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Abstract

This paper presents a hybrid qualitative-quantitative framework for assessing the tech-
nical feasibility and system readiness of emerging multimodal mobility concepts, with
specific application to the Pods4Rail project. The methodology integrates expert-based
Technology Readiness Level (TRL) assessment with a probabilistic System Readiness Level
(SRL) estimation that incorporates uncertainties in both TRLs and Integration Readiness
Levels (IRLs). The qualitative component uses expert judgment and visual heat maps
to identify subsystem-specific maturity gaps, particularly in automation, digitalization,
and sustainability. The quantitative component explicitly separates three methodological
layers often treated implicitly in prior research: (i) the probabilistic model representing
uncertainties in TRL and IRL, (ii) the uncertainty-propagation problem linking these vari-
ables to system-level readiness, and (iii) the Monte Carlo algorithm employed to solve this
problem. This structure enables the derivation of SRL distributions that reflect uncertainty
more realistically than deterministic approaches, allowing statistical analysis of different
characteristics of these distributions and exploratory sensitivity analysis. Results show that
the Pods4Rail system is positioned between SRL 1 and SRL 2, corresponding to concept
refinement and technology development stages. While hardware-related subsystems such
as the Transport Unit and Rail Carrier Unit exhibit relatively higher maturity, planning,
logistics, and operational management functionalities remain at early development stages.
By combining interpretative insight with statistical rigor, the proposed framework offers a
transparent and reproducible approach to early-phase readiness assessment. Its transfer-
ability makes it suitable for other innovative mobility systems facing similar challenges of
incomplete information, uncertain integration pathways, and high conceptual complexity.

Keywords: technical feasibility; system readiness level; technology readiness level; integration
readiness level; hybrid framework; Monte Carlo simulation; emerging multimodal systems

1. Introduction

Assessing the readiness of complex systems during their conceptual phase is a critical
challenge in systems engineering, particularly for emerging multimodal mobility solutions.
Traditional evaluation tools, such as the Technology Readiness Level (TRL) scale, have
proven useful for measuring the maturity of individual technologies [1]. However, these
tools fall short when applied to integrated systems, where readiness depends not only
on the maturity of isolated components but also on their ability to interact seamlessly
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within a dynamic operational environment. As transportation systems evolve toward
highly adaptive and interconnected architectures, readiness must be understood as a
multidimensional concept encompassing technological maturity, integration capability, and
systemic performance.

To address this complexity, the concept of the Integration Readiness Level (IRL) has
been introduced as a complementary metric to the TRL. While the TRL focuses on the
development stage of individual technologies, the IRL evaluates the maturity of their inter-
faces and the degree to which subsystems can be integrated effectively. The IRL provides a
structured way to measure the compatibility, interoperability, and interface stability, which
are essential for achieving system-level functionality. Together, the TRL and IRL provide
the foundation for estimating the SRL, a holistic indicator that reflects the overall maturity
of a system by integrating component-level readiness with integration performance. In this
work, SRLs are jointly estimated by accounting for stochastic dependencies and correlations
between the TRL and IRL, ensuring a more realistic representation of system uncertainty
and interrelationships [2,3].

Despite its conceptual advantages, estimating the SRL during early design phases
remains inherently difficult [4,5]. This difficulty arises from several factors: limited empiri-
cal data on subsystem interactions, uncertainty regarding interface compatibility, and the
absence of standardized methodologies for integrating the TRL and IRL into a unified readi-
ness metric. These limitations hinder effective planning, risk management, and resource
allocation, often resulting in delays or cost overruns during later stages of development.

Recent studies highlight how emerging and unconventional mobility modes can
significantly reshape sustainable mobility patterns and introduce substantial uncertainty
in their adoption pathways and system-level impacts [6]. This reinforces the need for
robust early-phase evaluation tools capable of addressing technological, operational, and
integration uncertainties in novel mobility concepts—precisely the gap that the present
framework seeks to address.

The need for robust and adaptable frameworks for SRL estimation is particularly
evident in the context of innovative mobility concepts such as Pods4Rail [7]. This Eu-
ropean research initiative aims to develop an autonomous, modular, and multimodal
transport system capable of operating across rail, road, and ropeway modes. The complex-
ity of this concept—combining autonomous control, advanced coupling mechanisms, and
multimodal logistics—introduces significant integration challenges that cannot be fully
addressed through traditional readiness assessment methods. Furthermore, sustainability
requirements and digitalization trends add layers of complexity, demanding a comprehen-
sive approach that accounts for technical, operational, and regulatory dimensions.

To address these challenges, this paper proposes a hybrid framework that combines
qualitative and quantitative methods for SRL estimation during early development stages.
The qualitative component relies on expert judgment and visual heat maps to assess the TRL
across subsystems, providing interpretative insights into technological maturity. The quan-
titative approach explicitly distinguishes between the probabilistic model—representing
uncertainties in the TRL and IRL—the problem of propagating these uncertainties to esti-
mate the SRL, and the algorithm used to solve this problem, which in this case is the Monte
Carlo simulation. This structure enables SRL estimation under uncertainty, where explicit
quantification of uncertainties is essential for sound decision-making. By applying this
methodology to the Pods4Rail project, the study aims to deliver a replicable and transfer-
able approach for readiness assessment in complex mobility systems. The framework not
only supports informed decision-making but also facilitates risk mitigation and strategic
planning, ensuring that technological innovation aligns with operational feasibility and
long-term sustainability.
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Beyond synthesizing existing approaches to TRL, IRL, and SRL assessment, the novelty
of this work lies in the explicit separation of three methodological layers that are typically
treated implicitly and often conflated in previous readiness-assessment studies: (i) the
probabilistic representation of the TRL and IRL, (ii) the formal uncertainty propagation
problem that influences system-level readiness, and (iii) the algorithmic implementation, in
which Monte Carlo simulation is employed solely as a numerical solver.

Further details on these layers and their contribution to the framework’s originality are
provided in Section 1.4. This clear differentiation increases the methodological transparency
and enables a reproducible early-stage system evaluation.

Furthermore, the proposed hybrid framework integrates qualitative expert-based TRL
assessment with a quantitative SRL formulation that captures stochastic dependencies
between subsystem and interfaces, an aspect seldom addressed in emerging multimodal
mobility scenarios. Applied to the Pods4Rail concept, the study contributes a novel method-
ological foundation tailored to early design phases characterized by incomplete information,
high uncertainty, and limited empirical integration data.

1.1. State of the Art

Assessing the System Readiness Level (SRL) is inherently challenging, because it
requires the integration of technical, operational, and safety dimensions into a single metric
while accounting for subsystem interdependencies and uncertainty. Unlike the Technology
Readiness Level (TRL), which focuses exclusively on individual components, the SRL must
capture the complexity of integration and the variability of future system performance.
These factors, combined with subjective expert judgment and the absence of standardized
benchmarks, make SRL evaluation particularly difficult.

Considering these challenges and based on the analysis of the existing literature, stud-
ies suggest that when only component-level technological maturity is known, and detailed
information on subsystem interrelationships is lacking, a composite measure of system ma-
turity can be achieved by supplementing the component scores with integration estimates.
Building on these findings, this paper structures the review of current methodologies for
SRL estimation through a taxonomy comprising five complementary categories. These
categories reflect the main methodological perspectives identified in the literature and
illustrate the diverse strategies employed by researchers to address integration challenges,
manage uncertainty, and evaluate readiness in complex systems.

The proposed taxonomy is based on two guiding principles: (i) the nature of the
method—whether it is primarily quantitative, qualitative, or hybrid, and (ii) the analytical
focus—whether the approach emphasizes technology maturity, system integration, or stake-
holder involvement. This classification enables a structured comparison of heterogeneous
studies and highlights their individual contributions to SRL estimation. The state-of-the-art
analysis considers the following categories:

e  Quantitative Evaluation Tools: These include methods that introduce mathematical
or computational formalisms (e.g., probabilistic models, algebraic formulations, or
Multi-Criteria-Decision Methods) to obtain numerical values as their core contribution.
These approaches distinguish themselves from other categories by prioritizing formal
quantification and automation over procedural guidance.

e TRL/SRL Hybrid Approaches: These comprise frameworks distinguished by their
explicit combination of the Technology Readiness Level (TRL), Integration Readiness
Level (IRL), and, in some cases, the Manufacturing Readiness Level (MRL) into a uni-
fied SRL scale. They concentrate on establishing mathematical relationships between
component-level maturity and integration maturity.

https://doi.org/10.3390/vehicles8020035


https://doi.org/10.3390/vehicles8020035

Vehicles 2026, 8, 35

4 of 36

e Readiness Assessment Models: These models offer structured frameworks or toolkits
for assessing maturity across technological, programmatic, or organizational domains.
Unlike the previous categories, they prioritize process-oriented guidance and decision-
making support over formal mathematical modeling.

e  System Integration Frameworks: These concentrate on the architectural and interface
dimensions of system development. What differentiates this category is its focus
on integration readiness rather than evaluating the maturity of each technology in
isolation.

e  Stakeholder-Centered Methods: These place stakeholder participation at the core of the
readiness assessment process. They rely on co-design activities, expert consultation,
and value-based weighting to ensure that diverse perspectives are fully represented.

This classification serves not only to enable systematic comparison across diverse
SRL estimation approaches but also highlights emerging directions in current research.
Table 1 presents the five categories structured according to the two guiding principles
previously described.

Table 1. Taxonomy categories.

Taxonomy Categories Nature of the Method Analytical Focus

Technology Maturity +

Quantitative Evaluation Tools Quantitative System Integration

TRL/SRL Hybrid Hvbrid Technology Maturity +
Approaches y System Integration
Readiness Assessment I . Technology Ma“?“ty "
Models Qualitative + Hybrid System Integration +
Stakeholder Involvement
Syslzer?niz‘ffffﬁson Quantitative + Hybrid System Integration
Stakehl(\)/}zlte}i—)izntered Qualitative Stakeholder Involvement

Table 2 summarizes the state-of-the-art analysis, which considers the presented taxon-
omy. This table includes the main references, a brief explanation of why they are considered
relevant, and their content.

