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Abstract—The aim of this work is to develop a digital
twin application to ensure an optimal level of reliability when
launching a larger project based on the identification of trains
and detection of defects that allow for safe freight transport on
spanish trains. The digital twin framework consists of three
parts: the ‘“physical product” which consists of a scanning
camera placed on a track gantry, the virtual product” which
includes a model based on real-time data representing the
freight car detected by the perception system, and the data flow
connections. The camera images will be post-processed through
an artificial intelligence detection model (YOLOVS), trained to
detect all the elements necessary for the safety of the vehicle and
the cargo. Field studies have demonstrated the effectiveness of
the proposed digital twin framework and its potential to identify
railcars and detect defects in freight wagons.

I. INTRODUCTION

In recent years, the railway industry has embraced in-
creasing levels of digitalization aimed at enhancing safety
and resource optimization through technological innovation.
Among these advancements, digital twins have gained sig-
nificant attention within infrastructure engineering, enabling
real-time monitoring and more efficient predictive mainte-
nance [1]. On the other hand, there is a great interest in
the whole world for climate-friendly transportation and in
Europe in particular. The Europe’s Rail joint undertaking
[2] is investing in the modernisation of Railways to fulfill
sustainability goals and reduce pollution. Some studies shows
that the EU logistics sector is pushed to make a drastic
modal shift from truck transport to the more efficient rail
transport in order to achieve the EU’s climate goal of net
zero greenhouse gas emissions by 2050 [3]. In addition, the
public demand for the improvement of life quality results in
the revolution in railway constructions [4].

On the other hand, maintenance is one of the most
important activities in the operational stage over the life cycle
of railway systems since detrimental accidents may occur
if the track condition is deficient. For this reason, accurate
defect detection is crucial for ensuring the trustworthiness
of intelligent railway systems [5]]. Aware of this fact, many
countries have developed regulations and recommendations
regarding the identification of defects and failures in rolling
stock and subsequent actions [6] [7]. The main incidents
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that must be detected include derailments of vehicles and
containers, collisions, brake-related incidents, wagon over-
loads, and wheel overheating/deformations. For this reason,
defect detection in the railway system has become a prior-
ity objective. To address these issues, recent studies have
developed several approaches using Convolutional Neural
Network (CNN) models to detect railway defects with high
accuracy [5]. Despite progress in Computer Vision (CV)
techniques, railway defect detection remains challenging due
to multiple factors [8], such as the complexity of railway
infrastructure, variations in lighting and weather conditions,
and the presence of noise in image data [9].

A digital twin, a precise virtual replica of a physical
object or system, allows for remote monitoring, analysis, and
improvement of performance in a safe and controlled manner.
This technology has proven valuable in critical industrial
sectors, where it aids in reducing risks and maximizing
operational precision [10]. With the recent development of
Al models, the integration of Deep Learning (DL) models
into the Digital Twin (DT) framework has shown promising
results in railway defect detection [11]. Nevertheless, the
shape of defects on containers is highly variable and training
samples are limited. To address this problem, in [12] a
high-performance pretrained vision-language model (VLM)
for defect detection is proposed, and the results show an
improvement in the performance of the defect detector.

A. Related Works

Automated railway infrastructure inspection is an area of
significant importance in civil and railway engineering. It
involves the use of advanced technologies such as sensors,
drones, computer vision systems, and artificial intelligence
algorithms to efficiently and accurately assess the condi-
tion of railway infrastructures, such as tracks, bridges, sig-
nals, tunnels, and stations. The goal of this automation is
to improve safety, reduce operational costs, and minimize
downtime, which can significantly affect the efficiency of
the railway system.

One of the primary methods employed is the use of aerial
vehicles (drones) equipped with cameras that can fly over the
tracks and capture high-resolution images, which are then
processed using computer vision algorithms to detect faults
such as cracks, deformations, corrosion, and other structural
damages [13].

Other methods involve using sensors placed along the
infrastructure to collect real-time data and generate detailed
reports on the condition of the assets [14]. One of the most
prominent approaches is the use of Convolutional Neural



Fig. 1. DT-based framework for monitoring railway infrastructure.

Networks (CNNs). These Al techniques are used to analyze
images captured by high-resolution cameras installed on
railway infrastructure and detect structural and wear defects
in critical parts of the trains, as well as perform predictive
diagnostics, anticipating failures before they occur [15]. Fi-
nally, Allread [16], using deep learning and computer vision
techniques, has created a system capable of recognising
container BIC codes, wagon UIC codes , dangerous goods
signs and rotating anchor bollards. These systems help plan
preventive maintenance, minimizing the risk of unexpected
failures and optimizing the lifespan of the wagons [17].

