision-making, bridging the gap between the model opaque internal
workings and end-user interpretability. Another approach to enhance interpretability
is by incorporating domain knowledge, which is aimed for in Physics-Informed ML
(PIML) (Xu et al., 2023). PIML integrates physical laws, constraints, and governing
equations directly into the black-box model. By embedding physical laws and do-
main insights, PIML can reduce the dependence on large datasets, thereby moving
the model upward within the proposed taxonomy, improving generalization, and
minimizing false discoveries, making it particularly suitable for engineering applica-
tions where data may be sparse or costly to obtain (Mackay and Nowell, 2023). In
this direction linearization might further improve the operator understanding of the
underlying processes.

2.5 Metrics for the Dual-Axis Taxonomy

Modern deployments require models to be placed on the proposed taxonomy with
evidence, not opinion. We therefore pair quantitative metrics—numerical indicators
that can be computed and compared across models—with qualitative rubrics—expert
judgements capturing governance, documentation, and human factors. Quantita-
tive scores enable reproducible mapping (e.g., complexity, capacity, generalization,
physics alignment), while qualitative rubrics capture aspects that resist formalization
(e.g., safety processes, human-simulatability). Used together, they provide a balanced
basis for selection and auditing.

2.5.1 Quantitative Metrics
i) Model Complexity / Capacity
Parameter count and sparsity.

1610

P max

0
s el

P=0lo, So=1- — 7
||0Hl,max

(2.3)

Here, 8 € RPmax is the parameter vector, P is the number of nonzero parameters (¢
pseudo-norm), Sp and S; are sparsity indicators normalized by admissible maxima
Prmax and ||0]|1 max, respectively (Tibshirani, 1996).
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Rademacher complexity (capacity indicator).

mn(f‘) — IEO',X

sup 1 iaif(xi)] ) (2.4)

feFr ni3

F is a function class, {x;}" ; a sample of size n, and {c;}!"; ii.d. Rademacher
variables with P(c; = £1) = 1; the expectation is over data x and signs o (Bartlett
and Mendelson, 2003; Vapnik, 1995).

Parsimony-fit criteria (AIC/BIC).
AIC =2k —2Inf, BIC=klnn—2Inl. (2.5)

k is the number of free parameters, L the maximized likelihood, and n the number of
observations (Akaike, 1974; Schwarz, 1978).

Minimum Description Length (MDL).
MDL = L(model) + L(data | model). (2.6)

L(-) denotes code length in bits for a chosen coding scheme (Rissanen, 1978).

Computational effort / footprint.
E = Payg - t, report (FLOPs, t, M, E). (2.7)

Payg is average power draw, t wall-clock time, M peak memory, and E energy; FLOPs
quantify arithmetic cost (Strubell, Ganesh, and McCallum, 2019; Schwartz et al., 2020).

ii) Transparency / Interpretability / Explainability

Like many other aspects in the field of model interpretability, measuring the quality
of an explanation is still an open question, as the definition of interpretability itself
lacks mathematical rigour (Marcinkevic¢s and Vogt, 2023). Several possibilities have
been considered in the literature, such as including humans in the loop to measure the
quality of the explanation. However, this approach is inefficient as it would limit the
scalability of the approach itself, and most importantly, prone to bias due to the mere
presence of humans in the evaluation process. Some metrics have been proposed
to evaluate the quality of the explanation with mathematical rigour by focusing on
the robustness of the explanation itself (Aldeia and De Franga, 2022). The concept
of robustness as a metric revolves around the idea that the explanation provided
by a local explainer should not change with small perturbations of the explained
observation. An additional metric called adherence is here proposed, which aims
to precisely define the similarity between a ground-truth equation and the equation
provided by a symbolic regressor or to compare to candidate models.

Global surrogate fidelity.

Ly (f(x) —g(xz‘))z‘

R2 —1_ &=l

oy (f(x) = F)°
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f is the reference (complex) model, g a transparent surrogate (e.g., linear or tree),
and f = 1 ¥ f(x;); higher R? indicates better global explainability via surrogates
(Ribeiro, Singh, and Guestrin, 2016).

Completeness (Integrated Gradients).
d
®j(x) = f(x) = f(x0), (2.9)
j=1
with baseline x; equality defines the IG completeness axiom (Sundararajan, Taly, and
Yan, 2017).

Expression complexity (closed-form models).
Cexpr = #mnodes (or terms), Dyree = tree depth. (2.10)

Cexpr and Diree summarize symbolic or tree model size; lower values indicate simpler,
more readable structures (Udrescu and Tegmark, 2020).

Structural compliance (monotonicity).

M=~ Y, {x=xx'= f(x) < f(x)}, (2.11)
‘P‘ (x,x")eP

where P is a set of ordered input pairs under partial order <; M € [0, 1] measures
monotonicity adherence.

Dimensional consistency (SR).

#dimensionally valid terms

D= ) (2.12)

#total terms

with D € [0,1]; larger D indicates better unit consistency in symbolic expressions
(Udrescu and Tegmark, 2020).

Stability (S) Stability can be defined as the degree to which the local explanation
for a given point changes compared to its neighbours. A high value of stability
indicates that a small change in the explained feature causes a significant change in
the explainer, which means that the explanation is not reliable because it is not locally
stable.

S(f,¥,@) = Even, (I¥(F,0) =¥ (£,X)13) 2.13)

Eq. 2.13 evaluates the mean distance between the original explanation ¥ and the one
calculated using the members of a sample neighbourhood N. The neighbourhood
consists of samples obtained by perturbing the original sample and can therefore be
generated in different ways. One way to achieve this is to use a normal distribution
centered in x to generate the neighbourhood. However, a multivariate normal distri-
bution may be more representative of the training data, as the input space may be
unevenly distributed, especially in high-dimensional cases.
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Infidelity INFD) The measure of explanation infidelity focuses on the idea that
given the subset of most relevant feature explanations, the explainer should ascribe
high values even after a significant perturbation is applied.

INFD(f,¥,2) = Epey, ((p7¥(f,2) = (f(&) = f(x—p)))?) 14

Analogous to what was previously stated for stability, the significant perturbation p
should be picked from a suitable set ji;, which contains the perturbations generated
from the instance = considering the aforementioned multivariate normal distribution
and a suitable value of 7 to ensure that the perturbation is significant enough.

Jaccard stability (Jx) The Jaccard index is a popular metric for expressing the simi-
larity between two sets. Formally, it is defined as the cardinality of the intersection
over the cardinality of the union. This metric can be extended in terms of explainabil-
ity by considering the k most important measured features from the explanation ¥,
ordered by their relevance, and registering their change within the neighbourhood.
This metric does not provide any information about the gain or loss of importance
of individual characteristics. Therefore, the index should be calculated for multiple
values of k for the index to be truly meaningful.

. B [P () NP (2 )il
Je(f, ¥, @) = Epey,, <|‘If(a;)k U‘T’(w')k|>

(2.15)

Adherence (Adh) The similarity metrics in the literature focus on the similarity of
strings. This hardly applies to the field of mathematics, as functions and numbers
have a deep meaning that needs to be treated properly and not just as a composition of
characters. Also, equations can be expressed in many equivalent forms, and numbers
can be rounded or approximated, so all these special cases need to be considered
in the formulation. Therefore, a new similarity index named adherence has been
introduced as follows:

2.16
“I)E U(I)E‘ ( )

Adh(E, E) = ((QE %) w”)

where @ and ®; are the set of nodes forming the ground truth equation and the
regressed equation, respectively, while wy ¢ is a vector of weights for each com-
mon node in both equations, representing the difference between the original nodes
coefficients w and the regressed ones w' for each common node:

wp p = exp <—(w ;lzwl)2> (2.17)

Adopting this index, the similarity between equations can be calculated as a weighted
sum of common terms, where the role of weight is crucial to define the distance
between similar nodes. This definition achieves both the formalization of the distance
between terms approximated by the search process, but also defines an active penalty
for models with high size losses I/, which in this case will be the determination
coefficient R? score, to bound the variance of the Gaussian distribution between
0 and 1. Using a tree representation for the equation, the score can be calculated
recursively on the tree branches, evaluating the similarity of a similar subtree in
the regressed equation. Furthermore, the applicability of the metric is limited to
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situations where the underlying equation is either already known or where there is
some prior knowledge of the system that facilitates the formulation of a ground truth
equation, such as in gray-box approaches.

iii) Physics Knowledge / Constraint Alignment
Physics-loss ratio (PINNs / constrained training).

L

_ _ ~phys L — 1 - 2.18
Pphys Ephys n ‘Cdata, phys n 1221 (2.18)

‘N[ue} (x:) i

;

Pphys € [0,1] quantifies the share of physics enforcement in training; A[-] is the
PDE residual operator, 1y the model solution, and {x;} collocation points (Raissi,
Perdikaris, and Karniadakis, 2019).

Constraint violation norm.
Vien = [e(,)

N (2.19)

where c stacks equality /inequality constraint residuals; lower V., indicates better
feasibility.

Global sensitivity.

VarXNi (IE[Y ’ XNi])
N Var(Y)

S . Varxl. (]E[Y | Xl])

;= ,  SPt—=1
! Var(Y) !

(2.20)

Y = f(X) is the scalar output, X = (Xj, ..., X,) the inputs, S; the first-order and S'°t
the total-effect sensitivity indices (Saltelli et al., 2008). Morris screening reports mean
absolute elementary effects y* and dispersion o (Morris, 1991).

Profile likelihood (identifiability).

with log-likelihood /(-), scalar 0;, and nuisance parameters 6_;; curvature of PL
informs practical identifiability (Raue et al., 2009).

iv) Generalization / Calibration / Robustness

Data efficiency.
E(n)=an*+b, (2.22)

where E(n) is generalization error at sample size 1, « > 0 the data-efficiency slope,
and a,b > 0 constants.

Generalization gap and shift.

A = Etest — Etrain, Aoop = Eoop — Emp, (2.23)

with Etain, Etest in-distribution errors and Eip, Eoop errors under in-/out-of-distribution
shifts.
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Probabilistic calibration.

M
ECE =) |Bnm’ lacc(By) — conf(By)|,

m=1

12 K
EZE pzk_ylk . (224)

=1k

ECE is the expected calibration error over bins {B,, }, with acc(-) empirical accuracy
and conf(-) mean confidence; BS is the Brier score for K-class probabilistic predictions
pix and one-hot labels y;; (Niculescu-Mizil and Caruana, 2005; Brier, 1950).

Distribution-free coverage.

ﬁ)
:\»—\

M:

> Wyi € Tu(xi)}, (2.25)

Il
—_

where I';(x) is a (1 — a) predictive set and ¢ the empirical coverage; valid conformal
predictors target ¢ ~ 1 — a (Angelopoulos and Bates, 2023).

v) Performance indicators

To evaluate the accuracy of the models, the following performance indicators are
used:

Root Mean Square Error (RMSE) The RMSE measures the standard deviation of
the residuals (prediction error). It is defined as:

n

RMSE = % Z(yi —19i)? (2.26)
i=1

where y; stands for the actual values, #; for the predicted values and n for the number

of observations. Lower RMSE values indicate better model performance.

Mean Absolute Error (MAE) The MAE calculates the average absolute difference
between the actual and predicted values. It is given by:

1¢ .
MAE = ) lyi = il (227)
i=1

MAE is an intuitive measure of prediction accuracy, with lower values indicating
better model performance.

Coefficient of Determination (R?) The R? value indicates how well the model
explains the variance in the data. It is defined as:

n .02

where i/ is the mean value of the actual output. A value close to 1 indicates a good fit
of the model, while a value close to 0 indicates poor predictive performance.

Notes. All quantitative scores should be complemented by qualitative rubrics (e.g.,
human-simulatability, documentation quality, governance readiness) to form a bal-
anced evaluation.
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2.5.2 Qualitative Metrics

¢ Domain-knowledge strength (None/Weak /Moderate/Strong): extent of physics/theory
encoded.

¢ Parameter semantics (Low—High): share of parameters with direct physical
meaning.

* Documentation & code transparency: clarity of assumptions, data lineage, and
implementation.

¢ Human-simulatability: ability for an expert to trace predictions on small inputs
within a fixed time budget.

* Replicability: ease of exact reproduction with artifacts and seeds.

¢ Safety/constraint compliance: presence of hard constraints, guards, or certified
bounds.

* Governance readiness: audit trails, versioning, change logs for regulated
contexts.

2.6 Conclusions

This chapter introduced a dual-axis taxonomy and a set of metrics that jointly frame
model selection around interpretability, transparency, and explanatory adequacy.
We clarified the grey-box split into knowledge-driven and data-driven variants and
outlined concrete levers for moving across the map. The next chapters apply this
scaffold—placing each model within the taxonomy and using the proposed metrics
to justify design choices.
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Chapter 3

Smart Sensors based on Green
Materials:
From White- to Data-Driven Models

3.1 Introduction

This chapter investigates bacterial-cellulose (BC) ionic transducers from a modeling
perspective anchored to the thesis taxonomy (see Section 2.4). We first formulate a
first-principles partial-differential-equation (PDE) model for mechanoelectrical trans-
duction (White-Box). We then implement it via the finite element method (FEM), which
retains the physics-first structure yet requires calibrated parameters, boundary condi-
tions, meshing choices, and time-integration settings. Finally, we identify data-driven
input—-output models from experiments. In linear and nonlinear regressions as Finite
Impulse Response (FIR), AutoRegressive with eXogenous Input(ARX), Nonlinear
FIR (NFIR) and Nonlinear ARX (NARX), parameters are fit from data while the map-
ping remains transparent. For completeness, we include a deep recurrent baseline
as Long Short-Term Memory(LSTM), which delivers high capability at the expense
of intrinsic transparency. Throughout, we emphasize interpretability, transparency,
and explainability as primary design criteria in addition to predictive accuracy and
computational efficiency.

The remainder of the chapter is organized as follows. Section 3.2 introduces smart
materials and emphasizes how application context shapes requirements, motivating
rigorous modeling to ensure reliable, tunable, and deployable performance. It then
outlines the research gap, namely, the absence of unified and interpretable model-
ing approaches tailored to these application environments, setting the stage for the
framework developed in this thesis. Section 3.4 details materials, device geometry,
and the measurement setup. Section 3.5 presents the continuum framework for
coupled mechanics—ion transport-electrostatics, and in particular Section 3.5.4 its
FEM realization. Section 3.5.5 compares simulations with experiments and analyzes
position-dependent response and ionic currents. Section 3.6 develops and bench-
marks data-driven models (FIR/ARX,NFIR/NARX), LSTM for 1-step and free-run
prediction. Section 3.7 closes with a synthesis, including a partial taxonomy figure
that situates each model used in this chapter.

3.2 Smart Materials Background

Electroactive polymers (EAPs) have attracted growing interest in industrial appli-
cations due to their potential to enable flexible, lightweight, and tunable electrome-
chanical devices (Wang et al., 2016). Their ability to convert electrical energy into
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mechanical motion (electromechanical transduction) and mechanical deformation
into electrical signals (mechanoelectrical transduction) makes them suitable for appli-
cations ranging from biomedical devices and soft robotics to aerospace and consumer
electronics (Park et al., 2022; He et al., 2019a; Jiang et al., 2023; El-Atab et al., 2020).

In this context, recent advances in soft robotics underscore the increasing role
of intelligent polymer-based actuators in multifunctional applications such as drug
delivery, wearable systems, and biomimetic motion, as reviewed in (Sarker, Ul Islam,
and Islam, 2024; Cui et al., 2020). These materials provide unique opportunities for
developing compliant and programmable robotic systems, with ionic polymer—-metal
composites (IPMCs) standing out as promising electrically driven actuators due to
their rapid response and mechanical robustness (Jiang et al., 2023).

Among EAPs, ionic electroactive polymers (IEAPs), such as IPMCs and carbon-
polymer composites, have been extensively studied due to their large deformation
under low voltage and bio-inspired actuation capabilities. While actuation electrome-
chanical transduction in IEAPs has been extensively characterized (Nemat-Nasser
and Li, 2000; Pugal, 2012; Newbury, 2002; Newbury and Leo, 2002; Jiang et al., 2023;
Sarker, Ul Islam, and Islam, 2024) in terms of mass transport principles and actua-
tion mechanism, the inverse mechanoelectrical transduction process in IEAP-based
sensors remains comparatively underexplored, despite promising applications in
biomedical sensing (He et al., 2019b; Patane et al., 2024a; Pugal et al., 2013), vibration
energy harvesting and self-generating sensing (Yang, Yang, and Wang, 2023b). This
research gap is particularly relevant in the context of flexible sensing transducers
development, where dynamic ion redistribution under mechanical deformation of-
fers a rich mechanism for signal generation but lacks comprehensive multiphysics
modeling frameworks. In parallel with the functional advances of EAPs, the elec-
tronics industry is undergoing a transformation toward environmentally sustainable
materials and processes. This shift has led to the emergence of green electronics, in
which biodegradable and bio-derived materials play a central role.

BC, produced by strains such as Acetobacter xylinum and Gluconacetobacter
hansenii, is a leading candidate due to its renewable origin, high purity and porous
structure suitable for functionalization with ionic liquids (ILs). Although chemically
identical to plant-derived cellulose, BC is produced via microbial fermentation using
green feeding media (e.g. banana peel (Sijabat et al., 2020)) in standard laboratory en-
vironments. Unlike plant-based cellulose, its production avoids deforestation, yields
a highly pure material, and results in a fully biodegradable substrate suitable for flex-
ible, printable, and biocompatible electronic devices (Esa, Tasirin, and Abd.Rahman,
2014). Its mechanical resilience and environmental compatibility enable use in soft
robotics, wearable electronics, smart packaging and biomedical systems (Huang et al.,
2022).

When BC is functionalized with ILs and coated with conductive polymers, it
becomes electroactive and is suitable for use in both actuators and sensors (Yuen et al.,
2020; Pasquale et al., 2019b; Trigona et al., 2021). These BC-IL-based composites can be
therefore classified as IEAPs, offering a sustainable alternative to synthetic polymers
by combining functional performance with compatibility for roll-to-roll manufactur-
ing processes (Trigona et al., 2021; Wang, Tavakoli, and Tang, 2019; Pasquale et al.,
2020; Pasquale et al., 2019a). Importantly, IL derived from biomolecules, so-called
bioionic liquids (BILs), have been shown to improve biocompatibility, cytocompat-
ibility, and environmental safety, thereby expanding the use of BC-based IEAPs in
biomedical applications such as implantable sensors and smart drug-delivery devices
(Kanjilal et al., 2023). These bioinspired systems are at the forefront of smart tissue
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engineering, molecular diagnostics, and regenerative medical electronics. In partic-
ular, the dual functionality of BC-based transducers, as both sensors and actuators,
has opened new possibilities for soft robotic systems that require both adaptability
and environmental integration. Recent reviews highlight the role of electroactive
biomaterials like BC-IL composites in responsive biointerfaces and distributed robotic
actuation (El-Atab et al., 2020). These materials support deformation-based sensing
and controlled mechanical motion within the same lightweight and flexible platform.

3.3 Research Gap in BC-based Sensors Modeling

Despite this potential, the design and optimization of BC-based IEAP sensors face
significant challenges. On the one hand, EAP modeling frameworks, including black-
box and gray-box and machine learning approaches (Yang, Yang, and Wang, 2023b;
Caponetto et al., 2013a; Caponetto et al., 2014c; Vahabi et al., 2011; Punning et al., 2009;
Jiang et al., 2023), rely on empirical data and lack physical insight and generalizability
across different materials and operating conditions. On the other hand, first-principles
models based on computational methods have proven effective for the simulation of
multiphysical systems for different compound materials. These models are able to
address a variety of physical domains, including carrier transport (Caponetto et al.,
2014a; He et al., 2019b), mechanical deformation (Auenhammer et al., 2024), thermal
properties (Li and Zhang, 2024), magneto-mechanical interaction at the microscale
(Moreno-Mateos et al., 2022). However, their high computational cost often makes
them impractical for fast design iterations, an essential requirement for industrial
prototyping and real-time system optimization, thus highlighting the inherent trade-
off between simulation accuracy and computational efficiency. Addressing this
trade-off is central to enabling high-throughput simulation pipelines for material
screening and rapid sensor optimization.

More specifically, in the IEAP modeling environment, white-box models based
on first-principles have been successfully developed for actuation purposes (Pugal,
2012; Caponetto et al., 2014b; Caponetto et al., 2014a; Caponetto et al., 2013b; Jiang
et al., 2023). However, their application to mechanoelectrical sensor technology
remains very limited in the literature and is typically restricted to simplified single-ion
transport models within solvent-based systems, primarily water-based electrolytes
(He et al., 2019b; Pugal et al., 2013; Pugal et al., 2010; Jiang et al., 2023). In the case
of BC-based sensors, existing modeling efforts are still in a preliminary stage and
primarily rely on gray-box approaches (Trigona et al., 2021; Caponetto et al., 2023b).

Against this backdrop, we examine multiphysics FEM alongside data-driven
(grey/black-box) identification, each offering distinct advantages for building in-
terpretable and efficient models for BC-based IEAP sensors. To overcome current
limitations while keeping interpretability central, we introduce a first-principles
modeling framework explicitly tailored to BC-based ionic transducers that captures
dual-carrier transport (diffusion, advection, electromigration) in porous substrates,
yet remains computationally tractable via a hybrid 2D-1D decomposition. This lays
the foundation for high-throughput simulation pipelines tailored to soft intelligent
systems that integrate sensing, actuation, and adaptive responsiveness within a single
sustainable platform, leveraging the demonstrated potential of BC composites in soft
robotics and wearable bioelectronics.

To implement this, we integrate a two-dimensional FEM for mechanical defor-
mation with a series of one-dimensional FEM formulations for ionic transport and
electric potential generation. This dimensional decomposition is designed to preserve
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the fundamental physics of electromechanical coupling while reducing the compu-
tational effort. This facilitates fast parametric studies and supports the design and
optimization of sensors at an early stage. The framework supports predictive material
design, enabling the identification of structure—function relationships and critical
design parameters, with direct validation through experimental measurements. Par-
ticular attention will be paid to ensuring that the model is compatible with data from
real experimental setups to enable meaningful calibration and validation.

Ultimately, this methodology aims to provide a robust and scalable simulation
framework for the design of next-generation green electronic devices based on BC-IL
composites. To this end, the main contributions and novelties of this work include the
introduction of a first-principles-based model specifically tailored for BC-IL sensors,
establishing a bridge to data-driven identification within one unified workflow.

We next delineate the data-driven research gap. Data-driven grey-box models
attempt to simplify the representation by incorporating empirical data while main-
taining a certain degree of interpretability (Caponetto et al., 2023a). Black-box models,
which can utilize machine learning techniques, are a viable alternative that allows for
data-driven approximations of the sensor’s response (Yang, Yang, and Wang, 2023a).
There are only preliminary models for BC-based sensors in the literature (Trigona
et al., 2021; Caponetto et al., 2023b). The similarities of BC with other IEAPs could
be used to develop models for BC-based transducers. Different classes of models for
IEAPs are proposed in the literature: Black-box models with neural networks (Yang,
Yang, and Wang, 2023b), gray box models (Vahabi et al., 2011; Punning et al., 2009)
including fractional order systems (Caponetto et al., 2013a) and white box models
based on computational fluid dynamics (CFD) and FEM in multiphysics domains
(Caponetto et al., 2014b; He et al., 2019¢c) are some examples. White Box models rely
on a detailed understanding of the system’s governing physics, providing insights
into both spatial and temporal dynamics. While it ensures high interpretability and
accuracy, its computational complexity limits its efficiency for fast simulations, mak-
ing it less practical for real-time applications. Grey-box model accuracy depends on
the quality of prior knowledge and available data, limiting generalizability in highly
nonlinear or poorly understood systems.

Within the unified framework advanced in this chapter, experimental measure-
ments on BC-based sensors are therefore used to derive and compare dynamic grey-
and black-box models—evaluated in both one-step-ahead prediction and oco-step
simulation—to complement the FEM insights, calibrate critical closures, and de-
liver deployable predictors for control and design. Collectively, the hybrid 2D-1D
FEM core and the data-driven layer form a single methodology that addresses the
accuracy—cost and insight—generalization trade-offs across modern scientific and
industrial applications.

3.4 Experimental Section

This section details the device geometry, fabrication, and the mechanoelectrical test
bench used to acquire synchronized displacement-voltage datasets for model calibra-
tion and validation.

3.4.1 Sensor Geometry and Manufacturing

The BC-based sensor is a composite material produced using the following materials:
purified BC films (CBP-GS0010) purchased from BioFaber (Italy), approximately
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A4 size and average thickness tpc; 1-Ethyl-3-Methylimidazolium tetrafluoroborate
(EMIM-BF,) purchased from Sigma Aldrich and used as IL, CLEVIOS™ PH 1000;
an aqueous dispersion of poly(3,4-ethylenedioxythiophene)/polystyrene sulfonate
(PEDOT:PSS), which was purchased from Heraeus and used for electrode fabrication.
The fabrication process began with BC, which was processed in squared samples
measuring 5 cm X 5 cm. Each sample was immersed in EMIM-BE, for 24 h at room
temperature in a laboratory desiccator using calcium chloride as the desiccant. After
impregnation, excess IL was removed with filter paper. At this stage, the BC-IL
composite contained approximately 8% by weight of EMIM-BE,. PEDOT:PSS elec-
trodes were then deposited on both sides of the composite using a 25um film spreader.
Finally, the transducers were trimmed to the desired geometry. The geometry of the
device is presented in Figure 3.2(a) and its parameters are reported in Table 3.1, where
L is the total length of the sample, W is the width of the entire sample and L. is the
length of the clamped copper electrode. In particular, Tpc and Tpgg are the thickness
of the BC and PEDOT:PSS electrodes, respectively. They were determined from
scanning electron microscopy (SEM) micrographs obtained using a SEM EVO (Zeiss,
Cambridge, UK) instrument equipped with an energy dispersive X-ray microanalysis
(EDX) facility. The analyses were performed by setting a high electron beam voltage
(EHT) of 20 kV and using a LaB6 (Lanthanum Hexaboride) emitter as the electron
source. To perform the SEM analysis, the samples were coated with a thin gold film
applied by a sputtering process using an Agar Sputter Coater AGB7340 spray coating
machine (Assing, Italy).

3.4.2 Measurement Setup

The experimental configuration is illustrated in Figure 3.1: (a) computer-aided design
(CAD) rendering of the mechanical system, (b) schematic of the complete experi-
mental setup, and (c) photograph of the assembled device showing the cantilever-
mounted sensor in its working configuration. A vertical threaded rod with two
adjustable nuts was used to fine-tune the vertical positioning of the cantilever beam.
A dedicated bracket attached to the threaded rod served as a support for the trans-
ducer. A custom rectangular housing was designed to accommodate a pair of rigid
electrodes and the BC-based sensor. These electrodes are responsible for detecting the
electrical signal generated by the composite material during deformation. To facilitate
the connection between the electrodes and the external recording system, two conduit
channels were integrated into the housing design. To ensure mechanical symmetry
and proper housing, two identical brackets were fabricated and mounted opposite
each other, enclosing the BC-based transducer and the pair of electrodes. The entire
support structure was mounted on a base plate, which provided a stable foundation
for the experimental setup. The mechanical excitation of the transducer was achieved
with the help of an electromagnet located in a circular housing mounted on the base
plate (see Figure 3.1(a)). The electromagnet used was the HS-P65*30 model from Hes-
chen with a diameter of 65 mm and a height of 30 mm and a maximum DC voltage
of 24 V. To drive the electromagnet, a power amplifier circuit was implemented with
an OPA547 operational amplifier configured with two resistors of 4.7 k() and 6.8 k().
The actuation signal was synthesized in MATLAB®, then exported and loaded into a
waveform generator (Keysight 33220A). The output signal from the waveform genera-
tor was fed into the power amplifier, which drives the electromagnet. This produces a
motion of the tip of the BC sensor. The mechanical actuation was accomplished using
two cylindrical magnets (mass: 0.32 g; radius: 2 mm; height: 3 mm) mounted sym-
metrically on both sides of the transducer near its free end at a distance Ly; = 3.7cm
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from the base clamp, commonly referred to as the beam tip. The displacement of
the beam tip was monitored via a Baumer 12U6460-S35A laser displacement sensor
with a resolution of approximately 2 ym and adjustable sensitivity. The laser was
focused at a distance of L = 3.2cm from the base clamp. The mechanical deformation
of the composite led to a charge accumulation on the PEDOT:PSS electrodes. This
accumulation was measured as the open circuit (OC) voltage, hereafter referred as
sensor voltage. For the OC measurements, the electrodes were connected directly to
an Agilent Infiniium MSO9064A digital oscilloscope. This simultaneously acquired
the laser signal, allowing synchronous analysis of the mechanical input and electrical
output.