Table 2. Criteria and references for the state-of-the art analysis.

Criterion

References

Quantitative
Evaluation Tools

[8]—Uses Petri nets to model how different system elements interact over time. This is
applied for SRL capacity modeling.

[9,10]—Applies Bayesian statistical methods to estimate TRL and feed SRL calculations.
[10]—Explores how TRL values can be incorporated into cost prediction models.
[11]—Presents an automated framework for validating engineering models and
quantifying their maturity.

[12]—Uses multi-criteria decision-making (MCDM). It involves the application of TOPSIS
with entropy weighting (MCDM method).

[13]—Compares tropical algebra vs. matrix algebra for ordinal SRL scoring.
[14]—Introduces composite multi-index scoring method to assist decision-making in
product design.

[15]—Applies a fuzzy decision-making method (COPRAS) for readiness assessment.
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Table 2. Cont.

Criterion References

[3]—Combines TRL and IRL parameters using probability distributions to compute the
SRL.

[16]—Integrates the TRL, IRL and MRL into a unified system readiness metric.
[17]—Standardizes how the TRL, IRL and MRL should be normalized and mathematically
combined to produce the SRL.

[18]—Introduces a formal relationship between the TRL, IRL and SRL.

[19,20]—Uses the SRL index for integration with Value Engineering (VE) considerations.
[20]—Computes a composite SRL from the combination of a TRL and IRL.
[21]—Provides a framework for System Readiness Assessment (SRA) through the TRL
and IRL.

TRL/SRL Hybrid Approaches

[22]—Proposes a TRL-based assessment model to evaluate the maturity of research

projects.

[23]—Introduces an SRA toolkit for evaluating the readiness of public-sector services.

[24]—Extends Technological Readiness Assessment (TRA) by explicitly incorporating

reliability requirements.

[25]—Develops a decision-support system built on maturity models.

[26]—Creates a TRL-evaluation template for model-based design (MBD) methods/tools.

Readiness [27]—Presents a stakeholder co-designed matrix tool for guidance and evaluation.

Assessment Models [28]—Describes a programmatic maturity framework with gates from a System

Engineering perspective.

[29]—Develops a domain-specific readiness algorithm using weighted criteria

(AHP-based).

[30]—Proposes a TRA for small and medium-sized enterprises SMEs (Industry 4.0).

[31]—Applies TRL assessment of critical technology elements (CTEs).

[32]—Reviews the use of TRL in systems engineering practice through surveys and

reviews.

[33]—Proposes a multidimensional framework for assessing integration readiness in
system-of-systems (S0S) environment.
[34]—Includes integration parameter as an explicit TRL sub-attribute.
[35]—Develops an improved TRA focused on hardware, software and interface

System Integration Frameworks integration.
[36]—Uses architectural tools such as Design Structure Matrices (DSM/DMM) to evaluate
IRL.
[37]—Uses structured mappings between qualitative grading schemes and quantitative
scoring functions.

[25]—Relies on practitioner inputs to develop maturity-model recommendations.
[27]—Presents tools co-designed with stakeholders in information systems (IS) networks.
[29]—Uses industry experts’ panels to assign weights to different readiness criteria
(through AHP).

[38]—Incorporates stakeholder preferences into technology performance level (TPL)
evaluation. It also integrates techno-economic assessment (TEA).

Stakeholder-Centered Methods

Across the reviewed literature, a variety of methodological strategies have been
defined to estimate the SRL under conditions of partial knowledge and lack of data.

Mathematical and computational models—such as matrix algebra [2,20], tropical
algebra [13], and scalar contraction [17]—represent early attempts to combine the TRL and
IRL (in some studies, the MRL was also considered) into a composite System Readiness
Level. While these approaches provide numerical outcomes, their limitations reside in their
need of at least some estimation of integration readiness, which is often unavailable in early
design phases.

Probabilistic approaches, including Monte Carlo simulation [3] and Bayesian infer-
ence [9], aim to address these limitations by assigning statistical distributions to main
variables such as the TRL and IRL. These methods can accommodate uncertainty and
lack of precise interrelationship data but still require assumptions or expert input about
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possible integration scenarios. These methods explicitly model uncertainty in component
relationships, providing confidence intervals or distributions for the SRL.

Graphical and Architecture-Based Models, such as Petri nets [8] or architecture views
like Design Structure Matrix and Design Maturity Matrix [36], focus on modeling system
interactions, allowing for dynamic or iterative refinement as more information becomes
available, and demonstrate that mapping of interconnections benefits from any notional
system architecture.

Other studies rely on maturity gates [28], checklists [28], or staged criteria to assess
readiness. These can be applied with limited information, but their minimal granularity or
specificity may lead to overlooking emergent system-level behaviors.

In terms of application domains, most SRL-related studies have developed in sec-
tors characterized by high system complexity—aerospace, defense, and energy—while
emerging contributions have extended the concept to manufacturing, construction, and
public sectors.

In the field of defense, representative works include [3,9,11,13,16-18,20,32,35].

Similarly, the aerospace and aviation domains have seen extensive application of SRL
frameworks such as [2,8-11,13,17,20,36].

In the energy sector—including nuclear, fusion and hydrogen system—recent studies
such as [8,31,38-42] highlight the growing relevance of readiness assessment for sustainable
technologies.

Further applications can be found in manufacturing and industrial engineering, for
instance, [15,25-27,29,43,44].

Within Intelligent Transportation Systems (ITS) and automotive contexts, ref. [19]
presents an SRL-based model for highway ITS projects and analyses their spatiotemporal
characteristics, such as distributed computing, uneven information and communication
technologies (ICT) development, and existing infrastructure limitations. The study high-
lights the importance of economic factors in ITS planning and enhances the SRL model
with value engineering.

Additionally, ref. [45] presents the case study of the application of the 12 Principles
of Green Engineering, currently in TRL 1-3, to an energy-harvesting platform in the early
technology development phase.

When comparing the different approaches, mathematical and probabilistic methods—
such as matrix algebra, probabilistic simulation, and automated validation metrics—
provide numerical SRL outputs, often with sensitivity or uncertainty analysis. While
these methods provide quantitative precision, their reliability depends strongly on input
data and expert assumptions.

Conversely, qualitative methods such as maturity gates, checklists, expert panels, and
multi-attribute decision-making (e.g., analytic hierarchy process (AHP), technique for order
of preference by similarity to ideal solution (TOPSIS)) offer flexibility when quantitative
data are missing but often lack precision or specificity.

Finally, hybrid frameworks combine quantitative scoring with qualitative expert
input or stakeholder engagement (e.g., Systematic SME Technology Readiness Assessment,
Integration System Readiness Level Matrix, Technology Performance Level), thus enabling
more comprehensive readiness evaluation.

Recent works have also examined structured mappings between qualitative grading
schemes and quantitative scoring functions to improve system-evaluation consistency, es-
pecially in intelligent and data-driven systems [37]. Such approaches highlight the growing
relevance of hybrid assessment methodologies that combine human judgment with for-
malized quantitative structures, reinforcing the need for readiness-assessment frameworks
capable of managing heterogeneous information sources and early-stage uncertainty.
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In summary, significant progress has been made in formalizing SRL estimation through
quantitative, qualitative, and hybrid approaches that integrate technology maturity, system
integration, and stakeholder involvement. However, a universally accepted methodology
remains elusive for early design stages, particularly when only component TRLs are
available, and system-level interdependencies are not yet defined. This persistent gap
underscores the necessity for a structured hybrid framework that can effectively address
uncertainty, guide integration assumptions, and facilitate decision-making in the initial
phases of system development. The framework introduced in this study is designed to
meet precisely these needs.

1.2. Objective of the Paper

Practitioner surveys indicate that system complexity represents the most critical chal-
lenge, with integration, interface management, and overall system maturity ranking as top
concerns [1]. Furthermore, ref. [4] highlights the lack of guidance regarding the assessment
scope, incremental improvements, and alignment with technology roadmaps as persistent
obstacles. Ref. [46] emphasizes the importance of clear definitions and the mapping of ma-
turity and readiness concepts to the system development lifecycle, noting that inadequate
understanding of these relationships often leads to unforeseen implementation issues.

Consequently, evaluating the SRL during early design stages requires a multidis-
ciplinary approach that integrates model-based systems engineering (MBSE) tools [47],
advanced simulation of subsystem interactions [48], expert judgment [21], risk manage-
ment strategies [5], and progressive validation techniques [49]. Until the system advances
to later phases—where integration tests, prototype demonstrations, and verification under
realistic conditions become feasible—the SRL remains primarily a qualitative indicator of
potential readiness rather than a precise quantitative measure.

Overall, the early-phase evaluation of a new vehicular system concept is inherently
challenging due to the limited empirical validation of subsystem integration, reliance on
assumptions regarding interfaces and interoperability, the non-linear relationship between
the TRL and SRL, and the absence of standardized assessment procedures.

To address these challenges, this paper introduces a structured framework for SRL
estimation during early design phases characterized by high uncertainty. The proposed
approach adopts a hybrid methodology that combines qualitative and quantitative assess-
ments to evaluate system readiness. Its primary objective is to provide a practical tool
for estimating SRL, thereby enabling informed planning and effective risk management
throughout subsequent stages of the system lifecycle.

Then, this paper advances the state of the art in system readiness assessment by intro-
ducing a structured hybrid framework that explicitly addresses uncertainty during the early
design phases of complex multimodal mobility systems. Unlike traditional TRL-based eval-
uations or existing SRL approaches that often rely on deterministic scoring or incomplete
integration assumptions, our methodology combines qualitative expert-driven TRL assess-
ment with a quantitative probabilistic model that distinguishes between three key elements:
the model representing uncertainties in the TRL and IRL, the problem of propagating these
uncertainties to estimate the SRL, and the algorithm used to solve this problem—Monte
Carlo simulation. This distinction ensures methodological transparency and rigor, enabling
the generation of SRL distributions rather than single-point estimates. Furthermore, the
framework incorporates stochastic dependencies and correlations between the TRL and
IRL, providing a more realistic representation of system-level uncertainty. By applying this
approach to the Pods4Rail project, the study demonstrates its applicability to emerging
mobility concepts characterized by high complexity and limited empirical data, offering a
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replicable and transferable tool for informed decision-making, risk mitigation, and strategic
planning—capabilities that existing methods rarely achieve in early development stages.

