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Managing and extracting insights from the large volumes of data generated by optical fiber sensor networks is a
major challenge. This paper presents an intelligent, scalable framework for real-time road health monitoring
using fiber Bragg grating (FBG) sensor data. The proposed framework reduces reliance on manual data handling
and cuts storage needs by over 99 % by constructing a compact health indicator (HI). Data preprocessing and
fusion reduce volume and variability, while a wavelet scattering network (WSN) extracts damage-sensitive
features that are encoded via a long short-term memory (LSTM) autoencoder to represent the health state.
Temperature data is integrated to distinguish structural damage from environmental effects. The approach is
evaluated through laboratory fatigue tests and synthetic damage data generated from healthy-state field mea-
surements. Results demonstrate accurate, efficient monitoring with potential for edge deployment, enabling low-
cost, real-time, long-term structural health management and representing a significant step toward automated,

resource-efficient infrastructure maintenance.

1. Introduction

Various non-destructive testing (NDT) methods are widely used for
road infrastructure monitoring [1], particularly in-situ sensing in-
struments and testing techniques that assess pavement condition and
evaluate serviceability. However, conventional NDT approaches are
typically periodic and require specialized equipment, trained personnel,
and traffic closures, making them time-consuming and costly to deploy
on a large scale. Furthermore, these methods operate offline, providing
only snapshot assessments and limiting their ability to track the pro-
gression of structural damage over time. To address these limitations, an
online monitoring strategy leveraging structural health monitoring
(SHM) techniques is necessary. SHM is an interdisciplinary field focused
on the continuous acquisition of data from various sensors integrated
into infrastructure, aiming to identify potential structural deficiencies,
monitor the condition of structures, and evaluate their safety. Research
has shown that, in the early stages of SHM, changes in certain structural
properties, such as stiffness, are often indicative of damage. By enabling
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early anomaly detection and facilitating timely interventions through
structural repairs and disaster management, SHM enhances service-
ability and extends the lifespan of civil infrastructure [2].

Different sensing methods, including vibration-based [3], acoustic-
based [4], piezoelectric-based [5], and electrical resistance-based tech-
niques [6] have been used for SHM purposes. The main limitation of
conventional sensor technologies is the challenge of establishing a
distributed sensing network. However, large-scale infrastructure,
particularly roads, requires extensive monitoring for accurate assess-
ment. Recently, optical fiber sensors have emerged as a promising so-
lution for this purpose. These sensors offer both quasi-distributed
sensing through fiber Bragg grating (FBG) technology [7] and fully
distributed sensing using distributed optical fiber (DOF) sensors [8]. In
addition to their sensing capabilities, due to their lightweight nature and
resistance to electromagnetic interference, optical fiber sensors are well-
suited for SHM applications [9].

However, while optical fiber sensors offer numerous capabilities,
their deployment in large-scale networks generates vast amount of data
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that cannot be efficiently processed using conventional analysis
methods. A standard SHM workflow comprises three essential phases:
collecting measurements, extracting features, and applying machine
learning methods for feature classification [2]. However, this approach
presents several challenges. First, extracting and formulating damage-
sensitive features that remain robust against ambient temperature var-
iations, noise, and other external factors is complex [2]. Additionally,
implementing this protocol in a large sensor network with numerous
sensors can be highly time-consuming. To address these limitations,
deep learning has been proposed in several studies as a more efficient
and effective tool for SHM [10].

The objective of this study is to develop an intelligent and scalable
framework for automated health monitoring of road infrastructure using
FBG sensor networks. The framework is designed and validated to
integrate data management and pre-processing, feature extraction, and
feature fusion modules that reduce data volume at multiple stages while
preserving critical information and generating an interpretable health
indicator (HI) that can detect damage and track structural degradation
in real time. In addition, this study aims to account for environmental
influences and the variability typical of real-field conditions by incor-
porating temperature data. Finally, the study seeks to quantify the
framework’s computational and storage efficiency to demonstrate its
potential for edge analysis, as it minimizes the need to transfer and store
large volumes of raw sensor data. Ultimately, it contributes to more
efficient maintenance planning, reduced manual intervention, and
enhanced long-term asset management.

The remainder of this paper is structured as follows. Section 2 re-
views the related work on embedded sensing technologies, data-driven
and Al-enhanced SHM approaches, and HI development for condition
assessment. Section 3 presents the proposed intelligent SHM framework,
including data management and pre-processing, feature extraction,
feature fusion and model training, as well as HI construction. Section 4
describes the data collection process based on laboratory testing and
field monitoring campaigns. Section 5 presents and discusses the
implementation results of the proposed framework on the collected data
and evaluates its computational efficiency and storage requirements.
Finally, Section 6 concludes the paper, summarizes the main findings,
and outlines future research directions.

2. Related work

This section reviews prior work on embedded sensing for SHM of
pavements, highlighting current limitations in large-scale applications,
followed by data-driven and Al-enhanced approaches and the data
preparation required for these methods. It then examines existing
research on HI construction and the metrics used to evaluate an optimal
HI, which together form the methodological basis for the framework
developed in this paper.

