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Abstract

The digital transformation of railway maintenance is increasingly driven by the integration of
intelligent technologies capable of improving situational awareness, operational efficiency and
knowledge management. Augmented Reality (AR), Artificial Intelligence (Al), Building Infor-
mation Modelling (BIM) and Computerized Maintenance Management Systems (CMMS) have
emerged as key enabling technologies for the development of next-generation maintenance en-
vironments aligned with Industry 4.0 and Industry 5.0 paradigms.

This paper presents an integrated augmented reality maintenance assistant combining BIM-
based digital models, CMMS maintenance data and real-time object detection using a lightweight
MobileNet architecture deployed on mobile devices. The proposed system creates a digital
bridge between physical railway assets, Al-based perception and maintenance information sys-
tems.

The framework was validated using the pantograph subsystem of the Portuguese Alfa Pen-

dular high-speed train. A MobileNet MultiHW AVG [384 model was trained using operational
data and deployed using TensorFlow Lite and MediaPipe for real-time inference.

The model achieved an APy of 0.9459 and an Fl-score of 0.8253. Quantization-Aware
Training reduced model size but significantly degraded performance when detecting small in-



dustrial components.

The results demonstrate the feasibility of deploying lightweight deep learning models in
augmented reality maintenance environments and highlight the potential of integrating AR,
edge Al and maintenance information systems for intelligent railway maintenance.

Keywords: railway maintenance , augmented reality , edge Al, MobileNet , BIM , CMMS,
object detection

1 Introduction

Railway systems constitute critical infrastructure whose safe and reliable operation depends
on effective maintenance strategies. Infrastructure components and rolling stock are exposed
to demanding operational and environmental conditions, making the quality of inspection and
maintenance essential to ensure safety, availability, and performance throughout their life cycle.

Today, many maintenance activities still rely on fragmented information flows, manual in-
spection routines, and documentation dependent on technicians. While these practices remain
indispensable, they can have certain weaknesses, such as delays in decision-making and an in-
creased risk of inconsistencies between the physical asset, technical documentation, and main-
tenance records.

The digital transformation of maintenance has been strongly influenced by Industry 5.0
paradigms, which emphasize the integration of intelligent decision-making support, human-
centered assistance, and resilient operations [2, 28]. In this context, predictive maintenance,
digital twins, augmented reality, and artificial intelligence emerge as particularly relevant tech-
nologies for bridging the gap between physical assets and digital maintenance ecosystems
[27,32,35].

Augmented reality has generated significant interest due to the way it has improved human-
machine interaction during maintenance operations. By superimposing digital information di-
rectly into the physical environment, AR systems can support inspection, diagnosis, training,
and the execution of procedures in a more intuitive and context-sensitive manner [1,3,13]. Sys-
tematic literature reviews indicate that AR is particularly valuable in maintenance scenarios
involving spatially complex assemblies, guided navigation, and remote expert support [14—16].
In the railway sector, where assets play a critical role in safety and maintenance work is often
carried out under time constraints and operational limitations, this framework is particularly
important.

At the same time, advances in computer vision have also enabled increasingly more robust
automated recognition of components and operating conditions. Deep convolutional neural
networks have demonstrated excellent performance in visual classification and detection prob-
lems [4]. However, many high-performance architectures continue to require significant com-
putational power, which sometimes hinders their direct implementation on mobile devices and
wearable platforms in real-world maintenance contexts.

Nevertheless, lightweight architectures, such as MobileNet, overcome this limitation by us-
ing depth-separable convolutions to reduce computational complexity while preserving good
accuracy [5]. These characteristics make them particularly well-suited for deployment, real-



time inference, and maintainability. Model optimization techniques, such as quantization, fur-
ther improve deployability by reducing memory footprint and inference cost, although they may
also compromise recognition performance when small industrial components or fine visual de-
tails are involved [6].

A second challenge concerns the integration of technologies with maintenance information
systems. In many organizations, maintenance history, work orders, and technical records are
managed in Computerized Maintenance Management Systems, while digital representations of
assets are handled separately through BIM- or CAD-based environments. Research on BIM-
enabled operation and maintenance has consistently shown that this separation reduces the po-
tential value of digital models during the life cycle [17-20]. In railway and infrastructure con-
texts, BIM and related digital asset approaches are increasingly recognised as relevant not only
for design and construction, but also for asset management, maintenance planning and data
integration [25,26].

