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Abstract

The integration of advanced digital technologies is revolutionizing transportation geotechnics,
enabling unprecedented achievements in efficiency of design, construction and maintenance
contributing to more sustainable infrastructure developments. This paper explores cutting-
edge advancements in self-sensing geomaterials, stiffness characterization using bender
elements in unbound geomaterials, remote sensing, bridge scour detection and building
information modelling (BIM), showcasing their transformative potential. Self-sensing
geomaterials embedded with nanomaterials act as sensors provide real-time stress, strain
and loading monitoring, enhancing health structural monitoring. Stiffness characterization
is upscaled from sand to unbound aggregates through the application of bender element
testing. Remote sensing technologies, including InSAR, enable slope stability assessments
across networks, while Al-powered predictive models improve landslide risk mitigation,
as well as network-scale bridge scour detection. The paper also highlights the BIM’s
contribution to infrastructure sustainable practices through the use of recycled construction

and demolition wastes (RCDWs).

1. Introduction

The advancements in digital technologies have significantly
revolutionized various sectors, including transportation
geotechnics, across the globe. These advancements encompass
awide range of tools, methodologies, and materials, including
sensors, data acquisition systems, remote sensing technologies,
Building Information Modeling (BIM), and data fusion
using artificial intelligence (AI) and machine learning (ML).
Integrating these digital technologies into transportation
geotechnics improves project efficiency, design, construction
through real-time monitoring, enhanced data accuracy, and
predictive maintenance strategies, leading to more informed
decision-making throughout the project lifecycle (Gomes
Correia & Gastine, 2024).

This study collectively discusses advancements such as
self-sensing geomaterials, remote sensing, bridge scouring,
and BIM, based on research conducted by the authors under
various research projects. The self-sensing cementitious
geomaterial was developed under the In2Track2 (European
Comission, 2021) and In2Track3 (European Comission,

2023) projects, funded by the European Union, at the Institute
for Sustainability and Innovation in Structural Engineering
(ISISE) of the University of Minho. The automatic bender
element sensor, developed under the CEN-DynaGeo
project (CEN-DynaGEO, 2022), was developed through
collaboration between ISISE at the University of Minho and
Civil engineering research and innovation for sustainability
(CERIS) at Instituto Superior Técnico, University of Lisbon.
Additionally, bender element field sensors were developed
under the INTENT project (Universidade Lusoéfona, 2023)
at ISISE, University of Minho, in collaboration with CERIS
at Instituto Superior Técnico, University of Lisbon, and
Lusofona University. In addition, the topic related to BIM
is connected to the RecycleBIM project at ISISE, University
of Minho (2022).

Concerning the self-sensing geomaterials, they can be
categorized as either bulk or localized. technologies such as
distributed fiber optic sensors, self-sensing geosynthetics,
and self-sensing materials provide bulk monitoring, while
spot sensors offer localized monitoring (Roshan et al., 2025).
In geotechnical engineering, various sensors are employed
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to monitor the behavior of geomaterials during both the
construction stage and the operational service life (Hong et al.,
2016). Among others, sensors such as piezometers (for
measuring pore water pressure), thermistors and temperature
sensors (for monitoring temperature variations), strain
gauges and fiber optic sensors (for detecting deformation),
inclinometers (for tracking lateral ground movement), load
cells (for measuring applied loads), and pressure cells (for
assessing induced stresses) are commonly used (Huang et al.,
2012; Ha et al., 2018). However, external sensors attached
to geomaterials in the field have several disadvantages,
including complex installation procedures, localized and
point-specific measurements, excessive congestion of
sensors and cabling, susceptibility to environmental factors,
the need for continuous monitoring and calibration, and the
potential to cause localized degradation of the geomaterial
during installation (Roshan et al., 2025). To address many of
these challenges, self-sensing cementitious materials can be
employed in transportation infrastructure systems (Roshan et al.,
2024c). The self-sensing cementitious geocomposites,
developed by integrating electrically conductive materials
into conventional cement-stabilized geomaterials, show great
promise (Roshan et al., 2024a). For instance, these innovative
self-sensing cementitious materials can provide distributed
sensing information rather than measurements at localized
points, which is particularly important for linear projects
such as roads and railways (Gomes Correia & Roshan,
2024). In addition, they can intrinsically function as sensors,
eliminating the need for external devices (Huang et al., 2018).
This enables real-time and remote monitoring, integrated
functionality, and reduced future costs. These self-sensing
cementitious composites can be used to measure moisture
variations, temperature, strain and stress levels, as well as
degradation and damage. For instance, Roshan et al., (2023)
employed such geomaterials for automatic degradation and
damage detection without requiring additional sensors. Their
findings demonstrated a good correlation between electrical
signals and Particle Image Velocimetry (PIV) results.

As referred, these self-sensing cementitious materials
can be employed in both bulk form and sensor form. In bulk
form, an entire layer of infrastructure is constructed using
self-sensing cementitious materials. In sensor form, small-
sized self-sensing cementitious sensors are embedded within
the transportation infrastructure (Roshan et al., 2025). These
composites have already been used in several pilot projects
in the field, both as bulk self-sensing materials (e.g., Borke
Birgin et al., 2022) and as small-sized sensors (e.g., Ding et al.,
2022). However, several factors, such as moisture content,
temperature, curing time, type and content of conductive
fillers (e.g., carbon-based), dispersion quality, type of
electrodes, and measurement systems, significantly affect
their performance and require optimization and calibration
prior to application (Roshan et al., 2024b). In this paper, the
optimized self-sensing cementitious geocomposite, based

on these factors, is discussed in terms of its effectiveness in
degradation and damage detection.

Another very used sensor in geotechnical applications
is wave-based sensor, such as bender elements, which is
widely used in transportation infrastructure for geotechnical
evaluation (Moldovan & Gomes Correia, 2017; Kang et al.,
2021). However, issues such as the optimal spacing between
transmitter and receiver elements, alignment, measurement
systems, and signal interpretation must be addressed to
ensure reliability. For example, Moldovan & Gomes Correia
(2021) optimized the placement of receiver elements based
on experimental and computational methods. Furthermore,
GeoHyTE, a numerical software based on the hybrid Trefftz
finite element method, was developed to automatically
interpret shear wave and small-strain shear modulus data
(Moldovan et al., 2024). Other studies have employed lateral
dissipation boundaries to enhance the efficiency of bender
element testing by reducing interference between shear and
compressive waves (Moldovan et al., 2025). In this paper,
following the initial developments for sand (Moldovan &
Gomes Correia, 2021), preliminary results are presented
demonstrating the feasibility of designing an upscaled
bender element system for unbound granular material. The
developed upscaled equipment, equipped with different
bender element configurations, is capable of testing UGM
without downscaling the particle size distribution.

Another important issue in transportation geotechnics is
the assessment of slope stability network conditions. For this
purpose, remote sensing approaches, combining spaceborne
and ground-based synthetic aperture radar (SAR), have
markedly improved slope instability detection (Frodella et al.,
2017; Di Traglia et al., 2018). However, their application
is limited by several interrelated factors. In Frodella et al.
(2017) and Di Traglia et al. (2018), ground-based SAR
instruments are confined to slopes within their direct line of
sight, creating blind areas where dense vegetation or seasonal
snow obstructs the radar beam. The steep, mountainous terrain
further exacerbates these challenges by inducing geometric
distortions such as foreshortening and layover, which warp
the true slope geometry and complicate precise displacement
retrieval. Finally, because these studies are restricted to
Italian Alpine settings, their workflows and model outputs
have yet to be validated in regions with different lithological,
climatic, or geomorphological characteristics. Collectively,
these constraints leave critical gaps in our understanding of
slope-failure mechanisms and hinder the development of
universally effective predictive models.

Accurate prediction of such events is particularly
relevant for transportation infrastructure managers tasked
with monitoring vast networks of slopes. In this context,
remote sensing techniques, especially those using satellite
data, have proven to be effective tools for assessing and
tracking slope stability (Nhu et al., 2020). In their study
of the Cameron Highlands, Malaysia, Nhu et al. (2020)
combined InSAR, high-resolution imagery, and field surveys
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to identify 152 landslide sites and generated susceptibility
maps using Logistic Regression, Logistic Model Tree, and
Random Forest, achieving area under curve (AUC) values
0f 0.92, 0.90, and 0.88, respectively. However, the work is
constrained by a relatively small, geographically confined
dataset that limits generalizability; it relies exclusively on
static conditioning factors, omitting dynamic triggers such
as rainfall intensity and groundwater fluctuations. Moreover,
it shows minimal performance differences among the
three algorithms, suggesting that data quality and feature
engineering may be more important than model choice. It
also faces remote-sensing challenges in tropical mountainous
environments, where dense vegetation and frequent cloud
cover can impede landslide detection and validation. These
limitations highlight the need for larger, more diverse datasets,
the inclusion of time-varying environmental variables, and
hybrid modeling approaches to develop effective, transferable
predictive frameworks for early warning and risk assessment.
To address this gap at the network scale, this study proposes a
machine learning (ML)-based framework for predicting slope
movements using vertical displacement time series derived
from Interferometric Synthetic Aperture Radar (InSAR) data.
The main goal is to optimize these models for improved
prediction accuracy. By combining satellite imagery with
Al-driven approaches, this work seeks to enhance automated
slope monitoring and support data-informed decision-making
in instability risk management, contributing to the broader
goal of disaster risk reduction.

