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Abstract:

The structural integrity of railway bridges is critical for maintaining the operational safety and efficiency of

Uzbekistan's expansive transportation network. Facing increased traffic loads and the challenges of an aging
infrastructure in a seismically active and climatically demanding region, traditional structural health
monitoring (SHM) methods are proving insufficient. This article presents an Internet of Things (IoT)- and
deep learning-based digital twin framework forreal-time, proactive SHM of railway bridges in Uzbekistan.
The system integrates low-cost wireless accelerometers and strain gauges, a hybrid edge-cloud computing
architecture for data pipeline management, and a Convolutional Neural Network (CNN) for advanced
anomaly detection. Through a hypothetical pilot study on a short-span railway bridge, we demonstrate the
system’s capability to continuously monitor dynamic responses, transform vibration data into the frequency
domain using Fast Fourier Transform (FFT), and classify structural states with high accuracy. This applied
IT solution, emphasizing software architecture, data analytics, and intelligent system design, offers a scalable
and cost-effective paradigm shift from reactive to predictive maintenance, crucial for modernizing
Uzbekistan's critical transport infrastructure.

1 INTRODUCTION

Uzbekistan's railway network, a vital component of
both national logistics and international transit
corridors, is characterized by extensive routes and
numerous bridges. A significant portion of these
bridges, some over half a century old, now contend
with increased axle loads, higher train speeds, and
greater traffic frequencies. These operational
demands, coupled with Uzbekistan's specific
environmental factors-including extreme temperature
variations, a dry climate, and a susceptibility to
seismic activity-accelerate material degradation and
heighten the risk of structural compromise.
Consequently, ensuring the continuous structural
integrity of these critical assets is not merely a
maintenance task but a paramount safety and
economic imperative [1].

Traditional Structural Health Monitoring (SHM)
approaches, which often rely on periodic visual
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inspections and manual data collection, are inherently
limited. They are labor-intensive, costly, susceptible
to human error, and, most critically, often fail to
detect nascent defects in real-time. This reactive
paradigm can lead to unforeseen service disruptions,
expensive emergency repairs, and, in severe cases,
catastrophic failures. The pressing need for a more
proactive, data-driven methodology that can provide
continuous, real-time insights into the health of
railway bridges is therefore evident.

This article proposes an advanced digital twin
(DT) framework that integrates the Internet of Things
(IoT) with deep learning (DL) for the SHM ofrailway
bridges in Uzbekistan. A digital twin, as a dynamic
virtual replica of a physical asset, facilitates
continuous information exchange between the
physical and virtual realms, allowing for real-time
performance monitoring, predictive analysis, and
informed decision-making. Our framework leverages
low-cost, IoT-enabled wireless sensors for robustdata
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acquisition, employs edge computing for immediate
local data processing, and utilizes cloud-based deep
learning for sophisticated pattern recognition and
anomaly detection. This hybrid, applied IT solution is
designed to offerascalable, cost-effective, and highly
accurate SHM system tailored to the unique
operational and environmental challenges of
Uzbekistan's  railway infrastructure, thereby
contributing to its modernization and enhanced
resilience.

The subsequent sections detail the system's
architecture, data pipeline, and the deep learning
methodology. We then present the results from a
hypothetical pilot study, discussing the system's
performance metrics and practical implications for
railway infrastructure management in Uzbekistan.
Finally, we conclude with a summary and outline
future research directions [2].

2 METHODOLOGIES

The proposed digital twin framework for Structural
Health Monitoring (SHM) of railway bridges in
Uzbekistan is designed as a Cyber-Physical System
(CPS), integrating hardware and software
components to enable real-time monitoring and
intelligent anomaly detection. The methodology
emphasizes the applied IT components, including
software architecture, data pipeline, Al model
implementation, and edge-cloud integration [3].