2.1. Embedded sensing and SHM for pavement

Advancements in SHM systems based on embedded sensing for road
infrastructure have been explored from multiple perspectives to address
the unique challenges of long-term pavement monitoring. These chal-
lenges stem from the need to monitor large-scale areas under variable
environmental and loading conditions. A major area of focus in recent
studies has been the identification of optimal sensors [11] or the
development of new sensors [12] that meet the specific requirements of
road infrastructure, particularly in terms of sensitivity and cost-
efficiency. Since effective pavement monitoring often relies on deploy-
ing dense sensor networks across extended areas, the sensors must also
be scalable and economically viable [13]. Parallel to sensor develop-
ment, considerable effort has gone into improving sensor packaging to
ensure durability under harsh roadway conditions [14]. These include
repeated traffic loading, temperature fluctuations, moisture exposure,
and chemical degradation. At the same time, packaging must allow for
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efficient strain transfer from the pavement structure to the sensor itself,
which is critical for accurate measurement [15]. Another persistent
challenge is ensuring a continuous power supply to embedded sensors,
especially in large-scale installations. This limitation has driven interest
in self-powered sensor solutions and energy harvesting technologies,
which support autonomous operation without the need for extensive
cabling or regular battery maintenance [16].

Despite these hardware-focused advancements, the efficient pro-
cessing and interpretation of large volumes of sensor data remain a
significant bottleneck in SHM systems for road infrastructure moni-
toring. As the size and resolution of sensor networks increase, so does
the demand for intelligent frameworks that can automate feature
extraction, reduce data dimensionality, and generate interpretable in-
dicators of structural health. This need has led to a shift toward data-
driven approaches that complement physical sensor design with ma-
chine learning and signal processing techniques. One of the critical
challenges moving forward is the integration of data generated by smart
pavements into existing pavement management systems (PMS) [17].
While some studies have proposed methods for incorporating sensor-
based data into PMS, most current systems are not designed to handle
the volume, complexity, and heterogeneity of data from advanced
sensor networks. This highlights the urgent need for standardized pro-
tocols and interoperability guidelines to enable seamless data exchange
and interpretation across various systems and regions. Without such
standardization, large-scale adoption of smart pavement technologies
may remain inefficient [18].

2.2. Data-driven, Al-enhanced approaches

With the rapid advancement of Al, interest in leveraging deep
learning for SHM has grown significantly. Among various deep learning
approaches, selecting an appropriate method remains a persistent
challenge and should be carefully explored based on the specific re-
quirements and characteristics of the available data and each applica-
tion. For example, in most real-world applications, only unsupervised or
semi-supervised techniques can work because labeled data is not
available. Therefore, autoencoders can be a great option as they are
unsupervised. In addition, they can effectively capture time de-
pendencies. Therefore, this type of deep learning network has drawn
attention recently in several studies. Moraes Coraca et al. [19] proposed
a vibration-based SHM method that utilizes variational autoencoders
combined with a hidden Markov model to evaluate structural deterio-
ration using sensor data. Sarwar et al. [20] proposed a probabilistic
temporal autoencoder for bridge SHM, effectively capturing features
from multi-sensor data during train crossings. Li et al. [21] proposed an
innovative ‘“deploy-and-forget” SHM approach, integrating passive
sensing, data compression techniques, and a mechanics-guided
autoencoder to autonomously detect and localize structural damage.
To detect structural damage and generate full-field data from limited
inputs, Kulkarni et al. [22] developed a variational autoencoder
informed by underlying physical models.

An important step in developing these types of models is data
preparation, as using raw or partially pre-processed data can make the
process highly time-consuming. Integrating signal processing, feature
extraction, and multi-sensor data fusion at different levels [23] can
greatly boost efficiency and optimize the overall performance of the
process. One of the main focuses of this study is proper feature extrac-
tion for more accurate and time-efficient analysis. Conventional feature
extraction methods, used to derive meaningful representations from raw
data, comprise those from the frequency, time, and time-frequency do-
mains. In the present study, a wavelet scattering network (WSN) [24] is
utilized for feature extraction from signals. The scattering framework is
designed to extract robust features that are resistant to shifts and dis-
tortions in input signals, which makes it especially effective for use in
machine learning and deep learning contexts [25]. WSN shares several
key attributes with deep learning architectures in terms of extracting
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meaningful features from data [26]. However, a notable difference be-
tween wavelet scattering and deep learning methods is that the filters in
scattering are predefined, rather than being learned during training.
This distinction enables the scattering transform to be particularly ad-
vantageous in scenarios with limited training data, as it does not require
the learning of filter responses [27].

2.3. Health indicator for condition assessment

Based on the previous discussion of data-driven and deep lear-
ning-based approaches for SHM, one advantage of these methods is that
they can be employed to develop a HI for SHM. The health or damage
condition of the monitored system is reflected by an HI, a particular
feature obtained from SHM data [28]. HI can be an effective means for
interpreting data and monitoring the structural condition over time,
offering ongoing insights into its overall state throughout its service life.
[29]. In certain industries, such as battery systems [30], rotating ma-
chinery [31], and composite structures [28], health management has
received significant attention and has been implemented earlier. As a
result, HIs are relatively well established in these fields. However,
further research is needed to develop and refine HIs for applications in
infrastructure monitoring. By defining a threshold for the HI based on
required criteria, operators can make informed decisions regarding
system maintenance [28]. Moreover, HIs may be utilized in predictive
models to forecast a structure’s remaining service life; however, this
application falls outside the boundaries of the current study. Because
damage evolves and accumulates in a nonlinear manner, HIs tend to
display nonlinear patterns, which enhances their usefulness in exam-
ining and linking them to a structure’s mechanical response [28].
However, HIs are not exclusively sensitive to damage; they may also be
influenced by environmental conditions and operational variations
[28]. Therefore, investigating methods to isolate the HI from environ-
mental effects is essential for improving its reliability in damage
assessment and ensuring its effectiveness in practical applications.