1.3. The Pods4Rail Project

Pods4Rail [7] is a European research project supported by the EU-Rail Joint Under-
taking that explores new concepts of intermodal rail-bound autonomous system and its
autonomous transshipment to road and ropeway modes. Its design is intended to be cou-
pled capsules/pods (Transport Units) with an autonomous electric-propulsed underframe
(Rail Carrier Unit) that is primarily designed for rail mode but can be operated in other
modes (Figure 1). It is meant to serve passenger, freight, and combined transport needs
using mainly already installed infrastructure. The on-development design includes a pod
coordination and mobility management system for operations and logistics, as well as all
aspects of on-demand mobility across multiple modes [50].

<

[
— —_— —— —
X o T e
@ P — Scalable Supermodal Pods
; Elevator
Regional
/ Cable car Commuter
\ Metro Intercity
Freight Light rail
Pod carrier ROPEWAY High speed
o,:_\ Pod carrier RAIL
Ro peway ‘e Communications ’

Operational Infrastructure Energy
Infrastructure Infrastructure

L
Passenger  Freight ’

Urban
Suburban
Regional
Long Distance

Figure 1. Overview of the Pods4Rail approach [7].

This represents a completely new mobility concept and will constitute the main subject
for the application of the proposed framework for system-readiness calculation.

1.4. Originality and Positioning of the Proposed Framework

A wide range of methodologies addressing the TRL, IRL, and SRL have been devel-
oped across domains such as aerospace, defense, energy, manufacturing, and intelligent
transportation. Despite this extensive body of work, a systematic framework, specifically
suited to early-stage multimodal mobility concepts, remains underdeveloped. Existing
approaches generally fall into three categories: deterministic scoring methods, hybrid
TRL-IRL matrices, and probabilistic formulations that only partially account for subsystem

interdependencies.
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Deterministic TRL-IRL matrices, widely used in aerospace, defense, and industrial
engineering, treat technological and integration maturity as fixed values. As a result,
they do not allow formal propagation of uncertainty from TRL and IRL inputs to system-
level readiness. These approaches fail to capture the epistemic uncertainty arising from
expert-based TRL assignments or incomplete knowledge regarding subsystem interfaces—
limitations that are especially critical in early conceptual design phases.

Probabilistic and fuzzy-logic approaches provide partial solutions but typically focus
on isolated aspects of the readiness-assessment problem. Bayesian methods, for instance,
enable uncertainty modeling and evidence updating at the TRL level; however, only
a limited number of studies extend these approaches to the SRL, and the integration
maturity is typically represented using simplified or deterministic assumptions. Likewise,
fuzzy MCDM frameworks address imprecision in expert judgments but usually produce
aggregated readiness scores without explicitly propagating uncertainty through subsystem
interdependencies. More recent qualitative-quantitative mapping frameworks attempt
to reconcile subjective and objective readiness indicators, yet they are generally applied
to high-TRL or operationally validated systems. Across these approaches, uncertainty is
rarely treated as a system-level quantity that can be formally propagated from both TRL
and IRL inputs to overall readiness.

In contrast, the proposed methodology explicitly distinguishes and models two com-
plementary sources of uncertainty: (i) epistemic uncertainty in TRL assessment, arising
from subjective expert judgment and represented through probabilistic TRL distributions,
and (ii) interface uncertainty, associated with estimating the IRL across subsystem pairs in
the absence of validated integration architectures.

The framework introduces an explicit separation between three methodological layers
often conflated in prior studies: (i) the probabilistic representation of the TRL and IRL,
reflecting the fact that subsystem technologies and interfaces are not characterized by fixed
maturity values but by stochastic distributions, (ii) the formal uncertainty propagation
problem, which explicitly addresses how uncertainties at the technology and integration
levels combine and propagate to affect system-level readiness, and (iii) the algorithmic
implementation, in which Monte Carlo simulation is employed solely as a numerical
tool for the uncertainty propagation problem, while the readiness model is fully defined
independently of the chosen algorithm. This distinction avoids conflating the conceptual
model with a particular numerical solution.

This decomposition increases the conceptual transparency, strengthens the procedural
consistency, and ensures reproducible results—addressing key limitations observed in
deterministic or score based SRL frameworks. As a result, the framework produces SRL
distributions rather than single point estimates, enabling percentile-based interpretation of
readiness stages, confidence interval analysis, and exploratory sensitivity analysis. By sim-
ulating stochastic dependencies among subsystems and incorporating uncertainty in both
technological maturity and interface readiness, the approach yields a more realistic charac-
terization of system-level readiness during early-stage design—precisely when information
is incomplete, architectures are evolving, and epistemic uncertainty predominates.

Beyond this structural contribution, the framework integrates qualitative expert-based
TRL assessment with a quantitative SRL estimation that explicitly captures stochastic
dependencies—an aspect seldom addressed even in more mature sectors. While hybrid
or qualitative—quantitative readiness frameworks exist, they generally assume mature or
well-validated systems. In contrast, the present methodology is tailored to early conceptual
phases characterized by limited empirical integration data and ambiguous interface ma-
turity providing a replicable, transparent, and domain-agnostic structure that advances
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current readiness assessment practices. As such, this framework offers one of the first
uncertainty-aware SRL assessments for emerging multimodal mobility systems.

Moreover, the proposed structure remains compatible with future methodological
extensions, including Bayesian TRL updating, fuzzy logic scoring, or hybrid evidence-based
reasoning, as additional empirical data become available.

1.5. Paper’s Organization

The remainder of this paper is organized into five main sections. Section 2, Materials
and Methods, introduces the essential definitions of the Technology Readiness Level (TRL),
Integration Readiness Level (IRL), and System Readiness Level (SRL). It then describes the
hybrid methodology adopted in this study, which combines qualitative and quantitative
approaches. This section explains the system breakdown structure, the procedure for TRL
assessment using expert judgment and heat maps, and the probabilistic approach for SRL
estimation through Monte Carlo simulation.

Section 3, Results, summarizes the findings from the qualitative and quantitative
analyses, including TRL heat maps for key subsystems, descriptive statistics for individual
SRLs and the Composite SRL (CSRL), confidence interval analysis, correlation matrices,
and assessment of how subsystem interrelationships affect overall readiness.

Section 4, Discussion, interprets these results in the broader context of system readiness
assessment. It emphasizes the role of integration readiness and uncertainty management,
discusses the implications for system engineering practice, and identifies critical areas for
improvement in Pods4Rail. This section also outlines recommendations for future research
and methodological refinements.

Finally, Section 5, Conclusions, summarizes the main contributions of the study. It
highlights the effectiveness of the proposed hybrid framework for early-phase SRL estima-
tion, its applicability to complex multimodal mobility systems, and its potential to support
informed decision-making and risk management.

2. Materials and Methods
2.1. Definitions

To facilitate understanding and maintain consistency, the essential definitions are
presented as follows:

Technology Readiness Level (TRL): A nine-level scale that measures the maturity of
individual technologies, ranging from basic principles observed (TRL 1) to proven systems
in operational environments (TRL 9). While widely used, the TRL does not account for
integration challenges or system-level performance. The scale for the different TRLs is
included in Appendix A.

Integration Readiness Level (IRL): A complementary metric that evaluates the matu-
rity of interfaces between technologies and subsystems. The IRL measures compatibility,
interoperability, and interface stability, which are critical for achieving system-level func-
tionality. The levels range from a conceptual understanding of integration (IRL 1) to
proven integration in operational environments (IRL 9) [5,51,52]. These levels and their
corresponding descriptions are included in Appendix B.

System Readiness Level (SRL): A holistic indicator that combines the TRL and IRL to
assess overall system maturity. The SRL reflects not only component readiness but also
integration performance and operational feasibility. In this study, the SRL is expressed on a
five-level scale (1-5), corresponding to stages from concept refinement to operations and
support [5,51,52]. The mentioned scale can be found in Appendix C.
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2.2. General Methodology

Among the methodologies reviewed in the state-of-the-art analysis, several serve as the
foundation for the approach proposed in this paper. As discussed, the framework combines
both qualitative and quantitative methods to provide a comprehensive assessment of
system readiness.

For the qualitative component, the approach draws on the taxonomy category of
Readiness Assessment Models identified in the literature, particularly those described
by [22,26,27,31,32]. These models rely on expert judgment, checklists, document reviews,
and consensus-based evaluations. In this study, TRLs were assigned using external ref-
erences and the collective insights of project experts gathered during periodic meetings.
Further details of this assignment process are provided in Section 2.3. No formal method
such as Delphi was used.

This approach is considered appropriate for several reasons. Expert judgment is
widely recognized in the literature as a reliable mean of assessing readiness, particularly
during the early conceptual stages of system development when empirical data are scarce.
Additionally, documenting the discussions and rationale behind each TRL assignment
enhances the transparency and ensures that the process can be reviewed or replicated.
Finally, combining this qualitative assessment with quantitative methods results in a more
complete and evidence-based evaluation.

For the quantitative component, this study follows the methodology described by [3].
This approach, classified under the taxonomy category of TRL/SRL Hybrid Approaches,
integrates component-level TRLs with IRLs to estimate overall system readiness. By incor-
porating both technological maturity and integration performance, this method provides a
holistic perspective on system development.

The following sections present a detailed description of the qualitative and quantitative
methods employed in this study, including the procedures, criteria, and tools used for
system readiness assessment.

2.3. Methodology for Qualitative Analysis

As outlined in the General Methodology section, the Technology Readiness Levels
(TRLs) were assigned based on both external references and the collective expertise of the
project team. To provide a clearer context for this assessment, it is essential to define the
system and its components prior to evaluation.

A structured breakdown of the Pods4Rail vehicle was developed to decompose the
overall system into subsystems and components. This hierarchical structure was derived
from the project’s Functional Requirements Specification (FRS), which establishes the
functional and performance expectations for the system. The FRS [53] was produced
in an earlier work package dedicated to defining the initial set of requirements for the
Pods4Rail concept.

