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Abstract
Structural Health Monitoring (SHM) has emerged as a viable alternative to traditional visual and non-destructive assess-
ment methods for civil infrastructure. The integration of sensor systems, the Internet of Things (IoT), and advanced data 
processing has further digitised SHM, leading to the development of Digital Twin (DT) technology, enabling dynamic, real-
time simulations for proactive risk prediction and asset management. However, many existing DT-based SHM systems are 
costly, complex, and resource-intensive, limiting their practicality for small-scale implementations. This study investigates 
the feasibility of a practical and cost-effective SHM framework enhanced by DT technology for civil infrastructure. The 
hardware system explored two low-cost displacement sensors: a potentiometer contact sensor and an infrared non-contact 
sensor. During the static load testing, the potentiometer demonstrated high accuracy and stability, whilst the infrared sen-
sor, despite higher noise, was effective for submillimetre measurements. These sensors were integrated with an IoT-enabled 
Arduino Nano 33 microcontroller for remote access via the cloud platform. The software system, “ReConTwin”, developed 
using open-source resources, provides near real-time updates, analysis, and damage diagnosis through an automated post-
processing system. The calibrated DT replicated the force–displacement response, accurately estimated the applied load, and 
closely predicted mid-span strain and crack formations of a Reinforced Concrete (RC) beam specimen subjected to short-term 
static three-point bending loads in a controlled laboratory setting. The user-friendly design and compatibility with standard 
commercial computers enhance the accessibility and feasibility of the proposed DT-SHM framework, making it a promising 
scalable solution for widespread adoption in real-world civil infrastructure applications.
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1  Introduction

Railway and civil infrastructure are vital components of a 
nation’s transport system, facilitating passenger and freight 
transit between major cities and ports. Despite continuous 
maintenance efforts, these infrastructures are rapidly ageing 
and deteriorating, diminishing their efficacy and negatively 
impacting commercial operations and global economic com-
petitiveness. With rising traffic volumes to meet increasing 
transportation demands, maintaining existing infrastructure 
through conditional assessments and proactive maintenance 
is essential.

Currently, the industry primarily relies on visual inspec-
tions to assess the structural condition of civil infrastruc-
ture. Whilst these inspections provide a general overview 
and assist in identifying visible distress, they have signifi-
cant limitations in accurately detecting structural concerns 
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and defects. Visual inspections are often subjective and 
inconsistent, with outcomes varying based on the inspec-
tors’ experience and the guidelines utilised [1]. In addi-
tion, visual inspections offer only discrete observations at 
a single point in time, being unable to detect subsurface 
and internal issues [2]. Other non-destructive testing meth-
ods, such as ultrasonic, radiography, and magnetic parti-
cle testing, are available but are inherently costly, labour-
intensive, complex, disruptive, and potentially hazardous 
during their operation [3–5]. These challenges underscore 
the need for innovative, efficient, and timely monitoring 
approaches to ensure infrastructure integrity.

The Fourth Industrial Revolution has introduced inno-
vative, data-driven smart technologies and solutions that 
are transforming traditional approaches to infrastructure 
management. Structural Health Monitoring (SHM) offers 
a promising alternative that addresses the limitations of 
conventional methods by providing continuous monitoring 
and evaluation of structural conditions. The integration of 
sensor systems, the Internet of Things (IoT), and advanced 
data processing has further enhanced SHM), leading to 
the novel concept of Digital Twin (DT) technology. A DT 
creates a virtual counterpart of a physical asset or system, 
enabling real-time monitoring, analysis, and predictive 
maintenance through prognostic processes [6]. Whilst 
sharing many similarities with conventional SHM systems, 
DT-based SHM offers several additional advancements:

•	 Enables automated, networked transmission, and real-
time storage of sensor data, eliminating the need for 
manual transmission;

•	 Provides graphical information via IoT platforms (such 
as Building Information Modeling or cloud services) 
that can be readily accessed by end-users;

•	 Allows seamless integration of sensor data to modify 
analysis models, such as Finite Element (FE) models 
in a timely manner to predict the structure’s realistic 
performance and conditions;

•	 Facilitates automated damage prognosis based on struc-
tural performance and suggests remedial measures.

DT-based SHM accentuates the digitisation and auto-
mation of the conventional SHM technique, promoting an 
intelligent, interactive, and proactive asset management 
strategy [7]. Mahmmodian et al. [8] describe that a com-
plete DT system is characterised by the automation of 
information synchronisation between physical and digital 
assets. In the context of SHM for civil infrastructure, the 
digital entity receives real-time sensor data to dynami-
cally replicate the physical structure’s characteristics and 
predict its mechanical behaviour and response. Based 
on prognostic assessments, the DT provides automated 

preventive maintenance recommendations for asset man-
agers to implement on the physical structure.

Several recent studies (since 2019) have showcased the 
use of IoT for real-time SHM in practical infrastructure pro-
jects. Armijo & Zamora-Sánchez [9] presented a case study 
on railway bridge monitoring using IoT sensors integrated 
with DT, demonstrating the effectiveness of real-time cloud 
storage, processing and machine learning for proactive main-
tenance. Bhatta & Dang [10] highlights how IoT technolo-
gies enhance SHM by enabling real-time data collection, 
improving decision-making, and automating maintenance 
process for civil engineering structures. It emphasises the 
benefits of IoT integration such as improved safety, reduced 
inspection costs, and extended infrastructure lifespan. Chang 
& Lin [11] demonstrated a real-time cloud-based monitor-
ing system that uses IoT technologies and client-side web 
tools to process and visualise structural behaviours, such as 
displacement and acceleration, for active control and dam-
age warnings. Di Nuzzo et al. [12] further expanded on this 
concept by utilising narrowband IoT (NB-IoT) technology 
and S (MEMS) accelerometers sensors to enable long-term, 
long-range, and low-power connectivity for the continuous 
monitoring of civil infrastructure.

Over the last decade, numerous research studies have 
explored the integration of DT technology with SHM 
systems for damage detection in infrastructure. Ritto & 
Rochinha [13] developed a DT framework by integrating 
physics based computational models with machine learning 
capabilities. The machine learning classifier serves as the 
DT, trained with a stochastic computational model to sup-
port real-time detection of structural damages. Shim et al. 
[14] proposed a DT-enhanced maintenance system for pre-
stressed concrete bridges. This system combines a 3D DT 
model with a digital inspection system using image pro-
cessing technology to identify and locate structural damage 
throughout the structure’s lifecycle. Yu et al. [15] employed 
a DT-based hybrid SHM and fatigue evaluation method for 
the steel deck of a cable stayed bridge. This method synthe-
sises monitoring data and FE models to develop a DT of a 
cable stayed bridge, enabling the prediction of fatigue crack-
ing in the steel deck. Kong [16] explored DT applications 
for historic structures, demonstrating how photogrammetry-
driven models can aid in preserving cultural heritage.

Despite its potential, the current landscape of DT-
based SHM systems is faced with several challenges, 
including the high cost associated with advanced soft-
ware and hardware components [17]. Implementing DT 
in civil infrastructure can be technically complex, par-
ticularly those adopting advanced features like machine 
learning and 3D image processing. It is crucial to design 
sensors with reduced power consumption and weight, as 
highlighted by Chacón et al. [18], to improve deploy-
ment and operational efficiency. In addition, the lack 
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of interpretability in some DTs may reduce user com-
prehension and confidence in prediction and diagnostic 
results, particularly when results are generated by com-
plex algorithms or black-box models. Moreover, whilst 
comprehensive data collection is vital, it is essential 
to avoid over-measuring the physical model, focussing 
instead on outputs relevant for identifying potential dam-
age and predicting future performance. Addressing these 
challenges is essential to making DT-based SHM systems 
more accessible and practical for widespread adoption in 
real-world civil infrastructure applications.