Among other transportation infrastructures, bridges are
also key elements, enabling the movement and operation of
vehicles over obstacles such as valleys and rivers. In bridges
constructed over rivers, scour around the foundation caused
by flowing water is one of the major challenges (Bao et al.,
2017). The reduced support of the bridge foundation
caused by scour can eventually lead to failure and collapse.
Therefore, early detection of scour and the implementation of
countermeasures are crucial for the effective and continuous
operation of transportation infrastructure without interruption
(Selvakumaran et al., 2018). In addition to the installation
of sensors on the bridges themselves and other wireless
inspection methods, vehicle-assisted methods (e.g., train-based
inspection) for bridge scour can be an effective approach
(Fernandes et al., 2024). In the train-based method, sensors
such as vibration and acceleration sensors are installed on
trains to automatically record vibrations as the train passes
over the bridge. The recorded vibrations can then be used
for scour analysis, detection, and estimation (Hoang et al.,
2018). Indeed, scour is the leading cause of bridge collapses,
emphasizing the urgent need for effective scour detection
methodologies. The 2015-2016 winter storms that affected a
large area of England, Wales, Ireland, and Scotland are among
the most recent incidents triggering floods (Barker et al.,
2016). The precipitation levels that had been predicted
were exceeded, and a series of storms began in November
2015, continuing until March 2016 (Marsh et al., 2016).

In circumstances where the level of flooding was extreme,
instances occurred of scouring at bridge infrastructures,
which ultimately led to the structural collapse of bridges
in certain instances (Standard, 2016). Barker et al. (2016)
indicate that the loss of infrastructure, including roads and
bridges, resulted in significant long-distance detours in
specific regions, with complete repairs often requiring several
months. Consequently, the immediate scour detection is very
important. To do so, the dynamic response of the bridge can
be assessed over time by processing the sensor data acquired
by monitoring. Some of the most common techniques used to
process acquired accelerations are Eigen frequency analysis
(Prendergast et al., 2016), Continuous Wavelet Transformation
(O’Brienetal., 2023), and Hilbert-Huang Transform (Lin &
Chang, 2017). Many studies compare extracted parameters
of damaged and healthy states of the bridges and use the
difference to serve as a damage indicator (Elsaid & Seracino,
2014; Khan etal., 2021). The monitoring systems employed
can be categorized into two distinct clusters. The direct
monitoring method involves the collection of signals from
sensors installed on the bridge structure. Conversely, the
indirect method utilizes data acquired by sensors installed
on vehicles crossing the bridge. This method does not result
in service interruptions since the signals are acquired as
the vehicle continues to travel (Tola et al., 2023a). Many
studies have successfully detected damage using in-service
acceleration signals (Prendergast et al., 2016; Zhang et al.,
2023; McGeown et al., 2024; Shokravi et al., 2024). As
Shokravi et al. (2024) demonstrate, long-term monitoring of
aroadway bridge to detect damage is enabled by processing
drive-by acceleration signals obtained from connected and
autonomous vehicles. The methodology developed has not yet
been applied to real-life applications, but has demonstrated
considerable potential. A further study by McGeown et al.
(2024) demonstrated the occurrence of bridge scour theoretically
and experimentally by exhibiting the discrepancy between
the indirect vehicle pitch signals of bridges in both damaged
and healthy states. Machine Learning (ML) algorithms have
also been incorporated into indirect monitoring studies for
damage detection (Hajializadeh, 2022; Fernandes et al.,
2024). In the study of Fernandes et al. (2024), bridge-crossing
vehicles’ accelerations are processed to extract the features
that change in the presence of damage by an autoencoder
to detect low-intensity scour damage. (Hajializadeh, 2022)
adopted Convolutional Neural Networks (CNNs), which
have been meticulously trained using a diverse set of vehicle
accelerations from multiple crossings, encompassing varied
travel speeds, noise levels, and rail irregularities.

The developed scour detection methodology presented
here has three main contributions. Firstly, it verifies a
previously proposed approach (Prendergast et al., 2016;
Fitzgerald et al., 2019) through synthetic simulations and
field-collected measurements (Tola et al., 2023b). Secondly,
it introduces displacement-based analysis from onboard
sensing to detect scour. Thirdly, it demonstrates a novel
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method for data acquisition, employing an innovative sensor
unit mounted on in-service vehicles instead of relying on
conventional track geometry cars. Extending the developed
methodology to a network level involves utilizing machine
learning (ML) models. Consequently, the necessity for
establishing a numerical model for each bridge is rendered
obsolete. Instead, an automated system can predict the
presence and location of scour.

The last contribution in this paper is related with another
critical consideration dealing with the coordination during
the construction of transportation infrastructure. For this
purpose, Building Information Modeling (BIM) plays a vital
role in facilitating efficient collaboration among geotechnical
engineers, structural engineers, and other stakeholders,
thereby ensuring accurate project execution (Zhang et al.,
2018). To develop an effective BIM model for transportation
infrastructure, it is essential to integrate geotechnical data
with data from other engineering disciplines (Tawelian &
Mickovski, 2016).

In parallel, the construction industry is one of the
largest contributors to environmental degradation worldwide.
As a major consumer of natural resources and energy, it is
responsible for significant pollution, depletion of materials,
and greenhouse gas emissions (European Comission, 2020).
Compounding this impact is the inefficiency with which
resources are used—up to 85% of extracted materials are
estimated to end up as waste (Pacheco-Torgal et al., 2020).
A substantial share of this is construction and demolition
waste (CDW), which accounts for 25-30% of the total waste
produced in the EU. Fortunately, a large proportion of CDW
(40-80%) consists of inert materials with high reuse potential,
particularly in civil engineering applications (Han et al., 2021).

In geotechnical engineering, this shift toward circularity
has created promising pathways for incorporating recycled
materials into infrastructure. Recent studies have shown that
granular waste from demolished structures—such as concrete,
ceramics, and mixed aggregates—can be successfully used
in applications such as subgrade layers, embankments,
and backfill materials (Gomes Correia et al., 2025). These
approaches reduce environmental impact while maintaining,
or even enhancing, technical performance. Furthermore, they
align with broader goals of sustainable development and
resource efficiency. However, sustainability in geotechnics
is not limited to material reuse. It increasingly relies on
digital technologies that are reshaping how engineers design,
build, monitor, and maintain geotechnical systems. Building
Information Modeling (BIM), for example, is transforming
construction workflows by acting as a digital twin of physical
assets—capturing data on materials, geometry, and processes
across a structure’s lifecycle. When applied to the end-of-
life phase of buildings, BIM enables precise inventories of
reusable materials and facilitates more strategic planning
for waste reduction and recycling (Nikmehr et al., 2021;
Kang et al., 2022; Kuzminykh et al., 2024).

Together, these digital and data-driven approaches are
ushering in a new era of intelligent geotechnical engineering,
where sustainability goals are met not only through better
material choices but also through smarter processes, predictive
analytics, and automation. The convergence of circular economy
principles, advanced sensing technologies, and integrated
data platforms is creating unprecedented opportunities to
reduce the environmental footprint of geotechnical works
while improving resilience, safety, and cost-efficiency.

This paper explores how such innovations, spanning
material reuse, digital twins, Al-driven monitoring, and
automation, are collectively advancing the sustainable
transformation of geotechnics. The scope of the work aims
to illustrate how digitalization is enabling geotechnical
engineering to meet the pressing challenges of climate change,
resource scarcity, and infrastructure resilience.

2. Self-sensing geomaterials

In Structural Health Monitoring (SHM), sensors play a
central role in collecting data related to the health condition
of structures. To this end, the advancement of sensor
technologies in transportation geotechnics is an important
topic. In geotechnical engineering, sensors can be deployed in
a distributed form (e.g., distributed fiber optics) or a spot form
(e.g., pressure cells). Recently, in addition to these forms, the
application of bulk sensing mechanisms, such as self-sensing
cementitious composites, has also been investigated (Roshan
& Gomes Correia, 2025). In addition, the bender element
sensors can be deployed at a specific distance between the
transmitter and receiver bender elements to record the stiffness
of the geomaterial under traffic loading (Kang et al., 2023).
Therefore, this section discusses self-sensing cementitious
geocomposites and bender element sensors.

