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EXECUTIVE SUMMARY 

Deliverable D2.6 (Task 2.6) reports on the development, validation, and integration of a fibre 

optic sensor (FOS)-based framework for structural health monitoring (SHM) of reusable steel 

elements. The work combines high-resolution strain and vibration sensing, finite element 

model FEM inverse calibration algorithms, and AI-based damage identification. It is central to 

Work Package WP2, as it establishes the methodologies and datasets required to support 

transfer learning approaches in WP3 and pilot demonstrations in WP10. 

The first phase of the work focused on the identification and instrumentation of target 

structures. An I-profile steel beam, originally used to support an overhead crane in an industrial 

building from the 1950s, was selected due to its manageable size, ease of handling for reuse, 

moderate section properties (facilitating static testing without heavy loading equipment), and 

the availability of multiple similar beams for future transfer learning applications. A preliminary 

visual inspection confirmed no apparent damage, ensuring suitability for testing. 

The second phase consisted of the experimental campaign, carried out in collaboration with 

MOYUA. Fibre Bragg grating (FBG) strain sensors (FS62) and optical accelerometers (FS65) 

were installed and interrogated using the QuantumX MXFS unit. Static loading tests provided 

strain–displacement relationships, while dynamic excitation enabled modal identification 

through FFT-based analysis. The testing demonstrated the feasibility of multiplexed FOS 

installations, which offered reduced installation effort, high-resolution data, and robustness in 

harsh environments compared with conventional gauges. 

The third phase addressed the FEM calibration. Initial comparisons revealed a strong 

discrepancy between static and dynamic estimates of Young’s modulus due to non-ideal 

boundary conditions. By refining the support modelling to account for partial fixity and 

cantilever effects, a compromise modulus of ≈155 GPa was identified through a combined 

RMSE–MAE minimisation. This value, consistent with typical steels used in the Basque 

Country in the 1950s, ensures balanced performance in both static and dynamic simulations. 

Importantly, this calibrated modulus will serve as the baseline for generating synthetic datasets 

of damaged and boundary condition scenarios, which will be used to train transfer learning 

algorithms in Task 3.6 (WP3). 

The fourth phase developed a damage identification framework, combining global indicators 

(frequency shifts from operational modal analysis) and local indicators (strain distribution 

tendencies from FOS). By training anomaly detection models on FEM-simulated healthy 

states, deviations in either frequency content or strain profiles can be flagged as potential 
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damage. This dual-indicator approach increases robustness and paves the way for scalable 

application across multiple structural typologies. 

The deliverable also highlights challenges and limitations, including sensor bonding quality, 

environmental effects on signals, computational cost of FEM calibration, and the need for 

larger, more representative datasets. Mitigation strategies include improved installation 

protocols, temperature compensation, more efficient optimisation routines, and the generation 

of synthetic datasets for AI model training. 

In conclusion, Deliverable D2.6 provides a validated methodological framework for FOS-

based SHM, integrating sensing, modelling, and AI. The results demonstrate the feasibility of 

applying FOS for reusable structural components, with direct implications for digital twins, 

circular-BIM integration, and digital product passports. The outputs of this work form a crucial 

bridge to WP3, where transfer learning and anomaly detection will be further developed, and 

to WP10, where real-world pilot testing will validate the approach under operational conditions. 
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GLOSSARY 

Terms, Abbreviations, and Acronyms 

AI Artificial Intelligence 

BIM Building Information Modelling 

C-BIM Circular-BIM 

EC European Commission 

EU European Union 

GDPR General Data Protection Regulation 

SUM4Re Creating material banks from digital urban mining (project name) 

WP Work Package 

WA Work Area 

RMSE Root mean square error 

MAE Medium average error 

FOS Fiber optic sensor 

FFT Fast Fourier Transform 

SHM Structural Health Monitoring 

GPa Giga Pascal (unit) 

UN United Nations 

DAS Distributed Acoustic Sensing 

DPPs Digital Product Passports 

OMA Operational Modal Analysis 
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1. Introduction 

This delivery service serves to describe the progress made and results achieved for Task 2.6:  

T2.6 Structural health monitoring system with FOS(M3-M17) TECN; MOYUA 

This task will provide an integrated structural health monitoring system, whose main steps are: 

(1) Identification of target structures; (2) Definition of a Risk-based assessment framework; (3) 

Creation of predicted responses based on pool of local models; (4) Selection of appropriate FOS 

sensors to capture the actual structural response (e.g., accelerations, deformations, etc.) and 

other variables (e.g. temperature, humidity, etc.); (5) Installation and inverse-modelling for 

calibration of the system; and (6) Damage identification applying AI-techniques (e.g. Neural 

Networks) to the collected structural response data. This task will demonstrate the added value 

of FOS: higher measurement quality, higher reliability, easier installation/deinstallation and 

maintenance, and lower lifetime cost extending the life of the monitored system. FOS will be 

installed in WP10 in collaboration with MOYUA. 

In addition, Task 2.6 is directly related to Task 10.1, since the inverse-modelling and calibration 

of the FEM model of the monitored structural elements depend on the acquisition of experimental 

data carried out in the pilot sites. The testing campaigns and data collection activities defined in 

T10.1 provide the necessary input for validating and adjusting the numerical models developed 

in T2.6. This interdependency ensures that the FEM calibration is based on real structural 

responses, thereby increasing the accuracy, robustness and practical relevance of the proposed 

structural health monitoring system. 
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2. Research approach 

2.1. State of the art 

The use of fibre-optic sensors (FOS) for structural health monitoring (SHM) has matured 

significantly in recent years and is now considered one of the most promising solutions for long-

term, reliable and cost-effective monitoring of civil infrastructure. FOS technologies are generally 

divided into two main families: quasi-point sensors, predominantly Fiber Bragg Gratings (FBGs), 

and distributed fibre-optic sensing (DFOS) systems, which rely on Rayleigh, Brillouin or Raman 

scattering and more recently Distributed Acoustic Sensing (DAS). Each of these technologies has 

specific advantages and trade-offs. FBGs are highly accurate quasi-point sensors capable of 

multiplexing along a single fibre, which allows dense deployment in locations of interest to 

measure strain and temperature with very high precision [1]. DFOS solutions, on the other hand, 

provide continuous measurements along the length of the fibre, enabling a true “digital skin” for 

structures [2]. Rayleigh-based systems (often using Optical Frequency Domain Reflectometry) 

provide high spatial resolution at short to medium ranges, whereas Brillouin-based methods offer 

coverage of tens of kilometres with coarser resolution, ideal for long tunnels, bridges or pipelines. 

DAS has opened new opportunities for dynamic and acoustic sensing, such as vibration-based 

monitoring, event detection and ambient modal analysis [3]. 

These technologies present several strengths compared with traditional electrical sensors. They 

are immune to electromagnetic interference, allow long-distance transmission of signals without 

degradation, and can provide either dense or continuous measurements depending on the 

chosen interrogation method. When combined with appropriate packaging and installation 

strategies—embedding in concrete, bonding on surfaces, or routing within protective conduits—

FOS offer durability and reliability, making them well suited for permanent SHM systems. While 

interrogator units represent a significant upfront investment, the overall cost of ownership is often 

lower in long-term monitoring scenarios, as the reduced number of cables, improved durability 

and multiplexing capabilities simplify maintenance and extend service life [4]. 

From a monitoring perspective, FOS enable the measurement of multiple variables that are 

central to structural assessment. Strain, temperature and vibration are the most common, but 

humidity and other environmental effects can also be indirectly captured through sensor 

packaging or coatings. As these variables strongly influence structural performance, FOS provide 

an excellent basis for integrated monitoring systems that support predictive maintenance. 