3.5 First-Principle Dual Carrier Multiphysics Model

The BC-based transducer can convert mechanical deformation into electrical signal
and vice versa and can act as both a sensor and an actuator. In this study, we investi-
gate a BC-based sensor infused with EMIM-BF, as IL and coated with PEDOT:PSS
as conductive polymers. This setup is illustrated in Figure 3.2(a). When configured
as a cantilever and used as a sensor, the mobile IL ions, EMIM™ (cation) and BF,
(anion), redistribute within the BC matrix in response to an external force applied,
inducing mechanical deformation (see Figure 3.2(b)). This ion redistribution leads
to the generation of an electrical potential in the BC, which can be measured at the
electrodes as open-circuit (OC) voltage, hereinafter referred to the sensor output.

Multiphysics models for IEAPs have been explored in the literature (Pugal et al.,
2010; Caponetto et al., 2014b; He et al., 2019b). These models typically couple three
physical domains: a mechanical model to compute structural deformation, a chemical
model to describe ionic transport, and an electrical model to calculate the internal
voltage potential. The system behavior is generally governed by PDEs defined over
the spatial domain r = (x,y,z) and time . However, in the existing approaches, the
chemical domain is limited to a single mobile ionic species, often assuming either
cationic or anionic transport while treating the counter-ion as immobile or uniformly
distributed. This simplification neglects the dynamics of both ionic carriers, which can
be significant in systems based on ILs where both cations and anions are mobile and
participate in the charge redistribution process (Figure 3.2(b)). Figure 3.2(c) presents
the proposed multiphysics simulation framework, which couples mechanical defor-
mation, ionic transport, and voltage generation through multiphysics integrating
mechanical, chemical, and electrical models. Each of these sub-models is described in
detail in the following section. The assumptions of isotropy, homogeneity, temporal
invariance and linearity are made for all materials.

3.5.1 Mechanical Model

Newton’s second law relates the displacement (d) with the volumetric force (F), as
reported in (3.1).
0%d(r,t)
P on
where p is material density and c is the Navier constant. The polymer pressure (p) is
related to the 0;; stress tensor components as in (3.2):

—V-cVd(r,t) = F(r,t) 3.1)

plr 1) = T1HoR 0 62)
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FIGURE 3.2: Multiphysics modeling framework for BC-based ionic
sensors. (a) Geometry of the BC-based sensor configured as a can-
tilever, with PEDOT:PSS electrodes applied to both sides of the IL-
infused BC membrane and voltage measured in a open circuit con-
figuration. Geometric parameters are reported in Table 3.1 and the
complete setup in the Methods section. (b) Schematic illustration of
the dual-ion sensing mechanism showing the ionic distribution at rest
and its redistribution under bending deformation. It highlights the
role of both cations and anions in charge separation. (c) Overview of
the proposed multiphysics simulation framework, coupling mechani-
cal deformation with ionic transport and voltage generation, used to
compute the sensor electrical response to tip displacement.
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Then, using the momentum conservation law in (3.3) it is possible to relate the
the hydrostatic pressure p in polymer with the fluid pressure (P):

VP(r,t) = =Vp(r,t) (3.3)

3.5.2 Chemical Model

A key novelty of this work lies in the chemical model, where both cations and anions
are considered as mobile carriers, unlike conventional models that assume a single
mobile species. Accordingly, distinct transport equations are formulated for each
ionic species to capture their individual contributions to the total ionic current. The
flux of cations EMIM™ and of the anion BF, are related to the time variation of
their respective concentrations C4 and C_, the applied potential (V), and to the fluid
pressure (P). It is calculated by the Nernst-Planck law as follows:

8Ci(r, t)

=V <DiVCi(r,t) + zZjiiECi(r, )V V (1, )

(3.4)
+ piCi(r,t) Dy, VP(r, t))

where D; is the diffusion coefficient, z; is the charge number, y; is the mobility, D,, is
the molar volume of species i, and F denotes the Faraday constant.
The total ionic current density can be expressed as in (3.5)

N
Jtot(r/ t) = ZZiFfi(’!‘, t) (35)
i=1

where the general form of the Nernst-Planck equation for the total flux f; of an ion
species i in (3.6) consists of three distinct components: diffusion, electromigration,
and advection:

fi(T, t) = —DiVCi(r, t) — Zi“l/liFCi(T‘, t)VV(T, t) (3 6)
— ini(r, t)Dv,iVP '

Ji (’I", t) = ZiFJiDiff (T, t) = ZiFDiVCZ'(’I“, t) (37)

Diff
This term represents the ion current density due to concentration gradients, driving
the species from regions of high concentration to low concentration.

Tina (1)8) = ZiF Fiy (v, 1) = Z2WFCi(n, HVV (1, 1)) (3.8)

This term represents the ion current density due to the electric potential gradient V'V,
and is proportional to y;, the ion’s mobility, and to the factor z;F representing the
electric charge of the species in terms of Faraday’s constant.

JiAd (’I“, t) = ZiFfiAd (r, i’) = ZZ'F,‘MZ'CZ'DU‘.VP(T, t) (39)

This term represents the transport of mass by the bulk motion of a fluid. The pressure
gradient V P drives the species contained in the IL in response to an external pressure
field, which in this case is the polymer pressure p due to deformation as in (3.3).



Chapter 3. Smart Sensors based on Green Materials:

26 From White- to Data-Driven Models

3.5.3 Electrical Model

The potential distribution (V) inside the BC is calculated in the electrical model
solution by using the Poisson equation as reported in the following;:

N
—e0e, V2V (r,t) = 00 + ZzieCi(r, t) (3.10)
i—1

where ¢ is the absolute dielectric constant, €, is the relative dielectric constant, pg
is the permanent charge density. The ion concentrations C; are the coupling factors
to the chemical model introduced in (3.4). Within the PEDOT:PSS domain, the
electric potential was assumed to be governed by Ohm law and the current continuity
equation, which was implemented separately.

3.5.4 FEM Model Implementation

The model is implemented by FEM simulations in Comsol Multiphysics®, which
solve PDEs over both spatial and temporal domains and allow coupling between the
physical domains.

i) Mechanical Model

The mechanical deformation of the BC-based sensor was simulated using a two-
dimensional FEM model in the xy-plane representing the cantilever configuration of
the device (Figure 3.3). The clamped region (%) was fixed with a zero displacement,
while a prescribed sinusoidal displacement in the vertical direction was applied
to the free tip. The sinusoidal excitation mimics the mechanical input used in the
experimental characterization and allows a controlled analysis of the deformation-
induced electrochemical phenomena. The model geometry was discretized with a
physics controlled quadrilateral mesh, with a minimum element size of 3 ym and a
maximum element size of 800 ym. This provides sufficient resolution near regions
with strong curvature and high strain gradient, such as the clamping zone, while
ensuring the efficiency of the calculation in less critical regions. The FEM analysis
was performed using a linear-elastic formulation where the displacement field was
solved as in Section 3.5.1, from which field variables such as strain, stress and derived
polymer pressure p were calculated as in (3.2). The polymer pressure value of the
mechanical model was extracted along selected cut lines (CL) in y-direction at 0.1
mm, 0.5 cm, 1 cm, 1.5 cm and 2 cm from the fixed bracket edge (L¢). It serves as a
coupling variable for the mechanoelectric model as in (3.3).

ii) Simplified 1D Chemical and Electrical Model

The ionic transport and the distribution of the electric potential within the BC layer
were modeled using a one-dimensional FEM formulation along the y-axis cutlines,
orthogonal to the plane of mechanical deformation. The model considers two mobile
ionic species, a cation and an anion, via the Nernst-Planck equation as in (3.4). The
local net charge density, defined as the difference between the cation and anion
concentrations weighted by their respective charges, served as the source term for the
Poisson equation (3.10), which was solved to obtain the electric potential distribution
and calculate the voltage at the electrode terminals for each cutline along the y-axis
(Figure 3.3). For simplicity, each cutline model is treated independently, neglecting
lateral coupling effects and the influence of the PEDOT:PSS electrode along the x-axis
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within the 1D domain. At the outer ends of the BC domain (0}3@), zero-flux Neumann
boundary conditions were applied to represent ion confinement in the material.
Dirichlet boundary conditions were introduced at the interfaces between the BC
(Q%@) and the PEDOT:PSS electrodes (Q}gg 5) to ensure continuity of electric potential
at the interfaces. A Dirichlet boundary condition that sets the electric potential to
zero (V = 0V) was applied to the outer boundary of the upper electrode to define the
electrical ground reference.
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FIGURE 3.3: FEM Model Geometry: 2D geometry for the mechanical
domain model, and 1D geometry for the mechano-electrical transduc-
tion model at the different y-axis cutlines

iii) Simulation Parameters

The model parameters are determined by experiments or from the literature. When
necessary, scaling factors were determined through calibration by comparing the
macroscopic model outputs with experimentally measurable field quantities at the se-
lected excitation frequency. Since the model was calibrated under a specific frequency
condition, its application to different excitation frequencies may require recalibration
to ensure modeling accuracy. Table 3.2 contains the parameters associated with the
mechanical model. Table 3.3 focuses on the electrochemical model and the ionic
species, and Table 3.4 summarizes the parameters related to the electrical response
of the sensor. The Young modulus of the BC-IL-PEDOT sample (E) was determined
by dynamic mechanical analysis (DMA) using a 2000 TA DMA produced by Triton
Technology Ltd (London, UK). The membrane modulus was determined by applying
a sinusoidal force at a frequency of 10 Hz at a working temperature of approximately
25°C to a rectangular sample in single-cantilever mode. Calibration was performed
before each measurement using the automatic procedure in the control software of
the device. The initial ion concentration Cy was calculated based on the amount
of ionic liquid present in the sample and the number of moles was determined by
dividing this value by the molecular weight of the ionic liquid. The resulting value
was converted to moles per cubic meters taking into account the sample volume.
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TABLE 3.1: Geometrical parameters.

‘ Value Unit

Parameter description
Total length, L 4 cm
Total width, W 1 cm
Clamp region length, L. 1.5 cm
Thickness of BC, Tpc 320 pym
Thickness of PEDOT, Tpsg 25 pym

TABLE 3.2: Mechanical Parameters

Parameter description ‘

Value  Unit
Young modulus of BC-IL-PEDOT compound, E 1.64 GPa
Poisson ratio of BC, vgc (Lopez-Sanchez et al., 2014) | 0.01 -
Poisson ratio of PEDOT, vpss (Agbaoye et al., 2017) | 0.435 -
Mass density of BC, ppc 0.904 | g/cm3
Mass density of PEDOT, ppss (Crispin et al., 2006) 1.28 | g/cm?
TABLE 3.3: Chemical parameters.
Parameter description Value Unit
Initial ion concentration, Cy (EMIM-BF,) 740.88 mol/m?
Cation diffusion constant (Hayamizu et al., 2004), D, 4 x 10710 m?2/s
Anion diffusion constant (Hayamizu et al., 2004), D,, (BFy) | 4.4 x 1010 m2/s
Cation molar volume (G. Montalban et al., 2015), D,_, 1.15x 107* | m®/mol
Anion molar volume (G. Montalban et al., 2015), D,,, (BF4) | 3.85 x 107> | m3/mol
Cation charge number, Z4; 1 -
Anion charge number, Z,, -1 -
Universal gas constant, R 8.31 J/(K-mol)
Temperature, T 298.15 K
Cation mobility, pca Deat/(R-T) | ssmol/kg
Anion mobility, yan Dgn/(R-T) | ssmol/kg
TABLE 3.4: Electrical parameters.
Parameter description ‘ Value Unit
Electrical conductivity of PEDOT, opss (Ouyang et al., 2004) 10 | S/m

Effective absolute dielectric permittivity
of BC-IL-PEDOT compound, € = €€

Calibrated (Figure 3.6) ‘ F/m

3.5.5 Experimental and FEM-Based Analysis

In this section, a combined experimental and numerical investigation of the BC-IL
sensor under dynamic loading is presented. First, experimental measurements are
discussed and then compared with simulations performed with a multiphysics FEM
framework. The analysis is divided into subsections dealing with experimental
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data acquisition and model results, including 2D mechanical response, 1D mechano-
electrical model calibration and ionic current density evaluation on selected y-axis
cutlines.

i) Experimental Acquisition

The mechanoelectrical properties of the BC-based composites were evaluated by
mounting the samples in a cantilever configuration. In this setup, the free end of the
cantilevered transducer was subjected to controlled mechanical excitation. Figure 3.4
shows the acquisition of an imposed sinusoidal tip motion at a selected frequency
of 8 Hz with a peak amplitude of dyax = 0.27 mm, measured using a laser detector.
The voltage response of the sensor shows a periodic signal with a peak amplitude of
Vp = 0.14 mV, which determines an experimental ratio of 0.52 V/m (corresponding
to an attenuation of A.yy = —6dB) and a phase delay of ®.,, = —30.7°.
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FIGURE 3.4: Experimental response of the BC sensor infused with

EMIM-BF; to sinusoidal input displacements with amplitude dyjax =

0.27 mm and frequency f; = 8 Hz. The recorded signals were fitted

using single-frequency sinusoids to filter noise and accurately extract
amplitude and phase shift parameters.

ii) Mechanical Model

A 2D FEM simulation was performed in the xy-plane by applying a sinusoidal
displacement at the cantilever tip, with a frequency of 8 Hz and a peak amplitude of
dvax = 0.27 mm. This displacement matches the experimental measurement shown
in Figure 3.4 and obtained using the setup detailed in the Methods section.

The solution of the 2D mechanical model in terms of polymer pressure (p) is shown in
Figure 3.5. The pressure distribution shows higher values in regions with maximum
curvature and near the electrode boundaries. The pressure values were extracted
along five selected y-axis cutlines (CLo 1m, CLo5cm, CL1cm, CL1 5em, CLoem) considered
at different distances from the fixed clamp and detailed in Figure 3.3 of the Methods
section ii).
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iii) Model Calibration

Effective absolute dielectric permittivity € of the compound material plays a critical
role in determining the amplitude and phase characteristics of the response of the
BC-IL sensor. This dependence results from the influence of € on the capacitive
behavior of the system, which determines the dynamics of charge redistribution
during mechanical deformation.

A 1D FEM model was employed along the y-axis cutlines, perpendicular to the
mechanical deformation plane, to simulate ion migration and the associated electric
potential distribution across the BC layer (details in Section ii)). The calibration of
the permittivity of the BC sensor € was performed by a parametric analysis of the
model response for the cutline CL 1 mm configuration by minimizing cost function
determined as the sum of the normalized root mean square errors (RMSEs) of the
simulation results with respect to the experimentally observed amplitude ratio Aexp
and phase shift @y, for a sinusoidal input at 8 Hz. The search space for permittivity
was defined based on literature values reported for similar systems, including sensors
made of graphene and chitosan with the ionic liquid EMIM-BF,, which have a per-
mittivity of 2.8 x 10~2 F/m (He et al., 2019b), and IPMCs based on water-hydrated
Nafion, whose permittivity is between 5 x 1072 and 6 x 10~ F/m (Pugal, 2012). Fig-
ure 3.6 illustrates the trend of the total RMSE, calculated as the sum of the normalized
RMSEs for attenuation and phase shift, and highlights the optimal permittivity value
€ = 2.24 x 1072 F/m, which minimizes the cost function. The value determined is
within 10% of the chitosan-based reference and thus confirms its agreement with
comparable material systems. This optimum setting corresponds to discrepancies
with respect to experimental values of 3.4 x 10~2 V/m for the amplitude ratio A and
1.6° for the phase ®.

iv) Position-Dependent Sensor Response and Curvature Effects

Figure 3.7(a) illustrates the simulated response of the sensor voltage evaluated along
the five selected y-axis cutline models. The results show a clear dependence of the
electrical response of the composite in accordance with the position along the beam,
which correlates with the spatial distribution of the mechanical stress and pressure
gradient in Figure 3.5. In particular, the cutline closest to the fixed clamp (CLo 1)
shows the highest amplitude response, which agrees with the proposed transduction
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FIGURE 3.6: Calibration curve for the BC-sensor permittivity €. The

plot shows the sum of the normalized RMSEs for the attenuation

and phase shift between the sensor voltage and the tip displacement,

computed with respect to the experimental reference values A.y, and
phase shift @y, for a sinusoidal input at 8 Hz.

mechanism. This region corresponds to the section of maximum curvature of the
cantilever. This increased curvature leads to a higher pressure gradient in the y
direction, which directly affects the advection term in the Nernst-Planck equation
and triggers ionic movement and charge separation. At larger distances from the
clamp, both the pressure and its spatial gradient decrease due to the lower curvature,
resulting in a smaller electrical response. These results emphasize the importance of
local deformation and stress distribution in shaping the overall sensor response. In
particular, large deformations near the clamp region can induce sideways microcracks
in soft material electrodes, as reported in previous studies (Zhang et al., 2021; Moreno-
Mateos and Steinmann, 2024), leading to increased local resistivity. As a result, the
highly deformed zones near the clamp can be electrically decoupled from the rest of
the sensor, maintaining a localized electrical response. This observation supports the
assumption of neglecting the influence of the PEDOT electrodes in the transverse (x)
direction.

v) Ionic Current Densities

The behavior of ionic transport was analyzed by examining the temporal evolution
of the total ionic current density as in (3.5) and its components, diffusion, electro-
migration, and advection, at specific time instants of both the input displacement
cycle and the resulting sensor voltage response. In Figure 3.7(b)-(c) broken y-axis is
used to highlight interfacial effects, as the current densities remain nearly constant
in the inner region of the BC. The first analysis reveals the dynamic interplay be-
tween mechanically induced pressure gradients and ionic transport. It highlights
how advection dominates during displacement extrema, while electromigration be-
comes prominent when the displacement velocity approaches zero. Figure 3.7(b),
corresponding to the maximum displacement, shows that advection is the dominant
component due to the fluid motion induced by the structural deformation. In con-
trast, the diffusion and electromigration currents counteract the advection as they are
driven by residual electric fields from the previous moments and local concentration
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FIGURE 3.7: Simulation results for the BC-IL sensor under dynamic
excitation. (a) Simulated voltage responses at various positions along
the beam length, CLo1m, CLo5cm, CL1cm, and CLygy, illustrating the
spatial dependence of the electrical output. The panel also includes a
schematic illustration of the dual-ion sensing mechanism, highlight-
ing the redistribution of cations and anions at positive displacement,
negative displacement, and close to zero displacement. (b, c) Spatial
profile on the y-axis CLg 1, cutline of the total ionic current density
and its components (diffusion, electromigration, and advection) at key
points of the displacement cycle: (b) maximum displacement and (c)
zero displacement during the falling edge. (d, e) Spatial profile on
the y-axis CLg 1 cutline of the ionic current density at characteristic
points of the sensor voltage waveform: (d) voltage peak and (e) zero
voltage during the falling edge.
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gradients. In Figure 3.7(c), which shows the falling edge at zero displacement, the
advection component disappears as the instantaneous velocity is zero. Under these
conditions, electromigration becomes the dominant component of the total current,
driven by the electric field resulting from the previous charge displacements. The
diffusion current generally remains weak, but shows localized significance at the
BC/PEDOT interface, while it is negligible in the bulk region. Overall, the diffusion
and electromigration components are largely in phase, while the advection current
is out of phase with them, yet still plays a crucial role as the primary initiator of the
sensing mechanism. The phase delay between these three transport phenomena is
responsible for the resulting phase shift between the measured sensor voltage and
the mechanical excitation. The ionic current density distribution corresponding to
the minimum displacement, shows dynamics analogous to Figure 3.7(b), but with
the advection direction reversed. The current density corresponding to the zero
displacement during the rising edge, matches the conditions of Figure 3.7(c), where
advection is negligible and electromigration dominates near the interface. The sec-
ond analysis, which is based on characteristic points of the sensor voltage, provides
valuable insights into the electrochemical dynamics underlying the generation of
the electrical signal. It illustrates how the phase shift between the ionic motion and
the mechanical excitation contributes to the observed response of the sensor voltage.
Together with the displacement-based analysis, these complementary perspectives
provide a comprehensive understanding of the spatio-temporal coupling mechanisms
governing mechanoelectric transduction in BC-IL sensors. In Figure 3.7(d), which
corresponds to the voltage peak, the net ionic current can be assumed to be zero.
A slightly negative value is reported due to the impossibility to identify the exact
instant of the peak. At this point, the three components of the ionic current, advec-
tion, electromigration and diffusion, are approximately balanced. This configuration
corresponds to the out-of-phase equilibrium between the mechanical input and the
electrical output. In Figure 3.7(e), the current density becomes clearly negative, which
is consistent with the sensor reaching the maximum negative slope of the voltage
waveform.

This detailed analysis offers a comprehensive understanding of the sensing mech-
anism and provides design guidelines for IL selection tailored to application-specific
requirements such as response speed and phase behavior. The investigation of the
components of the ionic current at critical displacement and voltage instants re-
veals the complex interplay of advection, electromigration and diffusion and their
collective influence on charge redistribution. In particular, the phase lag between
mechanical deformation and ionic movement is identified as a key factor for the
voltage response. Furthermore, the localized contribution of the diffusion current at
the BC-PEDOT interface underlines the importance of interfacial phenomena for the
overall electromechanical behavior of the sensor.

3.6 Data-Driven Models

We now complement the white-/grey-box analysis with data-driven identification.
The goal is to obtain transparent surrogates for control (1-step-ahead) and robust
long-horizon simulators (co-step-ahead), benchmarked against the same experimental
protocols.

Among the different data-driven grey and black-box identification techniques,
both linear and nonlinear solutions previously adopted in modelling composite
materials (Ando, Graziani, and Xibilia, 2019; Graziani et al., 2013) are considered
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in this thesis. In particular, two linear models were used: FIR and ARX. Nonlinear
models were also considered to assess the presence of nonlinear relationships in the
system under study: NARX and NFIR). A deep learning model based on LSTM was
also included in the analysis to evaluate the performance when recurrent networks
are considered.

3.6.1 Data-Driven Grey-Box Models
i) Finite Impulse Response

An FIR model is a linear filter used in signal processing and control systems. It
processes input signals using a finite number of past inputs without feedback, which
makes it inherently stable (Oppenheim and Schafer, 1999).

y(k) = Zb; biu(k — i) (3.11)
i=1

where y(k) is the output, u(k) the input and b; the coefficients of the FIR filter. This
model is widely used for long-term prediction because it does not require past
samples of the output variable.

ii) AutoRegressive with eXogenous Input

The ARX model is a parametric model used for system identification, incorporating
both autoregressive (AR) and exogenous (X) inputs. It assumes a linear relationship
between input and output signals with an additional white noise term (Ljung, 1999).

i biu(k — j) + e(k) (3.12)

Y0 + Y a(k— i) =
i=1 j=1

where 1, and n; are the number of past output and input terms respectively and e(k)
is the noise term.
iii) Nonlinear Finite Impulse Response

An NFIR model extends the FIR model by including a non-linear function to map
past inputs to the current output. This model is useful for capturing complex system
dynamics (Billings, 2013).

y(k) = f(u(k—1),u(k—2),...,u(k —ny)) (3.13)

where f(-) is a non-linear function that is applied to past inputs.

iv) Nonlinear AutoRegressive with eXogenous Input

A NARX model generalizes the ARX model by incorporating nonlinearities in the
relationship between the predicted output and past values of both inputs and outputs.
It is often used in system identification and time series prediction (Narendra and
Parthasarathy, 1990).

yk) = fly(k=1),...,y(k—mng),u(k—1),...,u(k —np)) +e(k) (3.14)
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where f(-) is a non-linear function. NARX model can be estimated using neural
networks to model the nonlinear function. Tapped-delay lines for both input and
output variables are used as input for the neural network.

3.6.2 Black-Box Models
i) Long Short-Term Memory

LSTMs are a type of recurrent neural network that can capture long-term depen-
dencies using gating mechanisms. They are particularly effective for time series
prediction and sequence learning tasks (Hochreiter and Schmidhuber, 1997).

fi = U(fot + Ughi 1 + br) (3.15)
ir = o(Wix; + Uihi—1 + b;) (3.16)
¢ = tanh(Wex; + Uchi—1 + bc) (3.17)
c=fiOc 1+ O (3.18)
0r = c(Wox¢ + Uphy—1 + bo) (3.19)
hy = oy ® tanh(cy) (3.20)

where x; is the input, h; is the hidden state, ¢; is the cell state and ¢ (-) and tanh(-) are
activation functions.

3.6.3 Frequency Sweep Signal for System Identification

The data set used for the following analysis was acquired by applying a frequency
sweep signal to the electromagnetic actuator in a range between 2 and 60 Hz. The
magnets located near the BC tip are either attracted or repelled, resulting in mechani-
cal stimulation of the device, which has a cantilever configuration. The measurements
were performed for 60s, with an acquisition frequency of 2kHz. The time evolution
of the BC input displacement detected by the laser and the output voltage signal
measured at the Pedot electrodes are shown in Figure 3.8. The different amplitudes
shown by the displacement signal are due to the presence of a mechanical resonance,
due to the cantilever configuration of the device, which occurs when the excitation
frequency is between 50 and 60 Hz.

The output signal was filtered with a low-pass filter with a cut-off frequency of 60
Hz, as shown in Figure 3.9. The available dataset was downsampled according to the
Nyquist-Shannon criterion by reducing the sampling frequency to 500 Hz.

The dataset was then divided into training, validation (80%) and test (20%) to
account for the relevant trends in each subset. The z-score normalization was also
applied.

3.6.4 Results Analysis

The experimental results show the effectiveness of black-box models in the charac-
terization of BC-based sensors. The FIR model is the simplest solution due to its
linearity and the absence of output regressors. This makes it possible to perform
simulations without measuring the past output values. Following a trial-and-error
procedure guided by the cross-correlation analysis between the output and input
variables, 1,=20 input regressors were used.

However, the performance achieved, which is reported in Tab. 3.5, shows that the
results are not satisfactory. Specifically, the FIR model achieves an R?=0.51 and an
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FIGURE 3.9: Output data and corresponding filtered version.

RMSE=0.88 on the test dataset. The regression plot for the FIR model evaluated with
the test dataset is shown in Figure 3.10.

To improve the performance of the model, an ARX structure with 1n,=10 and
np=5 was considered. The ARX model exhibits significant improvements in 1-step-
ahead predictions and achieves an R?=0.98 for the test dataset. The co-step-ahead
prediction, on the other hand, is not satisfactory as the R? deteriorates to 0.47 and the
RMSE increases from 0.12 to 0.92. The regression plot for the ARX model, which was
evaluated on the test set, is shown in Figure 3.11, where both the 1-step-ahead and
the co-step-ahead predictions are shown.

The NFIR model was implemented using the same number of regressors of FIR
(np, = 20) and considering a multilayer perceptron (MLP) with sigmoidal activation
functions. The best results were obtained with a single hidden layer of 10 neurons.
As shown in Tab. 3.5, a significant improvement was achieved over both the FIR and
ARX models and an R?>=0.77 for the co- step-ahead prediction was achieved. This is
also illustrated by the regression plot in Figure 3.12.

Similarly, a NARX model based on an MLP with a single hidden layer of 10
neurons, n, = 5 and n, = 3 was considered which achieved an improvement
in oco-step-ahead prediction over the ARX model with an R*=0.69. However, the
performance achieved with the NFIR is still better than that of the NARX model. The
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TABLE 3.5: Performance of the models in training and test for the
1-step and oco-step-ahead prediction.

1-step Prediction oo-step Prediction
Train Test Train Test

RMSE | MAE | R? | RMSE | MAE | R? | RMSE | MAE | R? | RMSE | MAE | R?

FIR 0.86 0.67 | 049 | 0.88 0.72 | 051 | 0.86 0.67 | 049 | 0.88 0.72 | 0.51

ARX 0.15 0.10 | 0.98 | 0.12 0.09 | 099 | 090 072 1043 | 092 0.76 | 0.47
NFIR 0.61 048 | 074 | 0.63 050 | 0.77 | 0.61 048 | 0.74 | 0.63 0.50 | 0.77
NARX | 0.17 0.13 | 098 | 0.16 0.11 | 095 | 0.77 059 | 050 | 0.77 0.62 | 0.69
LSTM 0.17 012 | 095 | 0.18 0.14 | 097 | 0.70 057 | 053] 0.88 0.72 | 0.46
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FIGURE 3.10: Regression plot of the FIR model for the test set

regression plot for the NARX model evaluated on the test set is shown in Figure 3.13,
where both the 1-step-ahead and the co-step-ahead predictions are shown.