Nowadays, the use of Digital twin (DT) offers a new
paradigm to promote the development of defect detection
in railway infrastructures. Digital Twin (DT) consists of
creating the virtual model of a physical entity digitally, by
means of bidirectional mapping and real-time interaction
between physical entities and virtual models. Digital twins

have become quite popular in recent years in rail. In [18]
they use a DT for anomaly detection for real-time tool
condition monitoring in machining. [19] shows that DT-
based applications in both rail and road can potentially
be extensive in addressing operation, energy, safety and
maintenance objectives. [20] develops railway applications
of Augmented DT for derailment rate prediction in train
operations by studying wheel and rail damage.

B. Contribution

This paper focuses on the design and development of a
digital twin for monitoring Spanish railway infrastructure.
Using an augmented reality environment, a monitoring sys-
tem is implemented that leverages an artificial intelligence
(AI)-based object detection model to capture, analyze, and
identify critical elements that may jeopardize the safety of
freight trains [20]. The YOLOvS8 detection Al [21] was



selected for its high accuracy and efficiency in identifying
patterns and objects within images, enabling the detection
of components such as container locks, whose integrity
is crucial to cargo safety and general railway operations.
Finally, a VLM is proposed to improve the performance of
the object detector.

This digital twin contributes substantially to reliability and
resource optimization, simulating in real-time the behavior
of railway infrastructure and its interaction with monitor-
ing elements. This paper examines the architecture of the
developed system, the process of database creation, and the
results obtained from detection tests conducted under various
environmental conditions. This study holds potential as a
replicable solution for the railway industry, advancing safety
protocols and efficiency through cutting-edge technology.

II. METODOLOGY
A. System framework

A TD-based framework for monitoring railway infras-
tructure and detecting defects in wagons is proposed. As
shown in Fig. 1, the framework consists of a physical
scene and a DT scene. Firstly, using digital twin technology,
the perception system (cameras) obtains a sequence of real
images of the convoy (wagons and platforms). Secondly, the
wagon configuration scheme is adjusted based on the digital
twin’s knowledge of wagon and platform types. After that,
the mapping and data interaction between the physical and
twin scenes is performed and the anomalies in the wagons are
detected. Finally, a report is generated with the composition
of the convoy and the defects found.

The DT-based defect detection and convoy composition
flow is commented below: (1) Image acquisition system.
A high resolution ToF camera acquires the images of the
wagons composing the convoy. (2) Detection system. This
section is implemented using a Yolov8 detection algorithm
that is deployed on a server. The detection of the convoy
composition and wagon defects is performed on the images
collected in real time. The yolov8 detection module has
been previously trained using synthetic images realistically
modeled in the digital twin. (3) Report generation. The
system generates a report indicating the composition of the
convoy, identification codes of containers and platforms,
defects in wagons and failures in safety elements.

B. Database

For the present work, a initial database of 6,000 images
of freight trains was used. All the images were taken using a
scanning camera, with the objective of photographing the en-
tire visible surface of the wagon. The actual database initially
had basic labels in COCO format for some elements: BIC
and UIC codes of the platforms and containers, dimensions
of the containers, etc. Figure 2 shows an example of freiht
wagon and labels (green rectangles are used to locate codes
and defects).

The database has been completed by manual labeling of
other elements of interest (using the LabelStudio tool):

- Wagon and container license plates: ILU/UIC codes.

TABLE 1. Wagon models

Model Shaft  Wheels  Twist Locks  Articulated  Containers
LGNS 081 2 1 16 No 1
SDGMS 2 2 16 No 2
SGGRS 6 3 2 24 Yes 2

- Container dimensions.

- Boggies of the wagon: Number of wheels per boggie.

- Type of wagon platform.

- Detection of safety elements: Twist locks (open/close).

- Surface defects such as graffiti and rust (surfaces in poor
condition).

With all this, a real image database of 6,000 fully labeled
freight wagon images is finally available.

C. Virtual Modeling

The modeling process consisted of digitizing each type
of wagon using the real metrics of the wagons using the
Blender tool [22]. Once the structure of the wagons has been
modeled, the textures have been incorporated based on the
real database using the Photoshop tool [23].

The three most repeated platform models have been im-
plemented in the real database (table I).

For the pieces that compose the wagons, several types of
containers and safety elements such as short and long twist
locks (open/close) have been modeled as shown in the figure
3.

The containers and the bogies of the wagons have been
imported from some 3D model libraries and have been
modified to have 4 different models. In the same way as
with the rest of the 3D objects, different textures of the
containers have been designed, based on the real database,
to obtain a more heterogeneous synthetic database. The
container models with their textures can be seen in the figure
4.

1) Convoy implementation: Once the individually devel-
oped elements are available, the wagons and the complete
convoy are modeled. Figure 5 shows the result of the virtual
modeling of a freight train.