In parallel, digital twin research has reinforced the idea that maintenance systems should
connect physical assets, data flows, simulation capabilities and operational intelligence within
a unified cyber—physical framework [28,29]. Recent reviews in the railway sector show that
digital twins are being used to improve maintenance strategies, condition monitoring and deci-
sion support, particularly when combined with IoT and Al technologies [30,31]. These devel-
opments are leading us to create maintenance environments in which visual perception, asset
models, and maintenance records are no longer isolated resources, but rather interconnected
components of a single, broader smart infrastructure.

Another emerging area concerns knowledge related to maintenance in textual format. Work
orders, inspection reports, and technicians’ notes contain relevant information about failure
modes, actions taken, and operational decisions. However, this knowledge tends to be un-
derutilized, as it is mostly stored in unstructured formats, making it difficult to organize and
retrieve efficiently. Recent studies show that the use of Natural Language Processing tech-
niques, particularly transformer-based approaches, can facilitate the analysis of work orders,
semantic search, and knowledge extraction. Additionally, Large Language Models (LLMs) are
emerging as a promising solution to support problem-solving and the production of technical
documentation [7-12, 33, 34].

In this context, this article proposes an integrated augmented reality maintenance assistant
for railway pantograph systems, which combines BIM-based digital models, CMMS mainte-
nance information, and real-time object detection using a lightweight MobileNet architecture.
The proposed framework establishes a digital bridge between the physical asset, its digital rep-
resentation, and its maintenance history, with the aim of directly supporting technicians in the
operational environment.

The pantograph subsystem of the Portuguese high-speed train Alfa Pendular was selected as
a case study, as it is a critical component in the train’s current collection system and requires
precise inspection and maintenance procedures. The system is being developed for realistic
maintenance conditions, with a focus on the feasibility of combining AR, Al, BIM, and CMMS
integration within a railway maintenance workflow.

This paper presents four main contributions. First, it proposes a conceptual architecture
for integrated maintenance that combines augmented reality visualization, BIM-based digi-
tal asset modeling, integration of data from CMMS systems, and real-time object detection,



building upon existing research in these domains. Second, it explores the development of a
lightweight detection model based on the MobileNet network, tailored for railway maintenance
contexts. Third, it considers the validation of the proposed approach through a pantograph
maintenance scenario under realistic conditions. Finally, it analyzes the potential impact of
Quantization-Aware Training on detection performance, particularly in industrial contexts in-
volving the recognition of small objects, which constitutes one of the main novel aspects of this
work.

2 Research Methodology

This research follows a design-oriented and experimental methodology aimed at developing
and validating an intelligent maintenance support system for railway applications. The method-
ological approach combines system development, data-driven model training and experimental
evaluation within a real industrial context. Part of the system architecture and initial integra-
tion concepts have been introduced in previous work, including an initial research effort by the
same authors [38], where the feasibility of combining augmented reality with maintenance in-
formation systems was explored. The present study extends that foundation by focusing on the
development, optimisation and experimental evaluation of the object detection component, as
well as its integration within a real maintenance scenario.

The research process was structured into four main phases: system conceptualisation, data
acquisition and dataset preparation, model training and deployment, and experimental valida-
tion.

In the first phase, a conceptual architecture integrating AR, BIM, Al and CMMS was de-
signed. Building on prior work, this architecture aims to enable a seamless connection between
physical railway assets, digital models and maintenance information systems. The architecture
follows a modular approach, allowing each technological component to operate independently
while exchanging information through defined interfaces.

The second phase involved data acquisition and dataset preparation. Visual data were col-
lected from real maintenance operations, followed by frame extraction, manual annotation and
data augmentation. A detailed description of the dataset and acquisition conditions is provided
in Section 5.

The third phase, which constitutes a core contribution of this work, involved the training
of an object detection model based on the MobileNet MultiHW AVG 1384 architecture using
MediaPipe Model Maker. The training process was conducted using Google Colab with GPU
acceleration, with hyperparameters selected empirically to balance training stability and model
generalisation. After training, the model was exported to TensorFlow Lite format to enable
deployment on mobile devices and edge platforms.