This research aims to develop a practical and cost-
effective SHM framework enhanced by DT technology 
for civil infrastructure health monitoring. This study 
integrates low-cost displacement sensor technologies 
with IoT-enabled microcontrollers and develops a simple 
yet effective software system for real-time monitoring, 
analysis, and damage diagnostics. This study evaluates 
two displacement sensors, a potentiometer contact sensor, 
and an Infrared (IR) non-contact sensor, neither of which 
have been traditionally considered mechanical response 
measurement tools in past SHM systems. Both sensors 
are integrated with an affordable Arduino Nano 33 micro-
controller to allow cloud-based data transfer. The devel-
oped software, named “ReConTwin”, is developed using 
open-source resources to provide automated real-time 
updates, near real-time analysis, and damage diagnosis. 
The developed DT-SHM framework was tested on a Rein-
forced Concrete (RC) beam specimen under controlled 
laboratory conditions to replicate mechanical responses.

The significance of this study lies in demonstrating 
a feasible, accessible approach to SHM, particularly for 
contexts where traditional systems are cost-prohibitive 
or technically complex. The framework’s emphasis on 
low-cost, user-friendly solutions highlights DT technol-
ogy’s potential to improve infrastructure monitoring and 
support proactive, data-driven asset management deci-
sions. Whilst the study’s feasibility is demonstrated in 
a controlled laboratory setting, its underlying principles 
are versatile and can be adapted and implemented for 
real-scale structures, making this approach a promis-
ing solution for future infrastructure maintenance and 
management.

The subsequent sections detail the development of the 
proposed DT-SHM framework for digitally twinning the 
mechanical behaviour of a monitored RC beam. Experi-
mental results from bending tests of RC-beam specimens 
and the calibration of the DT FE model are presented. 
The evaluation focuses on the calibrated DT’s reliabil-
ity, sensor accuracy, and overall framework performance, 
assessed through mechanical response estimation, and 
damage diagnosis criteria.

2 � Proposed DT‑based SHM framework 
with damage diagnostics

2.1 � Framework architecture

The primary objective of this research is to demonstrate 
the feasibility of establishing a practical and cost-effective 
SHM framework enhanced by DT technology for monitor-
ing the health of civil infrastructure. The implementation 
focuses on the incorporation of the following key features:

•	 Affordable sensors;
•	 Real-time monitoring facilitated by a cost-effective 

wireless communication network;
•	 Relatively simple post-processing procedures;
•	 Interactive and user-friendly software interface.

In this research, a DT-based SHM system was devel-
oped to digitally predict the mechanical behaviour of a 
RC beam. The framework comprises two core systems, 
the hardware and software systems, which permit the 
automated transfer of data between the physical structural 
model and the virtual digital model in realising the smart 
monitoring of structural behaviour using DT principles 
(Fig. 1).

The hardware system is a smart sensor prototype that 
includes both the proposed contact and non-contact dis-
placement sensors, as well as a cost-effective IoT-enhanced 
wireless communication sensor, capable of wirelessly 
transmitting real-time deflection data of the physical beam 
specimen to cloud storage. The software system constitutes 
a FE model-based, numerical model with automated and 
interactive post-processing functionalities, facilitated by a 
developed software programme named “ReConTwin”. Its 
name was derived from the FE analysis software, ReConAn 
FEA (an abbreviation for Reinforced Concrete Analysis 
Finite Element Analysis), which ReConTwin uses to cre-
ate the DT. ReConTwin extends ReConAn FEA’s capabili-
ties, enabling it to digitally twin the RC-beam behaviour it 
analyses. Supported by ReConTwin, the software system 
was enabled to perform near real-time model updates for 
automated structural analysis, mechanical behaviour pre-
diction, and damage diagnosis. These two core systems 
form vital links between the physical and digital object 
domains, permitting synchronised, automated data flow 
between the models.

2.2 � Physical model and experimental setup

The physical model used to verify the proposed DT-based 
SHM framework in this experimental study consisted of a 



2062	 Journal of Civil Structural Health Monitoring (2025) 15:2059–2084

123

RC-beam specimen constructed in a laboratory. Five iden-
tical RC-beam specimens were constructed, each measur-
ing 2060 mm in length with a rectangular cross-section of 
150 mm in width and 230 mm in depth. The beams were 
reinforced with two Ø12 mm bottom and two Ø10 mm 
top high-yield tensile longitudinal bars, with a nominal 
yield stress of 493 MPa, and Ø8 mm closed-loop mild 
steel stirrups spaced at 100-mm intervals along the beam 
length (Fig. 2 and Fig. 3). A 25-mm clear concrete cover 
was provided using plastic spacers. The concrete beams 
were cast with a mix using a water–cement ratio of 0.47.

The loading setup for all beam specimens involved a 
three-point bending configuration, with beams simply sup-
ported on roller supports over a clear span of 1800 mm. A 
vertical static load was applied at the mid-span using a con-
tact roller connected to an MTS 500-kN hydraulic actua-
tor. The load application was force-controlled at a constant 
rate of 4 kN per minute during both loading and unloading 
cycles. The beam specimens were tested in two stages:

•	 Load Test Stage 1: Four beam specimens were incremen-
tally loaded to a maximum of 56 kN in 4 kN steps, with 
each load step maintained for 3 min. This stage aimed 

Fig. 1   DT-Based SHM frame-
work architecture overview

Fig. 2   RC-beam specimen elevation view (measurements in mm)
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to determine the average force–displacement response 
using a Linear Variable Differential Transformer (LVDT) 
sensor for vertical displacement measurement. Together 
with the known applied load, it served as benchmark 
data to calibrate the digital FE model. Surface strains 
measured by embedded Distributed Optical Fibre Sensor 
(DOFS) cables were compared against strain estimates 
from the FE model.

•	 Load Test Stage 2: A single RC-beam specimen, identi-
cal to those in Test Stage 1, was tested in two phases, 
with each load step maintained for 2 min. This test stage 
evaluated the performance of the hardware system (IoT-
enhanced smart sensors) and the software system’s abil-
ity to estimate the imposed load and surface strain of the 
monitoring beam:

o	 Phase 1: The beam underwent three load cycles, pro-
gressively loaded and unloaded between 0 and 4 kN, 
4 kN and 12 kN, and 12 kN and 20 kN, remaining 
within the elastic limit. This phase aimed to simulate 
day-to-day normal usage of the RC beam within its 
elastic limit.

o	 Phase 2: The beam was subjected to an incremen-
tal loading procedure similar to Stage 1, reaching a 
maximum of 56 kN in 4kN load steps. This phase 
aimed to simulate conditions under which the beam 
was overloaded, exceeding its elastic limit.

Two control measurement systems, LVDT and DOFS, were 
utilised during load testing to measure vertical displacement 

and tensile strain at the beam’s mid-span soffit, respectively. 
These sensors were not part of the proposed framework but 
were used to obtain control measurements for evaluating the 
proposed DT-based SHM framework. The LVDT, positioned 
centrally beneath the beam and supported by secured clamp 
arms to maintain contact with the beam’s soffit (Fig. 4a), meas-
ured vertical displacement with a resolution of 1 μm. In Test 
Stage 1, the LVDT data and the applied load established a 
force–displacement benchmark for FE DT model calibration. 
In Test Stage 2, the LVDT assessed the accuracy of the pro-
posed sensors.

The DOFS system, consisting of embedded Fibre Optic 
(FO) cables and a laser signal processing interrogator, meas-
ured maximum tensile strain along the beam’s bottom sur-
face, allowing multiple measurement points for maximum 
strain determination. Two types of FO cables were used: the 
3.2-mm diameter BRUsens V9 cable by Solifos [19], encased 
in a metal tube with a polyamide sheath, provided flexibility, 
crush resistance, and high tensile strength, measuring up to 1% 
strain. This cable was straightened and attached to the beam 
mould surfaces with adhesive tape at a 120-mm interval before 
concrete casting (Fig. 4b). The second type was a 3-mm diam-
eter E2000 cable by EFBElektronik [20], spliced to form a 
loop between the BRUsens V9 cables and the FO interrogator. 
Strain data were processed using the fTB 2505 interrogator by 
fibrisTerre [21], which operated using the patented Brillouin 
Optical Frequency Domain Analysis (BOFDA) technique to 
measure backscattered acoustic waves, achieving a spatial 
resolution of one reading every 52 mm.

