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1. Executive Summary 

WP12 deals with intelligent inspection technologies and management of civil works. On top of the 
assets themselves (e.g. bridges, viaduct, rail, tunnels), the surrounding environment /  
environmental conditions are part of this work (e.g. slopes, vegetations, floods). This deliverable 
establishes requirements, architecture and presents initial measurements pertaining monitoring 
techniques on civils, paving henceforth the way for WP13. 
 
The present document is divided in the following sections: 
 

¶ The first section Use Cases: Functional and Technical Requirements (Section 5) presents one 

subsection per Use Case, describing for each one (1) Problem to be solved, (2) Industry 

current position/baseline, (3) Subproblem addressed by the use case and measurable 

objectives, (4) Influence of the proposed innovation on the IM/RU problem and (5) 

Refinement of Key Performance Indicators (KPIs). These sections (5.1, 5.2, 5.3 and 5.4) 

provide the general information for the project technologies, providing also an overview on 

the technologies state of the art review and other socio-economic factors. 

¶ The following section (Section 6) is Architecture and Data interoperability, which presents 

(1) The architecture of the WP, (2) the user interface developed to visualise the data of the 

interoperability database to browse WP12 and 13 contents and (3) the different standards 

that each UC applies to the WP as well as the standards applied for interoperability and 

retrievability. 

¶ Next, on Section 7, Civil engineering inspection and monitoring technologies: Installation 

and initial data collection, a detailed report on the current development status of each 

project Use Case technology is provided per UC including Selected equipment, technical 

specifications and justification, Data selection and collection, Algorithms and 

implementation, Preliminary results, Workflow and Demonstration Plan.  

¶ There is a final section of Conclusions (Section 8), a section for References (Section 9) and 

another referring the different Appendices of the document (Section 10). 
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2. Abbreviations and acronyms  

Abbreviation / Acronym Description 

ABA Axle Box Acceleration 

ADIF Administrador de Infraestructuras Ferroviarias 

AOI Area Of Interest 

AR Auto Regressive 

BIM Building Information Modeling  

BMS Bridge Management Systems 

CAPEX Capital Expenditure 

CEDEX Centro de Estudios y Experimentación de Obras Públicas 

CEMOSA Centro de Estudios de Materiales y Control de Obra, S.A. 

CHM Canopy Height Model 

CoSD Combined Standard Deviation 

CSV Comma Separated Value 

CWT Continuous Wavelet Transform 

DAQ Data Acquisition System 

DT  Digital Twin 

DTM Digital Terrain Model 

EGMS European Ground Motion Service 

EOC Environmental Conditions 

EOCs Environmental and Operating Conditions 

ESA European Space Agency 

FA Flagship Areas 

FEA  Finite Element Analysis 

FEM Finite Element Model 

GDLAS  Global Land Data Assimilation System 

GEE Google Earth Engine 

GIS Geographic Information System 

GPM Global Precipitation Measurement 

GPS Global Positioning System 

IM Infrastructure Manager 
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Abbreviation / Acronym Description 

IMERG Integrated Multi-satellite Retrievals  

INECO Ingeniería y Economía del Transporte 

InSAR Interferometric Synthetic Aperture Radar 

IOT Internet Of Things 

JAXA Japan Aerospace Exploration Agency 

KNN K-Nearest Neighbour  

KPI Key Performance Indicators 

LL Longitudinal Level   

LST Land Surface Temperature 

LVDT Linear Variable Differential Transformer 

MAE Mean Absolute Error 

MASW Multichannel Analysis of Surface Waves 

MGT Million Gross Tonnes 

ML Machine Learning 

MODIS Moderate-Resolution Imaging Spectroradiometer 

MOMIT 
Multi-Scale Observation & Monitoring of Railway Infrastructure 
Threats 

NASA National Aeronautics and Space Administration 

NDE Non-destructive Evaluation 

NDI Non-Destructive Inspections 

NIR Near Infrared 

NN Neural Network 

OMA Operational Modal Analysis 

OPEX Operational Expenditure 

PCA Principal Component Analysis 

PSD Power Spectral Density 

PVC Polyvinyl chloride 

RADIS Detailed Computerized Record of Underground Defects 

RFI Rete Ferrovie Italiane 

RFN French National Railway Network 

RU Railway Undertaking 
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Abbreviation / Acronym Description 

SAR Synthetic Aperture Radar 

SAWP Scale Average Wavelet Power 

SHM Structural Health Monitoring 

SLC Single-Look Complex  

SNAP {ŜƴǘƛƴŜƭΩǎ !ǇǇƭƛŎŀǘƛƻƴ tƭŀǘŦƻǊƳ 

SNAPHU Statistical-Cost, Network-Flow Algorithm for Phase Unwrapping 

SNCF Société nationale des chemins de fer français 

SOAR Regional civil engineering specialists 

SQL  Sequel Query Language 

SVM Support Vector Machine 

TG Track Geometry 

TRMM Tropical Rainfall Measuring Mission 

UC Use Case 

UI User Interface 

VNA Vector network analyzer 

WPS Wavelet Power Spectrum 

WSN Wireless Sensor Network 

Table 1. Abbreviations and Acronyms 
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3. Background 

The present document constitutes the Deliverable D12.1 άCivil Engineering requirements, 
architecture, inspection and monitoring reportέ ƛƴ ǘƘŜ ŦǊŀƳŜǿƻǊƪ ƻŦ ǘƘŜ CƭŀƎǎƘƛǇ tǊƻƧŜŎǘ FP3-
IAM4RAIL as described in the EU-RAIL MAWP. The work focuses on improving the life-cycle 
management of civil assets, encompassing a range of components and systems, including railway 
civil structures like tunnels and bridges, as well as civil works such as earthworks and their 
surrounding environments. Additionally, it addresses external factors that impact railway 
infrastructure, including vegetation, landslides, floods, and other influences from various sources. 
The comprehensive background information for the different technologies is presented in section 
5. In relation to each individually threated Use Case, the background information covers the overall 
problems to be solved by the Infrastructure Managers (IM) or the Railway Undertakings, the 
LaΩǎκw¦Ωǎ ōŀǎŜƭƛƴŜs/positions, the (sub)problems addressed by the Use Cases, plus the targeted 
measurable objectives and the influence on the IM/RU problem of the innovation proposed by the 
Use Case. 
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4. Objective/aim 

This deliverable D12.1Ωǎ main goal is to present the requirements and the architecture of the 
technologies across WP12 and WP13. The document also presents the installation and initial data 
collection from monitoring and inspection systems, setting the baseline for the work around civil 
assets to be performed in WP13.  In this report, different assets are normally discussed in different 
regions. When the same kind of asset is threated in two or more regions, different technologies 
apply for its inspection and management. Technologies adopted are vary, spanning across space, 
air, ground and underground (e.g. satellites, airplanes, drones, ground vehicles, tilt-meters, 
accelerometers, displacement transducers, geophones). Four main use case are defined across five 
countries.  Every section of the deliverable addresses the 4 different UCs which are part of WP12 
and that are internally composed by different technologies and demonstration scenarios: 
 

¶ Multiscale Monitoring of Civil Assets (Italian UC). This UC works with three different assets: 

o Vegetation. 

o Bridge inspection. 

o Hydrogeological risk satellite-based monitoring. 

¶ Bridges and Earthworks Asset Management aided by Geotechnics (Spanish UC). Two 

different types of assets are analyzed: 

o Bridges. 

o 9ŀǊǘƘǿƻǊƪǎΦ ¢ǿƻ ŘƛŦŦŜǊŜƴǘ ƭƻŎŀǘƛƻƴǎ ŀǊŜ ǳǎŜŘ ŦƻǊ ǘƘŜ ŜŀǊǘƘǿƻǊƪΩǎ ŘŜƳƻƴǎǘǊŀǘƛƻƴΥ 

Á Briones. 

Á Vilar de Silva. 

¶ Monitoring of Tunnel, Sub-ballast layers, Subsoil (French UC). Three different technologies 

are addressed by this UC: 

o Evaluation of mechanical properties of sub-ballast layers and subsoil. 

o High efficiency tunnel inspection systems and predictive maintenance for tunnels. 

o Passive contactless magnetic microwire sensors arrays for high definition tunnel 

convergence monitoring systems in tunnels. 

¶ Data Analysis for Condition Monitoring (The Netherlands and Norway UC). Two different 

developments are englobed within this UC: 

o Railway track monitoring in The Netherlands using a combination of dynamic 

responses from axle box acceleration system and track geometry measurements. 

o Condition assessment of existing concrete bridge and transition zones in Norway. 

The document structure, organized by UCs and their corresponding technologies, enables a 
comprehensive description that thoroughly addresses all deliverable objectives with a high level of 
detail.  
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5. Use Cases: Functional and Technical Requirements  

This section details the analysis of the four Use Cases of the project (1) Multiscale Monitoring of 
Civil Assets, (2) Bridges and Earthworks Asset Management aided by Geotechnics, (3) Monitoring of 
Tunnel, Sub-ballast layers, Subsoil and (4) 2.4. Data Analysis for Condition Monitoring. To fully define 
the different Use Cases the following sections are presented: 

¶ Problem to be solved. 

¶ Industry current position/baseline. 

¶ Subproblem addressed by the use case and measurable objectives. 

¶ Influence of the proposed innovation on the IM/RU problem. 

¶ Refinement of Key Performance Indicators (KPIs). 

 

5.1. Multiscale Monitoring of Civil Assets (Italy) 

5.1.1. Problem to be solved 

During the last years, FS Group has set the goal of designing, developing and implementing a system 
of control and management of the entire life cycle of civil infrastructure assets (e.g. bridges), railway 
infrastructure and the surrounding territory (vegetation, landslides, floods and other external 
factors affecting railway infrastructure). In this system, information from various data sources (from 
different technologies) is jointly exploited, providing support to the operators involved in 
maintenance. Exploiting merged data sources, will make such data more usable to those involved 
in the maintenance activities (currently data is managed separately and not integrated). Another 
objective that must be pursued is to minimize response times during emergency phases. 
 

5.1.2. Industry current position/baseline 

The industry current position/baseline will be analysed regarding (1) civil infrastructure monitoring, 
όнύ IȅŘǊƻƎŜƻƭƻƎƛŎŀƭ Ǌƛǎƪ ŀƴŘ όоύ ±ŜƎŜǘŀǘƛƻƴ ŜƴŎǊƻŀŎƘƳŜƴǘ ŀƴŘ ǘƘƛǊŘ ǇŀǊǘƛŜǎΩ ƛƴǘŜǊŦŜǊŜƴŎŜΦ 
 

5.1.2.1. Civil infrastructure monitoring (railway bridges) 

The Italian railway network, due to the complex orographic structure of the national territory, is 
among those with the highest number of bridges in Europe. Most of existing infrastructures was 
developed since the second half of the nineteenth century. Currently RFI S.p.A. (a company of the 
FS group) manages about 17000 km of network and about 23.100 civil infrastructures (bridges, 
viaducts, underpasses and overpasses). 
The total basin of civil infrastructures present on the Italian territory is composed by 37% of 
underpasses, 34% of bridges, 22% of overpasses and 7% of viaducts. 
RFI monitors the entire railway network assessing the state of conservation and maintenance of civil 
infrastructures (i.e., bridges, viaducts, underpasses, etc.). In accordance with the national and 
international provisions/legislation, RFI conducts cycles of inspection visits for bridges, viaducts and 
underpasses, with the following frequencies: 
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¶ Annual, defined as "routine", 

¶ Triennial, or also called "principal", 

¶ Six-year, every six years, defined as "general". 

The corporate regulatory framework guarantees the integrity, safety, regularity and functionality of 
railway operation. The framework compels the ŎƻǊǇƻǊŀǘŜΩǎ ōƻŘƛŜǎ ǘƻ ŀŘƘŜǊŜ ǘƻ ǎǇŜŎƛŦƛŎ ǇǊƻŎŜŘǳǊŜǎ 
and operating methods. These procedure and methods regulate the inspection of bridges and other 
civil infrastructures. Two documents are available and used as reference: 

1. Procedure "Inspections of bridges, tunnels and other structures of the railway infrastructure" 

2. Operational Methodology Manual "Compilation of minutes for civil infrastructure 

inspection" 

The procedure regulates inspections of bridges, tunnels and other railway civil infrastructure. The 
ǇǊƻŎŜŘǳǊŜ ŘŜŦƛƴŜǎ ǘƘŜ ōƻŘƛŜǎ ƛƴ ŎƘŀǊƎŜ ƻŦ ǘƘŜ ƛƴǎǇŜŎǘƛƻƴǎΣ ǘƘŜ ǊǳƭŜǎ ǘƻ ƪŜŜǇ ǘǊŀŎƪ ƻŦ ŀǎǎŜǘΩǎ ǎǘŀǘǳǎ 
and the frequencies of the inspections. The operation manual, on the other hand, identifies the 
procedures to conduct the inspection and store its results, describes the Bridge Management 
System (DOMUS) the preliminary activities to be performed and list the tools required for the 
execution of the inspections. 
The pondered inspections must include places surrounding the infrastructure such as watercourse 
and slopes; in fact, these could affect the stability of the infrastructure. 
The general visit (performed every six years) is characterized by a greater in-depth inspection as all 
the structural components of the bridge (i.e. decks, piles, abutments, etc.) must be inspected at 
"contact distance". In this case, the activity can require the use of elevating work platforms, special 
by-bridge vehicles, boats, ladders, scaffoldings, etc. and other suitable means to overcome natural 
and anthropic obstacles. 
The purpose of the inspection visit is to identify, characterize and quantify the defects of the 
infrastructure in accordance with the DOMUS system (Diagnostics Artwork Unified Maintenance 
Standard), BMS System (DOMUS) is a set of procedures, models and algorithms allowing the railway 
infrastructure manager to monitor the state of conservation of civil works, plan optimally the 
maintenance and keep control of civil infrastructure, considering all the structural and operational 
factors. 
In some cases, due to the orography of the territory, some works are difficult to inspect even 
through the use of special tools/means (elevating work platforms, special by-bridge vehicles, boats, 
ladders, scaffoldings, etc.)  and consequently, the use of remotely piloted aircraft vehicles (UAVs - 
drones) has been introduced which provide valid support to the inspectors who carry out the visit 
activities. 
 

5.1.2.2. Hydrogeological risk 

Referring to the mitigation of hydrogeological instability, current common best practices provide 
differentiated solutions according to the type of problems to be addressed. For instance, 
geomorphological and hydraulic phenomena are treated differently, although it is acknowledged 
that rainfalls can trigger both phenomena. 
FSI continuously maps real and/or potential hazards that may involve the infrastructure, striving to 
apply the appropriate policies for ordinary and extraordinary maintenance. These mappings 
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(specifically for hazards as flooding and landslides) are prevalently based on the Hydrogeological 
Structure Plans and the Flood Risk Management Plans issued by the District Authorities. GIS tools 
are employed to associate these specific hazards to the infrastructural assets by assigning a priority 
to the mitigating actions. Mitigating actions are guaranteed by acting with over time strategies and 
by constant real-time monitoring, making risk management more effective. 
The onset of potentially hazardous conditions is studied in situ following critical events (also 
involving on site-specific numerical calculation models). However Hydrogeological Structure Plans 
and Flood Risk Management Plans are seldomly updated by the District Authorities. This limits the 
confidence achievable by the risk mapping, resulting in a limited awareness of the risk. 
 

5.1.2.3. ±ŜƎŜǘŀǘƛƻƴ ŜƴŎǊƻŀŎƘƳŜƴǘ ŀƴŘ ǘƘƛǊŘ ǇŀǊǘƛŜǎΩ ƛƴǘŜǊŦŜǊŜƴŎŜ 

Hazards due to Vegetation and other possible interference along the railway (e.g. proximity of 
buildings), are controlled by carrying out periodic field visits and by the means of dedicated video 
surveillance, often leading to a labour-intensive, time-consuming, costly, and inefficient vegetation 
management process. 
 
Routinely field inspections provide a wide range of checks on: 

¶ General infrastructureΩǎ health, including track, structure, roads, fences, level crossing, 

signalling equipment, overhead catenary line, paying special attention to the effects of water 

floods. 

¶ Violation of the Railway Police Regulation such as illegally constructed buildings, excavation, 

vegetation and any other material within safety distance, including violation of trespassing 

and free cattle roaming in the vicinity. 

Filed inspections related activities, are then reported on the maintenance management system. 
Visits are performed during operation interruption during and outside service time (i.e. with possible 
interruption of revenue service). Frequency and means of the inspections depend on the line type 
and its typical maintenance requirement (lines are grouped according to commercial profiles, traffic 
types and generally exposure to wearing factors). 
 
Current best practices require: 

¶ 5ŀƛƭȅ ŎƘŜŎƪ ƻŦ ǘƘŜ ǿŀȅΩǎ ŎƭŜŀǊŀƴŎŜ ŦǊƻƳ ƻōǎǘŀŎƭŜǎ ǇŜǊŦƻǊƳŜŘ ōȅ ǘƘŜ ŦƛǊǎǘ ǘǊŀƛƴ ǊǳƴƴƛƴƎ ŀǘ 

reduced speed. 

¶ From weekly to monthly surveys with diagnostic trains. 

¶ Bi-monthly visual inspection by a single walking maintainer. 

The maintenance actions are then focused based on the results of the surveys as evaluated by the 
maintainers. 
 

5.1.3. Subproblem addressed by the use case and measurable objectives 

The subproblem addressed are described following (1) Civil infrastructure monitoring and (2) 
IȅŘǊƻƎŜƻƭƻƎƛŎŀƭ ǊƛǎƪΣ ǾŜƎŜǘŀǘƛƻƴ ŜƴŎǊƻŀŎƘƳŜƴǘ ŀƴŘ ǘƘƛǊŘ ǇŀǊǘƛŜǎΩ ƛƴǘŜǊŦŜǊŜƴŎŜΦ 
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5.1.3.1. Civil infrastructure monitoring (railway bridges) 

Inspections, carried out on civil works via remotely piloted aircraft systems, guarantee the total 
coverage the civil work with its structural elements (e.g. piles, abutments, vaults, scaffolding, etc.). 
These activities are characterized by the field surveys and the post-processing phases described 
below. 
 

5.1.3.1.1. Field surveys 

Field activities consist of direct inspection, consisting of photogrammetric campaigns acquired 
during multiple UAV flights.  The UAV capture the images of the civil works and enable recognising 
the characteristic defects of the structures under investigation.  The detected imperfections are 
then stored and characterised, according to the nomenclature established of the Bridge 
Management System software (BMS). Calibration procedures are often conducted along with the 
survey. During calibration, drone data are re-calibrated based on classic field measurements. The 
flight path and the spatial frequency of the pictures are finely tuned to have full coverage of the civil 
work.  
 