An LSTM model was also used for comparison. Good performance is achieved for
the 1-step-ahead prediction reaching an R?=0.97, while poorer results are obtained in
the co-step-ahead prediction in both the training (R?=0.53) and test datasets (R*=0.46).
The regression plot for the LSTM model evaluated on the test set is reported in Figure
3.14 where both the 1-step-ahead and the co-step-ahead predictions are shown.

The behaviour of the two best models, i.e. NFIR and NARYX, is reported in Figures
3.15, 3.16 and 3.17, which show the comparison between the actual and predicted
results in the training and two subsets of the test datasets.

The two test subsets were selected to show the behaviour of the models at different
excitation frequencies. In particular, the NFIR shows similar performance to the
NARX at low input frequencies, while the NARX shows better performance at high
frequencies when the 1-step-ahead prediction is considered. For co-step prediction,
the performance of NARX degrades significantly for both training and test data in
the whole frequency range (see Figure 3.17).

The NFIR model has proven to be the best-performing model and shows superior
long-term predictive ability relevant for simulation and control purposes. Further
experimental campaigns are needed to evaluate the generalization capability of the
model.
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3.7 Discussion

This chapter has addressed the modeling of BC-based ionic sensors by combining
physics-based and data-driven perspectives.

This work presents, for the first time, a first-principle white-box FEM for the char-
acterization of dual-ion EAP sensors based on BC and ILs. BC is a low-cost, green,
and fully biodegradable material that offers significant environmental advantages
over synthetic or plant-derived alternatives, particularly in the context of sustainable
electronics. It can be produced through bacterial fermentation using green feeding
sources, including organic waste such as banana peels, further reducing its envi-
ronmental impact and making its production process both sustainable and circular.
Unlike conventional materials previously employed for similar applications, BC-IL
composites require a dual-carrier ionic transport model, an aspect never addressed
in the literature until now. By combining a 2D FEM mechanical model with a series
of 1D electrochemical sub-models, we have developed a computationally efficient
yet physically grounded framework suitable for rapid prototyping. The model accu-
rately represents the mechanoelectrical transduction process through the coupling of
pressure-induced ionic transport and potential generation and has been quantitatively
validated using experimental data. The analysis shows that the sensor response is
predominantly determined by the regions of highest curvature near the fixed clamp,
where pressure gradients and advection effects are maximized. The dimensional
decomposition significantly reduces computational cost while preserving essential
physical behavior, enabling rapid exploration of material and geometric parameters.

The proposed dual-ion framework is general and material-agnostic: replacing
material-specific parameters (e.g., elastic modulus, dielectric constant, ion diffusivi-
ties) enables direct transfer to other IL-infused polymer matrices (e.g., Nafion, chi-
tosan, graphene-based ionomers). Within the taxonomy in Section 2.4, and how
shown in Figure 3.18 the PDE formulation is white-box and its FEM realization
knowledge-driven grey, offering mechanistic clarity but non-trivial computation; this
is mitigated by the 2D-1D knowledge-based reduction that exploits the physics of
polymer-pressure gradients to lower cost while retaining interpretability.

On the data side, data-driven grey- and black-box identification complements
the physics track by delivering fast, accurate surrogates for system-level tasks: ARX
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excels in 1-step prediction, NFIR provides the most reliable long-horizon simula-
tions, while NARX and LSTM capture nonlinearities with higher data and training
demands. Rather than substituting physics, these models operationalize it: the FEM
pipeline reveals where and why signals arise (curvature-driven pressure gradients,
advection—diffusion—electromigration interplay), guiding feature design, excitation
protocols, and model structure. The data-driven models occupy the Data-driven Grey
quadrant—linear regression (LR: FIR, ARX) and nonlinear regression (NLR: NFIR,
NARX); and the LSTM baseline in the Black quadrant.
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FIGURE 3.18: Placement of the BC-based sensors models on the

dual-axis taxonomy (knowledge source vs. transparency). White: first-

principles PDE of mechanoelectrical transduction. Knowledge-driven

Grey: FEM implementation of the PDE. Data-driven Grey: linear regres-

sion (LR: FIR, ARX) and nonlinear regression (NLR: NFIR, NARX).
Black: LSTM.

Future work will expand the materials and device design space and incrementally
enrich the first-principles description. Emphasis will be placed on incorporating field-
, rate-, and state-dependent constitutive properties and on modestly strengthening
the coupling among mechanics, ion transport, and electrostatics, while preserving
parsimony, identifiability, and computational tractability.

A natural next step is physics-informed machine learning. Learners constrained
by conservation laws and boundary conditions, complemented by calibrated FEM for
targeted synthetic data, will be developed to cover scarcely sampled regimes. This
hybrid strategy aims to retain mechanistic transparency and reliability while achiev-
ing the speed and adaptability required for scalable design, control, and deployment
of green BC-IL sensors.
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Chapter 4

Soft Sensors for Industrial
Applications: Linear Regression,
Dynamic Mode Decomposition and
Symbolic Regression

4.1 Introduction

Industrial soft sensors (SSs) must deliver accurate, fast, and interpretable estimates
under shifting operating conditions.

This chapter advances that goal by developing and evaluating two complemen-
tary families of models within a unified taxonomy: Data-driven Grey linear pre-
dictors—AutoRegressive with eXogenous inputs (ARX), Finite Impulse Response
(FIR), and a Koopman operator-based Hankel Dynamic Mode Decomposition with
control (HDMDc) equipped with Multi-Step-Ahead (MSA) optimization, hereafter
MSA-HDMDc—and interpretable symbolic models based on Genetic Programming
(GP)-driven Symbolic Regression (SR) and Sparse Identification of Nonlinear Dynam-
ics (SINDy). We complement these models with post-hoc explanations via SHapley
Additive exPlanations (SHAP).

We ground the study in two industrial benchmarks—a Sulfur Recovery Unit (SRU)
and a Debutanizer Column (DC)—and a synthetic nonlinear benchmark (the Naren-
dra-Li system), chosen to stress complementary aspects: field realism (SRU/DC) and
ground-truth structural recovery (Narendra-Li) (Patané, Sapuppo, and Xibilia, 2024;
Calapristi et al., 2024a; Calapristi et al., 2024b).

The remainder of the chapter is organized as follows. We first outline the prob-
lem setting and taxonomy, then present the data-driven grey models and the MSA-
HDMDc formulation, followed by the symbolic and deep-learning (DL)-aided SR
pipeline. Next, we describe datasets and preprocessing, the experimental protocol
and metrics, and results on SRU/DC and on the Narendra-Li benchmark with ro-
bustness and interpretability analyses via eXplainable Artificial Intelligence (XAI).
We conclude with practical guidelines and implications for deployment.

4.2 Methods: Data-Driven Grey Linear Models

Following a state-of-the-art review of data-driven modeling for complex industrial
dynamics—which motivates the MSA-HDMDc approach—this section presents the
theoretical and mathematical foundations of the baseline linear models (ARX, FIR)
and the HDMDc framework, and then details the MSA-HDMDc algorithm.
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4.2.1 State of the Art

The main approach to identifying complex nonlinear dynamical systems originates
with Poincare’s studies and works on the geometry of subspaces of local linearizations
around fixed points, periodic orbits and more general attractors (Guckenheimer and
Holmes, 1983). This methodology has a deep theoretical foundation, such as the
Hartman-Grobman theorem, which determines when and where it is possible to
approximate a nonlinear system with linear dynamics.

On the one hand, such a geometric perspective enables the application of simple
quantitative, locally linear models, such as autoregressive (ARX), principal compo-
nent regression (PCR) and partial least-square regression (PLSR) models (Fortuna
et al., 2007; Kadlec, Gabrys, and Strandt, 2009), and proper orthogonal decomposition
(POD) (Babaei Pourkargar and Armaou, 2015), as well as the composition of multiple
linear systems as components of more complex modeling techniques (Souza and
Araujo, 2014; Chen et al., 2019).

In this scenario, the rich linear analytical framework can be used around such
operating points and is therefore suitable for linear control strategies. On the other
hand, the global analysis remains qualitative and is based on computational analysis,
which is not suitable for predicting, estimating and controlling nonlinear systems
far from fixed points and periodic orbits. Moreover, due to the complex theoretical
environment, data-driven approaches are often used for SSs to support both linear
and nonlinear methods (Chen et al., 2019; Liu et al., 2022; Xie et al., 2020; Xie et al.,
2023; Dias et al., 2022; Patane and Xibilia, 2021).

In this methodological and application scenario, the Koopman operator (Koop-
man, 1931) can provide a theoretical tool for obtaining a global linear representation
that is valid for nonlinear systems, even far from fixed points and periodic orbits.
A main motivation for the adoption of the Koopman framework is the possibility
to simplify the dynamics by the eigenvalue decomposition of the Koopman opera-
tor (Mezi¢, 2005) and thus to represent a nonlinear dynamical system globally by an
infinite-dimensional linear operator. It uses a Hilbert space of observable functions
related to the state of the system to describe the space of all possible measurement
state functions. It is linear and its spectral decomposition fully characterizes the
behavior of a nonlinear system, without a direct relation to the operating points of
the system.

The application of such a powerful tool to industrial problems, namely to obtain
a finite-dimensional approximation of the Koopman operator, is a challenge of recent
research (Brunton et al., 2022). Moreover, since the closed form of the Koopman opera-
tor is not always obtainable (Brunton et al., 2015), data-driven algorithms are needed.
Koopman mode decomposition can be performed using data-driven approaches such
as dynamic mode decomposition (DMD) (Brunton and Kutz, 2022).

Applications of DMD can be found in the literature in fluid dynamics (Song et al.,
2013; Mezi¢, 2013), epidemiology (Proctor and Eckhoff, 2015), neuroscience (Al-
fatlawi and Srivastava, 2019), plasma physics (Taylor et al., 2018; Kaptanoglu
et al., 2020), robotics (Bruder et al., 2019), power grid instabilities (Susuki and
Mezic, 2012) and renewable energy prediction (Jones and Utyuzhnikov, 2022).
DMD represents a method for approximating the Koopman operator that provides
a best-fit linear model for one-step-ahead prediction. Such an approximation might
not be rich enough to describe nonlinear dynamics. To overcome this limitation and
apply DMD to nonlinear industrial processes, it is possible to extend DMD with
different strategies based on either nonlinear functions or delayed measurements.
Extended DMD (Williams, Kevrekidis, and Rowley, 2015) and sparse identification
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nonlinear dynamics (SINDy) (Brunton, Proctor, and Kutz, 2016) belong to the first
category. The second category, on which this chapter focuses, is based on the use
of delayed state variables obtained by the Hankel operator. Such approaches over-
come the limitations of standard DMD, which cannot accurately describe systems
where the number of variables is smaller than the spectral complexity. Therefore,
in Hankel-based DMD, the number of variables is increased by considering time-
delayed vectors in addition to the current state vector. There are a few variants of
the Hankel approach for the Koopman operator: Hankel DMD (HDMD) (Arbabi and
Mezi¢, 2016), high-order DMD (HODMD) (Clainche and Vega, 2017) and Hankel
alternative view of Koopman (HAVOK) (Brunton et al., 2017). Thanks to the state
variable augmentation, these methods are more robust and accurate than classical
DMD and are therefore suitable for the identification of nonlinear dynamical systems
and offer robust noise filtering (Wu, Brunton, and Revzen, 2021; Clainche, Han, and
Ferrer, 2019; Clainche, 2019).

With the aim of applying DMD-based approaches to industrial processes with
exogenous inputs, the DMD with control (DMDc) approach has been proposed in
the literature (Proctor, Brunton, and Kutz, 2016). This is a modified version of
DMD that considers both system measurements and exogenous control inputs to
identify input-output relationships and the underlying dynamics. Hankel DMD with
control (HDMDc) has recently been introduced to handle both time-delayed state
variables and control inputs (Mustavee et al., 2022; Shabab et al., 2021). Applications
of Koopman theory for quasiperiodically driven systems have also been presented
in (Das et al., 2023).

In this chapter, we propose an extension of the HDMDc approach to multi-step-
ahead (MSA) prediction (hereafter referred to as MSA-HDMDc) in the SSs design
domain. This solution leverages and exploits the intrinsic HDMDc capability for
forecasting (Shabab et al., 2021), operating and, in addition, iterative multi-step-
ahead model optimization and output prediction. This makes SSs suitable for the
application of model-based online control strategies that are widely used in indus-
trial processes, such as model predictive control (MPC) (Wolfram and Meurer, 2023;
Liu et al., 2023; Zhang et al., 2022; Narasingam and Kwon, 2017). To evaluate the
potential of the MSA-HDMDc approach in industry, and to test the robustness and
reliability of the method in real-world industrial environments considering noise
and uncertainty (Lin et al., 2024; Zhang et al., 2020), two widely used benchmarks
in the SS field are considered: the sulfur recovery unit (SRU) (Fortuna et al., 2007;
Patane and Xibilia, 2021; Chen et al., 2019; Yuan et al., 2020; Bidar et al., 2018) and
the debutanizer column (DC) (Fortuna, Graziani, and Xibilia, 2005; Tian-hao, Yuan-
yuan, and Shao-yuan, 2024). Multi-step-ahead prediction of the output variables is
evaluated on such datasets, and a comparison with currently adopted linear model
identification techniques is performed.

4.2.2 Linear Regression Models

An ARX model set is determined by two polynomials whose degrees are n, and
nyp, respectively:
Az L0 =1+az ' +apz 2+ +a,z ™

4.1
B(Zﬁl, 9) = b() + blzfl + bzziz 4+ ban*nb ( )
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where z ! represents the time delay operator and 0 is the set of parameters:
0:=ayay - an, by by - by]" 4.2)

The acronym ARX can be explained in the model equation form for the calculation
of y(t), the predicted output at the time instant ¢:

71
W0) = )+ el 43)

or equivalently:
A(z7L0)y(t) = B(z ™% 0)u(t) +e(t) (4.4)

where e(t) is a zero-mean white noise process and u(t) is the exogenous input vector.
AR refers to the autoregressive part A(z~!,0)y(t) in the model, while X refers to
the exogenous term B(z~!,0)u(t). The model set is completely determined once the
integers n,, n, and the parameter set 6 have been specified.
A more general expression including an input/output delay is represented by:

y(t) = z”’fMu(t) + me(t) (4.5)
where 1y is the number of the input-output delay samples.

When an SS is designed to replace the hardware sensors, the output regressors are
not always available. In these cases, an infinite-step prediction should be performed,
using as output regressors the past estimated values. As an alternative, it is preferred
to not involve output regressors in the system dynamics description, and FIR models
can be adopted. FIR is a special case of Equation (4.1), with n, = 0.

4.2.3 Hankel Dynamic Mode Decomposition with Control

The algorithm produces a discrete state-space model, hence the notation for discrete
instances, x, of the continuous time variable, x(t), is used, where x; = x(kT;)
and T; is the sampling time of the model. Delay coordinates (i.e., xx_1,xx_2, etc.)
are also included in the state-space model to account for state delay in the system.
This procedure allows the creation of the augmented state space relevant to model
nonlinear phenomena, as discussed in Section 4.1. Therefore, we define a state delay
vector as:

Xak = [Xp1%—2 - Xk_gi1] (4.6)

where g is the number of delay coordinates (including the current time step) of the
state, with x5 € RO~V and n, the number of state variables.
The input delay vector is defined as:

gk = [Ug—1 Ug2 - 'MquuH]T, 4.7)

where g, is the number of delay coordinates (including the current time step) of the
inputs, with 1z € R4~V and n,, the number of the exogenous input variables.
The discrete state-space function is defined as:

Xk+1 = AXg + AgXax + Bug + Byugy, (4.8)

where A € R™*" is the state matrix, A; € R™*(@~D™ is the state delay system
matrix, B € R™*"™ is the input matrix and By € R"*(@~ 1 is the delay input
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matrix. The system output is assumed to be equal to the state, i.e., the output matrix
is assumed to be the identity matrix. When dealing with system identification in
which only an input/output time series is available, this assumption implies that 7,
should be chosen as the size of the process output vector. The training time series
consists of discrete measurements of the outputs (i.e., yx = xx) and corresponding
inputs (i.e., ug).

The training data exploring the augmented state space, thanks to the delay shifts,
are organized in the following matrices:

X = [xq Xg4+1 Xq+2 T x(q—1)+zu] (4.9)
X' = [xq+l Xq+2 Xq+3 tee xq+w] (4.10)
Xg-1 Xq Xg+1 T X(g-1)+w-1
X, = 4.11)
X2 X3 X4 s Xw+1
X1 X2 X3 o Xw
XYoo Xgr1 o Xgb2 0 X(g-D)+w
X3 X4 X5 T Xw+2
X2 X3 X4 T Xw4+1
T=[ug ug1  Ugr2 0 Ug_1)4o) (4.13)
Ug—1 Ug+0 gt 0 Ug-1)4w—1
r, = : : : = (4.14)
Wg—qu+2 Ug-q)+3 Ug—q)+4 ° Xg—qu)twtl
Wg—gqu)+1 X@g-q)+2 Yq-q)+3 ~  Hg-gq)tw

where w represents the time snapshots and is the number of columns in the matrices,
X' is the matrix X shifted forward by one time step, X is the matrix with delay states
and I' is the matrix of inputs. Moreover, to incorporate the dynamic effect of control
inputs, an extended matrix of the exogenous inputs with time shifts (i.e., I'y) is created
and included in the model. Equation (4.8) can now be combined with the matrices in
Equations (4.9)—(4.14) to produce:

!
|:§(,j:| = AX+ A;X;+ BI'+ By (4.15)

Note that the primary objective of HDMDc is to determine the best-fit model
matrices, A, Ay, B and By, given the data in X', X, X4, T and T'y (Proctor, Brunton,
and Kutz, 2016). Considering the definition of the Hankel matrix, H, for a generic
single measurement time series, i, and applying a d time shift:

hy hgiq hyio T h(d—1)+w

ha1 hy hayr 0 B2t

H= (4.16)

hy hy h3 e hw
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we can introduce the synoptic notation:

X X' T
Xy = , Xl = Ty = ,
" [XJ H [Xd] " M (4.17)

Ay =1[A A4],Bu=[B By

with Xy € R7*% and I'y € R%™*% the Hankel matrices for the time series x; and
uy, respectively. Ay and By are the transformation matrices for the augmented state
and inputs, with Ay € R7"*9" and By € R7"*u",

Considering the matrix Q) € R@=H9um)*® a5 the composition of the delayed
inputs and outputs, and G as the global transformation matrix described in Equa-
tion (4.18).

Q= [)r(g] , G=[An By, (4.18)

we obtain:
X}{ =GO (4.19)

A truncated Singular Value Decomposition (SVD) of the (2 matrix results in
the following approximation:

O~ U5,V (4.20)

where the notation~represents rank-p truncation of the corresponding matrix, U €
R+0m)xp 5 € RPXP, and V € RY*P. Then the approximation of G can be
computed as:

G~ XyV,L, U, (4.21)

For reconstructing the approx1mate state matrices Ay and By, the matrix Up can
be split in two separate components: Upl, related to the state, and Llpz, related to the
exogenous inputs:

ay = |Ug, U] (4.22)
where l:lpl € R7"*P and l:[p2 € RIuMmuxp,
The complete G matrix can be therefore split in:
G~ [Ay By] = [X;{Vpiglagl xgvpigla’g} (4.23)

Due to the high dimension of the matrices and to obtain further optimization
in the computation of the reconstructed system, a truncated SVD of the X}; matrix
results in the following approximation:

X4y ~ U5,V (4.24)

where the notation " represents rank-r truncation, U, € R™*, 3, ¢ R™, and
V, € RY, and typically we consider » < p. Considering the projection of the
operators Ap and By on the low-dimensional space we obtain:

~ — A

Ay = U] AU, = U] Xy V2,105, U, (4.25)

By = U/ By = U/ Xy V, 2,15, (4.26)

with Ay € R™" and By € R™*%" The approximated discrete-time system based on
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the Hankel transformation of the original time series (i.e., ¥}’ and u{’) can be therefore
represented as:

oy = Apx + Buyuy! (4.27)
with xf = l:[rf{j . The original time series x; is then extracted from x!! considering
only the rows with indexi =n-q+1, wheren =0,1,..., (ny, — 1).

Figure 4.1 clarifies the HDMDc procedure at a higher level. The input and output
measurement data from the historical dataset of an industrial process are fed into
the HDMDc block that performs in sequence the Hankel transformation of the in-
put/output variables, the merging of the state and input matrices, which integrates
the control signals (DMDc), and then the model identification procedure (DMD).
The DMD performs a space transformation, based on the SVD, and returns the
reduced estimated state-space system representation used for the output multi-step-
ahead prediction.

Hankel Space (rank-r) | Ay
Historical Dataset | (shift q) Tranformation || By,
X _
Output S — |1 Ay
X' = AX + Bl ! By
Input 1 Space (rank-p)
Hankel Tranformation

(shift q,,) \ Q

Uzv,p

FIGURE 4.1: HDMDc block scheme.

4.2.4 Multi-Step-Ahead Hankel Dynamic Mode Decomposition with Con-
trol

In this section, the proposed MSA-HDMDc method is described and the procedure is
presented in Algorithm 1. It performs a model optimization and multi-step-ahead
prediction of the process output on the basis of a model identified using HDMDc. The
model optimization is based on a cost function depending on a combination of key
performance indicators (KPIs) such as the mean average percentage error (M APE,)
and the coefficient of determination (R?), adopted for the comparison of the estimated
output to the measured target.

Moreover, to compare a set of models to a chosen baseline (bl) one, the perfor-
mance improvement (PI%) index is defined for each KPI as:

(T - KPIhl) - (T - KPInewmodel)
(T — KPIy)

KPIpj, = % (4.28)

with T = 0 for MAPEo, and T = 1 for R?.

As a preliminary step, the optimal delay shifts °?* and g3/ ‘, for the state and the
input, respectively, should be determined in sequence. The selection is performed by
applying the HDMDc algorithm without order reduction, adopting an optimization
algorithm (e.g., grid search strategy), and comparing the prediction performances in
terms of MAPEs, and R?, as will be shown in Section 4.5.1.

The MSA-HDMDc algorithm is described in the following. The acquired in-
put/output data samples are required to perform the model identification procedure.
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The training dataset is used to create the X and I' matrices with the output and
inputs, respectively. The state and input augmentation (Xy and I'yy) are performed
by applying the Hankel operator to the original measurements, and the extended
state matrix, (), is obtained by appending the Xy and I'y matrices. The core SVD
algorithm is performed on the Q) and X}; matrices. The iteration for model optimiza-
tion on multi-step-ahead prediction is then performed by determining, in sequence,
the optimal reduction for the () and X}, matrices. The core of the model reduction and
reconstruction is performed in the function Reconstruct in Algorithm 2. It performs
four operations:

¢ The state matrices order truncation (p,r) for model reduction;

¢ The determination of the HDMDc operators Ay and By as the state space
representation of the identified reduced model;

¢ The iterative reconstruction of the multi-step-ahead estimated state in the re-
duced state space (Xy), for each selected time horizon within Kj,y;

¢ The remapping of the reduced state variables to the original augmented state
space (Xp);

¢ The extraction of the original state variables from Xu, selecting the rows related
to the first time shift or each state variable;

* The evaluation of the MAPEy, and R?, comparing the model predictions with
the target output.

The model reduction is performed in two steps. In the first step, the () matrix
is reduced by adopting different order reductions, p € prange, selected on a grid
with maximum value py,c = n,g°" + nuqff’ ! In this phase, the matrix X}, is kept
to the full-order r = 7,5y = nyq. The optimal reduction order, p°P, is determined by
maximizing the cost function, f,, over the p,ug.. The cost function consists of a linear
combination of the adopted KPIs (MAPE,, and R?) evaluated on the maximum
prediction time step, Kyu.x. The optimization is performed using the validation data
contained in the training dataset. In the second phase, the matrix X}, is reduced by
adopting different order reductions 7 € 774, selected on a grid with maximum value
Tmax = min(nxq°, p). The reduced matrix, Q), with order p = p°#* is here considered.
The optimal reduction order, 7, is determined by maximizing the cost function, f,,
over the Trange- The multi-step-ahead prediction can be performed by reconstructing
the output dynamics of the optimal identified model.

4.3 Methods: Symbolic & XAl

This section introduces three complementary strands of interpretable modeling.
First, we present SR driven by Genetic Programming (GP) — covering Operon’s
GP-nonlinear-least-squares variant and PySR—to discover closed-form equations
directly from data. Second, we review Sparse Identification of Nonlinear Dynamics
(SINDy), which infers governing equations by selecting a parsimonious subset from
a library of candidate terms. Third, we describe a Deep Learning (DL) - SR pipeline
that learns compact latent encodings with DL and then fits transparent SR models on
those encodings. Finally, we apply post-hoc XAI to probe both black-box components
and discovered formulas. Throughout the synoptic results tables, we report the
evaluation metrics defined in the methodological framework chapter (Section ii)) to
ensure consistent interpretation across methods.
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Algorithm 1 MSA-HDMDc Algorithm

Given the training datasets X € R™*%, " € R"*%;
X' =[xpx3 -+ Xy
Set Kj;ax as the maximum prediction time step value
_ opt opt

Pmax = Nx{q + nyuqy
Fmax = min(nq°%, p)
Set Prange and ryange with r < pand r < 7y
Xy=Hankel(X, ¢q°*);
X},=Hankel(X’, g°P")
I'y=Hankel(T, 477
0 =[x}, Th)" y
Compute the SVD of () = UX
Compute the SVD of X}, = U
for p € prange do

[MAPE,,
end for
[MAPE%bZP,Rilp]=R6COHStT’MCt (pmaermaszmax)

2 2 _
fp (MAPE%(P,VWX)’ R(Pﬂ’mnx), MAPE%blp, Rbl,,) =
MAPEpo, + R%’I%

p°Pt = arg maxf,(p, "max)
PEPrange
forr € rrapge do

[MAPEO/o(poﬂ,l’)’R%pt?pt,r) ]: Reconstruct (pOPt/r, Kmax)

vT
~ VT

(p,rm”),R%p,rw)]=Reconstruct (P 7maxKmax)

end for
[MAPEq,,Rj, 1=Reconstruct (p°' ¥ max, Kinax)
£{(MAPEy o, ), R? , MAPEyy,, R, ) = MAPEpis, + Ry,

(Pomﬁ’max)
r°Pt = arg maxf,(p°F', r)
T'€Trange

T max )

[MAPE(yO(popt,yapt) ’R%p"pt,rﬂpt) ]

Reconstruct (p°Ft, P!, Kyyax)
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Algorithm 2 Reduction and Reconstruction Algorithm
function [MAPE., RZ] =Reconstruct (p,r,K)
Truncate the SVD matrices at order p: Q = U,%, V]
Truncate the SVD matrices at order r: X}{ = l:IrZALrVrT
Compute the HDMDc operators Ay = U/ X}, V£, U}, U,
and By = CIYTX}{VPEFH;Z
fOI‘j - 1,2, e, W — Kmux dO

Get x]H , u]H from the datasets Xy and I'yy

=0T xH

fork=0,1,--- ,K,ux —1do
fﬁt—k-&-l = AHfﬁ-k + EH”JI‘ik
2l =0T,

end for

X = [ 2 - 2]

Select Xj rows for the first time shift for each state variable
Compute MAPEy, and R?

end for

Return MAPE., and R? for the prediction step K

4.3.1 GP-based SR

Genetic Programming (GP) is an evolutionary algorithm that aims to obtain accurate
candidate solutions by starting from a population of unsuitable, randomly generated
solutions and improving the individuals in the population through the processes
of reproduction, mutation and selection in a Darwinian manner. The evolutionary
process usually takes place in small tournaments between the individuals of each
generation, where each equation is evaluated with a fitness function and the fittest
individual of the tournament is used for the genetic operations, with the results being
passed on to the next generation of individuals. The members of later generations
are on average better than their immediate parents and thus slowly converge to the
best candidate solution. Termination usually occurs when a certain fitness value is
reached or all remaining individuals converge to a single optimal solution. However,
premature termination is possible if the offspring reach a local optimum. To avoid this,
the mutation operator introduces random changes in the equation tree that diversify
the search space and thus increase the chances of reaching a global optimum. An
improved variant of the classical GP algorithm is the GP-nonlinear least square (GP-
NLS), which introduces a local search mechanism for the tree-based equation that
transfers the burden of searching for suitable numerical coefficients to an already
established equation. This approach utilises the search capabilities of GP as well
as the computational efficiency of iterative nonlinear least squares algorithms such
as the Levenberg-Marquardt algorithm (Levenberg, 1944) in finding appropriate
coefficients for each of the tree leaves, which improves both the computational time
and the accuracy of the proposed solutions.

i) Operon

The Operon framework implements a variation of the original GP algorithm called
GP-NLS that uses NLS algorithms (Kommenda et al., 2020). As with the original GP
implementation, the algorithm can be divided into crossover, mutation and selection
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phases, with the addition of a NLS problem in the computation. The NLS introduces
a suitable local search mechanism for the tree-based equations, which searches for
suitable numerical coefficients for an already established equation. The algorithm
requires that an offset and scaling term is added at the root of the generated tree and
an additional coefficient is assigned to each feature node. Then all newly added free
parameters are adjusted using a nonlinear least squares method, that can be solved
iteratively using the Levenberg-Marquardt algorithm.

ii) PySR

An improved version of the GP-NLS algorithm is contained in the PySR framework
(Cranmer, 2023), in which the search process has been modified. Specifically, the mu-
tation step introduces the possibility of rejecting a mutation with a certain probability.
The diversity of individuals can either be discouraged or encouraged so that both
search phases and fine-tuning phases are possible. In addition, a simplification phase
has been introduced in the loop of the algorithm to reduce the number of elements in
the tree. The removal of unsuitable elements is already handled by the classical GP
approaches but can lead to undesirable results during the mutation phases. Moreover,
an adaptive parsimony mechanism has been introduced when evaluating the com-
plexity of a solution. Simpler solutions are usually preferred in symbolic regression
as they are generally easier to interpret for a human user. They are traditionally
enforced in many GP algorithms with a fitness value that takes into account both the
loss and the number of nodes in the tree. In this way, the algorithm can return a set of
equations along with a score that takes into account the improvement in loss with
respect to the increase in complexity.