2) Virtual dataset: For the generation of hyper-realistic
synthetic images of freight wagons a single script has been
realized that randomizes some elements of the wagon as:

o Textures of the container and wagons. Different types
of wagons with different platforms and containers are
generated.

« Status and location of twist locks. Security elements are
placed in their real location and in open/close state.

o Graffiti and rust: examples of graffiti and rust with a
random shape and size are painted on the texture of the
containers.

Using the Unity engine [24], we simulate the operation
of the convoy circulating along a track and when it passes
through the gantry we obtain virtual images of the convoy
based on the cameras placed in the gantry. The figure 6 shows
the convoy circulating under the implemented gantry.



Fig. 2. Freight wagon image with initial labels

Fig. 3. Twist locks.

Fig. 4. Containers.

In this way, a system has been developed that allows the
parameters of the elements that make up the convoy to be
configured and virtual images to be generated automatically.
A database of 6,000 virtual images has been generated, in-
cluding all types of platforms, containers, codes and number
plates, position and condition of safety elements, etc. Defects
such as graffiti and rust stains are also randomly painted. At
the same time and in an automated way, files with the labels
corresponding to each image are generated in YOLO format
for subsequent detection using Deep Learning techniques.

Fig. 5. Convoy.

Fig. 6. Gantry.

3) Virtual dataset training: The core of the defect de-
tection is an application based on the YOLOv8 model. The
YOLOv8 model is one of the most advanced detection model
for real-time detection. YOLOvVS introduced new features
and optimizations that make it an ideal choice for various
object detection tasks in a wide range of applications. We
train the model using the previously created virtual dataset.
We train our models to convergence using a single NVIDIA
RTX 3090. The table II shows the training performance
achieving 93.27 % accuracy in defect identification and
detection. Figure 8 shows the normalized confusion matrix



Fig. 7. Detections on virtual image.

where it can be seen that the system is able to identify the
platform type, identify ILU codes, detect containers, detect
boggie type, identify the state of safety elements (twist lock)
and detect defects.

TABLE II. Validation set perfomance

Metric || Yolov8x

93.27

Success Rate [%] ||

Fig. 8. Confusion matrix.

D. Results. Digital Twin data flow

Once the virtual model has been trained, the system must
be validated in real conditions by processing the images
obtained by the perception system placed on the gantry.

For this purpose, when the perception system detects a
convoy on the track, it generates a sequence of images
comprising the different wagons. These images are processed
and analyzed by the detection system. This results in the
identification of the wagons, the type of platform and con-
tainer being transported, the safety elements and possible
defects.

As shown in the figure 9, the model makes detections
similar to those of the synthetic images, which means that
the model behaves correctly in the physical process.

Subsequently, a report (JSON format) containing all the
information collected from the convoy is generated with the

detected data. If any anomaly or safety defect is detected,
the corresponding alarm signals are reported.

III. CONCLUSIONS AND FUTURE WORKS

A framework based on a digital twin can make a substan-
tial contribution to rail maintenance management and railway
infrastructure inspection. This study focuses on the design
and development of a digital twin for the monitoring of the
Spanish railway infrastructure and presents the effectiveness
of the proposed DT framework in the identification of plat-
forms and containers, as well as in the detection of defects
in wagons. This digital twin contributes substantially to
reliability and optimization of resources, simulating in real-
time the behavior of railway infrastructure and its interaction
with monitoring elements. The framework consist of an
augmented reality system that leverages an artificial intelli-
gence (Al)-based object detection model to capture, analyze,
and identify critical elements that may jeopardize the safety
of trains and freight wagons. The YOLOvVS detection Al
is used for its high accuracy and efficiency in identifying
patterns and objects within images, enabling the detection
of components such as container locks, whose integrity is
crucial to cargo safety and general railway operations. This
paper examines the architecture of the developed system,
the process of database creation, and the results obtained
from detection tests conducted under various environmental
conditions. The results obtained in defects detection are
satisfactory and prove that this proposal has potential as a
replicable solution for the railway industry, advancing safety
and efficiency protocols through state-of-the-art technology.

One of the main problems encountered during the real-
ization of this work has been the way to enter the defect
information in the model. To date, most of the work related
to the identification and detection of defects in railcars
has been based on manual annotation by an expert. This
often requires a large manual annotation effort, considerable
computing power and large amounts of data for training.
Visual language models (VLMs) offer a promising alternative
due to their exceptional performance in visual reasoning in
a variety of domains [25] . Therefore, our next goal is to
investigate the use of VLM in automatic detection systems
in order to improve the interpretation and reasoning about
the relationships and coherence of the visual content of an
image.
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Fig. 9. Detections on real image.
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