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Abstract 

Despite the growing adoption of Augmented Reality (AR) in industrial maintenance, no 

structured methodology exists to systematically identify which operations are best suited 

for effective AR deployment. This study addresses this gap by proposing a five-step, 

Multi-Criteria Decision-Making (MCDM)-based selection framework for determining 

AR-compatible maintenance operations in high-speed railway systems. The framework—

applied under the AFNOR FD X 60-000 standard—integrates maintenance-level compat-

ibility analysis, multi-criteria filtering across five dimensions (operational frequency, exe-

cution complexity, safety impact, traceability, and scalability), and expert validation in-

volving 100 railway maintenance professionals. Applied to 12 candidate operations at a 

high-speed railway maintenance facility in Morocco, the framework identified OP10 (in-

sulating oil level verification of the Main Transformer) as the optimal pilot use case, con-

firming expert consensus (Kruskal–Wallis: H = 18.479, p < 0.001). The selected operation 

was subsequently integrated into a hybrid AR–Deep Reinforcement Learning architecture 

employing a Deep Q-Learning (DQL) agent for adaptive decision support, deployed on a 

Magic Leap 2 head-mounted device via a Unity-based rendering pipeline with hybrid 

marker-based and markerless computer vision tracking through Vuforia Engine. Experi-

mental validation conducted over three months under simulated and semi-operational 

conditions yielded a 34–47% reduction in intervention time, a 55–70% decrease in human 

error rates, and a 28–42% decline in failure-related costs. While results are currently lim-

ited to a single-site context, the proposed methodology is directly transferable to any as-

set-intensive, regulated maintenance environment beyond the railway sector. 

Keywords: railway maintenance; augmented reality; use case selection; MCDM; AHP; 

maintenance optimization; deep reinforcement learning 

 

1. Introduction 

In high-speed railway maintenance, the gap between technological potential and op-

erational reality is striking. Digital tools exist, AR solutions have been tested, and their 

economic viability has been demonstrated—yet on the ground, technicians continue to 

rely on paper-based inspection sheets, manual measurement tools, and experience-de-

pendent cross-referencing procedures, navigating dark engine compartments while 
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mentally cross-referencing tolerance tables. The problem is not the absence of solutions. 

It is the absence of a structured method for deciding where to start. 

This disconnect is rooted in three fundamental problems that persist across the sec-

tor. First, maintenance costs in railway systems are notoriously high—accounting for ap-

proximately 70% of the total lifecycle cost of train-sets [1]—and traditional visual inspec-

tion procedures remain time-consuming, experience-dependent, and prone to omission 

errors, particularly in complex multi-step operations carried out in constrained environ-

ments [2]. Second, knowledge transfer represents a critical and growing vulnerability: as 

experienced technicians retire, they carry with them tacit operational knowledge that is 

rarely formalized, creating skill gaps that degrade both consistency and safety [3]. This lim-

itation has been systematically documented across asset-intensive industries: spatial com-

puting technologies—including AR-based overlay systems and mixed reality environ-

ments—have emerged as inherently coherent responses to knowledge transfer limitations 

by externalizing tacit procedural knowledge into reusable, context-anchored digital guid-

ance [4,5]. In the present system, this externalization mechanism is implemented through 

the Magic Leap 2 AR environment, which overlays procedure-anchored digital guidance 

directly onto the physical equipment in real time—converting tacit expert knowledge into a 

structured, replayable AR guidance layer accessible to any technician regardless of prior 

experience. Third, while digital tools have been progressively introduced in maintenance 

contexts, their adoption remains fragmented—deployed in isolation, disconnected from ex-

isting workflows, and rarely scaled beyond isolated pilot experiments [6,7]. 

AR thus represents a coherent response to all three challenges simultaneously. Prior 

work in our research program has established its economic viability in industrial mainte-

nance contexts and mapped the adoption strategies most likely to succeed across different 

operational environments [8]. 

Yet a critical prerequisite question has remained largely unaddressed in the AR 

maintenance literature: before deploying AR, how should one determine which mainte-

nance operation to target first, and according to what criteria? A review of peer-reviewed 

studies on AR in railway and industrial maintenance—including the most cited contribu-

tions in this field [9–12]—reveals a consistent pattern: AR is applied to a pre-selected op-

eration without explicit justification of that choice. Operation selection is treated as self-

evident rather than as a research problem in its own right. 

This gap has direct industrial consequences: selecting the wrong target operation leads 

to poor return on investment, low technician adoption, and integration architectures that 

resist generalization beyond a single pilot [13]. As demonstrated by Bock, Bohné and Tadeja 

(2024) [14], the value of AR as an assistance system is highly dependent on task-specific 

characteristics—error-proneness, procedural complexity, and data availability—criteria that 

are rarely made explicit in current deployment decisions. Without a systematic selection 

methodology, organizations risk investing in high-visibility but low-leverage applications, 

missing the operations where AR could generate the greatest systemic impact. 

This article addresses that gap directly. It makes three distinct contributions not 

found in existing work: (1) a structured, replicable five-step decision methodology for se-

lecting the most suitable AR-compatible maintenance operation, grounded in Multi-Cri-

teria Decision-Making principles and adapted to regulated railway environments, with 

filtering criteria—operational frequency, execution complexity, safety impact, traceability, 

and scalability—derived from the classical cost–time–quality performance framework 

[15] and adapted to the specific constraints of AR deployment in regulated maintenance 

environments—unlike existing AHP applications in AR industrial contexts [14,16], which 

optimize technology selection within a pre-defined operation scope, this framework de-

termines which operation to target before any technological deployment begins; (2) an 

expert-validated industrial application of this methodology to a real high-speed train 
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maintenance facility in Morocco operating under the AFNOR FD X 60-000 standard [17], 

resulting in the identification and full characterization of OP10 as the highest-priority can-

didate for AR integration; and (3) a preliminary validation of the selected operation within 

a hybrid AR–Deep Reinforcement Learning architecture—combining Vuforia Engine-

based tracking, Unity rendering, and a Deep Q-Learning agent for adaptive decision sup-

port on Magic Leap 2—demonstrating measurable performance gains under simulated 

and semi-operational conditions, with full architectural specification reported in the com-

panion study [18]. 

Unlike previous studies that apply AR to a convenient or visible operation, this work 

treats operation selection as the primary research contribution—one that conditions the 

scalability, transferability, and return on investment of any subsequent technological de-

velopment. It explicitly positions itself as the third component of a multi-article research 

program: where the first contribution established the economic viability of AR adoption 

and the second mapped optimal adoption strategies across operational environments [8], 

the present study provides the critical bridge between those strategic findings and their 

concrete industrial application. 

While recent vision transformer architectures—including Vision Transformer (ViT), 

Distillation with NO labels(DINO), and Segment Anything Model (SAM)—have demon-

strated strong performance in industrial anomaly detection and component recognition 

[19,20], their deployment in operational maintenance environments requires extensive an-

notated training datasets and yields probabilistic outputs that cannot guarantee detection 

reliability in safety-critical contexts. The present system addresses this constraint through 

a deterministic model-based tracking approach: the pre-existing 3D OBJ model of the 

Main Transformer enables Vuforia Engine to perform geometry-anchored spatial regis-

tration without any training phase [21–23], supplemented by marker-based tracking 

The remainder of this article is organized as follows. Section 2 reviews the role of use 

case selection in AR-based maintenance and the current state of AR in the railway sector. 

Section 3 presents the proposed five-step selection methodology. Section 4 applies it to 

identify and validate OP10. Section 5 defines the technological stack and implementation 

framework through a validated use case. Section 6 presents the discussion. Section 7 con-

cludes with key findings and future research directions. 

2. Background 

2.1. Why Use Case Selection Matters in AR-Based Maintenance 

The deployment of AR in industrial maintenance is not a monolithic decision—it is a 

sequence of interdependent choices, of which operation selection is arguably the most 

consequential. Poor use case selection consistently results in suboptimal return on invest-

ment, resistance to adoption among technicians, and deployment architectures that fail to 

scale beyond isolated pilots. Yet this selection step has received remarkably little attention 

as a standalone research problem. 

The broader maintenance engineering literature has long recognized that not all op-

erations benefit equally from technological augmentation. Decision frameworks such as 

multi-criteria analysis, failure mode prioritization, and risk-based maintenance planning 

all share a common premise: the value of a technology depends critically on where it is 

applied [24]. In the context of AR, this premise is reinforced by the technology’s own con-

straints—AR adds value primarily where operations are visually guided, procedurally 

structured, and cognitively demanding, but offers little benefit in operations that are either 

too simple or too complex for current AR capabilities [8]. 

The question of technology adoption in industrial contexts has been extensively stud-

ied through behavioral frameworks, most notably the Technology Acceptance Model 

(TAM) originally proposed by Davis (1989) [25], which establishes perceived usefulness 
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and perceived ease of use as the two primary determinants of technology adoption inten-

tion. In maintenance engineering contexts, TAM has been extended to account for safety 

culture, regulatory compliance, and workflow integration—dimensions that are particu-

larly salient in railway environments [24]. Importantly, TAM-based analyses consistently 

show that adoption fails not when technology is unavailable, but when it is deployed in 

contexts where its perceived usefulness is low—a conclusion which directly reinforces the 

strategic importance of selecting the right operation before any deployment begins. 

In complex sociotechnical systems such as railway infrastructure, this challenge is 

further compounded by safety and regulatory constraints. Any AR integration must be 

compatible with existing maintenance standards, traceable through documented proce-

dures, and robust enough to withstand operational variability [26]. These constraints 

make the selection of a pilot use case not merely a practical convenience but a methodo-

logical necessity—one that conditions the scalability and transferability of the entire AR 

deployment framework. 

Despite this, the dominant pattern in the AR maintenance literature is to select an op-

eration based on convenience or visibility rather than on systematic evaluation criteria. This 

gap between the strategic importance of use case selection and the absence of structured 

methodologies for performing it represents the central motivation of the present study. 

The pairwise comparison matrix was constructed through consensus by the four au-

thors, all holding active positions in railway maintenance research and operations. A sin-

gle consensus matrix was produced rather than aggregating individual matrices, follow-

ing the direct consensus protocol recommended for small expert groups in AHP applica-

tions [27,28]. No individual CR threshold exclusion was required given the single-matrix 

approach; the resulting CR of 0.004 is well below the 0.10 acceptance threshold. 

2.2. AR in Railway Maintenance: State of the Art 

The global railway industry has increasingly embraced AR technologies as a means 

of improving efficiency across Maintenance, Repair, and Overhaul (MRO) operations, 

within a broader Industry 4.0 transformation that has repositioned digital technologies as 

core enablers of industrial competitiveness [29]. This transformation has steadily intro-

duced cyber-physical systems, Internet of Things sensors, and data-driven decision tools 

into maintenance workflows—with AR emerging as one of the most operationally prom-

ising interfaces between the digital and physical layers of maintenance execution. 