5.1.3.1.2. Preliminary inspection of the civil works 

Before the flights, preliminary inspections allow to rule out critical issues that can hinder the aerial 
surveys or result in delays during the acquisition phase. The surrounding of the civil work is carefully 
analysed to pre-address a list of possible problems, such as:  
 

¶ Vegetation hindering the view of the drone (concealing the civil work) 

¶ Accessibility problems preventing to reach the area of interest by the drone or by 

the operator piloting the drone (e.g. steep slopes, private properties, wire nets etc.)  

¶ Any possible problematic scenarios not covered by the national authority 

regulation.  

¶ Need of special equipment for inspections (e.g. LEDs to illuminate areas with poor 

lighting, special optical payloads for the creation of photographic material)  

¶ Environmental conditions that limit flight activity (e.g. areas of the structure 

exposed to strong winds).  

Following this activity, an inspection plan is drawn up to mitigate all the issues spotted in the above-
described phase.  
 

5.1.3.1.3. Flight mode 

It is necessary to carry out enough flights to investigate all the structural elements of the civil work 
under inspection (piles, abutments, vaults, decks, etc.). To characterise all the defects within 
DOMUS BMS system, the following minimum number of flights must be carried out: 
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- Minimum 2 flights below each vault/deck of bridge with the optical unit mounted below or 

above the drone, depending on the areas of the work to be inspected  

- Minimum 1 flight for each front of every bridge span  

- Minimum 1 flight above the bridge. Flights above the bridges are carried out under 

conditions of interruption of railway traffic.  

For steel bridges, the number of flights below the deck and at ŘŜŎƪΩǎ ǎƛŘŜǎ must be optimised based 
on the complexity and number of structural details (nodes, joints and supports). If the supports 
present difficulties in inspecting, further flights and field surveys can be rearranged/repeated.  
 

5.1.3.1.4. Post-processing activities 

The photographic material acquired during the flights is then post-processed, yielding the following 
material: 

¶ General report of the work.  

¶ Complete photographic report of the inspection. 

¶ Sparse Point cloud. This document is provided in .psz/.psz files. Form the point cloud, 

the inspector can extrapolate the position and orientation of each individual 

photograph inserted within the photographic report. Consulting the photographic 

report, the inspector can label the defects according to the DOMUS defect catalogue. 

¶ Dense Point cloud. This document is provided in .psz/.psz files and it is basically an 

interpolation of the sparse cloud (mash model). The sparse elements of the 

measurement are glued together by mean of georeferencing and appropriate model 

mashing. The Dense Point cloud provides the inspector with a general overview of 

the civil workΩs structural elements.  

¶ 3D Graphic rendering. 

The results shown by two experimental campaigns carried out starting from 2016, highlighted the 
feasibility and efficacy of aerial technology in structural inspections. The immediate advantage 
related to physical accessibility and time saving (e.g. by drone usage), is complemented by 
abundance of digital details, unlashing the potential of artificial intelligence. 
Both application of Artificial Intelligence algorithms and analysis of the photographic material by an 
expert, result in the identification of most of types of defects for the different types of structural and 
material (masonry and concrete arch bridges, steel, reinforced and pre-stressed concrete deck 
bridges), in accordance with the provisions of the RFI BMS system. 
 

5.1.3.2. Hydrogeological riskΣ ǾŜƎŜǘŀǘƛƻƴ ŜƴŎǊƻŀŎƘƳŜƴǘ ŀƴŘ ǘƘƛǊŘ ǇŀǊǘƛŜǎΩ 

interference 

Coexistence of different assets and associated issues require various, dedicated ways of inspection. 
Managing different inspections techniques, conducting these with the right frequency and making 
timely decision is an arduous task, especially considering the trade-off between performances and 
costs. The possibility to conduct these inspections by means of satellite would allow to make the 
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data collection process far more efficient, given the satellite capability to keep the whole 
ƛƴŦǊŀǎǘǊǳŎǘǳǊŜ ǳƴŘŜǊ ŎƻƴǘǊƻƭΣ ƛƴǎǇŜŎǘƛƴƎ ǘƘŜ ŀǎǎŜǘǎΩ ŎƻƴŘƛǘƛƻƴ ǿƛǘƘ ǘƘŜ ǊƛƎƘǘ ŦǊŜǉǳŜƴŎȅΦ 
 

5.1.4. Influence of the proposed innovation on the IM/RU problem 

These sections are subdivided into (1) Civil infrastructure monitoring and (2) Hydrogeological risk, 
vegetation encroachment and third partiesΩ interference. 
 

5.1.4.1. Civil infrastructure monitoring (railway bridges) 

The aim of FS within the ERJU project is to: 

¶ Automate the identification of structural problems and defects of the civil infrastructure by 

means of Machine Learning models for data analysis (Neural Networks). Machine learning 

algorithms shall therefore classify defects (according to classification indicated in the RFI 

Defect Catalogue). 

¶ Application of techniques is alsƻ ŜƴǾƛǎŀƎŜŘ ŦƻǊ ǊŜǎƛŘǳŀƭ ƭƛŦŜΩǎ ŜǎǘƛƳŀǘƛƻƴ ŀƴŘ tǊŜŘƛŎǘƛǾŜ 

Maintenance of the civil assets under inspection. 

¶ Design and develop of an Asset Management Platform, integrating image acquisition, 

processing and classification service for the automatic detection of defects and for the 

estimation of the residual lifetime of the civil infrastructures. The platform will become a 

new tool to support decisions pertaining maintenance. 

¶ The developed methodology & tool will respectively reduce the cost of the in-situ inspections 

and the cost of asset management. As by product, this methodology of inspection will 

indirectly reduce the cost related to asset unavailability (e.g. quicker in-situ inspection). 

¶ The integration of the bridge platform as part of a holistic Asset Management platform for 

monitoring the infrastructure works of the railway line. 

Compared with the existing methodology (based on inspection by means of cranes, platform and 
scaffolding and followed by manual data inspection and manual defect classification), the 
introduction of automated aerial data gathering (by drones) and application of novel processing 
techniques (machine learning) would reduce the cumulative time to conduct the assessment. 
 

5.1.4.2. Hydrogeological riskΣ ǾŜƎŜǘŀǘƛƻƴ ŜƴŎǊƻŀŎƘƳŜƴǘ ŀƴŘ ǘƘƛǊŘ ǇŀǊǘƛŜǎΩ 

interference 

Currently, the following methodologies have been tested: 

¶ SANF: is project to process data from a net of rainfall detectors distributed on a large scale 

to predict the occurrence of critical rainfall events and provide a risk estimation for the sites. 

¶ Ramses: the project employs radar-based monitoring of cloud formations, monitoring of 

lightning strikes, and develops climate models to short-term forecast the onset of intense 

stormy micro-cells over small water basins. The aim is to forecast imminent consequences 
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of heavy rainfalls (bridges occlusion, track flooding in cuts, landslides at tunnel entrance, 

etc.). 

¶ PSF: fixed radar stations for radar monitoring of landslides in critical spots. The system 

automatically interrupts the train operations when dangerously sized obstacles are detected. 

¶ Unmanned drone monitoring: BVLOS (Beyond Visual Line of Sight) flights returning 3D 

models and imagery of the infrastructure and surroundings to identify dangerous growth of 

vegetation and some track defects. The system uses AI for the identification of hazardous 

conditions. 

¶ Satellite monitoring of the infrastructure: a collection of initiatives to study the advantage of 

satellite imagery processing to assess hydrological instability, structure within safety 

distance and vegetation growth. 

Those initiatives, including the projects Multi-Scale Observation and Monitoring of Railway 
Infrastructure Threats (M.O.M.I.T., developed within the H2020-S2R-2017 EU initiative) and Earth 
Observation 4 Infrastructure Mapping and Planning (EO4I), have shown the feasibility and the 
effectiveness of the satellite-based monitoring techniques. 
All those initiatives address specific hazard individually or are currently in a proof-of-concept stage. 
Individual initiatives do not provide mature and integrated means to improve large scale monitoring 
of the assets. These previous results will be the background for the further developments to achieve 
high / expected TRL. 
 

5.1.5. Refinement of Key Performance Indicators (KPIs) 

KPIs are indicated for control and management system of the entire life cycle of civil infrastructure 
assets such as bridges, railway infrastructure and the surrounding territory, vegetation, landslides, 
floods and other external factors affecting railway infrastructure presented in the Italian use case. 
KPIs are intended to measure the optimization of costs and times (referring to reduction of 
maintenance cost and reduction of in-service failures) resulting from the application of new 
technologies and integrated approaches (vs current and traditional monitoring and data processing 
methodologies). Three different KPIs are defined that will be described on the following subsections. 
 

5.1.5.1. KPI1. Reduction of maintenance time and cost 

¶ Short description. The main objective of this KPI is to measure the time reduction obtained 

on the time needed to perform bridge inspection and post-processing data and the 

assessment of the state of conservation and maintenance of civil infrastructure comparing 

systems and models that do not involve the use of artificial intelligence with the system 

developed during the project. 

For this aim, for the same activity, bridge inspector can use drones as support for bridge 

inspections (without interruption of railway traffic and unavailability of the line) and AI 

analytics for post-processing. 
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This factor is directly related to a correct preventive maintenance by getting a faster 

assessment of the state of health of the infrastructure, this allows infrastructure managers 

to detect any infrastructural damage or defect early and take corrective action if necessary. 

 

¶ How to compute KPI1. For computing KP1, it is possible to estimate the time (hour/ man 

referred to activity on singular bridge span) to perform the inspection and post-processing 

data and compare it with traditional methods to establish the time saving ratio that could be 

achieved with the application of this technological approach. To evaluate this KPI we can use 

the following formula: 

 

 
ὑὖρ Ϸ ὸὭάὩ ίὥὺὭὲὫί

ὝὭάὩ  ὉίὸὭάὥὸὩὨ ὸὭάὩ 
ὝὭάὩ  

ρππ (1) 

 

Time Traditional Method is the time required to perform an inspection by the traditional 

method. Estimated time new method is the time required to perform an inspection by the 

new method. 

A positive KP1 indicates that the estimated time for the new method is less than the time 

required for the traditional method (time saving or a reduction in the time required to 

complete the task). A negative KP1 indicates that the estimated time for the new method is 

greater than the time required for the traditional method. A negative value indicates that 

the new method would require more time compared to the traditional method. 

Therefore, the cost of personnel (h/m. referred to activity on singular bridge span) is 

indicated below: 

 

 
ὑὖρ Ϸ ὧέίὸ ίὥὺὭὲὫί 

ὅέίὸ  ὉίὸὭάὥὸὩὨ ὅέίὸ 
ὅέίὸ  

ρππ (2) 

 
Cost Traditional Method is the cost required to perform an inspection by the traditional method. 

Estimated Cost new method is the cost required to perform an inspection by the new method. 

A positive KP1, indicates that the estimated cost for the new method is less than the time required 

for the traditional method (time saving or a reduction in the cost required to complete the task). A 

negative KP1 indicates that the estimated cost for the new method is greater than the cost required 

for the traditional method. A negative value indicates that the new method would require more cost 

compared to the traditional method. 
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5.1.5.2. KPI2. Reduction of traffic disruption caused by traditional bridge 

inspection in the railway infrastructure 

¶ Short description. Bridge inspection with current procedures needs of traffic interruptions 

for infrastructures to be monitored which repercusses on the availability of the railway line 

and impact on circulation. In the Italian use case, the use of drones for the inspection activity 

will make it possible to considerably reduce the interruption of railway traffic while 

improving safety. 

The use of AI analytics speeds up the post processing (defect classification) and paves the 

way for predictive maintenance (e.g. estimating asset remaining lifetime due to a 

propagating defect). This can help to improving the reliability and availability of rail 

infrastructure, reducing the need of speed restrictions and improving overall passenger 

experience. 

 

¶ How to compute KPI2. To compute this KPI the number of traffic disruption caused by 

traditional inspection on bridges can be compared to the number of traffic disruptions 

caused by the new method approach. The evaluation period will be determined on the basis 

of the available data. KPI2 has follows the equation below: 

 

 
ὑὖὍװςϷ ὨὭίὶόὴὸὭέὲ

ὒὝὠὲ

ὒὝὠὸ
ὼװρππװϷ (3) 

 

Where LTVt is the number of total traffic disruption caused by traditional inspection on 

bridges and LTVn is the number of traffic disruption caused by new method approach. 

 

5.1.5.3. KPI3. Reduction of track-data collection time 

¶ Short Description. This KPI assess the reduction of time (and cost of personnel) associated 

with track-data collection and respective information retrieval. Here, information retrieval 

includes the state of conservation and maintenance of the railway track, plus that of 

surroundings.  

IM operators can jointly use data remotely acquired from satellites, drones, in-situ 

measurements and ancillary data as support for track and surrounding monitoring (without 

the need to interrupt the railway traffic). This KPI is related to a correct preventive 

maintenance: knowing the state of health of the infrastructure in a faster time allows 

infrastructure managers to detect any critical area along the track and to take appropriate 

actions if necessary, including high resolution data gathering, activation of emergency 

procedure and mitigation actions among others. 
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¶ How to compute KPI3. CƻǊ ŎƻƳǇǳǘƛƴƎ YtоΣ ƛǘΩǎ ǇƻǎǎƛōƭŜ ǘƻ ŜǎǘƛƳŀǘŜ ǘƘŜ ǘƛƳŜ όƳŀƴκƘƻǳǊύ 

required for data collection along the track and its surrounding before and after the 

application on the developed monitoring approach based on the use of remotely acquired 

data. To evaluate this KPI3 the following formula will be applied: 

 

 
ὑὖσ Ϸ ὸὭάὩ ίὥὺὭὲὫί

ὝὭάὩ  ὉίὸὭάὥὸὩὨ ὸὭάὩ 
ὝὭάὩ  

ρππ 

 

(4) 

 
Traditional Method Time is the time required to perform the conventional data collection 

and Estimated time new method is the time required to gather the still needed data after 

the application of the new monitoring approach. 

A positive KPI3 indicates that the estimated time for the new method is less than the time 

required for the traditional method (time saving or a reduction in the time required to 

complete the task). If KP3 is negative, the estimated time for the new method is greater than 

the time required for the traditional method. A negative value indicates that the new method 

would require more time compared to the traditional method. 

Another formula with the cost of personnel is indicated below: 

 

 ὑὖσ Ϸ ὧέίὸ ίὥὺὭὲὫί
ὅέίὸ ὉίὸὭάὥὸὩὨ ὅέίὸ

ὅέίὸ
ρππ 

(5) 

 
Traditional Method Cost is the cost required to perform the conventional data collection and 

Estimated new method Cost is the cost required to gather the still needed data after the 

application of the new monitoring approach. 

A positive KP3 indicates that the estimated cost for the new method is less than the time 

required for the traditional method (time saving or a reduction in the cost required to 

complete the task). If KP3 is negative, the estimated cost for the new method is greater than 

the cost required for the traditional method. A negative value indicates that the new method 

would require more cost compared to the traditional method.   
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5.2. Bridges and Earthworks Asset Management aided by Geotechnics 

(Spain) 

5.2.1. Problem to be solved 

The problems to be solved are subdivided into the two types of assets analyzed: (1) bridges and (2) 
earthworks. 
 

5.2.1.1. Bridge Assets Management 

ADIF is particularly interested in the analysis of a specific structural pathology: damage to the POT 
supports of long bridges (about 1000 metres) without an intermediate fixed support, especially if 
they are designed in curves from a floor with trains passing at speeds above 300 km/h. These bridges 
are subjected to high torsional stresses which cause damage to support elements such as POT 
bearings. These elements have a much shorter life cycle than the structure itself (estimated at 100 
years). The objective is to develop a predictive maintenance tool to anticipate this damage or failure 
in order to know the optimal time to replace these assets before failure occurs. To address this use 
case, it is necessary to design an inspection system that provides relevant information on the 
condition of the POT supports and the dynamic behaviour of the structure that can feed into 
maintenance decisions. 
In ADIF, bridges with a total length of more than 1,000 metres have an intermediate fixed support 
to minimise axial movement of the deck. For this reason, a 999 m long bridge has been selected for 
this demonstrator, called Viaducto sobre el Arroyo de las Huertas de Mateo, located on line 040 (Bif. 
Torrejón de Velasco - Valencia Joaquim Sorolla pk 284+989), which is supposed to be one of the 
bridges with more axial displacements of the entire railway network. In addition, its plan layout is 
curved, which is why we consider it to be the most representative bridge for the study of damage to 
POT supports. Its typology is representative of a large number of viaducts on the Spanish High Speed 
rail network; a bridge with continuous girders with several spans made of prestressed concrete and 
spans of 43-45 m. 
 

5.2.1.2. Earthworks Assets Management 

The scope of this demonstrator is the detailed study of the intrinsic movement of a slope. To this 
end, two specific slopes of great interest to ADIF are going to be analysed. 
The first of these two slopes has a long history of problems associated with instabilities even before 
the construction of the railway line in 1880. This area presents high frequency of rainfall, presence 
of a reservoir with continuous rise and fall of the water level favouring the instability of the slope 
that consequently can cause problems in the infrastructure such as loss of track geometry and 
imbalance in train operations. The selected are for demonstration is the slope of tunnel 40, located 
between PP.KK. 277+100 to 277+457 of the Palencia-La Coruña line, that besides all the 
characteristics described above has currently active landslides.  
The scope is the set-up of a predictive maintenance tool based in a low-cost sensors network that 
will allow to monitor the slope movement and to identify the progressive damage caused on the 
railway line and compare results with conventional sensors. On the other hand, a strategic analysis 
will be carried out based on satellite images comparing the variability and the difference that may 
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exist between the different images taken in each time interval. 
The new sensor network formed by tiltmeters installed on the slope as well as the satellite images 
and the historical geotechnical data will provide relevant information related to the behaviour of 
the slope and its evolution, in particular, the detection of the movements will be used for the 
generation and calibration of a Digital Platform to perform different analysis in relation to anomaly 
detection and future behaviour analysis of the slope movements. 
The second of these is an unstable slope located on line 700 of the Castejón - Bilbao Conventional 
Network, in the section PK 124.050- PK 124.100, Briones (La Rioja), identified in the Trench Plan 
dated 30/04/2016, with HIGH risk. This is a mobilised area of very significant magnitude, where it is 
difficult to apply stabilisation measures. The slope has masonry walls with mortar as a corrective 
measure for the clearing, indicating that stability problems were already detected at the time on 
this slope. To date, it has been recommended to place containment/protection measures close to 
the track (static/dynamic barriers), but the real-time monitoring of the movements by means of 
clinometers is considered a very positive complementary safety measure to establish alerts in the 
event of activation of the movements. 
These sensors will allow in situ data collection in real time and with a configurable frequency of the 
movements and inclinations occurring on the slope. These new sensors will provide relevant 
information related to the behaviour of the slope and its evolution, which will be equipped with 
embedded intelligence to manage the exceeding of thresholds, such as sending an alert in real time, 
sending the data that breaks the threshold or increasing the frequency of data collection, fully 
configurable remotely via an App. 
 