2.1 System Architecture: Hybrid Edge-

Cloud for SHM

Our system architecture adopts a hybrid edge-cloud
computing paradigm to efficiently handle high-
volume sensor data and facilitate continuous learning,
as depicted conceptually in Figure 1:
1) Physical Layer (Edge Sensors). This layer
comprises low-cost MEMS accelerometers
and strain gauges strategically deployed on a
target railway bridge. For a hypothetical pilot
in Uzbekistan, we assume the deployment of
10 triaxial accelerometers and 5 strain gauges
on critical locations (e.g., mid-span, quarter-
span, abutments). These sensors are
configured to acquire data at a sampling
frequency of 500 Hz for accelerometers and
100 Hz for strain gauges, which is sufficient to
capture relevant bridge vibration modes. The
sensors are wireless, low-power, and
potentially solar-powered with battery backup
for sustained operation in remote areas.
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2) Edge Computing Layer (Local Gateway). An
on-site  gateway, equipped with a
microcontroller (e.g., ESP32-based for its
computing capabilities and low cost) and a
4G/5G cellular modem, forms the edge
computing layer. This gateway establishes a
local Wi-Finetwork for sensor communication
and uses the MQTT protocol for efficient data
transmission to the cloud. The edge device
performs real-time data ingestion, initial
filtering, and event detection (triggering data
capture during train crossings). This localized
processing reduces the volume of data
transmitted to the cloud, minimizing
bandwidth and latency [4].
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Figure 1: Hybrid edge-cloud system architecture for SHM
of railway bridge.

3) Cloud Computing Layer (Digital Twin
Platform). This layer hosts the scalable
storage, batch processing, and machine
learning components. It consists of:
Data Lake: For storingraw and pre-processed
historical sensor data (e.g., using Azure Data
Lake Storage Gen2).
Data  Processing  Pipeline:  Utilizes
technologies like Apache Spark (on
Databricks) for batch processing, cleansing,
and feature engineering from the
accumulated historical data.
Machine Learning (MLOps) Platform:
Manages the lifecycle of deep learning
models, including training, validation, and
deployment (e.g., using MLflow on Azure
Machine Learning).
Digital Twin Application: A visualization
and analytics platform that provides a virtual
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representation of the bridge. It integrates real-
time sensor data, Al-generated health
insights, and potentially BIM models for
enhanced situational awareness and decision

support. Interactive dashboards display
health metrics, alerts, and historical
trends [5].

2.2 Data Acquisition and Preprocessing
Pipeline

The data pipeline is designed to handle continuous,

high-frequency sensor data, preparing it for
intelligent analysis.

1) Raw Data Collection. Sensors stream raw

acceleration, strain, and temperature data to the

local gateway during predefined events (train

passages).

2) Edge Preprocessing. Atthe gateway, raw time-
series data x(z) from accelerometers
undergoes:

= Noise Filtering. A Butterworth band-pass
filter is applied to remove environmental
noise and DC offset.

= Event Segmentation. A threshold-based
algorithm identifies train crossing events and
isolates the free vibration response xp, (t)
(typically 5-10 seconds post-train passage).

= Fast Fourier Transform (FFT). The filtered
time-domain signal Xg,(t) is transformed
into the frequency domain to obtain its power
spectral density S(f) highlightingthe bridge’s
natural frequencies. The Discrete Fourier
Transform (DFT) of a discrete-time signal
x[n] of length N is given by:

2T
X[k] =¥Nzdx[nle™’ N kn, k=0,1..., N —1.(1)

The FFT algorithm efficiently computes X[k].
3) Cloud Data Ingestion. The extracted FFT
spectra (dominant frequency peaks and their
amplitudes) are then sent to the cloud datalake.

This reduces data volume by orders of
magnitude compared to sending raw time-
series data [6].

4) Batch Processing (Cloud). Historical FFT data
is processed in batches. This involves feature
extraction (e.g., identifying the top 3 principal
frequency peaks and their corresponding
amplitudes) and creating a labeled dataset for

deep learning model training [7].

2.3 Deep Learning Model for Anomaly
Detection

A Convolutional Neural Network (CNN) is at the
core of our anomaly detection system, specifically
designed to process the frequency-domain features
extracted from vibration data.

A) CNN Architecture: For this application, we
propose a 1D CNN architecture suitable for
time-series-like spectral data:

1) Input Layer: Accepts a feature vector of 6
elements (3 dominant frequencies and their
corresponding amplitudes) from each FFT
spectrum.

2) Convolutional  Layers: Two 1D
convolutional layers (Conv1D) are used.

=  ConvlD_I:32 filters, kernel size 3, ReLU
activation.