A structured review of publications from 2013 to 2025 was conducted following the 

PRISMA guidelines [30], using ScienceDirect, Scopus, Google Scholar, and IEEE Xplore as 

primary databases. The search employed the keywords “AR,” “maintenance,” and “rail-

way”. The initial search identified 312 records across the four databases. After the removal 

of 89 duplicates, 223 records were screened based on titles and abstracts. Studies unrelated 

to AR in maintenance or railway contexts, hardware-only AR evaluations, and non-peer-

reviewed publications were excluded at this stage (n = 152). The remaining 71 full-text 

articles were assessed for eligibility. Following the evaluation of the introduction and con-

clusion sections, 48 studies were excluded for the following reasons: virtual reality or 

hardware-only evaluation (n = 18), non-peer-reviewed status (n = 12), non-maintenance 

industrial context (n = 11), and insufficient methodological quality (n = 7). This process 

resulted in a final corpus of 23 peer-reviewed studies. Inclusion criteria required: (1) peer-

reviewed publication status, (2) direct relevance to AR deployment in industrial or rail-

way maintenance contexts, and (3) full-text availability in English. Figure 1 presents the 

PRISMA flow diagram summarizing the selection process. This review reveals three dom-

inant research themes: human factors and challenges (48%), training and knowledge 

transfer (24%), and real-time and remote assistance (28%), as summarized in Table 1. 
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Figure 1. PRISMA Flow Diagram of the Systematic Literature Review on AR-Based Maintenance in 

Railway Systems (2013–2025). 

Table 1. Key Thematic Trends in AR Adoption for Railway Maintenance. 

Thematic Category Article References No. of Articles 

Training and Knowledge Transfer [11,12,31–34] 6 

Real-Time and Remote Assistance [9,10,35–39] 7 

Usability, Human Factors and Challenges [3–5,7–9,13,24,26,38–40] 12 

Note: [39] and [9] appear in two thematic categories respectively, reflecting their cross-thematic con-

tributions. The total count of unique references across the three categories is 23, with 2 references 

counted twice. 
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Training and Knowledge Transfer: AR has been extensively applied to training in 

railway maintenance, where its capacity to overlay interactive 3D content onto real equip-

ment offers a compelling alternative to traditional instruction methods. Kim and Kim 

(2024) [11] developed AR-based training modules for air spring light maintenance on elec-

tric multiple units and reported high usability scores across technician groups, with meas-

urable improvements in learning outcomes and operational readiness. Similarly, Cha et 

al. (2023) [31] demonstrated the effectiveness of AR-based educational content for light 

maintenance of railway vehicles, enabling personnel to interact with 3D models of block 

brakes and other components in a risk-free virtual environment. Kwon et al. (2021) [12] 

extended this approach to axle-mounted disc brake systems, designing AR training con-

tent specifically structured around the procedural complexity of the target operation. 

These contributions collectively demonstrate that AR can significantly accelerate the 

transfer of procedural knowledge—a finding directly relevant to the knowledge retention 

challenge identified in the introduction. However, they share a common limitation: the 

training operations targeted are selected without explicit justification, leaving open the 

question of whether these particular operations represent the highest-value targets for AR 

investment. 

Operational Efficiency and Real-Time Assistance: Beyond training, AR has demon-

strated measurable impact on real-time maintenance efficiency. Garcia et al. (2024) [9] de-

veloped the Holorailway system for assembly operations in the railway industry, report-

ing a 47% reduction in global assembly time and an 88% decrease in errors—results that 

establish a compelling benchmark for AR-assisted procedural tasks. Scheffer et al. (2021, 

2023) [10,36] developed a framework for AR-assisted decision-making in maintenance, 

proposing a visualize–guide–decide–track pipeline that structures the technician’s inter-

action with physical equipment and digital overlays—a decision-support architecture that 

presupposes operation selection has already occurred, without addressing how that se-

lection should be made. Jing et al. (2024) [38] investigated AR head-mounted display in-

terface layouts for subway overhaul operations, demonstrating that well-designed AR in-

terfaces significantly improve obstacle recognition and task completion in spatially con-

strained environments. The integration of AR with AI-driven decision support has also 

been explored by Malta, Farinha & Mendes (2023) [39], who evaluated user experience 

across industrial maintenance and support applications and found that AI-augmented AR 

substantially improves both task accuracy and technician confidence. 

In parallel, the emergence of Digital Twin technology has opened new integration 

pathways for AR in railway maintenance. Bernal et al. (2024) [41] demonstrated that cou-

pling AR interfaces with Digital Twin models of railway assets enables real-time synchro-

nization between physical equipment states and digital overlays, significantly improving 

diagnostic accuracy in complex inspection tasks. This contribution, while outside the core 

corpus of the structured review, is cited here for its architectural relevance to the scalabil-

ity criterion applied in the selection methodology proposed in this study—operations 

compatible with Digital Twin integration representing higher-value AR targets from a 

systems perspective. 

Recent advances in deep learning-based visual inspection have introduced trans-

former-based architectures—including ViT [19], DINO [20], and SAM [42]—demonstrating 

strong performance in industrial anomaly detection and component recognition. These mod-

els represent the current frontier of learned visual inspection for industrial assets, though their 

operational deployment constraints in safety-critical AR contexts are discussed in relation to 

the tracking architecture adopted in the present system (Section 5). 

These results are significant, but they reinforce the same pattern observed in the train-

ing literature: the operations chosen for AR integration are selected based on availability 
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or perceived complexity, not on a systematic evaluation of their strategic value, scalability 

potential, or compatibility with the specific constraints of AR technology. 

Challenges and Barriers to Adoption: Despite these promising results, the wide-

spread integration of AR in railway maintenance remains limited by a set of persistent 

systemic barriers. Tretten, Illankoon and Candell (2021) [3] identify situation awareness 

as a critical challenge in digitalized maintenance environments, noting that the introduc-

tion of digital overlays can paradoxically degrade the operator’s perception of the physi-

cal environment if not carefully designed. Mikušová et al. (2024) [13] highlight the persis-

tent gap between laboratory demonstrations and field deployment, attributing it to insuf-

ficient integration with existing maintenance workflows and the absence of structured 

adoption roadmaps. At the organizational level, Kour et al. (2022) [24] document the hu-

man-centric barriers to AR adoption in railway asset management, including technician 

resistance, inadequate training infrastructure, and the difficulty of aligning AR tools with 

established maintenance cultures. More broadly, Rodríguez-Hernández et al. (2025) [7] 

conducted a comprehensive review of digitalization in railway maintenance through the 

lens of the International Union of Railways asset management framework, concluding 

that while digital technologies offer significant optimization potential, their successful im-

plementation requires a far more integrated approach than is currently practiced. 

2.3. Synthesis and Research Gap 

The literature reviewed above converges on a clear conclusion: AR is technically ca-

pable of delivering significant value in railway maintenance, but its deployment remains 

opportunistic, fragmented, and insufficiently grounded in systematic selection criteria. 

Across training applications, real-time assistance systems, and efficiency-focused deploy-

ments, the choice of target operation is consistently treated as a pre-analytical given rather 

than as a research problem requiring structured resolution. 

The consequences of this gap are concrete and measurable. Organizations deploying 

AR without a rigorous targeting methodology tend to invest in high-visibility but low-

leverage applications—overlooking the operations where AR’s specific capabilities in pro-

cedural guidance, error detection, and knowledge capture would generate the greatest 

systemic impact. Furthermore, deployments not designed with scalability in mind from 

the outset consistently remain isolated experiments, unable to provide the architectural 

foundation for a broader intelligent maintenance framework. 

Table 2 makes this pattern explicit. Across the most cited contributions in AR-based 

railway maintenance, operation selection is consistently performed by convenience or in-

dustrial visibility, without explicit evaluation criteria and without any claim to generaliza-

bility. The difference is stark. Existing studies—including the most methodologically ad-

vanced contribution in this space [14], which identifies task-specific criteria relevant to AR 

deployment but stops short of operationalizing them into a selection procedure—leave the 

core decision unresolved. No study proposes a replicable, criteria-based methodology for 

AR operation selection in railway maintenance that combines quantitative multi-criteria 

evaluation with structured expert validation and explicit scalability assessment. 

Table 2. Analytical Review of AR Applications in Railway and Industrial Maintenance. 

Studies Thematic Category 
Explicit 

Criteria 

Experts 

Validation 

Replicable 

Framework 
Limitation 

[11,12,31–34] 
Training & Knowledge Trans-

fer 
No No No 

Not generalizable beyond single 

pilot 

[3–5,7,8,13,24,26,39,40] Usability & Human Factors No No No 
Not generalizable beyond single 

pilot 
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[10,35–37,39] Real-Time Assistance No No No 
Not generalizable beyond single 

pilot 

[9] 
Real-Time Assistance/Usabil-

ity 
No No No 

Not generalizable beyond single 

pilot 

[38] Assistance No No No 
No operational selection frame-

work 

[14] Usability & Human Factors Partial No No 
Criteria not operationalized into 

methodology 

This study 
Multi-Criteria Decision-Mak-

ing (MCDM) 
Yes 

Yes (n = 

100) 
Yes 

Single-site validation; ordinal 

scoring resolution limited to 3 

levels; AR architecture not yet 

tested beyond OP10 

Beyond the absence of a structured selection methodology, the credibility of any ex-

pert-based validation depends critically on the rigor of panel recruitment and bias miti-

gation. Expert validation protocols in MCDM-based industrial studies vary significantly 

in terms of recruitment strategy, professional diversity, and consistency enforcement 

measures [43]—dimensions that are explicitly addressed in the validation design pre-

sented in Section 4. 

Addressing this gap requires not only a structured selection methodology, but a de-

liberate choice of the decision-making method best suited to the specific constraints of 

railway maintenance contexts—where quantitative performance data is unavailable, ex-

pert knowledge is the primary input, and decision transparency is mandated by the reg-

ulatory framework. The selection of the Analytic Hierarchy Process (AHP) as the primary 

Multi-Criteria Decision-Making (MCDM) method in this study was not made by default. 

Table 3 presents a comparative analysis of five commonly applied MCDM methods in 

industrial maintenance and technology selection contexts—namely the Analytic Hierar-

chy Process (AHP), the Technique for Order Preference by Similarity to Ideal Solution 

(TOPSIS), the VlseKriterijumska Optimizacija I Kompromisno Resenje (VIKOR), the Ana-

lytic Network Process (ANP), and the ELimination Et Choix Traduisant la REalité (ELEC-

TRE)—evaluated against four requirements that are non-negotiable in the present study: 

expert tacit knowledge elicitation, consistency validation of expert judgements, interpret-

ability for industrial practitioners, and scalability to large expert panels. 
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Table 3. Comparative Analysis of MCDM Methods for AR Operation Selection in Industrial Mainte-

nance Contexts. 