5.2.2. Industry current position/baseline 

This section is subdivided into the two types of assets analysed: (1) bridges and (2) earthworks. 
 

5.2.2.1. Bridge Assets Management 

The current Maintenance System is based on the performance of Principal and Regular Inspections. 
Visual Inspections by personnel specialized in structural pathology (Principal Inspection) or basic 
training (Regular Inspection) with a certain frequency each of them, from these visual inspections 
the failure can only be identified when it has already occurred, which leads to the affection of the 
exploitation. 
 

5.2.2.2. Earthworks Assets Management 

Regarding earthworks and more specifically this slope, the current Maintenance System is based on 
the realization of the reading of measuring instruments such as inclinometers, piezometers, 
obtaining the data every four months, currently four inclinometers are in operation although it is 
ruled out that two have stopped working due to the movement of the slope in addition to the 
realization of a topography of the affected area so it is only possible to identify the failure when it 
has already occurred, which leads to the affection of the exploitation. 
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5.2.3. Subproblem addressed by the use case and measurable objectives 

This section is subdivided into the two types of assets analyzed: (1) bridges and (2) earthworks. 
 

5.2.3.1. Bridge Assets Management 

The main objective of the project is to acquire the necessary knowledge and develop an initial tool 
to transform the maintenance strategy for these assets. The goal is to shift from corrective 
maintenance (replacement after damage) or preventive maintenance (replacement at the end of its 
useful life, regardless of damage) to predictive maintenance. Predictive maintenance provides 
warnings about the deterioration of assets before failure occurs, allowing for replacement when the 
asset's functionality is nearly exhausted. 
 

5.2.3.2. Earthworks Assets Management 

One of the main objectives of the project is to gather the necessary knowledge and the development 
of a tool to change the maintenance strategy of these assets, moving from corrective maintenance 
(stabilization when the failure has occurred) to predictive maintenance with real time data, which 
warns that an instability is occurring in the slope and can cause affection to the traffic. In addition, 
other objective is to verify that no movements occur once the projected stabilizing measures have 
been implemented. 
 

5.2.4. Influence of the proposed innovation on the IM/RU problem 

Advantages over corrective action: 

¶ The impact on railway operation is minimized, due to the lack of establishment of 

restrictions, usually speed restrictions, which could serve as a parameter that quantifies the 

impact: accumulated lost time due to the presence of speed limits or cuts in the line due to 

the loss of geometry in the track. 

¶ The planning of the work and the tendering by an open procedure of free competition is 

more economically advantageous for the IM than the use of emergency procedures or 

negotiated by urgency. 

Advantages over preventive: 

¶ The impact on the railway operation is minimized. 

¶ The costs of the work are reduced. 

 

5.2.4.1. Bridge assets management  

According to the POT bearings specifications provided by manufacturers, these assets have a much 
shorter life cycle than the structure itself (100 years the structure vs 25-50 years POT bearings, 
depending on the manufacturer). We would like to configure a predictive maintenance tool that 
allows us to know the progressive damage of the supports to identify the optimal moment of 
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replacement of the bearings before the failure or the blockage of them occurs. This is a very specific 
use case and it could be part of a predictive maintenance tool that covers more structural 
pathologies. To address this, it seems necessary to design an architecture based on local monitoring 
in bearings as LVDT sensors, but also, we aim to be able to correlate variations on the dynamic 
behaviour of the bridge with possible damages in bearings. For this reason, we have also designed 
an instrumentation based on accelerometers spread across the interior of the girder. A continuous 
monitoring of the dynamic behaviour based on operational modal analysis (OMA) techniques to 
provide modal parameters (natural frequencies, damping ratios, mode shapes). In addition of these 
accelerometers and in order to understand the overall behaviour of the infrastructure, some 
tiltmeters and accelerometers are to be installed in the transition area of the bridge and on the 
platform above the bridge. They will allow to realise a correlation between the bridge structure and 
the railway platform. Complementary data may be obtained thanks to the FO laid all along the 
tracks. 
To avoid the lack of monitoring data during the period between the start of the project and the 
installation of the surveillance system, remote surveillance from space is proposed, based on 
interferometry applied to synthetic aperture radar images (InSAR). In addition to covering the 
aforementioned period of absence of data (with a much lower sampling frequency), this technique 
makes it possible to establish a baseline of "normal" behaviour of the bridge, providing, for example, 
seasonal movements due to thermal effects, and even identify past anomalies by means of a 
historical study of the available images. 
The new sensors projected to be installed in the viaduct will provide us with relevant information 
related with the structural behaviour of the bridge and its evolution, in particular, the functioning 
and the measurement of the displacements of a continuous girder over the POT bearings, as well as 
its dynamic behaviour that will be seen for the generation and calibration of a Digital Twin with 
which to predict future behaviour. 
The information obtained from these sensors can be compared to the manufacturer's specifications 
regarding the useful life of the POT bearings. Typically, this useful life is expressed in terms of 
accumulated distance or years of use. By comparing the data provided by the sensors to these 
specifications, we can gain insight into the current condition of the bearings and make informed 
decisions regarding maintenance or replacement. 
The first viaducts built on the high-speed rail network in Spain date back to 1990 (HSL Madrid - 
Seville), so according with the specifications provided by manufacturers some of these assets are 
very close to reach the end of their useful life. This project will help us to evaluate the behaviour of 
these elements in a real environment, the movements they undergo according to the design of the 
viaduct and the ambient temperature. Ultimately, we will draw conclusions to be extrapolated to 
viaducts of this same typology to analyse the most optimal time for its replacement. 
 

Three types of monitoring will be installed for the bridge management: 

1. Monitoring system for POT bearings. The objective of this installation is to analyse the POT 
support equipment in detail to analyse pathologies and service life and to optimise their 
maintenance. 

2. Monitoring system for dynamic analysis of the structure. The objective is to identify any 
alteration in the dynamic behaviour of the structure resulting from a malfunction of the 
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support devices (change in the boundary conditions) in the area of greatest stroke across 
the entire viaduct. 

3. Monitoring system for correlation. The objective is to collate data in order to enable 
correlation with data measured by CEDEX and INECO and processed by CEMOSA through 
information received from the project database. This will facilitate the detection of any 
existing damage and observation of variations in the behaviour of the structure over time, 
with the aid of an AI layer that allows: 

¶ Monitor the track platform in order to provide information to implement performance 
indicators of the POT type supports to optimize the decision-making process for their 
maintenance. 

¶ Variations in the platform inclination.  
¶ The acceleration generated by the train's passage.  
¶ Determine the optimal maintenance schedules based on the above values using a 

decision support system. In particular, the extensive experience gained in the 
RESILTRACK project, completed in 2022, which was entirely dedicated to the 
experimental and theoretical development of this same issue, is available. 

 

5.2.4.2. Earthworks Assets Management 

For the first slope, it is intended to deploy a network of low-cost sensors with the objective of 
gathering real time on site data correlated with those provided by the inclinometers, both the 
existing ones and those that would be installed by the Conventional Network Project Management 
when the stabilization project is executed in order to meet another objective, to analyse how 
effective are the measures adopted for slope stabilization, once it is executed after approximately 
one and a half years.  
On the other hand, a strategic analysis will be carried out based on satellite images comparing the 
variability and the difference that may exist between the different images taken in each time 
interval. 
The monitoring systems will provide us with relevant information related to the behaviour of the 
slope and its evolution. In particular, the detection of the movements will be used for the generation 
and calibration of a Digital Platform to perform a statistical analysis to predict the future behaviour 
related to the movements on the slope and to verify that the stabilizing measures implemented are 
working properly. 
Instead, for the second one, the proposed instrumentation is of the WSN (wireless sensor network) 
type, i.e., formed by a network of contact sensors that measure terrain or environmental variables 
but communicate without wiring. In other words, a data acquisition network based on IoT 
technology, capable of autonomously and reliably capturing data at remote measurement points by 
means of dataloggers with telematic capacity without the need for external connectivity and low 
power consumption. 
The system consists in the first instance of 14 wireless tiltmeters, endowed with embedded 
intelligence. These are connected individually or in very close groups to reading nodes, which act as 
local dataloggers, measuring, recording and sending data in a network or directly to a gateway that 
acts as a central datalogger or hub, using LoRa (Long Range) protocol, Flat Mesh or any other low-
power wireless mesh network. The tiltmeters will be distributed over the entire surface of the slope 
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and will be installed on masts or embedded in the ground. To this end, the successful tenderer shall 
provide the necessary auxiliary means of clamp-type fastening for their installation. 
The system is completed by a weather station capable of simultaneously reading rainfall, ambient 
temperature and relative humidity. 
 

5.2.5. Refinement of Key Performance Indicators (KPIs) 

The KPIs indicated in the two use cases that build the Spanish demonstrator are aimed at measuring 
the cost and time that is optimized with the development of a predictive maintenance tool, both for 
the replacement of POT bearings in bridges and the monitoring of slopes with active movements in 
earthworks with low-cost sensor networks: 

¶ Predictive maintenance tool for the POT bearings replacement in bridges (KPI 1, KPI 2 and 

KPI 4). 

¶ Predictive maintenance tool for the monitoring of slope with active movements (KPI 1, KPI 

2, KPI 3 and KPI 5). 

5.2.5.1. KPI1. Infrastructure changes. 

¶ Short description. This KPI hereby described focuses on determining the frequency and 

characteristic traces of failures that evolve in time (i.e., which undergo a degradation 

process), since this type of failures are the ones that can, in principle, be predicted by 

models. 

¶ How to compute. Consider records from bridges and earthworks to develop methods for: 

o Automatic identification of systematic trends and 

o Modelling degradation rate and making future projections. 

The objective will be to have one model for earthworks and another one for bridges 
supporting the characterisation of two trends in each case, such as: 

o Bridges: Changes due to temperature and degradation of elements. 

o Earthworks: Changes induced by rainfall. 

5.2.5.2. KPI2. Time saving. 

¶ Short description. Predictive maintenance can significantly influence the reduction of speed 

restrictions on rail infrastructure by enabling early detection of potential problems before 

they become critical failures that may have an impact on circulation. These speed restrictions 

represent a reduction in the theorical time lost for each circulation. 

By analysing the information collected by the sensors network, the predictive models to be 

developed will be able to detect patterns and anomalies that indicate potential problems 

before they become critical failures. This allows them to schedule maintenance before it is 

needed, helping to reduce unplanned downtime and improve the reliability and availability 

of rail infrastructure. 
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¶ How to compute KPI2. Speed restrictions caused by failures in POT bearings on bridges and 

by problems of slope movements will be quantified with the current corrective / preventive 

maintenance approach compared to the future predictive maintenance approach in which 

maintenance activities can be scheduled without affecting circulation. Time period will be 

determined based on the available data following the equation below: 

 

 ὑὖὍװς
ὝὝὒὥ

ὝὝὒὸ
ὼװρππװϷ (6) 

 

TTLt: Theorical time lost for each circulation in the RFIG (Red Ferroviaria de Interés General) 

caused by problems in bridges and earthworks. TTLa: Theorical time lost for each circulation 

caused by failures in POT bearings on bridges and by problems of slope movements with 

current maintenance strategy. 

5.2.5.3. KPI3. Monitoring cost saving. 

¶ Short description. The main objective of this KPI is to check whether the reduction in costs 

involved in the implementation of the instrumentation necessary to monitor the hillside 

occurs.  The installation of planned sensors will be low cost and will be compatible with the 

instruments already installed. 

¶ How to compute KPI3. To calculate the reduction of the costs in the instrumentation 

equipment of the slope, it is essential to know the cost of the previous monitoring 

instruments and from this data, see the evolution with respect to the years, that is, establish 

a comparison between 2 successive years. Steps to follow: 

o Obtaining the historical costs for each year of the instrumentation devices of the 

hillside. 

o Obtaining the costs associated with the network of low-cost sensors for each 

year. 

 

 ὑὖὍσ  
ὅὕὛὝὛ ὅὕὛὝὛ 

ὅὕὛὝὛ 
ὼ ρππ Ϸ (7) 

 

n is the current year in which the comparison is to be made and n-1 is the year before to the current 

year. Finally, as an interpretation of results, if the value of the KP3 indicator is negative, it means that 

costs have been reduced compared to the previous year.  
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5.2.5.4. KPI4. Emergency cost. 

¶ Short description. The application of this KPI is proposed to analyse the reduction of the cost 

of emergency works respect to a model based on predictive maintenance in which the works 

are planned through public tender. Indeed, emergency works are often more expensive than 

works with public tenders. 

 

¶ How to compute KPI4. A comparison of the costs of a typical emergency work will be carried 

out with respect to the cost through an open public tendering procedure following the 

equation below: 

 

 
ὑὖὍװτ װ

ὅὕὛὝὉὡὅὕὛὝὖὝ

ὅὕὛὝὖὝ
ὼρππװϷ (8) 

 

COSTEW: Cost Emergency Work to replace POT bearings. COSTPT: Cost Public tender to 

replace POT bearings + monitoring costs. 

KPI5. 

¶ Short description. When severe instabilities occur in an earthwork, measures are designed 

in order to solve this stability issue. Sometimes, these stabilizing measures are not fully 

effective, and problems continue to occur. 

Therefore, the main objective of this KPI is to measure the degree of effectiveness of these 

stabilizing measures that are executed on the hillside.  This indicator can only be measured 

if the installation of the sensor network is carried out before the execution of the works. 

 

¶ How to compute KPI5. The objective here is to verify whether there are movements, 

deformations once the stabilization measures have been executed, for this, the trend of the 

data from the low-cost sensors installed before and after the stabilizing measures will be 

studied. 

 

 ὑὖὍ υ  
4Â 4Á 

4Â
ὼρππ Ϸ (9) 

 

Tb: Trend sensor data before measurements. Ta: Trend sensor data after measurements. 

Interpreting the results, if the KPI is equal to 100% it will mean that the stabilization 

measures implemented have been correct and it will not be necessary to do any other type 

of action on the hillside. 
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5.3. Monitoring of Tunnel, Sub-ballast layers, Subsoil (France) 

This task will contribute to the development of: 

¶ Evaluation of mechanical properties of sub-ballast layers and subsoil in order to understand 
and apprehend the emergence of disorders in the subsoil by using the MASW method. 

¶ High efficiency tunnel inspection systems to automatically detect visual damages evolution 
and Predictive maintenance for tunnels. 

¶ An analysis of the use of passive contactless magnetic microwire sensor arrays for high-
definition tunnel convergence monitoring systems. 

 

5.3.1. Problem to be solved 

This section is divided into the three previously presented developments: (1) Evaluation of 
mechanical properties of sub-ballast layers and subsoil, (2) High efficiency tunnel inspection systems 
and predictive maintenance for tunnels and (3) Passive contactless magnetic microwire sensor 
arrays for high-definition tunnel convergence monitoring systems in tunnels. 
 

5.3.1.1. Evaluation of mechanical properties of sub-ballast layers and subsoil 

The design, regeneration and maintenance of railway lines require a regular assessment and control 
(both qualitative and quantitative) of the mechanical condition of the bedding structures and the 
supporting soil. 
Thus, the multi-scale diagnosis of the railway platform, concerns: 

¶ The platforms to evaluate and control the mechanical state of the subgrade structures. 

¶ The supporting soil to understand the phenomena of the appearance of disorders in the 

track, generated by a deterioration of the underlying cavity. 

This risk is increasing because there is not enough evidence of a disorder before the incident occurs. 
This risk is a major concern for SNCF Réseau, not only in terms of safety but also in terms of economic 
and social impacts. Emergency maintenance operations must be carried out by SNCF Réseau to 
ensure the continuity and safety of the traffic, which implies a temporary limitation of the speed, 
the stopping of the traffic, periodical surveys of the track geometry, permanent monitoring, filling 
and injection works, etc. 
Our aim is approach to reach a predictive maintenance by developing and testing new geophysical 
approach on railway context.  
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5.3.1.2. High efficiency tunnel inspection systems and predictive maintenance 

for tunnels 

French railway tunnels are numerous (1430 tunnels) and old (average age: 135), as depicted in 
Figure 1. 

 

Figure 1. Number of French tunnels railways built per decade. 

Due to the difficult access conditions to these structures and the important interface with rail traffic, 
regular assessment and control (inspection) require the use of special trains during periods of traffic 
interruption. 
 

 

Figure 2. Traditional tunnel inspection. 

Although tunnel inspections may be successful, they come at a significant cost. The recent 
development of new mobile inspection technologies is an opportunity to reduce these costs. These 
new technologies can also reduce the part of subjectivity of inspections (performed manually). In 
addition, tunnel regeneration operations are very costly due to the specificity, complexity and 
important interface with rail traffic. Temporary speed restrictions are necessary. Sometimes, long 
term traffic interruptions are also necessary. Defining the needs and planning these operations is a 
critical issue for Infrastructure Managers. 
Since 2006, SNCF Réseau has collected data on damages detected during inspections. The quotation 
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reflects the state of the tunnel. All this data collected is an opportunity to develop algorithms to 
predict to predict tunnel degradation to optimise the asset management (planning of maintenance 
operations). 
 

5.3.1.3. Passive contactless magnetic microwire sensor arrays for high-

definition tunnel convergence monitoring systems in tunnels. 

Railway tunnels are one of the essential assets of the rail transport infrastructure. ADIF has almost 
1,300 tunnels totalling almost 500 km in length, which gives us an idea of the importance of this 
railway asset. Tunnels facilitate the transportation of people and goods, connecting cities, regions, 
and even entire countries. However, they present unique challenges for engineers and designers, 
who must ensure that trains can pass through safely and efficiently. 
Convergence is a term that refers to the distance between the tunnel walls. If the convergence is 
too narrow, there may be a risk of collision or derailment, which can endanger the lives of 
passengers and train staff. In addition, convergence also affects the efficiency of the railway system 
in terms of time and costs. Therefore, periodic measurement of convergence in railway tunnels is 
an essential part of ensuring that safety and efficiency standards are maintained in the railway 
system. Monitoring and checking the convergence of a railway tunnel is essential to ensure that 
there are no structural safety problems and to ensure the efficiency of the railway asset. Inadequate 
convergence in railway tunnels can be dangerous and costly.  
Convergence sections enable the recording of deformations in the element being monitored (such 
as a tunnel or the space between screens) by measuring length variations in various representative 
chords. These distance measurements can be carried out using a variety of systems, including strain 
gauges, high-precision total stations, or continuous measurement laser systems. In addition to the 
aforementioned safety risks, inadequate convergence can affect the efficiency of the railway 
system. 
The design of the convergence must consider factors such as tunnel width, ceiling height, degree of 
curvature, and the maximum permitted speed within the tunnel. It is essential to account for the 
characteristics of the trains using the tunnel, ensuring that the convergence accommodates their 
size and speed. 
Currently, techniques used to measure convergence in tunnels do not support automated 
inspections and are wireless to facilitate the process. 
In conclusion, it is crucial that convergence is carefully designed and complies with safety standards 
to prevent collisions or derailments. The convergence must also allow trains to operate without 
significant speed reductions or interruptions. Furthermore, it is important to develop monitoring 
methods that are automatic and easy to implement. 