3 � Hardware system

3.1 � Displacement sensors

Advances in sensor technology have enhanced perfor-
mance whilst reducing costs, benefiting the development of 

Fig. 3   RC-beam specimen cross-sectional view (measurements in 
mm)

Fig. 4   Control measurement sensors: a LVDT and b FO cable along 
the beam cast mould bottom surface
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practical SHM systems. This research aims to demonstrate 
that affordable contact and non-contact sensors for measur-
ing structural displacements can both provide precise results, 
making them ideal for DT-enhanced SHM frameworks. Two 
low-cost contact and non-contact sensors are proposed spe-
cifically for measuring the vertical displacement of moni-
tored RC beams.

The contact sensor selected for this study (Fig. 5a) is a 
low-cost linear position sensor ($84 USD; €77 EURO) man-
ufactured by Variohm EuroSensor [22]. The potentiometer 
operates as a passive transducer, measuring the potential 
difference in an electrical circuit relative to a known voltage. 
As a linear position sensor, the linear movement of an object 
causes the wiper to slide along the resistive track, adjusting 
the circuit’s resistance and dividing the voltage proportion-
ally. The sensor provides precise linear displacement meas-
urements with a 50-mm maximum extension range, making 
it ideal for small-scale beam deflection measurements. Its 
electrical track is encased in a sealed membrane for com-
pactness and minimal maintenance.

The non-contact sensor used in this research (Fig. 5b) 
is a low-cost IR light analogue distance sensor ($15 USD; 
€14 EURO) manufactured by Sharp [23]. It operates on the 

time-of-flight principle, emitting IR light pulses that reflect 
off surfaces and are detected by a photodiode receiver. By 
measuring the travel time of the light, the sensor accurately 
determines the distance. With a measurement range of 
30 mm to 300 mm, the IR sensor is particularly well-suited 
for proximity sensing applications. Its affordability, fast 
response time, and reliable performance, even under vary-
ing reflectivity conditions, make it ideal for proximity and 
displacement measurements in this SHM application.

3.2 � Wireless communication sensor

The Arduino Nano 33 IoT [24] (see Fig. 6) is a compact 
microcontroller equipped with wireless communication 
capabilities. Its compact size, affordability ($25 USD; €23 
EURO), versatile Input/Output (I/O) pins, and wireless con-
nectivity (Wi-Fi 802.11b/g/n 2.4 GHz and Bluetooth Low 
Energy 4.2) made it an ideal choice as a wireless commu-
nication sensor for seamless integration with the displace-
ment sensors used in this research. The Arduino hardware 
is complemented by an open-source Integrated Develop-
ment Environment (IDE) software platform, which provides 
an intuitive interface for programming and managing the 

Fig. 5   Displacement sensors: a Linear potentiometer and b IR light distance sensor

Fig. 6   Arduino Nano 33 IoT 
and key components [24]
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microcontroller, making it easily adoptable even for indi-
viduals without advanced technical expertise. In addition, 
the Arduino IoT Cloud application supports the management 
of Arduino-based projects by offering tools for remote data 
visualisation, storage, and device management.

The Arduino microcontroller was programmed using an 
Arduino IDE sketch, which defined the measurement, calcu-
lation, and communication instructions. For each sensor, 250 
samples were recorded and averaged to reduce noise, result-
ing in an average sampling time of 2.6 s per measurement for 
both sensors (0.39-Hz effective sampling frequency). This 
sampling rate was considered sufficient given the temporal 
nature of the progressive three-point bending static load test 
conducted within the framework of this study.

3.3 � Hardware system assembly

The displacement sensors and the wireless communication 
microcontroller constitute the core hardware of the DT-
based SHM framework with IoT capabilities. A schematic 
overview of the assembled proposed system, detailing its 
components and interconnectivity, is presented in Fig. 7.

During the experiment, the contact and non-contact 
displacement sensors were securely mounted on a sup-
port platform and elevated within their sensing range (see 
Fig. 8a). Positioned alongside the LVDT control sensor, 
they measured deflection at the mid-span location beneath 
the RC-beam specimen. The sensors were connected to the 
Arduino Nano 33 IoT microcontroller via digital I/O pins, 
utilising a compatible terminal adapter board to streamline 
wiring connecxions (Fig. 8b). The Arduino was housed in 

a 2-mm thick plastic enclosure. Due to the low-power con-
sumption of the Arduino microcontroller and displacement 
sensors, both power and communication were supplied via 
a 5 V micro-USB cable connected to a laptop computer. 
The Arduino provided regulated 3.3 V for the sensors and 
digitised analogue displacement measurements from the RC 
beam using its internal Analog-to-Digital Converter (ADC). 
The laptop also served as a backup device, locally record-
ing data during testing. The microcontroller’s built-in Wi-Fi 
module enabled wireless connectivity with access points of 
mobile hotspots or conventional routers. This connexion 
allowed data transmission to the Arduino IoT Cloud, a free-
to-use cloud-based platform for monitoring, controlling, 
and automating IoT devices. The real-time ADC data could 
be accessed remotely using a web browser or smartphone 
application, with encrypted data transfer ensuring secure 
communication.

3.4 � Sensor calibration

Calibration was performed by comparing the sensor readings 
against a controlled displacement of a digital height gauge 
(Fig. 9). This procedure established the relationship between 
the analogue signals generated by the sensors and their cor-
responding digital outputs from the microcontroller’s ADC. 
The calibration process was essential for defining the sen-
sors’ resolution, allowing for the direct conversion of ADC 
digits into meaningful displacement values. In addition, the 
calibration aimed to evaluate and quantify the sensors’ accu-
racy, hysteresis, and noise characteristics.

Fig. 7   Proposed hardware 
system overview
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The calibration results of the potentiometer contact sen-
sor indicated a high degree of linearity between the applied 
displacement and ADC output, with a resolution of 48.4 μm 
per ADC digit. Conversely, the IR non-contact sensor exhib-
ited a nonlinear relationship between detection distance and 
ADC output, represented by a quadratic polynomial func-
tion. This nonlinearity led to varying resolution, with higher 

resolution at closer ranges (94.1 μm per ADC digit at 32-mm 
detection distance) and lower resolution at greater distances 
(285.9 μm per ADC digit at 79 mm detection distance).

The accuracy of both contact and non-contact sensors was 
estimated by repeatedly sampling sensor displacements at 
four distinct reference measurement points using the height 
gauge through a series of increasing and decreasing distance 
cycles. By applying this approximated method, the accura-
cies were quantified to be ± 80 μm for the potentiometer sen-
sor and ± 363 μm for the IR sensor (Table 1). The hysteresis 
was also calculated to be 0.11% relative to the total sam-
pling extension length for the potentiometer (Table 2). Due 
to the highly complex and variable nature of the IR sensor’s 
measurement, its hysteresis behaviour was not investigated 
in this study.

The operation of the sensor device can produce fluctu-
ating ADC digit outputs, even when no physical changes 
are applied. This phenomenon is primarily due to electri-
cal noise, including electromagnetic interference, voltage 
fluctuations, and thermal noise. This noise can influence 
the attainable measurement accuracy. To evaluate the noise 
characteristics of contact and non-contact sensors, a cali-
bration test was conducted, sampling 1000 ADC digits at 
0.39 Hz across various displacement points. In the calibra-
tion of the contact sensor, ADC digit samples were measured 
at three reference extension lengths of the potentiometer. 
Low standard deviations across all extensions indicate high 
precision and reliability in the measurements, producing 
highly consistent readings with minimal noise charac-
teristics. In the assessment of the IR sensor, ADC digits 
were sampled under varying conditions, including differ-
ent surface reflectivity, absorption, and lighting conditions. 

Fig. 8   Sensor assembly: a Displacement sensors and support platform and b Arduino microcontroller connection within the enclosure

Fig. 9   Contact and non-contact displacement sensor calibration setup
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Measurements of a concrete surface with acrylic white paint 
showed lower noise due to higher reflectance, especially at 
closer distances. Conversely, matte black paint led to higher 
noise due to lower reflectivity and higher IR absorption, par-
ticularly at closer distances. Testing in a dark room showed 
reduced signal dispersion at longer detection distances due 
to minimal ambient light interference. Across all conditions, 
noise generally increased with greater object distances from 
the sensor.