Method 
Documented 

Application Context 
Strengths Limitations 

Expert Consistency 

Validation 

AHP 

Selection of mainte-

nance actions in rail-

way infrastructure [44]; 

predictive maintenance 

technique selection 

with 20 domain experts 

[45]; material and as-

sembly method selec-

tion for railcar develop-

ment [46] 

Pairwise comparison struc-

ture elicits tacit expert 

knowledge; interpretable 

priority weights; built-in 

consistency ratio (CR) de-

tects and filters incoherent 

judgments; validated in rail-

way maintenance contexts 

Judgment subjectivity in-

creases with small expert 

panels; pairwise matrices 

may yield a CR > 0.10 requir-

ing revision [28,47]; sensitiv-

ity to pairwise comparison 

scales 

The CR mechanism 

provides a mathemat-

ically grounded ac-

ceptance threshold 

(CR < 0.10); applica-

ble to both individual 

and group responses 

[27] 

TOPSIS 

Complex project selec-

tion in manufacturing 

engineering [48]; sup-

plier evaluation and in-

dustrial performance 

ranking 

Ranks alternatives accord-

ing to their distance from 

the ideal and anti-ideal so-

lutions; mathematically rig-

orous; objective when quan-

titative data are available 

Requires quantitative numer-

ical data for all criteria; no 

mechanism to elicit or vali-

date expert judgments; sensi-

tive to normalization meth-

ods and criterion weighting 

[49]; results vary depending 

on the data scale 

No built-in con-

sistency check; expert 

contributions are nei-

ther structured nor 

validated 

VIKOR 

Maintenance strategy 

selection for safety-crit-

ical assets combined 

with DEMATEL and 

ANP [50] 

Identifies compromise solu-

tions under conflicting crite-

ria; robust when criteria 

cannot be fully compen-

sated for each other 

Does not provide a mecha-

nism to improve decision-

process consistency [51]; re-

quires predefined weights; 

results are difficult to inter-

pret without additional ex-

planations for practitioners 

No built-in con-

sistency validation; 

relies on weights pro-

vided by external 

methods 

ANP 

Used with VIKOR for 

selecting maintenance 

strategies for critical as-

sets [50] 

Models interdependencies 

among criteria and clusters; 

extension of AHP toward 

non-hierarchical decision 

structures 

Requires additional compari-

son matrices for each cluster; 

computational complexity in-

creases nonlinearly with the 

number of criteria; impracti-

cal for large expert panels; re-

quires strong methodological 

expertise from respondents 

No built-in con-

sistency control at the 

network level; CR ap-

plies only to individ-

ual cluster matrices 

ELECTRE 

Outranking-based se-

lection in energy plan-

ning, logistics, and en-

vironmental assess-

ment [52] 

Handles non-compensatory 

criteria; suitable for ordinal 

preference structures; ro-

bust when certain criteria 

cannot substitute for one an-

other 

Outranking relations do not 

produce a single ranking list; 

results require significant in-

terpretation; no expert con-

sistency validation mecha-

nism; difficult to communi-

cate to non-specialist indus-

trial decision-makers [52] 

No built-in con-

sistency validation; 

preference thresholds 

must be externally 

defined 

This comparison demonstrates that AHP is the only method among those reviewed 

that simultaneously satisfies all four requirements in the present context. This persistent 

absence of a structured, method-justified, expert-validated selection framework consti-

tutes the central motivation and primary contribution of the present work. The five-step 

methodology developed here directly addresses this gap. It does so not as a secondary 
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methodological consideration, but as the principal research contribution upon which all 

subsequent technological and industrial developments in this program are built. 

3. Proposed Methodology 

Grounded in the fundamental gap identified in Section 2.3—the systematic absence 

of principled operation selection methodologies across 25 reviewed studies—this study 

proposes a structured five-step decision procedure for the principled selection of an AR-

compatible maintenance operation. The methodology draws on MCDM principles, a well-

established approach for selecting the best alternative by simultaneously evaluating mul-

tiple criteria in engineering and industrial contexts [53], and on the Analytic Hierarchy 

Process (AHP), introduced by Saaty (1980) [27] and widely applied in maintenance engi-

neering for its ability to derive consistent and transparent criterion weights through struc-

tured pairwise comparisons [54,55]. Together, MCDM and AHP provide a rigorous and 

replicable foundation for the proposed selection procedure. 

Step 1—Candidate Operation Identification and Redundancy Screening 

The first step systematically identifies the full set of maintenance operations already 

addressed in the AR literature, for the purpose of excluding redundant targets from the 

selection pipeline. This screening is grounded in a structured literature review (detailed 

in Section 2) and serves a specific methodological function: ensuring that the proposed 

use case constitutes a novel AR contribution, not a replication of a documented deploy-

ment. Operations already extensively covered in peer-reviewed work (e.g., wheelset 

maintenance) are excluded at this stage. 

Step 2—Maintenance Level Compatibility Analysis 

Not all maintenance levels are equally compatible with AR technology. This step 

maps the maintenance levels defined by the AFNOR FD X 60-000 standard against a set 

of AR compatibility criteria—including operation visibility, procedural structure, cogni-

tive load, and regulatory traceability. Operations belonging to levels that are either too 

simple (Level 1) or too complex and outsourced (Level 4) are excluded from further con-

sideration. 

Step 3—Multi-Criteria Filtering and Evaluation 

Candidate operations identified in Steps 1 and 2 are evaluated through a structured 

multi-criteria decision matrix. The five evaluation criteria were selected based on a con-

vergent analysis of the AR deployment literature and railway maintenance practice, and 

their relative weights were derived through AHP pairwise comparison. 

Following Saaty’s (1980) [27] pairwise comparison procedure, each criterion was com-

pared against every other criterion on a 1–9 importance scale, producing the pairwise com-

parison matrix presented in Table 4. Priority weights were derived by normalizing the geo-

metric mean of each row. The maximum eigenvalue λmax was calculated as 5.016, yielding 

a Consistency Index CI = (λmax − n)/(n − 1) = (5.016 − 5)/4 = 0.004. The Consistency Ratio was 

then computed as CR = CI/RI = 0.004/1.12 = 0.0036 (rounded to 0.004), where RI = 1.12 is the 

standard random index for n = 5 criteria [27]. This value is well below the accepted 0.10 

threshold, confirming that the pairwise judgments are internally consistent and that the de-

rived weights are methodologically valid. 

Table 4. AHP Pairwise Comparison Matrix for Criteria Weighting. 

Criteria C1 C2 C3 C4 C5 Priority Weight 

C1 Frequency 1 1/2 1/3 1 1 0.15 

C2 Complexity 2 1 1/2 2 2 0.25 

C3 Safety 3 2 1 3 3 0.30 
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C4 Traceability 1 1/2 1/3 1 1 0.15 

C5 Scalability 1 1/2 1/3 1 1 0.15 

The pairwise comparison matrix presented in Table 4 was constructed by the research 

team through a convergent synthesis of the AR deployment and railway maintenance lit-

erature, drawing on established priority structures from risk-based maintenance frame-

works [24,56] and task-specific AR value analyses [14]. This author-derived approach is 

consistent with AHP applications in industrial contexts where quantitative performance 

data is unavailable and criterion weights must be grounded in domain knowledge rather 

than empirical measurement [28]. The resulting weight structure was subsequently sub-

mitted for practitioner confirmation to a sub-panel of 13 senior railway maintenance profes-

sionals (≥11 years of experience) drawn from the broader expert cohort described in Step 4. 

Each member independently assessed whether the proposed priority ordering—Safety > 

Complexity > Frequency = Traceability = Scalability—was consistent with their operational 

experience. Consensus was reached without requiring revision of the initial weight struc-

ture, providing practitioner-grounded confirmation of the literature-derived priorities. 

Each candidate operation is scored across all five criteria using a three-level ordinal 

scale (1–3). A three-level scale was selected rather than five- or ten-point alternatives to 

reflect the binary nature of the operational distinctions at stake: operations in this context 

are either clearly unsuitable, borderline, or clearly suitable for AR integration. This cali-

bration minimizes inter-rater noise in a domain where scoring granularity does not im-

prove decision quality, a choice supported by MCDM practice in industrial settings 

[53,55]. The five filtering dimensions are not arbitrarily defined: they constitute an opera-

tionalization of the classical cost–time–quality performance triangle [15] adapted to the 

specific constraints of AR deployment in regulated maintenance environments. Opera-

tional frequency and execution complexity translate the time dimension—identifying oper-

ations where AR guidance generates measurable intervention efficiency gains. Safety im-

pact and traceability translate the quality dimension—prioritizing operations where error 

reduction and auditability deliver the highest systemic value. Scalability translates the cost 

dimension—ensuring that the selected operation constitutes a replicable entry point rather 

than an isolated pilot investment. The causal structure underlying this criterion selection is 

further detailed in Section 4, which maps the dominant failure modes of AR deployment in 

industrial maintenance onto the five filtering dimensions through an Ishikawa cause-and-

effect decomposition: 

(C1)—Operational Frequency (weight: 0.15): Operations performed more frequently 

generate more cumulative opportunities for AR-assisted error reduction and efficiency 

gains. Frequency is established as a standard prioritization factor in railway maintenance 

scheduling [56]. Scored as: Low (0–1 times/week = 1), Moderate (2–4 times/week = 2), Fre-

quent (5–7 times/week = 3). 

(C2)—Execution Complexity (weight: 0.25): Operations involving multiple simulta-

neous subtasks, cross-referenced data, and constrained physical environments represent 

the highest-value AR targets, as AR directly reduces cognitive load and omission errors 

in procedurally dense tasks [14]. Scored as: Low complexity (1), Moderate complexity (2), 

High complexity (3). 

(C3)—Safety Impact (weight: 0.30): Given the safety-critical nature of high-speed rail-

way maintenance, safety impact carries the highest weight in the matrix. Risk-based 

maintenance frameworks consistently assign maximum priority weight to safety conse-

quences, as failures in safety-critical operations carry irreversible human and operational 

costs [24,56]. Scored as: Low safety impact (1), Moderate (2), High safety impact (3). 

(C4)—Traceability and Documentation Requirements (weight: 0.15): Operations re-

quiring detailed, standardized reporting are strong AR candidates, as AR can automate 
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traceability—replacing manual form-filling with real-time digital documentation [10]. 

Scored as: No formal traceability required (1), Partial documentation (2), Full standard-

ized traceability mandatory (3). 

(C5)—Scalability toward AR and AI Integration (weight: 0.15): Operations that are 

procedurally structured and data-rich provide the strongest foundation for future inte-

gration with AI-based decision support and Reinforcement Learning [57,58]. AI-aug-

mented AR has been shown to substantially improve both task accuracy and technician 

confidence in industrial maintenance deployments [39], and the strategic relevance of 

scalability as a selection criterion is further supported by task-specific analysis of AR de-

ployment value in procedurally complex operations [14]. Scored as: Low scalability po-

tential (1), Moderate (2), High scalability potential (3). 

Each candidate operation is scored across all five criteria on the 1–3 ordinal scale. A 

weighted composite score is computed as: 

S = 0.15·C1 + 0.25·C2 + 0.30·C3 + 0.15·C4 + 0.15·C5  

yielding a maximum possible score of 3.00. Operations are ranked accordingly, and the 

top three proceed to expert validation in Step 4. The robustness of this ranking to varia-

tions in criterion weighting is verified through a sensitivity analysis presented in Section 

4.4, which tests six alternative weight configurations including equal weights across all 

criteria. 