However, to translate raw FOS measurements into actionable knowledge, advanced data 

processing and modelling strategies are required. This is where calibration and inverse modelling 

play a crucial role. Current state-of-the-art approaches combine high-fidelity finite element models 
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with optimisation methods, such as genetic algorithms, Bayesian inference or gradient-based 

solvers, to adjust uncertain parameters so that predicted responses match measured data. This 

type of model updating reduces uncertainty and enhances the predictive capability of structural 

digital twins. In distributed sensing applications, inverse modelling is also essential for converting 

long profiles of strain or temperature into meaningful damage indicators, such as crack opening 

or local settlements. 

A parallel line of development in recent years has been the integration of artificial intelligence (AI) 

with FOS-based SHM. Machine learning and deep learning techniques are now used for 

denoising and preprocessing raw FOS signals, for feature extraction such as automated modal 

analysis, and for damage detection through supervised or unsupervised classifiers. Neural 

networks, convolutional and recurrent architectures, autoencoders and anomaly detection 

algorithms have all been applied successfully to structural monitoring datasets [5]. Transfer 

learning and domain adaptation are increasingly investigated to bridge the gap between 

laboratory-trained models or FEM simulations and field conditions, which are inherently noisier 

and subject to environmental variability such as temperature and humidity [6]. Hybrid approaches 

that combine physical constraints with data-driven models are particularly promising, as they 

enhance interpretability and reduce false alarms, a major barrier to adoption in the field. 

At the system level, modern SHM is moving toward risk-based assessment frameworks that 

integrate sensor measurements, predictive models and consequence analysis. In these 

frameworks, FOS data are not used in isolation but are embedded within probabilistic models that 

account for structural fragility, loading scenarios and the cost of failure. This allows prioritisation 

of interventions and condition-based maintenance strategies, directly supporting asset life 

extension. Uncertainty quantification is central to these approaches, ensuring that decision-

makers receive not only predictions but also confidence levels that guide risk management. By 

adopting this perspective, SHM moves from simple damage detection to a more holistic decision-

support tool. 

Case studies in Europe and beyond have demonstrated the viability of FOS for bridges, tunnels, 

pipelines and other critical assets, confirming the technology’s added value in terms of higher 

measurement quality, greater reliability, easier installation and deinstallation, and lower lifetime 

costs compared with traditional sensing networks. Nevertheless, several challenges remain. 

These include improving field-robust domain adaptation for AI models, standardising installation 

and calibration protocols, and refining methods for converting distributed measurements into 

engineering-level damage metrics. Ongoing European initiatives such as SUM4Re show that the 

integration of advanced sensing, inverse modelling and digital asset management is a priority for 

both research and practice, and the task at hand is positioned within this frontier. 
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2.2. Relevance to the WP2 objectives  

Against this background, the task foreseen in the project directly addresses the main gaps of the 

current state of the art by proposing an integrated SHM system with six main steps: identification 

of target structures, definition of a risk-based assessment framework, creation of predicted 

responses from a pool of local models, selection of appropriate FOS technologies to capture 

structural and environmental variables, installation and calibration through inverse modelling, and 

finally damage identification via AI-based techniques. The demonstration of this workflow in 

collaboration with MOYUA will provide practical evidence of the benefits of FOS for infrastructure 

monitoring, while also delivering replicable protocols for calibration, model updating and AI-driven 

diagnosis. By doing so, the task will showcase the added value of FOS in extending the life of 

monitored systems and reducing overall costs, while maintaining or even improving safety and 

reliability standards. 

2.3. Relevance to the other WP objectives  

Task 2.6 is mainly related to: 

• WP3: Specifically, T3.6, where long-term monitoring data from FOS will support transfer 

learning and anomaly detection methods, and T3.7, where this data will be integrated in 

GENIA. 

• WP6: T2.6 serves as the structural health information base to propose Circular-BIM (C-

BIM) designs but will also be the modelling basis for all data integration (from other 

sensors and Tasks 2.x) into GENIA and the materials platforms CIRDAX and CONCULAR. 

• WP10: The methodology and the software developed in T2.6 are necessary for data 

acquisition in the Spanish case study. 

2.4. Legal considerations 

The deployment of fibre optic sensors (FOS) for structural health monitoring in the SUM4Re 

framework must comply with European and national regulations governing construction, 

monitoring, and occupational safety. At the European level, the Construction Products Regulation 

(EU) No 305/2011 [7] and related standards (e.g. Eurocodes for structural assessment) provide 

the reference framework for performance-based evaluation of civil structures. The monitoring 

activities undertaken in Task 2.6 are consistent with these standards, as they are non-destructive 

and focused on structural performance parameters (strain, vibration, stiffness degradation). 

In Spain, specific compliance is required with the Código Técnico de la Edificación (CTE) [8] and 

Instrucción de Acero Estructural (EAE) [9], which define safety margins, durability, and verification 

requirements for steel structures. The FOS instrumentation does not interfere with structural 
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integrity and thus remains within the scope of accepted non-invasive diagnostic methods. 

Additionally, the experimental campaign followed occupational risk prevention guidelines (Ley 

31/1995 de Prevención de Riesgos Laborales) [10], ensuring that installation and testing were 

conducted under safe working conditions. 

From a data governance perspective, the measurements acquired form part of the SUM4Re 

database and must comply with FAIR data principles and the project’s Data Management Plan 

(DMP). Intellectual property generated by calibration algorithms and AI workflows will be 

managed under the consortium agreement, while raw sensor data will be anonymised and stored 

according to GDPR requirements when linked to pilot-site stakeholders. 

2.5. Target materials 

The monitoring campaign of Task 2.6 is focused on structural steel elements, as they represent 

a critical material in the Spanish pilot. Steel beams are widely used in temporary and permanent 

structures and are directly linked to the project’s circular economy objectives, since they can be 

dismantled, reconditioned and reemployed with minimal loss of mechanical performance. 

By focusing on steel beams, the deliverable provides direct evidence of how FOS can support 

multi-life cycle assessments of structural materials, generating traceable data that can be 

integrated into Digital Product Passports (DPPs) and Circular-BIM workflows. 

2.6. Case studies application 

The Spanish pilot case is the primary application context for Task 2.6. In collaboration with 

MOYUA, a series of steel beams were instrumented with fibre optic sensors to demonstrate the 

feasibility of SHM for reusable components. The sensors were bonded directly to the steel surface 

and interrogated using a QuantumX MXFS unit, enabling high-resolution acquisition of strain and 

vibration data during both static and dynamic testing. 

This case study is an abandoned industrial factory in Jolastokieta, Spain. This building is mostly 

empty, and structural elements are the only remains. It features some thin metal beams and 

columns that aided the machinery. The floor, ceiling and walls are made of stone, metal and 

concrete, respectively. An indoors picture can be seen in Figure 1. Further details can be 

consulted on Deliverable D10.1. 
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Figure 1. Spanish case study (Jolastokieta) 

Two main test campaigns were executed: 

• Static loading tests – beams were subjected to incremental loads to capture full strain 

distributions, identify stiffness characteristics, and validate FEM-based calibration with 

genetic algorithms. 

• Dynamic excitation tests – beams were excited through controlled impacts to extract 

modal frequencies and damping ratios, enabling comparison with numerical predictions 

and assessment of degradation under reuse cycles. 

The results confirmed that FOS provide reliable, multiplexed strain and vibration data with 

reduced installation times compared to conventional gauges. More importantly, the monitoring 

demonstrated that structural steel beams retain predictable behaviour across repeated load 

cycles, validating their potential for safe reuse in secondary applications. 