The potentiometer outperformed the IR sensor in terms 
of precision, accuracy, and resistance to noise, making it 
highly suitable for accurate displacement measurements. 
The IR sensor, whilst less precise, provided reasonable 
measurements at closer distances but was more susceptible 
to inaccuracies due to noise and environmental factors. The 
calibration highlighted the potentiometer’s consistency and 
reliability, whereas the IR sensor’s performance was influ-
enced significantly by external conditions.

4 � Proposed software system

The software system, in conjunction with the hardware 
system, is integral to realising the DT-enhanced SHM 
framework proposed in this study. It creates a synchronised 
loop between the physical asset and the digitally twined 
model, utilising the retrieved sensor data to dynamically 
replicate the monitored beam’s mechanical behaviour and 
perform structural analysis to predict its physical response. 
The post-processed data are then used for damage diag-
nosis, providing early warnings, and recommending pre-
ventive actions in an interactive and timely manner. This 
allows asset managers to make informed decisions and 
implement a proactive SHM strategy.

The proposed software system was developed to be 
adaptable, accessible, practical, and cost-effective for 
small-scale applications, with the following objectives:

Table 1   Accuracy calibration test data of potentiometer and IR sensors

Reading Potentiometer sensor IR sensor

Applied reference 
displacement [mm]

Measured displace-
ment [mm]

Absolute differ-
ence [μm]

Applied reference 
displacement [mm]

Measured displace-
ment [mm]

Absolute dif-
ference [μm]

First 15.210 15.256 46.0 15.870 16.431 560.7
Second 15.126 84.0 16.460 589.5
Third 15.178 32.0 16.488 618.4
First 25.210 25.229 19.3 25.870 26.194 324.1
Second 25.247 37.3 26.205 334.6
Third 25.145 64.8 26.184 313.7
First 35.210 35.109 101.0 35.870 36.391 521.2
Second 35.069 141.4 36.322 451.8
Third 35.165 44.6 36.423 553.2
First 45.210 45.067 143.1 45.870 45.916 45.7
Second 45.128 82.4 45.925 55.2
Third 45.078 132.5 45.973 102.7

Table 2   Hysteresis calibration test data of the potentiometer sensor

Load and unload 
cycle

Reference displace-
ment [mm]

Maximum absolute measure-
ment difference [μm]

Average absolute dif-
ference [μm]

Hysteresis (relative to total 
extension length) [%]

Average 
hysteresis 
[%]

1 25.388 39.623 34.697 0.13 0.12
35.388 23.982 0.08
45.388 40.486 0.14

2 25.388 41.195 35.699 0.14 0.12
35.388 23.049 0.08
45.388 42.854 0.14

3 25.388 41.195 28.397 0.14 0.10
35.388 12.204 0.04
45.388 31.791 0.11
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•	 Relatively straightforward post-processing using model-
based FE analysis, eliminating the need for complex 
setups and computing power, whilst not compromising 
accuracy;

•	 Ability to calibrate the DT model using empirical load 
test data;

•	 Interactive and user-friendly interface;
•	 Capability to generate damage diagnostic report.

The development of the software components necessary 
to meet these objectives is detailed in this section.

4.1 � FE‑based digital model

The DT of this study aimed to replicate the mid-span 
force–displacement mechanical response of a RC beam 
subjected to three-point bending using FE modelling. This 
was accomplished through a model-based approach that 
simulated the beam’s geometry, material properties, bound-
ary conditions, and applied loading. The baseline FE model, 
representing the preliminary, uncalibrated DT, was created 
using FEMAP [25], a simulation software designed for the 
pre- and post-processing of complex engineering models. 
FEMAP enabled the replication of key characteristics of the 
RC beam, including its geometry, concrete and steel proper-
ties, support conditions, and applied loading.

The baseline model data were exported as a FEMAP neu-
tral file, readable as a text file, and compatible with ReCo-
nAn FEA [26]. After nonlinear analysis in ReConAn FEA, 
the built-in post-processing window, ReConAn Eye, was 
automatically initialised to visualise and animate 3D con-
crete beam cracking and deformation. The analysis results 
could also be re-imported back into FEMAP for further 
post-processing, including visualisations of model deforma-
tion and contour plots of solid von Mises stress and strain. 
Since FEMAP cannot directly illustrate cracks at FE nodal 
points, ReConAn Eye provided graphical representations of 
3D cracks as they resulted from the numerical nonlinear 
analysis.

The structural analysis of the FE model was conducted 
using ReConAn FEA [26], a specialised RC FE analysis soft-
ware renowned for handling advanced numerical methods 

and nonlinear material modelling. ReConAn FEA, developed 
with object-oriented programming, operates efficiently on 
standard commercial computers whilst delivering accurate 
RC structure simulations. Unlike software that requires spe-
cific file formats, the software reads FE model inputs and 
exports results in a universal text format, enhancing com-
patibility across multiple software platforms and operating 
systems. Its extended post-processing feature, ReConAn Eye, 
provides visualisation and animation of predicted concrete 
crack formations, offering further insight into the structural 
behaviour of the analysed RC members. Figure 10 illustrates 
the aforementioned FE-processing procedures, along with 
the related file types and software involved.

The concrete beam was modelled in FEMAP with 
20-noded hexahedral FE solid elements, employing a 
smeared crack approach and an elasto-plastic material model 
based on the modified Kotsovos & Pavlovic model [27] as 
proposed by Markou & Papadrakakis [28] (see Fig. 11). 
The Kotsovos and Pavlovic model, introduced in 1995, is a 
three-dimensional constitutive material model designed to 
simulate the nonlinear behaviour of concrete under various 
loading conditions [29]. It effectively captures the complex 
stress–strain relationships characteristic of concrete, includ-
ing phenomena such as micro- and macrocracking. Subse-
quent enhancements by researchers such as Markou and 
Papadrakakis [30] have refined the original model, enhanc-
ing its computational efficiency and accuracy. These modi-
fications have significantly increased the model’s effective-
ness in simulating the behaviour of RC structures under both 
static and dynamic loading conditions [31]. Furthermore, the 
model has been successfully applied to simulate the cyclic 
behaviour of RC structural members, demonstrating strong 
agreement with experimental observations [32]. Overall, the 
modified Kotsovos and Pavlovic model provides a robust and 
reliable framework for modelling the nonlinear behaviour of 
concrete structures, with validation studies confirming its 
strong correlation with experimental data.

The reinforcing bars were represented as rod elements 
with bilinear steel behaviour [33]. Boundary conditions sim-
ulated a simply supported beam-test configuration, with sup-
port nodes constrained to prevent local failure. The loading 
was applied at the mid-span and distributed proportionally 

Fig. 10   FE-processing procedures, file type and software employed for the software system’s DT
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across five central nodes. The calibration process employed 
a displacement-controlled Newton–Raphson method over 50 
load increments.

4.2 � DT calibration process

Following the creation of the baseline FE model, calibra-
tion using load test results was essential to achieve a DT 
with higher accuracy in predicting the mid-span force–dis-
placement behaviour of the experimental beam specimen. 
Calibration is widely regarded by numerous researchers as 
a critical procedure in validating and updating the FE model 
in a DT framework. For this study, the DT was calibrated 
using Load Test Stage 1 results (detailed in Sect. 2.2), allow-
ing the baseline model to be iteratively refined to replicate 
the tested force–displacement response. Provided that the 
beam specimens in both load test stages shared identical 
geometric and material properties, the calibrated DT could 
be confidently utilised to predict the mechanical behaviour 
of the beam in Load Test Stage 2.

Discrepancies between the baseline FE model and the 
physical beam's behaviour were anticipated, largely due 
to material property variations, construction quality, and 
experimental setup differences. However, in the controlled 
laboratory environment, the primary factors influencing the 
force–displacement behaviour were identified as:

•	 Young’s modulus of concrete;
•	 Young’s modulus of reinforcing steel;
•	 Yield stress of reinforcing steel.