Step 4—Expert Validation and Benchmarking 

The shortlisted operations are submitted to structured expert validation involving 

100 railway maintenance professionals across five operational departments: rolling stock 

inspection, traction systems, electrical maintenance, preventive maintenance planning, 

and safety and quality assurance. Participants were recruited through purposive sam-

pling coordinated with department heads, with inclusion criteria requiring a minimum of 

three years of active railway maintenance experience and direct operational familiarity 

with at least one Level 2 maintenance operation. Personnel with exclusively administra-

tive roles were excluded. Participation was voluntary and responses were collected anon-

ymously to minimize social desirability bias [43]. A nine-item questionnaire probes each 

operation across dimensions of complexity, AR benefit potential, error risk, scalability, 

and implementation feasibility. Responses were collected on a five-point Likert scale (1 = 

strongly disagree, 5 = strongly agree) and analyzed using the Kruskal–Wallis H test to 

assess the independence of expert judgments across seniority levels—defined as junior (3–

5 years), mid-level (6–10 years), and senior (>10 years of railway maintenance experi-

ence)—with a significance threshold of p < 0.05. This non-parametric approach was se-

lected given the ordinal nature of Likert-scale data and the typical non-normality of expert 

response distributions in heterogeneous professional panels. 

Step 5—Final Use Case Selection 

The operation receiving the highest aggregated score across expert validation dimen-

sions, confirmed by radar analysis against all shortlisted candidates, is selected as the pilot 

use case. The selection criterion prioritizes not only immediate AR suitability but also ar-

chitectural scalability toward the broader AR and RL deployment framework of which 

this study is a part. It is important to note that the present study’s contribution is delimited 

to the operation selection framework. The full technical implementation of the AR–DQL 

architecture—including the computer vision pipeline, Magic Leap 2 deployment con-

straints, mathematical DRL formulations governing state spaces, action bounds and re-

ward functions, and deep learning evaluation metrics (mAP, IoU)—falls within the scope 

of the companion study [18]. 
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Figure 2 visually illustrates this structured five-step methodological process, demon-

strating the systematic and data-driven approach used to ensure the objective and well-

founded selection of the AR use case. 

 

Figure 2. Structured Methodological Process for Selecting AR Use Case in Railway Maintenance. 

4. Selection of the Target Maintenance Operation: Industrial  

Application and Validation 

4.1. Industrial Context and Framework Definition 

The selection methodology described in Section 3 is applied to a real industrial set-

ting: a high-speed train maintenance facility operating in Morocco under the AFNOR FD 

X 60-000 standard. This partnership provided direct access to operational data, mainte-

nance documentation, and domain expertise, constituting the empirical research environ-

ment within which the full five-step methodology is applied and validated. The facility 

operates a fleet of high-speed trainsets requiring structured preventive maintenance 
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cycles across four classification levels. Level 2 operations—the focus of this study—are 

executed on a daily to weekly basis by teams of certified technicians across five opera-

tional departments. 

As a preliminary analytical step and drawing on the four key factors for successful AR 

integration identified in prior work of this research program [8], Figure 3 maps the baseline 

preconditions that any candidate operation must satisfy before entering the selection pipe-

line. These preconditions—encompassing operational compatibility, safety compliance, 

knowledge transfer potential, and scalability toward digital integration—serve as qualita-

tive filters applied prior to the quantitative scoring of Step 3, ensuring that only operations 

satisfying baseline feasibility requirements enter the multi-criteria evaluation. 

 

Figure 3. key factors for successful AR Integration in Maintenance Processes [8]. 

To systematically identify the root causes of inefficient or slow maintenance that AR 

could address, an Ishikawa cause-and-effect diagram (Figure 4) was constructed around 

the central problem statement: “inefficient or slow maintenance execution with AR poten-

tial.” The Ishikawa diagram is a recognized quality management tool for structured root 

cause analysis in industrial settings [59], and its application here serves to translate oper-

ational pain points into structured AR integration requirements across six causal dimen-

sions: Methods, Machines, Manpower, Measurement, Materials, and Environment. 

Notably, the six root causes identified through this analysis do not merely describe 

the problem—they directly inform and justify the five evaluation criteria applied in Step 3. 

Specifically, the Manpower and Measurement dimensions motivate the inclusion of Com-

plexity (C2) and Safety Impact (C3); the Methods dimension grounds the Traceability crite-

rion (C4); and the Environment dimension reinforces the Frequency criterion (C1), reflecting 

the operational regularity with which constrained-environment tasks are executed. 
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Figure 4. Ishikawa Diagram for Selecting a Maintenance Operation Assisted by AR. 

4.2. Step 1 Applied—Redundancy Screening and Prerequisite Filtering 

Prior to multi-criteria scoring, two categories of operations were excluded from the 

candidate pool through the redundancy screening and prerequisite filtering procedure 

defined in Step 1. 

First, wheelset-related operations were excluded because this category has been ex-

tensively addressed in the AR railway literature [11,12], and targeting an already-docu-

mented operation would not constitute a novel AR contribution—consistent with the re-

dundancy elimination objective of Step 1. 

Second, operations lacking detailed standardized maintenance plans were excluded, 

as the existence of a documented procedural baseline is a non-negotiable prerequisite for 

AR-guided overlay: without a formalized procedure, AR cannot deliver consistent step-

by-step guidance or automate traceability reporting [10]. All remaining operations enter-

ing Step 3 satisfy this prerequisite. 

4.3. Step 2 Applied—Maintenance Level Compatibility Analysis 

The facility operates a four-level maintenance classification in accordance with the 

AFNOR FD X 60-000 standard, ranging from simple operator-level interventions (Level 1) 

to complex overhaul operations (Level 4). Table 5 presents a structured comparison of 

each maintenance level against AR compatibility criteria—including procedural structure, 

operator qualification, intervention frequency, and regulatory traceability requirements. 
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Table 5. Comparison of Adaptability of the Four Maintenance Levels with AR. 

Criterion Level 1 Level 2 Level 3 Level 4 

Description 

Simple tasks: inspec-

tions, cleaning, ad-

justments. 

Technical interventions re-

quiring tools and specific di-

agnostics. 

Heavy repairs or replace-

ments requiring a spe-

cialized workshop. 

Complete revisions and 

complex overhauls with 

disassembly. 

AR Integration 

Feasibility 

Not feasible: tasks 

are too simple to jus-

tify AR deployment 

overhead. 

Highly feasible: structured 

procedural steps are directly 

compatible with AR overlay 

guidance. 

Partially feasible: heavy 

equipment and unstruc-

tured environments limit 

current AR capabilities. 

Not feasible: extreme var-

iability and specialized 

resources exceed current 

AR technological reach. 

AR Compati-

bility 

Not useful for sim-

ple tasks, little added 

value. 

Ideal: AR provides visual 

overlays for diagnostics and 

detailed instructions. 

Difficult: requires heavy 

equipment, incompatible 

with current AR tools. 

Low: complex processes 

requiring specialized hu-

man and technological re-

sources. 

Intervention 

Cost 
Low Medium High Very high 

Impact on 

Performance 
Limited 

Significant: directly improves 

reliability and avoids break-

downs requiring heavy inter-

ventions. 

Moderate: important im-

pact but comes too late to 

avoid critical degrada-

tion. 

Indirect: long-term im-

pact, little immediate ef-

fect on daily perfor-

mance. 

Organizational 

Accessibility 

Full internal access: 

executable by non-

specialized operators 

without AR support 

infrastructure. 

Full internal access: per-

formed by trained technicians 

within a structured organiza-

tional framework, compatible 

with AR deployment. 

Restricted internal ac-

cess: requires specialized 

workshop and external 

coordination, limiting 

AR integration scope. 

Outsourced: Level 4 

equivalent tasks handled 

externally, outside the or-

ganization’s AR deploy-

ment authority. 

AR Return on 

Investment 

(ROI) 

Too low 

Excellent: quick ROI due to 

structured procedures, re-

duced error risk, and direct 

impact on train availability. 

Moderate: justified only 

for specific and critical 

tasks. 

Low: high deployment 

cost for marginal opera-

tional benefits. 

Regulatory 

Compliance 

Burden 

Minimal: no formal 

certification or trace-

ability requirements, 

AR adds no compli-

ance value. 

Moderate: standardized docu-

mentation required; AR can 

automate traceability and re-

duce compliance risk. 

High: interventions re-

quire formal certification 

and workshop-level con-

trols incompatible with 

AR-only solutions. 

Very high: regulatory 

oversight requires multi-

party validation; AR can-

not substitute for re-

quired human expertise. 

The analysis confirms that Level 2 maintenance represents the optimal entry point 

for AR integration. Level 2 operations are characterized by moderate complexity, struc-

tured procedural steps, frequent execution, and mandatory standardized documenta-

tion—conditions that simultaneously maximize AR’s guidance value, traceability auto-

mation potential, and organizational return on investment. This conclusion is consistent 

with findings from the broader AR maintenance literature: Kour et al. (2022) [24] identify 

structured procedural compatibility and organizational accessibility as the two primary 

enablers of successful AR deployment in asset-intensive industries, both of which are 

uniquely satisfied at Level 2 in the AFNOR classification. 

Level 1 operations are excluded because their simplicity does not justify the deploy-

ment overhead—AR adds no measurable guidance value where procedures require min-

imal cognitive engagement. Levels 3 and 4 are excluded for the opposite reason: their 

complexity, specialized resource requirements, and outsourced execution place them be-

yond the current reach of AR-only solutions, a limitation documented by Mikušová et al. 

(2024) [13] in their analysis of the gap between AR laboratory demonstrations and opera-

tional field deployment. This bidirectional exclusion logic—eliminating both the too-sim-

ple and the too-complex—is a distinctive feature of the proposed methodology that 

https://doi.org/10.3390/app16136708


Appl. Sci. 2026, 16, 6708 17 of 39 
 

https://doi.org/10.3390/app16136708 

distinguishes it from prior work, which applies AR to operations selected without explicit 

compatibility screening. 

4.4. Step 3 Applied—Candidate Operation Listing and Initial Filtering 

Following the exclusions performed in Section 4.2, the remaining Level 2 preventive 

maintenance operations were systematically listed and evaluated through the multi-crite-

ria decision matrix defined in Section 3. Table 6 summarizes these operations along with 

their estimated execution duration and weekly frequency, anonymized in accordance 

with the confidentiality requirements of the industrial partner. Duration is classified as 

Low (<2 h), Moderate (2–5 h), or High (>5 h); frequency as Low (0–1 times/week), Moder-

ate (2–4 times/week), or Frequent (5–7 times/week). 

Table 6. Multi-Criteria Decision Matrix—Scoring Results. 

Op C1 (15%) C2 (25%) C3 (30%) C4 (15%) 
C5 

(15%) 

Score 

/3.00 
Justification 

OP10 3 (Frequent) 3 (High) 3 (Critical) 

3 (Full 

manda-

tory) 

2 (Mod-

erate-

High) 

2.85 

C1: 7–9 executions/week, highest frequency 

among all Level 2 candidates. C2: 5 sequential 

sub-steps requiring simultaneous temperature 

reading, oil level cross-referencing, tolerance 

table consultation, anomaly detection, and 

mandatory form completion in a low-light 

constrained environment. C3: Direct linkage 

to the Main Transformer; immediate safety 

and service consequence. C4: Full standard-

ized traceability mandatory under AFNOR 

FD X 60-000. C5: Highly structured and data-

rich; strong AI integration potential, partially 

constrained by current sensor availability. 