The fourth phase focused on experimental validation of the proposed framework. The trained
model was integrated into an Android-based augmented reality application using ARCore and
SceneView for spatial tracking and visualisation. The application performs real-time infer-
ence using TensorFlow Lite and overlays contextual maintenance information retrieved from
the CMMS. This phase extends previous developments by validating the system under realistic
operational conditions.

Model performance was evaluated using standard object detection metrics, including Aver-
age Precision (AP) and F1-score. Additional experiments were conducted to analyse the impact
of Quantization-Aware Training on model performance and deployment efficiency, constituting



a further novel contribution of this study.

This methodology enables the evaluation of the feasibility and effectiveness of integrating
augmented reality, edge artificial intelligence and maintenance information systems within a
railway maintenance environment.

3 Related Work

3.1 Augmented Reality in Industrial Maintenance

Augmented reality has long been recognised as a promising technology for enhancing mainte-
nance activities by aligning digital information with the physical asset under intervention. The
foundational survey by Azuma [1] established the conceptual basis of AR systems, while later
work demonstrated how this paradigm could support industrial inspection, assembly, training
and maintenance in practical settings [3, 13].

Within industrial maintenance, AR has been associated with several expected benefits, in-
cluding improved spatial understanding, reduced cognitive switching between documentation
and equipment, lower error rates and faster execution of guided procedures. Palmarini et al. [14]
provided one of the most relevant systematic reviews in this domain, showing that AR can
contribute positively to key performance indicators in maintenance tasks, while also identify-
ing persistent barriers related to hardware usability, tracking reliability and content authoring.
Jetter et al. [15] similarly examined AR tools for industrial applications and highlighted the
importance of measurable operational benefits in real deployment contexts.

Other studies have stressed that AR is especially valuable when maintenance tasks are com-
plex, spatially distributed or require knowledge transfer between experts and field operators.
This is particularly visible in remote support scenarios, where AR can facilitate shared situa-
tional awareness and collaboration [16]. Even so, many AR-based maintenance systems still
depend on manual selection of components, marker-based recognition or relatively constrained
operating conditions, which limits their flexibility in real industrial environments.

3.2 Edge AI and Lightweight Object Detection

The increasing maturity of computer vision has created new opportunities for automated recog-
nition of components, states and anomalies during maintenance operations. Deep convolutional
neural networks have been central to this progress, with landmark studies showing the remark-
able performance of CNN-based (Convolutional Neural NetworK) approaches in visual recog-
nition tasks [4].

For industrial AR applications, however, high predictive performance alone is not sufficient.
Models must also operate under hardware constraints associated with mobile devices, embed-
ded platforms and wearable systems. MobileNet was specifically designed for such contexts
by adopting depthwise separable convolutions that reduce computational cost while preserv-
ing practical accuracy [5]. This makes MobileNet especially relevant for maintenance support
applications that require real-time inference directly on the device.

Quantization techniques further support edge deployment by decreasing model size and ac-
celerating inference through low-precision arithmetic [6]. Nevertheless, their effectiveness de-
pends strongly on the application context. In industrial recognition problems involving small
objects, subtle geometric distinctions or partially occluded components, the accuracy loss intro-



duced by quantization can become significant. This trade-off is particularly relevant in mainte-
nance scenarios where the correct identification of visually similar or physically small elements
has operational consequences.

In parallel with object recognition research, railway and infrastructure studies have increas-
ingly adopted vision-based and model-based techniques for inspection and asset monitoring.
Recent work in railway related environments highlights the growing role of machine vision and
digital representations for infrastructure measurement, fault detection and maintenance sup-
port [36,37]. These trends reinforce the relevance of lightweight Al perception as a component
of intelligent railway maintenance environments.

3.3 BIM, Asset Information and Digital Twins for Maintenance

BIM has progressively expanded beyond the design and construction stages and is now widely
discussed as an enabler for operation and maintenance activities. Reviews by Pirn et al. [17],
Gao and Pishdad-Bozorgi [18], and Matarneh et al. [19] show that BIM can improve informa-
tion continuity, maintenance planning, interoperability and lifecycle data accessibility, although
implementation barriers remain substantial. Pilot and framework-oriented studies also indicate
that BIM becomes considerably more valuable in the operational phase when it is deliberately
prepared for facilities management and linked to maintenance workflows [20-22].