Numerous approaches and evaluation metrics have been introduced
in previous research to establish an effective HI. In some studies,
monotonicity, prognosability, and trendability are considered key met-
rics [32]. However, applying these metrics to data from in-situ civil
structures is challenging, as their assessment typically requires multiple
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run-to-failure tests, which are often impractical. Other studies define
general properties, including detectability (the degree of sensitivity of
the HI to the existence of damage), separability (the ability of the HI to
distinguish between damaged and healthy states), and trendability (the
assumption that, following initial damage, the degradation pattern of
the HI shows a positive correlation with the duration of operation) for an
optimum HI [33]. Nevertheless, pinpointing the ideal HI that meets all
three criteria is challenging. In practice, an HI can be regarded as
optimal once it demonstrates both detectability and separability [33].
Therefore, this study adopted the second set of criteria, namely detect-
ability, separability, and trendability, for HI development. In this study,
detectability refers to the HI sensitivity to damage occurrence, separa-
bility indicates its ability to distinguish healthy from damaged states,
and trendability describes its consistency in following damage pro-
gression over time.

3. Proposed methodology

This research proposes a framework for constructing HIs using an
FBG sensor network embedded in road infrastructure. The framework,
as illustrated in Fig. 1, begins with data acquisition, where multiple sets
of FBG sensors embedded in the infrastructure continuously collect
strain signals. Then, the raw sensor signals undergo data management
and pre-processing steps to prepare the data for further analysis. Then,
the signals are segmented, and features are extracted in the form of
scattering coefficients at multiple levels using a WSN. The extracted
features are then split into training, validation, and testing datasets.
Here, the validation dataset is a subset of the training dataset used to
monitor and prevent overfitting during the training process, while the
remaining data, used as the test dataset, is later employed to evaluate
the performance of the trained model in HI construction. For feature
fusion, a long-short-term memory (LSTM) autoencoder is employed. The
encoder part of the network captures temporal relationships within the
data and transforms the features into a latent space representation. The
trained encoder model for each dataset is subsequently used to process
any newly arrived data from the monitoring system. Once new data is
processed, the latent representations computed by the trained encoder
model are used to construct HIs. These indicators are normalized and
smoothed to ensure consistency. Finally, temperature measurements

Proposed Framework ]

Datattnsgemans

Data Pre-processing }

A 4

Feature Extraction using WSN ] Temperature Data |

Field Monitoring Campaign

EDX-10 Compact
Recording System

Strain gauge for strain

meast and ther

for temperature measurement

Four-point Bending Fatigue Test

—»[‘“‘:::;:.:':::,:f::::::‘"]

Train a Model for each Data
set of the Sensor Network

HI Construction

Fig. 1. Workflow for construction of health indicator (HI)
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collected by the same FBG sensors during monitoring, serving as a
baseline or ground truth, are integrated into the HI since strain data
from damaged materials often deviate significantly from temperature-
driven behaviour. Consequently, any substantial deviation of the HI
from expected temperature variations provides a clear indication of
damage initiation or progression in the monitored structure. This
framework is finally evaluated using both a field monitoring campaign
and a four-point bending fatigue test to ensure its validity under real-
world and controlled conditions.

3.1. Data management and pre-processing

Before analyzing FBG sensor data, the data must be managed and
pre-processed. A data management system for an FBG sensor network,
recently proposed in [34], was used in this study to automatically
manage data and remove measurement errors, thus improving accuracy
in subsequent steps. Additionally, several methods for signal processing,
such as filtering, thresholding, and concatenation, were applied to pre-
pare long-term FBG data for analysis [34]. Filtering was performed using
wavelet decomposition to remove signal baselines, specifically the low-
frequency components induced by temperature variations (thermal
strain), and retained only the high-frequency components caused by
dynamic loading (mechanical strain). Thresholding was applied to
retain only significant loading events, and finally, daily signals were
concatenated to construct a long-term dataset (Fig. 2).

This pre-processing workflow was enhanced using multi-sensor data
fusion at the data level to reduce variability in the measurements,
following Eq. (1). As mentioned by Golmohammadi et al. [34], it is
appropriate to fuse only the sensors positioned in the same transverse
direction, as there is a time lag between sensors with a longitudinal
offset. At each time step i, the fused data (F4,,) can be obtained as
follows:

FBG, (i), if [FBG: (i) | —max(|FBG, (i), [FBG, (i) ... FBGK (1))
FBG, (i), if |FBG, (i) | =max(|FBG, (i), [FBG,(i) ... FBGy (1))

Fdata(i) =

FBGy (i), if |FBGx (i) | = max(|FBG: (i) |, [FBG,(0) |..... [FBGi (i) )
@
Overall, these steps significantly reduced the size and variability of

the dataset while retaining essential information, leading to improved
computational efficiency for subsequent analysis.