This case study establishes a methodological blueprint for extending FOS-based SHM to other 

materials and pilots within SUM4Re, but in D2.6 the focus remains on the Spanish steel beam 

monitoring campaign as a proof-of-concept for circular structural assessment. 
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3. Technical brief 

This section provides a detailed overview of the fibre optic sensing (FOS) system deployed within 

Task 2.6 of the SUM4Re project, with emphasis on its technical specifications, sampling 

strategies, and practical implementation in the Spanish pilot case. The objective is to establish a 

clear framework for the use of FOS in structural health monitoring (SHM), focusing on steel 

elements representative of reusable structural components. 

The application of FOS in this context is motivated by several advantages over conventional 

electrical sensors. Fibre Bragg grating (FBG)-based systems enable high-resolution strain and 

vibration measurements, immunity to electromagnetic interference, and the multiplexing of 

numerous sensing points along a single optical fibre. These characteristics make FOS particularly 

well suited for continuous, long-term monitoring in harsh or variable environments, as 

encountered in abandoned or rehabilitated building structures. 

3.1. Equipment description with respect to application and utilization 

3.1.1. Properties of the FOS 

The fibre optic sensing (FOS) system deployed in this task is based on HBM newLight sensors 

[11] coupled with the QuantumX MXFS optical interrogator. These sensors rely on fibre Bragg 

grating (FBG) technology, which provides precise strain, vibration, and temperature 

measurements along optical fibres. 

Table 1 summarizes the main technical details of both deformation sensors (FS62) and vibration 

sensors (FS65). 

Table 1. Properties of the FOS sensors 

Sensor Type  Capabilities Key Properties 

newLight 
FS62 / 
FS62CSS 

Deformation / 
Strain sensor 
(FBG) 

Precise, stable strain measurement. 
Exact numerical strain range isn’t 
shown in the Spanish page due to 
internal error, but generally, FBG strain 
sensors are capable of micro-strain 
resolution and large dynamic range. 
newLight line promises high long-term 
stability.  

Uses fibre Bragg grating (FBG) 
technology. Robust construction, 
resistant to humidity, corrosion, salty 
environments. Offers stability and 
repeatability over long periods.  

newLight 
FS65 

Optical 
accelerometer 
(vibration) 

Measures accelerations up to ±10 g, at 
low frequency range (0-50 Hz). 

FBG-based accelerometer, so optical 
and passive (no electrical signals at 
sensing head). IP68 protection, safe in 
harsh environmental conditions 
(humidity, salinity). Linearity < 2% over 
the measurement range. Can be used 
in monoaxial mode; multiple sensors 
allow multi-axis measurement.  
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Figure 2. FOS array designed for SUM4Re testing  

Table 2 summarizes the main technical specifications of the FOS employed in this research. 

Table 2. Technical specifications of the FOS 

FS62-CSS FS65ACC 

Gauge length: 10 mm 

Measurement range: ±5,000 µε 

Accuracy: ±1 µε 

Resolution: <0.1 µε 

Temperature compensation: Integrated FBG-based 

Connector type: Optical FC/APC 

Packaging: Stainless steel encapsulated 

Measurement range: ±5 g 

Frequency range: DC to 3,000 Hz 

Resolution: <0.01 g 

Sensitivity: 80 pm/g 

Operating temperature: −40 °C to +80 °C 

Measurement axes: Triaxial 

Following the sensors description, it is highlighted the optical interrogator properties (QuantumX 

MXFS). The QuantumX MXFS module acts as the interface between FBG sensors and the digital 

acquisition system. Its technical features include: 

• Channel capacity: Up to 8 optical connectors, each supporting up to 16 FBG sensors, 

resulting in a maximum of 128 simultaneous channels per module. 

• Sampling rates: 

o Normal speed mode: up to 100 samples per second per channel, suitable for long-

term monitoring of slow changes such as creep or temperature drift. 

o High-speed mode: up to 2,000 samples per second per channel, suitable for 

dynamic monitoring such as vibration and transient loads. 

• Measurement types supported: Strain, temperature, acceleration, load, and tilt, depending 

on the sensor configuration. 

• Accuracy and resolution: Wavelength measurement resolution of a few picometers, 

corresponding to high sensitivity in strain and temperature readings. 

• Integration and interfacing: Fully compatible with catman® software (v5.4 or higher) for 

real-time visualisation, analysis, and reporting. It also allows synchronisation with other 
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QuantumX modules, enabling hybrid optical/electrical acquisition and open interfaces with 

LabVIEW and APIs. 

 

Figure 3. QuantumX optic interrogator 

3.1.2. Other equipment 

Apart from the FOS equipment, it was used load cells for measuring and controlling the load 

applied onto the testing specimens. The Utilcell Modelo 620 is a traction-compression load cell 

used to measure forces (load) applied in both tension and compression. It is well suited for static 

and quasi-static structural testing where accuracy, environmental resistance, and a good range 

of capacities are required. Table 3 presents the main technical specifications. 

Table 3. Technical specifications of the load cells 

Parameter Specification / Detail 

Device type Traction-Compression load cell (strain gauge based) 

Model Utilcell Modelo 620 

Capacity / 
Measurement 
ranges 

Available in multiple ranges: 50, 100, 150, 200, 300, 500, 750, 1 000, 1 500, 2 000, 3 000, 
5 000 and 6 000 kg (i.e. approximately up to ~60 kN for 6 000 kg).  

Material / Mechanical 
structure 

Elastic support made of alloy steel.  

Protection / 
Environmental 
rating 

IP67 rating (dust-tight, protected against immersion up to depth/time specified). 

Accuracy / Divisions 3 000 divisions (OIML R60, Class C) 

Corrosion 
resistance 

Hard-nickel (níquel duro) anticorrosion treatment.  

Typical applications Tanks, hoppers, weighing suspended structures, asphalt and concrete plants, machinery 
testing, aerial weighing. Useful in static test rigs for applied loads. 

Accessories / 
Mechanical fittings 

Available with thread/connection accessories: TE12×1.75, TE16×2, TE24×2 for lower 
capacities; RO12×1.75, RO16×2, RO24×2 for medium-to-higher capacities. These ensure 
compatibility with the mechanical mounting in test setups.  
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3.2. Sampling methods 

3.2.1. Expected output data and measurements needed  

• Strain profiles along structural elements (FS62) with high resolution and low drift over 

time. 

• Vibration signatures and acceleration data (FS65) especially for low frequency 

phenomena (0-50 Hz), for example vibrations induced by traffic, occupancy loads, or 

nearby construction. 

• Temperature compensation or measurements to correct strain readings (for those sensors 

that include dual FBGs for temperature). 

• Time series data for static testing are synchronized with load cell measurements, to link 

the load applied with the deformation response. 

3.2.2. Preparatory measures 

Daily activities in the building that must be considered 

Since the selected pilot building is abandoned and not in active use, there are no daily operations, 

occupants, or ongoing activities that need to be coordinated with during FOS installation and 

monitoring. This eliminates potential interferences such as vibrations from occupancy, 

accessibility restrictions, or scheduling conflicts with users. However, the absence of 

maintenance or active services also requires additional planning for power supply, security, and 

safe access to the site. 

Location of the FOS activities 

All FOS acquisition activities will take place inside the building, with priority given to structural 

elements representative of the building’s load-bearing system. The indoor location ensures 

protection from direct environmental exposure, although humidity, dust, and debris typical of 

abandoned structures must be considered when preparing surfaces and protecting optical fibres. 

3.2.3. Practical and technical requirements 

• Mounting and orientation: FS62 sensors must be bonded or affixed along the axis of 

expected strain (beam, slab, joint). Adequate surface preparation needed to ensure 

adhesion and accurate reading. For FS65 accelerometers, orientation relative to expected 

vibration vector matters (monoaxial or multi-axis). Multiple sensors may be needed to 

capture multidirectional vibrations. 