In the context of existing assets and maintenance-oriented information management, BIM
has also been associated with efficiency gains in inspection, documentation and intervention
planning [23, 24]. These findings are particularly relevant for railway assets, where multidis-
ciplinary data, component hierarchies and long lifecycle horizons make integrated information
management especially important. Work specifically addressing the railway context also points
to the strategic value of BIM for infrastructure coordination, information integration and facility
management support [25,26].

The evolution from BIM-based asset representations toward digital twins has further broad-
ened the scope of maintenance intelligence. Digital twins are described as cyber—physical
environments that combine real-time data, virtual representations, analytics and decision sup-
port [27-29]. Recent reviews on Al-enhanced digital twins and railway digital twin applications
indicate that these frameworks are becoming central to predictive maintenance, condition mon-
itoring and system-level optimisation [30,35]. In railway maintenance specifically, loT-enabled
monitoring and integrated asset data platforms have been identified as important enablers for
more proactive and data-centric strategies [31].

3.4 Natural Language Processing and LLMs

While computer vision supports the interpretation of physical assets, maintenance operations
also generate extensive textual documentation, including work orders, inspection reports, inter-
vention records and technician notes. These texts encode valuable operational knowledge, but
their practical use is often limited by inconsistent terminology, abbreviations and the unstruc-
tured nature of maintenance language.

Natural Language Processing (NLP) has therefore become an increasingly relevant research
direction in maintenance engineering. Mo et al. [7] showed that NLP can support automated
workforce assignment in maintenance management, while Li et al. [8] demonstrated that main-
tenance work orders can be analysed to improve intervention planning and resource allocation.
A recent systematic literature review by Zhong et al. [33] confirms the rapid expansion of NLP



applications in industrial maintenance, including classification, information extraction, seman-
tic analysis and knowledge discovery from maintenance texts.

Transformer-based semantic search has further expanded these possibilities, enabling rele-
vant maintenance knowledge to be retrieved from large sets of historical records without relying
on rigid keyword matching [9]. Other recent work has explored how maintenance actions de-
scribed in free text can be decomposed into meaningful sub-tasks, revealing new opportunities
for procedural standardisation and knowledge reuse [34].

Large Language Models add another layer of capability by enabling more natural interaction
with maintenance information systems. Recent studies show promising results in troubleshoot-
ing assistance, collaborative human—machine diagnosis and multimodal knowledge integration
for industrial operation and maintenance [10, 11]. In parallel, NLP and LLM-based approaches
are also being explored for generating structured industrial documentation and technical reports,
which is directly relevant to inspection reporting and maintenance traceability [12,35].

For the present railway maintenance context, this line of research is particularly relevant. A
future extension of the proposed framework could use LLM-based support to interpret work
orders written in natural language, retrieve similar historical interventions from the CMMS
and assist technicians in completing inspection reports in a more consistent and traceable way.
However, because railway maintenance is safety-critical, such support should be designed as
supervised assistance rather than autonomous decision-making.

4 System Architecture

The proposed system integrates four technological layers connecting physical railway assets
with digital maintenance systems, as illustrated in Fig. 1.

The CMMS layer is implemented using the Odoo Maintenance platform and manages main-
tenance work orders, intervention history and asset information.

The BIM layer contains digital models of pantograph components created in Blender and
exported to gITF format.

The Al perception layer performs object detection using a MobileNet MultiHW AVG 1384
architecture integrated with a RetinaNet-style detection head.

The augmented reality layer is implemented using Android Studio, ARCore and SceneView,
enabling real-time rendering and contextual visualisation of detected components.

5 Dataset and Data Preparation

The dataset used in this study was collected during maintenance operations performed in railway
maintenance facilities, with a specific focus on the pantograph subsystem of the Portuguese
Alfa Pendular high-speed train. This component plays a critical role in current collection from
the overhead catenary system, making it particularly relevant for inspection and maintenance
support applications.