 

5.3.2. Industry current position/baseline 

This section is divided into the three previously presented developments: (1) Evaluation of 
mechanical properties of sub-ballast layers and subsoil, (2) High efficiency tunnel inspection systems 
and predictive maintenance for tunnels and (3) Passive contactless magnetic microwire sensor 
arrays for high-definition tunnel convergence monitoring systems in tunnels. 
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5.3.2.1. Evaluation of mechanical properties of sub-ballast layers and subsoil 

For mechanical characterization of sub-ballast layer and sub-soil and to diagnosis the soil support 
for the risk of subsidence, we use classical geotechnical and geophysical method which are punctual, 
not accurate in some case and not compatible with the constraints of the railway. This work will 
help us to gain a better knowledge of our infrastructure, to adapt and to reduce maintenance 
operation and better design the solution (Figure 3). Obviously, safety and economic benefits. 
 

 

Figure 3. Use of conventional geotechnical and geophysical methods for better diagnosis to 

reduce maintenance operations and improve solution design. 

 

5.3.2.2. High efficiency tunnel inspection systems and predictive maintenance 

for tunnels 

Currently, regular tunnel inspections are led by human specialist by using special trains but without 
digital technologies. Damages are detected visually and by using a hammer. 
New tunnel inspection systems have developed the last few years. These systems are mainly based 
on photography, lidar and infrared thermography technologies (see Figure 4. Example of a new 
tunnel inspection system. They offer opportunity to ensure a realistic and very high-definition 
representation of the tunnels, in 2D and in 3D. The latest technological developments also allow 
high-performance acquisition on mobile vectors. 
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Figure 4. Example of a new tunnel inspection system. 

The use of these new technologies for surveillance is an opportunity for SNCF Réseau to further 
improve its management processes and its assets knowledge. Several tests in operational situations 
have therefore been carried out with different systems to assess the potential of these new tools 
and to define their field application for SNCF Réseau structures. The initial feedback shows that 
these new tools can be a valuable aid in identifying and characterizing damage without replacing 
traditional inspections, which remain essential. 
The gain provided by these new technologies is mainly to be found in the accuracy of the damage 
records, which facilitates the assessment of the heritage structures deterioration. They also help 
prepare for inspections and end-of-mission self-checks. They can save time during inspections and 
thus do more inspections during periods of traffic disruption. Obviously, safety and economic 
benefits. 
On the other hand, since 2006, SNCF Réseau has bult digital data on damages detected during 
inspections (digital report and damages maps). The quotation reflects the state of the tunnel. All 
this data will be used to create algorithms for predicting tunnel degradation. 
 

5.3.2.3. Passive contactless magnetic microwire sensor arrays for high-

definition tunnel convergence monitoring systems in tunnels 

Due to the great importance of knowledge of convergence in tunnels, auscultation has now become 
a fundamental tool in the service of engineering, responding to the need to know and adequately 
control the behaviour of our increasingly complex and ambitious works. 
Auscultation is particularly important in tunnels, where design is generally based on empirical 
methods or theoretical calculations, according to complex and somewhat uncertain models. In 
addition, there are also major uncertainties in the properties and behaviour of the ground to be 
excavated, as well as in its homogeneity along the route, beyond the points where the surveys have 
been carried out. Both methods, convergence tapes and topography, are used to provide a complete 
picture of the tunnel convergence. The frequency of monitoring depends on the complexity of the 
project and the geological conditions in the tunnel area.  
Convergence tapes are devices that are fixed to the ceiling and wall of the tunnel and measure the 
distance between them at different points along the tunnel. These measurements are used to 
calculate the convergence of the tunnel and detect any deformation or deviation from the desired 
alignment. High-precision convergence tapes have a very high measurement resolution and can 
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detect even small deviations from the desired alignment. Figure 5 shows an example of the 
application of convergence tapes for convergence measurement. 
 

 
Figure 5. Application in tunnel convergence monitoring. 

 
Topography is another tool used for monitoring tunnel convergence. It is used to measure the 
position and elevation of points along the tunnel and is used to detect any deformation or deviation 
from the desired alignment. To measure the convergence of a tunnel with topography, control 
points are established on the ceiling and wall of the tunnel on both sides. These points are measured 
using high-precision surveying instruments, such as theodolites and total stations, to determine 
their position in XYZ coordinates. Periodic measurements of these control points are made to 
measure the convergence of the tunnel. The convergence is calculated by comparing the XYZ 
coordinates of the control points at different points in time. Deformations and deviations in the 
tunnel alignment can be detected by comparing the measured values with the expected values. An 
example of the application of topographical methods for convergence measurement is shown in 
Figure 6. 
 

 

Figure 6. Topographical precision control works. 

 

5.3.3. Subproblem addressed by the use case and measurable objectives 

This section is divided into the three previously presented developments: (1) Evaluation of 
mechanical properties of sub-ballast layers and subsoil, (2) High efficiency tunnel inspection systems 
and predictive maintenance for tunnels and (3) Passive contactless magnetic microwire sensor 
arrays for high-definition tunnel convergence monitoring systems in tunnels. 
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5.3.3.1. Evaluation of mechanical properties of sub-ballast layers and subsoil 

In order to characterize the mechanical behaviour of sub-ballast /sub-soil and monitor areas with 
sinkhole hazard we aim to: 

¶ Develop an active seismic surface waves method and creation of a toolbox (methodology, 
ŜǉǳƛǇƳŜƴǘΣ ǎƻŦǘǿŀǊŜΣ Χύ ŀƭƭƻǿƛƴƎ ƎǳƛŘŜ ŎƘƻƛŎŜǎ ƛƴ ǘŜǊƳǎ ƻŦ ŘŜǎƛƎƴΣ ƳƻƴƛǘƻǊƛƴƎ ŀƴŘ 
maintenance. This will be tested on specific sites on high-speed line. 

¶ Develop a passive seismic surface waves method to characterize the mechanical properties 
of the shallow subsurface, analyse the variation of the shear velocity due to cavity in the 
subsurface and study the influence of hydrogeological context on the shear wave velocity 
analysis. This will be tested on conventional line with gypsum dissolution hazard context. 

To reach this objective, we need to:  

¶ Carry out in-situ geophysical tests, define measurement protocols, test processing routines, 
model physical phenomena of wave propagation in a railway context. 

¶ Correlate the results with field data including geotechnics. 

¶ Clarify the expectation on the railway/industrial side for the exploitation of technical results 
and the adaptation expected on maintenance and works. 

 

5.3.3.2. High efficiency tunnel inspection systems and predictive maintenance 

for tunnel 

The aim is to deploy new inspection technologies and to predict the evolution of tunnel degradation. 
The tasks necessary for the achievement of the objective of this demonstrator include: 

¶ Concerning the utilization of new inspection technologies: 

o Define specifications of the technologies to ensure a correct level of damage 

detection. 

o Define specifications of the measuring system. 

o Define the process and means of data processing and management. 

o Carry out tests in tunnels to verify performance and define limits. 

¶ Concerning the prediction of the evolution of tunnel degradation: 

o Develop algorithms for predicting the degradation of tunnels. 

o Evaluate the performance of these algorithms (comparison between predictions and 

reality). 

o Define the process and means of data processing and management. 

o Create an asset management tool based on prediction models. 

 

5.3.3.3. Passive contactless magnetic microwire sensor arrays for high-

definition tunnel convergence monitoring systems in tunnels 

The tasks necessary for the achievement of the objectives of this demonstrator include: 

¶ To carry out all the laboratory tests to study the best direction of the microwires in order to 
obtain the most accurate and real information possible. 
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¶ To carry out all the laboratory tests to study the best way to carry out the set up. 

¶ Carry out measurements and calculate the convergence on laboratory samples. 

¶ Estimates of the time required to perform measurements in a relevant environment will be 
conducted, along with economic estimates associated with the process. 

 

5.3.4. Influence of the proposed innovation on the IM/RU problem 

This work by infrastructure managers (SNCF and ADIF) will improve the approach to the following 
points: 

¶ To better quantify the disorders on sub-ballast and sub-soil, and anticipate the development 
of certain disorders. 

¶ To limit the number of emergency maintenance operation. 

¶ To propose an adapted design to the situation. 

¶ To check that the work has been carried out properly. 

¶ To optimize the maintenance operations in terms of methodology an economic point of 
view. 

¶ To ensure the safety and operability of the tunnels. 

 

5.3.5. Refinement of Key Performance Indicators (KPIs) 

5.3.5.1. KPI 1. Reduction of maintenance time 

¶ Short description. The main objective of this KPI is to check whether the time needed to 

perform a measurement: 

o To adapt the type/nature of maintenance and work for sub-ballast and sub-soil; 

o To make tunnel inspections and the planning of repairs operations; 

o To control the convergence of the tunnels can be reduced. For this purpose, sensors 

("micro-wires") capable of providing accurate information on the convergence of the 

tunnels will be used. This factor is directly related to a correct preventive 

maintenance, by knowing in real time what data is being generated, this allows 

infrastructure managers to detect any changes in convergence early and take 

corrective action if necessary. 

 

¶ How to compute KPI1: For the two first demonstrator which aim to reach the TRL  7, the 

estimation of the KPI1 for the two SNCFR demonstrator will adopt the following formula:  

  

 
ὑὖρ Ϸ ὸὭάὩ ίὥὺὭὲὫί

ὝὭάὩ ͺ ὉίὸὭάὥὸὩὨ ὸὭάᾩ

ὝὭάὩ ͺ
ρππ 

(10) 
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Traditional Method Time is the time required to maintenance and works including 
investigation by the traditional method and Estimated time new method is the time required 
to maintenance and works including investigation by the new method. 
 
For the third demonstrator, as it has a low technological maturity level (TRL4), it will not be 
tested in a relevant environment, but will be tested in laboratories, we can obtain estimates 
of the time it may take to perform the inspection and compare it with traditional methods 
to establish the time saving ratio that could be achieved with the application of this 
technology. To evaluate this KPI we can use the following formula: 
 

 
ὑὖρ Ϸ ὸὭάὩ ίὥὺὭὲὫί

ὝὭάὩ ͺ ὉίὸὭάὥὸὩὨ ὸὭάᾩ

ὝὭάὩ ͺ
ρππ (11) 

 

Traditional Method Time is the time required to perform an inspection by the traditional 
method and the Estimated time new method is the time required to perform an inspection 
by the new method. 
If KP1 is positive: Indicates that the estimated time for the new method is less than the time 
required for the traditional method. In this case, a positive value indicates a time saving or a 
reduction in the time required to complete the task, however, if KP1 is negative: Indicates 
that the estimated time for the new method is greater than the time required for the 
traditional method. In this case, a negative value indicates that the new method would 
require more time compared to the traditional method. 

 

5.3.5.2. KPI2.  Reduction of maintenance cost 

¶ Short description. The main objective of this KPI is to check whether or not the reduction of 

maintenance cost is achieved by:  

o Reducing number and type of corrective maintenance operations and adapt the 

solution of rehabilitation to the context. 

o Reducing the tunnel inspections times and number of repair operations per year. 

o Implementing the necessary instrumentation to control the convergence of the 

tunnels. For this purpose, sensors ("microwire") will be used, which are able to 

provide accurate information on the convergence of the tunnels. This factor is 

directly related to a correct preventive maintenance, by knowing in real time what 

data is being generated, this allows infrastructure managers to detect any changes in 

convergence early and take corrective action if necessary. 

 

¶ How to compute KPI2. For the two first demonstrator which aim to reach the TRL  7, the 

estimation of the KPI2 for the two SNCFR demonstrator which will be tested in a relevant 

environment, will be done by the following formula:   

 
ὑὖς Ϸ ὧέίὸ ίὥὺὭὲὫί 

ὉήόȢὧέίὸȢȢ ὉήόȢὉίὸὭȢȢ
Ὁήό ὧέίὸȢȢ

ρππ (12) 
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Traditional Method cost is the cost required to maintenance and works including 
investigation by the traditional method ὉήȢὧέίὸȢȢ) and Estimated new method cost is the 
cost required to maintenance and works including investigation by the new method 
ὉήȢὉίὸὭȢȢ. 

As it has a low technological maturity level (TRL4), it will not be tested in a relevant 
environment, but will be tested in laboratories, we can obtain estimates of the cost it may 
take to perform the inspection and compare it with traditional methods to establish the 
cost ratio that could be reduced with the application of this technology. To evaluate this KPI 
we can use the following formula. 
 

ὑὖς Ϸ ὧέίὸ ίὥὺὭὲὫί 
ὉήόȢὧέίὸȢȢ ὡὪȢὧέίὸȢȢ ὉήόȢὉίὸὭȢȢ ὡὪȢὉίὸὭȢȢ

Ὁήό ὧέίὸȢȢ Ὁήό ὧέίὸȢȢ
ρππ 

 
(13) 

 

Equipment costs traditional method of an inspection ὉήȢὧέίὸȢȢ): Refers to the costs 
associated with the purchase, maintenance and calibration of the equipment necessary to 
carry out the inspection. Workforce cost traditional method of an inspection ὡὪȢὧέίὸȢȢ: 
This is the expenditure related to the time and human effort required to perform the 
inspection. Estimated Equipment cost of new method of an inspection ὉήȢὉίὸὭȢȢ: Refers 
to the estimated costs associated with the acquisition, maintenance and calibration of the 
equipment necessary to carry out the inspection. Estimated Workforce cost of new method 
of an inspection of an inspection ὡὪȢὉίὸὭȢȢ: This is the expenditure related to the time 
and human effort required to perform the inspection. 
If KP2 is positive it indicates that the estimated costs of the new method (n.m.) are lower 
than the total costs of the old method (t.m.). In this case, a positive value indicates an 
economic saving or a reduction in costs, but if the KP2 is negative, it indicates that the 
estimated costs of the new method are lower than the total costs of the old method (t.m.). 
KP2 is negative: Indicates that the estimated costs of the new method (n.m.) are higher than 
the total costs of the old method (t.m.). In this case, a negative value indicates an increase 
in costs or a lack of economic savings in the new method.  
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5.4. Data Analysis for Condition Monitoring (The Netherlands, Norway). 

5.4.1. Problem to be solved 

This section is subdivided into two different developments and locations: (1) Track condition 
monitoring using a combination of ABA measurements and track geometry measurements in The 
Netherlands and (2) Condition assessment of existing concrete bridge and transition zones in 
Norway. 
 

5.4.1.1. The Netherlands-Track condition monitoring 

Track condition monitoring is an essential activity in supporting track maintenance decision-making. 
Track geometry faults cause poor condition track which can deteriorate resulting in speed 
restrictions, having a negative impact on train performance and in extreme cases result in 
derailments. Hence, a current practice for track condition monitoring relies on track geometry 
measurements. 
Nevertheless, track geometry measurements cannot strongly reflect track conditions in other 
aspects, such as train-track interaction, embankment and subsoil conditions. In addition, track 
geometry measurements rely on a track recording car. Its availability is a constraint for frequent 
inspection activities. Therefore, additional techniques are required for comprehensive track 
condition monitoring.  
This task aims to develop a new framework for monitoring track conditions based on both axle box 
acceleration (ABA) measurements and track geometry measurements. The research will assess the 
effectiveness with a major focus on embankment properties. Embankment is the focus of this task 
due to the generally poor bearing capacity of the Dutch soil. In FP3-IAM4RAIL project, a natural first 
step is the analysis of railway transition zones because the changes in its embankment composition. 
That is from the conventional ballast track that is supported by a typical embankment to the track 
on the bridge that is supported by a civil structure. 
 

5.4.1.2. NorwayςCondition assessment of existing concrete bridge and 

transition zones  

In Norway and Europe there is a need to increase the railway transportation capacity to 
accommodate more frequent and heavier trains, which increases the requirements on railway 
infrastructure. A sustainable approach to accommodate the needs is to upgrade and reinforce the 
existing infrastructure and prolong their service life. However, there is limited information about 
the health conditions of existing bridges, especially pre-stressed concrete bridges. This makes the 
upgrading of railway infrastructure a more complex task. Most of condition monitoring systems of 
bridges are focusing on detecting signs of damage or deterioration. They do not provide evidence 
on the link between the signals measured by the sensors and the failure mechanism in the bridge 
to allows quantitative assessment of the health conditions. Moreover, some measurements like 
actual prestress loss of existing concrete bridges can be difficult (even impossible) or very costly. 
Therefore, the design loads for existing bridges such as strength capacity and remaining lifetime are 
mainly determined based on original design models (NS-EN & Eurocodes) which are very 
conservative and do not account for real contributions from materials and structural boundary 
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conditions during the service time. To this end, the present use case aims at the development of 
predictive tools for multi-level assessment procedure of existing railway bridges combining 
advanced structural models with data from continuous monitoring systems. The development of 
such predictive tool requires specific measurements with high accuracy for calibration and 
validation of the predictive models. An improved monitoring system integrating multiple sensing 
technologies installed on the bridge, in the transition zones and on the train will be considered. The 
predictive tool will be demonstrated on an existing prestressed bridge located at Søsterbekk on the 
Ofoten line. The bridge which was built in 1989 as a part of the Ofoten Line (single track) serving 
iron ore trains between the mine in Kiruna and the Port of Narvik. Daily there are 11 to 13 iron ore 
trains in each direction. The ore trains operate at 50 kilometres per hour, while the empty return 
trains operate at 60 kilometres per hour. 
 

5.4.2. Industry current position/baseline 

This section is subdivided into two different developments and locations: (1) Track condition 
monitoring using a combination of ABA measurements and track geometry measurements in The 
Netherlands and (2) Condition assessment of existing concrete bridge and transition zones in 
Norway, as well as a last section on damage diagnosis in steel bridges. 
 

5.4.2.1. The Netherlands-Track condition monitoring 

The current baseline in track condition monitoring is track geometry, in which two major indicators 
can be considered: 

¶ The indicator for isolated defects. There are 5 track geometry parameters defined in EN 

13848-1: track gauge, longitudinal level, cross level, alignment, and twist (CEN, NEN-EN 

13848-1:2019 (E) - Railway applications - track - track geometry quality - part 1: 

characterization of track geometry 2019). According to EN 13848-5, three levels are 

determined on each geometry parameters for maintenance decision-making: Immediate 

Action Limit, Intervention Limit, and Alert Limit (CEN, NEN-EN 13848-5:2017 (E) - Railway 

applications - track - track geometry quality - part 5: geometric quality levels - plain line, 

switches and crossing 2017). Besides the limits according to EN standard, ProRail, the 

Dutch railway infrastructure manager, has followed the principle of EN standard and 

established limit values for the Dutch railway network, which is stated in ProRail 

document number IHS00001-1 (ProRail, Instandhoudingsspecificatie - Spoor - Deel 1: 

Onderhoudswaarden, Interventiewaarden, Onmiddellijke actiewaarden 2021). 