3.2. Feature extraction using wavelet scattering network

Before training the deep learning model, efficient feature extraction
is essential to reduce computational cost and training time. Without this
step, using pre-processed raw data directly as model input would make
the training process highly time-consuming and resource-intensive. This
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aligns with the data-centric Al approach, which emphasizes improving
the quality and structure of data rather than increasing model
complexity to enhance learning effectiveness [35]. Therefore, in this
study, a WSN was applied to extract robust and compact features from
the pre-processed and fused signals, making them suitable for input to
the autoencoder. WSN is a method that can process time-related char-
acteristics and multiple frequency components in a one-dimensional
signal by capturing localized time-frequency information [36]. This
approach is excellent for extracting precise and detailed characteristics
because of its precise frequency and temporal resolution [37].

The wavelet scattering transform (WST) is an advanced technique for
time-frequency analysis, capable of effectively extracting low-frequency
features while preserving high-frequency details. Compared to the
conventional wavelet transform, it provides additional advantages such
as translation invariance and stability to small deformations [38]. The
WST procedure generally involves three primary stages: convolution,
application of a nonlinear operation, and averaging. The following steps
outline the WST computation:

1) The complex wavelet transform can be expressed as:

Xy, (8) = Xyl () +jxyl(t) )

2) The wavelet mode coefficients are calculated using the following

expression:
Uldlx = [x*y, (1) | €]

The nonlinear operation, which is known as the modulus operation,
is performed as follows:

xy2(0) [ @

ey, (6| = 1/ ewe(o) P +

3) Convolutional averaging with the scaling function is represented by
the following formula:

S[alx = [y, (6) [*¢(u) 6]

Here, the original signal is represented by x(t), the scaling function
¢(t), and the complex wavelet basis by y, (t). In terms of capturing global
features across time, the WST mentioned above overcomes the draw-
backs of the conventional wavelet transform. It offers stability to local
deformations, retains rich feature information, and avoids amplifying
noise present in the original signal [39]. In this framework, a WSN is
constructed, in which the WST is repeatedly applied, following a hier-
archical structure, as illustrated in Fig. 3.

As shown in Fig. 3, the initial network layer processes the input
signal x(t) to generate the scattering coefficient Sp. The resulting mode
coefficients U; are then passed to the next layer, which produces the
scattering coefficients S;. This process continues as the mode co-
efficients U, are fed into the subsequent network layer, repeating the
cycle. Fig. 4 illustrates the schematic of the WSN, with its detailed
formulation provided below:

Pre-Processing Unit

FBG Sensors

| FBG1 | | FBG 2 | | FBG 3 | | FBG k |
v v ]
l Filtering ‘ l Filtering ‘ l Filtering ‘ l Filtering ‘

e e N
FBG, FBG, FBG;

Data-level Fusion

Thresholding

Fig. 2. General steps for pre-processing and data fusion of the FBG sensor network.
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Fig. 3. Hierarchical architecture of the wavelet scattering network (WSN).
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Fig. 4. Schematic of feature extraction from sensor data using wavelet scattering networks
1) This is the representation of the wavelet scattering coefficient at level
0: 3) At level 2, Usx and at level 3,S,x can be calculated as:
Sox = x*¢(u) (6) Usx = |[x*yr,, () [y, () | = [Urnxy,, (8) | ®)
Sox = ||x*y, (t) [*y,, (t) [*p(u) = Usx*p(u 9
2) The initial signal x is convolved with y, (t), and the extracted modes 2 [y, (O], (O [ @) X" ©)
are represented as U1 x = |x*y,, (t)|. This result is then used as input
to level 1, where it is convolved with ¢(t) to compute the following: 4) By iteratively progressing through each layer, the n-th layer is

ted as follows:
S1x = Upx*b(u) @ computed as follows:
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Unx = ||

s, (0 v, (0 ], (0| = [Unaxy, (6) | (10)

Snx = [y, (£)

Y, (O [, (0) () = Unx*g(u) an

To summarize, the propagation operator computes the total scat-
tering path p = (41,42, ..., 4n), producing a set of wavelet scattering co-
efficients denoted as {Si,S,Ss,...,S:}, which are considered the
extracted features from the input signal [39]. In this study, only the
mechanical strain component of the data, obtained after removing
thermal strain, was used as input to the WSN.

3.3. Feature fusion and model training using LSTM autoencoder

After feature extraction using WSN, the next step is feature fusion,
which transforms high-dimensional wavelet scattering coefficients into
low-dimensional representations suitable for health monitoring. These
representations capture key temporal patterns in the data while signif-
icantly reducing data volume and computational overhead, forming the
basis for HI construction in the subsequent step.

In this study, an LSTM autoencoder was utilized for this purpose. The
LSTM architecture was specifically chosen because it is particularly well-
suited for processing sequential data by accurately modeling temporal
relationships and identifying long-range patterns [40]. Generally, an
autoencoder is designed to replicate its input data and comprises the
encoder and the decoder as its two main parts. The LSTM autoencoder
was trained to reconstruct the scattering features; after training, only the
encoder was used to generate latent features for health indicator

Trained Model -

Bi-LSTM Layer 1
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construction. During training, the encoder learns a set of compact fea-
tures, referred to as the latent representation, which captures essential
patterns and structures from the input data [41]. The latent represen-
tation is critical as it encapsulates the most significant features of the
input data, enabling tasks such as anomaly detection. In this study,
scattering coefficients served as the input data for the encoder. Finally,
the trained model can be applied to process new data from the moni-
toring system, generating latent representations. This model is illus-
trated in Fig. 5.