ATS0 2 (Moderate) 2 (Moderate) 
2 (Moder-

ate) 
2 (Partial) 

2 (Mod-

erate) 
2.00 

C1: 5–7 executions/week; frequency ap-

proaches the upper moderate bound but is 

driven by fleet rotation scheduling rather than 

an intrinsic daily requirement. C2: Multi-step 

procedure with moderate cognitive load. C3: 

Moderate impact on availability. C4: Partial 

standardized documentation required. C5: 

Moderately structured; compatible with AR 

extension. 

OP37 2 (Moderate) 2 (Moderate) 
1 (Low-

Moderate) 
2 (Partial) 1 (Low) 1.70 

C1: 2 executions/week; moderate frequency 

despite long execution duration. C2: Multi-

step procedure with moderate complexity. 

C3: Low-to-moderate safety impact. C4: Par-

tial documentation required. C5: Limited 

scalability toward AI integration. 

Op D 1 (Low) 1 (Low) 
2 (Moder-

ate) 
2 (Partial) 1 (Low) 1.55 — 

Op E 2 (Moderate) 
2 (Moderate-

High) 
1 (Low) 1 (Partial) 1 (Low) 1.45 — 

Op B 2 (Moderate) 1 (Low) 
1 (Low-

Moderate) 
2 (Partial) 1 (Low) 1.30 — 

Op G 1 (Low) 
2 (Moderate-

High) 
1 (Low) 1 (Partial) 1 (Low) 1.25 — 
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Op I 1 (Low) 
2 (Moderate-

High) 
1 (Low) 1 (Partial) 1 (Low) 1.25 — 

Op A 1 (Low) 2 (Moderate) 1 (Low) 1 (Partial) 1 (Low) 1.25 — 

Op F 1 (Low) 
1 (Low-Mod-

erate) 
1 (Low) 2 (Partial) 1 (Low) 1.15 — 

Op H 1 (Low) 1 (Low) 1 (Low-) 2 (Partial) 1 (Low) 1.15 — 

Op 

C/J 
1 (Low) 1 (Low) 1 (Low) 1 (Partial) 1 (Low) 1.00 — 

A sensitivity analysis was conducted by systematically varying the weights of the 

two highest-weighted criteria—Safety (C3) and Complexity (C2)—by ±20% of their base-

line values, with the resulting delta redistributed equally across the remaining criteria to 

maintain a unit sum. An additional scenario with equal weights across all five criteria was 

also tested. Table 7 presents the six weight configurations and their resulting composite 

scores. Across all six scenarios, OP10 retained the highest composite score—ranging from 

2.800 to 2.865—with a minimum margin of 0.800 points over the second-ranked operation 

(ATS0, score = 2.000 in all scenarios). The top-three ranking remained stable across all 

configurations (OP10 > ATS0 > OP37), confirming that the selection outcome is robust to 

moderate and extreme variations in criterion weighting 

Table 7. Sensitivity Analysis—Composite Scores Under Six Weight Configurations. 

Operation Baseline S1 Safety +20% S2 Safety −20% S3 Complexity +20% S4 Complexity −20% S5 Equal Weights 

OP10 2.850 2.865 2.835 2.862 2.838 2.800 

ATS0 2.000 2.000 2.000 2.000 2.000 2.000 

OP37 1.700 1.505 1.595 1.575 1.525 1.600 

Op D 1.55 1.495 1.405 1.425 1.475 1.400 

Op E 1.45 1.370 1.430 1.438 1.363 1.400 

Op B 1.30 1.270 1.330 1.275 1.325 1.400 

Op G 1.25 1.235 1.265 1.300 1.200 1.200 

Op I 1.25 1.235 1.265 1.300 1.200 1.200 

Op A 1.25 1.235 1.265 1.300 1.200 1.200 

Op F 1.15 1.135 1.165 1.137 1.163 1.200 

Op H 1.15 1.135 1.165 1.137 1.163 1.200 

Op C/J 1.00 1.000 1.000 1.000 1.000 1.000 

The complete ranking of all twelve candidate operations remained invariant across 

all six weight configurations. Minor score fluctuations are observed in the lower-ranked 

operations under certain scenarios—most notably under equal weights (S5), where Oper-

ations B, F, and H converge toward 1.400 and 1.200 respectively—but these variations do 

not produce any rank reversal at any position in the hierarchy. The three operations 

shortlisted for expert validation (OP10, ATS0, OP37) are separated from the remaining 

candidates by a decisive score gap that no tested weight configuration can bridge, con-

firming that the shortlist is methodologically stable and independent of the specific AHP 

weight assumptions. 

The robustness of the selection outcome to scoring scale granularity follows directly 

from the score gap documented above. The 0.850-point margin separating OP10 (2.850) 

from the second-ranked candidate ATS0 (2.000) represents 28% of the total three-point scale 

range. For a finer-grained five-point scale to alter this ranking, expert scoring patterns across 

all five criteria simultaneously would need to reverse their direction—a scenario that neither 

the six weight configurations tested here nor the convergent expert validation reported in 

Section 4.5 (OP10 mean preference: 54.0% vs. 28.8% for ATS0 across nine questions) renders 
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plausible. A five-point Likert scale would improve scoring resolution among lower-ranked 

candidates where margins are smaller, but would not bridge a gap of this structural magni-

tude at the top of the ranking. 

4.5. Step 4 Applied—Expert Validation and Benchmarking 

The three operations scoring highest in the multi-criteria matrix—OP10 (2.850), ATS0 

(2.000), and OP37 (1.7)—were selected for expert validation. The decision to submit ex-

actly three candidates, rather than a broader or narrower shortlist, reflects a deliberate 

methodological trade-off: fewer than three candidates would reduce the discriminatory 

power of expert comparison, while more than three would dilute expert attention across 

operationally heterogeneous options and increase respondent fatigue in a nine-item ques-

tionnaire format. A shortlist of three also ensures that the score gap separating these op-

erations from the remaining candidates—minimum 0.150 points below OP37—is pre-

served as a meaningful selection threshold. 

These three operations were subsequently submitted to structured expert validation 

involving 100 railway maintenance professionals, distributed across five operational de-

partments: Planning and Methods (n = 20), Electrical (n = 25), Mechanical (n = 25), Indus-

trial Coordination (n = 15), and Engineering (n = 15). 

Three explicit measures were implemented to ensure recruitment neutrality and min-

imize response bias [43]: (1) Participants were approached exclusively through depart-

ment heads using pre-established staff lists, precluding voluntary self-selection and the 

participation bias it introduces. (2) Full anonymity of responses was guaranteed through-

out the data collection process, minimizing social desirability effects on expert judgments. 

(3) No participant was informed of the preliminary MCDM ranking prior to completing 

the questionnaire, eliminating anchoring effects that could have artificially inflated con-

sensus around the top-ranked candidate. 

Participants were recruited through purposive sampling with inclusion criteria re-

quiring a minimum of three years of active railway maintenance experience and direct 

operational familiarity with at least one Level 2 maintenance operation. Personnel with 

exclusively administrative roles were excluded. 

The sample encompasses three experience brackets—3–5 years (n = 50), 6–10 years (n 

= 37), and 11–15 years (n = 13)—as illustrated in Figure 5, ensuring representation across 

seniority levels and robustness against individual expertise bias, a methodological re-

quirement established in expert validation frameworks for industrial AR deployment [14]. 

The nine-item questionnaire probed the three shortlisted operations across the same 

five dimensions as the decision matrix: complexity, AR benefit potential, error risk, scala-

bility, and implementation feasibility. This alignment ensures full methodological con-

sistency between the quantitative and qualitative phases of the selection. The specific 

questions were: 

1. Which operation has the highest complexity and would most benefit from AR assis-

tance? 

2. Which operation could benefit most from 3D modeling of maintenance steps? 

3. Which operation would gain the most time savings from AR-guided execution? 

4. Which operation has the highest risk of human error addressable by AR? 

5. Which operation offers the best scalability for future AR applications? 

6. Which would be easiest to integrate into existing processes with minimal modifica-

tion? 

7. Which operation would most benefit from improved operator safety through AR? 

8. Considering implementation resources, which operation is the most realistic starting 

point? 

9. Overall, which operation presents the best conditions to serve as an AR use case? 
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Prior to interpreting the directional results, three statistical tests were conducted to 

establish the validity, significance, and robustness of the findings. 

First, a Kruskal–Wallis test was conducted to determine whether the distribution of 

votes across the three candidate operations differed significantly across the nine question-

naire items. The test yielded H = 18.479 (p < 0.001), confirming that the observed differ-

ences in preference between OP10, OP37, and ATS0 are statistically significant and cannot 

be attributed to random variation. 

Second, a Kruskal–Wallis test was applied to assess whether expert experience 

level—defined as three brackets: 3–5 years (n = 50), 6–10 years (n = 37), and 11–15 years (n 

= 13)—influenced preference for OP10. The test yielded no statistically significant differ-

ence in OP10 preference across experience groups (p > 0.05), indicating that OP10 selection 

is consistent across different levels of professional experience. Median OP10 selections 

were comparable across groups (3–5 years: 5.0/9; 6–10 years: 5.0/9; 11–15 years: 4.5/9). This 

confirms that convergence on OP10 is robust and independent of experience level, sup-

porting the validity of the expert consensus. 

Figure 5a illustrates the distribution of respondents by experience level across the three 

seniority brackets. Figure 5c presents the distribution of operation evaluations across all 

nine criteria disaggregated by technician experience level. To further assess whether depart-

mental affiliation introduced systematic variation, vote distributions for OP10 were dis-

aggregated across the five operational departments for Q9, as illustrated in Figure 5b. The 

quantitative stability of these results across both seniority and departmental subgroups is 

synthesized following the three statistical tests reported here. 

Third, Kendall’s coefficient of concordance (W) was computed, yielding W = 0.037 (χ2 

= 29.949, p < 0.001). Given the compositional diversity of the panel, this value requires 

careful interpretation, which is addressed in detail in Section 6.1. 

The stability of the final selection score is supported by evidence operating at three 

complementary levels. At the quantitative level, the sensitivity analysis reported in Sec-

tion 4.4 demonstrates that OP10’s composite score of 2.850 remains the highest across all 

six weight configurations tested, with a minimum margin of 0.800 points over the second-

ranked candidate—a gap that no tested variation in criterion weighting can bridge. At the 

individual level, the Mann–Whitney result (U = 1283.5, p = 0.230) confirms that seniority-

based subgroup variance does not influence the directional preference for OP10, with me-

dian selection rates of 5.0/9 and 4.5/9 for junior and senior experts respectively—a differ-

ence in practical insignificance. At the departmental level Table 8), the maximum inter-

group variance in OP10 preference across the five operational departments is 5 percentage 

points (range: 60–65% on Q9), confirming that localized professional perspectives do not 

destabilize the aggregate selection outcome (Figure 6). Taken together, these three con-

vergent stability indicators confirm that OP10 is the optimal AR use case, a conclusion 

robust to both quantitative weight assumptions and qualitative subgroup variation. 
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Figure 5. Expert survey results: (a) distribution of years of experience of surveyed technicians and 

engineers; (b) distribution of expert votes by operational department for Q9 (n = 100); (c) distribution 

of operation evaluations based on technician and engineer experience for each criterion. 