¶ The indicator for assessment of the overall track geometry quality, TQI, over a defined 

length of tracks (typically 200 m). According to EN 13848-6, TQI is referred to combined 

standard deviation (CoSD), which can be done by a combination of weighted standard 

deviations of individual geometric parameters (CEN, NEN-EN 13848-6:2014 (E) - Railway 

applications - track - track geometry quality - part 6: characterization of track geometry 

quality 2014). 
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However, the current baseline has the following limitations: 

¶ The limit values determined in EN 13848-5 are not optimal in terms of delays due to 

speed restrictions (Andrade and Teixeira 2018).  

¶ Track geometry cannot always indicate locations corresponding to poor train-track 

interaction since deviation of geometry parameters is only one of the causes of changes 

in train-track interaction (Li, et al. 2006, Xu 2017). 

¶ Track geometry has positioning errors, which affect the accuracy in the localization of 

damage and the further use of the data (Wang, et al. 2018). 

¶ Track geometry cannot effectively characterize short wave irregularities, which can 

accelerate degradation and fault in substructure (Loidolt and Marschnig 2024). 

 

5.4.2.2. NorwayςCondition assessment of existing concrete bridge and 

transition zones 

The Ofoten line is 43-kilometre railway with a single track in Narvik (North of Norway). The line 
stretches from the Port of Narvik to Riksgränsen on the Norway ς Sweden border, where it is 
connected to the Iron ore line (Malmbanan) via Kiruna and Gällivare to Luleå. Today, more than 30 
million gross tonnes (MGT) of goods are transported annually on the Ofoten line. Iron ore accounts 
for 22 million tons. There is a need to further increase the transportation volume and frequency on 
the line. This requires upgrading the Ofoten line infrastructure. A challenging task for upgrading the 
infrastructure is the structural assessment of existing prestressed concrete bridges which is a 
complex process that involves the evaluation of their condition, integrity, and performance. It is 
required for changing the bridge's specifications or evaluating the impact of deterioration or 
damage. Traditional and standardised methods, which are used when designing the new structure 
are mainly considered for the assessment of existing bridges. However, to account for real 
contributions from materials and structural boundary conditions during the service time, enhanced 
assessment which integrate inspection and monitoring data is critical. This can be realized by 
combining improved non-linear analysis and simulations with improved inspection, Destructive & 
Non-destructive (material) tests (DT & NDT) and monitoring technologies. The condition monitoring 
systems of interest are those which can support the assessment of existing concrete bridges by 
providing reference base for evaluating their condition and structural performance and remaining 
service life:  

¶ Automated visual monitoring and inspection: They are used for monitoring the dynamic 

response of the bridge and detecting visual damage during the service time. The deflection 

measurements by vision-based inspection provide large data sets characterizing the bridge 

and the transition zones. These are key data not only for condition monitoring, but also for 

calibration and validation of structural model.   

¶ Impact hammer tests measurements are used for measuring the resonant frequency of the 

track, ballast, wheel, etc. to deduce the stiffness. The change in the measurements during 

the service time indicates potential defects in the associated structure. At the same time, 

the measured stiffness is key inputs to the structural model of the railway bridge.   
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¶ Measurements from bridge and transition zones Instrumentation: The aim is to use multiple 

sensing technologies of which the emplacement on the bridges is optimized to provide local 

detailed measurement and account for the contribution from the bridge structures. The 

deflection measurements will be used for the calibration and validation of the FE analysis.  

¶ Axle Box Measurements and on board measurements to improve the quality and the 

accuracy of the data from the sensing systems installed on the train (on board and train axle). 

These will be obtained by the measuring train Roger 1000. The data from the bridge sensing 

system will be used as a reference for the analysis of axle box data, enabling mobile 

monitoring system with improved accuracy. 

¶ Proof loading tests measurements are performed to assess the bridge's structural 

performance under controlled load. The measurements from the test are interesting for 

model validation.  

¶ Traffic load and environmental records: The existing measuring station at Haugfjell, near 

Søsterbekk, will be used to extract measurement data (traffic loads) from all trains passing 

the bridge. In addition to traffic loads, the station provides detailed information about train 

speed and climatic data such as temperature and relative humidity (RH). 

 

5.4.2.3. Damage diagnosis in steel bridges 

The bridges in which steel is the main material, are used mainly as railway bridges (Vagnoli, Prescott 
and Andrews 2018, Ghiasi, Ng and Sheikh 2022, Svendsen, Oiseth, et al. 2023, Sonbul 2023) and in 
a smaller degree as highway bridges (Catbas , Gokce and Gul 2012, Sunca, et al. 2021). These bridges 
constitute essential components of the transport infrastructure and their undisrupted operation is 
imperative for the normal operation of the society (Vagnoli, Prescott and Andrews 2018). However, 
they are affected by increasingly demanding operational conditions such intense traffic loads and 
harsh environmental conditions which lead to the development of deterioration mechanisms 
(Ghiasi, Ng and Sheikh 2022, Svendsen, Oiseth, et al. 2023). The mechanisms include fatigue, 
fracture, buckling, corrosion and scour and their early diagnosis including detection, localization, 
quantification (Svendsen, Oiseth, et al. 2023), is crucial as they can lead to catastrophic failure, the 
collapse of the bridge, high maintenance costs and the loss of human lives among other dire 
environmental, social, and economic consequences (Imam and Chryssanthopoulos 2012, Azim and 
Gul 2021). Structural Health Monitoring (SHM) in steel bridges is pivotal for the early diagnosis of 
such deterioration mechanisms. Additionally, the variability of the operational and environmental 
ŎƻƴŘƛǘƛƻƴǎ ό9h/ǎύ ƘƛƴŘŜǊǎ ǘƘŜ {IaΩǎ ŜŦŦŜŎǘƛǾŜƴŜǎǎ ŀǎ ǘƘŜ 9h/ǎ ǇŀǊǘƛŀƭƭȅ ƻǊ Ŧǳƭƭȅ άƳŀǎƪέ ǘƘŜ ŜŦŦŜŎǘǎ 
of damages on the structural dynamics (Svendsen, Oiseth, et al. 2023). 
 

5.4.2.3.1. Methods 

Currently, SHM in steel bridges is conducted via Non-destructive Evaluation (NDE) methods based 
on ultrasound, radiography, eddy current and mostly on visual inspections. However, these methods 
require a priori knowledge of and access to the vicinity of the suspected damage location, they are 
typically time consuming and costly, and they can be applied only when the bridges are not 
operational (Vagnoli, Prescott and Andrews 2018, Azim and Gul 2021). SHM in steel bridges has also 
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been investigated via methods based on vibration signals.  
The main premise of the vibration-based methods is that a damage alters the stiffness or mass of 
ǘƘŜ ŜȄŀƳƛƴŜŘ ǎǘǊǳŎǘǳǊŜΣ ǿƘƛŎƘΣ ƛƴ ǘǳǊƴΣ ŀƭǘŜǊ ǘƘŜ ǎǘǊǳŎǘǳǊŜΩǎ ƳŜŀǎǳǊŜŘ Ǝƭƻōŀƭ ŘȅƴŀƳƛŎ ǊŜǎǇƻƴǎŜ 
properties and damage diagnosis is achieved via the examination ƻŦ ŎƘŀƴƎŜǎ ƛƴ ǘƘŜ ǎǘǊǳŎǘǳǊŜΩǎ 
vibration characteristics (Vagnoli, Prescott and Andrews 2018, Sonbul 2023). These methods 
operate with vibration signals acquired via installed sensors on the bridges, resulting in a reduced 
SHM cost and a continuous availability of SHM data, as opposed to sporadic and expensive NDE 
based inspections. The vibration signals are typically naturally available and are easily measurable 
through various types of sensors and data acquisition systems (Rageh, Linzell and Azam 2018, 
Svendsen, Oiseth, et al. 2023). Additionally, the methods offer advantages such as capability of 
ŀǳǘƻƳŀǘƛƻƴΣ ƴƻ ǊŜǉǳƛǊŜƳŜƴǘ ƻŦ ŀŎŎŜǎǎ ǘƻ ǘƘŜ ƭƻŎŀǘƛƻƴ ƻŦ ŘŀƳŀƎŜ ŀƴŘ ŀǇǇƭƛŎŀǘƛƻƴ ŘǳǊƛƴƎ ŀ ōǊƛŘƎŜΩǎ 
normal operation.  
The vibration-ōŀǎŜŘ ƳŜǘƘƻŘǎ ŜƳǇƭƻȅ ƳŀǘƘŜƳŀǘƛŎŀƭ ƳƻŘŜƭǎ ŦƻǊ ƳƻŘŜƭƭƛƴƎ ŀ ōǊƛŘƎŜΩǎ ŘȅƴŀƳƛŎǎ ŀƴŘ 
treating the effects of the varying EOCs on the dynamics. The modelling for the treatment of the 
varying EOCs can be either explicit or implicit. Implicit-based methods attempt to remove the effects 
of varying EOCs on the dynamics via the use of techniques such as the Principal Component Analysis 
(PCA) for the selection of features of the dynamics that are insensitive to changes due to the varying 
EOCs, assuming that they are sensitive to damage (Guo, et al. 2012, Laory, Ali, et al. 2012, Laory, 
Trinh, et al. 2013, Vagnoli, Prescott and Andrews 2018, Azim and Gul 2021, Maes, et al. 2022). On 
the other hand, explicit-based methods attempt to model the effects of the varying EOCs on the 
dynamics (Laory, Ali, et al. 2012, Rageh, Linzell and Azam 2018, Neves, Gonzalez and Karoumi 2022, 
Sarmadi, et al. 2022, Svendsen, Froseth, et al. 2022, Zhou, et al. 2022, Svendsen, Oiseth, et al. 2023, 
Yano, et al. 2023).  
 
In the implicit-based methods and in most of the explicit-based methods, data-based models 
developed exclusively through the acquired vibration signals from the structure are used. These 
models are able of representing partially the structural dynamics and they can be either multivariate 
models such as Neural Networks (NNs) (Rageh, Linzell and Azam 2018, Neves, Gonzalez and Karoumi 
2022), linear regression models (Laory, Ali, et al. 2012, Laory, Trinh, et al. 2013, Maes, et al. 2022), 
state space models (Maes, et al. 2022, Svendsen, Oiseth, et al. 2023) or univariate models such as 
AutoRegressive (AR) models (Laory, Trinh, et al. 2013, Svendsen, Froseth, et al. 2022). Some of the 
explicit-based methods employ detailed and accurate physical models, as for instance Finite 
Element Models (FEMs) which describe the complete structural dynamics and need to be updated 
with vibration response signals from multiple sensors (Zhou, et al. 2022). Of course, there are 
studies where vibration-based methods equipped with state space models (Sunca, et al. 2021, 
Torres, et al. 2023), NNs (Ngoc, et al. 2019, Parisi, et al. 2022, Dang, Tatipamula and Nguyen 2022, 
Sonbul 2023) and models based on Power Spectral Density (PSD) (Beskhyroun, Oshima and Mikami 
2010, Oshima, et al. 2013, Sunca, et al. 2021, Ghiasi, Ng and Sheikh 2022, Torres, et al. 2023), cross-
correlation function (Catbas , Gokce and Gul 2012) & wavelets (Beskhyroun, Oshima and Mikami 
2010), are applied in steel bridges but varying EOCs are not considered (Beskhyroun, Oshima and 
Mikami 2010, Catbas , Gokce and Gul 2012, Oshima, et al. 2013, Ngoc, et al. 2019, Sunca, et al. 2021, 
Ghiasi, Ng and Sheikh 2022, Parisi, et al. 2022, Dang, Tatipamula and Nguyen 2022, Torres, et al. 
2023). 
 
Many of the methods equipped with data-based models are confined only to the first level of 
damage diagnosis, which is damage detection (Beskhyroun, Oshima and Mikami 2010, Catbas , 
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Gokce and Gul 2012, Guo, et al. 2012, Laory, Ali, et al. 2012, Oshima, et al. 2013, Laory, Trinh, et al. 
2013, Vagnoli, Prescott and Andrews 2018, Rageh, Linzell and Azam 2018, Ngoc, et al. 2019, Azim 
and Gul 2021) (Sunca, et al. 2021, Parisi, et al. 2022, Dang, Tatipamula and Nguyen 2022, Ghiasi, Ng 
and Sheikh 2022, Maes, et al. 2022, Neves, Gonzalez and Karoumi 2022, Sarmadi, et al. 2022, 
Svendsen, Froseth, et al. 2022, Zhou, et al. 2022, Yano, et al. 2023) (Sonbul 2023, Svendsen, Oiseth, 
et al. 2023, Torres, et al. 2023). The models are developed with vibration signals from the healthy 
structure and potentially measurements of the EOCs, with features sensitive to damage, such as its 
structural parameters, residual signals, modal parameters, principal components, being acquired 
from the models. Damage detection is achieved based on the detection of dissimilarities between 
the features from the healthy structure to their counterparts from a present unknown structural 
state. Damage localization and quantification (Beskhyroun, Oshima and Mikami 2010, Catbas , 
Gokce and Gul 2012, Oshima, et al. 2013, Azim and Gul 2021, Svendsen, Froseth, et al. 2022, Parisi, 
et al. 2022, Dang, Tatipamula and Nguyen 2022, Ghiasi, Ng and Sheikh 2022, Sonbul 2023, Svendsen, 
Oiseth, et al. 2023) is achieved with the detected damage state being roughly classified either to a 
prespecified damaged state of specific location and magnitude or to the nearest sensor with the 
corresponding highest damage index acting as an indication of damage quantity (severity). Machine 
learning techniques such as Support Vector Machine (SVM) (Vagnoli, Prescott and Andrews 2018, 
Svendsen, Froseth, et al. 2022, Ghiasi, Ng and Sheikh 2022, Svendsen, Oiseth, et al. 2023), K-Nearest 
Neighbour (KNN) (Guo, et al. 2012, Ghiasi, Ng and Sheikh 2022, Svendsen, Froseth, et al. 2022, 
Sonbul 2023), Random Forest (RF) (Svendsen, Froseth, et al. 2022, Sonbul 2023) and NNs (Vagnoli, 
Prescott and Andrews 2018, Rageh, Linzell and Azam 2018, Ngoc, et al. 2019, Parisi, et al. 2022, 
Dang, Tatipamula and Nguyen 2022, Sonbul 2023) are used for the treatment of damage detection, 
localization and quantification as classification problems. Additionally, the NNs can treat damage 
localization and quantification as precise estimation problems by providing a precise value of the 
damage location and quantity (severity) (Rageh, Linzell and Azam 2018, Ngoc, et al. 2019).     
In the context of the FEM based methods, the treatment for the problem of damage diagnosis 
requires the structure to be divided into a number of elements (substructures) and the identification 
of changes in the structural parameters (stiffness coefficients or Young's moduli) leads subsequently 
to the identification of the damaged element(s) which correspond(s) to the damage location(s) and 
magnitude(s) (Laory, Ali, et al. 2012). However, the modelling of structures of complex geometry 
(structures with bolted nodes connecting multiple components) may lead to large in size FEMs 
whose updating is difficult because the inverse problem posed may prove to be ill-conditioned when 
the number of the updating parameters is large. Moreover, signals from several sensors are needed 
for updating FEMs of structures of higher complexity (Brownjohn, et al. 2001, Friswell, Mottershead 
and Ahmadian 2001). 
 

5.4.2.3.2. Types of steel bridges 

The steel bridges on which the considered vibration-based methods for SHM have been applied, are 
mostly railway bridges (Beskhyroun, Oshima og Mikami 2010, Guo, et al. 2012, Laory, Ali, et al. 2012, 
Laory, Trinh, et al. 2013, Oshima, et al. 2013, Rageh, Linzell og Azam 2018, Vagnoli, Prescott og 
Andrews 2018, Ngoc, et al. 2019, Azim og Gul 2021, Parisi, et al. 2022) (Dang, Tatipamula and 
Nguyen 2022, Zhou, et al. 2022, Maes, et al. 2022, Neves, Gonzalez and Karoumi 2022, Sarmadi, et 
al. 2022, Svendsen, Froseth, et al. 2022, Ghiasi, Ng and Sheikh 2022, Svendsen, Oiseth, et al. 2023, 
Yano, et al. 2023, Sonbul 2023) (Torres, et al. 2023) and in a smaller degree highway bridges (Catbas 
, Gokce and Gul 2012, Sunca, et al. 2021). The examined railway bridges include the Quisi bridge in 
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Spain (Torres, et al. 2023), the KW51 bridge in Belgium (Maes, et al. 2022, Neves, Gonzalez and 
Karoumi 2022, Sarmadi, et al. 2022, Yano, et al. 2023), the Hell Bridge Test Arena bridge in Norway 
(Svendsen, Froseth, et al. 2022, Svendsen, Oiseth, et al. 2023), the Zangenberg bridge in Germany 
(Laory, Ali, et al. 2012, Laory, Trinh, et al. 2013), the Adour Bridge in France (Guo, et al. 2012), the 
Port Adelaide bridge in Australia (Ghiasi, Ng and Sheikh 2022), the Nam O bridge in Vietnam (Ngoc, 
et al. 2019, Dang, Tatipamula and Nguyen 2022) and others whereas some of the examined highway 
bridges include the Eynel bridge in Turkey (Sunca, et al. 2021) and the Sunrise Boulevard bridge in 
USA (Catbas , Gokce and Gul 2012). Some of these bridges have distinctive forms such as bowstring 
truss (Ngoc, et al. 2019, Maes, et al. 2022, Neves, Gonzalez and Karoumi 2022, Sarmadi, et al. 2022, 
Dang, Tatipamula and Nguyen 2022, Yano, et al. 2023), bailey truss (Guo, et al. 2012, Oshima, et al. 
2013, Torres, et al. 2023), parker truss (Svendsen, Froseth, et al. 2022, Zhou, et al. 2022, Svendsen, 
Oiseth, et al. 2023), pratt truss (Rageh, Linzell and Azam 2018, Azim and Gul 2021) and Pennsylvania 
petit truss (Laory, Ali, et al. 2012, Laory, Trinh, et al. 2013) with their length ranging between 6.9 m 
and 300 m. In a few studies, only one or two of spans instead of the whole bridge have been 
examined (Laory, Trinh, et al. 2013, Azim and Gul 2021, Parisi, et al. 2022, Torres, et al. 2023). 
Additionally, several of the examined railway bridges have been decommissioned and some of them 
have been replaced by new ones (Beskhyroun, Oshima and Mikami 2010, Laory, Ali, et al. 2012, Guo, 
et al. 2012, Oshima, et al. 2013, Laory, Trinh, et al. 2013, Svendsen, Froseth, et al. 2022, Zhou, et al. 
2022, Svendsen, Oiseth, et al. 2023). 
 