A two-layer bidirectional LSTM (bi-LSTM) network was utilized
within the encoder to combine the extracted features into compact latent
representations. Unlike standard LSTMs, a bi-LSTM processes sequences
in both forward and backward directions and includes key components
such as a memory cell (), an input (i), an output (0), and a forget (f)
gates. This architecture is specifically designed to retain long-range
dependencies in sequential data through its internal memory structure
[28,42]. As depicted in Fig. 5, the current input (x;), along with the
previous hidden (h;_1) and cell (c,_1) states, contribute to updating the
hidden state (h,) at time step ", ensuring past information is retained.
The process follows these equations [28,42]:

ft = O'(fo[ + Ufhhl erf) (12)
i, = a(Wixt + Uih;_1 + bl) 13)
& = tanh(Wyx, + Ugh_1 -+ by) 14

Forward LSTM
LSTMunit E T, | Bi-LSTM Layer 2
Forward LSTM
LSTM unit E
LSTM unit -PE
N
= LSTM unit ﬁa
]
..5 LSTM unit -bm m
- LSTM unit -DE m
ward LSTM
Scattering Coefficients
Segment 1
Segment 2
Segment 3
R
o
Segment j

New Data

Forget Gate Output gate

Fig. 5. Architecture of LSTM autoencoder for feature fusion and model training (only the encoder is used during inference).
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or = 6(Wox; + Uphy_1 + b,) (15)
Ct :ftQCt—l + itht (16)
he = o,(Otanh(c;) 17

Here, o denotes the sigmoid activation function, tanh is the hyper-
bolic tangent function, and © represents element-wise multiplication.
Trainable weight metrics, W- and U-, are associated with the present
input and the preceding hidden state, respectively, while b. represents
the corresponding trainable bias parameters for each gate. Unlike
standard LSTM, bi-LSTMs process input sequences bidirectionally,
enabling them to capture dependencies in both historical and prospec-
tive situations [43].

3.4. Construction of health indicator

This study defines HI as a single scalar value that represents the
structural condition of the pavement over its lifetime, summarizing
deviations from a healthy baseline. The healthy baseline represents the
undamaged condition of the structure and is established using the
training and validation data collected under normal operational and
environmental conditions before any damage is introduced. In the pro-
posed framework, the HI is derived from this healthy baseline. The
trained model produces multiple forward-backward latent pairs for
each segment. The latent variables corresponding to the healthy baseline
are represented as follows:

—

h,, ..

«—

hpese = ﬁh -7F)M7‘Elv<ﬁ27“~7 hu (18)

where M is the number of latent pairs, which depends on the number of
LSTM units defined in the encoder’s hidden layer configuration. For
each new data segment, the trained model generates a corresponding
vector of latent variables expressed as:

- - - . - - il - il . < -
hj,new: h l,new(])7 h2.new(])7~~~7 hM‘new(J)7 h 1,new<])7 h Z,HCW(])v'N) hM,new(])
19

where j is the segment index. When new data arrive from the sensors, the
model generates these latent variables as outputs for each segment.
However, since these latent variables are inherently noisy, a smoothing
process is applied to enhance clarity. To ensure meaningful compari-
sons, the absolute values of these latent variables are calculated (since
they may contain negative values), followed by normalization using the
z-score relative to the training and validation datasets. Formally, the HI
for segment j is defined as:

- . < .
h inew (]) - MT[ h inew (]) - ”Tx
HI(j) = max ,
i=1,...M nd mh—i

(20)

Here, FI« and %i denote the forward and backward latent variables

New Data

Trained Model pgiasetn

Smoothing

Absolute Value
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from the healthy baseline, respectively, while y—, p<and o,
o« represent the mean and standard deviation of their absolute values

computed from the healthy baseline. Finally, for simplicity, only the
latent variable with the maximum deviation is selected to serve as the HI
for each dataset (Fig. 6).

In addition, according to Eq. (21), the strain measured by FBG sen-
SOrS (Emeasured) iS @ combination of mechanical strain (&mechanicar) and
thermal strain (&gmerma ) [44]. After pre-processing FBG data based on
Section 3.1, the thermal strain is removed, leaving only the mechanical
strain. However, as shown in Eq. (22), even after removing the thermal
strain, the remaining mechanical strain is still indirectly influenced by
temperature (T) as modulus (E) is a function of T. In real field applica-
tions, since information about loading (¢) and loading frequency (f) is
typically unavailable, temperature is the only measurable factor.
Therefore, tracking temperature data alongside the constructed HIs as
ground truth can help distinguish whether variations in HI result from
environmental temperature changes or actual structural damage.

(21

Emeasured = Emechanical + Ethermal

o

Emechanical = (22)
E(T.f)

Finally, the monitored temperature data needs to be smoothed and
normalized relative to the temperature recorded for the training and
validation datasets as ground truth. This guarantees that the effects of
temperature changes on the HI can be distinguished from possible signs
of damage. Fig. 6 illustrates this process for the construction of HIs.