These material properties were selected as the key vary-
ing parameters in the iterative calibration process of the DT 
model. The calibration process involved the iterative analysis 
of the FE numerical model with all possible combinations 
of these three material properties (Fig. 12). The DT corre-
sponds to the force–displacement response that most closely 
resembles the load test result.

This simplified approach enabled a realistic and reliable 
simulation of the RC beam’s mechanical response. Whilst 
increasing the number of iterations would increase the prob-
ability of finding a similar iteration, it would also lengthen 
the analysis time. Therefore, the iteration ranges were care-
fully selected based on material test results and sound engi-
neering judgement to balance accuracy and computational 
efficiency.

4.3 � ReConTwin — automation and user‑interface

To fully realise the automation and user-friendly interface 
capabilities of the DT-integrated SHM framework, the soft-
ware application, ReConTwin was developed. ReConTwin 
serves as an indispensable component in optimising infor-
mation flow and enhancing interactivity between the digital 
model and the asset management team. Visual Studio Code 
(VSC) [34], supports various programming languages, facili-
tating efficient code management, editing, and debugging 
processes.

Python, a versatile script-based, interpreted programming 
language, was central to automating ReConTwin’s DT cali-
bration process, reducing manual effort in repetitive tasks. 

Fig. 11   FE baseline model 
developed in FEMAP 

Fig. 12   Analysis iteration with variations of concrete and reinforcing 
steel material properties
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Python scripts were created for ReConTwin to automate 
each repetitive step of the iterative procedure:

•	 ReConTwin replaces the manual update process in 
FEMAP by directly modifying the material property 
parameters in the baseline FE model’s neutral file.

•	 Subsequently, ReConTwin autonomously activates ReCo-
nAn FEA to perform a displacement-controlled FE analy-
sis based on the updated neutral file. The desired imposed 
displacement can be selected by the user based on the 
recorded live displacement readings from the Arduino 
Cloud. Upon completion, ReConAn FEA exports the 
analysis results to a text file.

•	 In the next step, ReConTwin extracts the back-calculated 
vertical load and displacement increments, storing them 
as force–displacement entries in a Microsoft (MS) Excel 
result file. During this step, the relative error of each 
iteration is calculated and recorded. The aforementioned 
three processes are repeated until all iterations are com-
plete.

•	 Finally, ReConTwin selects the iteration with the smallest 
error as the most accurate DT model that best simulates 
the mechanical response of the RC beam.

In addition to automation, ReConTwin was developed 
with Python-based scripts to create user-friendly interfaces, 
enhancing intuitive interaction with the software system. 
The Graphical User Interface (GUI) was built using Tkinter, 
a popular Python library, to visually and graphically dis-
play input and output data generated by the proposed SHM 
framework (Fig. 13).

Illustrated by Fig. 14, four interdependent GUI windows 
were developed, enabling the user to specify preferred input 
parameters, automate tasks, and navigate through ReCon-
Twin using graphical elements such as input fields, buttons, 
and display plots [35]. These windows include:

•	 GUI Window 1 – Parameter input window. Allows 
users to input parameters for the DT calibration process, 
including material properties and deflection limits.

Fig. 13   ReConTwin’s automated DT calibration process using the Python code
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•	 GUI Window 2 – DT calibration window. Displays the 
calibration procedure progress and enables users to 
review prediction results and the most accurate material 
property iteration.

•	 GUI Window 3 – Post-processing window. Enables users 
to incorporate sensor data to predict force–displacement 
behaviour, plot sensor data, estimate imposed load, and 
predict crack formation.

•	 GUI Window 4 – Damage diagnosis window. Auto-
mates damage diagnosis based on performance indica-
tors relating to beam deflection and crack width limits, 
providing preventive action alerts.

By integrating automation and user-friendly interfaces, 
ReConTwin streamlines processes, enhances efficiency, 

Fig. 14   GUI windows and graphical plot of data generated by ReConTwin
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and offers transparent, intuitive navigation, allowing users 
to holistically control the DT-SHM framework.

4.4 � Damage diagnosis

The final stage in completing the automated information 
synchronisation between the DT model and its physical RC-
beam counterpart involves ReConTwin's damage diagnosis 
functionality (GUI Window 4). This feature evaluates the 
structural condition of the monitored RC beam and provides 
an early warning to the user if performance is not within the 
expected criteria. Two key structural performance indicators 
are assessed:

•	 Mid-span deflection limit: ReConTwin verifies whether 
the mid-span deflection, based on imported sensor data 
in GUI Window 3, complies with the span-to-deflection 
ratio of 250 (or user-defined limit).

•	 Crack width limit: The estimated crack width, derived 
from the beam soffit strain using ReConAn FEA analy-
sis, is compared to the limit of 0.3 mm (or user-defined 
limit).

If either limit is exceeded, ReConTwin will generate 
a warning, prompting preventive action. This automated 
process improves the identification of structural issues, 
enhancing the reliability and safety of the structure. ReCo-
nAn FEA’s integration with 3D modelling further enables 
comprehensive evaluation of the monitored RC structure, 
allowing users to anticipate not only superficial crack forma-
tion but also internal damage within the RC domain.

4.5 � Software system overview

The overview of the developed software system, integrated 
with ReConTwin, forms a key part of the proposed DT-SHM 
framework. Its components, processes, and automated infor-
mation flow outlined in in Sect. 4, are illustrated in Fig. 15.

Following the transmission of real-time beam displace-
ment sensor data to the Arduino IoT Cloud from the hard-
ware system (Fig. 7), the user can access this data from the 
cloud via a computer or smart device, and then import it 
into ReConTwin for analysis. ReConTwin uses this data to 
predict the vertical load imposed on the RC beam and assess 
crack width for damage diagnosis. The software system is 
equipped with the capability to calibrate the FE numerical 
model preliminarily or periodically, ensuring the generation 
of a reliable DT. The repetitive process in the iterative pre-
dictive analysis procedure is automated by ReConTwin, sim-
ulating the force–displacement behaviour based on the load 
test results with minimal human intervention. The resulting 
damage diagnostic report outlines the structural condition 
and performance of the RC beam, along with the estimated 

applied load and numerically predicted cracks. These results 
can then be examined by the asset management team to gain 
insights into the structural performance and condition of the 
beam, predict potential damages, and take preventive actions 
in maintaining the infrastructure asset, thereby fully realis-
ing the DT-enhanced SHM framework.

5 � Experimental work and results

5.1 � Load test stage 1 and DT calibration

In the first stage of the loading test, four RC-beam specimens 
underwent a three-point loading test as outlined in Sect. 2.2 
(Fig. 16). An incremental static load of 4 kN was applied at 
a rate of 4 kN per min and maintained for 3 min at each load 
step until failure. The corresponding displacement for each 
load step was calculated as the averaged displacement from 
the load-maintaining phase.

Each specimen was tested to failure reaching the peak 
load of 52 kN. The force–displacement relationship for each 
beam and the calculated average, are shown in Fig. 17. The 
standard deviation of the mid-span displacements increased 
with higher loads, indicating a more consistent response 
at lower loads and greater variability at higher loads. The 
measured displacements of the RC-beam specimens under 
various applied point loads exhibit a consistent force–dis-
placement behaviour, serving as reliable control data for 
calibrating the DT.

During each load-maintaining phase, the distributed FO 
interrogator recorded tensile strain along the beam’s sof-
fit, generating a progressive strain growth profile. A typical 
positive strain profile growth is illustrated in Fig. 18. Strain 
increased with applied load, but the location of maximum 
strain varied due to nonlinear cracking, material inconsisten-
cies, and imperfections. The distributed optic fibre allowed 
the identification of the largest tensile strain for each beam 
at every applied load step. The averaged maximum strains 
for all beams were then used to compare with the strain pre-
dicted by the DT numerical model.