• Protection: Because FS65 has IP68 rating, ensure installations respect environmental 

sealing, protect cable runs and connection points. For FS62, ensuring cable protection 

against mechanical damage, moisture ingress, etc. 
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• Interrogation system: Optical interrogator HBM’s QuantumX optical modules capable of 

reading FBG sensors at required wavelengths and sampling rates. Calibration needed to 

establish baseline (zero strain / reference temperature). 

• Long-distance deployments: Because of compatibility with telecom fibre, plan for cable 

lengths, losses, and connectors; ensure overall signal budget (fibre attenuation, 

connector/coupler losses) is respected. 

• Data logging: Sampling frequency must cover the 0-50 Hz range for accelerometers; for 

strain sensors, sampling can be lower but continuous. Storage and power for interrogator, 

possibly using battery or mains with safe routing. 

3.3. Critical tasks and milestones 

3.3.1. Critical Tasks 

The implementation of the FOS monitoring campaign requires careful coordination of preparatory, 

technical, and validation activities. The following critical tasks and milestones have been 

identified: 

Sensor preparation: 

 

Site preparation: 

 

Critical Task 1 Probability Impact 

Verification of QuantumX MXFS interrogator functionality. Low High 

Calibration of FS62 (strain) and FS65 (vibration) sensors to establish baseline 
reference values (zero strain, reference temperature). 

Low High 

Contingency   

The use of well-know commercial products reduce this risk as if any problem arises, technical service from 
manufacturer is ensured.  

Critical Task 2 Probability Impact 

Surface cleaning and preparation of steel beams for bonding of FS62 sensors. Low High 

Definition of sensor layout, orientation, and cabling routes to minimise mechanical 
damage and environmental exposure. 

Low High 

Contingency   

An initial site visit was performed at the beginning of this task to clearly align the methodology. 
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Sensor installation: 

 

Testing execution: 

 

Processing data: 

 

Critical Task 3 Probability Impact 

Bonding of FS62 sensors along the longitudinal axis of the beams at predefined 
locations. 

Low High 

Protection of optical fibres and connectors with appropriate coverings against dust, 
humidity, and mechanical impact. 

Low High 

Placement and orientation of FS65 accelerometers in monoaxial mode to capture the 
primary vibration direction. 

Low High 

Contingency   

The team dedicated to the installation of sensors has long experience in this field. 

Critical Task 4 Probability Impact 

Execution of static loading tests to record strain profiles and validate FEM models. Med Med 

Execution of dynamic excitation tests (impact hammer or controlled vibration) to 
capture modal properties. 

Med Med 

Continuous acquisition of temperature and vibration data to assess sensor stability 
and environmental effects. 

High Med 

Contingency   

On site and laboratory testing is planned.  

Critical Task 5 Probability Impact 

Application of FFT and time-domain analyses to vibration registers. Med High 

Comparison of experimental data with FEM predictions and genetic algorithm 
calibration results. 

Med High 

Identification of potential anomalies or noise in the acquired datasets. Low Med 

Contingency   

Provide a big dataset of testing to avoid not valid data acquired. 
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3.3.2. Milestones 

It is presented and defined the milestones for this task, serving these for a proper monitoring of 

the progress of this task: 

 

 

 

Milestones description: 

• M1 – Delivery of calibrated FOS system and interrogator (Month 4). 

• M2 – Completion of sensor installation in the Spanish pilot site (Month 8). 

• M3 – Acquisition of first static and dynamic datasets (Month 10). 

• M4 – Completion of FEM calibration with FOS data (Month 12). 

• M5 – Finalisation of Task 2.6 and delivery of D2.6 deliverable (Month 17). 

 

 

 

 

M1 M2 M3 M4 M5 
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4. Development 

4.1. Identification of target structures  

The selected element is an I-profile steel beam formerly used to support an overhead bridge 

crane (Figure 4). The beam is 4 meters long, with a nominal cross-section of 120 × 120 mm and 

a web/flange thickness of 8 mm. It was originally installed as a simply supported member; 

however, the as-built conditions show a partial cantilever effect at one end of approximately 20 

cm, which has been accounted for in the FEM modelling. This beam is representative of heavy 

steel components often found in industrial facilities and targeted for reuse in new structural 

configurations. 

  

Figure 4. Steel beam chosen for this research 

The choice of this element was motivated by several practical and methodological considerations. 

First, its dimensions and length make it relatively easy to handle, transport, and reallocate in 

future applications, which directly aligns with the reuse strategies foreseen in Task 12.1. Second, 

the moderate cross-section size means that static testing can be conducted without requiring 

heavy equipment to apply excessively large loads, thereby simplifying the experimental setup. 

Third, the availability of several similar beams of the same type offers a valuable opportunity to 

test transfer learning methodologies in subsequent phases of the project, since comparable 

datasets can be generated across nominally identical elements.  

 

Figure 5. Overview of the area, it can be noted the existence of similar steel beams 
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Finally, a preliminary visual inspection revealed no apparent damage or deterioration on the 

selected beam, confirming its suitability as a representative specimen for both experimental 

monitoring and FEM-based analysis. 

  

Figure 6. Other steel beams candidate as target structures, discarded per the reason explained 
above. 

4.2. Definition of a Risk-based assessment framework.  

To ensure the robustness and reliability of the proposed FOS-based structural health monitoring 

system, a risk-based assessment framework was developed. This framework identifies potential 

risks across technical, operational, environmental, and procedural domains, assigning likelihood 

and impact scores to evaluate their severity. For each risk, mitigation measures were defined to 

reduce probability or impact, and residual risk levels were assessed after mitigation. The 

framework not only covers typical challenges such as fibre handling, bonding quality, and 

environmental degradation, but also project-specific aspects such as the dependency on T10.1 

field testing for FEM calibration and the use of AI algorithms for damage detection. The resulting 

risk matrix provides a structured basis for monitoring implementation, quality assurance, and 

replication in other SUM4Re pilot sites. 

Table 4. Risk-based assessment 

ID 
Risk 
Description 

Category 
Likelihood 
(L) 

Impact 
(I) 

Risk 
Level 
(L×I) 

Mitigation 
Measures 

R1 Fiber breakage 
during 
embedment 

Technical High (3) High (3) 9 – 
Critical 

Use protective 
sheaths/conduits; 
careful handling; 
personnel training 

R2 Poor bonding of 
fibre to structure 

Technical Medium (2) High (3) 6 – Major Surface 
preparation; use 
proven adhesives; 
QA during 
installation 
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R3 Signal noise or 
loss during 
acquisition 

Operational Medium (2) Medium 
(2) 

4 – 
Moderate 

High-quality 
connectors and 
splices; noise 
filtering algorithms 

R4 Cross-sensitivity 
to temperature 
effects 

Technical Medium (2) Medium 
(2) 

4 – 
Moderate 

Reference FOS 
sensors for 
temperature; 
software-based 
compensation 

R5 Data Acquisition 
System (DAS) 
malfunction 

Operational Low (1) High (3) 3 – 
Moderate 

Redundant DAS 
channels; UPS 
backup; periodic 
testing 

R6 Environmental 
degradation 
(water ingress, 
dust) 

Environmental Medium (2) High (3) 6 – Major IP-rated 
enclosures; 
sealants; 
protective casings 

R7 Installation 
errors (human 
factor) 

Procedural High (3) Medium 
(2) 

6 – Major SOPs; 
supervision; 
installer training; 
checklists 

R8 Lack of access 
for maintenance 

Operational Medium (2) Medium 
(2) 

4 – 
Moderate 

Design for 
accessibility; 
remote 
diagnostics 

R9 Insufficient FEM 
calibration due 
to poor test data 
quality 

Technical/Procedural Medium (2) High (3) 6 – Major Integration with 
T10.1 on-site 
testing; 
redundancy in test 
campaigns; robust 
QA of 
experimental data 

R10 AI-based 
damage 
identification 
misclassification
s 

Methodological Medium (2) High (3) 6 – Major Hybrid models 
combining physics 
and AI; transfer 
learning; anomaly 
detection 
validation 

4.3. Creation of predicted responses based on pool of local models 

A preliminary FEM (Finite Element Method) analysis has been conducted on the two selected 

beams (Figure 7). The objective was to simulate expected structural responses under the 

proposed test loads, identify stress and strain patterns at sensor locations and support sensor 

layout decisions and boundary condition definitions. The model after is calibrated using nominal 

material properties and provides a baseline for expected sensor readings during the physical 

tests. 
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Figure 7. FEM analysis of the steel beams 

The finite element model (FEM) was developed to simulate the structural response of the reused 

steel beam under both static and dynamic conditions. The model was used as the core of an 

inverse calibration framework in which selected material and boundary condition parameters 

were iteratively adjusted to minimize the discrepancy between numerical predictions and 

experimental results. 