4. Measurements

This section presents two complementary measurement campaigns
used to evaluate the proposed health monitoring framework. The first
campaign involves a laboratory-based four-point bending fatigue test,
enabling stress-controlled loading and progressive damage development
in a specimen instrumented with strain gauge (SG) sensors. The second
campaign describes a real-world field monitoring system using
embedded FBG sensors in a road test track.

4.1. Four-point bending fatigue test

An experimental test was designed to obtain strain data under con-
ditions that closely resemble real-field scenarios. To achieve this, a
thermal chamber-equipped dynamic testing apparatus was employed to
conduct a four-point bending fatigue test under stress-controlled con-
ditions at 10 Hz. Also, the temperature was randomly varied during the
test to simulate real environmental effects.

For this test, a beam specimen was fabricated with dimensions of 60
x 60 x 400 mm. A groove was created at the center of the bottom face of
the beam to accommodate SG sensors and wiring, ensuring proper
installation without interfering with the test rig supports (Fig. 7a).
Subsequently, three foil SGs with a 10 mm gauge length and one with a
20 mm gauge length were glued on the central third of the beam as

Max (h; yew)

Normalization

Normalization

Fig. 6. Process of HI construction using the trained model
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-
118.5 mm
355 mm

Fig. 7. Experimental setup for fatigue test.

depicted in Fig. 7b. Foil strain gauges were used only in this test, as it
was destructive and FBG sensors were not a cost-effective option for
such conditions.

The DCS-100 A software was used to process the strain data that was
gathered throughout the test using a recording device (EDX-10) with a
sampling frequency of 500 Hz. Additionally, the specimen temperature
was recorded throughout the test using a thermocouple (Fig. 8a). During
the fatigue test time, damage initiated and progressed in the specimen,
eventually leading to failure. This damage occurred at the second sensor
location, as shown in Fig. 8b.

Fig. 9a—d illustrate the responses of all sensors during the test. As
observed, since the damage occurred at the SG2 location, its strain
response exhibited an increasing trend, indicating damage propagation.
In contrast, the other sensors do not show a clear trend, as their varia-
tions were primarily attributed to temperature fluctuations. Addition-
ally, a decrease in strain amplitude was observed in these sensors. At the
beginning of the test, when the sample was still in a healthy state, all SGs
displayed nearly identical responses.

This experiment demonstrates that the proximity of a sensor to the
damage location determines the reaction of a deployed sensor network
in the presence of damage. This issue is particularly important in quasi-
distributed sensor networks (such as FBG sensor networks) compared to
fully distributed sensor networks (such as DOF sensor networks), as the
former covers a smaller area, increasing the risk of damage occurring in
regions without sensing points. Therefore, the development of a tech-
nique capable of capturing damage both within the sensing region and

40 T

its vicinity is crucial for achieving more reliable structural health
monitoring.

4.2. Field monitoring campaign

An embedded FBG sensor network was used to perform additional
measurements on a field road test track at the Port of Antwerp-Bruges
[34,45,46]. In this test track, the FBG sensor network was embedded
during construction in four different layers and two sections to monitor
strain in both lateral and longitudinal directions, with the configuration
shown in Fig. 10. Additionally, the temperature in each layer was also
monitored using FBG sensors. Within each optical fiber, a specific sensor
was calibrated exclusively for temperature measurement, enabling the
measurement of the actual pavement temperature. A continuous moni-
toring campaign was carried out from April 28, 2024, to October 17,
2024, with a sampling frequency of 100 Hz, utilizing an FBG-Scan 708D
optical interrogator with eight channels. Since the road was newly
constructed, no signs of damage were present in the data. Therefore, all
field measurements correspond to healthy-state pavement conditions.
Moreover, as analyzing all sensors in the network is unnecessary at this
stage, a limited number of FBG sensors were selected for analysis
(Fig. 10).

Fig. 11a presents an example of FBG data for a single day, along with
long-term pre-processed and fused FBG data (Fig. 11b), and temperature
collected over the monitoring campaign duration (Fig. 11c).

w
o
T

Vv

0 L . . .

Temperature (°C)
B S

1.5 2 25 3
Time (s)

Fig. 8. Experimental test: (a) Temperature during test, (b) damage and strain gauge sensor location



A. Golmohammadi et al.

Strain (1e-6)

0 o5 1 15 2 25 3 35 4
Time (s) x10*

(a)

-3
=3
=3

Strain (1e-6)
g 8

N
=3
=3

0 05 1 15 2 25 3 35 4
Time (s) x10%

(c)

Automation in Construction 182 (2026) 106724

-3
(=3
=3

Strain (1e-6)
g§ 8

Ny
=3
=3

0 05 1 15 2 25 3 35 4
Time (s) x10*

(b)

L

Strain (1e-6)
-y
8

0 o5 1 15 2 25 3 35 4
Time (s) x10%

(d)

Fig. 9. Responses from strain gauge sensors: (a) SG1, (b) SG2, (c) SG3, and (d) SG4.
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Fig. 10. Road monitoring system using embedded FBG sensor network.

5. Results and discussion

This section implements the proposed framework on both experi-
mental and field-acquired FBG sensor network data to evaluate its
practical relevance and performance in real-world conditions. Then, the
results were analyzed and discussed in detail.