For the purpose of evaluating the readiness metrics described in this study, the con-
ceptual design of the Pods4Rail vehicle was divided into seven primary subsystems. Each
subsystem was further disaggregated into its constituent components to enable a detailed
analysis of the technological maturity. The complete breakdown structure is illustrated
in Figure 2.
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Figure 2. Pods4Rail breakdown structure.

This structure serves as the basis for evaluating the TRL of the seven core subsystems

in the Pods4Rail concept: 1 Planning and Operation System; 2 Logistics, Storage, Ticketing,
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and Booking; 3 Passenger Information System (PIS) and Incident Management; 4 Handling
System; 5 Transport Unit; 6 Rail Carrier Unit; and 7 Coupling System.

Once these subjects were defined, the TRL assessment was carried out by evaluating
them against specific criteria. These criteria are derived from the FRS. The FRS consolidates
the high-level operational requirements for the Pods4Rail system and, therefore, serves as
the reference framework for determining the TRL of each subsystem.

These evaluation criteria represent concrete measurable aspects of the subsystems
and their components, allowing their level of technological readiness to be assessed. The
criteria were derived from the requirements most relevant to maturity evaluation, ensuring
a focused and coherent TRL assessment.

Each criterion is linked to a specific functional requirement and is used to evaluate an
individual component through its associated technology, whose development level can be
measured. For example, within the Rail Carrier Unit subsystem and its Brake component,
an established criterion was “The braking system shall contemplate components related to
the active safety of the vehicle (e.g., Wheel Slide Protection)”. In this case, the technology
associated with meeting this criterion is WSP (Wheel Slide Protection) or similar solutions.
Since these technologies are already well established and widely used, a TRL of 7 was
assigned to this specific criterion-component-subsystem chain.

The TRL evaluation was conducted by a panel of five experts from the Pods4Rail
consortium, including specialists in vehicle engineering, control systems, operations, safety,
and multimodal system integration. The assessment took place across three structured
meetings in which experts independently proposed TRL ranges for each component based
on predefined criteria and then reached a shared consensus through moderated discussion.
Because the process was explicitly designed to achieve consensus rather than aggregate
independent ratings, statistical inter-rater reliability metrics (e.g., Kendall’'s W, ICC) were
not applicable. All criteria applied, together with the reasoning behind each TRL decision,
were documented in the project’s internal evaluation records, ensuring traceability and
reproducibility. The resulting TRL ranges were then used to define probabilistic TRL
distributions, capturing the epistemic uncertainty in the early-stage assessment, thereby
grounding the probabilistic SRL estimation in expert judgment while maintaining full
transparency:.

Each component could be evaluated against multiple criteria. Because TRL values were
assigned during periodic expert meetings, some degree of uncertainty was inevitable. To
capture this variability, the minimum and maximum TRL values for each component were
identified, providing a concise representation of its maturity. This hierarchical approach—
from system to subsystem, component, and associated technologies—offers a clear and
structured view of the overall technological readiness (Figure 3).

To facilitate interpretation, heat maps were created for each subsystem to display TRL
assignments and related analyses. These visualizations highlight components with the
highest and lowest technological readiness and link the number of evaluation criteria to
their TRL values. This approach enables the calculation of absolute and relative frequencies,
providing a clear overview of maturity levels across the Pods4Rail system.

The described methodology has been applied in one of the work packages of the
Pods4Rail project [54]. Accordingly, only the analysis and results of one of the most
representative subsystems are presented here. For this paper, the Rail Carrier Unit sub-
system was selected, as it represents one of the core subsystems of the Pods4Rail con-
cept, given that the system is designed to operate through the coupling of pods with an
autonomous underframe.

https://doi.org/10.3390/vehicles8020035


https://doi.org/10.3390/vehicles8020035

Vehicles 2026, 8, 35 14 of 36
System Subsystem (7
(Pods4Rail) defined) Component
TRL evaluation of
Technology linked the component's Consolidated TRL
technology based values for the
to the component
on the selected component

criteria (FRS)

Subsystem-level
TRL analysis

Figure 3. Steps for TRL evaluation through the selected hierarchy for Pods4Rail project.

Table 3 shows the results of the TRL assignment process for the Rail Carrier Unit
subsystem components. As an example, the Vehicle Linkage Devices component was
evaluated against five requirements derived from the FRS (“Number of criteria” column).
According to the table below, the five associated technologies or functionalities fall within
a TRL range of 3 to 4, indicating that further development is required, as the component
remains at the Observation of Basic Principles stage. TRL 8-9 components were intention-
ally excluded from this analysis. These elements correspond to fully mature technologies
whose functionality is already well established in conventional railway systems. In this
case, the only excluded element was the Vehicle body. Since it does not contribute to the
technological feasibility or the innovative aspects of the Pods4Rail concept, its inclusion
would provide no meaningful insight into system-level readiness. Moreover, incorporating
such legacy technology would artificially inflate subsystem-level TRL distributions and
mask the actual maturity gaps associated with the novel architectural and operational
elements under development.

A broader interpretation of these findings can also be drawn from the corresponding
heat map. This evaluation process was applied to all subsystems and their respective
components.

Figure 4 presents the heat map for the Rail Carrier Unit, showing the distribution of
TRL levels (1-9) across its components and the number of criteria used for each evaluation.
Absolute and relative frequencies are also included, which are essential for the subsequent
quantitative analysis. In Figure 4, the blue intensity of each cell reflects its absolute fre-
quency: zero appears as light blue, seven as the darkest shade, and all other frequencies are
shown with proportional color levels, forming a heat map.
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Table 3. Rail Carrier Unit TRL evaluation.

Rail Carrier Unit

Components Min TRL Max TRL Number of Criteria

Auxiliary operating equipment
Baseline data

Brake

Carrier systems, enclosures
Control apparatus for train operations
Doors, entrances

Electrical wiring

Information facilities

Interior appointments

Lightning

Monitoring and safety device
Pneumatic/hydraulic equipment
Power system, drive unit
Running gear

Vehicle linkage devices

WNWNENNNNNNAENN
BANNNNNNNNNO R NNo
NSO R, OWRNU R ®— N~

Subsystem: RAIL CARRIER UNIT

Observation of basic principles Technological development stage Maturity and commercialization stage
Total
Number of components: 16 TRL criteria per
component

1 2 3 4 5 7
Auxiliary operating equipment “—__— —
Baseline Data — _

Brake 0 0 B

Carrier systems, enclosures 0 0 1

Control npparn.ms for train 0 0 8
operations

Doors, entrances 0 0 4

Electrical wiring 0 0 6

Information facilities 0 0 5

Interior appointments 0 0 2

Lightning 0 0 3

Monitoring and safety device 0 0 9

l’neunmt'ic/hydraulic 0 0 1
equipment

Power system, drive unit 0 0 11

Running Gear 0 0 2

Vehicle Body 0 0 0

Vehicle linkage devices 0 0 5

0 4 14 20 1 4 38 0 0 81

0.000 0.049 0.173 0.247 0.012 0.049 0.469 0.000 0.000 1.000

Figure 4. Rail Carrier Unit heat map.

By combining hierarchical evaluation with visual representations, the methodology
delivers a comprehensive view of the Pods4Rail concept’s technological maturity. It enables
the detailed assessment of individual subsystems, components, and associated technologies,
while supporting a robust evaluation of the system’s overall technical feasibility.

2.4. Methodology for Quantitative Analysis

Once the main subsystems and components were identified, TRL and IRL values
were assigned based on expert judgment and external references, following the procedure
described in the General Methodology section. Although structured approaches such as
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the Delphi method can reduce uncertainty, they cannot eliminate it entirely, and some
variability remains inherent in human assessments. To address this subjectivity and the
uncertainty regarding component contributions and integration effects, a statistical ap-
proach was adopted. Following [3], Monte Carlo was applied to solve the propagation of
uncertainties (from TRL and IRL to SRL) problem, thereby mitigating the risks associated
with prescriptive metrics in early-phase evaluations.

To improve transparency, the input data used in the probabilistic model are now
categorized as follows: for the TRL, (i) observed values for technologies that already
exist in operational railway practice (e.g., braking, wiring, structural systems), (ii) expert-
estimated values for components under development but with partial specifications or
analogous references, and for the IRL, (iii) assumed distributions for IRL values, which
reflect uncertainty in subsystem interactions at this early conceptual stage.

In this way, observed data were used when subsystem technologies already exist
in operational railway markets (e.g., TRL 6-7 technologies such as braking, wiring, and
structural components); expert-estimated values were used for technologies under develop-
ment but with partial prototypes, architectural specifications, or analogous references; and
assumed values were used exclusively for IRL distributions where empirical integration
data are not yet available, following a conservative early-phase modeling strategy.

In this context, the calculation of the SRL for the Pods4Rail system follows these
main steps:

e  Construction of TRL Scaled Matrix (TRLg.): TRL levels for each subsystem are identi-
fied and linked to their frequencies, which are interpreted as probabilities based on the
qualitative heat map analysis. These probabilities serve as input for the Monte Carlo
simulation. Using these probability inputs, the TRL scaled matrix is subsequently
constructed to be employed in further matrix-based operations.

e  Construction of IRL Probability Matrix (IRLp) and IRL Scaled Matrix (IRLg.) between
subsystems i and j (IRL;;): Relationships among the seven subsystems are defined
under the assumption of full interaction. Figure 5 illustrates these connections, and
IRL probabilities are assigned according to integration assumptions. In Figure 5, the
numbers represent the number assigned to each subsystem and the lines represent the
relationships between subsystem i and subsystem j.

e  Construction of SRL Scaled Matrix (SRLg.) and determination of CSRL: Using the
approach proposed in [3], SRL values are computed for each subsystem through
matrix-based operations, and the SRLs are linear combinations of the products of
TRLs and IRLs. The Composite SRL (CSRL) is then obtained as the arithmetic mean
of individual subsystem SRL values. The CSRL provides an overall measure of

system maturity.