4.3.1. Modelling assumptions and geometry 

A 3D linear-elastic model was implemented using commercial FEM software (ANSYS) (Figure 8). 

The geometry of the beam was defined as an I-profile with a total length of 4 meters, a web height 

and flange width of 120 mm, and a uniform thickness of 8 mm. Solid elements were used to 

represent the beam geometry with sufficient fidelity while maintaining computational efficiency for 

multiple iterations during the calibration process. 

 

Figure 8. Steel beam modelling 

The steel was modelled as linearly elastic, with Young’s modulus (E) treated as a calibration 

parameter. The initial value of E was set to the standard structural steel modulus of 210 GPa, per 

Eurocode recommendations. Poisson’s ratio was fixed at 0.3, and density was taken as 7850 

kg/m³. No material nonlinearity or plastic deformation was included in this phase of modelling, as 

the experimental tests were within the elastic regime. 
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4.3.2. Boundary conditions and loading 

The beam was simply supported in the initial model configuration. However, due to field variability 

and the beam's partial cantilever condition at one end (approximately 20 cm), the support stiffness 

was recognized as a potential source of uncertainty. During the experiment, auxiliary columns 

were placed directly under the beam supports to isolate its response and enforce conditions as 

close as possible to ideal simple supports. 

These boundary conditions were subject to calibration during the FEM updating process, as small 

deviations in rotational restraint or vertical flexibility could influence both static deformations and 

natural frequencies. As per future research activities, support conditions can be represented 

using elastic springs with tunable stiffness to approximate realistic behaviour where required. 

Nevertheless, in this case, the focus of the calibration parameter has been the young modulus, 

and modifications applied at boundary conditions have been focused on variations of restrictions 

/ releases of rotational degrees or longitudinal axis at the supports. 

In the static simulations, point loads were applied at positions matching the test setup to replicate 

the three-point bending scenarios. In the dynamic analysis, a modal extraction was performed to 

compute the natural frequencies and corresponding mode shapes. 

 

Figure 9. Static modelling. The output is parametrized as the elastic strain at the axis and exact 
location of the fibre optic strain sensors installed on the physical steel beam, which will support 
the inverse modelling calibration. 

4.3.3. Preliminary static modelling 

The preliminary Finite Element Method (FEM) analysis served multiple critical purposes: 

informing the optimal placement of Fibre Optic Sensors (FOS), defining the expected range of 

structural behaviour, and establishing a baseline dataset for the subsequent inverse-modelling 

and calibration phase. 

After an initial site visit to measure the details required for modelling the target beam, a preliminary 

model was performed to design the static testing in terms of maximum load to be applied (to not 

to overpass elastic limit of the beam, supposed to be under 275 MPa, a typical value of this kind 

of structural elements) and also the expected range of strain.  
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Figure 10. Static modelling testing applying 10KN at the three points load with equidistant 
distribution along the length of the beam (4.27m). Blue circles represent the installation points of 
the FOS sensors. 

 

Figure 11. Maximum stress expected 

 

Figure 12. Expected maximum strain at the points where the FOS sensors are decided to be 
installed (equidistant to load application point according to Figure 10). 
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Figure 13. Applied load at only the middle point (10KN) 

 

Figure 14. Applied load at L/4 and 3L/4 stress 

 

Figure 15. Applied load of 15KN at the middle point 

This pool of local models resulted in a comprehensive library of possible structural behaviours. 

This library was essential for: 

• Sensor layout optimization: Confirming that the chosen sensor locations were sensitive to 

the parameters intended for calibration (as per Figure 11). 
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• Defining the calibration space: Providing the "predicted responses" against which the real 

experimental data from the FOS would be compared during the algorithm-based 

calibration process described in Section 4.4. 

• Sensitivity analysis: Identifying which parameters (e.g., E vs. boundary stiffness) had the 

most significant influence on the structural response, thereby guiding the focus of the 

calibration effort. 

The creation of the preliminary models ensured that the subsequent experimental and calibration 

phases were conducted efficiently and with a clear understanding of the possible structural states. 

4.3.4. Modal analysis and mode selection 

A preliminary modal analysis was carried out for the full frequency range of interest. The results 

yielded a large number of mode shapes, including torsional and higher-order local modes. To 

ensure a meaningful comparison with experimental data and reduce model complexity, a mode 

participation analysis was conducted. 

Only the modes with the highest modal participation ratios in the vertical direction (Z-axis) and 

the horizontal direction (X axis) were retained for calibration. These typically correspond to the 

first and second flexural modes, which dominate the dynamic response of simply supported 

beams under vertical and horizontal excitation. Modes with negligible dynamic contribution or 

those predominantly involving torsion or local flange vibration were discarded. 

  

 

Figure 16. Preliminary modal analysis performed for E=210 GPa. Results obtained for first and 
second modal shapes (vertical axis) and extracted table of modal participation factor table. 

 

In addition to the vertical modes, it has been identified that the horizontal mode shapes are also 

relevant and scope of calibration: 
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Figure 17. Preliminary modal analysis performed for E=210 GPa. Results obtained for first and 
second modal shapes (horizontal axis) and extracted table of modal participation factor table. 

The initial modal analysis was conducted under the idealized assumption of simply supported 

boundary conditions, which predicted distinct vertical and horizontal bending modes 

characteristic of such constraints. However, recognizing that the actual structural behaviour in the 

field would be influenced by the complex connectivity and continuity of the full crane beam 

system, a more sophisticated model was developed. This subsequent analysis accounted for the 

non-ideal, non-simply supported conditions by modelling the complete structural assembly, 

including connections to supporting columns and adjacent members.  

 

Figure 18. Modelling of the full beam crane system 

Obtained results show a very similar values (as local mode shapes) than the simply supported 

case. 
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Figure 19. Obtained first vertical bending mode 

In light of the modal analysis results, which identified the first and second flexural modes as 

dominant in the structural response, the monitoring plan for the dynamic characterization was 

strategically defined. The objective is to capture sufficient modal information to effectively 

calibrate the numerical model. To this end, accelerometers will be deployed at two critical 

locations: one at mid-span (L/2) and a second at the quarter-span (L/4). This configuration is 

optimal as the L/2 position exhibits maximum displacement for the fundamental mode, while the 

L/4 point provides a non-zero measurement for the second mode and allows for reliable 

distinction between symmetric and anti-symmetric mode shapes. This two-sensor setup provides 

the necessary spatial resolution to accurately identify the key modal frequencies and validate the 

corresponding mode shapes obtained from the finite element model 

 

Figure 20. Proposed installation location for accelerometers at L/2 and L/4 
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Figure 21. Detail of installed accelerometers (on top of the beam) 

4.4. Installation and inverse-modelling for calibration of the system 

An inverse calibration procedure has been defined to refine the FEM model using real test data 

(more information can be found in deliverable D10.1). The approach includes simulated response 

comparisons to physical test results for optimization of material parameters. This process is 

essential to ensure a high-fidelity numerical model aligned with the real behaviour of the tested 

beams. Once the inverse calibration is complete and the FEM model validated, the next step will 

involve the analysis and implementation of a damage identification algorithm.  