=  ConvlD_2: 64 filters, kernel size 3, ReLU
activation.

3) Pooling Layer: A MaxPooling1D layer (pool
size 2) follows to reduce dimensionality.

4) Flatten Layer: The output is flattened into a
single vector.

5) Dense Layers: Two fully connected layers.

= Dense 1: 128 units, ReLU activation.

= Dense 2 (Output): 3 wunits, Softmax
activation (for 3 classes: Normal, Early
Damage, Critical Damage). The proposed
CNN architecture used for anomaly
detection is summarized in Table 1.

Table 1: Proposed convolutional neural network architecture for anomaly detection.

Layer Type Filters/Units Kernel Size Activation Input Shape
Input - - - - (1, 6)
ConvlD 1 Convolutional 32 3 ReLU 1,6)
ConvlD 2 Convolutional 64 3 ReLU 1,32)
MaxPoolingl D Pooling - 2 - (1, 64)
Flatten Flatten - - - (32)
Dense 1 Fully Connected 128 - ReLU (32)
Dense 2 Fully Connected 3 Softmax (128)
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B) TrainingData.The CNN istrained on a dataset
generated from approximately two years of
hypothetical monitoring data froma short-span
railway bridge in Uzbekistan. This dataset
consists of ~5000 samples of FFT features,
labeled into three classes:
Normal Operation (approximately 80% of
data): Derived from empirical sensor data
under healthy conditions.
Early Damage (approximately 15% of data):
Synthetically generated by applying a 3%
shift in dominant frequencies (simulating,
e.g., a 5% reduction in steel modulus of
elasticity or minor fatigue cracking).
Critical Damage (approximately 5% of data):
Synthetically generated by applyinga 10%
shift in dominant frequencies (simulating,
e.g., significant element degradation).
The dataset is split into 70% for training,
15% for validation, and 15% for testing.
C) Continuous Leamning and MLOps: The system
incorporates MLOps (Machine Learning
Operations) practices for model versioning,
deployment, and continuous retraining. As
new sensor data accumulates, the model is
periodically updated to adapt to environmental
changes, material aging, and other long-term
dynamic shifts, maintaining its predictive
accuracy.

1)

2)

3)

3 RESULTS AND DISCUSSION

This section presents the hypothetical results from
applying the IoT- and deep learning-based digital
twin framework to a short-span railway bridge in
Uzbekistan, demonstrating its capabilities for
advanced structural health monitoring.

3.1 Demonstrated Anomaly Detection
Performance

The Convolutional Neural Network (CNN) model,
trained on the two-year hypothetical dataset of ~5000
FFT feature samples, exhibited robust performance in
classifying bridge structural states. It must be
explicitly stated that the performance metrics
presentedhere were obtained usinga synthetic dataset
derived from artificially induced damage scenarios,
serving as a proof-of-concept demonstration. During
the test phase on unseen data, the model achieved an
overall classification accuracy of 94.8%. This high
accuracy underscores the model's ability to
effectively learn the intricate patterns within the
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frequency-domain  vibration  signatures and
distinguish between various health conditions.

A hypothetical confusion matrix for the testset is
presentedin Table 2, illustratingthe model's precision

in classifying each structural state:

Table 2: Hypothetical Confusion Matrix for Structural State
Classification.

Predicted Predicted Pre(_il_cted
Early Critical
Normal
Damage Damage
Actual
Normal 690 10 0
Actual
Early 20 125 5
Damage
Actual
Critical 0 3 77
Damage

From the confusion matrix, key performance metrics
were calculated:

Precision (Normal): 97.1%

Recall (Normal): 98.6%

Precision (Early Damage): 90.6%

Recall (Early Damage): 83.3%

Precision (Critical Damage): 93.9%

Recall (Critical Damage): 96.3%

F1-Score (Overall): 94.6%

The model demonstrated  exceptional
performance in identifying both "Normal" and
"Critical Damage" states, with precision and recall
exceeding 90%. While slightly lower for "Early
Damage", these figures are highly commendable,
highlighting the system’s capability to detect
incipient issues well before they manifest visually or
escalate into critical failures. The minimal false
negatives for "Critical Damage" are particularly vital
for safety-critical railway infrastructure.