Figure 5. Estimated relationships between the seven Pods4Rail subsystems.
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2.4.1. Construction of TRL Scaled Matrix TRLg,

The Monte Carlo method relies on repeated random sampling (N iterations) to ad-
dress uncertainty propagation, such as variability in TRL and IRL assignments. This
approach enables the estimation of system behavior and the derivation of probability
distributions, requiring predefined distributions for all uncertain variables. The first step
involves constructing a TRL scaled matrix for the seven subsystems. To this end, probability
distributions for the TRL levels of each subsystem are required.

In this and subsequent sections, as a convention, the different variables are represented
in italics, in normal font for scalar variables and in bold for matrices.

Relative frequencies from the qualitative assessment (Figure 4) are interpreted as
probabilities associated with each TRL level, representing the likelihood of subsystem
maturity. These probabilities form the basis for the simulation. Table 4 summarizes the TRL
probability values derived from the Pods4Rail project outcomes [54], where the probabilities
add up to 1 in each row.

Table 4. TRL probabilities for subsystems.

Subsystem

Probabilities for Each TRL

TRL1 TRL2 TRL3 TRL4 TRL5 TRL6 TRL7 TRLS TRL9

1. Operations and
Planning System

0.000 0.190 0.143 0.587 0.064 0.016 0.000 0.000 0.000

2. Logistics, Storage,
Ticketing, and Booking

0.000 0.429 0.048 0.190 0.238 0.095 0.000 0.000 0.000

3. PSI and Incident
Management

0.000 0.173 0.250 0.250 0.231 0.096 0.000 0.000 0.000

4. Handling System

0.000 0.833 0.056 0.111 0.000 0.000 0.000 0.000 0.000

5. Transport Unit (TU)

0.000 0.111 0.000 0.125 0.056 0.000 0.708 0.000 0.000

6. Rail Carrier Unit (RCU)

0.000 0.049 0.173 0.247 0.013 0.049 0.469 0.000 0.000

7. Coupling System

0.000 0.278 0.167 0.167 0.028 0.000 0.360 0.000 0.000

During the Monte Carlo simulation, TRL values for each subsystem are sampled
from their respective probability distributions. For each of the N iterations, the algorithm
randomly selects TRL levels from 1 to 9, weighted according to the subsystem’s probability
distribution (which must sum to 1). This process generates a set of seven TRL values per
sample, capturing the variability and uncertainty inherent in expert-based assessments.
Unlike deterministic approaches, this method leverages probability distributions to repre-
sent maturity levels realistically. Once sampled, TRL values are linearly scaled to the [0-1]
range, ensuring TRL 1 corresponds to 0 and TRL 9 to 1, thereby standardizing the values
for subsequent matrix operations. The scaling function TRL(_; is defined as in (1):

TRL -1

TRLy1 = —¢

(1)

After generating N samples and applying the scaling, the resulting TRLg, matrix (Sc
subindex denotes the scaled matrix) is structured as indicated in (2):

TRL;; -+ TRLyn
TRLsc= | : = (2)
TRL7; --- TRLyyn
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where TRLg, is a 7 x N matrix, with 7 representing the number of subsystems and N the
number of samples, and TRL;; denotes the scaled TRL value of subsystem k in sample .

This scaled matrix constitutes the input for the subsequent matrix-based calcula-
tions that combine TRL and IRL information to compute the SRL of each subsystem and,
ultimately, the composite SRL (CSRL) of the overall system.

2.4.2. Construction of IRL Probability Matrix (IRLp) and IRL Scaled Matrix (IRLsg,)

Integration Readiness Level (IRL) values are generated to characterize subsystem
interactions using a procedure similar to TRLg, matrix construction. Unlike the TRL, which
spans nine levels, the IRL values in this study are restricted to levels 4, 5, and 6, reflecting
the transition from Conceptual understanding of integration (IRL 4) to Implementation and
testing in controlled or relevant environments (IRL 6) [5]. This range aligns with the current
maturity of Pods4Rail, where integration efforts are moving toward realistic testing.

The probabilities for IRL assignments are summarized in Table 5. For self-interactions,
IRL 6 is given the highest probability (0.8), as the subsystems are inherently integrated
with themselves. For interactions between different subsystems, IRL 5 receives the highest
probability (0.5), while IRL 4 and IRL 6 are each assigned 0.25. This ensures balanced distri-
butions that sum to 1 and provide a coherent representation of the integration readiness.
Note that self-interactions will later be recoded as IRL 9 to reflect full integration status.

Table 5. IRL probabilities.

Assignation of IRL Probabilities

Integration of Subsystem i with Subsystem j Integration of Subsystem i with Itself
IRL =4 IRL=5 IRL=6 IRL =4 IRL =5 IRL=6
0.25 0.5 0.25 0.1 0.1 0.8

To enhance the transparency of the probabilistic model, we explicitly document the
assumptions underlying the IRL distributions. First, the IRL range was restricted to levels
4-6 because lower levels (1-3) correspond to preliminary interface identification already ful-
filled by the conceptual system architecture, whereas higher levels (7-9) require empirical
integration testing that is not yet feasible at this early stage. Second, higher probabilities are
initially assigned to self-interactions to reflect the expectation that each subsystem will ulti-
mately achieve full internal interoperability, consistent with systems-engineering practice.
In the final IRL Scaled Matrix (IRLg,), the diagonal elements representing self-interactions
are set to one, explicitly reflecting the full integration of each subsystem with itself. Third,
the absence of empirical integration data at this phase of Pods4Rail development necessi-
tated the adoption of assumed IRL probability distributions; these assumptions follow a
conservative modeling strategy commonly used in early-stage readiness assessment.

Once the IRL values and their corresponding probabilities are defined, the full IRL
Probability Matrix (IRLp) can be constructed. This is a three-dimensional matrix of size
7 x 7 x 3, where rows correspond to subsystem i and columns to subsystem j, and the third
dimension represents the probability of IRL being equal to 4, 5, and 6 for each subsystem
pair (three layers corresponding to the three restricted IRL values).

Each element of the matrix IRLp(i,j, :) is a vector [probg-RL:A‘) probEjRL:S) probEjRL:@
that describes the likelihood of each IRL level between a pair of subsystems. This structure
ensures that the readiness assessment reflects both the current development stage and the
practical feasibility of subsystem integration.
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Mathematically, the three-dimensional IRLp matrix can be represented as (3)

g =1 corresponding to Probabilities of IRL = 4
IRLp(:,:q) with g =2 corresponding to Probabilities of IRL =5 3)
q = 3 corresponding to Probabilities of IRL =6

As an example, the second layer corresponding to the probabilities of IRL 5 (g = 2) can
be expressed as the following two-dimensional matrix (4). Each row and column represents

5)

subsystems i and j reaches IRL level 5. The other layers (IRL 4 and IRL 6) are structured in

a subsystem, and each element prob;”’ indicates the probability that the interaction between

a similar way. The three probabilities for each i,j pair also add up to 1.

(5)

Pmbﬁ) proby, --- proby,
(5) (5) 5)
rob rob .-« prob
IRLp(,2) = || 21 Po%22 . provay (4)
prob;i) probé?z) cee prob%)

Once IRLp is defined and constructed, the next step is to generate the IRL scaled
matrix denoted as IRLg,. Similar to the TRLg, matrix, the values in IRLg, are scaled to be
in the range of 0 to 1 using the same scaling function as in (1).

The following conditions are applied when constructing IRLg.: (Condition A) the
probabilities used for the construction are stored in IRLp matrix, (Condition B) the matrix
is symmetric where IRL;; = IRL;;, and (Condition C) the scaled IRL values for self-
interactions (diagonal elements) are set to one.

Considering these requirements, a three-dimensional IRL matrix of size 7 X 7 X N is
generated, composed of bi-dimensional matrices of size 7 x 7 for each of the N samples,
with random numbers in the [0, 1] range. These random IRL values are generated by
sampling from the probability distributions defined in IRLp, ensuring that each layer
reflects the assigned likelihoods rather than arbitrary randomness. Each layer of the
resulting three-dimensional matrix is symmetric, and the diagonal elements are equal to 1.
In the final structure, rows correspond to subsystem i and columns to subsystem j, and the
third dimension corresponds to the sample index.

Mathematically, the resulting matrix can be expressed as

(1) (1) (N) (N)
IRLYY - IRLY) IRLYY - IRLYY
IRLg, = S S PR : : )
1 1 N N
IRLY) - IRLYY IRLYY - IRLY

where [ RLE?) represents the scaled IRL value between subsystems i and j in the u-th sample.

2.4.3. Construction of SRL Scaled Matrix (SRLs,) and Determination of CSRL
Following the formulation proposed in [3], the SRL Scaled Matrix is computed as (6)
SRL,
SRL;
SRLg, = | . | = Norm x IRLg, x TRLs, (6)
SRLy

where w denotes the total number of evaluated subsystems, which, in this case, equals 7,
and where x denotes matrix multiplication.
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The normalization matrix Norm is a w X w diagonal matrix used to re-scale the SRL
values from [0 — m;] to [0 — 1]. It is defined as (7)

1
a0 -0
0 mi o0
Norm = | z ) . @)
o 0 --- m%,

where m; represents the total number of integrations of subsystem i with itself and with all
other subsystems. Since each subsystem in Pods4Rail interacts with six other subsystems
in addition to itself, all subsystems share the same value m; = 7. Consequently, the
normalization matrix reduces to a 7 x 7 diagonal matrix with constant diagonal elements
equal to 1/7. For simplicity, this matrix is hereafter denoted as SRLF.

The proposed Monte Carlo method for SRL calculation combines the two bi-
dimensional matrices, SRLr and TRLg,, with the three-dimensional IRLg., which contains
7 x 7 x N elements. At each iteration, the corresponding bi-dimensional IRL layer I RLééi
is extracted and integrated with the normalization and TRL matrices. The SRL vector for

iteration g is computed as (8):
(g) _ (g) (g)
SRLg, = SRLF x IRLg, x TRLg, 8)

where TRngC) corresponds to the g-th column of TRLg, matrix. This procedure is repeated
across all N samples, where g is an auxiliary index running from 1 to N.