The primary objective of the calibration process was to determine the Young’s modulus (E) that 

best replicates the structural behaviour measured during experimental tests of the use case 

proposed in WA6. To this end, a direct error-minimization strategy was employed, comparing 

simulated responses from FEM with experimental data acquired through FOS during both static 

loading and dynamic testing. 

The calibrated FEM sets the foundation for data-driven damage detection. An artificial intelligence 

(AI) module based on autoencoder neural networks has been developed to detect anomalous 

structural responses. The model will initially be trained using synthetic simulations of undamaged 

(healthy) states. Reconstruction errors from the autoencoder will be analysed to flag potential 

anomalies indicative of damage. 

4.4.1. Experimental results 

The static characterization involved a three-point bending configuration, a standard method for 

determining flexural stiffness in beam elements. Loads were applied using fastening straps 

connected to ground-anchored steel base plates via steel ropes, simulating point loads. The 

anchorage system was designed to be flexible and non-invasive, minimizing interference with the 

test element. The ropes were routed over the beam to apply the load at designated locations, and 

load cells were installed at each loading point to continuously measure the applied force. 
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Figure 22. Static test installed on site and installed steel plates on the ground 

The test protocol consisted of distinct load scenarios, varying the magnitude of the applied forces 

to generate a comprehensive strain profile across the beam. These scenarios were used to 

capture the global and local stiffness characteristics of the beam under typical reuse-relevant 

loading configurations. Below it is presented an example of one of the performed static tests, 

more information can be found in deliverable D10.1. 

 

Figure 23. Examples of loading – strain measured static testing 

For dynamic testing, the beam was instrumented with two fibre optic accelerometers positioned 

at midspan (1/2L) and quarter-span (1/4L), allowing for the capture of relevant mode shapes and 

natural frequencies. A manual impact hammer was used to excite the beam, simulating an 

impulsive load, and the resulting free vibrations were recorded. Data acquisition was 

synchronized across all sensors to ensure temporal consistency between excitation and 

response [12].  

The following figures summarize some of the outputs of the experimental campaign and their 

comparison with FEM predictions for both dynamic and static testing. 
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Figure 24. Left graphs: Horizontal and vertical acceleration registers over time. Right: FFT analysis 
content extracted from free vibration register. 

The experimental modal analysis conducted via FFT processing of acceleration data identified 

the first two vertical flexural modes of the beam as the most significant for structural calibration 

[13]. The measured natural frequencies for these modes were: First flexural mode: 10.4 Hz; 

second flexural mode: 31.05 Hz. These values serve as reference targets for the dynamic 

calibration process. The finite element model is adjusted to replicate these frequencies by tuning 

both the Young’s modulus (E) and the effective support conditions, ensuring accurate 

representation of global stiffness and boundary flexibility. The emphasis on flexural modes aligns 

with the expected deformation behaviour under vertical loading and impact excitation. 

In parallel, the static test results—specifically the strain responses under the distinct loading 

cases—are used to refine the Young’s modulus based on a best-fit strategy. The integration of 

both static and dynamic data within a unified FEM calibration framework improves model 

robustness and enables a more reliable estimation of mechanical properties and support 

behaviour, which are critical for assessing the beam's reuse potential. 

The FEM calibration process allowed for a refined estimation of mechanical parameters, 

particularly the Young’s modulus, which was updated based on experimental evidence. This 

enhanced model now more accurately reflects the structural behaviour of the monitored element 

and can be used to assess residual load-bearing capacity and evaluate safety margins. 

4.4.2. Integrated Static–Dynamic FEM calibration 

The FEM was iteratively solved for 30 values of Young’s modulus across a realistic range, from 

100 GPa to 210 GPa. For each E value, both static strain distributions and natural frequencies 

were computed and compared with experimental data using error metrics. Support conditions 



  

 
37 

Associated with document Ref. 101129961 

were also fine-tuned based on discrepancies between expected and measured modal behaviour, 

as previously explained in section 4.3.2. 

This hybrid calibration strategy, based on both static and dynamic responses, allowed the final 

model to represent the actual mechanical behaviour of the beam with high fidelity. The aim of the 

calibration process is to determine the Young’s modulus (E) that best reproduces the structural 

behaviour observed during both static and dynamic tests. To achieve that, we employ a direct 

error-minimization approach based on experimental and numerical comparisons. 

Two sources of experimental data were used: strain measurements from different static loading 

scenarios, and the first two natural frequencies from dynamic characterization. For each of the 

candidate values of E, numerical simulations were conducted to generate corresponding 

synthetic responses. These were compared with the experimental measurements using two 

standardized error metrics: root mean squared error (RMSE) and mean absolute error (MAE). 

The calibration seeks to minimize the discrepancy between measured and simulated data, 

independently for static and dynamic cases. Subsequently, both sources are integrated into a 

unified framework to identify an optimal E value that balances accuracy across datasets. 

 

Figure 25. Synthetic scenarios launched in ANSYS FEM 

4.4.3. Error minimization 

The static responses consist of strain values at selected sensor locations under 15 loading 

scenarios. The dynamic responses include the first two natural frequencies of the beam. For each 

of the 30 candidate values of Young’s modulus E, finite element simulations are performed to 
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generate synthetic static and dynamic responses. These are then compared with the 

corresponding experimental results. 

To evaluate the agreement between simulation and experiment, it is computed two standard error 

metrics: the root mean squared error (RMSE) and the mean absolute error (MAE). Both static 

and dynamic datasets are standardized prior to error computation to ensure comparability of 

values. The full distribution of static errors is retained to capture variability across loading 

conditions. 

 

Figure 26. Evolution of RMSE as a function of E for both static and dynamic calibrations 

The figure shows that the static RMSE increases as E increases, with the best fit around 136 

GPa. In contrast, the dynamic RMSE reaches its minimum near 181 GPa and increases steadily 

with higher stiffness values. The shaded band in the static curve represents the range of RMSE 

values across all load conditions, reflecting the variability in fit quality for different scenarios. 

These results indicate that no single value of E simultaneously minimizes both error curves. A 

trade-off must be established to determine the optimal value for calibration. 
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Figure 27. Synthetic scenarios launched in ANSYS with different loading scenarios and different 
Young Modulus, with output of the two target natural frequencies and the strain measurement at 
the sensor locations. 

The initial comparison between the static and dynamic testing results revealed a significant 

discrepancy in the estimated Young’s modulus values. While the static loading tests suggested a 

considerably lower modulus, the dynamic modal analysis yielded a higher stiffness value. This 

divergence can be attributed to the assumptions made in the FEM modelling, particularly 

regarding the boundary conditions. The beam was initially modelled as perfectly simply 

supported; however, the as-built inspection and test results indicated that the actual support 

conditions did not fully correspond to this idealisation. Factors such as partial fixity at the supports, 

residual stresses from fabrication, and minor eccentricities in the end restraints can strongly 

influence the apparent stiffness observed under static loading, thereby leading to an 

underestimation of the material modulus. 

To address this issue, alternative boundary condition scenarios were evaluated in the FEM 

calibration process. These included combinations of simple support with partial rotational 

restraint, as well as models accounting for a limited cantilever effect at one end, consistent with 

the observed installation. By refining the boundary conditions as per section 4.3.2, the calibration 

produced a much closer agreement between the static and dynamic test results. The updated 

RMSE analysis (Figure 28) shows that the gap between the two estimates of Young’s modulus is 

significantly reduced, converging towards a value of approximately 155 GPa. 
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Figure 28. Final RMSE / MAE obtained for static and dynamic calibration datasets 

This revised modulus is considered reasonable given the steel type and age of the structure. The 

industrial building from which the beam was recovered was constructed in the 1950s, a period 

when typical structural steels used in the Basque Country often exhibited elastic moduli in the 

range of 150–160 GPa. The final calibrated value is therefore consistent both with the material’s 

historical context and with the expected performance of comparable structural steels, providing 

confidence in the validity of the FEM model and the monitoring approach. 