2.1 Self-sensing cementitious geocomposites

Self-sensing cementitious geocomposites are developed
by incorporating electrically conductive materials into
conventional cement-based materials. These conductive
materials are typically categorized into two types: metal-based
and carbon-based conductive fillers (Tian et al., 2024). While
metal-based fillers can be used in fabricating self-sensing
concrete pavements and other concrete structures, carbon-
based conductive fillers are more commonly employed in
the fabrication of self-sensing cementitious geocomposites.

Various carbon derivatives, such as carbon black
(CB), carbon fibers (CF), graphite powders (GP), and
carbon nanomaterials including carbon nanotubes (CNT)
and carbon nanofibers (CNF), are widely used in these
composites (Kang et al., 2024). The performance of self-
sensing cementitious composites varies depending on the
type and content of the conductive fillers. In general, the
use of combined conductive fillers is a common approach
to enhance the sensing efficiency of these materials.
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Several factors influence the performance of self-
sensing cementitious composites. These include the type
and content of conductive fillers, their dispersion within the
matrix, electrode materials and configurations, measurement
systems, and external environmental factors such as moisture
and temperature (Roshan et al., 2025). To fabricate effective
self-sensing cementitious materials, optimizing the type and
amount of conductive fillers is crucial.

The electrical resistance of cementitious composites
generally decreases in three distinct stages as the content
of conductive fillers increases, as illustrated in Figure 1
(Roshan et al., 2024a). In the first range (insulative phase),
the reduction in electrical resistance is minimal, indicating
insufficient filler content for effective self-sensing behavior.
In this range, the conductivity mechanism is primarily based
on ionic conduction, making the material highly sensitive to
moisture variations. In the second range (percolation region),
the conductivity is governed by both electron transport and
partial ionic conduction. Here, the influence of moisture on
electrical resistance becomes less significant, especially as the
filler content approaches the end of the percolation threshold.
In the third range (conductive phase), electron movement
between conductive networks dominates the conductivity
mechanism, and moisture has a negligible effect on electrical
resistance. However, excessive use of conductive fillers is not
recommended due to high costs and potential negative impacts
on mechanical strength. Therefore, for optimal performance,
conductive filler content should fall within the percolation

Electrical resistance

threshold, achieving effective electrical conductivity while
maintaining adequate mechanical strength.

To ensure effective electrical conductivity, uniform
distribution of conductive fillers during fabrication is essential.
However, the high surface area of carbon-based fillers often
leads to agglomeration, resulting in non-uniform distribution
and reduced conductivity. Thus, dispersion is a critical
challenge in the fabrication of self-sensing cementitious
materials. Various dispersion methods, including mechanical
mixing, sonication, and chemical dispersion, are used to
address this issue. A combination of these techniques is
often recommended for achieving uniform distribution and
optimal sensing performance.

In addition, other factors such as electrode materials
and configurations, measurement systems, and environmental
conditions (e.g., moisture and temperature) significantly
affect the sensing performance. Detailed discussions on these
aspects can be found in previous studies (Roshan et al., 2025;
Roshan & Gomes Correia, 2025).

2.1.1 Application of self-sensing cement stabilized sand
for sensing and degradation monitoring

The geomaterials used in transportation infrastructure
are subjected to various types of loading, such as cyclic traffic
loading, dynamic loading, vibration, and environmental
effects (e.g., wetting—drying cycles and freezing—thawing
cycles) throughout their service life (Roshan et al., 2022).

\

Conductive filler content
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(b)
Figure 1. Influence of conductive fillers content on the electrical resistance of self-sensing cementitious materials with inclusion of

carbon nanomaterials (CNM); (a) Correlation of electrical resistance — conductive filler content; (b) schematic illustration of conductive
paths. Modified after Roshan et al. (2024a).
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These conditions lead to degradation and damage, which
can compromise the safety and reliability of transportation
systems. To address these challenges, timely monitoring and
detection of geomaterial condition is crucial.

In this regard, various types of sensors and technologies
are employed for SHM of transportation infrastructure.
Among these, self-sensing cementitious composites show
great potential for traffic and degradation monitoring (Roshan
& Gomes Correia, 2025). These materials are capable of
detecting axle loads and material degradation without the
need for external sensors. Additionally, they can be utilized
for other applications, such as energy harvesting and ice or
snow melting during cold seasons.

The self-sensing capability of these composites is
primarily attributed to their piezoresistive properties, which
enable the detection of traffic loads and structural degradation.
Piezoresistivity refers to the change in electrical resistance
caused by the alteration of conductive pathways under
mechanical loading. A commonly used metric for analyzing
electromechanical behavior is the Fractional Change in
Resistance (FCR), defined by Equation 1:

R - Ry
FCR=—= (1)

R R

where FCR stands for fractional changes in resistance, R,
is the initial resistance, AR is the changes in resistance, and
R; is the resistance at certain loading level.

Figure 2 illustrates the results of electromechanical
testing on 10% cement-stabilized sand doped with 3% of
multi-walled carbon nanotubes (MWCNT) and graphene
nanoplatelets (GNP) in equal proportions. Figure 2a presents
the variation of F'CR in response to cyclic compressive stress,
ranging from low levels to the point of material failure. As
shown in Figure 2a, F'CR variation increases with increasing
stress level. The pattern of FCR variation depends on the
applied stress level. At low stress levels (up to 30.04% of
ultimate strength), the FCR variation under cyclic loading is
reversible. However, beyond this stress level, irreversibility
in FCR begins to appear. For instance, at stress levels of
39.85% and 49.81% of the ultimate strength, the lower peaks
of the FCR curves show signs of irreversibility. At higher
stress levels, both lower peaks and upper baselines become
irreversibly altered. Finally, after reaching the stress level
at point 3 (89.66% of the ultimate strength), the direction
of FCR variation reverses, as shown in Figure 2a. These
changes in F'CR patterns reflect varying degrees of material
degradation and damage.

Figure 2b shows the correlation between F'CR and the
resilient modulus, calculated using Equation 2:

M, =—¢ 2)

where M, isresilient modulus, o, deviator stress, and ¢,
is resilient strain.

The correlation between FCR and resilient modulus
varies depending on the health condition of the self-sensing
cementitious composite. At a cyclic stress level of 30% of
ultimate strength, the FCR variation is reversible, and the
resilient modulus increases significantly. However, beyond
this point, FCR becomes increasingly irreversible, and the
rate of increase in resilient modulus declines, especially after
point 2, as shown in Figure 2b. These findings suggest that
the relationship between F'CR and resilient modulus can serve
as a reliable indicator for tracking material degradation in
self-sensing geomaterials. To further illustrate this behavior,
Digital Image Correlation (DIC) results at points 1, 2, and
3 from Figure 2a are presented in Figure 2c. A comparison
between Figures 2a and 2b with Figure 2c reveals that the
degradation of the self-sensing cementitious sample increases
with the applied stress level. For example, up to point 2, no
visible cracks are observed in the DIC images. However, at
point 3, a vertical crack can be observed at the center of the
sample. The size of this crack increases further with rising
stress levels. This comparison between Figures 2a and b with
Figure 2c suggests that the variation in FCR, in relation to
stress level and the corresponding resilient modulus, can
effectively be used to monitor the degradation of self-sensing
cementitious materials.

2.1.2 Application of self-sensing cementitious materials in
the field

Self-sensing cementitious materials can be employed
in two forms: bulk and sensor form. In the bulk form, a layer
of self-sensing cementitious composite can be embedded
into transportation infrastructure, with electrodes installed
at specific locations. For example, these materials have been
used in bulk form for snow and ice melting in transportation
systems (Sassani et al., 2018). This feature is particularly
effective and valuable for applications in cold regions.

One notable example is the use of a self-sensing
pavement slab at Des Moines International Airport to mitigate
ice formation (Sassani et al., 2018). The results revealed that
the self-sensing pavement effectively melted snow and ice
due to a power density of 300-350 W/m?. Similar findings
regarding the effectiveness of self-sensing pavement for
snow and ice melting have been reported in other studies
as well (e.g., Jiao et al., 2023). In addition to de-icing, self-
sensing pavement has also been applied in bulk form for
traffic detection. A road section equipped with self-sensing
pavement was able to successfully detect vehicle axle loads
(Borke Birgin et al., 2022).

On the other hand, in sensor form, self-sensing
cementitious composites are produced in small sizes and
function as intrinsic self-sensing sensors. These sensors have
been successfully deployed in road (Han et al., 2009) and
railway (Ding et al., 2022) applications for vehicle detection.
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Although self-sensing cementitious materials demonstrate
strong potential for field applications, their real-world use
remains limited at this stage.