As a result, an SRL matrix of dimensions 7 X N is obtained, where each row corre-
sponds to a subsystem, and each column contains the results for each sampled scenario
from 1 to N. This structure captures the variability in subsystem readiness arising from the
uncertainty embedded in the TRL and IRL inputs.

The resulting SRLg. matrix can be expressed as (9)

srL{Y srL® ... srL{M
srLYY srL? ... SRLM

SRLg, = : : , : ©)
srRLY srL? ... SrLMV

where SRLl(g ) represents the obtained SRL value for subsystem i in the g-th sample.
To obtain a system-level maturity indicator, the Composite SRL (CSRL) is introduced
as the arithmetic mean of all the individual SRLs (10):

CSRL = (10)

Y’ SRL;
e

According to the Monte Carlo procedure, N different results for the CSRL will be
obtained. This empirical distribution will allow the statistical analysis of the resulting
range and the study of the statistical related variables arising from the application of the
Monte Carlo method and, in turn, arising from the subjective assignment of the TRL and
IRL values.

It is important to clarify how the stochastic dependence between the TRL and IRL
is treated within the proposed probabilistic framework. At the input stage, the TRL and
IRL values are sampled independently, because no empirical evidence or expert-elicited
data currently supports defining a joint probability distribution between technological
maturity and interface maturity during this early conceptual phase. However, dependence
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is introduced structurally through the SRL computation itself: in (6), every IRL;; inter-
acts multiplicatively with TRL;, causing subsystem-level readiness outcomes to become
statistically correlated even if input marginals are sampled independently. In addition,
TRL distributions derived from qualitative heat maps indirectly encode subsystem-level
variability, which further contributes to correlated behavior across SRL outputs. Thus,
correlation in the resulting SRL distributions emerges naturally through uncertainty propa-
gation rather than being imposed a priori. This structural dependence explains the positive
correlations observed in the simulated SRL outputs.

3. Results
3.1. Qualitative Analysis Results

The qualitative assessment focused on evaluating the technological maturity of
Pods4Rail subsystems through expert judgment, bar charts, and heat maps based on TRLs.
The analysis covered seven major groups of criteria derived from high-level functional
requirements, including planning and operation systems, logistics and storage, ticketing
and booking, passenger information systems, incident management, handling systems,
transport units, rail carrier units, coupling systems, and rail-road interfacing.

Overall, most criteria apply to both passenger and freight scenarios, with a slight pre-
dominance of passenger-related requirements. Categories such as efficiency, sustainability,
and safety emerged as critical for both operational contexts, while aspects like passenger
comfort or specific freight packaging were less influential at the system level. The largest
technological challenges were identified in areas linked to automation, digitalization, and
sustainability, reflecting the complexity of integrating advanced control systems, smart
infrastructure, and energy optimization technologies.

Heat maps revealed heterogeneous maturity levels across subsystems. Components
such as Transport Units and Rail Carrier Units exhibit relatively high TRLs (up to 7) for
structural and conventional railway technologies, whereas elements related to planning
and operation, incident management, and handling systems remain at early development
stages (TRL 2—-4), indicating significant gaps in automation and interoperability. Coupling
mechanisms and multimodal interfacing also show low maturity for critical integration
features, despite some advanced mechanical components.

In summary, the qualitative analysis highlights a fragmented readiness landscape:
while certain hardware subsystems approach operational maturity, software-driven func-
tionalities and integration capabilities require substantial development. These findings
underscore the need for targeted efforts in automation, data management, and safety-critical
systems to achieve coherent system-level feasibility.

3.2. Quantitative Analysis Results

The system parameters used in the quantitative analysis are summarized in Table 6.

Table 6. System parameters used in the quantitative analysis.

Monte Carlo Method Used Parameters

N (num samples) m; w

50,000 7 7

These parameters served as the input for generating the TRLg,, IRLg,, and SRLg,
matrices. Of the N samples, (11)—(13) show the results obtained for the first sample run.
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[0.3750]
0.5000
0.3750
TRLs.(;,1) = |0.1250 (11)
0.7500
0.6250
0.2500 |

[1.000 03750 0.5000 0.6250 0.5000 0.5000 0.3750]
0.3750 1.000 0.3750 0.3750 0.3750 0.6250 0.5000
0.5000 0.3750 1.000 0.5000 0.5000 0.3750 0.6250
IRLgc(:,:,1) = |0.6250 0.3750 0.5000 1.000 0.3750 0.3750 0.5000 (12)
0.5000 0.3750 0.5000 0.3750 1.000 0.5000 0.5000
0.5000 0.6250 0.3750 0.3750 0.5000 1.000 0.6250
10.3750 0.5000 0.6250 0.5000 0.5000 0.6250 1.000 |

[0.2299]
0.2321
0.2254

SRLs.(:,1) = [0.1964 (13)
0.2567
0.2634

0.2433 |

3.2.1. Descriptive Statistical Analysis for Individual SRLs and CSRL

For each SRL and the composite CSRL, descriptive statistics (mean, median, standard
deviation, and percentiles 5-95%) were calculated. The results of the statistical analysis
can be seen in Figure 6, where a color scale was used in the following table to visually
distinguish higher values (darker) from lower ones.

Statistical Results from Montecarlo method

Medians Sta_ndfard Minimum Maximum Percentile 5% . Percentile 95%
Deviations
RL1 0217434 0.216518 0040726 0.073661 0377232 | 0.149554 0.285714
SRL2 0216872 0216518 0.044349 0.075893 0379464 | 0.145089 0290179
SRL3 0.219790 0.218750 0042565 0.073661 0.388393 0.149554 0.290179
SRL4 0.205989 0.205357 0.039748 0.075893 0.383929 0.142857 0.272321

0.046145

0

0390625

0.224718 0223214

COMPOSITE SRL

0.222275 0.222895

)3 0.145089

[ oomcar |
[ 0.079082 ' 288903

0.373724 |

Figure 6. Descriptive statistical results.

Analyzing the results, the mean SRL values from subsystems 5 (0.2387), 6 (0.2324),
and 7 (0.2247) show higher values than the CSRL mean (0.2223), indicating that these
subsystems are ahead in terms of maturity and development within the Pods4Rail system.
In contrast, components 1 (Planning and Operation System), 2 (Logistics, Storage, Ticketing
and Booking), 3 (PIS and Incident Management), and 4 (Handling System) have mean
values below the CSRL, suggesting that they have a lower level of development and are
behind the whole system lifecycle’s phase.

The CSRL median (0.2229) is slightly above its mean, suggesting the presence of a
negative bias; that is, there are several lower values that are slightly pulling the mean

https://doi.org/10.3390/vehicles8020035


https://doi.org/10.3390/vehicles8020035

Vehicles 2026, 8, 35

23 of 36

to the left. A similar pattern of small negative or positive biases is observed across the
individual SRLs, although the differences are small, suggesting that the distributions are
approximately symmetrical.

The standard deviations, which are generally low, indicate controlled variability and
that the individual SRLs and CSRL are not too scattered. SRL 7 exhibits the highest
variability (0.0499), while SRL 4 (0.0397) shows the most consistent values. The CSRL has a
moderate variability with a standard deviation of 0.0409.

The percentiles provide further insight into data dispersion: both percentile 5% and
percentile 95% for each variable (SRLs and CSRL) define a central 90% probability interval
of the empirical distribution. However, these percentiles reflect the variability of the
simulated outcomes rather than the precision of the estimated mean values. To quantify the
statistical reliability of the mean estimates, 90% confidence intervals are therefore computed
for all variables.

3.2.2. Confidence Interval Analysis for Individual SRLs and CSRL

The 90% confidence interval (CI) of the mean for all the variables was calculated,
obtaining the results that are shown in Figure 7.

90% CI of variables' means

. Sample Lower Upper
Variables Means STD EE Limit Liatt
0217434 [0.040726 | 0.000182 | 0217133 | 0217735
SRL2 0216872 [0.044349[0.000198 [ 0216545 | 0217199
SRL3 0219790 [ 0.042565 [0.000190 | 0219476 | 0220104
SRL4 0.205989 [0.039748 [0.000178 [0.205696 | 0206282
SRL5 0238691 [0.046145 [0.000206 | 0238350 | 0.239032
SRL6 0.232428 [0.046847[0.000210 [ 0.232082 [ 0232774
SRL7 0224718 |0.049876 |0.000223 | 0.224350 | 0225086
COMPOSITESRL | (0.222275[0.040916 |0.000183 | 0221973 | 0.222577
N 50,000
Cl 90 %
Z 165

Figure 7. Results for the CI analysis.

These results enable a more nuanced analysis of which components are performing
above or below the overall development level of the Pods4Rail system, going beyond
what a simple comparison of means can reveal. A more robust evaluation is achieved by
considering not only the mean values but also the 90% probability interval of its means for
each variable.

In Figure 8, each individual SRL is shown with its corresponding 90% probability
interval of its means, represented as blue ranges indicating both the lower and upper limits.
The main variable, CSRL, is represented as a solid red line with its 90% probability interval
clearly visible, facilitating comparison with the seven individual SRLs. The percentile
bands in Figure 8 represent the variability of the simulated SRL distribution, while the
confidence intervals indicate the statistical uncertainty of the estimated mean.
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Figure 8. 90% CI of the analyzed variables.

Notably, there are no overlaps between the probability intervals of the component
SRLs and the CSRL, confirming the observations previously drawn from the mean compar-
isons. This consistent pattern allows extending the interpretation to the population level:
subsystems 5, 6, and 7 are above the whole state of development of the Pods4Rail system.
On the other hand, subsystems 1, 2, 3 and 4 are behind the maturity of the whole system,
with subsystem 4 being the one that needs more work to develop individually and achieve
a level of development appropriate for the system. The lower level of development of
component 4 (PIS and Incident Management) can be explained by the presence of disturbed
operational modes and the unavailability of specific requirements for the appropriate
handling of these modes.