Using the average force–displacement results as a con-
trol benchmark, the FE numerical baseline model was cali-
brated to create a DT capable of accurately predicting the 
mechanical response of the RC beam in Load Test Stage 2. 
The calibration process involved iterative structural analy-
ses to adjust the FE model’s material properties to closely 
resemble the load–displacement experimental data. Two 
groups of input vectors were defined for this process: basic 
property and iterating material property. The basic property 
consists of non-varying properties that remained constant 
throughout all iterative FE analyses. Conversely, the iterat-
ing material property vector consists of three main mate-
rial properties pertaining to concrete and reinforcing steel 
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that varied during the iterative process. The basic properties 
included concrete compressive strength (56 MPa), concrete 
density (2378 kg/m3), and maximum deflection (17 mm). 
The iterating properties involved concrete Young’s modulus 
(ranges from 26 to 34 GPa with 1 GPa increments), reinforc-
ing steel Young’s modulus (200 GPa), and steel yield stress 
(493 MPa to 500 MPa with 1 MPa increments). These values 
were specified based on the concrete and reinforcing sample 
test result values and sound judgement.

The calibration process, automated through ReConTwin 
(Fig. 19), comprised a total of 72 nonlinear analysis itera-
tions, combining the different material properties. Each 
iteration required approximately 50 s to complete, yielding 

Fig. 15   Software system overview

Fig. 16   Typical three-point bending test of RC-beam specimens
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a total calibration time of an hour. After each iterative 
analysis, the corresponding force–displacement results and 
calculated relative errors were recorded in the MS Excel 
workbook. This file was available for review at the end of the 
calibration procedure, enabling an evaluation of the calibra-
tion’s accuracy and serving as a comprehensive record of the 
iterative process.

Upon completing the iterative FE analyses, ReCon-
Twin identified the iteration with the smallest relative 
error compared to the load test control data. This iteration 
was then set as the DT model to accurately simulate the 

force–displacement response of the RC-beam specimens, 
and the calibration outcomes were updated in GUI Window 
2 (Fig. 20).

GUI Window 2 also provided post-processing capabili-
ties, allowing users to review the calibration results through 
force–displacement plots (Fig. 21). Based on the review of 
these plots, users could adjust input parameters in the first 
GUI window and reperform the DT calibration to achieve 
the desired accuracy. Out of 72 iterations, the DT with a 
mean relative error of 4.7% was identified. The material 
properties for this iteration were:

•	 Concrete Young’s Modulus: 29 GPa;
•	 Reinforcing Steel Young’s Modulus: 200 GPa;
•	 Reinforcing Steel Yield Stress: 494 MPa.

The force–displacement behaviour across the 72 iterations 
was consistent within the 0 kN to 50 kN load range. At lower 
loads, the iterations displayed lower bending stiffness than 
the control, but at higher loads, particularly beyond 34 kN, 
the stiffness increased, reflecting the strain-hardening effect 
of the reinforcing steel. The curves flattened as the steel 
reached its tensile yield strength of approximately 40 kN, 
closely mirroring the control data where yielding occurred 
around 48 kN. Beyond 50 kN, the iterations showed slight 
overestimations in stiffness, attributed to higher steel yield 
stresses in some iterations. These discrepancies were linked 
to factors such as strain hardening, cracking mechanisms, 
bond-slip characteristics, and creep, which contribute to 

Fig. 17   Force–displacement results at beam mid-span (Load Test 
Stage 1)

Fig. 18   Typical distributed optic fibre strain growth profile along the beam soffit (Load Test Stage 1)
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inherent challenges in achieving perfect agreement between 
nonlinear FE models and experimental results. Despite these 
discrepancies, the most accurate iteration (Fig. 21b) closely 
aligned with the control data, with a relative error of 4.7%, 
demonstrating that the DT calibration effectively captured 
the mechanical response of the RC beam across the entire 
load spectrum.

The automated, iterative approach employed in this study 
effectively created a DT capable of accurately simulating the 
mechanical response of the RC-beam specimen. By utilising 
a relatively uncomplicated procedure that avoids the need 
for complex calibration processes or intricate FE models, 

and by making reasonable assumptions within this study’s 
framework, this method has demonstrated to be a robust and 
efficient method to develop reliable DTs that can accurately 
predict the structural behaviour of the monitored structures.

5.2 � Load test stage 2 and smart sensor performance

In the second load test stage, the final RC-beam specimen 
was subjected to two phases of three-point bending tests: 
static–cyclic and static–incremental loading. The developed 
IoT-enhanced smart displacement sensors were used to mon-
itor the mechanical response of the beam under different 
loading conditions.

5.2.1 � Phase 1 – static–cyclic load test

In the first phase of the load test, the RC-beam specimen 
underwent short-term, static–cyclic loading with three 
repetitive and progressive load cycles (0 kN to 4 kN, 4 kN 
to 12 kN, 12 kN to 20 kN) applied at the beam mid-span 
whilst remaining within the beam’s elastic limit. The load-
ing and unloading were carried out at a rate of a minute per 
load step, with each load step maintained for 2 min. The 
displacements of the overall static–cyclic test measured by 
the potentiometer, IR sensor, and the LVDT control at the 
beam soffit are shown in Fig. 22.

Mean displacements for each maintained load step were 
calculated by averaging all measured displacements during 
each maintaining period for all three sensors. In compari-
son to the LVDT, the Mean Absolute Error (MAE) values 
for the potentiometer remained consistently low (2.7 μm 
to 64.4 μm) with an overall average MAE of 25.2 μm. 

Fig. 19   ReConTwin: a GUI Window 1, calibration parameter input and b GUI Window 2, calibration progress display

Fig. 20   ReConTwin: GUI Window 2, calibration completion display 
and result review functionalities
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Conversely, the IR sensor showed significantly higher errors 
(48.8 μm to 500.2 μm) with an average MAE of 184.8 μm, 
particularly at the higher applied load of 20 kN.

As expected from sensor calibration (Sect. 3.4), both 
sensors exhibited fluctuating measurements due to inherent 
noise. The potentiometer displayed low Standard Deviation 
(SD) values (8.0 μm to 28.8 μm), indicating consistent per-
formance across all load steps. In contrast, the SD measure-
ments for the IR sensor varied more significantly (36.2 μm 
to 211.7 μm), with its lower resolution limiting its accuracy 
in detecting small displacements (50 μm to 100 μm) com-
pared to the potentiometer. The variations also substantially 

limited the achievable accuracy of the IR displacement 
sensor.

To further quantify the uncertainty, statistical analysis 
was conducted to compare the IR and potentiometer read-
ings against the LVDT. The 95% confidence interval for the 
mean difference between the potentiometer and the LVDT 
was (−20.53 μm, 12.74 μm), with a mean difference of 
−3.89 μm. The p value from the paired t test was 0.621, 
indicating no statistically significant difference between the 
two sensors. These results substantiate the potentiometer’s 
accuracy as its readings align closely with the control meas-
urements. For the IR sensor, the 95% confidence interval 

Fig. 21   ReConTwin, GUI Window 2, force–displacement result graphical plot: a All iterations with control result and b The most accurate itera-
tion (DT) with control result

Fig. 22   Overall static–cyclic test displacement results (Load Test Stage 2, Phase 1)
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for the mean difference was (−172.92 μm, 55.32 μm), with 
a mean difference of −58.80 μm. The paired t test p value 
was 0.291, which, whilst not statistically significant, high-
lights a larger deviation compared to the potentiometer. This 
wider confidence interval underscores the IR sensor’s greater 
variability and the resulting uncertainty in its displacement 
measurements in the static–cyclic load experiment.

5.2.2 � Phase 2 – static–incremental load test

In the second phase of the load test, the RC-beam speci-
men underwent a static-incremental test load test, similar to 
the three-point bending test performed in Load Test Stage 
1. Static loads were applied at the beam mid-span in 4-kN 
increments, up to a maximum of 52 kN, with each step 
applied over a minute and maintained for 2 min. Displace-
ments were measured at the beam soffit during the test using 
the potentiometer contact sensor, IR non-contact sensor, and 
the LVDT control sensor, as shown in Fig. 23.