2.2 Bender elements as a self-sensing device

The bender element (BE) is a widely used sensor for
measuring the small-strain shear modulus of geomaterials

based on shear wave propagation (Viggiani & Atkinson,
1995). BE are themselves a type of self-sensing material.
Indeed, they can be considered a self-sensing device when
used properly, since the piezoelectric ceramic both actuates
(generates waves) and senses (detects waves). Despite
bender elements require external transducers to send/receive
waves, as self-sensing materials they perform a similar
function in assessing mechanical geomaterial response.

2
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There is a potential in combining self-sensing materials
with BE to develop embedded smart testing systems or even
self-monitoring geostructures. To obtain the small-strain
shear modulus, a transmitter bender element trigger a shear
wave that propagates towards the receiver bender element.
Although the shear wave travel time can be readily obtained
from bender element signals, accurately identifying the
shear wave arrival time remains a challenge due to signal
irregularities, particularly the interference of compressive
waves with the shear waves (Arulnathan et al., 1998; Lee &
Santamarina, 2005). To address this challenge, the authors
of this study have proposed several solutions. For instance,
compressive wave interference can be reduced by optimizing
the installation of bender elements so that the transmitter and
receiver are in an eccentric configuration rather than a direct
one (Moldovan & Gomes Correia, 2021). In another study,
boundary dissipation layers were proposed to reduce the
arrival of compressive waves at the receiver bender element
(Moldovan et al., 2025). Additionally, a computational
software called GeoHyte has been developed based on the
hybrid Trefftz finite element method, to automatically update
the small-strain shear modulus to optimize the correlation
between the output signals obtained experimentally and
numerically (Moldovan et al., 2024).

Although these previous studies have shown promising
results, the tests were conducted only on sand, which consists
of smaller particles compared to the unbound granular materials
(UGMs) commonly used in transportation geotechnics, mainly
in pavement and railway structural layers. To this end, a
large-scale cylindrical chamber (30 cm in diameter and 60
cm in height) equipped with multiple bender elements was
developed to analyze the performance of bender elements in

UGMs. Figure 3 presents the details of the developed large-
scale cylindrical chamber. As seen in Figure 3, the chamber
is equipped with two bender elements at the pedestal and
one bender element at the top cap. Due to the large distance
between the transmitter and receiver bender elements, an
amplification system was used to enhance the strength of the
input signal. As seen in Figure 3, the UGM was compacted
into the cylindrical chamber in dry conditions, with a density
of 1889 kg/m?. The void ratio of the compacted UGM in this
study is 0.40. The initial findings regarding the influence of
bender element configuration and echo measurement settings
based on this chamber are discussed in this section.

2.2.1 Influence of bender element configuration

To evaluate the influence of bender element configuration
on the output signals, the transmitter bender element was
installed on the top cap of the cylindrical cell, while two
receiver bender elements were installed at the pedestal of the
cylindrical cell, as presented schematically in Figure 4. As
shown in Figure 4, in one configuration, the receiver bender
element is in a direct alignment with the transmitter, while in
the other configuration, it is positioned eccentrically relative
to the transmitter. In the direct configuration, the tip-to-tip
distance between the transmitter and receiver bender elements
is 560 mm, whereas in the eccentric configuration, the tip-to-tip
distance is 565.28 mm, based on the Pythagorean theorem.

Figures 5 and 6 present the recorded output signals for
the bender element configurations under direct transmission
condition (red) and eccentric transmission condition (blue),
across various input frequencies ranging from 200 Hz to 3
kHz. From these figures, it can be observed that the recorded

Figure 3. Details of large scaled cylindrical chamber.

Details:
@ ueM

@ Top cap
(3 Pedestal
@ Amplifier

@ Wave generator
and Oscilloscope

@ Power supply for
amplifier

@ Laptop for controlling
Picoscope software

Prepared sample
p p

Soil. Rocks, Sao Paulo, 2025 48(3):¢2025007525


https://creativecommons.org/licenses/by/4.0/

Gomes Correia et al.

signals differ depending on the configuration of the receiver
bender element relative to the transmitter bender element.

Transmitter bender element
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Figure 4. Configurations of receiver and transmitter bender elements
(direct transmission and eccentric transmission).

The findings are consistent with a previous study conducted
on sand (Moldovan & Gomes Correia, 2021).

Figure 5 illustrates the recorded shear wave signals
under input frequencies ranging from 200 Hz to 700 Hz.
As seen in the figure, the recorded signals vary in terms
of waveform shape, clarity, and the level of interference
between compressive (P) and shear (S) waves, depending
on the receiver’s configuration relative to the transmitter.
In the direct configuration, the interference between shear
and compressive waves is more prominent compared to the
eccentric configuration. This interference can create challenges
in signal interpretation, particularly in accurately identifying
the shear wave arrival time for shear modulus measurement.

Compressive waves travel laterally and, after
colliding with lateral boundaries, reflect back toward the
receiver bender element. As a result, the eccentric receiver
configuration tends to bypass much of the compressive wave
energy, whereas most of the compressive wave is captured
by the bender element aligned directly with the transmitter.
Consequently, the signals recorded by the receiver in the
eccentric configuration (Figure 5) exhibit a single, clearly
defined peak, in contrast to the more complex waveform
seen in the direct configuration. This makes identifying
and selecting the shear wave arrival time more reliable and
precise in the eccentric condition. However, it should also
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Figure 5. Output signals in eccentric transmission condition (blue color) and direct transmission condition (red color) for input frequencies

ranging from 200Hz to 700 Hz.
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be noted that signal attenuation in the eccentric configuration
is greater compared to the direct configuration, as observed
in Figure 5. In the eccentric setup, the shear wave travels a
longer path than in the direct configuration, resulting in higher
attenuation due to increased scattering at void spaces and
particle interfaces. For this reason, the attenuation of output
signals with increasing frequency is more pronounced in the
eccentric configuration compared to the direct configuration.

Figure 6 illustrates the output signals under input
frequencies ranging from 800 Hz to 3 kHz. This figure
further confirms that the interference between compressive
and shear waves in the direct condition is more significant
compared to the eccentric condition. For instance, in the
direct condition (red), the shear wave arrival peak completely
disappears beyond the 1 kHz input frequency, and instead,
compressive wave signals dominate at 2 kHz and 3 kHz.
On the other hand, although the shear wave peak in the
eccentric condition (blue) also disappears beyond 1 kHz,
at input frequencies of 2 kHz and 3 kHz, the occurrence of
compressive wave signal peaks is significantly lower compared
to the direct condition. Therefore, it can be concluded that
the interference of compressive waves with shear waves is
greater in the direct condition than in the eccentric condition.

To illustrate the calculation of the shear modulus based
on the results reported above, the case of a 700 Hz input

Direct condition

frequency is considered. For this situation, Figure 7 presents
the output signals obtained in direct and eccentric transmission
conditions. Prior to the initial peak, considerable irregularities
are present in the direct condition compared to the eccentric
condition due to compressive wave interference, as seen in
Figure 7. However, it should be noted that the behavior of
geomaterials, particularly UGMs, is anisotropic, meaning
the small-strain shear modulus can vary depending on the
direction of wave propagation. Consequently, the calculated
small-strain shear modulus in the direct condition can differ
from that in the eccentric condition. For instance, Figure 7
presents the shear wave signals for both eccentric and direct
conditions. Considering the travel lengths from Figure 4 and
the travel times from Figure 7, the obtained small-strain
shear modulus for the UGM sample compacted in a dry
condition at a density of 1889 kg/m? is 16.51 MPa for the
direct condition and 12.76 MPa for the eccentric condition.

UGM stiffness is both stress-dependent and fabric-
dependent. However, in the present study, the tests were
conducted under k; condition. Therefore, the higher shear
modulus observed in the vertical direction configuration can
be attributed to the increased stiffness of the UGM in that
direction, which is likely due to compaction effects, particle
orientation, and deposition patterns. In general, under k  state
condition, UGM stiffness tends to be higher in the vertical

Eccentric condition
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Figure 6. Output signals in eccentric transmission condition (blue color) and direct transmission condition (red color) for input frequencies

ranging from 800Hz to 3 kHz.
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Figure 7. The traveling time of shear wave based on the peak-to-peak for direct and eccentric conditions.

direction compared to horizontal or inclined directions. This
is primarily due to the fabric and particle orientation induced
by compaction and gravitational forces.

2.2.2 Echo measurement configuration

The echo measurement configuration following the
same approach of a previous study (Almukashfi et al., 2024)
was tested using the 30 cm in diameter cylindrical cell for
a 10 cm-thick UGM specimen (D/H = 3), as schematically
presented in Figure 8. Based on Figure 8, the travel length
between the transmitter and receiver bender elements can be
calculated using Equation (3). Using the distances between
the transmitter and receiver bender elements and between
the reflecting boundary and the bender element tip, as shown
in Figure 8, the shear wave travel length is calculated to be
169.17 mm according to Equation 3:

l, = Vx? +4z2° 3)

where /, is the shear wave travel length, x is the distance
between the transmitter and receiver bender elements, and
z i1s the distance between the reflecting boundary and the
tip of the bender element.