4.4.4. Weighted Error Aggregation and Parameter Estimation 

Since the static and dynamic error curves reach their minima at different values of E, a combined 

error metric is proposed to guide the selection of an optimal stiffness. The total error is computed 

as a weighted sum of the static and dynamic RMSE values for each tested E: 

𝑅𝑀𝑆𝐸𝑡𝑜𝑡𝑎𝑙(𝐸) = 𝑤𝑠 ∙ 𝑅𝑀𝑆𝐸𝑠𝑡𝑎𝑡𝑖𝑐(𝐸) + 𝑤𝑑 ∙ 𝑅𝑀𝑆𝐸𝑑𝑦𝑛𝑎𝑚𝑖𝑐(𝐸) 

where 𝑤𝑠 and 𝑤𝑑 are scalar weights that reflect the relative importance or confidence in the static 

and dynamic datasets. In this study, equal weights (𝑤𝑠 = 𝑤𝑑 = 0.5) are applied to give balanced 

influence on both sources of information. All RMSE values are computed using standardized data 

to ensure consistent scaling. 

The combined RMSE curve allows identification of the E value that minimizes the total error. The 

optimal Young’s modulus is found to lie between the static-only and dynamic-only minimal, 

reflecting a compromise between both calibration objectives. This value represents the best 
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overall match between simulation and experiment when considering both types of structural 

response. 

This approach provides a simple yet effective framework for integrating multiple experimental 

datasets in model calibration. It also highlights the sensitivity of the optimal parameter to the 

chosen error weighting, suggesting that adjustments could be made in future work based on data 

quality or application-specific priorities. 

To obtain a singular value of the Young’s modulus for calibration, an optimization strategy was 

followed in which both static and dynamic error metrics (RMSE and MAE) were considered 

simultaneously. The individual curves showed that the dynamic RMSE reached its minimum at 

approximately 152–154 GPa, while the dynamic MAE was slightly shifted towards higher values 

(~156–158 GPa). For the static case, the minima of both RMSE and MAE were also spread 

across the 151–158 GPa range. This dispersion indicated that choosing the minimum of a single 

metric (e.g. dynamic RMSE only) would necessarily degrade the fit in the other metrics, resulting 

in an unbalanced calibration. 

 

To address this, a combined objective function was defined: 
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where the RMSE values were normalised to allow direct comparison, and ws, wd, represent 

weighting factors for the static and dynamic responses. In extended form, the objective function 

can also include the MAE terms: 

 

where the tilde indicates normalization of each metric. In this study, equal weights were assigned 

to static and dynamic performance, as both responses are considered equally important for model 

fidelity. The resulting normalized error curve (Figure 29) exhibited a clear minimum at 

approximately E ≈ 155 GPa, which was therefore chosen as the recommended compromise 

value. 

 

Figure 29. Normalised error RMSE - MAE 

This value lies between the minima of the individual criteria, ensuring that the FEM model 

performs consistently well for both static and dynamic responses. It represents a balanced trade-

off between accuracy in the two domains and avoids biasing the calibration towards either load-

displacement curves or vibration characteristics. Importantly, the final modulus of 155 GPa is also 

in line with the expected range for steels used in industrial buildings constructed in the Basque 

Country during the 1950s, which typically exhibit elastic moduli between 150–160 GPa. This 

provides further confidence that the selected value is both technically justified and historically 

consistent with the material properties of the pilot structure. 

The selection of a compromise value of E ≈ 155 GPa is also particularly relevant for the activities 

foreseen in Task 3.6 of WP3, where transfer learning methods will be trained and validated. The 

availability of a calibrated Young’s modulus consistent with both static and dynamic responses 

ensures that the structural behaviour captured by the FEM model reflects realistic stiffness 
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properties of the steel beams. This reduces the bias introduced by inaccurate material 

assumptions and provides a reliable baseline dataset for domain adaptation. By grounding the 

training of transfer learning models on a well-validated modulus value, the methodology can more 

effectively generalise to other beams of similar typology, thereby strengthening the application of 

AI-driven anomaly detection and cross-structure comparisons across the SUM4Re pilots. 

4.5. Damage identification applying AI-techniques to the collected structural 

response data. 

The final step of the integrated SHM framework developed in Task 2.6 concerns damage 

identification [14], building on the calibrated FEM models and the structural response data 

collected by the fibre optic sensors. The aim is to detect early signs of degradation or damage in 

structural elements, thereby supporting safe reuse and extending service life within circular 

construction strategies. 

To achieve this, the project adopts an AI-based anomaly detection approach, with a particular 

focus on unsupervised learning methods that do not require labelled damage datasets. Following 

a review of the state-of-the-art in SHM, an autoencoder neural network was selected as the 

baseline architecture. The principle is to train the autoencoder on simulated structural responses 

of the healthy state, generated by the calibrated FEM model. Once trained, the network learns to 

accurately reconstruct the input data corresponding to undamaged conditions. During monitoring, 

real measurements (e.g. strain profiles, displacement fields, vibration signatures) are processed 

by the autoencoder. If the reconstruction error exceeds a defined threshold, the data point is 

flagged as an anomaly, which may indicate the presence of damage. For the steel structural 

beam, below is presented a table for the damage-identification algorithm that combines strain 

evolution (local, quasi-static indicators) with modal analysis (global, dynamic indicators) that 

clearly states the defined thresholds for the algorithm: 

Table 5. Defined thresholds for dynamic and static datasets 

ID Indicator Processing / metric 
Threshold / rule 

(example) 

Damage 

interpretation 

D1 Peak strain 
excursion 

max(ε) over load cycle minus 
baseline 

> baseline + 500 µε OR > 
0.5·yield_strain → alarm 

Local yielding / 
severe local 
overstress 

D2 Residual strain 
(permanent) 

ε_residual = ε_after_unload − 
ε_baseline 

> 100 µε and persistent 
over 3 cycles 

Plastic deformation / 
local damage 

D3 Progressive strain 
increase rate 

dε/dt (trend over repeated 
cycles) or monotonic increase 
across tests 

Increase > 10% over 5 
comparable cycles or 
statistically significant 
positive trend (p<0.05) 

Fatigue accumulation 
or progressive 
stiffness loss 
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D5 Fundamental 
frequency shift 

Δf1 = (f1_current − 
f1_baseline)/f1_baseline ·100% 

Δf1 < −2% (beyond 
environmental bounds) → 
flag; > −5% → serious 

Global stiffness 
reduction (possible 
widespread damage) 

D6 Higher-mode 
frequency changes / 
mode pattern 
change 

Mode shape MAC or Modal 
Assurance Criterion; Δfn for n>1 

MAC < 0.90 with baseline 
OR consistent Δfn > ±3% 

Local damage 
altering mode shape; 
boundary change 

This approach benefits from several strengths: 

• Integration of static and dynamic responses: both deformation (strain/displacement) and 

vibration data are considered, providing sensitivity to stiffness degradation, crack 

initiation, and modal frequency shifts. 

• Simulation-driven training: synthetic datasets of both healthy and artificially damaged 

states can be generated from the FEM, enabling controlled evaluation of detection 

sensitivity and robustness. 

• Transferability: by combining simulation data with selected experimental datasets, the 

approach can address distribution shifts between idealised and real-world measurements, 

thus reducing false positives. 