432 SINDy

Sparse Identification of Nonlinear Dynamics (SINDy) is a popular alternative to GP,
especially for the study of PDEs and general physical dynamical systems (Fasel et al.,
2021). The idea behind SINDy is that an interpretable form of nonlinear dynamics
can be expressed by the sparse linear combination of terms in a library of candidate
functions. This approach is based on the assumption that real physical systems are
characterized by only a few dominant terms that determine the system dynamics and
influence the data and the relative rate of change. A system can then be analyzed
by plotting its trajectories in a time series matrix X, together with the associated
derivative matrix X, which can be calculated using a numerically appropriate method.
A sparse representation of the dynamical system can then be expressed as follows:

X =0(X)E (4.29)

where @ is a library of candidate functions and E is a sparse coefficient matrix. The
sparsity can be promoted using [0, /1, or I2 normalization with the addition of a
threshold in the sequential thresholded least squares (STLSQ) algorithm. The A
coefficient in the STLSQ algorithm serves as a sparsity-promoting threshold, defining
a minimum value for coefficients in the weight vector. Coefficients with values below
this threshold are set to 0, thereby influencing the regularization process.

This model can be further generalized by including control inputs in the calcula-
tion and discretizing the algorithm itself. The SINDy algorithm was developed to
predict the derived terms for the system of interest. This may be a suitable approach
for systems with continuous dynamics, but cannot be applied to discrete systems or
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those with physical boundaries that do not allow an appropriate sampling rate. For
these reasons, the equation 4.29 can be rewritten as:

X, =0(X,,U,)E (4.30)

This generalization allows the formulation of a one-step predictor that can be trans-
posed to other established models in the field of industrial modelling by carefully
evaluating the variables X and U.

4.3.3 Deep Learning aided SR

The use of Deep Learning (DL) in combination with SR becomes extremely valuable
when a problem is either too complex to be tackled with pure SR or the feature
space is too large to obtain a meaningful equation with the regression method. In
the context of the development of SS for dynamical systems, each input feature
expands the feature space by a factor 1, where 7 is the number of input regressors
considered. This extension significantly increases the dimensionality of the problem.
The chosen strategy to cope with this complexity is to create a relatively simple Deep
Neural Network structure that can reduce the feature space. This is achieved by
partitioning the input features and encoding each partition into intermediate features,
effectively decomposing the problem into sub-problems of lower complexity that can
be treated individually. Although different network architectures can be explored, a
successful approach consists in creating a subnetwork for each input and its associated
regressors. These subnetworks process their respective inputs and autonomously
generate a dynamic encoding for each input feature. These encoded variables are
then fed into another network that combines the encodings to produce the final
output prediction. This structure introduces sufficient input sparsity enabling the
SR model to accurately match both the encodings learned by the DL model and the
final output. Once the encoding equations are learned, the intermediate predictions
can be recalculated using these equations and then used as training data for the
next regression step. This step has been shown to be very effective as it mitigates
residual errors that would be amplified in the subsequent prediction, while exploiting
the difference in the expressive power of SR and NN to generalize the generated
encodings. The proposed algorithm is illustrated in a flowchart in Figure 4.2. This
approach has proven to be more effective than traditional SS development methods
such as the least squares method, as deeper levels of complexity and nonlinearity
are achieved. It also offers better interpretability compared to simple DL black box
models. The integration of DL enables data-driven sparsification, leading to a two-
stage SR process that learns both the encodings and the final equation, which can be
reordered as a composite function of the input features. However, it should be noted
that while this method can handle greater complexity compared to traditional SS
approaches, the resulting equations can also become very complex. Depending on the
NN architecture and application domain, complex equations may not provide useful
insights to experts in the field. Therefore, mastering the final complexity should
be one of the main goals when developing the NN architecture, while reducing the
length and depth of the equations in the SR phase.

4.3.4 eXplainable Artificial Intelligence: SHAP

Shapley Additive Explanations (SHAP) (Lundberg and Lee, 2017a) is a method of
explaining individual predictions based on the game-theory concept of Shapley
values, originally introduced by Lloyd Shapley as a method of dividing the payoff
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FIGURE 4.2: Deep Learning aided Symbolic Regression flowchart.

between players in coalition games so that each payoff is proportional to how much
each player has contributed to the coalition. The idea behind SHAP is to explain
the prediction of an instance = by calculating how much each feature increased or
decreased the final prediction. This is achieved by representing the explanatory
values as an additive feature assignment method. This means that the Shapley
values, as proposed in LIME (Local Interpretable Model-Agnostic Explanations)
(Ribeiro, Singh, and Guestrin, 2016), are computed on a linear surrogate model that is
specifically trained to approximate the local prediction of the underlying model and
express the explanatory values as a linear regression task. Furthermore, a surrogate
model can be based on simplified inputs x’, which requires the introduction of a
mapping function that transforms the input into a simplified version of itself such that
x = hy(x"). Each explanation can be expressed as the sum of the average prediction
and the contributions of the features, which must add up to the difference between
the prediction for the instance x and the average prediction.

M M
f(x) =g(x') = ¢o+ Zl ¢ix; = Ex(f(X)) + 21 ¢; (4.31)
j= j=

where E,(f(X)) represents the average prediction, while ¢; represents the Shapley
value for the input feature ;.

4.3.5 Interpretability metrics.

We report the following interpretability metrics used later in Results and defined in
Section 2.5:

* Stability (S) as in Equation 2.13: can be defined as the degree to which the
local explanation for a given point changes compared to its neighbours. A high
value of stability indicates that a small change in the explained feature causes
a significant change in the explainer, which means that the explanation is not
reliable because it is not locally stable.

¢ Infidelity (INFD) as in Equation 2.14 : the measure of explanation infidelity
focuses on the idea that given the subset of most relevant feature explanations,
the explainer should ascribe high values even after a significant perturbation is
applied.

e Jaccard stability ((]1, J», J3)) as in Equation 2.15: it expresses the similarity
between two sets. Formally, it is defined as the cardinality of the intersection
over the cardinality of the union. This metric can be extended in terms of
explainability by considering the k most important measured features from the
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explanation, ordered by their relevance, and registering their change within the
neighbourhood.

¢ Adherence (Adh) as in Equation 2.16: it represents the difference between the
original nodes coefficients and the regressed ones for each common node. The
applicability of the metric is limited to situations where the underlying equation
is either already known or where there is some prior knowledge of the system
that facilitates the formulation of a ground truth equation.

4.4 Case Studies

This section contains the description of two case studies that are widely used in the
tield of SSs. Both are from the petrochemical sector and are complex systems with
exogenous inputs and strong nonlinearities.

4.4.1 The Sulfur Recovery Unit (SRU)

The SRU desulfurization unit considered here is located in a refinery in Sicily (Italy),
as described in (Fortuna et al., 2003). SRUs in refineries are used to recover elemental
sulfur from gaseous hydrogen sulfide (H,S) contained in by-product gasses pro-
duced during the refining of crude oil and other industrial processes. Since H;S is
a hazardous environmental pollutant, such a process is of fundamental importance.

The inlets of each SRU line receive two acid gases: MEA gas, rich in H,S, and SWS
(Sour Water Stripping) gas, rich in H>S and ammonia (NH3). These input gases
are combusted in two separate chamber reactors fed by a suitable airflow supply
for combustion control. The output gas stream contains residues of H,S and sulfur
dioxide (SO,). Normally, the ratio of H>S to SO; in the tail gas must be maintained,
which is specified by a setpoint. An additional secondary airflow is used as an input
to improve process control. This variable is the output of a feedback control system
and is used to reduce the peak values of H,S and SO,.

Figure 4.3 represents a working scheme for an SRU line. The application of SSs is
therefore necessary to estimate such concentrations.

/ Methane - ----- -1
i
i
i

Sulfur Line

MEA_GAS
- :> 1200 MEA GAS ®
SWS_GAS —>
=> [S02]
AIR_MEA )
= [H29]

AIR_MEA 2=

AIR_SWS —>

MAXISULF

FIGURE 4.3: SRU line working scheme.

The input and output variables available in the SRU historical dataset are listed in
Table 4.1. MSA-HDMDc is used to estimate the H»S concentration (i.e., y; output).
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TABLE 4.1: Input and output variables of the SRU models.

Variable Description

u) = MEA_GAS gas flow in the MEA chamber (NM? /h)
u® = AIR_MEA airflow in the MEA chamber (NM3/h)
ul® = SWS_GAS total gas flow in the SWS chamber (NM?> /h)
u® = AIR_SWS total airflow in the SWS chamber (NM?3/h)
u® = AIR_MEA, secondary air flow (NM3/h)

y1 = [H2S] H,S concentration (output 1) (mol%)

Y2 = [SOy] SO, concentration (output 2) (mol%)

4.4.2 The Debutanizer Column (DC)

The column is located in ERG Raffineria Mediterranea s.rl. (ERGMED) in Syra-
cuse, Italy, and is an integral part of a desulphurization and naphtha splitting plant.
In the DC, propane (C3) and butane (C4) are extracted from the naphtha stream as
overheads (Fortuna, Graziani, and Xibilia, 2005).

The DC is required to:

¢ Ensure sufficient fractionation in the debutanizer;

¢ Maximize the C5 content (stabilized gasoline) in the debutanizer overhead (LP
gas splitter feed) while complying with the legally prescribed limit;

® Minimize the C4 (butane) content in the bottom of the debutanizer (feed to the
naphtha splitter).

A detailed schematic of the debutanizer column is shown in Figure 4.4. It includes
the following components:

¢ E150B heat exchanger;

E107AB overhead condenser;

E108AB bottom reboiler;

P102AB head reflux pump;

P103AB feed pump to the LPG splitter;

D104 reflux accumulator.



Chapter 4. Soft Sensors for Industrial Applications: Linear Regression, Dynamic

>8 Mode Decomposition and Symbolic Regression

=N

u @: Top Pressure . oo ;
| o) | E107AB u@: Top Elow
oy DK
1)104 [ u-n}
|lN‘y

NewA
| u : Top Temperature | >
P on | TES
From T101 2 R B NTEY g Q «)me
''''''''' “‘ EAARER o~ = P102AB P103AB
{ E1S0B ~ @ T Fofl |
u ®: Top Reflux

LNIT+—{>4_ —» ' P

1600A PA {”“ }

N | u ©): Side Temperature |

<« i
|

Vacuum
©)- residual s
u < o X 200 T10-
Bottom Temperature i | i @ =

y: FC4in C5

FIGURE 4.4: Schematic representation of the debutanizer column
(DC) with indication of the location of the hardware measuring devices,
the model exogenous input, u, and soft sensor model output, y.

A number of hardware sensors are installed in the plant to monitor product
quality. The subset of sensors that are relevant for the described application are listed
in Table 4.2.

TABLE 4.2: Input and output variables of the DC models.

Variable Description
uM) = T040 top temperature (°C)
u® = Po11 top pressure (Kg/cm?)
u® = Fo15 top reflux (m3/h)
u® = Fo18 top flow (m3/h)
u® = T004 side temperature (°C)
ul®) = (T036 + T037)/2 T036 and T037 bottom temperatures
O
y=Fcu C4 concentration in the bottom flow (%)

The C4 concentration in the bottom flow is estimated as the output of the designed
SS. It is not detected on the bottom stream, but at the overheads of the deisopentaniza-
tion column. The C4 content in the C5 depends solely on the operating conditions of
the debutanizer: it can be assumed that the C4 detected in the C5 stream is that which
flows from the bottom of the debutanizer. Due to the location of the analyzer, the con-
centration values are determined with a long delay, which is not exactly known but
is constant and probably in the range of 30 min. To improve the control quality of
the DC, real-time estimation of both C4 content and C5 content is required. For this
purpose, a virtual sensor is needed, which is described in the following sections.

4.4.3 Narendra-Li Synthetic Benchmark

In the field of dynamical systems, the Narendra-Li system is a remarkable example
often used as a testbed (Gedon et al., 2021). The equations of the system, discussed in
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(Narendra and Li, 2013), represent a complex nonlinear discrete system defined as
follows:

X1, .
X141 = ( — + P1> sin(x2,,)

2
1+ X1
) T,
Xo 41 = X2, €COS(X2.n) + X1, €XP T, (4.32)
+ “
14 u2 + p3cos(x1,, + X2,1)
X1,n

Yn =1y pasin(xp,) + pssin(xy,)

In this representation, x;, and x;, denote the states, u, represents the input
signal, y, is the output signal and p is a vector of 5 parameters specifically chosen
for this study as p = [2.2,1.4,1,0.5,0.2]. The deliberately complex and uniquely
nonlinear nature of this second-order system ensures that traditional linear system
identification and control techniques are not applicable. The SINDy library was
designed to include function operators such as +, —, *, /,sin, cos,exp among the
interactions of the regressors up to the second order, as well as a bias term. In contrast,
in the GP-based regressors, the same operators were included in the operator pool,
with the exception of the cos function, which could still be derived from the sin
function during evolution to avoid operator redundancy. In addition, the nesting
of sine and exponential functions was explicitly forbidden in the PySR regressor.
Furthermore, the sin and exp operators were assigned complexity values of 3 and 6
respectively whereas the other operators present a value of 1. These restrictions are
aimed at narrowing down the search space, which leads to a solution that is easier to
interpret. The maximum equation length for both GP regressors was set to 50, slightly
more than the desired length, to give the regressor additional leeway for searching
and fine-tuning the result. Finally, white Gaussian noise was chosen as the system
input u, as is common in classical system identification. The reason for this choice
lies in the ability of white noise to effectively excite all frequency components of the
system.

4.5 Results: Data-Driven Grey Linear Models

4.51 SRU Prediction Analysis

In this section, the proposed MSA-HDMDc is applied to the SRU case study and
the results are compared with the baseline models. The available dataset consists of
about 14,000 samples, with a sampling period of one minute. In addition, 70% of the
dataset is used for model training, 15% for the validation of the hyperparameters and
model order reduction and, finally, the testing is performed on the remaining 15% of
the dataset.

i) Hyperparameter Tuning

An MSA prediction is performed for the output, y;. To validate the performance
of the procedure, a time horizon of K,,;x = 30 steps is selected. To better show
the effect of the MSA prediction for different time horizons, values in the interval
K € {1,5,10,15,20,25,30} are considered.
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Linear Regression Models Two linear models were considered: ARX and FIR.
The optimal model order was selected based on the minimum description length
(MDL) criterion (Ljung, 1986). In particular, the ARX structure was identified to have
eight common poles (1, = 8), two zeros (1, = 3), and no delay for all input variables
(nx = 0), while the FIR order parameters resulted to be n;, = 10 and n; = 0.

MSA-HDMDc Model In a preliminary phase of the iterative MSA-HDMDc proce-
dure, a parametric study was performed based on model performance in terms of
MAPE, and R?. Such a procedure allowed the definition of the hyperparameters
related to the delay shifts g and g, applied to the state and inputs, respectively.

The first step was to determine the optimal state variable delay shift, 4. A grid
search strategy was applied and, for each g that lies between g = 20 and g = 60
with a step of 10, the full-rank HDMDc model was identified. The estimated output
reconstructed at the maximum prediction step (i.e., 30 steps) was compared with
the measured output, y;. For statistical analysis, the validation dataset was divided
into 20 subsets of 100 samples. MAPE,, and R? were evaluated for each subset, and
the corresponding distribution was determined. In particular, the median value of
MAPE., was used to select the optimal hyperparameter, 4.

Table 4.3 shows the mean value of MAPEy, over the 20 trials considering a 30-
step-ahead prediction for the selected g € {20,30,40,50,60}. The best performing
model corresponds to q°P! = 40, as shown by the reported PI%. In a second step,
assuming that the optimal value ¢°?" = 40 is fixed, a further parametric optimization
was performed by varying the Hankel shift, q,, applied to the exogenous control
inputs in the I'y matrix. Since g, < g°Ft, for the system to be causal, the model
was identified for each g, belonging to the set g, € {10,15,30,40}. The estimated
output, reconstructed at each considered prediction step, was compared with the
measured output, y;. Considering the model with g, = g°?" = 40, corresponding
to the maximum allowable value, as the baseline one, the barplot in Figure 4.5
shows how the system performance changes (PI%), at different prediction steps,
by decreasing the value of g,,. It can be noticed how the reduction of the Hankel shift,
qu, applied to the input variables causes negative P1% and, thus, the decaying of the
model performance, both in terms of MAPE,, and R? for prediction steps higher than
5. This led to the selection of g, = g°Pt = 40 as the optimal number of Hankel shifts
for inputs and state variables.

TABLE 4.3: SRU case study: performance comparison for the selec-

tion of the g°P!. The mean value over 20 subsets of data of the MAPEq,

is reported for different state time shifts, 4. The KPI is evaluated for

a 30-step-ahead prediction. The P1% is reported considering g = 40 as
the reference value.

State Time-Shift Optimization
q 20 30 40 50 60

MAPE-, 5.53 522 5.19 5.28 5.46
PI1% —6.66 —0.58 0 —-1.79 —5.13
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FIGURE 4.5: SRU case study: percentage performance improvement

PI% for (a) MAPEs, and (b) R? at each prediction step, varying the

input delay shifts, g, in the MSA-HDMDc algorithm. The PI1% was

calculated for each of the identified models with respect to the baseline
model with g, = g = 40.

ii) Model Order Reduction

To evaluate the importance of the model reduction phase, as proposed in MSA-
HDMDyc, the results obtained during the model order optimization are shown for
different prediction horizons. To better assess the performance of the model, both
MAPE., and R? are shown.

According to Algorithm 1, the analysis was performed considering two optimiza-
tion phases, first for p and then for r, each representing the SVD truncation for the
matrices () (Equation (4.20)) and X}; (Equation (4.24)). In a first step, the () matrix was
truncated from the full-order pyx = n,q°P* + nuqflpt = 240 (with ¢°P! = 40, n, =1,
qff’ - 40, and n, = 5) to the reduced order p. Models with different p-reductions
from the set prange € {201,202,210,220,240} and with the full-order matrix X}; with
order 7y = min(nyq°!, p) = 40 are shown in Figure 4.6, where the indices MAPEs,
and R? are given for different prediction steps. The global performance of HDMDc on
the validation dataset was compared with the performance of the baseline methods
(i.e., ARX and FIR). It can be noticed that the MSA-HDMDc model outperforms the
FIR model for all prediction steps and the ARX model for prediction steps greater than
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or equal to 5, regardless of the model order, p. The comparison of the MSA-HDMDc
model for the different p also shows that the reduction of the () matrix to order p has
a positive effect on the performance of the model for prediction steps greater than 5,
and the optimal configuration is achieved for order p = 202.
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FIGURE 4.6: SRU case study: MSA model performances: (a) MAPEq,,

(b) R? for ARX, FIR, and MSA-HDMDc models by varying the reduced

order, p, of the () matrix in the pyange € {201,202,210,220,240} and
considering the matrix X}, at full-order 7,5, = 40.

In a second step, while maintaining the optimal Q order p°?' = 202, the X}, matrix
was truncated from the full-order 7,y = min(n,g°?*, p°?*) = 40 to the reduced order,
r. Models with different r reductions belonging to the set r € {18, 20,23, 25,30,35}
were identified. The global performance comparison on the validation dataset is
shown in Figure 4.7, where the PI% is given for both MAPE, and R? at different
prediction steps. The reference model for the PI% is MSA-HDMDc with p°P! = 202
and X}, full-order 7., = 40. It can be noticed how the MSA-HDMDc model with
a reduction of X}, to order r = 25 outperforms the full-order model for prediction
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steps greater than 5. These results confirm that the optimized MSA-HDMDc order
reduction allows identification of the dominant dynamics and thus introduces robust-
ness and noise rejection features to the reduced model. These properties thus improve
the long-term prediction performance compared with the full-order system. Finally,
the optimal order for the MSA-HDMDc model was determined to be p°?* = 202 and
roPt = 25,
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FIGURE 4.7: SRU case study: barplot of PI% for (a) MAPEs, and

(b) R? with ) matrix order reduction p°?* = 202 and varying the

X’ matrix reduction order in the range Trange € {18,20,23,25,30,35}.

The PI% was calculated for each of the identified models with respect
to the reference model with p°? t =202 and 7 = 7ar = 40.

iii) Model Comparisons and Discussion

In this section, the performance of the MSA-HDMDc reduced-order model is evalu-
ated. In particular, the results for the maximum step prediction (i.e., 30 steps), are
here presented. The regression plots on the test dataset, for the baseline and the
optimal MSA-HDMDc models, are reported in Figure 4.8. The ARX model regression
plot presents a slope of 0.41 and a bias of 0.13; the global performance over the test
dataset is not considered acceptable. The FIR regression plot presents a slope of 0.76
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with a bias of 0.04. MSA-HDMDc outperforms both the baseline models with a slope

of 0.77 and a bias of 0.068.
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FIGURE 4.8: SRU case study: regression plots of predicted output at
30 steps versus the target measured output, y1: (a) ARX model, (b) FIR
model, (c) MSA-HDMDc model with optimal parameters g°F! = 40,

gt = 40, poPt = 202, 1Pt = 25.

The time plot in Figure 4.9 shows a comparison between the measured output,
y1, and the 30-step-ahead predicted output for the baseline and the MSA-HDMDc
models for a subset of the test dataset.
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FIGURE 4.9: SRU case study: comparison of the measured output
(v1) with the predicted ones at 30-step-ahead for the baseline and the

MSA-HDMDc models with optimal parameters P! = 40, qut = 40,
poPt =202, roPt = 25.

As described above, the main objective of the SRU is to remove H,S from the
gas flow. Therefore, the estimation of the output peaks is of greatest interest for the
designed model. Figure 4.9 shows the prediction performance of the proposed model,
which outperforms the results obtained with the baseline approaches, especially with
respect to the peak events.

Tables 4.4 and 4.5 reports the MAPE,, and R? for the test dataset considering
different prediction steps for the considered models. Both KPIs are in agreement and
show the superiority of the MSA-HDMDc model for large prediction horizons.

TABLE 4.4: SRU case study: MAPEy, values at different prediction
steps obtained for the considered models: ARX, FIR, MSA-HDMDc

(@ = 40, g7 = 40, p°Pt = 202, 1Pt = 25).

MAPE.,
Steps 1 5 10 15 20 25 30
ARX 275 808 1091 1270 1374 1426 1455

FIR 11.84 11.84 11.84 1184 1184 1184 11.84
MSA-
HDMDc 556 585 624 659 690 715  7.35

Bold values represent the best performance for the specific prediction steps column.
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TABLE 4.5: SRU case study: R? values at different prediction steps
obtained for the considered models: ARX, FIR, MSA-HDMDc (g°7 b=

40, g%F" = 40, p°Pt = 202, roPt = 25).

RZ
Steps 1 5 10 15 20 25 30
ARX 0.95 0.49 0.18 —-0.02 -0.15 —-0.21 —0.24
FIR 0.26 0.26 0.26 0.26 0.26 0.26 0.26
MSA-
HDMDc 0.73 0.70 0.67 0.64 0.62 0.61 0.59

Bold values represent the best performance for the specific prediction steps column.

As mentioned in Section 4.1, the strength of the Koopman operator, which forms
the basis of MSA-HDMDg, lies in the identification of a global state space model
that is valid, even far from specific working points and/or attractors. It differs from
standard linear models that either exploit linearization around specific working
points or extend the linear approximation to the entire domain. With this in mind,
the exogenous inputs in the entire test interval were clustered using the k-means
algorithm with squared Euclidean distance, which is commonly used in pattern
recognition (Sahbudin, Scarpa, and Serrano, 2019), classification and predictive mod-
eling (Cohn and Holm, 2021). Such a method aims to identify different operating
points contained in the input dynamics. To select the optimal number of clusters,
the silhouette score distribution (Rousseeuw, 1987) was used, obtaining three distinct
clusters. The results of such a procedure allowed us to divide the test time series into
sub-intervals, each of which is associated with a cluster identifying a working point.

The results of the clustering are shown in Figure 4.10. The first panel shows
the time evolution of the exogenous inputs as named and described in Table 4.1.
The second field shows the different operating points, defined as clusters, identified
by the k-means algorithm in the analyzed time window. The third field contains
the MAPE., time evolution, which was analyzed in time batches of 100 min for
a 30-step-ahead prediction. It can be observed that, in the first and last time interval,
belonging to Cluster1, which is representative of the majority of the dataset, all three
models predict the output with good performance. For data belonging to the second
and third clusters, only MSA-HDMDc guarantees a performance similar to those
obtained in the previous cluster. This confirms the suitability of MSA-HDMDc to
identify global models.
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FIGURE 4.10: SRU case study: analysis of MAPEs, computed us-

ing time batches of 100 samples for a 30-step-ahead prediction on

a selected interval of the test dataset. The corresponding normalized

input signals and associated clusters are also included. 1st panel: time

evolution of the inputs, 2nd panel: input clusters, 3rd panel: time
evolution of MAPE.,.

4.5.2 DC Prediction Analysis

In this section, the proposed MSA-HDMDc is applied to the DC case study and the
results are compared with the baseline models. The available dataset consists of 4
months of data, i.e., March, May, July and September 2004, with a sampling period
of 6 min. Here, 50% of the dataset (March and May) is used for model training,
25% (July) for the validation of the hyperparameters and model order reduction and,
finally, the testing is performed on the final 25% of the dataset (September).

i) Hyperparameter Tuning

An MSA prediction on the y output is performed. To validate the performance of the
procedure, a time horizon of K,y = 20 steps corresponding to 120 min is selected.
To better show the effect of MSA prediction for different time horizons, values in the
interval K € {2,5,10,20} steps are considered.

Linear Regression Models Two linear models were considered: ARX and FIR. The op-
timal model order was selected based on the minimum description length (MDL) crite-
rion (Ljung, 1986). In particular, the ARX structure was identified to have three common
poles (n, = 3), eight zeros (1, = 8) and no delay for all input variables (1, = 0), while
the FIR order parameters resulted to be 7, = 8 and 1, = 0.

MSA-HDMDc Model Ina preliminary stage of the iterative MSA-HDMDc method,
the HDMDc algorithm was used without order reduction. A grid search strategy

was applied to find the optimal g in the range from g = 10 to g = 30. The estimated

output reconstructed for the prediction step, K, was compared with the mea-
sured output, y. For the statistical analysis, the validation dataset was divided into

70 subsets of 100 samples. MAPE., and R? were evaluated for each subset and the

corresponding distribution was determined. In particular, the median value of

MAPEy, was taken into account when selecting the optimal g hyperparameters.
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Table 4.6 shows the mean value over the 70 trials of the MAPE.,, considering a 20-
steps-ahead prediction. The considered state delay shifts are g € {10,12,15,17,20,30}.
The best-performing model corresponds to q°P! = 12, as shown by the PI% reported.

As a second step, considering the optimal value ¢°?* = 12, further parametric
optimization was carried out by varying the Hankel shift, g,,, applied to the exogenous
control inputs in the I'y matrix. Being g, < g°? t for the system to be causal, the model
was identified for each g, belonging to the set g, € {5,10,12}. The estimated output,
reconstructed at each considered prediction step, was compared with the measured
output, y. It was found that the reduction of the Hankel shift, g,,, applied to the input
variables causes decaying of the model performance, both in terms of MAPEs, and
R?. This led to the selection of g, f = g°Pt = 12 as the optimal number of Hankel
shifts for inputs and state variables.