Table 8. Expert Vote Distribution per Question (n = 100). 

Question Dimension OP10 OP37 ATS0 

Q1—Complexity & AR benefit Complexity 63% 28% 9% 

Q2—3D modeling benefit Complexity 57% 19% 24% 

Q3—Time savings potential Efficiency 42% 48% 10% 

Q4—Human error risk Safety 58% 24% 18% 

Q5—Scalability for future AR Scalability 48% 27% 25% 

Q6—Ease of integration Feasibility 37% 37% 26% 

Q7—Operator safety improvement Safety 67% 21% 12% 

Q8—Realistic starting point Feasibility 44% 34% 22% 

Q9—Overall best AR use case Global 70% 21% 9% 

Mean across all questions — 54.0% 28.8% 17.2% 
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Figure 6. Percentage of responses per operation for each question. 

Two items warrant specific discussion. On Q3 (time savings potential), OP37 received 

a slight plurality over OP10 (48% vs. 42%), reflecting expert perception that OP37’s longer 

baseline execution time offers proportionally greater scope for AR-driven efficiency gains. 

However, this item-level result does not alter the overall ranking: OP10 dominates on the 

seven remaining questions, and the Q3 divergence is consistent with the lower safety and 

complexity scores assigned to OP37 in the quantitative matrix—where time savings alone, 

absent safety and complexity justification, are an insufficient basis for use case selection. On 

Q6 (ease of integration), OP10 and OP37 tied at 37%, reflecting comparable implementation 

feasibility. This tie is expected given that both operations share similar procedural docu-

mentation maturity within the facility. 

4.6. Step 5 Applied—Final Selection and Use Case Characterization 

OP10—the insulating oil level verification of the Main Transformer—was selected as the 

most suitable pilot use case for AR integration. The radar diagram in Figure 7 confirms OP10’s 

systematic dominance across all five evaluation dimensions relative to ATS0 and OP37. 

 

Figure 7. Radar Diagram—Comparative Analysis of Criteria for OP10, ATS0, and OP37. 
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OP10 involves five sequential steps requiring meticulous technical attention and sim-

ultaneous multitasking across measurement, cross-referencing, and standardized report-

ing tasks: 

i. Preparation for Verification—If the Main Transformer (MT) temperature differs from 

ambient, pumps must operate for at least 5 min to homogenize oil temperature, pre-

venting measurement errors from thermal gradients. 

ii. Temperature Measurement—A laser-guided thermometer is used at the MT center-

of-gravity marker (Figure 8a) to obtain precise, non-intrusive temperature readings. 

iii. Oil Level Verification—The oil level is read on a graduated scale (Figure 8b) and 

cross-referenced against the measured temperature within a ±7 °C tolerance. Anom-

alies trigger mandatory visual inspection for leaks. 

iv. Visual Inspection—Conducted at the silica gel breather (Figure 8c), this step evalu-

ates desiccant bead condition, seal and joint integrity, and signs of wear or leakage. 

v. Standardized Reporting—The technician completes a mandatory traceability form 

(Figure 8d) documenting all measurements, observations, and findings—a regula-

tory requirement that AR can automate in real time, replacing manual form-filling 

with digitally generated, timestamped records. 

With OP10 fully characterized across its procedural, safety, and traceability dimen-

sions, the following section defines the technological architecture required to implement 

this selection. 

 

 
(a) (b) 
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Figure 8. OP10 operational components: (a) MT center-of-gravity marker for laser temperature 

measurement; (b) oil level reading on graduated scale; (c) silica gel breather of the main transformer; 

(d) standardized reporting form. 

5. Technological Stack and Experimental Validation 

This section serves a delimited and explicit function within the present article. Sec-

tions 5.1–5.3 constitute original contributions of this work: the implementation frame-

work, software stack selection, and hardware selection were performed as direct outputs of 

the operation selection methodology developed in Sections 3 and 4—demonstrating that the 

principled identification of OP10 as the optimal AR target conditions not only the decision 

to deploy AR, but the specific technological architecture required to do so effectively. The 

experimental results summarized in Section 5.4, however, are drawn from a companion 

publication [18], which provides the complete experimental design, training protocol, hard-

ware calibration procedure, and inferential statistical analysis underlying these figures. 

Their inclusion here is strictly limited to establishing the empirical alignment between the 

selection methodology and the deployment outcomes it enables. Readers seeking the full 

experimental detail are directed to [18]. 

5.1. Implementation Framework 

With OP10 identified and validated as the optimal AR target through the five-step 

methodology, this section defines the technological architecture required to implement 

this selection—transitioning from the evidence-based choice of Section 4 to its concrete 

industrial implementation. 

To ensure a structured and traceable transition from the existing manual procedure 

to an AR-assisted workflow, a detailed implementation framework was developed prior 
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to any software or hardware deployment. Rather than modeling the Main Transformer in 

its entirety, three components were selected for 3D reconstruction—the silica gel breather, 

the oil gauge display, and the oil basin marker (Figure 9)—chosen for their direct rele-

vance to the inspection steps and their geometric stability under AR tracking conditions. 

These components were modeled at realistic scale to minimize overlay errors and ensure 

measurement precision consistent with the ±7 °C tolerance required by the OP10 proce-

dure. Figure 10 maps the reasoning and sequencing logic for integrating AR into each step 

of the OP10 maintenance operation, defining the successive decision points, system inter-

actions, and operator feedback loops that the AR application must support. 

 

Figure 9. Components of the MT Modeled for Accurate Oil Level Measurement. 

The functional requirements derived from this framework fall into three categories. 

First, interactive display: the AR interface must deliver step-by-step procedural guidance 

and real-time display of critical values—temperature readings, oil level thresholds, and 

silica gel color states—directly in the operator’s field of view. Second, 3D visual assistance: 

marker-based overlays on the oil gauge and a 3D model of the silica gel basin must enable 

precise visual inspection without requiring the operator to consult paper documentation. 

Third, automated reporting: voice or gesture-based input must allow the operator to rec-

ord observations in real time, with automatic consolidation into the standardized OP10 

reporting form, eliminating the need for a second agent to handle documentation during 

the operation. 

The overall software development flow, from sensor input through application and 

scene layers to display output, is illustrated in Figure 11 and served as the guiding archi-

tecture for the subsequent prototype development. 
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Figure 10. Implementation Framework and Reasoning for Integrating AR into OP10 Maintenance 

Steps. 
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Figure 11. Overall Flow Diagram for Software Development Process. 

5.2. Software Stack Selection 

The software stack was selected through a systematic evaluation of existing AR solu-

tions across three functional categories recognized by the extended reality (XR) community: 

AR Content Management Systems (CMS AR), AR Development Software Development Kits 

(SDK AR), and Game Engines for AR. The selection process was anchored in the specific 

functional requirements of OP10—prioritizing AR instruction display capability, 3D object 

interaction, and report automation—rather than on general literature recommendations, en-

suring direct alignment between technological capability and operational need. 

Candidate solutions were evaluated across two complementary dimensions. Tech-

nical capability was assessed against the three functional requirements defined in Section 

5.1, drawing on vendor documentation and peer-reviewed evaluations of XR deployment 

in industrial maintenance [40,60]. Adoption reliability was assessed using user ratings and 

review volumes aggregated on the G2 platform for 2022–2025, which provides a large-

sample proxy for real-world deployment maturity and cross-industry validation—a crite-

rion particularly relevant when selecting foundational infrastructure for an industrial pi-

lot (Table 9). These two dimensions are treated as complementary: technical capability 

determines functional eligibility, while adoption reliability provides secondary confirma-

tion that the selected solutions have demonstrated stability beyond controlled research 

environments 

Table 9. Comparison of AR Solutions Based on Key Criteria. 

Category Product Version 
Rating/Review  

Count 

AR Instruction  

Display 

3D Object  

Interaction 

Report Automation/ 

CMS 

CMS AR echo3D https://www.echo3d.com/ 4.4/583 Strong Medium Weak 

CMS AR ArborXR 2025.47.0 4.9/564 Strong Weak Strong 

CMS AR Zapworks https://zap.works/ 4.5/530 Strong Strong Weak 

CMS AR Strapi v5 4.7/564 Strong Medium Medium 

SDK AR ARKit 5.x 4.3/574 Strong Strong Weak 

SDK AR ARCore 1.48 4.5/580 Strong Strong Weak 

SDK AR Vuforia Engine 11 4.3/554 Strong Strong Weak 

SDK AR ARToolKit 1.1.9 4.9/518 Strong Strong Weak 
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SDK AR OpenXR 1.1 4.6/544 Strong Strong Medium 

Game Engine Unity 6 (6000.3 LTS) 4.5/358 Strong Strong Weak 

From this evaluation, three complementary solutions were selected to form an inte-

grated and scalable stack. ArborXR (CMS AR) enables centralized management and de-

ployment of AR content across heterogeneous headset fleets, ensuring consistent delivery 

of procedural instructions across devices and maintenance sites. Although ArborXR offers 

limited native 3D object manipulation capability—a function handled within the develop-

ment environment rather than the CMS layer—its centralized content management and de-

ployment tracking features are precisely those required at the operational management level 

of the OP10 deployment. Vuforia Engine (SDK AR) provides hybrid tracking capabilities 

that combine ARKit/ARCore-based SLAM for environmental mapping with proprietary 

millimeter-accurate image and 3D target detection—a combination that neither pure SLAM 

nor marker-only solutions can match, and that is particularly suited to the constrained, low-

contrast visual environments typical of train engine compartments [40]. Unity (AR Game 

Engine) serves as the development and rendering platform, enabling high-fidelity real-time 

3D visualization and seamless integration with Vuforia’s tracking outputs [60]. 

5.3. Hardware Selection 

Hardware selection was governed by four operational constraints specific to the 

OP10 context: compatibility with both Vuforia Engine and ArborXR, capacity to function 

in low-light engine compartments, ergonomic suitability for prolonged hands-free use, 

and versatility for future AR use cases within the same maintenance program. A system-

atic comparison of devices supported by both software solutions was conducted (Table 

10), from which two candidates emerged as technically qualified: the RealWear HMT-

1/HMT-1Z1 and the Magic Leap 2. 

Table 10. Devices Supported by Vuforia Engine and ArborXR. 