Mean displacements were calculated for each main-
tained load step by averaging all measured displacements 
during each maintaining period for all three sensors. The 
potentiometer showed MAE values ranging from 5.7 μm 
to 133.9 μm, with an overall average of 41.2 μm, closely 
matching the LVDT readings and demonstrating high 

accuracy. In contrast, the IR sensor had higher errors, with 
MAE values between 77.4 μm and 336.4 μm, and an average 
of 176.0 μm. It was observed that the error of the IR sen-
sor gradually decreased at higher loads due to the reduced 
distance between the sensor and the beam.

The static–incremental test confirmed the potentiometer 
sensor’s reliability, with low SD values (3.9 μm to 37.9 μm), 
indicating minimal variability in displacement readings and 
consistent performance. Statistical analysis further sup-
ported these findings, with a mean difference of −31.20 μm 
compared to the LVDT and a 95% confidence interval of 
(−73.50 μm, 11.10 μm). The paired t test resulted in a p 
value of 0.130, indicating no statistically significant differ-
ence between the potentiometer and the LVDT measure-
ments. Note that the data selection was restricted between 
0 and 36 kN due to excessive deformation from exceeding 
steel yield stress beyond this load range.

The IR sensor showed greater fluctuations in displace-
ment readings, with SD values ranging between 31.4 μm 
and 141.5 μm, though a decreasing trend was observed at 
higher loads due to reduced noise at shorter IR detection 
distances. The statistical analysis revealed a mean difference 
of 66.49 μm, with a 95% confidence interval of (−91.58 μm, 
224.56 μm). The paired t test resulted in a p value of 0.359, 
confirming no statistically significant difference between the 

Fig. 23   Overall static–incremental test displacement results (Load Test Stage 2, Phase 2)
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IR sensor and the LVDT measurements, though the IR sen-
sor’s higher variability and mean differences highlight its 
lower precision relative to the potentiometer.

5.2.3 � Displacement sensor performance

The static–cyclic and incremental load experiments were 
intended to simulate the RC beam structural behaviour 
under typical day-to-day use and overloading conditions. 
The potentiometer contact sensor demonstrated excellent 
accuracy, with an average MAE of less than ± 50 μm, more 
precise than the preliminary estimated ± 80  μm during 
calibration. Statistical analysis from the static–incremental 
tests revealed a mean difference of −31.20 μm compared to 
the LVDT, with a 95% confidence interval of (−73.50 μm, 
11.10 μm) and a p value of 0.130, indicating no statisti-
cally significant difference between the potentiometer and 
the LVDT measurements. The slight inaccuracy was par-
tially attributed to hysteresis, which was initially determined 
to be 0.11% relative to its full extension. Throughout the 
experiment, the potentiometer exhibited minimal SD values, 
indicating high precision and measurement stability across 
different load levels.

Similarly, the IR non-contact sensor performed with an 
average MAE below ± 200 μm, better than the initially esti-
mated ± 363 μm, which was determined during the sensor 
calibration stage. Statistical results from the static–incre-
mental tests revealed a mean difference of 66.49 μm com-
pared to the LVDT, with a 95% confidence interval of 
(−91.58 μm, 224.56 μm) and a p value of 0.359, confirming 
no statistically significant difference from the LVDT meas-
urements. However, the IR sensor showed greater variability 
and less consistency due to its higher noise levels and lower 
resolution. Despite these limitations, the IR sensor was still 
capable of detecting submillimetre displacements, albeit 
with less precision than the potentiometer.

Overall, both proposed sensors demonstrated signifi-
cant potential as low-cost, effective devices for measuring 
submillimetre displacements. The potentiometer, with its 
superior accuracy and reliability, is ideal for precise meas-
urements, whilst the IR sensor remains a viable option in sit-
uations where close-proximity non-contact measurement is 
advantageous and higher error margins are tolerable. Both 
sensors can contribute to the practical and cost-effective 
implementation of a DT-integrated SHM framework.

5.2.4 � Sensor IoT capability

The hardware system of the DT-based SHM framework 
was enhanced through the integration of the Arduino Nano 
33 IoT wireless communication microcontroller. During 
the three-point bending experiments in Load Test Stage 2, 
the microcontroller established a wireless connexion to the 

internet. This connexion enabled real-time communication 
with the Arduino IoT Cloud, allowing for the immediate 
transmission and storage of displacement measurements on 
the platform. These data could be remotely accessed through 
a smartphone application (Fig. 24) or web browser down-
loaded for further review and processing.

The seamless integration of the Arduino with the DT-
SHM framework streamlined the data transmission pro-
cess, automating the flow of information from the physical 
structure to the digital model. This minimised the need for 
manual intervention, reduced potential errors, and acceler-
ated post-processing procedures, ultimately improving the 
overall efficiency and responsiveness of the SHM process.

5.3 � Post‑processing result

Following the DT calibration and acquisition of sensor dis-
placement data, a comprehensive post-processing procedure 
was performed to validate the DT-SHM framework. The DT, 
a numerical FE model simulating the RC beam’s mechanical 
response, was integrated with real-time sensor data to esti-
mate applied loads and predict crack formations and widths.

The GUI Window 3 of ReConTwin (Fig. 25) provided 
an intuitive and streamlined post-processing procedure. For 
each maintained load step during the static-incremental 
test test (Load Test Stage 2, Phase 2), displacement data 
retrieved from the potentiometer sensor were downloaded 
from the Arduino Cloud and locally saved for processing. 
The displacement files were imported into ReConTwin 
through the user interface for graphical review (Fig. 26a). 
Simultaneously, ReConTwin conducted an automated 
analysis of the imported displacement file, calculating the 
maximum and average beam deflection values during the 
recording period. Based on this information, the deflection 
value for each load step could be specified by the user in 
the prompt field. ReConTwin then estimated the imposed 
beam mid-span point load using a back-calculation proce-
dure, interpolating the force from the force–displacement 
graph based on the specified displacement. The software 
allows the visualisation of this process alongside the DT 
force–displacement plot, as shown in Fig. 26b.

Using this workflow, the mid-span beam deflection for 
each applied 4 kN incremental load step was inserted into 
ReConTwin to estimate the corresponding imposed loads 
using the DT. The comparison between the experimental 
and DT-estimated loads is presented in Table 3. The final 
prediction was made at 52 kN, the maximum stable measur-
able load before failure.

The analysis of the imposed load data shows a consist-
ent estimation by the DT model for applied loads between 
8 and 32 kN, conservatively in favour of safety. The DT 
showed a peak underestimation of 5.18 kN at the 20 kN load 
step, with errors ranging from 0.57 kN to 3.89 kN. At higher 



2079Journal of Civil Structural Health Monitoring (2025) 15:2059–2084	

123

load levels exceeding the 36 kN load step, the DT model 
tended to overestimate the imposed loads, with errors rang-
ing from 0.77 kN to 2.43 kN. This behaviour aligns with the 
force–displacement relationship depicted in Fig. 21b. Over-
all, the DT model achieved an average absolute error of 2.11 
kN across all applied load step levels. This demonstrates 

that the DT model provides a highly accurate representa-
tion of the beam’s mechanical response under varying load 
magnitudes.

In the final stage of the post-processing procedure, the 
displacement values obtained from the imported potentiom-
eter data for each incremental load step were utilised to pre-
dict the crack formation of the RC-beam specimen. As part 
of the functionality of GUI Window 3, ReConTwin automat-
ically executed ReConAn FEA to perform a displacement-
controlled FE analysis. This analysis utilised both the speci-
fied basic property inputs and the iterating material property 
inputs of the DT model. Upon completion, ReConAn Eye 
was activated to provide a 3D graphical visualisation of the 
predicted crack patterns and animations of crack forma-
tion and beam deformation. The crack visualisation results 
were based on the proportioned applied displacement incre-
ment relative to the specified upper deflection limit used 
in the analysis. The comparison between the crack patterns 
predicted by ReConAn FEA and the actual crack patterns 
observed during the static–incremental load experiment in 
Phase 2 test of Load Test Stage 2 is illustrated in Fig. 27.