TABLE 4.6: DC case study: performance comparison for the selection

of the q°P'. The mean value over 70 subsets of 100 of data samples of the

MAPE., is reported for different state time shifts, 4. The KPIis evaluated

for a 20-step-ahead prediction. The PI% is reported considering g = 12
as the reference value.

State Time-Shift Optimization

q 10 12 15 17 20 30
MAPE,, 25.73 24.87 25.32 26.43 27.52 30.19
P1% —3.43 0 —1.81 —6.28 —10.65 —17.20

ii) Model Order Reduction

In a first step, the () matrix was truncated from the full-order pyqx = 1% + nuqf,p '—s4
(where g°P* =12, n, =1, qZpt = 12 and n,, = 6) to the reduced order p. Models with
different p reductions in the set prange € {65,66,70,84} and with the full-order matrix
X}y with ryay = min(neq°?', p) = 12 are shown in Figure 4.11, where the indices
MAPEy, and R? are given for different prediction steps. The global performance
on the validation dataset was compared with the baseline methods (i.e., ARX and
FIR). It can be seen that the MSA-HDMDc model outperforms both FIR and ARX
for all prediction steps, regardless of the model order, p. When comparing MSA-
HDMDc for the different p, it is also noted that reducing the () matrix to order p
leaves the performance unchanged, as it decreases from p = 84 to p = 66, but starts
to deteriorate at p = 65. This leads to the conclusion that p°? = 66 holds for all

prediction steps.
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FIGURE 4.11: DC case study: MSA model performances in terms of

(a) MAPE.,, (b) R? for ARX, FIR and MSA-HDMDc models by varying

the reduced order, p, of the () matrix in the pyange € {65,66,70,84}
and considering the matrix X}{ at full-order 7,5, = 12.

In a second step, while maintaining the optimal Q) order p°? = 66, the X}, matrix
was truncated from the full-order 7y, = min(nq°"*, p°?*) = 12 to the reduced order
r. Models with different r reductions belonging to the set r € {4,5,8,12} were
identified. The global performance comparison on the validation dataset is shown
in Figure 4.12, where the PI% is given with respect to MSA-HDMDc, with p°' = 66
and 74 = 40 for both MAPE., and R? at different prediction steps. It can be seen
that the MSA-HDMDc model with a reduction of X}, to order r = 5 outperforms
the full-order model for all selected prediction steps. These results confirm that the
optimized MSA-HDMDc order reduction allows to identify the dominant dynamics
and thus introduces robustness and noise rejection features to the reduced model.
These properties thus improve the long-term prediction performance compared with
the full-order system. Finally, the optimal order for the MSA-HDMDc model was
determined to be p°?! = 66 and r°P! = 5.
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FIGURE 4.12: DC case study: barplot of PI% for (a) MAPE., and
(b) R? with Q matrix order reduction p°?* = 66 and varying the X’
matrix reduction order in the range r/ange € {4,5,8,12}. The PI%
was calculated for each of the identified models with respect to the
reference MSA-HDMDc model with p°P! = 66 and r = 7y = 12.

iii) Model Comparison and Discussion

In this section, the performance of the reduced-order MSA-HDMDc model is further
evaluated in terms of the predicted time series and robustness to the variability of
the operating points. The time plot in Figure 4.13 shows a comparison between
the measured output, y, and the 5- and 10-step-ahead predicted outputs for the
baseline and MSA-HDMDc models for a subset of the test dataset. It shows that
the prediction performance of the proposed model outperforms the results obtained
with the baseline approaches, especially for the 10-step-ahead prediction, and con-
tirms that the difference between the models becomes more pronounced at longer
prediction intervals.
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FIGURE 4.13: Cont.
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FIGURE 4.13: DC case study: comparison of the measured output

(y) with the predicted one at (a) 5-step-ahead (30 min) and (b) 10-step-

ahead (60 min) for the baseline and the MSA-HDMDc models with

the optimal parameters ¢°?' = 12, ¢,/ ‘=12, p°Pt = 66, r°Pt = 5 on
a selected interval of the test dataset.

TABLE 4.7: DC case study: MAPEy, values at different prediction
steps obtained for the considered models: ARX, FIR, MSA-HDMDc

(g°Pt = 12, qu’t =12, p°Pt = 66, r°P! = 5) in the test dataset.

MAPEy,
Steps 2 5 10 20
ARX 4.44 13.75 29.40 53.91
FIR 57.42 57.42 57.42 57.42
MSA- 1.66 6.01 12.93 23.13

HDMDc

Bold values represent the best performance for the specific prediction steps column.

TABLE 4.8: DC case study: R? values at different prediction steps
obtained for the considered models: ARX, FIR, MSA-HDMDc (q"”t =

12, q37 =12, p°Pt = 66, P! = 5) in the test dataset.

RZ
Steps 2 5 10 20
ARX 0.983 0.854 0.347 -1.20
FIR —-0.99 —-0.99 —0.99 —0.99
MSA- 0.998 0.974 0.890 0.661

HDMDc

Bold values represent the best performance for the specific prediction steps column.

Tables 4.7 and 4.8 reports the MAPEy, and R? for the test dataset considering
different prediction steps for the considered models. Both KPIs are in agreement and
show the superiority of the MSA-HDMDc model for all the prediction horizons.

The analysis of the model performance was performed by identifying different
operating points through exogenous inputs clustering. The k-means algorithm (Sah-
budin, Scarpa, and Serrano, 2019; Cohn and Holm, 2021) was applied with squared
Euclidean distance. The optimal number of clusters was found to be two by using the
silhouette score distribution (Rousseeuw, 1987). The clustering results are reported
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in Figure 4.14. In the first panel, the time evolution of the normalized exogenous
inputs, as named and described in Table 4.2, is shown. In the second panel, the clus-
ters identified by the k-means algorithm are reported in the analyzed time window
showing the operating points with different colors. The third panel contains the
MAPE., time evolution computed in time batches of 100 samples for a 5-step-ahead
prediction. It can be seen that, for data belonging to the operating point labeled
as Cluster 1 between 1400 and 2000 samples, only the MSA-HDMDc model main-
tains consistent performance across different system operating points. In contrast,
the performance of the ARX and FIR models degrades significantly and shows high
variability with changes in operating conditions. This highlights the sensitivity of the
ARX and FIR models to variations in operating points and confirms the suitability of
MSA-HDMDc for identifying global models that provide robust performance under
different operating conditions.
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FIGURE 4.14: DC case study: analysis of MAPEy, computed using

time batches of 100 samples for a 5-step-ahead prediction on a se-

lected interval of the test dataset. The corresponding normalized input

signals and associated clusters are also included. 1st panel: time evolu-

tion of the inputs, 2nd panel: input clusters, 3rd panel: time evolution
of MAPEx,.

4.6 Results: DL/Symbolic & XAI

This section evaluates interpretable data-driven pipelines that combine Deep Learn-
ing (DL) and Symbolic Regression (SR), and contrasts them with purely symbolic
approaches. We target dynamical soft-sensor modeling under nonlinear FIR (NFIR)/
nonliner ARX (NARX) assumptions by constructing standardized lagged-regressor
spaces, then training and comparing three families: GP-based SR (Operon, PySR),
SINDy with STLSQ, and a DL-aided SR pipeline where compact neural encoders
compress the lag space and a symbolic head yields closed—form outputs. Beyond
accuracy (root men-squared error - RMSE, R?) and model complexity, we quantify
explainability with SHAP-based metrics (stability, infidelity, Jaccard overlap), and
assess adherence to known physics when available.

We use two complementary testbenches. (1) Narendra-Li synthetic system
provides a ground truth set of equations, enabling a stringent check of structural
recovery (operator/library sufficiency, coefficient fidelity) alongside predictive error.
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(2) SRU industrial dataset stresses robustness to noise, delays, and regime shifts in
a real refinery unit, focusing on closed—form soft sensors for H,S and SO, suitable
for deployment and auditing. Together, these cases probe both ends of the spectrum:
exact identifiability vs. field realism.

We first report the synthetic benchmark results—method tuning and comparative
metrics—then present the SRU study, detailing the DL-aided SR encoders, discovered
equations, prediction performance, and SHAP analyses.

4.6.1 Narendra-Li System Analysis

The GP-based SR approaches (i.e. Operon and PySR) and the Sindy methods have
been evaluated on the Narendra-Li system and compared as regards both perfor-
mance and interopretability. The identification process has been performed on a
dataset of 10000 samples divided into 70% training, 10% validation, and 20% test. The
STLSQ algorithm in the SINDy approach requires optimization through the selection
of a suitable A coefficient, striking a compromise between the accuracy and complex-
ity of the final equation. This process is illustrated in Figure 4.15, where the loss
function evaluated in terms of RMSE and the number of coefficients for different A
values are shown. The tuning process indicates that the loss remains relatively stable
until the threshold value reaches 0.23. Beyond this point, some crucial information is
likely to be omitted from the model, leading to a loss increase. Therefore, a reasonable
compromise between loss and the number of components in the equation was found
by setting A = 0.2. The equations derived from the SINDy algorithm are reported in
the following:

X141 = 2.28in(xp,,) + 1.3sin(x2,,) + 0.48sin(xq , + X2,4) X1,
—0.48sin(x1,, — X2,1)X1,n + 0.77 cos(x1,, + X2,1)
—0.76 cos(x1,, — x2,n) + 0.27 cos(x1,, — X2,1)

X241 = 2.08x1 , — 1.69x2,, + 1.02u, — 1.81 sin(x1 ) X1
+5.51sin(xp,) — 0.86sin(xa ) u?
—1.324sin(x,, + uy) + 1.40 cos(x1 4 ) X1,
+0.94 cos(x1,1) %7, — 0.61 cos(14y) X2, + 0.39

+ cos(xo,n + Un)uy — 1.25c0s(x2,, — tn) X2

(4.33)

+ 142 exp(x1,)x1,, — 0.36 exp(xl,n)xin
Yn = 2.67sin(xp,,) — 0.90sin(x3,,) — 0.19 cos(x1,4 + x2,4)

The resulting model does not contain important terms and operators such as
fractions and exponentials, which are present in the original system. This is reflected
in the performance indices, which show a low value of R? (see table 4.9). The outcome
of the Operon method is here reported:
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FIGURE 4.15: SINDy model loss and complexity for the parameter
A in the range [0 0.4].
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FIGURE 4.16: State and output predictions for the three methods (a)
SINDy, (b) Operon and (c) PySR.

—6.1 in (0.228 i
Xipq1 = (_0'023(1 n (—6.1x1) sin ( x1) ; +8.9> sin(xy)

—7.8x1 + 14 sin (0.526x1 4
Xops1 = —03x1 — (—0.027x1 — 0.063) sin (18.36x1) —
(—0.0341 — 0.009x2 + 0.056) sin (18.089x;)
(0.42u — 0.09x1 — 0.99x7 + (—1.8u — sin (1.967x1)) (4.34)
(0.015x; + 0.22)) sin (0.03x1 + 0.994x, + 1.588)+
sin (0.43x7) + 0.089 sin (2.437x71) + 0.03
5.0x1,,
—sin(x1,) — 2.5sin(xp,) — 5.0

Y= —

It could be observed that the model identified by the Operon approach has a
reduced number of terms when compared with the SINDy model. Moreover, the
RMSE and R? are greatly improved. Finally, the PySR model is illustrated below:

) sin (xz,n)

1
X1,n4+1 = (2.2 + ﬁ
1,n o

1n

X .
X241 = (211(1)71;8 - xz,n> sin (x2,, + 1.58) (4.35)
Xon te
X
Yn = X1,n T+ L 1
—1.0+ —0.25in (x1,,)—0.5sin (x2,,)

The model obtained has a worse error performance with respect to the Operon
equations. The identification procedure, however, failed to include terms related to
the input in the x; equation. Further investigations to include constraints on the use
of feature-related terms in the equation identification should be performed when
process knowledge is available. A more detailed comparison can be found in Table
4.9. The comparisons between the model predictions and the target signal are shown
in Figure 4.16.

To evaluate the Adherence metrics (Adh), eq. 4.32 has been used for comparison.
As can be seen from the identified equations and the Adh metric, the PySR approach
has achieved a perfect identification of the x; and y equations as they can be easily
rearranged into the expected ones. The x, equation, on the other hand, yielded
only a partial fit of the sine and exponential terms and does not contain terms
related to the input. It is worth noting that both the Operon and SINDy systems



Chapter 4. Soft Sensors for Industrial Applications: Linear Regression, Dynamic

76 Mode Decomposition and Symbolic Regression

SINDy Operon PySR

RMSE  0.898+0.013  0.244 40.003 0.321 £0.021

R? 04724+0.014  0.855+0.008 0.749 = 0.005

S 0.016 £0.003  0.014 £ 0.002 0.018 = 0.005
INFD 0.0003 4 0.0003 0.0004 4+0.0003 4.31e—6 =+ 5.23e—7

N1 1.0+ 0.0 1.0+0.0 1.0+0.0

J2 1.0£0.0 1.01+0.0 0.884 + 0.002

J3 0.907 £ 0.012 1.01+0.0 1.0+0.0

Adh 0.185 £ 0.108 0.363 4= 0.004 0.719 4+ 0.003

TABLE 4.9: Loss and interpretability metrics for the three approaches
considering the test dataset.

successfully identified the dominant term 2.2 sin (x,) in the x; equation and that
in the Operon case, the y equation could be transformed into the expected form
by simple mathematical steps. The other components in the regressed equations
approximate the missing terms. The SHAP Explainer has been used to create a
summary map for the contribution of each feature. It has been applied to visualize
the distribution of feature weights across the entire test dataset. Moreover, the
Explainer has been used to compute interpretability metrics, which are listed along
with the loss metrics in Table 4.9.

The Operon algorithm achieved the best results in the Stability and Jaccard met-
rics. PySR shows the best performance for the infidelity and adherence metrics. To
visualize the results obtained, the global explanations of all the three identified equa-
tions x1 (1), x2(n), u(n) are shown in Figure 4.17 as well as the ground truth values.
The relative importance of each variable for the identified equation can be analyzed
showing a better matching for the results obtained using the Operon method.

4.6.2 SRU Prediction Analysis

Historical dataset available for the Sulfur line 4 as described in Section 4.4.1 was
chosen as a testbed for this model. The available data consists of 17,264 samples
obtained with a sampling time of one minute. These were divided into training (70%),
validation (15%) and test sets (15%), taking into account temporal dependencies
within the process when moving the data and normalizing each set using z-score
normalization. Figure 4.18 shows a detailed representation of the NN architecture
used and its activation functions. The activation function tanh was selected due to
its compatibility with the SR stage and its better interpretability in the application
domain. In addition, the ReLU activation function provided suboptimal results,
indicating the presence of a dying ReLU problem (Lu, 2020). Using the given NN
architecture, two different networks were developed and trained independently to
predict the two concentrations. Each layer in the architecture is fully connected
and the model was trained using the Adam optimizer, also implementing an early
stopping strategy and an adaptive learning rate to effectively minimize the loss.

A small number of neurons were used in the hidden encoding layers to simplify
the structure. The predictions of the encoding layers on the training dataset were
recorded and used as target values for the PySR framework, resulting in five different
models, one for each encoded input. The operators considered in the fitting pro-
cess are +, —, *, /,sin, exp, sqrt, tan, sinh, tanh and real constants, with the maximum
length set to 30. Such a specified length allows the genetic algorithm to explore the
search space more thoroughly and provide a more accurate overall result. Choosing
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an appropriate maximum equation length is crucial, even if a shorter equation is
desired, to reduce the complexity of the final output. The PySR algorithm performs
migration between the best offspring in each population, so further exploration of
the search space greatly affects the overall evolutionary process. Each operator was
assigned a weight of 1 and some combinations of operators were prevented as they
would be either redundant or uninterpretable, such as sin(tanh(x)) or sin(sin(x)).
Assigning different weights to each operator can be useful to incentivize some op-
erators and penalize others by increasing their complexity. However, due to the
inclusion of DL in the target data, no prior assumptions were made about the possible
operators in the equations. Both the H,S and SO, input encodings are given in Eq.
4.36 and 4.37 respectively.

er1 = (0.01uy +0.1)(2.5u; + 1.8u1z7% —5.3u127%) — 0.04
ez1 = 0.1up + 0.1upz % 0.1 sin(uzz"3 —0.4(0.6 — uzz*l)z)

e31 = 0.36sin (1{32’7 - u3z’5 + u3z*9 + tan(u3 . 1.2u3z’5>) —-0.14

2 (4.36)
eg1 = —0.36 tanh (ﬂ) tanh <(017 — Uy — 1142*1> — u4>
1y Uz

(uaz=3 4 1.16)
es1 = 0.11 — tanh (usz 3 — us + sin (O.5u5z’7 +0.5us5277 — u5) +1.2)

e1p =027u1z7% = 0.27 11z~ ! — 0.02 sin(2.15 127 — 0.66)
+tanh(u + w1z7° — 2u3z77 +0.13)

u 279 u 273 —Uu 277
e22 = 0.21 tanh (0.47 —sin (uzz_s L2 (12 o )
Urz

e3n = tanh(sinh(us — u3z™% + (uzz ™' —uzz™7)? — exp(—u3 +1.7 u3z*3>)) (4.37)
: —9y2 . 7 02
esp = 0.08 sin((14z7°)%) + 0.2 sin( 1.5u4z™" — o
4
— tanh(ug — ugz™> —ugz 7> + uyz”?)

esn = tanh(0.67 us — 0.38 usz™> — 0.29 usz™° + 0.45) +0.17 usz > — 0.17 usz >

To achieve a more compact notation, the temporal shifts are indicated using
the unary delay operator z~!, which means that u;(t)z7* = u;(t — k), where k €
[0,1,3,5,7,9] to reflect the considered time shifts.

The obtained encoding functions show that the two networks produce slightly
different equations, which is an indication that the input dynamics affect the two
output concentrations differently. The equations are expressed in terms of the same
input u;, where i € [1,5], at different time shifts. Each equation was chosen from a hall
of fame of equations, ordered through a complexity index that depends on the number
of terms. To give preference to simpler equations for better interpretability, a criterion
that maximizes the fractional decrease in MSE over the increase in complexity of
previous equations while still preserving the loss was selected. This criterion, denoted
as s and defined in Eq. 4.38, is based on the approach of identifying drops in the
loss-complexity curve (Schmidt and Lipson, 2009). Following this principle, the
equation with the highest score is selected among the expressions whose loss is better
than at least 1.5 times the most accurate model in the hall of fame. This led to the
selection of a local maximum score weighted by the model loss at that complexity
level, as shown in Figure 4.19, where the loss-complexity and score-complexity plots
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for the five encodings are shown.

. —Alog(MSE)

" (4.38)

In Eq. 4.38, c is the complexity of the candidate solution, which can be expressed as
O - w, where O is the set of operators involved and w is the cost associated with each
operator. The output relationships were discovered using the same set of functions
and hyperparameters, with the only change being the maximum length, which was
set to 50 to allow further exploration of the mathematical search space. The equations
for the H,S and SO, concentration are shown in Eq. 4.39, where the terms ¢; in the
equations refer to the relative encoded product of the NN for the five input signals,
respectively. The output relationships were discovered using the same function set
and hyperparameters, with the only change being that the maximum length was set
to 50 to allow further exploration of the mathematical search space.

_ 0.4eus
[H,S] = 0.51 (exp (1 e

[SO,] = 0.04sinh(eu; + 0.46) + 0.04tanh?(eus) + 0.3 — 0.46(eus)

2
— 0.8euy + 0.4eus + tan(eus)>) (4.39)

It is worth noting that among the equations selected based on the aforementioned
criteria, the encoded versions of SWS_GAS and AIR_MEA_2 are missing due to their
lower correlation with the outputs. In fact, the GP performs an inherent feature
selection through its evolution process and discards features that do not significantly
improve the equation tree. Nevertheless, the absence of these two inputs may lead to
concerns about the robustness of the obtained model. For this reason, two additional
equations containing all encoded inputs are presented in Eq. 4.40.

1—eus

\/exp (0.37eu5 + tan(eus) — 0.74euq + M)
[Ha2S] =

2 (4.40)
[SO,] = 0.04eu?eus + 0.06eus (euy + eus(1.2eus + euy))

— 0.46sin(eus) + 0.04 tan(euq) + 0.32

To properly compare the NN-supported SR and the plain SR approach, two
additional SSs were developed with the same function set, the same hyperparameters
and a maximum length of 50. The previously introduced criterion was also applied
to the SR, this time performed with the full 30 input features. The equations obtained
from the plain SR are in Eq. 4.41, while a comparison of the predictions of the three
approaches is shown in Figure 4.20 together with the relative metrics in Table 4.10.

[HZS] = tanh(009 exp(u5,k — l/l5,k_9) exp (21/[5,]( — 21/[5,](_1)) + 0.2

) (4.41)
[SO;] = (0.14 — 0.11 tanh(usx — Usx_9)) exp(— sin(usy — Usx_3))

The plain SR equations show that the input AIR_SWS as a feedback gas has a
strong correlation with the outputs, which overshadows the other inputs in the output
equations and limits the interpretability with regard to their dynamics. As shown
in Table 4.10 and Figure 4.20, both the NN and NN-supported SR methods show
superior performance. It can be seen, especially in the presence of peaks, which are
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R? RMSE

NN  (0.89,0.91) (0.014,0.0002)
SR (0.77,0.86)  (0.020,0.017)
NN-SR  (0.89,0.90)  (0.014,0.014)

TABLE 4.10: Loss metrics for the three considered approaches on
the test dataset.

SINDy Operon PySR

RMSE  0.6758 4 0.003 0.6 = 0.046 0.781 £ 0.004

R? 0.499 + 0.004 0.596 £+ 0.001 0.372 £0.018

S 0.064 £ 0.045 0.048 £0.001  0.048 +£0.001
INFD 0.0001 £+ 0.0002 0.0006 &= 0.0001 0.0001 £ 0.0001

N1 0.982 1+ 0.04 0.992 £ 0.01 0.944 £0.01

2 0.982 1+ 0.04 0.916 £ 0.09 0.999 £ 0.01

J3 0.982 +0.04 0.998 £ 0.002 0.999 £ 0.01

TABLE 4.11: SRU Case Study: Loss and interpretability metrics for
the three approaches considering the test dataset.

of greater importance for controlling the process the temporal evolution of the S0,
reported in Figure 4.20 (b) shows a better approximation of the NN-SR in the peak
estimation compared to the plain SR. Moreover, the NN and NN-SR predictions show
similarities due to the partially shared dynamic encodings.

The SHAP Explainer has been used to create a summary map for the contribution
of each feature. It has been applied to visualize the distribution of feature weights
across the entire test dataset. Moreover, the Explainer has been used to compute
interpretability metrics, which are listed along with the loss metrics in Table 4.11.

The Operon algorithm achieved the best results in the Stability and Jaccard met-
rics. PySR shows the best performance for the infidelity and adherence metrics. To
visualize the results obtained, the global explanations of all the two identified equa-
tions u;;(n) are shown in Figure 4.21. The relative importance of each variable for
the identified equation can be analyzed showing a better matching for the results
obtained using the Operon method.

4.7 Discussion

Two complementary tracks—MSA-HDMDc on SRU/DC and interpretable SR (with/without
DL encoders) on both Narendra-Li and SRU—to cover regime-robust industrial fore-
casting and ground-truth symbolic recovery were evalated.

The MSA-HDMDc is proposed as a regime-robust soft-sensor design for in-
dustrial time series (SRU, DC) (Patane, Sapuppo, and Xibilia, 2024). The approach
augments the state with Hankel delays to capture nonlinear dynamics in a linear
surrogate, and then optimizes multi—step prediction via a two—stage SVD trunca-
tion on the augmented data spaces (orders p, r). Delay selections (g, 7, ) and reduc-
tions (p,r) were tuned against MAPE., and R?, yielding reduced models that (i)
consistently outperform ARX/FIR as the horizon increases and (ii) retain accuracy
across operating-regime clusters (k-means), evidencing reduced sensitivity to work-
ing—point shifts. In the taxonomy, ARX/FIR and HDMDc/MSA-HDMDc all lie in the
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Data-driven Grey quadrant; however, MSA-HDMDc offers a global Koopman-style
linearization with auditable structure and superior long-horizon fidelity. The observed
gains arise from: (a) delay embeddings that preserve dominant spectral content; (b)
SVD-based order reduction that filters noise while retaining predictive observables;
and (c) explicit multi-step optimization. Practically, this delivers fast, deployable
surrogates for monitoring and control. Looking ahead, transfer to parallel lines
can mitigate data scarcity, while coupling with multi-resolution DMD will target
slow /fast scale separation in processes exhibiting nonstationary spectra.

Within the taxonomy, SINDy and GP-based SR (Operon, PySR) sits at the bound-
ary between Data—driven Grey and interpretable Black, depending on how strongly
prior structure (lags/operators) constrains discovery; neural encoders used to compress
lagged inputs are Black, but the full DL-aided SR pipeline ends in a closed—form head
that restores transparency. On the Narendra-Li benchmark, GP methods achieved
the best identification accuracy (Operon lowest RMSE/highest R?), while PySR
showed stronger adherence to ground-truth functional forms (despite missing some
input-dependent terms); SINDy underperformed in accuracy with the chosen library
but remained structurally interpretable. On industrial data, DL-aided SR (small
encoders per input — symbolic head) scaled symbolic discovery to high-dimensional
lag spaces, producing compact equations that matched NN accuracy closely and ex-
posed salient interactions; SHAP-based metrics confirmed stable, low—infidelity
attributions. This establishes a practical compromise: use Black encoders only
for dynamic compression, then enforce closed—form outputs for auditability and
hand-off to operations. Limitations and paths forward include: imposing domain
constraints (dimensional consistency, monotonicities, saturations) during SR; adding
control-aware libraries in SINDy; and extracting grey—box structure from encoders
(e.g., Sparse/Physics—guided Autoencoders) to further restrict the symbolic search
space. These steps move the symbolic stack toward physics—informed ML, tightening
alignment with process physics while preserving interpretability.
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FIGURE 4.17: Global explanations of the Narendra-Li system on a
test dataset of 2000 elements for ground truth and developed models:
(a) Ground truth (b) SINDy, (c) Operon, (d) PySR.
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Chapter 5

Vehicle-to-Grid Availability
Prediction: From Data-Driven Grey
State-Space to Explainable Al

5.1 Introduction

With global electric vehicle (EV) penetration projected to reach 60% by 2030 (Agency,
2022; Agency, 2021), integrating EVs into vehicle-to-grid (V2G) systems and smart
grids (SGs) is increasingly crucial. V2G enables bidirectional energy exchange, turning
EVs into distributed, mobile storage units within Industry 4.0 energy frameworks that
couple cyber—physical systems (CPS), automation, and real-time data to coordinate
renewables, buildings, and mobility (Kamble, Vadirajacharya, and Patil, 2019; Ding
et al., 2024). In smart multi-energy management, V2G can help address uncertainties
from variable renewables and loads—key challenges in multi-energy microgrids—as
well as energy price uncertainty (Zhang et al., 2024b; Zhang et al., 2024a).

As single EVs have negligible grid impact, fleets are organized by aggregators
(utilities, fleet operators, OEMs, or independent entities) that interface with system
operators and markets (Afentoulis et al., 2022; Barbero et al., 2020). Market minimum-
capacity thresholds and charger limits make aggregator coordination essential for
participation and dispatch. Uncoordinated charging can exacerbate peak loads and
local constraints (Lillebo et al., 2019; Deb et al., 2018); conversely, well-planned, coor-
dinated V2G can deliver frequency/voltage regulation, peak shaving, load balancing,
and resilience services (Grasel, Baptista, and Tragner, 2024; Fachrizal et al., 2024;
Karmaker et al., 2024; Paine, 2019).

Operating these portfolios requires accurate forecasts of aggregated available ca-
pacity (AAC)—the energy that an EV fleet can provide when connected via aggre-
gator hubs—across day-ahead and short-term horizons. Day-ahead AAC supports
wholesale bidding; short-term AAC underpins balancing service bids and intraday
operations (e.g., half-hour settlements) (Afentoulis et al., 2022; Barbero et al., 2020).
AAC depends on driver behavior, infrastructure siting (Dixon et al., 2022), and vehicle
attributes.

With IoT-enabled sensing across floating car data (FCD) and V2G hubs, real-time
status/location and grid conditions can be exploited for predictive control (Comi et al.,
2021; Li et al., 2024). In addition, exogenous features—meteorology, calendar effects
(weekends/holidays) and traffic—also shape availability by modulating mobility
patterns (Bakhshi et al., 2022; Gim, 2018; Napoli et al., 2024).