5.4.2.3.3. Details about sensors, damages, environmental conditions and 

the methods effectiveness  

Although, a combination of experimental and simulation signals is used for damage diagnosis in the 
majority of the considered steel bridges (Beskhyroun, Oshima and Mikami 2010, Catbas , Gokce and 
Gul 2012, Guo, et al. 2012, Oshima, et al. 2013, Rageh, Linzell and Azam 2018, Sunca, et al. 2021, 
Dang, Tatipamula and Nguyen 2022, Zhou, et al. 2022, Maes, et al. 2022, Neves, Gonzalez and 
Karoumi 2022) (Sarmadi, et al. 2022, Svendsen, Froseth, et al. 2022, Yano, et al. 2023, Svendsen, 
Oiseth, et al. 2023, Torres, et al. 2023), there are cases where only simulated signals are used (Laory, 
Ali, et al. 2012, Laory, Trinh, et al. 2013, Vagnoli, Prescott and Andrews 2018, Ngoc, et al. 2019, Azim 
and Gul 2021, Ghiasi, Ng and Sheikh 2022, Parisi, et al. 2022). These signals correspond to 
acceleration (Beskhyroun, Oshima and Mikami 2010, Guo, et al. 2012, Oshima, et al. 2013, Ngoc, et 
al. 2019, Sunca, et al. 2021, Dang, Tatipamula and Nguyen 2022, Zhou, et al. 2022, Ghiasi, Ng and 
Sheikh 2022, Maes, et al. 2022, Neves, Gonzalez and Karoumi 2022) (Sarmadi, et al. 2022, Svendsen, 
Froseth, et al. 2022, Yano, et al. 2023, Svendsen, Oiseth, et al. 2023, Torres, et al. 2023), strain 
(Catbas , Gokce and Gul 2012, Laory, Ali, et al. 2012, Laory, Trinh, et al. 2013, Rageh, Linzell and 
Azam 2018, Azim and Gul 2021, Neves, Gonzalez and Karoumi 2022, Parisi, et al. 2022), 
displacement (Ngoc, et al. 2019) and deflection signals (Torres, et al. 2023) within frequency 
bandwidths up to 800 Hz, with the last two types used only in a very few cases. Additionally, they 
are based on sensors or measuring points whose number range between 4 and 76 and their usual 
ŎƻƴǎƛŘŜǊŜŘ ƭƻŎŀǘƛƻƴǎ ŀǊŜ ǘƘŜ ǘǊǳǎǎ ōǊƛŘƎŜǎΩ ǎƛdes and the central and side girders (stringers) below 
the deck. The top of the truss and the deck constitute alternative locations for the sensors and the 
measuring points. Hiltec (Catbas , Gokce and Gul 2012), Dytran (Svendsen, Oiseth, et al. 2023), 
Bridge Diagnostics (Rageh, Linzell and Azam 2018) and B&K (Sunca, et al. 2021, Torres, et al. 2023) 
sensors are used for the acquirement of experimental signals. 
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The actual damages which have been examined in the steel bridges include loosened or removed 
bolts, removed shims, cracks (Beskhyroun, Oshima and Mikami 2010, Catbas , Gokce and Gul 2012, 
Oshima, et al. 2013, Svendsen, Froseth, et al. 2022, Svendsen, Oiseth, et al. 2023). Also, retrofitting 
is considered as a form of damage which results to the change of the bridge dynamics (Maes, et al. 
2022, Neves, Gonzalez and Karoumi 2022, Sarmadi, et al. 2022, Yano, et al. 2023). Only the bridges 
where the retrofitting and the shim removal have been considered, are still operational (Catbas , 
Gokce and Gul 2012, Maes, et al. 2022, Neves, Gonzalez and Karoumi 2022, Sarmadi, et al. 2022, 
Yano, et al. 2023). Moreover, the examined simulated damages correspond to reduction of stiffness, 
elasticity modulus and cross sectional area and to removal of elements (Guo, et al. 2012, Laory, Ali, 
et al. 2012, Laory, Trinh, et al. 2013, Rageh, Linzell and Azam 2018, Ngoc, et al. 2019, Azim and Gul 
2021, Ghiasi, Ng and Sheikh 2022, Zhou, et al. 2022, Parisi, et al. 2022, Dang, Tatipamula and Nguyen 
2022). Multiple damages corresponding to simultaneous damages of the same or different type and 
of different magnitudes and at different locations have been examined (Beskhyroun, Oshima and 
Mikami 2010, Catbas , Gokce and Gul 2012, Ngoc, et al. 2019, Azim and Gul 2021, Svendsen, Froseth, 
et al. 2022, Svendsen, Oiseth, et al. 2023, Torres, et al. 2023). 
In most of the studies about damage diagnosis in steel bridges, varying EOCs are considered. The 
environmental conditions include bridge temperature (Maes, et al. 2022, Yano, et al. 2023), air 
temperature (Laory, Ali, et al. 2012, Laory, Trinh, et al. 2013, Neves, Gonzalez and Karoumi 2022, 
Sarmadi, et al. 2022, Svendsen, Oiseth, et al. 2023), wind speed (Svendsen, Froseth, et al. 2022, 
Svendsen, Oiseth, et al. 2023) whereas the operational conditions include train and traffic load 
(Rageh, Linzell and Azam 2018, Laory, Trinh, et al. 2013, Maes, et al. 2022, Torres, et al. 2023), train 
speed (Guo, et al. 2012, Azim and Gul 2021, Neves, Gonzalez and Karoumi 2022), number of cars of 
a train (Azim and Gul 2021) and coefficient of different types of springs (Zhou, et al. 2022). 
Although most of the used vibration-based methods provide satisfactory results about damage 
detection, localization and quantification in steel bridges, there are few of them which are not able 
to detect (Rageh, Linzell and Azam 2018, Azim and Gul 2021, Neves, Gonzalez and Karoumi 2022, 
Torres, et al. 2023), localize (Rageh, Linzell and Azam 2018, Zhou, et al. 2022) and quantify (Rageh, 
Linzell and Azam 2018, Parisi, et al. 2022) adequately damages and especially small ones. 
Additionally, the effectiveness of the most methods is examined based only on damage scenarios 
ǿƘƛŎƘ Ƴŀȅ ōŜ ǉǳƛǘŜ ŦŜǿ ŘǳǊƛƴƎ ǘƘŜ ŜǾŀƭǳŀǘƛƻƴ ǇƘŀǎŜ ŀƴŘ ǘƘǳǎ ǿƛǘƘ ƴƻ ǊŜǎǳƭǘǎ ƻƴ ǘƘŜ ƳŜǘƘƻŘǎΩ ŦŀƭǎŜ 
alarm rate (Beskhyroun, Oshima and Mikami 2010, Laory, Ali, et al. 2012, Oshima, et al. 2013, Laory, 
Trinh, et al. 2013, Ngoc, et al. 2019, Azim and Gul 2021, Parisi, et al. 2022, Dang, Tatipamula and 
Nguyen 2022). Also, the effectiveness of the methods is tested only with the same damage 
magnitudes, locations and EOCs values considered in the training phase and no other values are 
considered (Guo, et al. 2012, Laory, Ali, et al. 2012, Laory, Trinh, et al. 2013, Rageh, Linzell and Azam 
2018, Ngoc, et al. 2019, Azim and Gul 2021, Parisi, et al. 2022, Dang, Tatipamula and Nguyen 2022, 
Zhou, et al. 2022, Ghiasi, Ng and Sheikh 2022) (Svendsen, Froseth, et al. 2022, Svendsen, Oiseth, et 
al. 2023, Yano, et al. 2023). Finally, there are damages such as retrofitting for which only a specific 
magnitude is considered (Maes, et al. 2022, Neves, Gonzalez and Karoumi 2022, Sarmadi, et al. 
2022). 
 

5.4.3. Subproblem addressed by the use case and measurable objectives 

This section is subdivided into two different developments and locations: (1) Track condition 
monitoring using a combination of ABA measurements and track geometry measurements in The 
Netherlands and (2) Condition assessment of existing concrete bridge and transition zones in 
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Norway. 
 

5.4.3.1. Track condition monitoring in The Netherlands 

The final goal of the task is to monitor embankment stability with a use case on the track section 
between Delft and Schiedam in The Netherlands. At the current stage, we take transition zones as 
case studies since they exhibit significant changes in track support conditions when connecting plain 
tracks supported by embankments and rigid structures, such as bridges, culverts, and tunnels. The 
differences in the track substructures at transition zones lead to drastic train-track interaction and 
fast track degradation due to the unevenness in the track support conditions. In The Netherlands, 
maintenance activities in transition zones are reported to be at least twice as frequent as those 
conducted on plain tracks. The health condition of the transition zones is estimated by analyzing the 
measurements at different locations. These locations include the entrance and exit sides on each of 
the two tracks, abutments, and the inner and outer rails, as shown in the next figure. 

 

Figure 7. Study areas of transition zones at the double-track railway bridge (Unsiwilai, et al. 

2023). 

The key subproblem addressed by the case studies is how to use ABA signals to characterize the 
dynamic response due to changes in embankment properties and assess their health conditions. We 
develop a multiple-axle box acceleration (multi-ABA) monitoring technique to characterize the ABA 
responses at railway bridge transition zones. Multi-ABA measurements include acceleration signals 
in the vertical direction on multiple wheelsets. The energy of the ABA responses is used to represent 
the degradation level of tracks. Larger ABA energies should be observed for tracks with more 
degradation. Furthermore, we develop KPIs based on multi-ABA measurements to evaluate the 
differences in energy levels between different abutments, tracks, sides, and rails at each bridge. 
The objective is to develop a comprehensive method for track conditions assessment regarding 
geometry deviation and train-track interaction. Rather than solely considering track geometry, ABA 
could provide more insights in terms of dynamic responses of track components, especially 
embankment. 
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5.4.3.2. Condition assessment of existing concrete bridge and transition zones 

in Norway 

The use case aims at the following subobjectives:  

¶ To develop and validate FEA enabling the consideration of the contributions from material 

and structural boundary conditions of the bridge and its transition zones, 

¶ To develop an improved monitoring and condition assessment systems,    

¶ To connect the results and provide insights on the relation between the monitoring and 

modelling data and the failure modes, providing support for decision-making processes in 

the bridge and transition zone maintenance, 

¶ To establish the predictive tools required for condition assessments and upgrading the 

concrete bridge.  

 

 
 

Figure 8. Tasks planned for the current UC. 
 

Figure 8 shows the main tasks planned for the current use case, including:   

¶ Initial assessment of the bridge and the transition zone aims to offer a comprehensive 

understanding of the structure's condition and performance. In general, this assessment serves 

as a crucial guide for decision-making concerning maintenance, repair, rehabilitation, or 

replacement strategies, all aimed at ensuring the safety and longevity of the infrastructure. 
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In the case of the Søsterbekk bridge use case, the initial assessment involves a review of historical 
records, such as construction/ design documents, inspection and maintenance logs, and review and 
analysis of monitoring data collected during the 32.5-ton axle load test. These records can yield 
valuable insights into the bridge's design, construction methods, past inspections, repairs, and 
maintenance history. Furthermore, the initial assessment of the bridge entails conducting simplified 
structural calculation to determine the distribution of internal forces and moments under specific 
loading conditions. 
  
¶ Intermediate assessments, which typically involves a more detailed evaluation of the bridge 

structural integrity, performance, and any changes since the initial assessment. It involves:  

¶ Improved inspection data could be established with a thorough visual inspection (supported 

by NDT tests) which is conducted to identify any new signs of deterioration, cracks, spalling, 

or other structural issues that may have developed since the last special/ main inspection of 

the bridge including transition zones.  

¶ More detailed calculation will be employed to evaluate the bridge's response to various and 

actual loading conditions from increased axle load and new rolling stock, including static and 

dynamic loads. As input for detailed calculations available historical data supported with 

new monitoring data will form a more detailed understanding of the current condition and 

structural behaviour of the bridge. 

¶ Historical dataset includes: 

o Train-borne measurements of the Ofoten line track structure including bridges and 

transition zones from Track-Logger (2019) and diagnostic vehicle Roger 1000 

measurements (performed 2 time/ year). 

o Monitoring data from Søsterbekk bridges performed by Rambøll in connection with 

the 32,5-ton test train campaign 2016-20.  

Dataset includes bridge deflection, strain in reinforcement bars and vibration measurements from 
multiple train passes from iron ore trains with 30- and 32,5-ton axle load. 
In addition, track measuring data from Haugfjell measuring station will be used to investigate the 
actual traffic loads from all train passing the Søsterbekk bridge. Both historical and present data are 
available.    
For the Norwegian use case partner intend to instrument the pre-stressed concrete at Søsterbekk 
monitoring to measure the structural response of the bridge and transition zones from iron ore 
train. A proposed monitoring setup is outlined for the IM. New measuring data from Roger 1000 
and Track Logger is planned which will form additional input for further calculations and analysis. 
Based on research studies, empirical material data will be applied in the detailed structural analysis. 
This includes an investigation of concrete elements condition, pre-tension losses in tendon cables, 
track structure and ballast degradation on bridge and transitions zones. 
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Figure 9. Layout monitoring plan for transition zones and bridge. 

The FE Analysis aims at recreating the behaviour of the concrete bridge and its transition zone within 
some domain of interest. Considering that the bridge and transition zone were constructed decades 
ago and have been subjected to wear and maintenance, building a model capable of representing 
the bridge and transition zone in their current state will be challenging. Some key difficulties are 
expected to be found in:  

¶ The settlement of the transition zones before and after the bridge. It is generally known 

that the response of transition zones changes over time due to crushing of ballast stone 

and settlement of the ballast and weak subsoil. It is also influenced by the maintenance 

(tamping) aiming to reset the settlement effects. Settlement may have a notable influence 

on the dynamic forces from the train-wheels as the train enters or exits the bridge.  

¶ The steel cables used for post-tensioning the concrete elements of the bridge will 

experience a loss of tension over time. Given that this is an older bridge, this kind of stress 

relaxation will have already happened. It is not clear how much of an influence this value 

will have on the structural response of the bridge, but it plays an important role on its 

strength capacity. 

¶ The long-term use may have influences on the material response of the track structural 

components or the bridge itself. Modelling an idealised version of the bridge might not be 

sufficient for direct comparison with data, requiring the model to go one step further and 

account for any significant changes which may have occurred in the bridge throughout its 

life thus far.  

 

¶ Enhanced Assessments: A numerical model requires data from a monitoring system for 

calibration and validation. However, once established the model would be able to describe the 

properties and behaviour of the bridge and transition zone in much greater detail than what can 

be provided by the monitoring system itself. This can be used to support the measurements, 

provide insight, and extend our understanding of the bridge, and to conduct parametric studies 

to investigate the influence of design parameters. Defects and damage may also be introduced 
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to study the most common failure modes for prestressed concrete bridges. It is important to 

note that predictions made by a simulation must be understood within the context of model 

validity ς the map is not the territory.  

For the Norway-condition assessment of existing concrete bridge and transition zones, the 
Søsterbekk bridge was originally designed to accommodate 25-ton axle load. However, due to the 
growing demand for increased rail traffic capacity along the Ofoten line, there has been a need to 
elevate the axle load to 30-ton, a change implemented in 2008. This adjustment was made feasible 
with the introduction of new iron ore trains. After a 32.5-ton axle load test campaign the maximum 
allowable load was further increased to 31-ton.  
Currently, Bane NOR is in the process of preparing for another upgrade, aiming to raise the axle load 
capacity to 32.5 tons (32.5-tonn axle load is considered to be the upper limit for existing ore trains). 
This necessitates a thorough structural assessment of the Søsterbekk bridge to ascertain its ability 
to accommodate the anticipated 32.5-ton axle load. Such an assessment is critical to ensure the 
bridge's continued safety and functionality amidst evolving operational requirements and increased 
loads on the rail network. The technical and functional requirements for the measurement system 
is found in Annex 6. 
 

5.4.4. Influence of the proposed innovation on the IM/RU problem 

This section is subdivided into two different developments and locations: (1) Track condition 
monitoring using a combination of ABA measurements and track geometry measurements in The 
Netherlands and (2) Condition assessment of existing concrete bridge and transition zones in 
Norway, as well as a last section on Damage diagnosis in steel bridges. 
 

5.4.4.1. Track condition monitoring in The Netherlands  

The objective of this use case is to develop a comprehensive method for track conditions assessment 
regarding geometry deviation and train-track interaction. Rather than solely considering track 
geometry, ABA could provide more insights regarding the dynamic responses of track components, 
especially embankments. The analysis and preliminary results presented in this deliverable have 
been published open access in (Unsiwilai, et al. 2023), which acknowledges the FP3-IAM4RAIL 
project. 
Measurements (ABA and TG) at an example bridge in the Dutch railway network are presented to 
showcase the value of the developed technology. The next figure presents the responses of the 
inner and the outer rails. The ABA signals from the inner and outer rails yield similar peak positions. 
However, the inner rail signal shows a significantly larger amplitude than the outer rail signal at a 
peak close to the South Abutment. This suggests that at Track I, the South Abutment experiences a 
stronger uneven degradation than the North Abutment. Then, ABA signals are transformed from the 
time domain to the time-frequency domain using the continuous wavelet transform (CWT). 
Consequently, the wavelet power spectrum (WPS), the energy of ABA signal regarding CWT, of the 
inner rail close to the South Abutment are significantly larger than those from the outer rail.  



 

 

 

59 

 

Figure 10. ABA responses of Track I at an example bridge (Unsiwilai, et al. 2023) 

Then, multi-ABA signals from both rails in terms of the global wavelet power spectrum (GWPS) and 
the distribution of WPS with respect to the frequencies in each study area are compared in the next 
figure. Signals from the inner and outer rails show differences in the frequencies and amplitudes of 
the dominant peaks in the study areas. Areas C-I and D-I show noticeable response differences 
between the two rails in the spatial frequency range below 0.33 m-1. In addition, remarkable 
differences between the two rails are also found at spatial frequencies above 0.33 m-1.  
 

 

Figure 11. GWPS of the ABA signals measured at different rails for Track I at an example bridge 

(Unsiwilai, et al. 2023). 

Next, the scale average wavelet power (SAWP), the distribution of WPS with respect to the positions 
of the signals at both rails in Tracks I and II, and the corresponding track geometry parameters at 
the transition zones are shown in the next figure. The figure shows noticeable differences in Areas 
B-I, C-I, and D-I regarding the location and amplitude of the SAWP peak responses between the inner 
and outer rails. The inner rail shows larger energies than the outer rail in Area B-I, while the outer 
rail shows larger energies in Areas C-I and D-I. While longitudinal levels measured at both inner and 
outer rails are not significantly different. These findings suggest a sensitivity of the multi-ABA to 
estimate responses from signals measured at different rails. It can be observed that ABA 
measurement provides results with higher sensitivity than track geometry measurement, the 
current practice technology. 
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Figure 12. SAWP of the ABA signals and track geometries at an example bridge (Unsiwilai, et al. 