Figure 9 presents typical output signals obtained from
the echo measurement configuration. From the figure, it
can be observed that the recorded signals exhibit two types
of peaks. The first peak corresponds to the direct wave
propagation, while the peaks beyond the first are associated
with reflected shear waves. The recorded signals in this
study, for a wave propagation travel length of 169.17 mm,
are relatively consistent with the findings of a previous
study conducted with a travel length of 118 mm in a Rowe

Reflecting boundary

100 mm

1

80 mm

_

z

x =55 mm

Receiver BE Transmitter BE

Figure 8. Echo measurement configuration for a 10 cm-thick UGM
in the cylindrical cell.

cell device (Almukashfi et al., 2024). However, it should
be noted that, in addition to the shorter wave propagation
length and different material used in the previous study, the
boundary conditions in the Rowe cell were more controllable
compared to those in the current study. These differences
may explain some of the discrepancies between the signals
obtained in this study and those reported in the previous one
(Almukashfi et al., 2024).

Opverall, Figure 9 demonstrates that the echo measurement
configuration is capable of capturing both direct and reflected
wave propagation. Nevertheless, various factors, including
boundary conditions, apparatus dimensions, and the distance
between the transmitter and receiver bender elements, can
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Figure 9. Input and output signals in echo measurement configuration.

influence the effectiveness of this configuration. Therefore,
these factors should be further investigated in future studies.

2.2.3 Numerical modeling of bender element test using
the GeoHyTE software

The bender element test is a simple and user-friendly
geotechnical method for measuring the small-strain shear
modulus of geomaterials based on shear wave propagation
(Shirley & Hampton, 1978). However, accurate and precise
interpretation of the shear wave arrival time from the recorded
signals can be a challenging task (Yamashita et al., 2009).

One of the main reasons for this challenge is the
interference between compressive (P) waves and shear (S)
waves, as previously discussed in this study. To address
this issue, several solutions have been proposed in the
literature. These include experimental approaches such
as the use of dissipative boundaries (Moldovan et al.,
2025) and optimization of bender element configurations
(Moldovan & Gomes Correia, 2021), as well as numerical
investigations (Moldovan et al., 2021). Numerical modeling
of the bender element test is effective for studying the

influence of various parameters, as it allows full control
over the testing conditions. To this end, different numerical
techniques, including Discrete Element Modeling (DEM)
(O’Donovan et al., 2015; Gu et al., 2020) and Finite Element
Modeling (FEM) (Liu et al., 2022), have been employed to
simulate shear wave propagation in geomaterials. However,
numerical modeling using conventional techniques faces
critical challenges such as mesh dependency and wavelength
sensitivity (Roshan et al., 2024d). To overcome these issues,
previous numerical studies have used very fine mesh sizes
and small time steps. For example, the bender element test
has been simulated using 2000 elements and a very small
time step in the SOLVIA 90 package (Jovicic et al., 1996).
In another study, a simulation using COMSOL software
involved 5145 discretizing elements (Liu et al., 2022).
However, the use of such fine meshes is not computationally
efficient. Moreover, the correlation between experimental
and numerical output signals has often been unsatisfactory
(Johnson, 2011).

To address this limitation, the GeoHyTE software
(Moldovan et al., 2024) was developed under the CEN-
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DynaGEO (2022) and INTENT (Universidade Lusofona,
2023) projects. GeoHyTE is based on the hybrid Trefftz finite
element method and is designed to simulate bender element
tests with reliable accuracy using larger mesh sizes and reduced
computational cost. This is affordable to hybrid-Trefftz finite
elements due to their low wavelength sensitivity and compared
to conventional finite elements. Moreover, the material model
used in the software is a porous medium based on the Biot’s
theory, which is more consistent with the UGM used in this
study. GeoHyTE determines the small-strain shear modulus
of geomaterials by maximizing the correlation between
experimental and numerical output signals. As a result, the
shear modulus obtained using GeoHyTE is objective and
numerically robust (Moldovan et al., 2024). In this study,
GeoHyTE was employed to simulate the bender element test
of the UGM described above. Figure 10 presents the mesh
of the model, consisting of 655 hybrid-Trefftz elements. The
numerical model’s dimensions are based on the large-scale
acrylic cylindrical cell (B =300 mm and H = 600 mm) used
for bender element testing of UGM. The mesh size varies
depending on the location, with a finer mesh around the
transmitter bender element and a maximum size of 40 mm.
The geotechnical parameters of UGM discussed earlier were
used in the numerical modeling.

Figure 11 illustrates the output signals under direct
and eccentric conditions, based on both experiment and its
numerical modelling, and using a 700 Hz input signal. The
correlation between the signals is relatively good and the
numerical model enables the straightforward identification
of the arrival time of the shear wave, and consequently, the
corresponding shear wave velocity and shear modulus of the
UGM. Therefore, Figure 11 demonstrates that the GeoHyTE
software can reliably model the bender element test for UGM.

The shear modulus of UGM obtained from numerical
modelling is 18.5 MPa for the direct configuration and 13.5
MPa for the eccentric configuration. These values are close
to those obtained from the experimental tests, 16.51 MPa and
12.76 MPa, respectively. The observed differences between
numerical and experimental results can be attributed to the
methods used for extracting shear wave arrival times. In the
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Figure 10. Finite element mesh employed in GeoHyTE software.

experimental test, the peak-to-peak method was used, whereas
in numerical modelling, the cross-correlation method was
applied. Moreover, in the experimental interpretation, the
conversion of the propagation time into the shear modulus
was made based on the theory of elasticity, while GeoHyTE
uses the Biot’s theory that takes into account the complex
interplay between the various phases (solid and fluid) present
in porous media. For the direct configuration, the difference
in shear modulus between the numerical and experimental
methods is 1.99 MPa, while for the eccentric configuration,
the difference is smaller, 0.74 MPa. This smaller discrepancy
in the eccentric condition can be attributed to reduced
interference from compressive waves, which allows for a
clearer shear wave signal. The findings are consistent with
those of a previous study conducted on sand by Moldovan
& Gomes Correia (2021).

To illustrate the quality of the finite element solution
obtained with GeoHyTE, Figure 12 presents the colour plot
of the horizontal displacement field at the arrival time of
the shear wave (S-wave). It is noted that the displacement
amplitude of the input signal was of [(~®m. As seen in
Figure 12, the arrival of the shear wave is clearly identifiable.
Additionally, Figure 12 also shows the scattered compressive
wave, as indicated by the stress field. Therefore, the GeoHyTE
software proves to be an efficient tool for simulating bender
element tests and obtaining reliable shear modulus values in
an objective rather than subjective manner.

To analyse the interference between the compressive
wave and shear wave, the traces of these waves on the upper
half of the testing cylinder are examined using the GeoHyTE
software, as shown in Figure 13. The traces of the compressive
and shear waves are defined as the maximum absolute values
of the horizontal displacements u,, calculated during the time
interval ¢, , measured from the onset of the wave propagation
until the reflection of the shear wave from the top platen.

Tr(x):rnax u, (x,t) 4)

0<r<t,

An important feature of the hybrid-Trefftz finite
elements is its capacity of filtering out wave types from
the response of the structure (Moldovan & Gomes Correia,
2021). Exploiting this feature, Equations 5 and 6 define the
compression and shear traces.

Tr, (x) = max u,, (x.1) 5)
T, (x) = max ey, (x.0) ©)

where 77, (x) denotes the trace of the compressive wave,
and T7, (x) represents the trace of the shear wave, and u,,
and u,  denote the horizontal displacements corresponding
to the compressive and shear wave components, respectively.
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Figure 13a presents the combined traces of both compressive
and shear waves in the upper half of the numerical model, while
Figures 13b and 13c present the shear and compression traces.
All figures are scaled between zero and 1(~7 m of horizontal
displacement. A comparison of Figures 13b and 13c indicates
that the shear wave is more prominent than the compressive
wave, which aligns with the actual behaviour observed in bender
element tests. The shear wave intensity is much higher at the
centre of the domain compared to the sides. This observation
is consistent with previous findings that, although the eccentric
configuration of the bender element reduces interference
between compressive and shear waves, it also results in greater
damping of the shear wave amplitude compared to the direct
configuration, especially for low input frequencies.

3. Remote sensing for network -scale slope

stability assessment

3.1 Methodology

The proposed framework for slope movement detection
integrates ML algorithms with InSAR-derived satellite imagery

(a) S and P wave trace

[

(b) S wave trace

to perform network-scale slope stability assessments. Vertical
displacement time series extracted from InSAR were used to
detect and forecast slope movements. The raw dataset comprises
5,079 records of vertical displacement measurements and
acquisition dates spanning 2016-2023. A sample of the data
is shown in Table 1. To prepare the data for modelling, the
raw time series were first reformatted into a tabular structure,
as shown in Table 2, and then a five-step sliding-window
approach was applied. This procedure generated a training
dataset with nine features: the four preceding displacement
observations, their corresponding time intervals, and the
target displacement to be predicted. Table 3 shows the final
structure of the training dataset. Consequently, the last four
displacement values and associated temporal differences
serve as the input variables for forecasting the subsequent
movement stage.