5.1. Implementation in experimental laboratory data

The implementation of the proposed framework in experimental
laboratory data begins with feature extraction, as the data was already

pre-processed using the DCS-100 A software. Since four SGs were
mounted on the sample, there is no need for data fusion, as the objective
is to observe the effect of damage on all sensors individually, and there
are no limitations on data storage.

First, each SG signal was divided into three datasets: training (5000
s), validation (5000 s), and testing (the remaining signal). For feature
extraction using a WSN, the SG signals were segmented into 500-data-
point windows. Since the sampling frequency was 500 Hz, each
segment represents one second of data. Fig. 12 illustrates examples of
the scattering coefficients for different segments of the SG3 signal.

After extracting the features (scattering coefficients) of each
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Fig. 11. Example of FBG sensor data: (a) One-day raw data from sensor 30 on
20/06/2024, (b) long-term pre-processed and fused data for selected sensors
over the monitoring campaign duration, (c) temperature data collected
throughout the monitoring campaign.

segment, they were used as input for an LSTM autoencoder to train the
encoder. The hidden layer of the encoder was designed with 128 Bi-
LSTM units, enabling the network to efficiently learn and represent
intricate temporal relationships within the data. The second layer con-
tains 2 Bi-LSTM units, which compress the extracted features into a low-
dimensional latent representation. These values can be optimized based
on specific requirements, though optimization is beyond the scope of
this study. After training the models, the constructed HI for each SG can
be seen in Fig. 13.

As shown in Fig. 13, the HIs constructed following the proposed
method align with temperature variations during the structure’s healthy

2
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Number of wavelet scattering coefficients
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phase. Once damage begins to occur, the HI for SG2 began a progressive
trend and noticeably deviated from the temperature variation, with this
deviation intensifying as the damage progressed toward the failure
point.

In contrast, the HIs for the other SGs exhibited a minor increase and
deviation from temperature, as illustrated in Fig. 13. This deviation
could have been more pronounced if additional data were available
beyond the failure point.

5.2. Implementation on field FBG sensor network data

The proposed framework for constructing the HI was applied to real
field data from an FBG sensor network. Unlike the experimental labo-
ratory data, the field data were collected under real traffic conditions,
making it essential to verify that the proposed method remained effec-
tive in this scenario. Since the road is currently in a healthy state with no
visible damage, the available data were considered as the baseline
(healthy state). To evaluate the framework’s response to potential
damage, synthetic damage data ¢4(t) were generated from the healthy-
state field measurements by applying an exponential scaling function
f(¢t) to the healthy strain signal ep(t):

ea(t) = f(t) en(t) (23)

where f(t) defines the progressive change in strain amplitude due to
damage. In the first scenario (S1), damage led to an exponential increase
in strain level amplitude informed by laboratory fatigue test results
(section 4.1). The second scenario (S2) was included to account for other
potential damage mechanisms, which may result in an exponential
decrease in strain level amplitude. These effects were modeled using f(t)
of the form:

70 T
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Fig. 13. Health indicator (HI) constructed for each SG signal.
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Fig. 12. Example of the scattering coefficient for SG3: (a) Segment 50 from the training dataset, (b) Segment 29,000 from the test dataset.



A. Golmohammadi et al.

Strain (1e-6)
2 3 8 8

N
S

Time (s) x10%

(a)

Strain (1e-6)
8

Time (s) x10*

(b)

S by b by bbby e Y

20 - &

Wy

Temperature (°C)
a
——
¥
k-

Time (s) x10*

()

Fig. 14. Synthetic data generated from real FBG sensor data: (a) S1 (o =
60,000 and © = max(t)/2), (b) S2, (c) Temperature.

<
fl)= { 14+ (ei(t}t;5;7t01 )t>t 24)
where ty is the delay before the damage effect becomes noticeable, and ¢
is the time constant that controls the rate of exponential growth (posi-
tive sign) or decay (negative sign). This formulation ensures a smooth
transition from the undamaged baseline to the altered strain level,
reflecting the progressive nature of structural degradation. A simple
baseline correction was then applied to remove slow drifts while pre-
serving the original dynamic signal characteristics. These two scenarios
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are illustrated in Fig. 14a-b. Additionally, since temperature data were
only available for the healthy state, it was assumed that this temperature
pattern repeated over time, as shown in Fig. 14c.

These data served as input for the proposed framework, where the
FBG data were divided into three datasets: training (5000 s), validation
(5000 s), and testing (remaining signal). For feature extraction using a
WSN, the FBG signals were segmented into 500-data-point windows.
Given the sampling frequency of 100 Hz, each segment corresponds to 5
s of data. Fig. 15 shows an example of the scattering coefficients for
various segments of the S1 scenario.

After feature extraction, the same LSTM autoencoder was used to
train and encode the data. The results of the constructed HI for the S1
and S2 scenarios are shown in Fig. 16.

The HIs for both scenarios exhibit a progressive trend as damage is
initiated, confirming the practicality and performance of the proposed
framework in real-world applications. As expected, both signals closely
followed the temperature variation in the healthy state. However, with
the onset of damage, they began to deviate from the temperature trend,
serving as an indicator of damage severity.