It is important to distinguish between the descriptive statistics derived from the Monte
Carlo simulation (e.g., means, standard deviations, and percentiles) and the confidence
intervals calculated for the mean SRL estimates. The descriptive statistics and percentiles
characterize the distribution of simulated SRL values across all Monte Carlo iterations,
reflecting the variability introduced by the underlying TRL and IRL uncertainties. In
contrast, the confidence intervals quantify the statistical uncertainty associated with the
estimated mean, indicating how precisely the expected SRL value is determined. Thus,
the percentiles describe the spread of the SRL outcomes, whereas the confidence intervals
describe the precision of the mean estimate. This distinction highlights the difference
between the variability of system readiness outcomes and the certainty associated with the
average SRL estimate.

3.2.3. Histogram for Individual SRLs and CSRL

A histogram was generated to illustrate the distribution of the CSRL values obtained
from the simulation with N = 50, 000 samples (Figure 9). The X-axis represents the CSRL
values, which generally range between 0 and 0.4, with some values falling below 0.1 and a
few exceeding 0.35. These values are grouped into intervals of 0.005 across the entire range.
The Y-axis shows the frequency of values within each interval on the X-axis; notably, the
maximum frequency for any interval does not exceed 2500.
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2500

2000

1500

Frequency

1000

500

COMPOSITE SRL Distribution
|

Percentile 5%: 0.15
\
Percentile 95%: 0.29

0.05 0.1 0.156 0.2 0.25 0.3 0.35 0.4
COMPOSITE SRL Values

Figure 9. Histogram for the CSRL.

The histogram also includes two vertical red lines marking the 5% and 95% percentiles.
The 5th percentile corresponds to 0.15, and the 95th percentile to 0.29. Therefore, 90% of
the CSRL values lie within the range of 0.15 to 0.29.

Based on this result and according to the theoretical framework, the CSRL—
representing the System Readiness Level of the Pods4Rail system—falls between SRL1
(Concept Refinement) and SRL2 (Technology Development) stages, as defined in Ap-
pendix C (Figure 9).

It is important to emphasize that this histogram represents the behavior of CSRL values
within the sample and should not be interpreted as an extension to the population or as a
confidence interval. Unlike a 90% confidence interval, which estimates the precision of the
population mean, the histogram provides a comprehensive view of the sample distribution,
highlighting both the dispersion and concentration of values without relying on statistical
assumptions. Whereas confidence interval analysis focuses on the mean and its margin
of error, the histogram captures the variability across all Monte Carlo scenarios. Given
the large number of samples used in this study, the histogram effectively represents the
variability of the CSRL, making it the primary tool for interpreting the System Readiness
Level of Pods4Rail, while the CI was used solely to compare the range of means across the
seven component SRLs and the CSRL.

3.2.4. Correlation Analysis for SRLs

A correlation analysis was performed between the seven individual components’ SRLs,
as shown in (14). As expected, this matrix is symmetrical, since the correlation coefficient
between component i and component j must be the same as the one between component j
and component i independent of the order of analysis. The diagonal shows a value of 1,
because the relationship of one variable with itself must have the highest value of Pearson’s
coefficient since it is perfectly related to itself.
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— SRL1 SRL2 SRL3 SRL4 SRL5 SRL6 SRL7]
SRI1 1.000 0.8311 0.8358 0.8387 0.8430 0.8368 0.8307
SRI2 0.8311 1.000 0.8228 0.8306 0.8242 0.8174 0.8087
SRL3 0.8358 0.8228 1.000 0.8340 0.8353 0.8270 0.8191 (14)
SRI4 0.8387 0.8306 0.8340 1.000 0.8387 0.8350 0.8299
SRL5 0.8430 0.8242 0.8353 0.8387 1.000 0.8307 0.8138
SRL6 0.8368 0.8174 0.8270 0.8350 0.8307 1.000 0.8080
|SRL7 0.8307 0.8087 0.8191 0.8299 0.8138 0.8080 1.000 |

Figure 10 presents the same information as the previous array, but in graphical form.
The scatter plot matrix reveals that the relationships between all pairs of variables are posi-
tively linear, with correlation coefficients close to 0.8, indicating a strong interdependence
among them.

Correlation Ma
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Figure 10. Model-induced correlation matrix of subsystem SRLs.
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The diagonal contains histograms representing each variable’s distribution. These
histograms suggest that the variables approximately follow a normal distribution, which
supports the validity of using Pearson’s correlation coefficient—an approach that assumes
a linear relationship between normally distributed variables. However, the justification for
Pearson’s correlation lies in the assumption that the joint distribution of the two variables
is normal, not merely their individual distributions. This can be visualized as a 3D plot
of the two variables, where the normality of their joint distribution becomes evident. The
normality of the data also reinforces the appropriateness of parametric statistical methods
for subsequent analyses, providing a more robust foundation for drawing conclusions.
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The off-diagonal cells display scatter plots of variable pairs. Correlation coefficients in
the range of [0.81, 0.84] confirm that all variables are strongly related. Nevertheless, the
components are not fully dependent on each other, suggesting that while the relationship
is significant, additional variability exists that is not captured by correlation alone.

Despite the strong correlations observed, these results should be interpreted with
caution. A high correlation coefficient indicates a strong association but does not imply
causation. External factors or underlying dependencies may influence these correlations,
meaning that changes in one variable might coincide with changes in another without
necessarily being the cause of those variations.

The positive correlations observed across the SRL indicators arise naturally from the
internal structure of the SRL formulation and the shared uncertainty in the TRL and IRL
inputs. Because all subsystem SRLs are computed from the same probabilistic TRL-IRL
distributions, correlated behavior emerges through the uncertainty-propagation process
and reflects structural coupling rather than construct redundancy. It is therefore essential
to emphasize that the correlations displayed in Figure 10 do not result from empirical data,
experimental observations, or independent statistical measurements. Instead, they are a
model-induced artifact of the shared stochastic inputs and should not be interpreted as
evidence of observed system-level co-variation.

4. Discussion

It is important to emphasize that this evaluation was conducted before the final system
proposal was completed. While modifications to the connections between components
have been considered, they do not result in significant changes to the system’s SRL. As seen
in previous analyses, the Pods4Rail’s SRL considered percentiles range from 0.15 to 0.29, re-
inforcing the stability of the system’s readiness level, despite variations in interconnections.

The findings of this study underscore the complexity of evaluating system readiness
in early design phases and highlight the advantages of adopting a hybrid approach that
integrates qualitative and quantitative perspectives. The qualitative analysis provided a
detailed view of technological maturity across Pods4Rail subsystems, revealing significant
disparities that reflect the heterogeneous nature of the system architecture. Components
such as braking systems, electrical wiring, and structural elements demonstrated high TRL
values, indicating near-operational readiness. In contrast, subsystems related to planning,
logistics, and incident management exhibited lower TRL levels, suggesting that these areas
require substantial development before achieving integration feasibility. These findings
emphasize the need for targeted resource allocation and development strategies to address
critical gaps in automation, digitalization, and sustainability.

The quantitative analysis builds on the qualitative insights by incorporating the IRL
into the estimation process, offering a more holistic view of system maturity. While the
TRL reflects the technological development of individual components, the IRL captures
the stability and compatibility of subsystem interfaces—an aspect often overlooked in
early-phase assessments.

To address uncertainty, the proposed methodology integrates the TRL and IRL through
a probabilistic model and applies Monte Carlo simulation to propagate these uncertainties
toward an SRL estimation. This approach generates a distribution of SRL values rather
than a single deterministic figure, providing a realistic representation of system readiness
under incomplete information.

A key contribution of this work is the explicit handling of uncertainty across both
technological and integration levels, which contrasts sharply with traditional SRL frame-
works. Traditional deterministic approaches and matrix-based SRL methods assume fixed
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maturity values, which prevents the formal propagation of uncertainty and neglects the
epistemic gaps present in early conceptual phases.

Bayesian approaches represent one alternative for uncertainty modeling; however, their
focus typically remains at component-level maturity rather than full system integration.

Fuzzy-logic and MCDM-based methods (e.g., fuzzy-TOPSIS, fuzzy-AHP, COPRAS) of-
fer another route for managing imprecision in expert judgment. Nevertheless, like Bayesian
methods, they lack the capacity to model how uncertainty at lower levels affects the total
system readiness, and they leave system-level stochastic dependencies largely unmodeled.

An additional clarification concerns the role of stochastic dependence in the pro-
posed framework. Unlike Bayesian or fuzzy-logic approaches, which require the explicit
specification of joint TRL-IRL relationships, the present method adopts a conservative
early-phase strategy in which uncertainty is captured by independent marginal distribu-
tions while correlation is induced through the propagation mechanism. This allows the SRL
outputs to reflect realistic interdependencies among subsystem readiness levels without
introducing unsubstantiated assumptions at a stage where empirical integration data are
not yet available.

The framework proposed in this work advances the state of the art by separating three
methodological layers typically blended in previous studies: (i) the probabilistic model,
(ii) the formal uncertainty-propagation problem, and (iii) the Monte Carlo algorithm used
to solve this propagation problem. This structured separation improves reproducibility
and clarifies how subsystem-level uncertainties influence overall system maturity. It also
enables the generation of empirical SRL distributions and confidence intervals—capabilities
largely absent in existing readiness-assessment methodologies.

The simulation results indicate that Pods4Rail currently falls between SRL 1 and SRL
2, corresponding to the concept refinement and technology development stages. This
outcome aligns with the project’s lifecycle phase, where efforts focus on reducing tech-
nological risks, validating integration assumptions, and defining operational strategies.
Subsystems such as the Transport Unit and Rail Carrier Unit exhibit higher readiness levels
compared to planning and logistics components, suggesting that hardware development
is advancing more rapidly than software-driven functionalities. Nevertheless, the IRL
analysis reveals that even mature subsystems face integration challenges, particularly in
data exchange, interface management, and coupling mechanisms. These findings confirm
that achieving system-level readiness requires not only technological progress but also
robust integration strategies.