3.2 Models and assessment

A feed-forward artificial neural network (ANN) was
developed in R (Owusu-Ansah et al., 2024; Venables et al.,
2024) using the rminer package (Cortez, 2010; Owusu-
Ansah et al., 2024) to predict vertical slope displacements.

(c) P wave trace

Figure 13. The trace of S wave and P wave in the upper half of the model at the end of solution: (a) S and P wave trace; (b) S wave

trace; (¢) P wave trace.

Table 1. Raw records of InSAR vertical displacement.

max
FID lon latt rmse seas. accel. mean_vel. tempogil_ 20161016 20161028
coherence

1 -8.45 39.49 2.82 1.07 -0.34 -2.29 0.87 2.65 -1.91

2 -8.45 39.49 2.834 1.14 -0.35 -1.40 0.89 3.08 -1.32

3 -8.45 39.49 2.72 0.99 -0.09 -2.35 0.77 1.72 -1.77

4 -8.45 39.49 2.80 091 -0.72 -2.52 0.80 1.18 -2.78
5078 -8.38 40.18 2.58 1.29 0.45 -1.61 0.94 3.61 4.14
5079 -8.38 40.18 2.79 0.72 -1.33 1.00 0.88 1.66 4.67
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Table 2. Sample dataset of InSAR vertical displacement (Owusu-Ansah et al., 2024).

Dates PID1 PID2 PID3 PID4 PID5 PID6
16/10/2016 2.65 3.08 1.72 1.18 0.55 1.90
28/10/2016 -1.91 -1.32 -1.77 -2.78 -2.50 -1.13
09/11/2016 -1.73 -1.58 -2.88 -3.44 -2.94 -2.02
21/11/2016 -8.23 -8.25 -9.58 -9.71 -8.50 -6.38
03/12/2016 -5.01 -4.22 -5.29 -6.28 -6.90 -5.69
15/12/2016 1.88 2.11 0.63 -0.20 -0.77 0.26

Table 3. Sample of the new dataset (training dataset) produced by a sliding window of five (Owusu-Ansah et al., 2024).

Timel Time2 Time3 Time4 Stage 1 Stage 2 Stage 3 Stage 4 N(e g;:;i%e
12 12 12 12 2.65 -1.91 -1.73 -8.23 -5.01
12 12 12 12 -1.91 -1.73 -8.23 -5.01 1.88
12 12 12 12 3.08 -1.32 -1.58 -8.25 -4.22
12 12 12 12 -1.32 -1.58 -8.25 -4.22 2.11
24 24 24 24 -5.69 -8.90 -4.49 -9.77 -8.00
24 24 24 24 -8.90 -4.49 -9.77 -8.00 -4.81
24 24 24 24 -4.49 -9.77 -8.00 -4.81 -5.80
24 24 24 24 -9.77 -8.00 -4.81 -5.80 -1.73
72 72 72 72 -3.72 -5.55 -7.52 -8.21 -10.24
72 72 72 72 -5.55 -7.52 -8.21 -10.24 -4.60
72 72 72 72 -7.52 -8.21 -10.24 -4.60 -10.34
72 72 72 72 -8.21 -10.24 -4.60 -10.34 -14.12
144 144 144 144 -14.70 -15.02 -13.67 -16.49 -18.34
144 144 144 144 -10.11 -10.17 -9.34 -12.29 -13.67
144 144 144 144 -17.02 -16.28 -15.17 -17.02 -19.82
144 144 144 144 -15.67 -16.21 -15.12 -17.07 -20.22

The network was trained and validated via five-fold cross-
validation procedure, and the entire process was repeated
across five independent runs to ensure generalization. An ANN
with a single hidden layer was employed, and the number
of hidden neurons was optimized by a grid search over 1-10
neurons, with the best configuration chosen via five-fold
cross-validation. By default, if no tuning is performed, the
hidden layer contains five neurons.

Model performance was evaluated using four metrics:
Mean Absolute Error (MAE), Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), and determinant coefficient
(R?). Lower MAE, MSE, and RMSE values indicate reduced
predictive error, while higher R’ values denote stronger
agreement between observed and predicted displacements.

To interpret the ANN and identify the most influential
predictors, a sensitivity analysis using relative importance
was conducted (Cortez & Embrechts, 2011). This method
assesses how changing each input variable affects the model’s
output, producing a score that ranks the input variables - the
last four displacement measurements and their time intervals
by their impact on prediction accuracy. By highlighting the
highest-ranked inputs, this process reveals the key variables

of slope movement and guides targeted feature selection and
model refinement.

3.3 Results and discussion

Figure 14 shows the performance of the ANN model
based on the previously described evaluation metrics. The
results indicate strong predictive capability for vertical
InSAR displacement time series, with an average MAE of
2.21, MSE of 8.20, RMSE 0f 2.86, and an R’ value 0f 0.92.
These values suggest that the model exhibits low error and
variance, effectively capturing 92% of the variability in the
observed displacements.

Figure 15 depicts the correlation plot between observed
and predicted displacements. The points cluster tightly around
the 1:1 line, and the fitted regression yields a determinant
coefficient (R’) of 0.92, confirming that over 90% of the
variability in the observed data is captured by the ANN. This
tight correlation underscores the model’s ability to reproduce
both the magnitude and temporal pattern of slope movements
with acceptable accuracy.
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Figure 14. Model performance metrics (MAE, MSE, RMSE, R?)
for ANN on vertical InSAR data.
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Figure 15. Scatterplot of observed vs. predicted displacements
according to the ANN model.

To analyse ANN performance more closely, Figure 16
illustrates the model’s capability to predict slope movements
at time intervals of 12, 24, 48, and 72 days for three randomly
selected slope points. The short-term forecasts (12 days)
show excellent alignment with actual data, accurately
reflecting both the trend and magnitude of movements. The
24-day predictions are better, with only slight increases in
error. However, accuracy declines beyond this point: 48-day

forecasts still perform better than the 72-day predictions.
In contrast, the 72-day forecasts reveal significantly higher
discrepancies from actual values. This decline in accuracy for
longer time intervals highlights the cumulative propagation
of uncertainty in time-series extrapolation and the ANN’s
dependence on recent displacement histories alone. These
findings underscore the ANN model’s effectiveness for short-
term early-warning applications, while also highlighting the
need for improvements in long-term slope stability forecasting.
Although the model shows inferior accuracy for predictions
at 48 and 72 days, it still successfully captures the overall
trend in slope displacement, demonstrating its potential for
monitoring evolving instability patterns over time.

A sensitivity analysis based on relative importance was
performed to assess the contribution of each input variable
to the prediction (Figure 17). The results identified the
most recent displacement value (stage 4) as the dominant
predictor, accounting for 34.86% of the model’s output
variance, followed by stage 3 at 19.70%. Inputs such as
stage 1, Time4, and Timel each contributed approximately
8-10%, while stage 2 (6.44%) and Time2 (5.77%) were the
least influential.

These findings underscore the critical role of data
recency in predictive performance. Recent displacement
measurements have a significantly greater impact on forecast
accuracy than the associated time intervals. From a practical
standpoint, this highlights the value of increasing InSAR
acquisition frequency to ensure timely updates, which can
substantially enhance model reliability. Overall, the results
support the potential of ANN models for real-time slope
stability monitoring and early-warning systems.

4. Network-scale train-based bridge scour
detection

4.1 Methodological framework

This research presents an innovative methodology
for detecting and localizing scour around existing railway
bridges using drive-by measurements. Expanding upon prior
investigations (Tola et al., 2023b), the current study introduces a
novel validation strategy by integrating field-acquired data with
synthetically generated track profiles. Furthermore, it deviates
from previous work by employing drive-by displacement
measurements, in contrast to vehicle accelerations, and by
utilizing data from an alternative sensor unit, rather than
conventional measurement cars. Data acquisition unit, i.e.,
RILA (Rail Infrastructure Alignment Acquisition System),
is a practical tool that enables fast coupling of any train in
minutes. The case study field measurements for the scoured
state could not be obtained for practical reasons (Tola et al.,
2023Db). Therefore, drive-by displacement data representing
the damaged stage has been generated synthetically. A Cross-
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Figure 16. Time-series comparison of predicted displacements at 12-day, 24-day, 48-day, and 72-day intervals.