In practice, the damage detection workflow will operate in three stages: 

• Model training with healthy-state FEM data, ensuring a robust baseline of structural 

behaviour. 

• Validation with synthetic damaged scenarios, using FEM to emulate crack propagation, 

loss of stiffness, or boundary condition changes. 

• Deployment on real FOS data, progressively integrating field measurements into the 

training set to improve generalisation and adapt the algorithm to environmental variability 

(e.g. temperature, humidity, noise). 

 

Figure 30. Work scheme for the damage detection algorithm 
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The final step of the SHM framework developed in Task 2.6 is the damage identification stage, 

which combines signal processing and AI-based techniques to extract reliable indicators of 

structural degradation. The methodology leverages both the dynamic response of the structure, 

obtained from operational modal analysis (OMA), and the static response captured by distributed 

deformation sensors. 

The dynamic component of the algorithm is based on the tracking of natural frequencies and 

mode shapes identified from FOS and accelerometer data under ambient and controlled 

excitations. Structural damage or stiffness degradation typically leads to reductions in natural 

frequencies, particularly in the lower modes, while changes in mode shapes may reveal localised 

weakening. By establishing a baseline from the calibrated FEM and healthy-state measurements, 

the algorithm continuously monitors frequency evolution to detect deviations that exceed 

expected environmental variability (e.g. temperature effects). 

 

Figure 31. Damage identification algorithm coding 

In parallel, the static monitoring provided by the strain sensors (FS62) offers complementary 

information on deformation trends. By analysing strain distributions along the beam under 

repeated load cycles, the system can detect anomalies such as localised strain concentration, 

progressive stiffness loss, or non-linear residual deformations. These tendencies are tracked over 

time to capture early signs of damage that may not immediately manifest in the global modal 

parameters. 

The combined analysis of frequency shifts (global indicators) and strain tendencies (local 

indicators) forms the basis of the anomaly detection algorithm. This dual perspective increases 

robustness: modal frequency changes provide sensitivity to global stiffness degradation, while 
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strain-based indicators enhance the detection of localised phenomena such as cracks or joint 

failures. Both datasets feed into the anomaly detection model, which raises alerts when deviations 

exceed calibrated thresholds. 

 

Figure 32. Damage identification algorithm testing execution, related to the vibrational analysis 
based on RMS acceleration value evolution over time, and shifting of the dominant natural 
frequency. 

This hybrid approach aligns with the broader objectives of SUM4Re by ensuring that reusable 

structural components are monitored both at the global level (through OMA) and the local level 

(through strain sensing). Furthermore, the integration of these indicators into the AI-based 

framework supports future generalisation through Task 3.6 (WP3), where transfer learning 

techniques will adapt the detection algorithms to new beams and pilot structures. 

In summary, the proposed AI-based damage identification methodology represents a scalable, 

data-driven layer in the SUM4Re SHM framework. It capitalises on FOS precision, FEM-based 

calibration, and machine learning capabilities to move beyond raw monitoring, providing 

actionable insights into the structural condition of reused components. This aligns directly with 

the project’s circularity objectives by ensuring that reused elements can be monitored with 

confidence throughout multiple life cycles. 
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5. Challenges and limitations 

The development of the FOS-based SHM framework in Task 2.6 revealed several technical 

and methodological challenges (it is stated the related risk of section 4.2): 

• Discrepancy between static and dynamic calibration (R9 – Risk-based Assessment 

Framework). Static tests favoured lower stiffness values (≈136 GPa) while dynamic 

calibration indicated higher stiffness (≈181 GPa). This divergence is linked to non-ideal 

boundary conditions and highlights the importance of support modelling for reused 

elements. 

• Sensitivity to boundary conditions (R9 – Risk-based Assessment Framework). Small 

deviations from the ideal simply supported configuration (cantilever overhangs, partial 

fixity, or local compliance) had a pronounced influence on dynamic frequencies. 

Correctly capturing this variability required calibration of support stiffness parameters 

alongside Young’s modulus. 

• Sensor installation and bonding (R2, R6, R7 – Risk-based Assessment Framework) – 

FOS readings proved highly dependent on proper bonding and protection. Surface 

preparation, adhesive reliability, and environmental protection (humidity, dust, 

mechanical impact) remain critical to ensuring long-term stability.  

• Environmental effects and signal variability (R4, R6 – Risk-based Assessment 

Framework). Cross-sensitivity to temperature and local noise sources introduced 

uncertainty in the measurements. Compensation strategies such as reference FOS 

sensors and filtering algorithms are required. 

• Computational demand of FEM calibration. Iterative calibration using genetic 

algorithms with multiple datasets (static and dynamic) was computationally intensive. 

While effective, scalability to larger or more complex structures may require more 

efficient optimisation strategies. 

• Representativeness of datasets (R9 – Risk-based Assessment Framework). The 

calibration relied on a limited number of specimens and loading scenarios. Expanding 

the reference database, including damaged and aged states, will be essential for 

transfer learning and generalisation across pilots. 

• AI-based detection robustness (R10 – Risk-based Assessment Framework).  While the 

anomaly detection framework shows promise, risks of false positives remain, 

particularly under environmental variability. Hybrid strategies combining physics-based 

and AI-based features are needed to improve reliability. 
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• Use of the calibrated Young’s modulus for transfer learning. The compromise modulus 

of ≈155 GPa, obtained through combined static–dynamic calibration, will serve as a 

reference value for the training of transfer learning algorithms in Task 3.6 (WP3). A 

matrix of synthetic scenarios will be generated using this modulus as a baseline, 

introducing variations in both damage patterns and boundary conditions. This will 

enable the creation of enriched datasets that capture realistic variability, strengthening 

the ability of AI models to adapt across structures and pilots. 

 



  

 
49 

Associated with document Ref. 101129961 

6. Conclusion 

Deliverable D2.6 demonstrates the feasibility and added value of deploying fibre optic sensors 

(FOS) for the structural health monitoring of reusable steel elements within the SUM4Re 

framework. Through a combined programme of static and dynamic testing, FEM calibration, 

and AI-based analysis, the task delivered a traceable methodology for evaluating the condition 

and reuse potential of structural steel beams. 

The work confirms that FOS technology provides high-resolution, multiplexed strain and 

vibration data with reduced installation effort compared to conventional electrical gauges. The 

integrated static–dynamic FEM calibration approach successfully reconciled discrepancies 

between static and dynamic responses, yielding a compromise Young’s modulus of ≈155 GPa, 

consistent with historical steel properties. This calibrated value provides a reliable foundation 

for further reuse assessment and for training AI models. 

A damage identification algorithm was developed, combining operational modal analysis 

(frequency and mode shape tracking) with deformation trend analysis from FOS strain 

sensors. This dual-indicator strategy enhances robustness by capturing both global and local 

signs of degradation. The algorithm is designed to operate in an unsupervised mode, enabling 

early detection of anomalies without requiring pre-labelled datasets. 

Despite these advances, challenges remain in sensor installation robustness, environmental 

compensation, FEM boundary condition modelling, and dataset generalisation. Addressing 

these limitations will be essential for scaling the methodology across other pilots and structural 

typologies. 

The findings of Task 2.6 directly support Task 3.6 of WP3, where transfer learning models will 

be trained on the calibrated datasets to extend anomaly detection capabilities to broader 

classes of structural elements. Furthermore, integration with WP10 pilot activities ensures that 

real-world testing informs calibration and validation, while links with WP6 will enable 

embedding of structural data into circular-BIM platforms and digital product passports. 

In conclusion, the methodology developed in D2.6 provides a robust, transferable framework 

for structural assessment with FOS, combining precision sensing, advanced modelling, and 

AI-driven analytics. This represents a concrete step toward scalable, digitalised monitoring 

strategies that underpin circular economy practices in the construction sector. 
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