The predicted mid-span RC-beam soffit crack patterns 
generated by ReConAn Eye, although not identical to the 
actual observed patterns, demonstrated significant simi-
larities in terms of general crack formation and spacing. 

Fig. 24   Smartphone applica-
tion Arduino IoT Cloud display 
of ADC digit result for the 
displacement sensors: a Static–
cyclic test and b Static–incre-
mental test

Fig. 25   ReConTwin: GUI Window 3, post-processing window
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ReConAn FEA estimated an average crack spacing of 
50 mm, which is slightly smaller than the observed average 
crack spacing of 79 mm. Overall, the potential damage to 
the beam was accurately predicted, showcasing the effective-
ness of the ReConAn FEA software in predicting structural 
damage.

5.4 � Beam damage diagnostic

As a final step in the DT-SHM process, the damage diagnos-
tic was performed to assess the RC beam's structural condi-
tion and provide automated warnings for preventive actions if 
the beam was not performing within expected limits. During 
each incremental load step of the Load Test Stage 2 Phase 2 
three-point bending test, two key performance indicators were 
monitored: mid-span deflection and estimated concrete crack 

width. This verification was implemented using GUI Window 
4, where ReConTwin compared the mid-span deflection and 
crack width against the specified limits of a span-to-deflection 
ratio of 250 and a crack width limit of 0.3 mm, respectively, 
as shown in Fig. 28a. If either criterion exceeded these limits, 
ReConTwin generated a warning recommending preventive 
actions, as illustrated in Fig. 28b.

In the estimation of the concrete crack width, ReConTwin 
obtained the maximum strain value along the soffit of the FE 
beam corresponding to the specified incremental load step 
from the ReConAn FEA analysis output file. This strain value 
was multiplied by the FE hexahedral element mesh length 
(150 mm) to calculate the crack width. The reliability of the 
prediction is, therefore, highly dependent on the accuracy of 
the strain values determined by the DT model. The comparison 
of maximum beam soffit strains between the DT, as deter-
mined by ReConAn FEA, and the mean experimental results 
of Load Test Stage 1 under static 4-kN increments load steps 
is shown in Fig. 29.

The DT model slightly overestimated the strain between 8 
and 12 kN, whilst it slightly underestimated the strain between 
16 and 48 kN. Despite these deviations, the DT model closely 
matched experimental results, with an overall average absolute 
error of 281 με and an average relative error of 34.3%. Except 
for the 52-kN load step, where deformation caused a larger 
error, the DT demonstrated high accuracy in strain estimation, 
improving the reliability of predicted RC-beam soffit crack 
widths, especially for the total applied load below half of the 
ultimate load. These results underscore the DT model’s effec-
tiveness in approximating the beam's mechanical behaviour of 
the structural element, thereby ensuring the reliability of the 
damage diagnosis outcomes.

Fig. 26   ReConTwin, GUI Window 3 graphical plot: a Typical potentiometer displacement over the measured period from 4 to 12 kN and b 
Typical plot of back-calculated imposed point load on the DT force–displacement graph

Table 3   Comparison of the experimental and DT-estimated imposed 
load 

Inserted Mid-
span Deflection 
[mm]

Experimental 
Imposed Load 
[kN]

DT-Estimated 
Imposed Load 
[kN]

Absolute 
Error [kN]

0.142 4.00 5.37 1.38
0.443 8.00 7.44 0.57
0.757 12.00 9.84 2.16
1.067 16.00 13.27 2.73
1.398 20.00 14.83 5.18
1.957 24.00 20.11 3.89
2.636 28.00 24.98 3.01
3.34 32.00 30.79 1.20
4.055 34.00 36.77 0.77
4.758 40.00 42.43 2.43
5.47 44.00 46.08 2.07
6.46 48.00 49.78 1.78
10.69 52.00 51.78 0.22

Average: 2.11
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6 � Conclusions

This study introduced a potentiometer contact sensor 
and an IR non-contact sensor for structural displacement 
measurement, neither of which has been commonly used in 
past SHM systems. As sensor technology advances, these 
tools offer improved performance at lower costs, benefiting 
SHM systems for civil infrastructure. The potentiometer 
sensor demonstrated excellent accuracy, with a resolution 
under 50 μm and high measurement stability, making it 
suitable for precise measurements. The IR sensor, hav-
ing a resolution varying between 100 μm to 300 μm with 
an accuracy below 200 μm, provided a viable option for 

non-contact measurements with slightly higher error mar-
gins. Both sensors proved to be reliable, low-cost solu-
tions for submillimetre displacement monitoring, support-
ing the implementation of practical DT-integrated SHM 
frameworks.

The Arduino Nano 33 IoT microcontroller significantly 
enhanced the sensors’ functionality in this experimental 
study’s DT-based SHM system. During the three-point 
bending experiments, the Arduino enabled real-time data 
transmission from sensors to the IoT cloud, allowing remote 
data access and near real-time analysis. By leveraging the 
low-cost solution, this study demonstrated the feasibility of 
low-cost, wireless data transmission for SHM.

Fig. 27   Cracks along the soffit of the RC-beam specimen: a Predicted 3D crack formation in ReConAn Eye and b Experimental crack formations
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This research presents a practical, simplified approach 
for developing and processing a model-based numerical DT 
to predict the mechanical behaviour of an RC beam. Unlike 
traditional SHM systems, which are often expensive and 
complex, the proposed framework offers a roadmap towards 
a simpler, affordable, and accessible alternative for infra-
structure asset monitoring. The principle of such system has 
been demonstrated in a controlled environment. Through an 

automated software pipeline, iterative structural analysis and 
material calibration were performed to simulate the beam’s 
realistic bending stiffness and mechanical response. Devel-
oped in Python, the DT’s calibration and post-processing 
were automated, whilst an intuitive GUI enhanced user inter-
action. In addition, the predicted mid-span RC-beam soffit 
crack patterns, generated by ReConAn Eye, showed signifi-
cant similarities in general crack formation and spacing. 

Fig. 28   ReConTwin, GUI Window 4, damage diagnostic procedure with deflection and crack width checks: a At applied load of 16 kN (within 
limit) and b At applied load of 48 kN (limit exceedance)

Fig. 29   Comparison of the experimental and DT-estimated maximum mid-span soffit strains
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This functionality effectively provides users with further 
insights into the structural behaviour of the monitored RC 
member, demonstrating the effectiveness of both ReConAn 
FEA and ReConTwin in predicting structural damage not 
only at the superficial level but also internal damage at any 
3D point within the RC domain. This predictive capability 
significantly enhanced the framework’s damage diagnostics, 
enabling accurate identification of early-stage structural deg-
radation and facilitating timely interventions. Furthermore, 
the FE nonlinear analysis using ReConAn FEA operates effi-
ciently on standard computers, delivering reliable analysis 
results with a simpler data format compatible with various 
software applications and operating systems.

Although the DT development and calibration approaches 
undertaken in this study are specifically suited for straight-
forward SHM systems with simpler geometries, materials, 
and loading arrangements, their principles remain relevant 
for monitoring real-life civil infrastructures, which are often 
characterised by more complex geometries, material behav-
iours, environmental influences, physical imperfections, and 
varied load configurations.

In summary, this study confirms the feasibility of employ-
ing a DT-based SHM framework for civil infrastructure 
monitoring. By leveraging cost-effective IoT-enhanced 
microcontroller and relatively uncomplicated software solu-
tions, this research demonstrates that the realisation of such 
systems is possible and can significantly enhance the effi-
ciency and responsiveness of SHM processes.

Future work foresees the implementation of the pro-
posed technology in real-scale structures such as impor-
tant buildings and RC bridges. In addition, the ability of 
ReConAn FEA to perform nonlinear cyclic static [36] and 
dynamic analysis [37, 38] will be utilised in integrating 
the system with the ability to perform damage diagnostics 
through real-time data related to cyclic loading. Finally, 
the abilities to predict the mechanical response of RC 
structures through the use of ReConAn FEA extend to ret-
rofitted structures as well [39], where the proposed DT-
SHM framework with damage diagnostics can be imple-
mented to rehabilitated and retrofitted structures.
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