Entropy (CE) algorithm has been conducted to optimize pier
stiffness by minimizing the sum of squared errors between
theoretical and measured track profiles. The theoretical track
profile is the superposition of the bridge displacement response
under the moving load and rail irregularities extracted from

the field measurements. The numerical model for obtaining
the bridge displacement response adopts Moving Reference
Influence Lines (MR-ILs). The disparity between inferred
pier stiffness values for the scoured and healthy structural
states serves as a primary indicator of scour. The procedural
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Figure 17. Relative importance of input variables, from stage 4
(34.86%) down to Time2 (5.77%).
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Figure 18. Flowcharts of the study: (a) Developed methodology, adapted from Tola et al. (forthcoming); (b) Extension to network level.

framework of the developed methodology is illustrated
in Figure 18a. Subsequently, the methodology has been
extended for broader applicability to any railway bridge
with longitudinal-level track measurements by applying ML
models. Figure 18b shows the ongoing ML implementations.
So far, Artificial Neural Network (ANN) models have been
trained and tested using synthetically generated track profiles
to enable the detection and localization of bridge scour.
Details and future ML studies are explained in Section 4.3.

4.1.1 Numerical model adopting MR-IL

The numerical models explained in this section have been
generated to calculate the bridge displacement component of
the theoretical track profiles in the optimization phase. Track
profile is the combination of the inherent rail irregularities and
the bridge displacement response under the moving vehicle.
The Finite Element model mimics the data acquisition system
Rail Infrastructure Alignment Acquisition System (RILA),
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developed by Fugro, by the means of sensor location being
at the front or at the back of the train. The model calculates
displacement response using MR-ILs and the Virtual Work
Theorem. The bridge piers are modelled as Winkler springs.
Foundation scour is simulated by reducing the stiffness of
the healthy stage pier. The stiffness of the piers (&,) in the
healthy condition is calculated by the formula of FEM)
given in Equation 7:

)0.75

k=B Gy /(1-v) 155/ B) " v08| ()

where G, is the soil shear modulus, v is the Poisson’s ratio
of the soil, L is the foundation length (m), B is its width
(m), and g is the correction factor for embedment. Two
finite element models have been developed to accommodate
different sensor unit placements during train crossings, as the
sensing equipment has been installed both at the front and
rear of the train in different runs. More details are provided
in (Tola et al., 2023a).

4.1.2 Cross-entropy optimization

The optimization of the pier stiffnesses corresponding
to the healthy and scoured states of the bridge is achieved
by employing a CE algorithm (Botev et al., 2013). The
algorithm minimizes an objective function defined as the
sum of the squared differences between measured and
theoretical track profiles. The objective function ( O(k) )is
provided in Equation 8:

O(k) _ Zj:IZiV:I(éZ}/leasured _55imulated )2 (8)

where n represents the discretized beam elements along
the bridge and j denotes the index over the number of train
crossings (synthetically generated for scoured stages or field
measured for healthy stages). In the case of scoured stage
simulations, the term §"¢* < is replaced by d%<re to reflect
the synthetic track profile. To account for variations due to
sensor positioning, separate optimizations are performed for
configurations where the RILA unit is placed at the front or
rear of the train.

4.2 Application to a representative case study

The case study focuses on a multi-span simply supported
railway bridge in the UK with a concrete superstructure
supported by masonry piers and carrying two tracks. In-service
measurements were taken using the RILA unit, which was
mounted on a 6-axle train running along each track during regular
operation. Ideally, longitudinal track profile measurements
would be available before and after damage to compare pier

stiffness over time directly. However, the available field data
were collected after the bridge had undergone scour repair,
so the measurements correspond only to the healthy state.
Synthetic scour stage profiles were generated to demonstrate
the effectiveness of the proposed scour detection method.
For this purpose, the TTB-2D v4.4. model (Cantero, 2022),
a VBI simulation tool that accounts for dynamic effects has
been used to calculate bridge displacements under scoured
conditions. These displacements have then been superimposed
on rail irregularities extracted from field measurements to
generate representative scoured track profiles. The theoretical
track profiles have been similarly derived by combining the
numerical bridge displacement responses (Section 4.1.2) with
measured rail irregularities. Then, the CE algorithm has been
performed to optimize pier stiffnesses of the damaged and
undamaged bridge to check the indication of scour.

4.3 Extension to network-level scalability

The developed scour detection methodology is extended
to a network level through the application of ML techniques,
rendering it applicable to any railway bridge with available
drive-by longitudinal track profile measurements. As illustrated
in Figure 18b, the simulation dataset comprises approximately
1,000 runs across four bridges. These simulations vary train
speed, axle weight, and scour severity (0-20%), bridge span
length and number, considering single- and multiple-pier
scour scenarios using the TTB-2D v.4.4 (Cantero, 2022),
with rail profiles of FRA Class 5 and 6.

4.3.1 Future extraction

Two approaches were used to define the feature set. First,
a fourth-level Daubechies Discrete Wavelet Transformation
(db4 DWT) has been applied, and three parameters have been
detected to be scour-sensitive (feature Type a). However,
sensitivity analysis highlighted the dominance of a single
parameter, motivating a complementary strategy based on
ARX modelling. Kernel principal component analysis (PCA)
has been applied to reduce dimensionality while retaining
95% of the variance. Then, ARX models have been fitted to
the principal components using equal model orders, and the
three components with the lowest AIC have been selected.
Polynomial coefficients from the ARX have been aggregated
by weighted averaging to form a refined set of input features.
Unequal order ARX models were also explored for potential
performance improvements. Derived polynomial coefficients
have been used as Type b features of the ANN models.

4.3.2 ANN models

Two ANN architectures were developed: bridge-based
and pier-based models. The bridge-based model aggregates
input features over the entire bridge span, while the pier-
based model localizes features around each pier, considering
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adjacent span sections. Each ANN was trained using one or
two hidden layers with a single output neuron, using a 5%
scour threshold for scour presence classification. The pier-
based model architecture inherently allows scour localization
by linking predictions to specific bridge piers.

The ongoing studies include incorporating rainfall
data to establish a realistic scour calendar and applying the
Sliding Windows method to analyze chronologically ordered
data, with the prediction through the analysis of the temporal
evolution of features extracted from sequential data segments,
i.e., sliding windows.

4.4 Core results

Applying the proposed methodology to the case study
described above revealed a significant difference in optimized
pier stiffness between the healthy and damaged conditions,
which indicated scour (Tola et al., 2023b). A sensitivity
analysis has demonstrated that as the vertical support stiffness
is reduced to represent increasing scour severity, the differences
between the track profiles of the healthy and scoured stages
become more pronounced. However, when measurement
noise reaches 1% or higher, the damage indexes associated
with unscoured piers tend to converge with those of the
scoured pier. In the ML component of the study, the pier-
based ANN models developed have demonstrated superior
predictive performance compared to bridge-based models,
with the most successful ones achieving accuracies of up to
70%. The ANN models are still under active development
to enhance their accuracy and generalization capabilities.
Although incorporating ARX-derived characteristics (Type
b) has not substantially augmented conventional performance
metrics, it facilitated a more equitable distribution of feature
importance across DWT- and ARX-based inputs. This
redistribution has been shown to reduce reliance on dominant
features, thereby enhancing robustness and generalization
across different bridge conditions while reducing the risk of
overfitting. A more balanced feature utilisation has also been

P SCAN-to-BIM »> Building as Material Bank p> Distributed Market

demonstrated to improve interpretability and stability, both
critical for reliable network-scale scour detection.

5. Enhancing sustainability in transport
infrastructure through BIM Integration

The reuse of construction and demolition waste (CDW)
presents a promising opportunity for more sustainable practices
in civil engineering, particularly in geotechnics. In recent
work, efforts have been made to upcycle such materials,
ranging from concrete to other forms of inert debris, by
reintroducing them into transport infrastructure like roads
and railways (Gomes Correia et al., 2025). Not only do these
applications demonstrate the technical feasibility of using
recycled aggregates in geotechnical layers, but they also
highlight the environmental benefits of diverting significant
amounts of CDW from landfills.

This increasing interest in CDW reuse intersects
naturally with advancements in digital technologies,
particularly with the growing adoption of BIM. The latter
introduces the concept of a “digital twin” of built assets,
encapsulating all relevant data about materials, structures,
and construction sequences. When applied to the end-of-
life phase of buildings, BIM becomes a powerful tool for
identifying and cataloguing materials with reuse potential.
Rather than relying on manual audits or generic estimates,
BIM models provide detailed, object-level information that
enables accurate material quantity take-offs, traceability, and
strategic decision-making in waste reuse, as schematically
presented in Figure 19 (Kuzminykh et al., 2023, 2024).

The RecycleBIM project builds upon the opportunity
presented by the plenitude of information provided by BIM
by proposing a fully integrated digital framework designed
to manage CDW from a circular economy perspective. Its
central goal is to transform demolition sites into resource
hubs through enhanced data capture, model generation, and
information sharing. At the core of the RecycleBIM approach
is the use of cost-effective technologies—Ilike handheld
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Figure 19. The RecycleBIM workflow and its applications to geotechnics.
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LiDAR and lightweight surveys—to semi-automate the
creation of BIM models for buildings slated for demolition.
These models form the basis of downstream applications,
supporting lifecycle assessments (LCA), lifecycle costing
(LCC), demolition planning, and ultimately, material reuse.