Video data were acquired using a Samsung Galaxy S22 smartphone to replicate the opera-
tional conditions expected for a mobile augmented reality maintenance system. The acquisition
process was conducted under realistic working conditions, including variations in illumination,
partial occlusions, and different viewing perspectives. These factors were intentionally pre-
served in the dataset to ensure that the trained model reflects real-world operational challenges.



Figure 1:
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Diagram of the proposed system architecture and workflow, illustrating the integration
of historical data, CMMS, and Large Language Models (LLMs) to support intelligent
maintenance operations. The process is divided into two main flows: (i) data acqui-
sition and management, including equipment identification and maintenance history,
and (i1) intelligent processing and user interaction through LLMs. The LLM module
enables the generation and contextualisation of maintenance work orders and instruc-
tions, which are delivered in real time to technicians via an AR mobile application.
The system supports enhanced decision-making and improved efficiency in railway
maintenance environments.



Recorded videos were processed through frame extraction, followed by manual annotation
using the Visual Object Tagging Tool (VoTT). Each annotation consisted of bounding boxes
associated with maintenance-relevant pantograph components. The dataset comprises anno-
tated object instances distributed across four classes: pantograph structure, cleaned brushes,
uncleaned brushes, and grounding connector. A quantitative description of the dataset compo-
sition is provided in Table 1. Additional collection and annotation details were reported in a
previous manuscript by the authors.

The dataset was divided into training, validation, and testing subsets. The distribution of
object instances per class was kept as balanced as possible within the constraints of real main-
tenance data collection.

To improve dataset diversity and model generalisation, data augmentation was applied only
to the training subset. Augmentation was performed using the Roboflow platform and included
image rotation, horizontal flipping, scaling, contrast adjustments, and illumination variations.
No augmentation was applied to the validation or testing subsets, in order to preserve an unbi-
ased evaluation of model performance.

Finally, the annotated dataset was exported in COCO format to ensure compatibility with the
deep learning training pipeline adopted in this work.

Table 1: Distribution of images and annotated object instances in the dataset.

Class Total Instances  Training  Validation  Testing
Pantograph structure 654 567 58 29
Cleaned brushes 571 549 19 11
Uncleaned brushes 521 447 49 25
Grounding connector 285 251 21 13
Total 2031 1814 147 78

6 Model Training and Implementation

The object detection model was trained using the MobileNet MultiHW AVG 1384 architec-
ture within the MediaPipe Model Maker framework. The training process was conducted in a
Google Colab environment equipped with an NVIDIA Tesla T4 GPU, enabling efficient exper-
imentation and model optimisation.

The dataset described in Section 5 was used as input, with annotated images split into training
and validation sets. The training process was configured with 30 epochs, a batch size of 8 and
a learning rate of 0.3. These hyperparameters were selected empirically to achieve a balance
between training stability and model convergence. During training, loss curves were monitored
to ensure stable optimisation behaviour and to detect potential overfitting.

Once training was completed, the model was exported to TensorFlow Lite format to enable
deployment on mobile and edge devices. This format allows efficient on-device inference with
reduced memory and computational requirements.

The TensorFlow Lite model was then integrated into the augmented reality mobile applica-
tion developed using Android Studio. Real-time inference is performed directly on the device,
allowing the system to detect pantograph components in camera frames and overlay contextual
maintenance information retrieved from the CMMS.



Table 2: Distribution of annotated object instances across the dataset splits.

Class Total Training Validation Testing
Pantograph Brushes 654 567 58 29
Uncleaned Brushes 521 447 49 25
Cleaned Brushes 571 549 19 11
Ground Connector 285 251 21 13

7 Experimental Evaluation

The performance of the object detection model was evaluated using standard metrics commonly
employed in object detection tasks, namely Average Precision (AP), precision, recall, and F1-
score. These metrics were used to assess both the overall detection capability of the model and
the balance between correct detections and missed or incorrect predictions.

Average Precision measures the area under the precision-recall curve and provides a com-
prehensive evaluation of detection performance across different confidence thresholds. In this
study, the baseline model achieved an APj, value of 0.9459, indicating strong detection perfor-
mance under realistic operational conditions. As shown in Table 3, the corresponding precision
and recall values for the validation process were 0.7970 and 0.8562, resulting in an F1-score of
0.8253.