Methodologically, we study a state-space alternative to prevalent sequence models
(e.g., long short-term memory, LSTM (P et al., 2022; Curreri, Patane, and Xibilia,
2021; Shipman et al., 2021a; Shipman et al., 2021b)): dynamic mode decomposition
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with control (DMDc) (Proctor, Brunton, and Kutz, 2016), and its Hankel extension
(HDMDc) that augments the state with time-delayed outputs/inputs. Grounded in
Koopman theory, HDMDc has shown promise on quasi-periodic, controlled systems
(e.g., traffic corridors) (Mustavee et al., 2022; Shabab et al., 2021; Das et al., 2023).
We apply HDMDc and LSTM to aggregated FCD enriched with meteorology and
a fuzzy calendar index (weekends/holidays) or measured traffic to deliver both
accuracy and interpretability. Moreover, Explainable Al (XAI) techniques (Lundberg
and Lee, 2017b; Ribeiro, Singh, and Guestrin, 2016) are also adopted to meet modern
transparency and interpretability requirements, ensuring that predictions align with
the decision-making needs of energy providers (Xu et al., 2022).

This chapter presents an integrated analysis of three complementary V2G datasets,
VED, Padua, and Rome, through the lens of interpretable modeling. Each dataset is
analyzed using models positioned along the modern two-dimensional taxonomy of
white-box, black-box, knowledge-driven grey, and data-driven grey models. The VED
dataset is studied using Hankel Dynamic Mode Decomposition with control (HD-
MDc), a grey-box state-space model, alongside deep multi-layer LSTM models. The
Padua dataset focuses on ARX, FIR, nonlinear NARX modeling, and transferability of
parameters across different scenarios. The Rome dataset emphasizes interpretability
of models, leveraging XAI techniques. Together, these results are unified to illustrate
the role of transparency, interpretability, and explainability across varying model
complexities and knowledge integration.

The remainder of the chapter is organized as follows. Section 5.2 reviews related
work. Sections 5.4, 5.5, and 5.6 present dataset-specific methods and results, followed
by a cross-dataset synthesis and discussion.

5.2 Related Works

This section introduces a comprehensive literature review of existing models for
predicting electrical quantities in the V2G domain. In particular, Table 5.1 summarizes
previous research, classifying the works in terms of model and model class, prediction
horizon, target variable, data source, and exogenous inputs—factors external to the
internal system model but affecting the prediction.

Various models have been used in the literature to predict different V2G-related
target variables: AAC (Graham and Teng, 2023; Napoli et al., 2024; Xu et al., 2024; Ship-
man et al., 2021a; Shipman et al., 2021b; Nogay, 2022), energy demand (Perry, Wang,
and Ho, 2021), schedulable energy capacity (SEC) (Li et al., 2021a; Mao et al., 2019)
including charging and discharging load, load forecast for energy price determination
(Gautam, Verma, and Srivastava, 2019), occupancy and energy charging load at V2G
hubs (Amara-Ouali et al., 2022), frequency containment reserve (FCR) participation
(Jahromi et al., 2024), energy supply (ES) and peak demand (PD) (Schlédpfer et al., 2021),
as well as drivers” habits and preferences when connecting to V2G hubs (Zeng, Moura,
and Zhou, 2023).

These diverse applications all relate to the integration of V2G into smart grids,
enabling operators to optimize the scheduling of EV participation in ancillary services
and to meet demand in various markets. Such models are used for price determina-
tion in the day-ahead market, intraday power trading, and scheduling power sources
at different times of the day to compensate for fluctuations in renewable energy and
high-demand intervals. Accordingly, different time scales and prediction horizons
are involved in modeling: the short-term scale of hours with a minimum settlement
time of half an hour (Graham and Teng, 2023; Napoli et al., 2024; Xu et al., 2024; Perry,
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Wang, and Ho, 2021; Gautam, Verma, and Srivastava, 2019; Li et al., 2021a; Mao et al.,
2019) and the one-day-ahead forecast scale (Li et al., 2021a; Mao et al., 2019; Shipman
et al., 2021a; Shipman et al., 2021b; Amara-Ouali et al., 2022). The one-day-ahead
forecast is determined offline for 24 h in advance and serves the day-ahead energy
market. However, such long-term predictions are subject to significant uncertainty
(Mao et al., 2019). To mitigate this uncertainty, rolling predictions on the order of
hours are introduced to meet the needs of short-term ancillary services.

These models are applied to various historical data sources: GPS localization and
battery management system data from EVs fleets with a limited number of vehicles
(Xu et al., 2024; Li et al., 2021a; Shipman et al., 2021a; Shipman et al., 2021b; Nogay,
2022; Jahromi et al., 2024; Zeng, Moura, and Zhou, 2023); charging and discharging
session information based on V2G infrastructures, here referred to as hubs (Graham
and Teng, 2023; Perry, Wang, and Ho, 2021; Amara-Ouali et al., 2022); simulated
EV data (Gautam, Verma, and Srivastava, 2019; Jahromi et al., 2024); and real-world
extensive FCD mobility data and vehicle information (Napoli et al., 2024; Mao et al.,
2019; Schlapfer et al., 2021). Most models are trained using historical data of the
same target variable, while some also incorporate features that are uncorrelated
with the V2G system. These additional features, referred to as exogenous inputs,
include calendar information (Graham and Teng, 2023; Napoli et al., 2024; Perry,
Wang, and Ho, 2021; Gautam, Verma, and Srivastava, 2019; Amara-Ouali et al., 2022),
some including weekends (Graham and Teng, 2023; Napoli et al., 2024; Perry, Wang,
and Ho, 2021) and holidays (Napoli et al., 2024), meteorological (Napoli et al., 2024;
Gautam, Verma, and Srivastava, 2019) and energy market events (Shipman et al.,
2021a; Shipman et al., 2021b; Nogay, 2022), or price (Zeng, Moura, and Zhou, 2023).

Another distinction between the models used to predict V2G variables lies in
their classification. Previous research predominantly employs data-driven models,
whereas deterministic models are seldom used for comparative predictions, as noted
in (Graham and Teng, 2023), due to the energy supplier’s aversion to risk in predic-
tions. Deterministic models are also utilized for static analyses rather than for making
predictions, particularly in the analysis of mobility data to support V2G systems
(Zeng, Moura, and Zhou, 2023; Schlédpfer et al., 2021). Dynamic nonlinear black-box
models have been used extensively compared to linear regression models. These
models account for nonlinear dynamics and are more effective in capturing the behav-
ior of V2G systems compared to dynamic linear regression models. These black-box
models include a number of techniques such as neural networks (NN) (Graham and
Teng, 2023; Napoli et al., 2024; Nogay, 2022; Li et al., 2021a), long short-term memory
networks (LSTM) (Napoli et al., 2024; Shipman et al., 2021b) potentiated by K-means
clustering and federated learning in (Perry, Wang, and Ho, 2021) or by convolutional
neural networks in (CNN)(Shipman et al., 2021a), random forest (RF) (Amara-Ouali
et al., 2022), gradient-boosted decision tree (GBDT) (Mao et al., 2019), and extreme
gradient boosting (XGBoost) (Jahromi et al., 2024). The few applications of dynamic
linear autoregressive models are presented in (Graham and Teng, 2023; Amara-Ouali
etal., 2022).

In this highly complex context of predictive modeling, our work introduces in-
novations in multiple aspects of the methodological framework, as shown in the
summary Table 5.1. The method is applied to short-term predictions covering inter-
vals from one to four hours, aiming to enhance performance for periods exceeding one
hour. Unlike most approaches, it utilizes generic FCD that can be easily obtained from
insurance companies rather than relying on mobile phone GPS data. Additionally, for
the first time, we have included exogenous factors such as weather data and fuzzified
weekend and holiday rates, which have never been used for predictions exceeding
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half an hour. These features were initially analyzed by the authors in (Napoli et al.,
2024) for half-hour predictions as a proof of concept, demonstrating their effectiveness
in improving predictive model performance. Notably, weather information has never
been used in predictive models applied to real-world case studies, having only been
utilized with simulated EV data (Gautam, Verma, and Srivastava, 2019).

The main methodological innovation of our approach is the use of a data-driven,
dynamic linear state-space model (HDMDc). Unlike black-box models, HDMDc
identifies a single global model that operates across varying conditions (Patane,
Sapuppo, and Xibilia, 2024). It also makes explicit how exogenous factors influence
the target variable, improving the interpretability of predictions for energy providers.
In addition, the state-space formulation enables model-order reduction, which distills
dominant dynamics and yields further insight into predictions. Complementary
studies assessed transferability—including traffic as an exogenous input—(Patané
et al., 2024a) and provided post-hoc explainability on the comprehensive dataset
(Sapuppo et al., 2025).

5.3 Vehicle Data Preprocessing: From FCD to AAC

The data collection and pre-processing stages were fundamental components of
this research. Emphasis was placed on working with data obtained in real-world
conditions: vehicle tracking FCD data in the domains of traffic analysis, logistics, and
mobility. All quantities in what follows are aggregated on a parametric half-hour
time interval, denoted by T}, = 30 min; we index samples by k, each corresponding
to one Tjy,.

5.3.1 Stop Maps and Hubs Selection

The first step is to identify V2G points of interest (i.e., candidate hubs) as V2G services
rely on the identification of suitable geographical zones based on vehicle data analysis.
The movement from one location (origin) to another (destination) (O-D) to perform
one or more tasks is called a trip. Access to telemetry data enables the collection
of trip information with FCD, which enables continuous vehicle tracking over time
(Comi et al., 2021). The vehicle position (a sequence of geographic coordinates) and
status (travelling or stopping states) are also given. Two consecutive data points of
a particular vehicle can be used to identify the start and end of a trip and to detect
major changes in vehicle position based on the corresponding status information.
A journey or trip chain refers to a series of trips linked such that the destination of
one trip coincides with the starting point of the next. Consequently, the activity
stops are determined using the fine-grained FCD. The proposed process is based on
measurements of a vehicle’s speed and engine state. The process evaluates these
measurements to determine whether the vehicle is traveling very slowly or has come
to a complete stop. Observations where the vehicle has stopped at a bottleneck but
appears to be parked are the main cause of inaccuracies in identifying stops from
vehicle data. The method guarantees that only active stops (e.g., longer than a pre-
defined threshold and far away from intermediate stops/service points such as gas
stations) are classified as such in the result by evaluating both the speed during the
previous time interval and the geographical coordinate data as well as the engine
status. An initial visualization of the pre-processed data is made by plotting the stops
on the global geographical area to identify points suitable as V2G hubs. A hub Hub
is associated with a circular catchment Hub" of radius r.
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5.3.2 Virtual Electrification

Following the integration of dynamic mobility data with static vehicle category data,
the entire dataset is processed to virtually electrify each vehicle entry. This virtual
electrification process entails linking each car model in the dataset to a battery-electric
equivalent (BEV) and assigning an energy value, measured in kWh, to its battery
pack BC, and a segment-specific energy consumption (kWh/km). The activity is
performed by:

* a classification often used by manufacturers (ACEA-like segments),

¢ a market research on the characteristics of battery packs used in EVs (60 BEV
models on the Italian market; when multiple packs exist, the largest is selected),

¢ the assignment of an average energy value in relation to the class of the vehicle
reported in the database, and the assignment of a typical consumption per
segment.

Segment ACEA classification Description Average energy [kWh]

A Small City cars 28
B Small Small cars 30
C Lower Medium Medium cars 70
D Upper Medium Large cars 74
E Luxury Executive cars 71
F Luxury Luxury cars 86
S - Sport coupes 101
J SUV Sport utility cars 74
M MPV Multi purpose cars 66

TABLE 5.2: Passenger car classification and average battery energy
per segment.

5.3.3 State of Charge (SoC) Simulation

A second pre-processing phase consists of calculating the state of charge SoC,[k] €
[0,1] (or SoC% when expressed in percent) for non-electric vehicles mapped to BEVs
and, when available, refining electric vehicles” SoC from their trajectories. Two closely
related sets of assumptions are used in our case studies:

i) Common elements

¢ Initialization: maximum charge at the start of the simulation or of each day:
SoCy = 1 (i.e., 100%).

¢ Safety reserve: a minimum state of charge must be maintained to cover the
remaining part of the travel chain. We denote this reserve by SoCmin € [0,1]
and enforce SoC,[k| > SoCpin at all times.

* Driving discharge: energy used in interval k is E{"e[k] = c,d,[k], where
dy[k] is the distance traveled and ¢, is the segment-specific consumption. A
representative value used in our experiments is ¢, = 0.2 kWh/km. The SoC
decrement is ASoCdVe[k] = Edrive[k] / BC,.

¢ Availability condition: a vehicle is considered available to supply energy to
the grid when it is stopped inside Hub" and SoCy[k| > S0Cpin.
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ii) VED setting
e Reserve: S0Cpin = 0.50 (50%).

* When stopped and connected: daytime DC fast charging power p§2§ =50kW
(07:00-19:00), nighttime slow charging PS8 = 6kW (19:00-07:00), charging

night
efficiency 7 = 0.90.

* V2G export: when providing grid services, a power rating PP = 50kW is as-
sumed. The SoC change over one Ty, interval accounts for charging /discharging
energy and efficiency and is saturated to [0, 1].

iii) Padua/Rome setting
e Reserve: S0Cpin = max(0.30, residual energy needed to complete the remaining trip chain).

* When stopped and connected: for simplification, conventional grid-to-vehicle
charging while connected is neglected.

* V2G export: a fixed export power PP = 22kW is used; SoC is decreased
accordingly over each Tjy,.

5.3.4 Space and Time Data Aggregation

The next step involves mapping trips and stops by spatially aggregating data to create
a subset for each candidate V2G hub and aggregating in time with the parametric
interval Ty, generating a time series that serves as the target for the dynamic predic-
tion model. The calculation of the AAC time series for a specific V2G hub leverages
the concept of the percentage state of charge SoC%, which can be determined as an
indirect measure of both distance traveled and V2G stop intervals.

We denote by

A"kl = {v : v parked within radius r of Hub during interval k, SoCy[k] > SoCmm}

the set of available vehicles in interval k. For each vehicle v € A’[k], the available
capacity in one half-hour is

ACy"[k] = max(SoCy[k — 1] — S0Cmin, 0) - BCo. (5.1)
The aggregated available capacity (AAC) over the hub catchment is then

AACH K] = Y. ACJ™[K]. (5.2)

ve A7[k]
Equations (5.1)-(5.2) yield the half-hourly target time series AACE‘ﬁb, [k], which is
fed into the predictive model identification.

5.4 VED Dataset: HDMDc vs. LSTM

The proposed prediction model framework consists of several parts, as shown in
Figure 5.1. The two blocks on the left refer to the data collection and pre-processing
for the vehicle dataset and the extraction of the exogenous inputs. The first block
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comprises the acquisition of the FCD data and its description in terms of origin—
destination (OD) with the aim of extracting the trips and stops and thus determining
the state of charge (S0C%) for each individual vehicle. A spatio-temporal aggregation
is then performed to obtain the AAC time series, which is used as the target variable
for the prediction models. In particular, the spatial aggregation was performed in
a geographical area within a radius r from the selected hub, while the temporal
aggregation was performed in half-hour (Tj;) intervals to match the time scale of
the intraday energy market as in most literature examples Graham and Teng, 2023;
Napoli et al., 2024; Shipman et al., 2021a; Shipman et al., 2021b. The second block is
dedicated to extracting exogenous inputs, aiming to obtain continuous time series
with hh sampling time. This includes fuzzy data for national holidays and weekends
as well as meteorological data on precipitation, temperature, and wind speed. The
core block consists of predictive models based on HDMDc and LSTM, enabling rolling
predictions with different time horizons. A summary of the main variables involved
is provided in Table 5.3.
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FIGURE 5.1: AAC prediction model framework (VED dataset).
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TABLE 5.3: Predictive model framework variables (VED dataset).

Variable Description Units

uy1 Fuzzy holiday rate Calendar exogenous in- -
put

uy Precipitation Meteorological input mm

uz Temperature Meteorological input °C

ug Wind speed Meteorological input km/h

Hub V2G infrastructure (hub) -

r Hub catchment radius km

SoC State of charge %

S50Cmin Minimum state of charge %
constraint

ACH" Vehicle available capacity kWh
over Thh

Hub’ Area within radius r from -
Hub

Xp = AACE%, [k] Target AAC time series kWh
(per Eq. 5.2)

5.4.1 Dataset Description

The data collection and pre-processing is here described fo vehicle tracking FCD
data in the domains of traffic analysis, logistics, and mobility; weather data available
both as historical archives and forecasts; and well-known data such as calendar
information and holidays. These data have undergone pre-processing to create a
standardized format suitable for applying the algorithms under evaluation.

i) Vehicle Dataset

The vehicle energy dataset (VED) (Oh, Leblanc, and Peng, 2022) is an open-access
dataset of fuel- and energy-related information collected from 383 individual vehicles
in Ann Arbor, MI, USA. It includes GPS records of vehicle routes and time-series
data on fuel consumption, energy consumption, speed, and auxiliary energy use.
The dataset covers a wide range of vehicles: 264 internal combustion engines (ICEs),
92 hybrid electric vehicles (HEVs), and 27 plug-in hybrid electric vehicles/electric
vehicles (PHEV /EVs), operating in real-world conditions for one year from November
2017 to November 2018. Specifically, the following dynamic features can be selected:
date, vehicle identifier, trip identifier, duration, latitude, and longitude. In addition,
the HV battery SoC% is provided for the PHEVs and EVs. In order to create a
benchmark dataset and considering the future projection for the EVs market, an
assumption was made: the ICEs and HEVs were assumed to be EVs contributing to
the V2G logic. For simplicity, they were assumed to be EVs of the same make and
model (Nissan Leaf with a 40 kWh battery capacity). SoC for ICEs and HEVs was
calculated as an indirect measure of distance traveled and charging stop intervals as
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described in Section 5.3.3. We adopt the conventions of Section 5.3: Ty;, = 30 min,

T
X = AACT

Latitude

Latitude

[k] (Eq.5.2), and ACJ" as in Eq.5.1.

Figure 5.2 shows the density of stops during different daily intervals (0-6 AM,
6 AM-12 AM, 12 AM-6 PM, and 6 PM-12 PM) and integrated over the entire data
time interval. The color scale represents the duration of the stops in hours, assuming
a minimum stop duration of 30 min. A candidate point of interest was selected and
here referred to as Hub;, thanks to the high vehicle stop density and the location in
the city center and university area, as shown in Figure 5.3.
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FIGURE 5.3: Selection of the aggregation hub in the Ann Arbor Area:
satellite view of Hub; area in the city center and university zone (VED
dataset).

ii) Meteorological Dataset

The meteorological data can be extracted from the MeteoStat database using the
Python API (Meteo Stat Phyton API n.d.) based on the GPS coordinates of the geo-
graphical area under study. The information on precipitation in mm, temperature
in °C, and wind speed in km/h can be extracted on an hourly basis for the period
under investigation. The pre-processing of the meteorological information involved
the imputing of the missing data, which were replaced with the average of the signal
in the same week, and the resampling to the hh sampling interval.

iii) National Holidays Dataset

State office closings for state holidays are considered additional information to be
integrated into the input dataset. They are regulated by the Michigan Department of
Civil Service Regulation 5a.08. Public Act 124 of 1865 is the Michigan law governing
official state holidays (Ann Arbour School Breaks n.d.; Michigan ORS Non-Business
Days n.d.). Non-business days, as in Table 5.4, were considered in conjunction with
weekend information to obtain a comprehensive holiday rate to be incorporated
into the model.
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TABLE 5.4: Office of Retirement Services (ORS) non-business days

(VED dataset).
Non-Business Day Date
Weekends Saturdays and Sundays
Thanksgiving Day 23 November 2017
Day after Thanksgiving 24 November 2017
Christmas (Eve and Day) 24-25 December 2017
New Year (Eve and Day) 31 December 2017-1 January 2018
Martin Luther King, Jr. Day 15 January 2018
President’s Day 19 February 2018
Memorial Day 28 May 2018
Juneteenth 19 June 2018
Independence Day 4 July 2018
Labor Day 3 September 2018
Columbus Day 8 October 2018
Veterans Day 12 November 2018

A fuzzy model is applied in order to obtain a unified holiday rate resulting from
the fuzzification of national holidays and weekend information for each day of the
year (Napoli et al., 2024).

The information about holidays and weekends is represented by a discontinuous
time series, which is not suitable for the identification of dynamic models. The
goal of fuzzifying such inputs is to obtain a continuous time series, with hh time
interval, that contains both weekend and holiday information. Fuzzy membership
functions were developed to account for the effects that weekends and holidays might
have on drivers” habits on the days before and after these periods. The weekend
and holiday membership functions, shown graphically in Figure 5.4a,b, respectively,
were applied to the time series of calendar dates. When the weekend membership
function is applied to a calendar day, it outputs a degree of truth, ranging from 0 to 1,
indicating the likelihood of the day being a weekend. Similarly, applying the holiday
membership function to a calendar day results in a continuous value between 0 and
1, representing the degree of truth for the day being a holiday. To create a single
continuous dynamic feature that integrates both weekend and holiday information,
the maximum value of these membership functions was taken.
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FIGURE 5.4: Membership function for the fuzzification of the holi-
day rate: (a) weekend membership; (b) national holiday membership
functions (VED dataset).

5.4.2 Methods: HDMDc and LSTM Models

HDMDc is classified as a knowledge-driven grey model: grounded in the state-space
representation (physics-inspired structure) but with parameters fitted from data. The
LSTM model represents a data-driven grey approach when equipped with interpretabil-
ity constraints or post-hoc explanation tools.

Considering the prediction steps k,, the multi-step-ahead prediction is performed
by iterating the one-step-ahead prediction k, times in a closed loop. This involves
using the previously predicted value as an autoregressive term and feeding the inputs
from the previous step into the model at each iteration, as shown in Equation (5.3),
since the meteorological forecast and calendrical information are considered available
within this time interval. During each iteration, any negative predicted values are



Chapter 5. Vehicle-to-Grid Availability Prediction: From Data-Driven Grey

78 State-Space to Explainable Al

replaced with zero and then fed into the model for the subsequent iteration.

karkp = f(fk, fk+11 ct ,fk+kp,1, U, uk+1/ e lukJrkp*l)/ (53)

where f is a general representation of the relationship between the rolling prediction
at time k-step-ahead and the previously predicted samples and the previous samples
of the exogenous inputs.

i) HDMDc

The one-step-ahead predicted discrete time-series based on the Hankel transformation
of the original time series (i.e., JZ}? and ukH ) and based on the identified matrices as
defined in Section 4.2.3, and these are represented as in Equation (5.4):

fIIc_I-i-l = AHfllj + BHM,IC_I, (5.4)
with x{j = l:lrff . The original time series xj is then extracted from x,{{ considering
only the rows with index i =n - g+ 1 wheren = 0,1, .., (n, — 1).

ii) LSTM

The one-step-ahead time-series based on the LSTM transformation is based on a
optimized structure of the network and can be represented in Equation (5.5) as

Xky1 = frsTm (X, Uk), (5.5)

with frsTam being the simplified nonlinear representation of the input-output relation-
ship in LSTM.

5.4.3 Results and Discussion

In this section, we first describe the models’ learning procedures, detailing the identi-
fication and prediction processes, and outlining the test cases. These test cases are
subsequently elaborated upon in the results subsections for both HDMDc and LSTM.

i) Learning Procedure

The data were divided into training (50%), validation (25%), and test data (25%).
Specifically, in order to avoid seasonal bias and unbalanced datasets, the first two
weeks per month were selected as training, then the following two weeks were
divided, one for validation and one as test data. Such a choice ensures that all
seasons, weekends, and national holidays are included in both the training and test
phases, providing a thorough representation of diverse meteorological conditions and
capturing these temporal variations across all datasets. As described in Section 5.3, the
exogenous inputs are the fuzzified holiday rate and the meteorological information
(precipitation, temperature, and wind speed). Figure 5.5 shows such inputs for
two selected weeks: (a) from Wednesday, 3rd October to Tuesday, 10th October
2018 from the training dataset and (b) from 17 to 24 January 2018 from the test
dataset. The time series AACy,;r refers to the selected Hub; with a radius r = 1,
as in Section i) in Figure 5.3. It is provided as target and autoregressive term in the
model identification process. In particular, the training and validation sessions were
performed for one-step-ahead prediction, i.e., at each time step in the input sequences,
the models learn to predict the value of the subsequent time step.
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Parameters choice, training, and test cases are here discussed for the two different
predictive methods, HDMDc and LSTM, in Sections 5.4.3-ii) and iii), respectively.
Both models’ performances in the training and test dataset are shown for different
prediction steps (1 h (k, = 2),2h (k, = 4),3h (k, = 6),4 h (k, = 8)) and compared
in terms of KPIs, i.e., mean square error (MAE), root mean square error (RMSE) and
correlation coefficient (R), predicted time series and, specifically for the HDMDc, also
regression plots.
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FIGURE 5.5: Exogenous inputs: left y-axis-holiday rate (blue); right
y-axis—precipitation in mm (red), temperature in °C (green), and wind
speed in km/h (magenta). (a) Selection of a training set week - Wednes-
day 3 to Tuesday 10 October 2018. (b) Selection of a test set week -
Wednesday 17 to Tuesday 24 January 2018 (VED dataset).

ii)) HDMDc

As a first step, the state and input variables have been extended by adding a series of
delay coordinates to the state and inputs as described in Section 4.2.3. These delays,
g and q,, as in the Equations (4.6) and (4.7), were both chosen to be equal to each
other (Patane, Sapuppo, and Xibilia, 2024), with a value of 48 corresponding to 24
h. This choice was made based on considerations of the daily periodicity of the data
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for both the state and the inputs. The system order 1, therefore increased from 1,
given by the single state variable AAC, to gn, = 48, as in Equation (4.17). The
number of exogenous inputs increased from n, = 4 to q,n, = 192. As a second
step, once the model structure was determined, the HDMDc model was identified
using the training dataset, and the state-space model matrices were obtained as in
the Equations (4.2.3) and (4.2.3). Rolling k,-step-ahead prediction of the AAC signal
was therefore performed by iterating Equation (5.4) for both the training and test
datasets. The chosen set of prediction steps was k, = 2,4, 6,8, corresponding to 1, 2,
3,and 4 h.

The key performance indicators are listed in Table 5.5 for both the training and test
datasets. HDMDc performs well on both datasets for predictions up to 4 hours. For
long prediction horizons, the HDMDc shows some limitations: It underestimates the
target AAC but maintains a good correlation (>0.859) to the target. This observation,
which can be derived from the macroscopic key performance indicators, is confirmed
by the comparison between the predicted AAC time series and the experimental
target value, as shown in Figure 5.6 for two selected weekly examples: (a) the training
dataset and (b) the test datasets. The rising/falling slopes and peak shapes are also
maintained for long prediction horizons, albeit on a lower scale. The same content,
extended to the entire test dataset, is visible in the regression plots in Figure 5.7¢,d,
where the scatter is closely related to the regression line, even if underestimated.
This could not be a critical issue from the energy provider’s perspective, since the
primary interest is predicting the minimum AAC to sell to the energy market to avoid
penalties.

These detailed observations provide valuable insights: the training dataset is
well-designed, covering multiple system behaviors and indicating that the exogenous
input features are relevant for predicting AAC (Napoli et al., 2024). The HDMDc
effectively captures the global dynamics of the system without overfitting, consistent
with Koopman theory. This theory allows for identifying a global model that operates
properly across multiple system operating points, highlighting the advantage of the
data-driven linear state-space model over nonlinear black-box models, as described
in Section 5.2. These characteristics make the integration of exogenous input data
sources and HDMDc a reliable candidate for automated prediction processes, sup-
porting decision-making for energy providers and managing multiple energy sources
in smart grids.

TABLE 5.5: HDMDc performances in the Training and Test Dataset
(VED dataset).

Train Test
Prediction MAE RMSE R MAE RMSE R
1h 0.75 1.14 0.995 0.82 1.24 0.995
2h 1.78 2.65 0.971 1.89 2.86 0.972
3h 2.55 3.79 0.929 2.69 4.07 0.934

4h 3.27 4.82 0.859 3.47 520 0.869
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time horizons of the test dataset:
(@) 1h,(b)2h, (c) 3h, and (d) 4 h (VED dataset).

iii) LSTM

In a first step, model optimization to determine the hyperparameters was performed
utilizing a Bayesian algorithm using the training and validation datasets. The opti-
mization was based on the minimization of the correlation coefficient (R) as a metric.