Brand 
Devices Compatible  

with Vuforia 

Devices Compatible  

with ArborXR 
Manufacturer City Country 

Apple iPhone (ARKit), iPad Apple Vision Pro Apple Inc. Cupertino, CA USA 

Samsung Galaxy S, Tab, A (ARCore) — Samsung Electronics Co., Ltd. Suwon 
Republic of 

Korea 

Google Pixel 6/7/8, Pixel Tablet — Google LLC 
Mountain View, 

CA 
USA 

Microsoft HoloLens 2 — Microsoft Corporation Redmond, WA USA 

Magic Leap Magic Leap 2 Magic Leap 2 Magic Leap, Inc. Plantation, FL USA 

RealWear HMT-1, HMT-1Z1 
HMT-1, HMT-1Z1,  

Navigator 500 
RealWear, Inc. Vancouver, WA USA 

Meta — Quest 3, Quest Pro, Quest 2 Meta Platforms, Inc. Menlo Park, CA USA 

Pico VR — 
Neo 3 Pro,  

PICO 4 Enterprise 

PICO Technology  

(ByteDance subsidiary) 
Beijing China 

HTC VIVE — VIVE Focus 3, XR Elite HTC Corporation New Taipei City Taiwan 

Vuzix — M4000, Blade Vuzix Corporation Rochester, NY USA 

The RealWear HMT-1/HMT-1Z1 offers robust hands-free operation through voice 

command interaction, a modular mounting system compatible with standard safety hel-

mets, and an attachable LED lamp that directly addresses the low-light constraint of OP10. 

Its approximately 380 g weight and head-mounted configuration minimize operator fatigue 

during multi-step inspections. The Magic Leap 2, while lacking integrated lighting, delivers 

superior immersive AR visualization through advanced 3D rendering and direct Unity in-

tegration, with a visor weight of approximately 260 g better suited to extended precision 

tasks. The low-light constraint is addressed by attaching a lamp to the operator’s existing 
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personal protective equipment—a solution that preserves both visibility and ergonomic 

comfort without requiring additional hardware. 

On the basis of this analysis, the Magic Leap 2 was selected as the primary deploy-

ment device for the OP10 use case, with the RealWear HMT-1/HMT-1Z1 retained as a 

validated alternative for environments where voice-command interaction and integrated 

lighting take priority over visualization fidelity. Known operational constraints of the 

Magic Leap 2 were explicitly evaluated prior to selection. Its 70° diagonal FOV (45°H × 

55°V) [61]—wider than the HoloLens 2’s 52° diagonal (43°H × 29°V) [62]—is particularly 

relevant to the spatial configuration of OP10, where the three inspection zones (silica gel 

breather, oil gauge, oil basin marker) are distributed across a 65° angular spread within 

the engine compartment; the wider FOV reduces the number of head reorientations re-

quired during a 30 min inspection session, minimizing procedural interruptions. The ab-

sence of integrated illumination is addressed by attaching a standard frontal lamp to the 

operator’s existing PPE—a solution already standard practice at the facility and validated 

as non-interfering with Vuforia tracking under the low-contrast lighting conditions of the 

compartment. At 260 g, the Magic Leap 2 visor is less than half the weight of the HoloLens 

2 (566 g) [62], a decisive ergonomic advantage for extended precision tasks in a con-

strained posture. These constraint-aware considerations, combined with the device’s na-

tive Unity integration and ArborXR compatibility, grounded the final hardware selection 

in operational reality rather than benchmark performance alone. 

5.4. Experimental Validation—Summary of Results from [18] 

The technological stack defined in Sections 5.1–5.3 was subsequently integrated with 

an IoT sensor layer and a Deep Q-Learning (DQL) optimization module to form a com-

plete hybrid AR-RL framework. The full experimental design, validation protocol, and 

inferential statistical analysis underlying the results summarized below are reported in 

the companion publication [18]; the present section is strictly limited to the performance 

outcomes that establish the operational consequences of the selection decision developed 

in Sections 3 and 4. 

The integrated system was validated over a three-month period under simulated and 

semi-operational conditions representative of the Moroccan high-speed rail maintenance 

environment. Across all key performance indicators, results were significant and con-

sistent, as summarized in Table 11 and Figure 12. 

Table 11. Summary of Experimental Validation Results for AR-Assisted OP10—Three-Month Eval-

uation Period. 

Performance Indicator Baseline (Manual Procedure) AR-Assisted Result Improvement Range Measurement Condition 

Intervention time per exe-

cution 
~45–60 min (estimated) ~28–38 min −34% to −47% 

Simulated + semi-opera-

tional 

Human error rate per exe-

cution 
Reference = 100% 30–45% of baseline −55% to −70% 

Simulated + semi-opera-

tional 

Failure-related costs 

(OP10-linked) 
Reference = 100% 58–72% of baseline −28% to −42% Semi-operational 

Additional efficiency gain 

(RL layer) 
— +15–20% vs. AR-only +15% to +20% Simulated 

Evaluation duration — 3 months — Moroccan HSR facility 

Conditions — 
Simulated + semi-op-

erational 
— 

Pre-deployment valida-

tion 
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Figure 12. From Criteria to Outcomes: AHP-Driven Selection of OP10 and Experimental Validation 

of AR Integration Performance. 

These results validate the upstream selection decision in two respects. First, the 34–

47% reduction in intervention time is directly attributable to the procedural density of 

OP10—the precise characteristic that drove its maximum C2 score in the multi-criteria 

matrix. Second, the 55–70% reduction in human error rates reflects the measurable impact 

of AR guidance on the two failure modes prioritized by the C3 Safety Impact criterion: 

omission errors and measurement misinterpretation. The 28–42% decline in failure-re-

lated costs confirms the return on investment anticipated by the MCDM scoring and val-

idates the economic rationale for targeting safety-critical, high-traceability operations as 

primary AR candidates. 

Taken together, these results confirm that OP10, as identified through the five-step 

decision framework, proved not only technically compatible with AR integration but ca-

pable of generating substantial operational gains when augmented with adaptive AI—an 

outcome that would not have been predictable without the systematic characterization 

performed in Sections 3 and 4. 

6. Discussion 

6.1. Interpretation of Selection Results 

The convergence of the multi-criteria decision matrix and the expert validation on 

OP10 does not reflect a circularity in the methodology but rather a genuinely distinctive 

operational profile that sets this operation apart from all other Level 2 candidates along 

the dimensions most critical to AR deployment success. 

The composite score of 2.85/3.00 achieved by OP10 carries concrete industrial signif-

icance: a score at this level indicates that the operation approaches the theoretical maxi-

mum of AR suitability across all weighted criteria simultaneously—not on one or two 
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isolated dimensions, but across the full evaluation space. The score gap between OP10 

(2.85) and the second-ranked candidate ATS0 (2.00) amounts to 0.85 points on a three-

point scale, compared to only 0.30 points separating ATS0 from OP37 (2.00 vs. 1.70). This 

non-linear differentiation at the top of the ranking confirms that OP10’s superiority is gen-

uine rather than marginal. 

Three factors explain this dominance, each aligned with the weighting scheme de-

fined in Section 3. First, OP10 concerns the Main Transformer, the most critical component 

of the high-speed trainset. Its failure has immediate safety implications and a replacement 

cost of at least 892,800 MAD (about 86,848 USD). This explains OP10’s maximum score on 

C3, the most heavily weighted criterion (0.30), and makes safety the main driver of its 

overall advantage. Second, OP10 has the highest cognitive demand among all Level 2 op-

erations. It matches the conditions under which AR is most valuable: visually guided, 

multi-step, and cognitively demanding tasks in which omission errors are both likely and 

consequential [14]. This justifies its top score on C2 (0.25). Third, OP10 is the only candi-

date subject to full standardized traceability under AFNOR FD X 60-000. This regulatory 

requirement becomes a deployment advantage because AR can automate real-time docu-

mentation while reducing compliance risk, which supports its maximum score on C4. 

The expert validation results reinforce these structural findings. The Kruskal–Wallis 

result (H = 18.479, p < 0.001) formally confirms that OP10’s dominance across the nine 

questionnaire items is statistically significant and cannot be attributed to distributional 

noise. The seniority-independence result (Mann–Whitney U, p = 0.230) further strengthens 

this interpretation by confirming that the consensus on OP10 is not driven by any partic-

ular experience group—a critical robustness property in industrial expert validation [14]. 

The low Kendall’s W (0.037) reported in Section 4.5 warrants explicit interpretation 

and should not be read as evidence of expert disagreement. Kendall’s W measures global 

rank concordance—whether all experts agree on the complete ordering of all three candi-

dates simultaneously across all nine questions. In a heterogeneous panel spanning five 

departments with functionally distinct operational priorities, low global concordance is 

both expected and well-documented: Schmidt (1997) [63] reports W values between 0.01 

and 0.15 in multi-professional panels, with a median near 0.05; Rowe and Wright (1999) 

[64] show that panels combining operational and strategic roles structurally produce W 

below 0.10 regardless of directional consensus quality; Hasson and Keeney (2011) confirm 

that in panels exceeding 50 multi-disciplinary experts [65], W < 0.05 is common and does 

not contradict a strong directional signal; and Kalaian and Kasim (2012) report W values 

between 0.02 and 0.08 in multi-departmental industrial validation studies [66]. The W = 

0.037 reported here falls squarely within this documented range and is therefore expected 

rather than anomalous. 

The methodological distinction between global rank concordance and directional 

preference convergence is critical here. Kendall’s W is inherently sensitive to role-specific 

weighting of secondary criteria—a structural property of any compositionally diverse 

panel. The chi-square statistic (χ2 = 29.949, p < 0.001) operates on a different inferential 

level: it confirms that the distribution of votes across OP10, ATS0, and OP37 is non-ran-

dom, and that OP10’s systematic plurality across all nine questions constitutes a genuine 

and reproducible directional signal. Low W and significant H are not contradictory—they 

reflect departmental heterogeneity in full rank ordering coexisting with unambiguous di-

rectional convergence on OP10 [63], a pattern entirely consistent with the panel composi-

tion documented in Section 4.5. 

The methodological distinction between global rank concordance and directional 

preference convergence is critical here. Kendall’s W measures consistency of complete 

rankings across all items simultaneously—a metric inherently sensitive to role-specific 

weighting of secondary criteria. The chi-square statistic (χ2 = 29.949, p < 0.001) operates on 
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a different inferential level: it confirms that the distribution of votes across OP10, ATS0, 

and OP37 is non-random, and that OP10’s systematic plurality across all nine questions 

constitutes a genuine and reproducible directional signal embedded within, rather than 

obscured by, the heterogeneity of the panel. 

To further assess whether this directional convergence was consistent across depart-

mental subgroups—rather than driven by any single department—the proportion of OP10 

selections was examined separately for each of the five operational departments. OP10 

received a plurality of votes across all five departments, confirming that the observed con-

sensus is not an artifact of subgroup composition but reflects a consistently held prefer-

ence across operationally distinct roles. Formal within-department concordance analysis 

using Kendall’s W was not performed due to subgroup sizes ranging from n = 13 to n = 

25, which fall below the threshold recommended for stable W estimation in small stratified 

samples [63]. However, the convergence of the global Kruskal–Wallis result, the cross-

departmental plurality pattern, and the seniority-independence validation (Mann–Whit-

ney U, p = 0.230) together constitute a multi-layered robustness argument that is not de-

pendent on any single statistical indicator. 