For contextual interpretation of these results, the class distribution of the dataset is presented
in Table 2. As can be observed, the dataset includes four maintenance-relevant classes with
different numbers of annotated instances, which should be taken into account when analysing
detection performance.

The global evaluation metrics obtained for both the baseline validation process and the
Quantization-Aware Training (QAT) version are summarized in Table 3. The results show
that the trained MobileNet model is capable of accurately detecting pantograph components
in realistic maintenance scenarios. However, they also show that the QAT version led to a se-
vere degradation in performance, with precision decreasing to 0.028, recall to 0.243, and the
Fl1-score to 0.0502.

Table 3: Comparison of precision, recall and F1-score values for the baseline validation model

and the QAT model.
Process Precision Recall Fl-score
Validation 0.7970 0.8562  0.8253
QAT 0.0280 0.2430 0.0502

Additional experiments were conducted to analyse the impact of Quantization-Aware Train-
ing on model size and computational performance. Although quantization reduced model size
and improved inference efficiency, the comparison presented in Table 3 shows that this optimi-
sation came at the cost of a substantial loss in detection accuracy. This effect was particularly
critical in the present industrial context, where reliable recognition of relatively small compo-
nents is essential for maintenance support.

Examples of detection outputs on representative validation images are presented in Fig. 2,
illustrating both successful recognition cases and visually challenging situations involving oc-
clusions, illumination changes, and small components.
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Figure 2: Examples of images from the dataset. The images are organized in two rows with
three images each. The first (top left), second (top center), fourth (bottom left), and
sixth (bottom right) images correspond to the training set, while the third (top right)
and fifth (bottom center) images belong to the validation set. Each image has visual
annotations that indicate trajectories and classes associated with the actions or ele-
ments observed in the scene, as represented by the circular icons.

8 Discussion

The results of this study indicate that lightweight convolutional neural networks have the po-
tential to be applied in maintenance contexts supported by augmented reality.

The integration of Al-based perception mechanisms, BIM models, and data from CMMS
systems points toward the creation of more context-aware maintenance workflows, enabling
technicians to access relevant information during inspection activities.

Additionally, it is anticipated that future maintenance systems could benefit from the incorpo-
ration of large language models, capable of analyzing technical documentation and supporting
report generation.

Recent research on BIM-enabled operation and maintenance, digital twins and railway asset
monitoring suggests that the real value of intelligent maintenance systems does not arise from
a single technology in isolation, but from the structured integration of perception, asset infor-
mation and historical maintenance knowledge [18,19,30,31]. In this sense, the proposed archi-
tecture is relevant not only because it supports real-time visual recognition, but also because it
establishes a practical connection between the physical component, its BIM representation and
its CMMS record.

Although quantization is advantageous for implementation on devices with limited resources,
it can lead to performance losses in industrial settings. In particular, techniques that perform
well in general benchmarks may not maintain the same level of accuracy when detecting small,
partially occluded, or visually similar objects [6]. In maintenance contexts, such losses are not
merely statistical, they may compromise the usefulness of the assistance system during real

11



interventions.

A further implication concerns the role of maintenance text. The recent literature on NLP
and LLMs in maintenance indicates that textual maintenance records should be considered a
strategic source of knowledge rather than a passive administrative by-product [9,10,12,33]. For
railway applications, this opens a relevant path for combining computer vision, BIM and CMMS
data with language-based assistance capable of interpreting work orders, retrieving similar in-
tervention histories and helping technicians complete inspection reports more consistently.

9 Conclusion

This paper presents an augmented reality maintenance assistant that integrates BIM models,
CMMS data and real-time object detection using a lightweight deep learning approach. The
framework creates a digital connection between physical railway assets, their digital represen-
tations and maintenance information, enabling contextualised support directly in operational
settings.

Experimental validation on the pantograph subsystem of the Alfa Pendular train shows that
lightweight models, such as MobileNet, can run effectively on mobile devices for real-time
detection, supporting the use of edge Al in maintenance scenarios. However, the results also
indicate that while quantization improves efficiency, it may reduce accuracy when detecting
small industrial components.

Overall, the approach highlights the potential of combining augmented reality, edge Al and
maintenance information systems to enhance inspection processes, access to information and
technician support, providing a basis for more advanced intelligent maintenance platforms.
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