The hyperparameter ranges were set to

¢ the LSTM depth between 1 and 3

¢ the number of hidden units between 50 and 350

¢ the dropout probability between 0.1 and 0.7

¢ initial learn rate between 0.01 and 0.1

The hyperparameters optimized in terms of R for the validation datasets were
found to be 1 LSTM layers, 176 hidden units per layer, a 0.56 dropout layer, and a

0.034 initial learn rate.
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In a second step, after the model structure was determined and identified by the
optimization procedure, the LSTM model was used to reconstruct the AAC signal for
the k,-step-ahead prediction by closed loop iteration for both the training and test
datasets. As mentioned above, the negative values of the prediction were replaced by
zero and used as an autoregressive sample for the subsequent prediction step.

Finally, the performance of LSTM prediction over the different selected time
horizons was evaluated and compared. The key performance indicators are listed in
Table 5.6 for the training and test datasets.The LSTM model performs acceptably on
the training datasets for predictions up to 2 h and maintains a correlation of R = 0.852.
However, its performance deteriorates rapidly for longer prediction horizons. In
the test dataset, the model fails to achieve satisfactory performance and shows a
poor correlation coefficient (R = 0.647) for a prediction horizon of 1 hour, with a
rapid decline for longer horizons. This observation derived from the macroscopic
KPI is confirmed by the comparison between the predicted AAC time series and
the experimental target values. Figure 5.8 show the predicted timeseries for two
selected weekly examples: (a) the training dataset and (b) the test dataset. Among the
nonlinear black-box models, the LSTM shows capability in managing integrated data
sources and provides good performance for short-term predictions, as the authors
have shown in a previous work (Napoli et al., 2024), but as a limitation, it loses
accuracy for longer predictions.

TABLE 5.6: LSTM (1 layers, 176 hidden units, 0.56 dropout layer,
0.034 initial learn rate) performances on the training and test dataset

(VED dataset).
Train Test
Prediction MAE RMSE R MAE RMSE R
1h 2.28 4.28 0.852 3.67 6.53 0.647
2h 3.21 4.93 0.80 4.63 7.29 0.54
3h 4.20 5.79 0.739 5.68 8.06 0.456

4h 5.10 6.65 0.677 6.57 8.78 0.385
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FIGURE 5.8: LSTM time series prediction with different time hori-

zons: 1 h, 2 h, 3h, and 4 h. (a) Selection of a training set week

(Wednesday 3 to Tuesday 10 October 2018). (b) Selection of a test set
week (Wednesday 17 to Tuesday 24 January 2018) (VED dataset).

5.5 Padua Dataset: ARX/FIR/NARX and Transferability

5.5.1 Dataset Description

The available vehicle dataset includes static data on vehicle categories and dynamic
data including the geographical coordinates of vehicle routes. Basic vehicle infor-
mation, including vehicle class, brand, registration year, type, fuel type and gross
weight is included in the information form for each vehicle considered in the sample
and used for virtual electrification of the vehicles. The vehicle identifier, date (the
date on which the record was recorded), timestamp (the time at which the record
was recorded), coordinates (the geographical location: longitude and latitude), in-
stantaneous speed, road type (urban, extra-urban, highway) and directional angle are
included in the daily trip logs, which contain all trips made by the sampled vehicle
in chronological order. However, the dataset does not include information on the
purpose of the registered trips (e.g., work or study) or the type of activity the vehicle
was engaged in.
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The zoning process aligns with the study area data, identifying potential locations
for V2G service implementation, such as parking lots near cinemas, retail centers,
and workplaces.

An additional dataset comprising traffic flow information, i.e. specifically vehicle
counts, is integrated to capture traffic dynamics on motorways and main roads near
the designated V2G hub zones. This data provides insights into traffic density and
movement patterns, enhancing the analysis by reflecting real-time conditions in
areas proximate to potential V2G hubs. The level of the vehicle flows as well as
the expansion to the universe of investigation can exploit the information coming
from the traffic counts, i.e., counts of users (vehicle) flows, on some elements (links -
roads) of the transportation supply system (network). Such info can be easy to obtain,
often automatically through sensors or cameras located in designed road sections.
In particular, count locations should be designed with respect to their information
content and their use, e.g. origin-destination demand estimation.

The extraction and pre-processing structure as described in Section 5.3 are applied
to extract the AAC and the traffic data on the different aggregation points for the
whole observation period. Considering the large dataset needed by Al approaches,
a data augmentation procedure has been finally applied, consisting of increasing
the available data by adding uniform noise with a maximum amplitude of 10%,
increasing the amount of available data tenfold.

i) Vehicle Dataset

The methodology for estimating the potential energy that can be fed into the electrical
grid was applied to Padua, a city in the Veneto region (northern Italy), the third
largest region in Italy where EVs are registered. The city of Padua and thirteen smaller
neighbouring municipalities form the study area. The total population is around
370,000 inhabitants, mainly concentrated in the centre of Padua, where the residential
density is over 58 inhabitants per hectare. Furthermore, the study area has a total of
less than 7,000 stores with about 24,000 retail employees, mainly located in the historic
city centre and in the small town of Abano Terme. There are about 5,000 warehouses
with about 18,000 employees, mainly located west of the city centre, close to the
border with Noventa Padovana, where a large warehouse centre is located. Finally,
the study area was divided into 56 different zones (Figure 5.9(a)) taking into account
the characteristics of land use (e.g. inhabitants, employees, stores) and emphasising
the homogeneity of functions (e.g. residential area, shopping area, industrial area).
Based on the identified zones and the driving patterns resulting from the analysis
of the studied vehicles (i.e. using FCD), some points of interest for the location of
the stations for V2G services could be identified. 45 possible points of interest were
identified, including shopping malls, hospitals, train stations, universities, large
parking lots in high traffic areas (e.g. city centre), cinemas, stadiums and some
supermarkets. It was also checked whether these were areas of high attraction by
comparing them with the aggregated points related to the destinations of the trips
recorded in the study area on the days studied. Of these 45 points, 2 more relevant
locations were selected to which the final energy assessment study was applied.
These are a peripheral area with medium traffic volume and medium stops (i.e. zone
56) and an area with high traffic volume and medium-short stops (i.e. zone 24).

The available dataset consists of observations collected over five working days
during the autumn period (October-November 2018) on selected weekdays:

¢ Dayl: Monday 15/10/2018
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¢ Day2: Monday 22/10/2018

¢ Day3: Wednesday 07/11/2018
¢ Day4: Thursday 15/10/2018

* Dayb5: Friday 23/11/2018

The selected working days were analyzed for variability in meteorological conditions,
and no significant differences were found, as all days had favorable weather according
to historical databases. Consequently, no further investigation into the impact of
weather, weekends or holidays (Napoli et al., 2024; Patane et al., 2024b) on the
predictive models was conducted. The case study has been developed for testing the
proposed methodology in terms of both using easy-to-obtain data that describe well
the traffic conditions and outcomes provided. The used data refer to 2018 given that a
large dataset was available covering 5 full working days of a large sample of vehicle
that during these days of surveys drove in a road of the study area. For such days of
survey, several traffic counts within and outside the study area were available. These
data allowed to validate the flows estimated. Besides, the goodness and robustness
of these data was the objective of further studies which pointed out the robustness
of traffic forecast. See for example, (Comi et al., 2021). Therefore, to use such data
allowed to really test our proposed methodology to well representative case study.

After a comprehensive data-cleaning process, which involved discarding records
with incomplete entries, the dataset was analyzed to investigate trip patterns and
durations. In total, 29,158 vehicles were examined, resulting in approximately 70,000
recorded trip chains over the course of the five-day observation period. In the land-
use analysis, zoning is performed using data from the study area to identify optimal
locations for implementing V2G services. Figure 5.9(b) provides an initial analysis
of mobility data from the Veneto region, illustrating the distribution of vehicle stops
within the study area for a sample day. This visualization enables the identification of
zones and potential hubs suitable for V2G services. Figure 5.9(b) shows the location
of two traffic detectors monitoring traffic flow toward the identified zones, further
supporting hub placement decisions. The vehicles parked refer mainly to systematic
travels and the methodology refers to a planning horizon as well as to not only a
specific parking lots, but to parking zone. Then, according to specific traffic situations,
the users could not reach the specific locations but the area should remain the same
given that it is assumed that the traffic jam can push drivers to change their path but
not their destination and mode for traveling.

ii) Traffic Dataset

A large sample of automated traffic counts was available in the Veneto region, com-
prising traffic counts on several motorways and main roads. This dataset enabled the
characterization of traffic flows in terms of vehicle counts over five days correspond-
ing to the mobility data sample days. To reconstruct the road network flows and to
identify the sampling rate in the study area, it was necessary to acquire a series of
information relating to traffic counts on the ANAS and motorway networks (CAV
operators, Autovie Venete, Autostrade per 1'Italia). Furthermore, in five road sections
among those of the ANAS network, manual counts were also carried out, confirming
the reliability of the data from the automatic ANAS surveys. From the analysis of
the hourly data on the ANAS network, classified by vehicle type, the average hourly
profiles for cars and commercial vehicles were identified. It has been revealed that
on average, in all the surveyed sections, the hourly profiles are similar, showing two
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peak time slots (a morning one between 6:00 and 8:00 and an afternoon one between
16:00 and 18:00). Between 8:00 and 16:00, the flow of cars remains almost constant,
settling between 4% and 7% of the total daily value measured in correspondence
with the surveyed section. A given similarity between the hourly distribution of
cars and light commercial vehicles (less than 3.5 t p.t.t.) has been identified. From
the analysis of the temporal profile of the equivalent flow, it was possible to identify
the 7:00 — 8:00 time slot as the morning peak with an average equivalent flow of
1,252 vehicles/hour (i.e. 7.2% of the average daily flow passing through the relevant
sections) and the 17:00 — 18:00 time slot as the afternoon peak with an equivalent flow
of 1,301 vehicles/hour (i.e. 7.5% of the average daily traffic in the relevant sections).

5.5.2 Methods: ARX, FIR, NARX and Transferability
The Padua dataset focuses on identifying linear and nonlinear structures:

¢ ARX and FIR models are data-driven grey depending on parametrization.

¢ Nonlinear NARX models often approach data-driven grey when interpretability
measures are included.

¢ Transferability analysis examines how model parameters generalize across
different scenarios.

In this chapter, we compare the performance and the transferability of different
classes of models implemented with state-of-the-art methodologies. Both linear and
nonlinear data-driven models have been considered: ARX models, external dynamics
nonlinear models implemented with MLP and internal dynamics nonlinear models
implemented with LSTM networks.

The ARX model is given by:
AAC(t) = Y ap- AAC(t—k)+ ) _ b - T(t —k) (5.6)
k=1 k=1

where AAC(t — k) fork =1, - -, n are the past samples of the output variable, T is
the input vector, a5 and by are the model coefficients identified using the least square
method through the experimental dataset, n (model order) and m (number of input
regressors) have been determined using optimization criteria. The described model
is designed to perform one-step-ahead prediction. The prediction over a longer time
horizon is obtained by iterating Eq. 5.6, using estimated values of the output.

In the nonlinear ARX model implemented through MLP the following relation is
considered:

AAC(t) = f(AAC(t—1),AAC(t—2),--- ,AAC(t—n), T(t—1),T(t—2),--- ,T(t—m))
5.7)
where f is a nonlinear function implemented by the MLP through multiple hidden
layers constituted by neurons with a nonlinear activation function. The n and m
parameters were selected equal to the ones identified for the ARX model. The
hyperparameters to be optimized are the number of fully connected layers, the layer
size and the activation function.
An LSTM network belongs to the recurrent neural network class that processes
input data by iterating over time steps and updating the internal state that retains
information from the previous time steps. A sequence-to-sequence LSTM neural
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network can predict future values in a time series or sequence based on preceding
time steps as input (Van Houdt, Mosquera, and Napoles, 2020). An LSTM architecture
consists of a sequence input layer, with size depending on the number of input data
features, LSTM hidden layers with ReLU activation and dropout implementation to
avoid overfitting, a fully connected layer and a regression layer. The hyperparameters
to be optimized are the number of LSTM layers and units, and the dropout probability.

The different models were compared in terms of key performance indicators as
the root mean squared error (RMSE) and the coefficient of determination (R?) (Chicco,
Warrens, and Jurman, 2021) as defined in Section 2.5.

5.5.3 Results and Discussion

In this section, the results for the one-step- and the three-step-ahead prediction
of AAC are presented. The linear ARX model, the nonlinear external dynamic
neural model implemented with MLP and the nonlinear internal dynamic model
implemented with LSTM are compared. In the first step, a preliminary analysis was
performed to select the relevant model inputs.

For this purpose, four different configurations of model inputs were compared:

Model A: pure autoregressive model;

Model B: autoregressive model with the daytime (D) as exogenous input;

Model C: autoregressive model with traffic (Tr) as exogenous input;

Model D: autoregressive model with D and Tr as exogenous inputs.

The Akaike’s Information Criterion (AIC) was used to select the optimal model order
and finite delay in a grid search procedure.

Due to the data scarcity besides the data augmentation procedure mentioned
in Section 5.5.1, to improve the statistical significance of the reported analysis, a
k-fold cross-validation procedure was considered. In particular, the five days of data
available were split into four (training and validation) and one (testing) following a
5-fold cross-validation method. The results obtained are shown in Fig. 5.10, where
the four input configurations are compared when the one-step- and three-step-ahead
predictions are considered. The figure refers to the ARX models trained and tested
on hub 24. Each ellipse shows the distribution of the performance indices used for
the test dataset: the RMSE and the R

The center of each ellipse corresponds to the mean value over the 5-fold cross-
validation, while the dimensions of the axes correspond to the obtained standard
deviation.

It can be seen from the figure that the best performance is achieved when traffic is
included as an input variable (Model C) while adding the daytime to the input vector
is not relevant. Specifically, for the one-step-ahead prediction (Fig, 5.10 (a)), the R?
index improves from about 0.92 to 0.94 and the RMSE decreases from 127 to 90. An
even more significant improvement results for the three-step-ahead prediction (Fig,
5.10 (b)): in this case, from Model A to Model C, the R? increases from 0.43 to 0.88,
while the RMSE decreases from 373 to 163.

The time evolution of the output variable for the ARX models is shown in Fig.
5.11 for both the one-step- and the three-step-ahead prediction. It can be observed
that models that include traffic as an input maintain their performance when a three-
step-ahead prediction is calculated. This does not apply to models that contain only
past output values.
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FIGURE 5.10: Comparison between different ARX models trained
and tested on Hub 24 for (a) one-step-ahead prediction and (b) three-
step-ahead prediction. The ellipses represent the performance of the
ARX model identified with different exogenous inputs: the blue ellipse
corresponds to the model based solely on autoregressive input; the
orange dashed ellipse includes daytime as an exogenous input; the
black solid-line ellipse incorporates traffic as an exogenous input; and
the red dotted-line ellipse combines traffic and daytime as exogenous
inputs. Each ellipse represents the distribution of performance indices,
RMSE and R?, for the test dataset obtained through a 5-fold cross-
validation procedure. The center of each ellipse corresponds to the
mean value over the 5-fold cross-validation, while the dimensions of
the axes denote the standard deviation, providing insights into the
statistical robustness of the models (Padua dataset).
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FIGURE 5.11: Time evolution related to a complete day used to
test the different ARX models trained and tested on the Hub 24: (a)
one-step-ahead prediction and (b) three-step-ahead prediction. The
solid blue line represents the predicted AAC based solely on autore-
gressive input. The orange dashed line corresponds to the predictions
incorporating daytime as an exogenous input. The green line shows
the model predictions using traffic data as an exogenous input, while
the red dash-dotted line represents predictions combining both traffic
and daytime as exogenous inputs. The black dashed line indicates the
actual AAC values observed, providing a benchmark for evaluating
the model’s performance (Padua dataset).
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FIGURE 5.12: Comparison between ARX (blue), MLP (green) and
LSTM (red) models trained and tested on the hub 24: (a) one-step-
ahead prediction and (b) three-step-ahead prediction. Each ellipse
represents the distribution of performance indices, RMSE and R?, for
the test dataset obtained through a 5-fold cross-validation procedure.
The center of each ellipse corresponds to the mean value over the
5-fold cross-validation, while the dimensions of the axes denote the
standard deviation, providing insights into the statistical robustness
of the models (Padua dataset).
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One-step-ahead prediction Three-step-ahead prediction
Training Test Test
RMSE R? RMSE R? RMSE R?
no input 126.484+9.63 | 0.924+0.02 | 127.61+10.12 | 0.924+0.02 | 373.904+40.51 0.43£0.06
daytime 125.524+9.50 | 0.92+0.02 | 126.59+£9.94 | 0.9240.02 | 366.22+38.79 0.41£0.07
traffic 112.53+10.71 | 0.944+0.02 | 90.85+3.55 | 0.96+0.01 | 166.38+19.68 | 0.88+0.03
traffic & daytime | 113.11£10.57 | 0.93£0.001 | 90.924+3.58 | 0.964+0.01 | 166.5+20.0 0.8840.03

TABLE 5.7: Performance analysis of the different ARX models for
the hub 24. The mean and standard deviation obtained during the
5-fold procedure are reported for the training and test data (Padua

dataset).
One-step-ahead prediction Three-step-ahead prediction
Training Test Test
RMSE R? RMSE R? RMSE R?

ARX | 112.53+10.71 | 0.94£0.02 | 90.85+3.55 0.96+0.01 | 166.38+19.68 | 0.88+0.03
MLP 47.64+4.15 | 0.99+0.002 | 82.77+11.74 | 0.97 £ 0.01 | 119.91 £ 26.62 | 0.94+ 0.02
LSTM | 79.62 + 10.15 | 0.98+ 0.01 | 112.64 £ 31.25 | 0.96 = 0.01 | 131.58 £31.29 | 0.95 + 0.02

TABLE 5.8: Performance analysis of the linear and nonlinear models

including the traffic as input, for the hub 24. The mean and standard

deviation obtained during the k-fold procedure are reported for the

training and test data both in the case of one-step- and three-step-
ahead prediction (Padua dataset).

Table 5.7 shows the performance of the best model for each input configuration.
A statistical analysis was performed on the five different folds considered for hub 24.

The same comparison was also carried out with nonlinear models. In the case of
both MLP and LSTM, the optimal choice of parameters involves traffic among the
inputs. The same regressor structure used for the ARX model was also considered
for the MLP model. The MLP hyperparameters consist of the number of hidden
layers, the neurons per layer and the activation function. A grid search optimization
procedure was applied, resulting in the following configuration: three hidden layers
with ten neurons each using the ReLU activation function. Optimization of the
hyperparameters of the LSTM network resulted in a structure consisting of three
layers with five neurons each.

From Tables 5.8 and Fig. 5.12, it can be seen that the MLP shows the best perfor-
mance in terms of both RMSE and R? for one-step-ahead prediction. The ARX shows
a lower variance in terms of RMSE compared to the other methods. The LSTM shows
performance similar to the MLP. The results for the three-step-ahead prediction (Fig.
5.12 (b)) show a significant drop in performance for the ARX, while the nonlinear
models work consistently and show again similar performance. A value of R?=0.94
and R?=0.95 is obtained for MLP and LSTM, respectively, while R?=0.88 is achieved
for the ARX model.

Time evolution comparison over one day, which is part of the test set, for the linear
and nonlinear models under analysis is reported in Fig. 5.13 where both one-step-
and three-step-ahead predictions are shown. The results confirm the superiority of
the MLP model, although the other models also provide suitable results, especially in
correspondence to the AAC peak.

Similar results were obtained for hub 56, as summarized in Table 5.9 for the
best-performing model that has traffic as input.
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FIGURE 5.13: Time evolution comparison on a test dataset: (a) one-
step-ahead prediction and (b) three-step-ahead prediction. The lines
in the figure correspond to different models and their predictions. The
blue solid line represents the predictions from the ARX model. The
green solid line corresponds to the predictions from the MLP model,
while the red solid line indicates the predictions from the LSTM model.
The black dash-dotted line represents the actual observed AAC values,
serving as a reference for evaluating the predictive performance of the
models (Padua dataset).
One-step-ahead prediction Three-step-ahead prediction
Training Test Test
RMSE R? RMSE R? RMSE R?
ARX | 64.08£7.30 | 0.88+0.02 | 61.46+9.74 0.89+0.02 | 98.58+11.89 0.72+0.04
MLP | 40.4546.36 | 0.95+0.01 | 55.0446.77 0.914+0.02 | 69.58+9.90 0.87+0.04
LSTM | 42.58 +-4.3 | 0.95+ 0.01 | 70.37 = 16.62 | 0.88 4= 0.04 | 73.77+ 15.08 0.874+0.04

TABLE 5.9: Performance analysis of the linear and nonlinear models

including the traffic as input, for the hub 56 (Padua dataset).
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i) Model transferability analysis

In this section, the transferability of the models obtained from one hub to another is
analyzed. Two different scenarios are considered. In the first scenario, it is assumed
that no data is available for the target domain. This means that the models derived for
the source zone are simulated directly with the inputs of the target zone to calculate
the predictions. In the second scenario, it is assumed that only a limited amount
of data is available from the target area. In this case, the model trained based on
the source data is fine-tuned using only one day of data collected in the target area
(20% of available data). In the case of MLP and LSTM, this means a few training
epochs with the new dataset. In the case of the ARX model, a scaling of the target
domain dataset is performed to match it to the source domain dataset. The models
obtained from hub 24 were simulated with the input data from hub 56 and vice versa,
to implement the first scenario. The results are shown in Tab. 5.10.

The performance of the models obtained for hub 24 and transferred to hub 56 is
not satisfactory. For example, the R? value of the ARX model decreases from 0.88
(see Tab. 5.9) to 0.67 for one-step-ahead prediction and from 0.72 (see Tab. 5.8) to 0.04
for three-step-ahead prediction, making the model unsuitable. Better results were
obtained by transferring the model from hub 56 to 24. In this case, the ARX model
decreased from 0.94 to 0.87 for the one-step-ahead prediction and from 0.88 to 0.55
for the three-step-ahead prediction. The performance degradation indices ARMSE
and AR? are also included in the table. It should be noted that, in some cases, the R?
is negative, so in these cases, the chosen model fits worse than using the mean value
as an estimator. Similar results are obtained for the other models. It can be concluded
that none of the models achieves an adequate level of performance using the direct
transfer method considered in the first scenario. The performance drop can be related
to some differences in cluster characteristics. The hubs analyzed are a peripheral area
with medium traffic volume and medium stops (zone 56) and an area with high traffic
volume and medium-short stops (zone 24). The different characteristics of the two
hubs are the main cause of the drop in performance when the models are transferred
directly from one hub to the other. This is overcome by using a fine-tuning strategy.

The results obtained for the second scenario are shown in Tab. 5.11. In this case,
the ARX shows better performance with respect to the first scenario, when both
the one-step-ahead and three-step-ahead prediction are considered (R?=0.69 and
R2=0.41, respectively). However, the results are still not satisfactory. The nonlinear
methods show, instead, quite good performance. Specifically, in the case of transfer
from hub 24 to 56, the MLP decreases from R?>=0.95 (see Tab. 5.9) to R?=0.80 for the
one-step-ahead prediction and from R?=0.95 (see Tab. 5.8) to R?=0.68 for the three-
step-ahead prediction. The LSTM decreases from R?=0.87 (see Tab, 5.9) to R?=0.81
for the one-step-ahead prediction and from R?=0.87 (see Tab. 5.8) to R?>=0.80 for the
three-step-ahead prediction, revealing to be the best method as regards transferability.
Even better results are obtained for the transfer from hub 56 to 24. The global analysis
of the model performance leads to the conclusion that the LSTM performs better than
the other approaches considered, as also shown by the time evolutions reported in
Figure 5.14.

Although the proposed analysis was only tested on two hubs, in the absence of
further experimental data, the transfer learning approach is a promising method for
handling the prediction of AAC in new hubs, reducing the need for data collection.
In the presence of multiple hubs, the ability to cluster the hubs, based on their
characteristics, can further improve the transfer procedure.
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FIGURE 5.14: Comparison between the time evolution of the ana-
lyzed predictive models for the test data when the transfer approaches
are adopted: direct transfer and fine-tuning from hub 24 to 56 for
the (a) one-step-ahead and (b) one-step-ahead prediction and, sim-
ilarly, from hub 56 to 24 (c) one-step-ahead and (d) one-step-ahead
prediction. The predictive models under transfer learning scenarios
are represented as follows: the ARX model (blue) with fine-tuning
(solid) and without fine-tuning (dotted); the MLP model (green) with
fine-tuning (solid) and without fine-tuning (dotted); and the LSTM
model (red) with fine-tuning (solid) and without fine-tuning (dotted).
The black dashed line indicates the actual AAC values, serving as a

reference (Padua dataset).
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One-step-ahead prediction Three-step-ahead prediction
RMSE R? ARMSE | AR? RMSE R? ARMSE | AR?
ARX | 11863 £9.38 | 0.67 £0.06 | -48% | -25% 299.43 £20.94 | 0.04+0.80 | -67% | -94%

Hubl;r:‘_‘jﬁib s | MLP | 15925 £2082 | 052007 | -66% | -43% | 317022878 | 0204009 | 78% | -77%
LSTM | 362.25 £34.51 <0 81% | <-100% | 385.39 + 26.198 <0 1% | <-100%

Transfer ARX | 14084 £ 1217 | 087 £0.07 | 35% | 9% 32770 £30.02 | 0.55 £0.13 | -49% | -38%
MLP | 238.87 £ 38.61 | 022 £0.64 | 65% | 77% | 419.03 % 69.70 <0 1% | <-100%

Hub 56 ->Hub 24

LSTM | 423.87 £51.51 | 0.20+0.15 | -75% | -79% 384.95 4+ 51.59 | 0.35 £0.03 -66% | -63%

TABLE 5.10: Performance analysis for the transfer of the model
derived for Hub 24 to Hub 56 and viceversa (Padua dataset).

One-step-ahead prediction Three-step-ahead prediction
RMSE R? ARMSE | AR? RMSE R? ARMSE | AR?
ARX 99.90 +£7.11 | 0.69£0.03 | -38% |-22% | 139.924+14.26 | 0.41£0.09 | -30% | -43%
MLP | 81,224+11.59 | 0.80+0.03 -32% | -12% | 105.13+£13.70 | 0.68+£0.06 | -34% | -22%
LSTM | 80,98+11.81 | 0.81+0.07 -14% -8% | 83.85£8.90 | 0.80£0.06 | -13% -8%
ARX | 156.43 +25.15 | 0.87 £0.07 -42% -9% | 239.26+33.72 | 0.58+0.13 | -43% | -34%
MLP | 116.33+14.11 | 0.93+0.02 -29% -4% | 148.95+37.86 | 0.88+£0.07 | -19% -6%
LSTM | 148.31+35.54 | 0.89+0.09 -28% -7% | 148.03+45.23 | 0.89+£0.09 | -12% -6%

Transfer
Hub 24 ->Hub 56

Transfer
Hub 56 ->Hub 24

TABLE 5.11: Performance analysis for the transfer with finetuning
of the model derived for Hub 24 to Hub 56 and viceversa (Padua
dataset).

5.6 Rome Dataset: XAl for Black-Box Models

5.6.1 Data Collection and Analysis

Data pre-processing integrates multiple sources, standardizes formats, and applies
cleaning, normalization, aggregation, and feature engineering for AAC prediction.