Beyond the Pods4Rail case, the implications of this work are significant. First, the
overall system readiness cannot be inferred solely from component maturity; integration
readiness is a decisive factor for feasibility. Second, the quantitative approach explicitly
distinguishes between the probabilistic model (representing uncertainties in TRL and
IRL), the problem of uncertainty propagation to SRL, and the algorithm used to solve
this problem—Monte Carlo simulation. This structure provides a robust mechanism for
managing uncertainty, enabling decision-makers to plan for a range of possible outcomes
rather than relying on single-point estimates. Such capability is particularly valuable in
early design phases, where assumptions about subsystem interactions and operational
conditions are subject to change. Finally, the methodology establishes a foundation for
iterative refinement as new data become available, supporting continuous improvement
throughout the system development lifecycle.

Future research should focus on validating the proposed framework with empirical
integration data, incorporating advanced simulation techniques for subsystem interactions,
and extending the approach to include economic and sustainability considerations. Addi-
tionally, integrating stakeholder perspectives into the readiness assessment process could
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enhance its comprehensiveness, ensuring that the technical feasibility aligns with opera-
tional requirements and strategic objectives. By addressing these dimensions, readiness
assessment can evolve from a purely technical exercise into a holistic decision-support tool
that guides innovation toward successful implementation.

5. Conclusions

This study demonstrates the effectiveness of a hybrid framework for assessing system
readiness in the early design phases of complex multimodal mobility systems. By inte-
grating qualitative and quantitative approaches, the methodology addresses the inherent
uncertainty associated with limited empirical data and incomplete subsystem integration.
The qualitative analysis, based on expert judgment and visual heat maps, provides a de-
tailed view of technological maturity across Pods4Rail subsystems, highlighting critical
challenges in automation, digitalization, and sustainability. These findings underscore the
importance of prioritizing development efforts in areas that exhibit lower readiness levels,
such as planning and logistics.

The quantitative analysis, implemented through Monte Carlo simulation, enabled the
estimation of the SRL under uncertainty by combining the TRLs and IRLs. The results
indicate that Pods4Rail currently falls between SRL 1 and SRL 2, corresponding to the
concept refinement and technology development stages. While subsystems such as the
Transport Unit and Rail Carrier Unit exhibit relatively higher maturity, others remain at
early development stages, requiring significant progress to achieve system-level integration
and operational feasibility.

Overall, the proposed methodology offers a replicable and transferable approach for
evaluating readiness in emerging mobility systems. Its ability to combine interpretative
insights with statistical rigor provides decision-makers with a robust tool for risk mitigation,
resource allocation, and strategic planning. Future work should focus on refining integra-
tion assumptions, incorporating real-world testing data, and extending the framework to
other domains where uncertainty and complexity pose similar challenges.

Compared with traditional deterministic SRL frameworks and qualitative-only readi-
ness assessments, the proposed approach offers significantly enhanced capability for uncer-
tainty management. By explicitly modeling TRL and IRL uncertainty and propagating it
through a Monte Carlo-based formulation, the framework provides empirical SRL distri-
butions, confidence intervals, and sensitivity insights that conventional methods cannot
produce. This enables more robust and transparent early-stage decision-making, particu-
larly for complex multimodal mobility systems characterized by incomplete information
and evolving subsystem interactions.
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Abbreviations

The following abbreviations are used in this manuscript:

AHP Analytic Hierarchy Process
CI Confidence Interval
COPRAS Complex Proportional Assessment

CSRL Composite SRL

CTE Critical Technology Element

DFMA Design for Manufacturing and Assembly
DMM Design Mapping Matrix

DSM Design Structure Matrix

FRS Functional Requirements Specification
GAO Government Accountability Office
HW/SW/IF Hardware/Software/Interface

IRL Integration Readiness Level

IRL;; IRL between subsystems i and j

IRLp IRL Probability Matrix

IRLg, IRL Scaled matrix

ISRLM Industrial Symbiosis Readiness Level Matrix
LCA Lifecycle Assessment

LCOE Levelized Cost of Energy

LCOH Levelized Cost of Hydrogen

MBD Model-Based Design

MBSE Model-Based Systems Engineering
MCDM Multi-Criteria Decision Making

MIA Multi-Index Analysis

MRL Manufacturing Readiness Level

PNSRL Petri Net SRL

QA Quality Assurance

R&D Research and Development

SME Small- and Medium-sized Enterprise
SoS System of Systems

SRLg, SRLs Scaled Matrix

SRA System Readiness Assessment

SRL System Readiness Level

SSTRA Smart SME Technology Readiness Assessment
TEA Techno-Economic Assessment

TOPSIS Technique for Order Preference by Similarity to Ideal Solution
TPL Technology Performance Level

TRLg, Two-Dimensional TRL Scaled matrix
TRA Technology Readiness Assessment

TRL Technology Readiness Level

VE Value Engineering

WSP Wheel Slide Protection
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Appendix A

This appendix presents the definitions of the Technology Readiness Levels (TRLs)

used throughout this paper. The purpose of this section is to provide a clear and consistent

reference for readers, ensuring a shared understanding of how the maturity of each tech-

nology has been assessed. Definitions from TRL 1-9 are generally known and they vary,

in a minimum way, depending on the source of consultation. For this paper, the scales in

ref. [5] have been used.

Table A1l. TRL scale definitions.

Stages TRL Definition
1 Basic Principals Observed and Reported
Observation of basic ’ Technology Concept and/or Application
principles Formulated
3 Experimental Proof-of-Concept
4 Component Validation in Laboratory Environment
Technological 5 Component Validation in Relevant Environment
development stage 6 System /Subsystem Model or Prototype Demonstration
in Relevant Environment
7 System Prototype Demonstration in
Relevant/Operational Environment
Maturity and 8 Actual System Completed and Qualified Through Test
commercialization stage and Demonstration
9 Actual System Proven Through Successful Mission
Operations
Appendix B

This appendix provides the definitions of the Integration Readiness Levels (IRLs)

referenced in this study. The aim is to offer a clear framework for understanding how the

integration maturity of the involved systems and components has been evaluated. The

IRL scale describes progressive stages of integration, from initial interface assumptions to

verified performance in an operational environment. For this paper, the IRL definitions

from [5] have been used.

Table A2. IRL scale definitions.

IRL Definition

1 An interface between technologies has been identified with sufficient detail
to allow characterization of the relationship.

2 There is some level of specificity to characterize the interaction between
technologies through their interface.

3 There is compatibility between technologies such that proper and efficient
integration and interaction is possible.

4 There is sufficient detail in the quality and assurance of the integration
between the technologies.

5 There is sufficient control between the technologies required to establish,
manage, and terminate integration.

6 The integration technologies can accept, translate, and structure information
for the intended application.

- The integration of the technologies has been verified and validated with
sufficient detail to be actionable.

8 The actual integration completed and qualified for use through testing and
demonstration in the system environment.

9 The integration has been proven through successful mission operations.
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Appendix C

This appendix defines the System Readiness Levels (SRLs) referenced in this paper.
Unlike technology or integration readiness, SRLs focus on the maturity of the system as
a complete entity, considering its performance, reliability, and operational capability in
real-world conditions. The presented scales have been extracted from [5].

Table A3. SRL scale definitions.

Level 0-1 Scale Name Definition

Refine the initial concept. Develop
1 0.1to0.2 Concept refinement  system
/Technology development strategy.

Reduce technology risks and determine

2 0.2t0 0.5 Technology and appropriate set of technologies to
development . .
integrate into a full system.
Develop the system while minimizing
risks, ensuring supportability,
3 0.5t0 0.8 System development affordability, safety, and operational
and demonstration . .
effectiveness, and demonstrating
integration and interoperability.
Production and Achieve operational capability that
4 0.8t0 0.9 o .
development satisfies mission needs.
Execute a support program that meets
. operational support performance
5 09to 1.0 Ope;jtlogftand requirements and sustains the system in
PP the most cost-effective manner over its
total lifecycle.
Appendix D

This appendix provides supplementary material intended to support the transparency
and interpretability of the probabilistic SRL framework applied in this study. Given the
early development stage of the Pods4Rail concept and the absence of validated subsystem-
interaction data, the material included here serves an exclusively illustrative purpose and
does not constitute empirical validation or formal sensitivity analysis. Instead, it offers
conceptual examples that clarify how specific modeling assumptions relate to the resulting
SRL distributions presented in the main text.

Illustrative Scenario of Alternative Subsystem-Interaction Assumptions

The figure included in this section presents a set of hypothetical subsystem-interaction
configurations used solely to illustrate how alternative structural assumptions may influ-
ence the dispersion of the Composite System Readiness Level (CSRL). These scenarios are
not derived from experimental evidence, operational observations, or verified architectural
models. Rather, they visualize representative “what-if” cases aimed at clarifying the behav-
ior of the probabilistic SRL model under different conceptual interaction patterns. Their
purpose is to demonstrate how the assumed level of interconnectivity among subsystems
can affect the propagation of TRL-IRL uncertainty, without implying robustness, sensitivity,
or empirical validation of the system architecture.

Three different interrelationships’ configurations (including the initial one in Figure 5)
have been tested to determine their influence in the percentiles 5% and 95% of the CSRL.
Figure A1 includes the comparison carried out. The interrelationship scenarios in Figure A1l
are presented solely to illustrate how different hypothetical subsystem-interaction struc-
tures influence the spread of the composite SRL.
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Figure Al. Illustrative examples of alternative subsystem-interaction assumptions and their effect on
the dispersion of the Composite SRL (not a sensitivity or robustness analysis).

The variations presented in Figure A1 constitute a basic exploratory sensitivity exercise
that illustrates how alternative subsystem-interaction assumptions affect the composite SRL.
Because empirical integration data are not yet available, the scenarios should be interpreted
as conceptual what-if analyses rather than formal robustness tests. A complete sensitivity
and uncertainty-importance analysis will be possible once architectural integration artifacts
are developed in later project phases.

As observed, the tendency indicates that when fewer connections between components
are considered, both percentiles of the CSRL tend to take higher values. In this sense, the
initial assumption of interrelationship remains the most conservative and appropriate
approach for evaluating the system’s overall System Readiness Level.

Despite the observed trend in response to changes in component relationships, at the
current stage of the project, the overall SRL of the Pods,Rail system remains primarily near
to level 5. At this phase, the system is in a stage of its lifecycle where efforts are focused
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on reducing technological risks and identifying the most suitable set of technologies to
integrate into a fully functional system.
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