2023). 

5.4.4.2. Condition assessment of existing concrete bridge and transition zones 

in Norway 

The combination of advanced modelling and instrumentation which is developed and demonstrated 
in the current use case will significantly contribute to the development of new condition assessment 
and maintenance systems for IM. The predictive tool for condition assessment of existing bridges 
and the database from the continuous condition monitoring instrumentation will support 
understanding the effects of the service condition on the bridge to develop sustainable 
management strategy for the railway infrastructure. In addition, modelling combined with multiple 
sensing technologies will improve understanding the impact of specific failure mode on the dynamic 
signals as received by the condition monitoring sensing system. This will significantly contribute to 
increasing the accuracy of monitoring system. Finally, the predictive tool combined with continuous 
monitoring of the transition zone will support IR for improving their maintenance and reduce its 
impact on the structural health of the bridge.    
 

5.4.5. Refinement of Key Performance Indicators (KPIs) 

No further refinements to the KPIs are identified at the present stage. The KPIs will be refined upon 
analysis of the data acquired at the asset using the measurement system. 
This section is subdivided into two different developments and locations: (1) Track condition 
monitoring using a combination of ABA measurements and track geometry measurements in The 
Netherlands and (2) Condition assessment of existing concrete bridge and transition zones in 
Norway. 
 

5.4.5.1. KPI1. Track condition monitoring in The Netherlands  

¶ Short description. The current baseline for track condition assessment solely relies on track 

geometry parameters. However, some limitations in utilizing track geometry are indicated 

before. This use case considers ABA measurements, which can capture train-track 
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interaction, as an additional source of information for track condition assessment. The 

preliminary results suggest that ABA measurements provide higher sensitivity than track 

geometry measurements, indicating a higher capability of ABA measurements in detecting 

track positions with poor embankment conditions, which can be called defects. In addition, 

due to higher sensitivity and more frequent monitoring operation of ABA measurements 

than track geometry measurements, an early warning detection framework for track 

embankment failures is allowed to be developed in the future. 

 

¶ How to compute KPI1. Therefore, in this state, the KPI is developed to quantify the capability 

of ABA measurements in track condition assessment regarding the number of detected 

defects, as follows. 

+0)ρװ װ
ÄÅÆÅÃÔ!"! Ȥ ÄÅÆÅÃÔ4'

ÄÅÆÅÃÔ4'
ρππ (14) 

 

where: defectTG is the number of defects regarding track geometry measurements, from 

location x = 1 to x = n. In this case, a longitudinal level at location x, LL(x), is a 

considered track geometry parameter. Defects must provide a higher longitudinal 

level than the established limit value, ὒὒ. 

defectABA is the number of defects regarding ABA measurements, from location x = 1 

to x = n. To identify defects, the SAWP (ABA energy) at location x, SAWP(x), is 

considered. Defects must provide higher SAWP than the minimum SAWP at locations 

with a longitudinal level equal to the limit value. 

A positive KPI value suggests that ABA measurements more effectively detect defects than track 

geometry parameter measurements, indicating a higher capability for assessing track conditions, 

particularly in the embankment component. 

 

5.4.5.2. KPI2. Detectability of incipient known failures 

¶ Short description. At baseline, incipient faults are either detected through regular 

inspections (noticed, reported, and assessed by ad-hoc inspection) or, worst case, through 

failure if the fault is fully developed. Regular inspections may not capture all relevant faults 

at a sufficiently early stage, e.g., due to accessibility or due to long periods between 

inspections. Early detection will increase safety and give time to plan and execute 

maintenance actions at a lower overall cost without compromising safety. If successful, the 

numerical model coupled with data from continuous monitoring instrumentation will enable 

describing the properties and behaviour of the bridge and transition zones in much greater 
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detail than what can be provided by instrumentation. This will provide insight on the link 

between the measurements and degradation mechanisms. Defects and damage may also be 

introduced to study their impact on the bridge response. This allows earlier prediction of 

failure. However, it is important to note that predictions made by a simulation must be 

understood within the context of model validity and assumptions. 

 

¶ How to compute de KPI. The KPI will be computed based on a statistical comparison of 

performance on the detectability of known incipient faults compared with regular baseline 

inspection (manual inspection). The KPI will be computed by: 

+0)ς
ὲ

ὲ ά
ρππ Ϸ ȟ 

 
where ὲ  is the number of faults detected by the monitoring system deployed in this project, 
while ά  is the number of faults detected by inspection or other means without first being 
detected by the monitoring system. The main failure cases targeted will be: 

1. Loss of prestress in tendons, 

2. Loss of stiffness in transition zones. 

The KPI will be calculated individually for the two failure cases. 
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6. Architecture and Data Interoperability 

6.1. Architecture 

The general architecture of this work package can be associated to the structure of a database. The 
dependencies between the tables of this database represent how Infra-managers (owning the sites) 
and technology providers (performing the measurements & processing) interacts during the works 
of this WP. Data upload follows the typical rigid rules of database data injection, implying 
interoperability and data homogeneity. The database provides a convenient interface between the 
UCs of this work package.  Furthermore, once this database is filled, it will enable data retrievability, 
aligning to the FAIR principles in terms of Findability and Accessibility (providing data owner concede 
access). This database con then be exposed to other ΨFAΩ (Transversal topics) within ERJU to 
implement the two remaining ΨIRΩ attributes (Interoperability and Reusability).  

 

 

Figure 13.WP 12 Database structure (Oracle MySql WorkBench). 
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6.1.1. Campaign Table 

Each test site is most likely owned by an Infra-ƳŀƴŀƎŜǊΦ Lƴ ǘƘƛǎ ǾƛŜǿΣ ǘƘŜ ŦƛŜƭŘǎΩ ŘŜǎŎǊƛǇǘƛƻƴ ƛǎ ŀǎ 
follows: 

¶ Inframanager: Name of the Infra-manager managing or owning the site (eg. FSI, ADIF, SNCF). 

¶ NameOfTheAsset: Name of the asset or of the location (eg. Viadotto Pugliese).  

¶ Latitude: Latitude of the centre of mass of the site (eg. 41.11148). 

¶ Longitude: Latitude of the centre of mass of the site (eg. 16.8554). 

¶ NameNearestStation: Name of the nearest station (eg. Bari Central Station). 

¶ DistanceNearestStation: Linear Distance along the track from the nearest station (30 km). 

¶ NameIssuer: Name of the person who created this record (es. Vincenzo Scarnera).  

¶ DateIssuer: Creation date of this record (01/01/2024).  

¶ DateBeginingCampaign: Date of the start measurement of the campaign on this site 

(01/02/2024). 

¢ƘŜ /ŀƳǇŀƛƎƴ ¢ŀōƭŜ ƛǎ ŎƻƴƴŜŎǘŜŘ ǘƻ ǘƘŜ ŎƘƛƭŘǊŜƴ ǘŀōƭŜǎ όάƳŜŀǎǳǊŜƳŜƴǘǎέύ ƛƴ ŀ ƻƴŜ-to-many fashion.  

 

6.1.2. Measurement Table 

In each campaign/site, different technology providers could be operating at the same time. The 
technology provider performing a measurement on a specific site shall declare a record for this 
ǘŀōƭŜΦ Lƴ ǘƘƛǎ ǾƛŜǿΣ ǘƘŜ ŦƛŜƭŘǎΩ ŘŜǎŎǊƛǇǘƛƻƴ ƛǎ ŘŜǎŎǊƛōŜŘ ŀǎ ŦƻƭƭƻǿǎΥ 

¶ NameIssuer: Name of the person who created this record.  

¶ DateIssue: Creation date of this record (includes minutes and seconds).  

¶ TechnologyProvider: Name of the technology provider (eg. Mermec). 

¶ SensorName: Name of the sensor (eg. Track Geometry, geophone, georadar). 

¶ LastCalibrationDate: Date of the last calibration for the sensor. 

¶ LastMaintanenceDate: Date of the last maintenance for this sensor. 

¶ Firmwareversion: Version of the firmware currently installed. 

¶ X,Y,Z,L: coordinate of the sensor relative to the centre of mass declared in the parent 

Campaign.  

¶ L: Linear coordinate (along the track) of the sensor relative to the centre of mass declared in 

the parent Campaign. 

NOTE: X,Y,Z,L indicate the point where the sensor is located at the beginning of the measurement 
and not necessary where the measurement comes from. For instance, a geophone is fixed, but the 
measurement comes from underground. Same thing for a moving measuring vehicle: the initial 
location is to be indicated.  
¢ƘŜ aŜŀǎǳǊŜƳŜƴǘ ¢ŀōƭŜ ƛǎ ŎƻƴƴŜŎǘŜŘ ǘƻ ǘƘŜ ŎƘƛƭŘǊŜƴ ǘŀōƭŜǎ όάǾŀƭǳŜƻŦƳŜŀǎέύ ƛƴ ŀ ƻƴŜ-to-many 
fashion.  
VALUE OF MEAS TABLE: Whilst the Measurement table refers to the instance of the measurement 
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όǿƘŜƴΣ ƘƻǿΣ ōȅ ǿƘƻύΣ ǘƘŜ ǘŀōƭŜ άǾŀƭǳŜƻŦƳŜŀǎέΣ ǊŜŦŜǊǎ ǘƻ ǘƘŜ ǾŀƭǳŜ ƻŦ ǘƘŜ ƳŜŀǎǳǊŜƳŜƴǘǎ itself (time, 
voltages, temperatures etc). The valueofmeas table leverage on the agility of JSON format. 
Let us say, for example, that 100 values of temperature at consecutive times were gathered at the 
same site, same day, same spot, same date, same person, same sensor. In this example the 
architecture calls for: 1 record in the table measurements connected to 100 records in the 
valueofmeas table.  
Carrying on, let us say, that another 321 values of temperatures need to be taken during the same 
day, at same site, same spot, by same person & same sensor of the example above. In this case 
ŀƴƻǘƘŜǊ ǊŜŎƻǊŘ ŦƻǊ ǘƘŜ ΨƳŜŀǎǳǊŀƳŜƴǘΩ ǘŀōƭŜ ƴŜŜŘǎ ǘƻ ōŜ ƛƴǎǘŀƴǘƛŀted with another DateIssue 
(different minutes). To this record, 321 records will be associated in the children table 
άǾŀƭǳŜƻŦƳŜŀǎέΦ  

 

6.1.3. Processing Table 

¢ƘŜ aŜŀǎǳǊŜƳŜƴǘ ¢ŀōƭŜ ƛǎ ŎƻƴƴŜŎǘŜŘ ǘƻ ǘƘŜ ŎƘƛƭŘǊŜƴ ǘŀōƭŜǎ όάǇǊƻŎŜǎǎƛƴƎέύ ƛƴ ŀ ƻƴŜ-to-many fashion. 
Each measurement can be, in principle, associated with several kind of processing (one-to-many 
ǊŜƭŀǘƛƻƴǎƘƛǇύΦ Lƴ ǘƘƛǎ ǾƛŜǿΣ ǘƘŜ ŦƛŜƭŘǎΩ ŘŜǎŎǊƛǇǘƛƻƴ ƛǎ ŀǎ Ŧƻƭlows: 

¶ NameIssuer: Name of the person who created this record.  

¶ DateIssue: Creation date of this record (includes minutes and seconds).  

¶ TechnologyProvider: Name of the technology provider (eg. Mermec). 

¶ Processing Name. 

¶ Processing Version. 

¶ Processing Date. 

¶ X,Y,Z,L: coordinate of the processed zone, relative to the centre of mass declared in the 

parent folder Measurement . These should be by default the same of the parent table 

όΨƳŜŀǎǳǊŜƳŜƴǘΩύΣ ƘƻǿŜǾŜǊ ŀ ǎŜƴǎƻǊ ƭƻŎŀǘŜŘ ƛƴ ŀ ǇƭŀŎŜ ŎƻǳƭŘ ƎŜƴŜǊŀǘŜ Řŀǘŀ ǇǊƻŎŜǎǎƛƴg that 

refers to another place (ranging sensors).  

 

6.1.4. ¢ŀōƭŜǎ ΨǾŀƭǳŜƻŦƳŜŀǎΩ ŀƴŘ ΨǾŀƭǳŜƻŦǇǊƻŎΩ 

¢ƘŜ ǘŀōƭŜǎ ΨǾŀƭǳŜƻŦƳŜŀǎΩ ŀƴŘ ΨǾŀƭǳŜƻŦǇǊƻŎΩ Ŏƻƴǘŀƛƴ ǊŜǎǇŜŎǘƛǾŜƭȅ ǘƘŜ ǾŀƭǳŜ ƻŦ ǘƘŜ ƳŜŀǎǳǊŜƳŜƴǘ ŀƴŘ 
of the processing. These tables leverage on the flexibility of the JSON format, so each entry can have 
multiple values. Unlike in all the other table presented, the format of these entries is not  predefined 
in the database, but it is rather managed at last by the operator performing the SQL injection.   

 
DateTime Voltage Current  Temperature Acceleration Humidity Temperature 

Table 2. Example of Versatile JSON entry for measurements and processing 

The table above exemplify one hypothetical record that could be injected in these tables. At a 
determined time stamp (DateTime), the values read for voltages, currents, temperature, 
acceleration, humidity & Temperature are all uploaded, giving rise to a record.    
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6.2. User Interface 

A web interface has been built to visualise the data of the interoperability database. In this way, 
users that have no SQL knowledge, can freely browse and inject WP12-13 contents, as described by 
the databases tables.   
 

 

Figure 14.WP 12/13 Data Explorer web interface (Apache Tomcat). Home page. 

The interface Ǌǳƴǎ ƻƴ ǿƘƛŎƘŜǾŜǊ ŎƻƳǇǳǘŜǊ ŜƴŘƻǿŜŘ ǿƛǘƘ ƛƴǘŜǊƴŜǘ ōǊƻǿǎŜǊΦ  /ƭƛŎƪƛƴƎ ƻƴ Ψ±ƛŜǿ 
ŎŀƳǇŀƛƎƴΩ ƛǎ ǘƘŜ ŜƴǘǊȅ Ǉƻƛƴǘ ǘƻ ǎŜŀǊŎƘ ǘƘǊƻǳƎƘ ǘƘŜ ŎƘƛƭŘǊŜƴ ǘŀōƭŜǎ όŜΦƎΦ aŜŀǎǳǊŜƳŜƴǘΣ /ŀƳǇŀƛƎƴǎύΦ 
 

 

Figure 15. WP 12/13 Data Explorer we interface (Apache Tomcat). Campaigns Table. 

As shown in Figure 15, so far, there are 8 Campaigns (sites) listed. The information pertaining the 
overall geography of the sites, along with the owner of the site are all listed in this view. The entries 
ǾƛŜǿŜŘ Ŏŀƴ ōŜ ŜȄǇƻǊǘŜŘ ōȅ ƳŜŀƴ ƻŦ ǘƘŜ Ψ9ȄǇƻǊǘ ǘƻ 9ȄŎŜƭΩ ƭƛƴƪΦ  
 
To find out more about the multiple measurements taken in any of these Campaigns (Sites), the 
ǳǎŜǊ Ŏŀƴ ŎƭƛŎƪ ǘƻ ǘƘŜ ŎƻǊǊŜǎǇƻƴŘŜƴǘ ΨƛŘ/ŀƳǇŀƛƎƴΩ ŎƻƭǳƳƴ όŀǎ ƛƴŘƛŎŀǘŜŘ ōȅ ǘƘŜ ƳƻǳǎŜ ŎǳǊǎƻǊύΦ Lƴ ǘƘƛǎ 
way, for instance, the measurements conducted in the site of Ponferrada will appear in the 
Measurement view.  
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Figure 16. WP 12/13 Data Explorer we interface (Apache Tomcat). Measurements Table. 

Figure 16 lists the measurement lot performed by WORLDSENSING by mean of 17 Tilto-meters in 
ǘƘŜ ǎƛǘŜ ǇƻƛƴǘŜŘ ōȅ ǘƘŜ ǇŀǊŜƴǘ ǘŀōƭŜ όtƻƴŦŜǊǊŀŘŀύΦ ¢Ƙƛǎ ǾƛŜǿ ƴŀƛƭǎ ǘƘŜ ǎŜƴǎƻǊǎΩ ƭƻŎŀǘƛƻƴ ŦƻǊ ǘƘŜ 
measurements, along with their condition (Start of the acquisition, calibration date, firmware 
etcetera). As explained, the coordinate of the device, in this view, can either be relative to the centre 
ƻŦ ƎǊŀǾƛǘȅ ƻŦ ǘƘŜ ǇŀǊŜƴǘ Ψ/ŀƳǇŀƛƎƴΩ ǊŜŎƻǊŘΣ ƻǊ ŀōǎƻƭǳǘŜ όƛƴ ǘƘƛǎ ŎŀǎŜ ǿŜ ƘŀǾŜ ǘƘŜ ŀōǎƻƭǳǘŜ ƭƻƴƎƛǘǳŘŜ 
latitude of the 17 tilto-meterǎύΦ  ¢ƘŜ ŜƴǘǊƛŜǎ ǾƛŜǿŜŘ Ŏŀƴ ōŜ ŜȄǇƻǊǘŜŘ ōȅ ƳŜŀƴ ƻŦ ǘƘŜ Ψ9ȄǇƻǊǘ ǘƻ 9ȄŎŜƭΩ 
link.  
Generally speaking, more sensors can be jointly exploited to create one or more processing. In the 
case above, we have the 11 sensors that ŀǊŜ ǳǎŜŘ ǘƻƎŜǘƘŜǊ ǘƻ ǘǊƛƎƎŜǊ ŀ Ψ{ƻƛƭ !ƭŀǊƳΩΦ ¢ƘŜ Ψ{ƻƛƭ !ƭŀǊƳΩ 
is a ǇǊƻŎŜǎǎƛƴƎΦ /ƭƛŎƪƛƴƎ ƻƴ ΨLŘaŜŀǎǳǊŀƳŜƴǘҐооΩ όŀǎ ƛƴŘƛŎŀǘŜŘ ōȅ ǘƘŜ ƳƻǳǎŜ ŎǳǊǎƻǊ ƛƴ Figure 17), will 
open the Processing view, pertaining the correspondently clicked Tiltometer-115792, plus all those 
ǘƘŀǘ Ƨƻƛƴǘƭȅ ŎƻƴǘǊƛōǳǘŜ ǘƻ ǘƘŜ Ψ{ƻƛƭ !ƭŀǊƳΩΦ  
 

 

Figure 17. WP 12/13 Data Explorer we interface (Apache Tomcat). Processing Table. 