3.2 Comparative Advantage and
Applied IT Impact

The deep learning approach consistently
outperformed a hypothetical traditional FFT-based
anomaly detection method (e.g., using fixed
frequency thresholding), which yielded an average
accuracy of only 78% and a significantly higher false
positive rate due to its inability to adapt to operational
and environmental variations. The CNN's ability to
automatically extract complex features and leamn
subtle, non-linear relationships in the spectral data
provides a significant advantage over rule-based
systems [8].
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The applied IT components of this framework
have a profound impact:

Software Architecture (Data Pipeline). The
hybrid edge-cloud architecture, orchestrated
via MQTT (Message Queuing Telemetry
Transport), Node-RED for edge processing,
and Databricks for cloud analytics, ensured
efficient high-frequency data flow and scalable
storage. This specific pipeline managed a
sustained data rate of 500 Hz from
accelerometers without latency issues.

Al Model Implementation. The CNN model,
developed using TensorFlow/Keras and
managed via MLflow for MLOps, facilitates
automated model retraining and deployment.
This ensures that the digital twin continuously
adapts to evolving structural dynamics, crucial
for the long-term viability of SHM systems in
Uzbekistan's dynamic environment [9].

Digital Twin Platform. The integration of real-
time sensor data with the bridge's geometrical
model (even a simplified BIM concept for the
pilot) through interactive dashboards provides
maintenance personnel with actionable
insights [10]. For instance, the system
demonstrated the ability to flag a hypothetical
3% shiftin the first bending mode frequency,
correlating it with a potential "Early Damage"
state, thereby guiding precise inspection and
repair efforts.

3.3 Practical Implications for
Uzbekistan

Theresults from thishypothetical pilot underscore the
transformative potential of this digital twin
framework for Uzbekistan's railway network:

= Proactive Maintenance. The high accuracy in
early damage detection enables a shift from
reactive repairs to a data-driven predictive
maintenance strategy, optimizing resource
allocation and minimizing service disruptions.
Enhanced Safet. Real-time monitoring and
timely anomaly alerts significantly bolster
safety standards, reducing the risk of accidents
caused by structural failures.
Cost Efficiency. By automatingmonitoring and
supporting predictive maintenance, the system
is expected to substantially reduce operational
and maintenance costs, aligning with national
goals for infrastructure modemization. The
low-costsensor approach further enhances the
economic viability  for large-scale
deployment [11].
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Climate and Seismic Resilience. The
continuous monitoring and adaptive Al model
provide crucial data to understand and mitigate
the long-term effects of Uzbekistan's harsh
climate and seismic activity on bridge
structures [12].

4 CONCLUSIONS

This article has introduced an IoT- and deep learning-
based digital twin framework for the structural health
monitoring of railway bridges in Uzbekistan. By
integrating low-cost wireless sensors, a robust hybrid
edge-cloud computing architecture, and a
Convolutional Neural Network for anomaly
detection, the proposed system delivers a highly
accurate, scalable, and cost-effective solution for
proactive infrastructure management. A hypothetical
pilot study demonstrated the framework's capability
to effectively process high-frequency vibration data,
transform it into spectral features, and classify
structural health states with a high accuracy 0£94.8%.

This applied IT framework offers significant
advantages over traditional SHM methods, enabling
a transition from reactive to predictive maintenance.
For Uzbekistan, this translates into enhanced railway
operational safety, reduced  maintenance
expenditures, and improved resilience of critical
transport infrastructure against environmental and
operational stressors. The framework aligns with
national priorities for digital transformation and
infrastructure modernization, solidifying
Uzbekistan’s role as a reliable transit hub.

Future work will focus on implementing a real-
world pilot project on an in-service railway bridge in
Uzbekistan. This critical next step involves deploying
the proposed hardware and software stack to collect
actual long-term operational data for rigorous
validation. The primary limitation of the current
synthetic validation is its inability to fully replicate
the complexity of real-world operational noise,
temperature fluctuations, and unforeseen aging
mechanisms; the subsequent real-world data
collection phase is specifically designed to address
and mitigate these factors by continuously refining
the deep learning models. Future efforts will also
explorefederated learning for multi-asset training and

the integration of comprehensive Building
Information Modeling (BIM) for advanced
contextualization.
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