The data consist of information on car journeys performed by a sample of vehicles
driving within the Latium region (that is, at least one survey data within the region
on the day of the survey) from the first to the last trip made during the whole day.
The data have been analysed to identify travel patterns, thus obtaining indications
on the trips performed. The information form includes basic vehicle data for each
sampled vehicle, including vehicle class, brand, year, type, fuel type, and gross
weight. The vehicle identifier, date (the day the record is logged), timestamp (the time
the record is logged), coordinates (the geographic location: latitude and longitude),
instantaneous speed, type of road (urban, extra-urban, freeway), and direction angle
are all included in the daily car operation logs, which list all trips the surveyed vehicle
made in chronological order. There is no information available regarding the nature
of the activity performed or the trip purpose (e.g., work or study) of the surveyed
cars. A subset of 661 internal combustion engine vehicles, active under real-world
conditions during 2023 and circulating in a specific area of interest (EUR, Rome), was
analyzed. Vehicles were classified following established procedures (n.d.[b]) and
virtually electrified by assigning the determined values for battery pack energy and
energy consumption. This enabled the analysis of virtual Battery Electric Vehicles
(BEV) equivalents. The available database consists of 58 days spread over four time
intervals (February 15-28, May 31-June 15, July 12-25, and September 27-October 10)
capturing seasonal and calendar-related variations.

i) Metropolitan Area Zoning and Hubs Selection

An initial analysis of the mobility data was carried out by plotting the stops in the
selected time intervals on the global map to identify geographical points suitable
as V2G hubs. Figure 5.15 shows a preliminary analysis of the mobility data and the
density of stops. The classification of areas of interest was based on their primary
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functions or designated land use. The EUR zone in Rome was selected: it is primarily
designated as a business district and public office area, with commercial land use
being the predominant category.
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FIGURE 5.15: Rome V2G zone candidates: (a) entire metropolitan
area, (b) stops in the EUR zone in Rome.

ii) Trip Chain and Stops Extraction

The car trip detection phase identifies activity stops for each sampled vehicle based on
predefined guidelines, particularly for BEV equivalents. It extracts origin-destination
(O-D,) trips for resident and non-resident vehicles, including travel times, O-D loca-
tions, battery charge at stops, and subsequent trips. GPS coordinates and vehicle
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status (traveling or stopped) determine trip start and end points by detecting sig-
nificant position changes. A trip chain is defined as a sequence of trips where each
destination aligns with the next trip’s origin. This fine-grained FCD analysis enables
determining the battery levels and subsequent vehicle activities after each stop.

iii) V2G Activity and State of Charge (SoC) Simulation

Based on the virtual electrification of the fleet, SoC is estimated on distance traveled
and charging stops, assuming an initial 100% SoC and a minimum threshold SoCpn,
based on a constant (30%) or on the charge required to complete the trip chain
(Shipman et al., 2021a). Key parameters, provided by the virtual electrification
process, include energy consumption per kilometer, V2G discharge rates, charging
efficiency, and power export ratings, with DC fast charging during the day and slow
charging at night.

iv) Spatial and Temporal Aggregation

Data Trips and stops are mapped to generate a spatiotemporal dataset for V2G aggre-
gation, using a parametric Th interval to create time series for dynamic prediction.
The available capacity of each vehicle (AC,) in a half-hour period is derived from real
or simulated SoC,. The available capacity per vehicle over Ty, and the aggregated
available capacity over the hub zone follow Egs. 5.1 and 5.2, respectively, with the
Rome hub area denoted by Hub".

v) Meteorological Dataset

The meteorological data was extracted from the Visual Crossing Weather Service
database (Visual Crossing Weather Data Service n.d.). The information on precipitation,
precipitation probability, temperature, feels-like temperature, humidity, sea level
pressure, visibility, cloud cover, conditions, wind speed and wind direction was
extracted on an hourly basis for the period under investigation. The pre-processing
involved the imputing of the missing data and the resampling to half hour period.
The missing data were replaced using a moving average filter.
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FIGURE 5.16: Membership function for the fuzzification of the holi-
day rate. (a) Weekend membership. (b) National holiday membership
functions (Rome dataset).

vi) National Holidays Fuzzy Set

The information about Italian national holidays and weekends is represented by
a discontinuous time series unsuitable for dynamic models. The objective of the
fuzzification of such inputs is to obtain a continuous time series including both
weekend and national holiday information. Fuzzy membership functions were
generated by considering the effect that holidays and weekends could have on
drivers’ habits in the previous and successive days. The membership functions for
the holidays and weekends, Figures 5.16(a) and (b) respectively, were both applied to
the original dates, and the maximum value was taken to obtain a single continuous
dynamic feature comprehensive for both information.

5.6.2 Explorative Data Analysis

An initial feature selection was conducted by eliminating exogenous input variables
with low variability, high correlation to the other input variables or low correlation
to the predicted variable. Specifically, feels-like temperature and humidity were
excluded due to their high correlation with temperature, sea level pressure was
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removed due to its weak correlation with AAC, and visibility was discarded because
of its minimal variability in the Latium area.
i) Zero-Lag Correlation

Figure 5.17 presents the correlation coefficients between the input features and the
predicted AAC variable, offering a static overview of their relationships.
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FIGURE 5.18: Correlation curve between the AAC target variable
and the exogenous inputs (Rome dataset).
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ii) Dynamic Model Order Selection

Given the dynamic nature of the system, the model order was determined through cor-
relation curve analysis at various lags between each selected input and the predicted
AAC variable. This analysis guided the selection of input and output regressors,
ensuring that relevant temporal dependencies were captured. AAC demonstrated
correlations with past temperature values, as depicted in Figure 5.18, justifying the in-
clusion of lagged temperature values as regressors. A lag of 24 samples (equivalent to
12 hours) was selected based on the observed persistence in temperature, wind speed,
and wind direction correlations, which also appeared reasonable for the holiday
index. Conversely, variables exhibiting the highest zero-lag correlation (e.g., cloud
cover and datetime) were included without additional regressors. The 24-sample
lag was also applied to the autoregressive components to maintain consistency in
capturing temporal dependencies.

5.6.3 Methods: ARX, NARX and XAI

Data-driven modeling techniques were employed, with a focus on interpretability
and explainability to support energy providers in V2G applications. Linear models
offer inherent interpretability, as they are represented by equations where coefficients
indicate the relative importance of system variables in the prediction. In contrast,
ML-based nonlinear models necessitates post-hoc explanation methods.

Modeling approaches for time series prediction depend on the selection of the
appropriate model class, whether linear or nonlinear. Models can incorporate only
autoregressive components, leveraging past values of the predicted variable (AR for
linear and NAR for nonlinear models), only exogenous inputs, capturing external
influencing factors (FIR for linear and NFIR for nonlinear models), or a combination
of both autoregressive and exogenous inputs (ARX for linear and NARX for nonlinear
models).

i) Linear Models

A linear ARX model set is determined by two polynomials whose degrees are 1, and
nyp, respectively:

A(z’l,f)) =1+mz  +amz 2+ + an,z" "

5.8
B(Z_lz 9) = by + blz_l —+ bQZ_Z 4+ 4 bnbz—nb ( )

where z~! represents the time delay operator and 6 is the set of parameters:
0:=lay ap -+ an, by by -+ by]" (5.9)

The acronym ARX can be explained in the model equation form for the calculation of
y(t), the predicted output at the time instant #:

Az 0)y(t) = B(z™ L 0)u(t) +e(t) (5.10)

where e(t) is a zero-mean white noise process and u(t) is the exogenous input vector
(Ljung, 1986).

AR refers to the AutoRegressive part A(z‘1, )y (t) in the model, while X refers to
an eXogenous term B(z~!,0)u(t). The model set is completely determined once the
integers n,, np, and the parameter set 6 have been specified. The AR model is a special
case of Eq. (5.8) with n, = 0. Alternatively, Finite Impulse Response (FIR) models can
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be used when output regressors are omitted. FIR is a special case of Eq. (5.8) with
ng = 0.

ii) Nonlinear Models

Different ML-based nonlinear models (Lindholm et al., 2022) were applied with
different input sets.

¢ Tree Ensemble (TE): Ensemble models combine results from many weak learners
into one high-quality ensemble model. The hyperparameters to be optimized are
ensemble method (Bag, LSBoost), Number of learners (10-500), Learning rate
(0.001-1), Minimum leaf size (1-1080), Number of predictors to sample (1-146)

¢ Gaussian process regression (GPR): The hyperparameters to be optimized are:
Basis function (zero, constant, linear), Kernel function (Rational Quadratic,
Squared Exponential, Matern 5/2, Matern 3/2, and Exponential), Sigma.

iii) Model Interpretation and Explaination

The explanation of the model is crucial for two main reasons. Firstly, it aids in
the design and validation of the predictive model by providing insights into input
selection. Secondly, it ensures reliability for the end user, specifically the energy
provider, by justifying the model’s predictions. Black-box nonlinear models require
explainability techniques such as SHAP (Lundberg and Lee, 2017b) to interpret their
decision-making process. It applies cooperative game theory principles to attribute
feature contributions in predictive models. Each model input feature is treated as a
game player, and the model function defines the game rules. The computed Shapley
values quantify each feature’s contribution to the model’s prediction by assessing its
impact across all possible coalitions. Given a model f(x) and an input instance x, the
Shapley value for each feature i is computed as:

SRR = s u ) - ses) 611

¢i =

SCN\{i}

where S represents all possible feature subsets excluding i, and N is the total set of
features. SHAP ensures a fair feature attribution by considering all possible feature
coalitions. The sum of all Shapley values satisfies:

N
f(x) =) ¢i (5.12)

=1

which decomposes the model output into additive feature contributions. This prop-
erty enables SHAP to perform feature importance analysis, thereby enhancing trust
in Al-driven decision-making.

5.6.4 Results and Discussion

Different model identification and prediction were performed for the selected model
class, input set and the regressors:

e FIR/NFIR
e ARX/NARX
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Data was divided into training and validation (85%) and testing (15%) datasets.
In particular, to avoid seasonal bias and unbalanced datasets, each period of the
year for which data is extracted was divided in training/validation and test, and
holiday weeks were included both in the training and test phases. A k-fold validation
technique with k = 5 was applied to avoid overfitting. Data was standardized using
z-score normalization. The model optimization for hyperparameter determination
was implemented via a Bayesian algorithm on the training/validation data for each
input set. The optimization metric was based on the minimization of the root mean
square error (RMSE), and global performances were compared using also mean
absolute error (MAE) and determination coefficient (R?).

i) FIR/NFIR Identification

The optimized hyperparameters for the nonlinear ML-based models were determined
as follows:

¢ TE: ensemble method (LSBoost), Number of learners (484), Learning rate (0.17),
Minimum leaf size (29), Number of predictors to sample (6)

¢ Gaussian process regression (GPR): The hyperparameters to be optimized are:
Basis function (constant), Kernel function (Exponential), Sigma (Automatic).

ii) ARX/NARX Identification

The optimized hyperparameters for the nonlinear ML-based models were determined
as follows:

¢ TE: ensemble method (LSBoost), Number of learners (181), Learning rate (0.12),
Minimum leaf size (9), Number of predictors to sample (34)

¢ Gaussian process regression (GPR): The hyperparameters to be optimized are:
Basis function (constant), Kernel function (Exponential), Sigma (Automatic).

iii) Model Comparison

The models were applied for a 30-minute (1 sample) ahead prediction and compared
based on global key performance indicators (KPIs) and their time prediction response.
Table 5.12 highlights that ARX/NARX models generally outperform FIR/NFIR mod-
els, indicating that exogenous inputs alone do not sufficiently capture the system
dynamics without incorporating historical information of the target AAC variable.
This suggests that autoregressive components play a fundamental role in capturing
temporal dependencies in AAC prediction.

Within the FIR/NFIR models, the Exponential GPR exhibits slightly superior
performance in the training/validation phase, whereas the TE achieves the best
results in the test dataset. This suggests that exogenous inputs exhibit a nonlinear
relationships with the involved variables, making nonlinear models more suitable for
capturing their influence. A similar pattern is observed in ARX/NARX models: the
Exponential GPR performs better in training/validation, while the TE achieves the
best correlation with actual AAC values in the test set. The superior generalization of
the TE in the test phase suggests its robustness to unseen data.

To further investigate model performance, the time response analysis is illustrated
in Figure 5.19. Both the Exponential GPR and the TE exhibit strong alignment with
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TABLE 5.12: Performance metrics for different model types grouped
by model class (Rome dataset).

Model Class Model Type RMSE (Valid) R? (Valid) MAE (Valid) RMSE (Test) RZ2 (Test) MAE (Test)
Linear Regression 0.62 0.41 0.46 0.59 0.20 0.45

FIR/NFIR Exponential GPR 0.38 0.77 0.27 0.61 0.14 0.47
Tree Ensemble 0.32 0.84 0.23 0.58 0.23 0.46
Linear Regression 0.31 0.85 0.23 0.29 0.71 0.23

ARX/NARX Exponential GPR 0.30 0.86 0.21 0.34 0.74 0.26
Tree Ensemble 0.31 0.85 0.22 0.32 0.77 0.23

the true AAC dynamics, accurately capturing peak variations, particularly around
12:00 AM, which is crucial for V2G ancillary service provision.

ARX Model Response Plot
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3 —Tree Ensemble
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FIGURE 5.19: 30-minute ahead prediction for AACgyr using differ-
ent Tree Ensamble NARX for a period validation dataset time interval
(Rome dataset).
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iv) Model Explanation

A more detailed analysis of model performance and prediction behavior is conducted
through local SHAP-based explanations for a selected day (February 15, 2023) from
the training and validation dataset at different time intervals. The first query point
analyzed is at 4:30 AM, when the AAC is close to zero. The local explanation in-
dicates that this low prediction is primarily driven by autoregressive components
with negative Shapley values, while the previous day’s temperature and datetime
provide a slight positive contribution. This pattern likely reflects overnight parking
trends in the EUR commercial district, with early departures influenced by residual
temperature effects from the previous day.

The second query point, 8:30 AM, falls within the rising phase of the AAC curve,
where drivers’ parking decisions may be affected by meteorological and calendar-
related factors. The SHAP analysis reveals that datetime, cloud cover, holiday index,
and temperature, as well as their past values, positively contribute to AAC pre-
dictions, suggesting that these variables play a significant role in morning parking
dynamics in the EUR zone.

The subsequent query points at 11:00 AM and 5:30 PM occur near AAC peaks
and are predominantly influenced by the most recent autoregressive components
(lags 1 and 2), combined with meteorological and holiday information. These factors
indicate that both short-term historical patterns and external conditions strongly
impact peak-hour parking availability.

The later query points at 9:30 PM and 11:30 PM show a stronger dependence
on daytime effects and autoregressive components, likely reflecting habitual driver
behaviors related to evening commutes and overnight parking. The holiday index
has only a marginal influence, suggesting that special calendar events might slightly
alter these recurring patterns.

5.7 Discussion

This chapter brought together three complementary perspectives on V2G availability
prediction, moving from a data-driven grey state-space view (VED), through linear
and nonlinear regression with transferability (Padua), to black-box modeling with
explainability (Rome). Our intent was not only to compare accuracy, but to clarify
when and why each modeling family adds value to an energy provider’s decision
workflow.

On the VED dataset, HDMDc consistently delivered strong multi-hour forecasts
up to 4 h, with high correlations (R > 0.86) while preserving a compact linear state-
space structure. This balance between parsimony and fidelity is central to day-ahead
bidding and short-term balancing, where operators benefit from a single global model
that is stable under quasi-periodic driving and explicitly parameterizes exogenous
effects. In contrast, LSTM achieved reasonable 1-2 h performance but degraded
quickly with horizon, reinforcing a practical trade-off: flexible nonlinear learners
can fit short windows well, yet their long-horizon generalization can suffer without
additional structure or constraints.

On the Padua dataset, we stressed input design and portability. Traffic emerged as
the most informative exogenous signal: adding counts near candidate hubs tightened
both one-step and three-step predictions for ARX and for nonlinear models. Among
model classes, MLP and LSTM matched or exceeded ARX over three steps, while
ARX retained lower variance and clearer interpretability. Direct transfer across hubs
proved fragile—performance dropped when zone function and dwell-time patterns
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diverged—but a light fine-tuning stage (one day of local data) largely restored accuracy.
In practice, this suggests a scalable rollout path: train on a reference hub, cluster
similar zones, then fine-tune per site with minimal data collection.

On the Rome dataset, we emphasized transparency. Linear ARX offered immedi-
ately interpretable coefficients, whereas NARX based on black-box models required
post-hoc explanation. SHAP-based analyses aligned with intuition from the ex-
ploratory study: calendar/holiday intensity and a small set of meteorological drivers
(e.g., temperature and wind signals at modest lags) contribute materially to AAC, but
their influence is time- and context-dependent. These explanations are not merely
diagnostic; they guide feature governance and help justify bids and curtailments to
operations teams and regulators.

Drawing conclusions: (i) When horizons extend beyond 1-2 h and bid stability
matters, grey state-space via HDMDc is a robust default, offering accuracy, order
reduction, and clear exogenous pathways. (ii) Where rich local signals exist (traffic,
site telemetry) and horizons are short, lightweight nonlinear models can lift accu-
racy—provided we manage overfitting and retain a path to explanation. (iii) For
network-wide deployment, portability hinges on modest fine-tuning; naive zero-shot
transfer across heterogeneous hubs is rarely sufficient. (iv) Explainability closes the
loop between modeling and operations, translating feature effects into actionable
levers for scheduling and market participation.

Figure 5.21 visualizes this taxonomy mapping across datasets and tasks, making
the unifying framework actionable for future deployments and extensions.

As future work on the deployment side, we envisage hub clustering with auto-
matic fine-tuning budgets, and routine XAI audits to track feature drift. Together,
these steps advance a reliable, interpretable, and transferable stack for AAC fore-
casting in real V2G programs, and will be integrated into a multi-energy Energy
Management System (EMS) for decision support. In particular, AAC forecasts will be
able to feed stochastic/robust MPC and day-ahead—intraday co-optimization to jointly
schedule electricity, heat, and gas assets—coordinating V2G charging/discharging
with PV, battery/thermal storage, HVAC/thermal networks, and CHP—so as to
minimize cost and emissions under uncertainty while respecting grid and comfort
constraints. This multi-energy integration will also enable bilevel bidding for en-
ergy and ancillary services, returning actionable set-points and confidence bands to
operators.
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Chapter 6

Conclusions

This thesis addressed the challenge of developing interpretable modeling frameworks
for dynamical systems across three application domains: (i) smart sensors based on
green materials, (ii) soft sensors for industrial processes, and (iii) predictive and ex-
plainable models for Vehicle-to-Grid (V2G) applications. A unifying methodological
objective was pursued, namely to balance modeling capability with transparency so
that predictive power does not come at the expense of interpretability.

6.1 Summary of Contributions

The main contributions are as follows:

* Smart sensors with green materials: multiphysics Finite Element (FEM) modeling
was integrated with system identification to describe mechanoelectric trans-
duction in bacterial cellulose devices, linking material physics to system-level
response.

* Industrial soft sensors: classical linear models (ARX, FIR) and their nonlinear
counterparts (NARX, NFIR) were benchmarked against Koopman-based state-
space formulations (HDMDc), showing how grey-box approaches can unify
interpretability and predictive accuracy in the Sulfur Recovery Unit and Debu-
tanizer Column case studies.

* V2G forecasting: data-driven methods, including LSTM and machine-learning
pipelines, were coupled with explainable AI (XAI) tools such as SHAP to obtain
accurate forecasts of Aggregated Available Capacity and actionable insights
into exogenous drivers, for example weather and calendar features.

6.2 Positioning in the Modeling Taxonomy

A two-axis taxonomy was introduced to organize modeling approaches, with a verti-
cal axis spanning interpretability and physics knowledge at the top to fitting-oriented
data dependency at the bottom, and a horizontal axis ranging from transparency
and explainability on the left to modeling capability and complexity on the right.
Figure 6.1 places the implemented models within four quadrants: Quadrant 1 (White),
Quadrant 2 (Knowledge-Driven Grey), Quadrant 3 (Black), and Quadrant 4 (Data-
Driven Grey). The placements are:

First-principles ODE/PDE models - White. Governing ordinary or partial differ-
ential equations derived from conservation laws and constitutive relations reside in
the extreme north-west of Quadrant 1. They rely purely on domain knowledge and
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are intrinsically interpretable, with negligible dependence on data beyond nominal
parameter specification.

Finite Element Implementation (FEM) - Knowledge-Driven Grey. The FEM im-
plementation of the first-principles PDE model is placed in Quadrant 2, close to
Quadrant 1. The physics-first structure and state variables remain transparent, yet
credible predictions depend on expert modeling choices and empirical closures, for
example boundary and initial conditions, constitutive parameters, mesh topology
and resolution, element order, stabilization, and time integration. Targeted calibration
and validation against data are typically required. When operated primarily as an
inverse data-calibrated digital twin or augmented by data-driven surrogates, the
placement drifts toward Quadrant 4.

Fuzzy and Adaptive Neurofuzzy Inference System (ANFIS) - White and Knowledge-
Driven Grey. Rule-based fuzzy systems encode expert knowledge in linguistic rules
and membership functions, hence Quadrant 1. When rule bases or memberships
are learned or refined from data, as in neuro-fuzzy schemes, the placement moves
toward Quadrant 2, maintaining explicit domain priors while fitting structure and
parameters.

Linear regression models (LR) as ARX, FIR - Data-Driven Grey. ARX and FIR
are data-driven linear regressors in Quadrant 4. Parameters are identified during
fitting, but the mapping between regressors and predictions remains explicit and
auditable. Although linear regression is often labeled white-box due to inherent
interpretability, increasing data volume, feature dimensionality, or model order can
diminish practical transparency. Classifying such high-dimensional linear models
as black-box is misleading relative to deep neural architectures. The Data-Driven
Grey designation, namely data-driven yet still transparent and under expert insights
interpretable, is therefore most appropriate.

HDMDc state-space models - Data-Driven Grey bordering Knowledge-Driven
Grey. Hankel DMD with control is identified entirely from data, which places it
in Quadrant 4. Its state-space structure, modal decomposition, and input—output
maps support analysis and engineering interpretation, locating it near the Quadrant 2
boundary. When model order becomes large, or when singular-value-based lifting
and reduction are used, transparency can erode because observables are represented
in latent coordinates with weakened physical semantics.

Decision trees (DT), Data-Driven Grey with a path to Knowledge-Driven Grey.
Induced from data via impurity minimization, trees yield path-wise transparent
piecewise rules, hence Quadrant 4. Depth and node proliferation reduce global
comprehensibility. Physics-aware feature engineering, monotonicity or safety con-
straints, or rule templates shift the placement toward Quadrant 2. Ensembles increase
capability but reduce transparency unless complemented by rule extraction or XAIL

Nonlinear Regression (NLR) as NARX and NFIR, Data-Driven Grey with increas-
ing complexity. NARX and NFIR are learned from data and belong to Quadrant 4.
Their architectures preserve inspectable regressors and mapping functions, support-
ing traceability between delayed inputs, delayed outputs, and predictions. Increasing
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dimensionality, for example deeper networks or more lags, reduces practical trans-
parency and can move the placement toward Quadrant 3. In long-horizon simulation,
NFIR often retains stability due to the absence of output feedback, while NARX offers
greater expressivity at the cost of stronger regularization and sensitivity analyses.

LSTM and deep recurrent networks, Black. Long Short-Term Memory and re-
lated deep recurrent architectures are positioned in Quadrant 3. They deliver high
modeling capability for nonlinear dynamics and long-range dependencies, but large
parameter spaces and latent representations limit intrinsic transparency, motivating
auxiliary explanation tools.

Symbolic Regression (SR), Data-Driven Grey, with upward shift when physics pri-
ors are enforced. When the search space and constraints encode physics-informed
priors, for example dimensional consistency, invariants, or conservation terms, Sym-
bolic Regression (SR) moves upward toward Knowledge-Driven Grey; without such
priors it remains Data-Driven Grey. In both regimes, explicit closed-form models sup-
port causal scrutiny, though unchecked symbolic complexity can hinder readability
and maintenance.

Machine Learning (ML) pipelines with XAI, Data-Driven Grey depiction; base
models remain Black. Nonlinear ML models and ensembles alone reside in Quad-
rant 3 (e.g. MLP). Post hoc explanation, for example SHAP and LIME, increase
practical transparency; accordingly, the figure labels “ML+XAI"” in Data-Driven Grey.
Because explanations do not alter model complexity, validation against physical
constraints remains essential.

Graded Placement The axes and placements proposed here are graded rather than
absolute. Several indicators admit quantitative metrics, whereas others are inherently
qualitative (e.g., design transparency, semantic alignment of states and parameters).
Where quantitative surrogates for non-functional properties exist—such as sparsity or
monotonicity constraints as indicators for interpretability, or rule comprehensibility
scores for transparency—they remain fuzzy and context dependent. Consequently,
models should be viewed as occupying regions (with uncertainty bands) rather than
fixed points: design choices (architecture, priors, regularization), data practices
(calibration breadth, operating-regime coverage), and tooling (physics constraints,
XAl) can shift a model across adjacent quadrants over its lifecycle.

6.3 Final Remarks

By systematically positioning and applying models across a spectrum of interpretabil-
ity, physics knowledge, data availability, and modeling capability, the thesis demon-
strates that transparency and explainability need not be sacrificed for performance.
The proposed taxonomy refines the conventional white, grey, and black categories
in three ways. It provides a more precise distinction between baseline model classes
while enabling fuzzy classification for approaches sharing properties across cat-
egories. It clarifies the effect of state-of-the-art enhancements, such as XAI and
physics-informed ML, which shift black-box models toward more interpretable Data-
Driven Grey or Knowledge-Driven Grey classes. It offers practical guidance, al-
lowing researchers to select interventions that improve either capability or inter-
pretability under resource constraints. Taken together, these contributions embed the
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white/grey/black paradigm within a richer framework grounded in transparency, in-
terpretability, and explainability, and translate that framework into actionable practice
across green sensing, industrial soft sensing, and V2G forecasting.

6.4 Perspectives

The results motivate several research directions focused on enhancing interpretability
while preserving capability in both methodological and application-specific domains.

6.4.1 Methodological directions

Physics—data hybridization (FEM — ML and PINNs/PI-ML): extend the coupling
of FEM with ML toward physically informed neural models, using FEM fields as
priors/synthetic supervision to retain mechanistic transparency while reducing com-
putational burden.

Quantitative metrics and graded taxonomy: the axes and placements proposed
here are graded rather than absolute. Several indicators admit quantitative metrics,
whereas others are inherently qualitative (e.g., design transparency, semantic align-
ment of states and parameters). Where quantitative surrogates for non-functional
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properties exist—such as sparsity or monotonicity constraints as indicators for inter-
pretability, or rule-comprehensibility scores for transparency—they remain fuzzy and
context-dependent. Consequently, models should be viewed as occupying regions
(with uncertainty bands) rather than fixed points: design choices (architecture, priors,
regularization), data practices (calibration breadth, operating-regime coverage), and
tooling (physics constraints, XAI) can shift a model across adjacent quadrants over its
lifecycle.

Taxonomy as a prescriptive design compass: Beyond its current use as an a posteri-
ori classification framework, the proposed taxonomy can evolve into a prescriptive
tool that proactively guides model design. By integrating the requirements defined in
Section 2.3 (e.g., explainability, computational constraints, domain knowledge avail-
ability, and transferability) with the evaluation metrics of Section 2.5, the taxonomy
can serve as a decision-making scaffold for model developers and system owners. In
practice, this would enable a structured workflow: (i) elicit application requirements
collaboratively to identify a target region on the taxonomy map; (ii) pre-select model
classes compatible with the desired interpretability—capability balance (for instance,
Knowledge-Driven Grey suggesting PINNs or Grey-box models, Data-Driven Grey
suggesting ARX, HDMDc, or constrained Symbolic Regression); and (iii) use inter-
pretability and complexity metrics as feedback signals to keep the model within the
intended quadrant during design. This prescriptive interpretation turns the taxon-
omy from a map of where models have been positioned into a compass for guiding
future modeling choices—providing a shared language for negotiating trade-offs
between accuracy, transparency, and computational effort before implementation.

Uncertainty and transferability toolchain: incorporate set-membership and dis-
tributional uncertainty quantification (UQ) and propagate these through Koop-
man/HDMDc/ARX/NARX pipelines; formalize domain-adaptation and transfer-
learning protocols with interpretable intermediate representations, confidence bands,
and drift tests.

Interpretable neuro-fuzzy + XAl pipelines: develop rule-based/neuro-fuzzy fore-
casters with global-local explanations (e.g., SHAP/LIME), exposing rule salience,
monotone constraints, and counterfactual checks for auditability.

Transparent optimization for decision support: couple forecasts to linear/ MILP
or MPC optimizers that produce binding-constraint/marginal-value explanations;
propagate input UQ to schedule/bid confidence intervals.

6.4.2 Application-specific directions

Materials and first-principles refinement (BC sensors): refine parameter identifi-
cation with field-dependent properties in dual-carrier PDE models; systematically
study alternative ionic liquids and biodegradable conductive polymers; widen the
model spectrum by injecting PDE knowledge into ML surrogates.

Industrial soft sensors (SRU lines): deploy UQ-enabled soft sensors; study cross-
line transferability and maintenance via interpretable state embeddings and set-
membership bounds.
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V2G forecasting and deployment (VED/Padua/Rome): characterize models per
infrastructure class (hub topology, charger technology) and assess transferability
across residential /commercial /industrial areas; explore neuro-fuzzy formulations to
expose rule-level logic and validate with XAI (SHAP/LIME).

Multi-energy EMS integration: embed V2G as a controllable flexibility /storage
asset co-optimized with PV, heat pumps, thermal storage, and CHP under net-
work/market constraints; use hierarchical, interpretable EMS layers (HDMDc/ARX
for forecasting; rule-based or neuro-fuzzy dispatch; transparent linear/MILP or MPC
optimization with binding-constraint and marginal-value explanations); ensure in-
teroperability and propagate set-membership uncertainty on AAC/prices to yield
auditable confidence intervals on schedules and bids.
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