6.2. Confrontation with the Literature 

The AR deployment results—a 34 to 47% reduction in intervention time and a 55 to 

70% decrease in human error rates—position this study within and beyond the current 

performance benchmarks of the AR railway maintenance literature. 

The most directly comparable result is that of Garcia et al. (2024) [9], who reported a 

47% reduction in assembly time and an 88% decrease in errors using the Holorailway AR 

system for railway assembly operations. The intervention time reduction achieved here 

(34–47%) converges with Garcia et al.’s upper bound, confirming that AR-guided proce-

dural overlay delivers comparable efficiency gains across different operation types and 

railway contexts. The error reduction range reported here (55–70%), however, is substan-

tially lower than Garcia et al.’s 88%. This divergence is entirely expected: assembly tasks 

involve discrete binary verification steps where AR guidance can virtually eliminate er-

rors, whereas OP10’s inspection and measurement tasks involve continuous variables—

oil levels, temperature readings, tolerance cross-referencing—where human judgment 

cannot be fully displaced by AR overlay, preserving a residual error margin that is oper-

ationally irreducible under current AR capabilities. 

Beyond this performance comparison, Garcia et al.’s operation was selected without 

systematic justification, whereas OP10 was selected through a principled five-step method-

ology. This distinction is not incidental: it directly conditions the generalizability of the de-

ployment architecture. A deployment anchored in a systematically selected operation—one 

that satisfies explicit criteria for procedural structure, safety impact, and traceability com-

patibility—provides a replicable blueprint for scaling AR to other operations. A deployment 

anchored in a convenient or visible operation provides only an isolated data point. 

Compared to the visualize–guide–decide–track pipeline of Scheffer et al. (2021) [10], 

the present framework contributes one structural element that pipeline presupposes but 

does not address: a systematic pre-deployment operation selection methodology. This di-

rectly addresses the gap identified in the literature review of Section 2—that prior AR 

deployments treat operation selection as pre-analytical—and establishes a rigorous entry 

point from which the guidance, decision, and tracking layers of any AR pipeline can be 

built on operationally justified foundations. This positioning is consistent with the 

broader trajectory identified by Rodríguez-Hernández et al. (2025) [7], who conclude that 

successful AR integration in railway organizations requires a far more structured and 

methodology-driven approach than is currently practiced. 
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6.3. Limitations 

Three categories of limitations qualify the findings of this study. 

Mono-site industrial context. The full five-step methodology was applied to a single 

high-speed train maintenance facility operating under Moroccan regulatory and organi-

zational conditions. While the AFNOR FD X 60-000 standard is internationally recognized 

and the facility’s operational characteristics are broadly representative of high-speed rail 

maintenance environments, the specific scores assigned to each operation in the multi-

criteria matrix reflect this particular facility’s maintenance culture, fleet composition, and 

regulatory interpretation. Replication in facilities operating under different standards—

EN 13306 in European contexts [67], or JIS E in Japanese contexts—may yield different 

candidate operation rankings, and the methodology should be re-applied rather than the 

specific scores transferred. 

Ordinal scoring resolution. The three-level ordinal scale (1–3) used in Step 4 was se-

lected to minimize inter-rater variability, consistent with MCDM practice in operationally 

constrained contexts [53,55]. However, this scale limits discriminatory precision between 

operations that differ in degree rather than in kind within a single scoring level. A finer-

grained scale (1–5 or 1–10) would increase resolution at the cost of higher inter-rater var-

iance and reduced consensus reliability—a trade-off that future applications should cali-

brate to the specific decision context. 

Single-operation AR validation scope. The AR architecture developed and validated 

in this study is specific to OP10 and has not yet been tested on other Level 2 operations. 

While the technological stack—ArborXR, Vuforia Engine, Unity, and Magic Leap 2—was 

selected with cross-operation scalability as an explicit criterion, the generalizability of the 

AR interface design, tracking configuration, and reporting automation to other mainte-

nance operations remains to be empirically confirmed. Future work should extend the AR 

deployment to the next-ranked candidates (ATS0 and OP37) to assess both the portability 

of the architecture and the predictive validity of the selection methodology. 

6.4. Generalizability and Conditions for Replication 

The five-step decision methodology is designed to be replicable across maintenance 

contexts beyond the specific industrial setting in which it was applied. Its generalizability 

rests on three inherent properties independent of the railway sector: the use of a standard 

MCDM framework adaptable to any criterion set, the AHP-derived weighting procedure 

transparent and re-applicable to different operational priorities, and the expert validation 

protocol scalable to any organizational size and departmental structure. 

Three conditions must be satisfied for successful replication in a new industrial con-

text. First, a formalized maintenance classification standard must be in place—equivalent 

to AFNOR FD X 60-000 or any recognized national or international norm—to enable the 

maintenance level compatibility analysis of Step 2. Second, detailed standardized mainte-

nance plans must exist for candidate operations, as AR-guided overlay requires a docu-

mented procedural baseline from which to construct the guidance sequence. Organiza-

tions operating primarily on tacit knowledge will need to invest in procedural documen-

tation before AR deployment becomes feasible. Third, access to a representative sample 

of domain experts is required for Step 5—ideally spanning multiple operational depart-

ments and experience levels, as the cross-sectional robustness demonstrated in this study 

(Mann–Whitney p = 0.230) is a function of the diversity of the validation panel. 

Beyond the railway sector, the methodology is directly applicable to any asset-inten-

sive industry where maintenance operations are regulated, procedurally structured, and 

safety-critical—including aerospace MRO, nuclear plant maintenance, oil and gas inspec-

tion, and advanced manufacturing. Replication across these sectors would follow the same 

five-step sequence validated here—beginning with a sector-specific redundancy screening 
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and maintenance level compatibility analysis, followed by multi-criteria scoring against the 

target organization’s operational priorities, and concluding with expert validation com-

posed to reflect its departmental structure. The railway application reported in this study 

constitutes the first validated node of this broader deployment trajectory. In each of these 

contexts, the fundamental research gap addressed by this study—the absence of a criterion-

based methodology for selecting which operation to target first for AR integration—is 

equally present, and the five-step framework provides a directly transferable resolution. 

From a technological evolution perspective, the deterministic tracking architecture 

adopted in this study—grounded in Vuforia Engine’s geometry-anchored spatial regis-

tration against the pre-existing 3D model of the Main Transformer—was explicitly condi-

tioned by the availability of that model. This architectural prerequisite, while fully satisfied 

for OP10, will not be universally present across candidate operations identified by future 

applications of the five-step framework. For operations where no validated 3D model exists, 

the deployment architecture will necessarily evolve toward foundation vision models: 

SAM-based segmentation for dynamic component boundary detection and ViT-based 

markerless recognition for geometry-independent spatial registration. Integration of these 

approaches is planned for the next-ranked candidates ATS0 and OP37 in the near term (12–

18 months), and their validation under safety-critical operational conditions represents the 

primary technological development horizon of this research program over the following 12–

24 months. This trajectory positions the present study not as a terminal deployment, but as 

the first validated node in a scalable AR integration framework whose architectural evolu-

tion is directly driven by the operation selection methodology developed here. 

7. Conclusions 

This study addressed a question that the AR maintenance literature has consistently 

overlooked: not how to deploy AR in railway maintenance, but which operation should 

be targeted first, and according to what criteria. By treating operation selection as a re-

search problem rather than a preliminary convenience, this work contributes three origi-

nal elements to the field. 

First, a structured five-step MCDM-based methodology that determines which 

maintenance operation to target before any technological deployment begins—a decision 

step that prior work consistently treated as pre-analytical. Second, its validated application 

to a real high-speed railway facility in Morocco, converging through quantitative scoring 

and expert consensus (n = 100) on OP10 as the optimal AR candidate. Third, a preliminary 

empirical validation demonstrating that this principled selection directly conditions deploy-

ment outcomes: a 34–47% reduction in intervention time, a 55–70% decrease in human error 

rates, and a 28–42% decline in failure-related costs—gains traceable to the operational char-

acteristics that drove OP10’s selection in the first place. 

These results carry significance at three levels, each grounded in the quantitative ev-

idence produced by this study. At the operational level, a 34 to 47% reduction in interven-

tion time for OP10—an operation executed on a frequent weekly basis—applied across a 

fleet of 50 high-speed trainsets implies a recovery of approximately 170 to 235 technician-

hours per year for this single operation alone, with direct consequences for fleet availability, 

maintenance scheduling density, and labor cost structure. A 55 to 70% reduction in human 

error rates on an operation directly linked to the Main Transformer—whose replacement 

costs a minimum of 892,800 MAD (86,848 USD)—translates into a proportional reduction in 

unplanned interventions, fleet immobilization events, and regulatory non-compliance risk. 

These figures confirm that the return on AR investment is not merely operational but finan-

cial, with a payback horizon that can be modeled against the capital cost of the Magic Leap 

2 deployment architecture using the performance ranges reported here. 

https://doi.org/10.3390/app16136708


Appl. Sci. 2026, 16, 6708 35 of 39 
 

https://doi.org/10.3390/app16136708 

At the methodological level, the five-step framework validated in this study is replica-

ble across maintenance levels, train types, regulatory environments, and industrial sectors—

providing a generalizable template for AR deployment prioritization that extends beyond 

the railway context. The AHP-derived weighting procedure is transparent and re-applicable 

to different operational priority structures, and the expert validation protocol is scalable to 

any organizational size and departmental configuration. 

At the scientific level, this work establishes operation selection as a legitimate and 

necessary research step in the AR deployment pipeline—one that conditions the scalabil-

ity, transferability, and return on investment of any subsequent technological develop-

ment. AR-automated traceability further creates a structured digital record of expert de-

cision-making during each maintenance execution, progressively building an operational 

knowledge base that reduces organizational dependence on tacit individual expertise and 

mitigates the skill gap risk created by technician retirement. 

As the third component of a multi-article research program combining AR and Rein-

forcement Learning for intelligent railway maintenance, this work provides the critical 

bridge between the strategic findings of prior contributions and their concrete industrial 

application. 

Future work will extend this methodology along four directions. First, the five-step 

framework will be applied to additional Level 2 operations at the same facility, with the 

objective of progressively building a prioritized AR integration roadmap across the full 

preventive maintenance cycle—moving from a single validated use case toward a system-

atic deployment architecture. Second, longitudinal validation under fully operational con-

ditions—involving live trainsets, real traceability requirements, and uncontrolled envi-

ronmental variability—will be conducted to confirm the stability of the performance gains 

reported here and to refine the RL policy under real-world feedback dynamics. Third, or-

ganizational dimensions of deployment—including technician onboarding protocols, 

change management strategies, data governance infrastructure, and cost modeling across 

multi-operation AR programs—will be systematically addressed in subsequent contribu-

tions, completing the adoption framework initiated by the systematic review that opened 

this research program. Fourth, the instrumentation of high-speed trainsets under fully op-

erational conditions will generate the annotated component datasets required to integrate 

transformer-based vision models such as ViT as a geometry-agnostic complement to the 

deterministic tracking layer validated in this study. Whether AR, combined with adaptive 

AI, can progressively automate not only task guidance but also the continuous optimization 

of maintenance decisions themselves remains a central open question for future work. 
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