One of RecycleBIM’s most forward-looking components
is its development of a distributed marketplace for CDW.
By linking the information embedded in the digital models
with a web-based platform, the project creates a digital
environment where recovered resources can be cataloged,
evaluated, and made available to potential buyers. The
marketplace accommodates CDW in multiple forms: it can
feature entire construction elements, or simply the constituent
materials and inert aggregates that compose these elements.
Each listing includes not only material-specific information
but also environmental and cost-related metadata, along with
geospatial referencing to facilitate local reuse and minimize
transportation emissions.

Importantly, the marketplace is designed to integrate with
demolition sequencing algorithms. The interest expressed by
potential marketplace users in specific elements or materials
may impose particular requirements on the demolition
process—such as necessitating manual disassembly by
human teams instead of mechanical demolition methods.
This dynamic interaction ensures that the demolition
planning process remains responsive to the reuse potential
of the materials, thereby maximizing recovery rates while
preserving material integrity. In general, Figure 19 presents
the RecycleBIM workflow.

In the era of advanced technologies, traditional geotechnical
investigation practices can be transformed into digital
workflows through the implementation of BIM (Zhang et al.,
2018). Throughout the lifecycle of a geotechnical project,
BIM facilitates improved decision-making and enhanced
collaboration across disciplines by integrating geotechnical
data, including laboratory results, borehole logs, soil profiles,
and health monitoring data, into a centralized digital model.
The resulting BIM model enables predictive analysis for risk
assessment, ground behavior, and the selection of construction
methodologies (Fabozzi et al., 2021). Furthermore, BIM
supports circular economy initiatives by reducing waste,
enabling the reuse of materials in geotechnical projects, and
optimizing the balance between excavation (cut-and-fill) and
backfilling processes. For example, the RecycleBIM project
(University of Minho, 2022) investigates strategies to reduce
carbon footprints, increase resource efficiency, and enhance
infrastructure resilience through the use of CDW materials
in geotechnical applications. In this way, the RecycleBIM
project (University of Minho, 2022) is aligned with several
goals of the United Nations Sustainable Development Goals
(SDGs).

This integrated marketplace holds significant promise
for the geotechnical engineering sector. Given the growing
use of recycled aggregates in geotechnical applications (fill
material, reinforced soil structures (retaining walls and slopes),

ground improvement) and transportation infrastructures
(embankments, pavement and railway layers, noise barriers
and landscape structures), RecycleBIM provides a critical
mechanism for connecting supply (i.e., available waste
materials) with demand (i.e., geotechnical project needs).
Engineers and project managers can access detailed profiles
on available materials—including information on type,
volume, composition, and previous usage history, allowing
for informed decisions regarding material suitability.
Additionally, the platform supports standardization and
quality assurance, addressing critical needs in sectors where
material performance and reliability are paramount.

6. Conclusions and future directions

This study presents several advancements in digital
technologies relevant to transportation geotechnics. These
technologies range from advanced geomaterials to innovative
testing, computational methods, Al-, Data-, and BIM
approaches. In summary, the following conclusions can be
drawn from the findings of this study:

*  Novel geomaterials used in transportation geotechnics
must not only withstand the applied loading from
traffic but also provide additional functionality. In
this regard, electrically conductive cementitious
composites offer innovative alternatives to conventional
cementitious materials. The self-sensing cementitious
geomaterials developed at the University of Minho
not only stabilize transportation layers but also enable
additional functionalities such as traffic monitoring,
damage detection, and self-heating for snow and ice
melting. However, it is crucial to consider several
factors in their mix design and application, including
the content and type of conductive fillers, dispersion
quality, electrode configuration, and measurement
systems, among others;

*  Thebender element test is a simple and user-friendly
geotechnical method widely used in transportation
geotechnics. However, previous studies have primarily
employed small-scale testing setups. To address this
limitation, a novel large-scale chamber equipped with
various bender element configurations was developed
at the University of Minho to conduct bender element
tests on unbound granular materials (UGMs), which
are coarse-grained and more representative of actual
field conditions in unbound granular layers;

«  Based on the bender element tests, it was observed that
the irregularity and interference between compressive
and shear waves in the output signals were lower
under the eccentric configuration compared to the
direct configuration. However, the signal attenuation
was higher in the eccentric configuration due to the
longer wave travel path, which increases energy loss
from scattering and damping;
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*  The echo measurement configuration demonstrated
that reflected shear waves can be effectively captured
by the receiver bender element. However,future
studies should investigate additional influencing
factors, such as the ratio of specimen thickness to
diameter, boundary conditions, and material type, to
better understand the applicability of this method;

e The developed computational software, GeoHyTE,
is an efficient numerical tool for simulating bender
element experiments. Built upon the Hybrid Trefftz
finite element method, the software calculates the
travel time of shear waves and the corresponding
small-strain shear modulus based on shear wave
velocity. It does this by maximizing the correlation
between experimental and numerical output signals.
As a result, the shear modulus determined using
GeoHyTE is objective and reliable;

*  The integrating the learning capabilities of Artificial
Neural Networks (ANNs) with the wide spatial
coverage of satellite imagery, particularly InSAR
data, can effectively support slope monitoring and
prediction at the scale of transportation networks.
The developed ANN model successfully forecasted
vertical displacements, achieving a mean absolute
error of 2.21, mean squared error of 8.20, root mean
squared error of 2.86, and an R? 0f 0.92. A sensitivity
analysis based on relative importance highlighted
the dominant role of the most recent displacement
input (stage 4), which accounted for 34.86% of the
model’s predictive influence, followed by stage 3
at 19.70%. These results suggest that increasing the
frequency of InSAR acquisitions to ensure timely
displacement updates can significantly enhance
prediction accuracy. Overall, the strong predictive
performance and interpretable results confirm the
potential of ANN-based models for real-time slope
stability monitoring and early-warning applications;

*  Demonstration of the feasibility of an indirect, train-
based framework for network-scale scour detection
in railway bridges. The research under discussion
effectively combines physical modelling, optimization,
and machine learning approaches, enabling scalable
and cost-effective scour detection. Subsequent research
will concentrate on integrating deep learning ML
models, such as Convolutional Neural Networks
(CNNs). Additionally, the implementation of blind
testing on unseen bridges and the development of
traffic light warning systems will be undertaken.
The subsequent steps are intended to enhance the
robustness of predictions and facilitate real-time
decision-making capabilities for railway infrastructure
managers;

*  The integration between BIM-enabled demolition
workflows and material reuse in geotechnics offers
anovel pathway for achieving sustainability goals in

transportation geotechnics. RecycleBIM bridges the
gap between digital construction tools and sustainable
geotechnical practices by embedding circularity at
the core of the demolition process, it paves the way
for a smarter, greener, and more resource-efficient
construction ecosystem.
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[, Shear wave travel length Sistemas Inteligentes
n Discretized beam element Latt Latitude
t, Time interval Lon Longitude
Uy Horizontal displacement corresponding to shear ML Machine learning
wave MAE Mean absolute error
U, Horizontal displacement corresponding to  MCTES Ministry of Science, Technology and Higher
compressive wave Education
x Distance between transmitter and receiver bender MR-ILs  Moving reference influence lines
elements MSE Mean squared error
z Distance between the reflecting boundary and mean_vel Mean Velocity
the tip of the bender element M, Resilient modulus
Al Artificial intelligence MWCNT Multi-walled carbon nanotube
ANN Artificial neural network o (k) Objective function
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P Compressive wave

PCA principal component analysis

PID Point ID

PIDDAC Programa de Investimentos e Despesas de

Desenvolvimento da Administragdo Central

PIV Particle image velocimetry

R Determination coefficient

Ry Initial resistance

R, Resistance at certain loading level

RCDWs Recycled construction and demolition wastes
RILA Rail infrastructure alignment acquisition system
RMSE Root mean squared error

S Shear wave

SAR synthetic aperture radar

SDGs Sustainable Development Goals

Seas Seasonality

SHM Structural health monitoring

Tr (x) Trace of the wave

Tr,(x)  Trace of compressive wave

Tr,(x)  Trace of shear wave

TTB-2D  Train-Track-Bridge 2D simulation model

UGM Unbound granular material

UK United Kingdom

UIDB Unidade de Investigagdo ¢ Desenvolvimento
Base

VBI Vehicle Bridge Interaction

pz Correction factor for embedment

GMeasuwred— Measured track profile

generaed — Generated track profile

g, Resilient strain

o, Deviator stress

v Poisson’s ratio

AR Changes in resistance
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