These HIs can be constructed in the same way for a large number of
FBG sensor data points within a network. They can then be straight-
forwardly tracked in a single graph. The next step after constructing the
HI would be to define a threshold that serves as a criterion for identi-
fying the end of life. This threshold can be either fixed or adaptive,
depending on the HI trend or its deviation relative to temperature var-
iations. Determining an appropriate threshold is crucial not only for
damage identification but also for estimating the remaining useful life
(RUL).
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Fig. 16. Health indicator (HI) constructed for S1 and S2 scenarios.
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Fig. 15. Example of the scattering coefficient for the S1 scenario: (a) Segment 100 from the training dataset, (b) Segment 20,000 from the test dataset.
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5.3. Computational efficiency and storage requirements

During the field monitoring campaign, a total of 156 sensors were
operational across the network, producing approximately 20 GB of raw
data per day. In the current workflow, these data are compressed to
about 2 % of their original size before transmission to a network-
attached storage (NAS) unit, and then decompressed for offline anal-
ysis. This process adds significant computational time (about 30 min per
day) and storage overhead. This highlights the need for lightweight
frameworks capable of performing edge analysis, thereby eliminating
the need for full data transmission and storage.

In contrast, the proposed framework in this study reduces raw data
from gigabytes to only kilobytes per HI, achieving over 99 % reduction
in data volume. These HIs can be transmitted almost instantly to a
central server, avoiding the delays and costs associated with full-scale
data handling. Such improvements demonstrate substantial potential
for reducing processing time, memory requirements, and operational
costs in future large-scale pavement monitoring systems.

The training and testing processes were conducted in MATLAB on a
laptop equipped with an NVIDIA GeForce RTX 4080 Laptop GPU (12.88
GB), an Intel Core i9-13900H CPU (2.60 GHz), and 64 GB of RAM. For
the experimental strain gauge data, training the LSTM autoencoder took
approximately 18-19 min per sensor. Once trained, inference was per-
formed with an average processing time of approximately 0.6-0.9 mil-
liseconds per segment. For the field FBG data, training required around
11-12 min, and inference on test segments took an average of approx-
imately 0.5-0.7 milliseconds per segment. This lightweight computa-
tional demand confirms that the framework is suitable for on-device or
edge implementation in field-deployable SHM systems, where rapid,
low-resource processing is essential.

6. Conclusions

This paper proposed a framework for intelligent health monitoring of
road infrastructure using FBG sensor networks embedded in pavement
layers. The framework consists of four main units: data collection and
pre-processing, feature extraction, feature fusion, and HI construction. It
was evaluated using both experimental laboratory data and synthetic
damage data generated from the healthy-state field measurements. The
framework introduces a fully automated pipeline, directly contributing
to automation in construction by reducing the need for manual inter-
vention, improving real-time monitoring, and enabling data-driven de-
cision-making. Based on the analyses and results obtained, the following
conclusions were drawn:

e Sensor response is influenced by its distance from the damage loca-
tion. Therefore, an optimal HI should be sensitive to cases where the
damage is either at the sensor location or in its vicinity.
The WSN can automatically extract damage-sensitive features,
improving computational efficiency compared to using raw data
directly as encoder input, which is computationally expensive.
Features can be fused and compressed into a latent space using the
encoder component of an LSTM autoencoder during inference,
eliminating the need for the decoder at deployment. This reduces
computational time and memory requirements.
e A model trained on healthy-state data can be used for health moni-
toring of newly arriving data. Based on the fusion plan, each dataset
yields a single HI value per window of events (each event corre-
sponds to a vehicle pass), eliminating the need to store large volumes
of raw data.
Incorporating temperature data alongside the HI improves its reli-
ability and interpretability by enabling the distinction between
variations caused by environmental conditions and those resulting
from structural damage, facilitating early damage detection.
e The proposed HI exhibits key characteristics of an optimal HI,
including detectability and separability. However, when the damage
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is located in the sensor’s neighbourhood, trendability is not fully
achieved.

e Using experimental and synthetic data, the results suggest that the
proposed framework successfully identifies and tracks the onset and
progression of damage under the tested conditions.

This study highlights the transformative potential of intelligent,
data-driven frameworks in road infrastructure monitoring. By com-
pressing vast sensor datasets into real-time, interpretable HIs, such ap-
proaches can shift pavement management strategies from reactive
maintenance to proactive, cost-efficient asset preservation. Beyond
pavements, the methodology could be adapted to other transportation
infrastructures such as bridges, tunnels, and rail networks, and is
adaptable to other strain-sensing technologies. If widely adopted, this
type of framework could significantly enhance how agencies prioritise
interventions and allocate public funds for infrastructure maintenance.

Despite promising results, several limitations remain. First, reliance
on synthetic damage data for part of the evaluation limits the direct
evidence of performance under real degradation scenarios. Second, the
feasibility of edge deployment was conceptually shown but not physi-
cally tested on embedded hardware. These limitations directly motivate
the following research directions.

Future work should address these limitations through large-scale
field evaluations under real degradation events, full hardware-in-the-
loop testing for edge computing deployment, and integration with
existing PMS. Extending the framework to enable accurate RUL esti-
mation would further strengthen predictive maintenance capabilities
and support long-term infrastructure management. In the long term,
frameworks of this kind have the potential to form the backbone of fully
autonomous, self-monitoring infrastructure networks, minimising
maintenance costs, maximising service life, and enhancing public safety.
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