Lƴ ŀƴƻǘƘŜǊ ǇǊƻŎŜǎǎƛƴƎ ƛƴǎƛǎǘƛƴƎ ƻƴ ǘƘƛǎ ǎƛǘŜΣ ŦƛǾŜ ǎŜƴǎƻǊǎ ŀǊŜ Ƨƻƛƴǘƭȅ ǳǎŜŘ ǘƻ ƎŜƴŜǊŀǘŜ ŀ ΨwƻŎƪ ¢ǳƴƴŜƭ 
!ƭǊŀƳΩΦ /ƭƛŎƪƛƴƎ ƻƴ ΨLŘaŜŀǎǳǊŀƳŜƴǘҐнпΩ will open the Processing view, pertaining Tiltometer-91987 
ŀƴŘ ŀƭƭ ǘƘƻǎŜ ¢ƛƭǘƻƳŜǘŜǊǎ ǘƘŀǘ ŎƻƴǘǊƛōǳǘŜ ǘƻ ǘƘŜ ΨwƻŎƪ ¢ǳƴƴŜƭ !ƭǊŀƳΩΦ ¢ƘŜ ŜƴǘǊƛŜǎ ǾƛŜǿŜŘ Ŏŀƴ ōŜ 
ŜȄǇƻǊǘŜŘ ōȅ ƳŜŀƴ ƻŦ ǘƘŜ Ψ9ȄǇƻǊǘ ǘƻ 9ȄŎŜƭΩ ƭƛƴƪΦ  
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Figure 18. WP 12/13 Data Explorer we interface (Apache Tomcat). Processing Table. 

/ƭƛŎƪƛƴƎ ƻƴ ǘƘŜ Ψ±L9² ![[Ω ƻŦ ǘƘŜ ƘƻƳŜ ǇŀƎŜ όFigure 18) will let the user have access to the whole 
lot of Campigns/Measurament/Processing in one go (Figure 19), by mean of a cross inner join 
permed across all table. Disposing of all data will enable further processing & management related 
operations.  
 

 

Figure 19. ALL WP12-13 data view (there are already 115 rows and 40 columns). 

¢ƘŜ ōǳǘǘƻƴ Ψ¦t[h!5 5!¢!Ω (Figure 20) allows the user to update the database, by injecting entries 
in the tables. Once clicked, the user is asked to upload .xls files, containing the entries.  
 
 

 

Figure 20. Upload Table Pop Up. 
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¢ƘŜ ȄƭǎΦ CƛƭŜǎ ŦƻǊ ǘƘŜ ƛƴƧŜŎǘƛƻƴ Ƴǳǎǘ ƳƛǊǊƻǊ ǘƘŜ ŦƻǊƳŀǘ ƻŦ ǘƘŜ ŦƛƭŜ ƻōǘŀƛƴŜŘ ǿƘŜƴ ŎƭƛŎƪƛƴƎ ƻƴ Ψ9ȄǇƻǊǘ 
ǘƻ 9ȄŎŜƭΩΦ ¢Ƙƛǎ ǎƛƳǇƭƛŦƛŜǎ ŜƴƻǊƳƻǳǎƭȅ ǘƘŜ ǇǊƻŎŜŘǳǊŜΣ ƻƴŎŜ ŀƎŀƛƴ ŀƭƭƻǿƛƴƎ ŀ ǳǎŜǊ ƴƻǘ ƘŀǾƛƴƎ ŀƴȅ {v[ 
skill, to perform otherwise complicated database injection.   
 

6.3. Standards  

To limit the problems related to technical interoperability, the standard used in the UC have been 
homogenised as much as possible and clearly stated. In this section the standards applied are 
initially presented for the standards, interoperability and retrievability part and then specified for 
each use case. 
 

6.3.1. Standards used for interoperability & retrievability. 

Data interoperability database (My SQL Workbench by Oracle Corporation) 

¶ ANSI SQL (SQL-92, SQL:1999, SQL:200) 

¶ JDBC (Java Database Connectivity) 

¶ ODBC (Open Database Connectivity) 

Data interoperability web interface (Apache Tomcat) 

¶ Jakarta EE standards (Servlet, Pages, Expression Language, WebSocket, Annotations) 

 

6.3.2. Standards used in in Multiscale Monitoring of Civil Assets (Italy). 

Main standards are used for the project in the frame of spaceborn application: 

¶ Hdf5 (Hierarchical Data Format) for SAR Data (e.g. used in mission like Sentinel-1C, CSK/CSG) 

¶ TIF (Tagged Image File Format) for Multispectra Data (e.g. used in mission like Pleiades NEO) 

¶ KML (Google Earth open format) for polygons delimiting area of interest. 

¶ LAS (Lidar Laser) for point clouds used in training data. 
¶ PT (PyTorch Model format) to store the weights and parameters of trained AI PyTorch 

models. 

Main standards are used for the project for UAV application: 

¶ TIF (Tagged Image File Format) for RGB images, multispectral images, DTM (Digital Terrain 

Model) and DSM (Digital Surface Model); 

¶ LAS (Lidar Laser) for point clouds. 

¶ PT (PyTorch Model format) to store the weights and parameters of trained AI PyTorch 

models. 
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6.3.3. Standards used in Bridges and Earthworks Asset Management aided by 

Geotechnics (Spain). 

¶ MQTT (Message Queuing Telemetry Transport) with SSL/TLS protocol for communications 

and data confidentiality. 

¶ JSON (JavaScript Object Notation) as a lightweight format for storing and transporting data. 

 

6.3.4. Standards used in Monitoring of tunnel, sub-ballast layers, subsoil 

(France). 

The standards are presented following the developments they are relative of: 

¶ Evaluation of mechanical properties of sub-ballast layers and subsoil. Main standards are 

used for the project from geophysical instruments and processing: 

o DAT for binary measurements. 

o NPY python format. 
o Tiff (tag image file format). 

¶ High efficiency tunnel inspection systems and predictive maintenance for tunnels. 

o LAS (Lidar Laser) for point clouds. 

o TIF (Tagged Image File Format) for Multispectra Data. 

o OBJ (wavefront 3D object file) for 3D models of tunnels. 

o Tiff (tag image file format) for ortophotography and damages maps. 

o DWG (DraWinG) for damages maps. 

¶ Passive contactless magnetic microwire sensor. 

o The data to be employed in this UC will be derived from laboratory tests. 

 

6.3.5. Standards in Data analysis for condition monitoring (The Netherlands, 

Norway). 

The following standards will be used during the project:  

¶ ISO 5725-нΥнлмф ό9ύ ά!ŎŎǳǊŀŎȅ όǘǊǳŜƴŜǎǎ ŀƴŘ ǇǊŜŎƛǎƛƻƴύ ƻŦ ƳŜŀǎǳǊŜƳŜƴǘ ƳŜǘƘƻŘǎ ŀƴŘ 

results ς Part 2: Basic method for determination of repeatability and reproducibility of a 

ǎǘŀƴŘŀǊŘ ƳŜŀǎǳǊŜƳŜƴǘ ƳŜǘƘƻŘέΦ 

¶ 9bмоолсΥнлмтό9ύ άaŀƛƴǘŜƴŀƴŎŜ ς aŀƛƴǘŜƴŀƴŎŜ ¢ŜǊƳƛƴƻƭƻƎȅέΦ  

¶ L{h мсрутΥнллп άaŜŎƘŀƴƛŎŀƭ ǾƛōǊŀǘƛƻƴ ŀƴŘ ǎƘƻŎƪ ς Performance parameters for condition 

ƳƻƴƛǘƻǊƛƴƎ ƻŦ ǎǘǊǳŎǘǳǊŜǎέΦ  

¶ L{h мпфсоΥнлло άaŜŎƘŀƴƛŎŀƭ ǾƛōǊŀǘƛƻƴ ŀƴŘ ǎƘƻŎƪ ς Guidelines for dynamic tests and 

ƛƴǾŜǎǘƛƎŀǘƛƻƴǎ ƻƴ ōǊƛŘƎŜǎ ŀƴŘ ǾƛŀŘǳŎǘǎέΦ  

¶ UIC 778-пwΥнллф ά5ŜŦŜŎǘǎ ƛƴ Ǌŀƛƭǿŀȅ ōǊƛŘƎŜǎ ŀƴŘ ǇǊƻŎŜŘǳǊŜǎ ŦƻǊ ƳŀƛƴǘŜƴŀƴŎŜέ.  
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¶ EN 13848-мΥ άwŀƛƭǿŀȅ ŀǇǇƭƛŎŀǘƛƻƴǎ - Track - Track geometry quality - Part 1: Characterization 

ƻŦ ǘǊŀŎƪ ƎŜƻƳŜǘǊȅέΦ 

¶ EN 13848-нΥ άwŀƛƭǿŀȅ ŀǇǇƭƛŎŀǘƛƻƴǎ - Track - Track geometry quality - Part 2: Measuring 

systems - ¢ǊŀŎƪ ǊŜŎƻǊŘƛƴƎ ǾŜƘƛŎƭŜǎέΦ 

¶ EN 13848-рΥ άwŀƛƭǿŀȅ ŀǇǇƭƛŎŀǘƛƻƴǎ - Track - Track geometry quality - Part 5: Geometric quality 

levels - tƭŀƛƴ ƭƛƴŜΣ ǎǿƛǘŎƘŜǎ ŀƴŘ ŎǊƻǎǎƛƴƎǎέΦ 

¶ EN 13848-сΥ άwŀƛƭǿŀȅ ŀǇǇƭƛŎŀǘƛƻƴǎ - Track - Track geometry quality - Part 6: Characterisation 

ƻŦ ǘǊŀŎƪ ƎŜƻƳŜǘǊȅ ǉǳŀƭƛǘȅέΦ 
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7. Civil engineering inspection and monitoring technologies: Installation 

and initial data collection 

This section provides detailed information on the current development status of each project Use 
Case technology. The following sections, whenever applicable to the use case /technology, cover 
the following treads: 

¶ Selected equipment, technical specifications, and justification. 

¶ Data selection and collection. 

¶ Algorithms and implementation. 

¶ Preliminary results. 

¶ Workflow. 

¶ Demonstration Plan. 

 

7.1. Multiscale Monitoring of Civil Assets (Italy) 

7.1.1. Vegetation encroachment and asset recognition 

7.1.1.1. Data selection, collection and processes 

The supervised training process of a neural network requires a pair of complementary data types: 
the raw data and the ground truth data. The ground truth data teaches the network what it should 
learn from the raw data. 
The preliminary geographical area covered by available data is in the Basilicata region, in the vicinity 
of Potenza. We dispose of multispectral satellite orthoimage with 6 bands (R, G, B, NIR, Red Edge, 
and Deep Blue) and a resolution of 0.30 m. 

 

Figure 21. 30 cm resolution orthoimage for neural network training. 

The ground truth data, obtained through an aerial survey, consists of a classified point cloud. This 
means that each point carries not only the information of the object's elevation, but also other types 
of information, such as the object's class, which can be one of the following: terrain, vegetation or 
buildings. 
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The Canopy Height Model (CHM) is obtained from the difference between the Digital Surface Model 
(DSM) and the Digital Terrain Model (DTM). The DSM and the DTM, along with the point cloud, have 
a resolution of 1 m. In the CHM the pixel values represent the height calculated from the normalized 
ground, in meters. 

 

Figure 22. Ground truth data: classified point cloud from aerial survey (left) and CHM (right). 

From the point cloud, additional ground truth data are extracted and used to maximize the 
information provided to the neural network. This additional piece of data consists of a segmentation 
mask, created by generating a grid where each cell has a side length of 0.30 m, analogous to the 
resolution of the satellite orthoimage. For each cell, the density of points in each class is assessed. 
Each cell thus represents a pixel and is assigned to the class with the highest point density. If no 
points are present in a pixel, the "vegetation" class is assigned to it by default.   
In this way, the network will be fed with the information of each asset classification in the image. 
Below, a portion of the segmentation mask is shown. The three classes are identified by a different 
grey scale value. 
 

 

Figure 23. Additional ground truth data: classification map. 

Since the areas of the raw data and the ground truth data do not perfectly coincide, only the 

intersection area, represented in the figure below by the green polygon, is retained for the training. 
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Figure 24. Intersection of the areas.  

In the end, a total area of 1.26 km² is covered, of which 0.68 km² (54.4%) is classified as terrain, 0.46 

km² (36.3%) as vegetation and 0.12 km² (9.31%) as buildings.  

From this area, 4530 tiles of 128x128 pixels are extracted, which are then quadrupled through data 

augmentation, obtaining a total of 18120 tiles to be redistributed in the neural network dataset. 

 

7.1.1.2. Algorithms and implementation 

For the purposes of the project, a neural model pipeline has been developed, which varies 
depending on whether the classified point cloud relative to the orthoimage is available. If so, the 
classification map can be extracted from the point cloud. Otherwise, it will have to be obtained as a 
result of training another dedicated neural network. 
 

1. Pipeline for training 

The pipeline structure is displayed in the following image. 
 

 
Figure 25. Pipeline structure for training with available classification map. 

 

The neural network model of choice is a simple U-Net with a ResNet18 encoder and a linear 

activation function in the final layer, designed to complete a linear regression task.  

The model is provided with a composite data input with 10 channels, where the first 6 are 
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the multispectral bands and the last 4 channels are the Boolean masks obtained by filtering 
ǘƘŜ ǾŀǊƛƻǳǎ ŎƭŀǎǎŜǎ ŦǊƻƳ ǘƘŜ ŀǎǎŜǘǎΩ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ ƳŀǇΦ ¢ƘŜ ŦƻǳǊǘƘ-to-last channel is reserved 
to the "background", which included all the pixels not associated with the 3 classes of 
interest. 

2. Pipeline for inference 

In the eventuality of having to predict a CHM using only a multispectral satellite image, the 

data should be adequately prepared to be submitted to the linear regression model for 

inference. This would mean being able to produce a classification map, to fill the last four 

channels of the data. To achieve this goal, a chain of two models where the first would be 

responsible for producing the segmentation mask and the second the CHM has been 

designed. An intermediate phase would combine the output of the first model with the 6 

bands of the multispectral image, preparing the data for the second model.  

Below is a schematic representation of the designed model chain. 
 

 
Figure 26. Pipeline structure for inference. 

 

The first neural network could be a DeepLabV3+, a state-of-the-art model for solving 

semantic segmentation tasks.  
 

7.1.1.3. Workflow 

The workflow entails three main phases: preprocessing, neural network training and analysis of the 
extracted predictions. 
 

¶ Preprocessing of the data 

The data in input are resampled to the same resolution of 0.30 m and cut to the intersection 

between the data and the ground truth. The available area is then subdivided into 128,128 

pixel tiles, with an overlap of 64 pixels on each side. This will reduce discontinuity effects on 

the predicted tiles borders and provide a better understanding of the context on the neural 

network part. The number of tiles is increased through reflections along the x-axis and y-

axis. 
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Finally, the tiles are distributed into the training, validation and test sets. The first two 

portions will be actively used by the network for learning, while the test portion will remain 

unseen by the network and will be used to evaluate the quality of the training results, as 

ground truth data are still available for comparison.  
 

¶ Training 

Two training processes are conducted for the first type of pipeline and for the second type 

of pipeline.  

 

¶ Training with available classification map 

In this case the classification map is extracted from the point cloud, so there is only 

one neural network to train, that is, the U-Net. The table below shows the 

parameters used for the training.  
 

 

Table 3. Training paraments. 

The metric evaluated during training, which coincided with the loss function used, 

was the Mean Absolute Error (MAE). 

 

¶ Training with no available classification map 

If the only available data are the multispectral orthoimage, it is necessary to have a 

pre-trained semantic segmentation model that can output a classification map from 

the input multispectral orthoimage. This model, which we will call Model A, must 

therefore undergo its own training process before becoming part of the pipeline. 

The characteristics of the training for the model that extracts the predicted CHM, 

which we will call Model B, are the same as previously described. 

Here is the table of parameters for the two training processes. 
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Table 4. Training paraments for the two models 

For model A, the metric evaluated during training is the mean Intersection over 

Union (mIoU), while the loss function is the Dice Loss. 

 

¶ Results analysis 

The final phase of the workflow is the extraction of CHM predictions by the best trained 

model from those parts of the orthoimage that were placed in the test set and had not been 

seen by the network during training. These results are then evaluated against the ground 

truth data to assess the effectiveness of the model. 
 

7.1.1.4. Preliminary Results 

In this section, the evaluation of the results obtained for each of the three classes of interest is 
presented: terrain, vegetation, buildings. 
A distinction is made between the results of the first type of pipeline and the ones of the second 
type of pipeline. 

1. Training with available classification map from point cloud 

¶ Terrain 

As evident from the comparison between the histograms of the predicted values and the 

ground truth values, and from the histogram of their difference, the model predicts the 

CHM with high precision for this class, differing on average by 0.51 m. 
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Figure 27. Left: comparison between histograms of predicted and ground truth values for the 

ά¢ŜǊǊŀƛƴέ Ŏƭŀǎǎ. Right: Difference histogram. 

 

Even from the raster of the differences, it is possible to observe how for the "Terrain" 

class the discrepancy between the predicted CHM and the ground truth is close to 0. It 

should be noted that this class was the most represented, covering 54.4% of the total 

area. 

 

Figure 28. Raster of the difference between the predicted CHM and the ground truth for the 

ά¢ŜǊǊŀƛƴέ ŎƭŀǎǎΦ 

 

¶ Vegetation 

For the "Vegetation" class, which is of the greatest interest, we see that while the height 

distribution of the ground truth data presents a single peak corresponding to a CHM of 

a few meters and then has a roughly monotonically decreasing decline, the predicted 

values distribution has two peaks, one around 0 m and one around 10 m. 

On average, the predicted values differ from the ground truth by approximately 3.11 m. 
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Figure 29. Left: comparison between histograms of predicted and ground truth values for the 

ά±ŜƎŜǘŀǘƛƻƴέ ŎƭŀǎǎΦ wƛƎƘǘΥ 5ƛŦŦŜǊŜƴŎŜ ƘƛǎǘƻƎǊŀƳΦ 

From the histogram of the differences, it is evident that the predominant tendency is 

towards overestimation, which is preferable to an underestimation tendency, as the 

latter could lead to erroneously overlooking hazardous situations. 

The raster of the differences highlights overestimated regions corresponding to tall and 

isolated trees, which are likely underrepresented in the available data. 

 

  

Figure 30. Raster of the difference between the predicted CHM and the ground truth for the 

ά±ŜƎŜǘŀǘƛƻƴέ ŎƭŀǎǎΦ 

Some pixels are erroneously assigned to the vegetation class due to the method used to 

construct the segmentation mask for filtering the classes. It should be noted that pixels 

without points in the point cloud were assigned by default to the vegetation class. 

Among these pixels, some are located along the railway and are underestimated. This 

section is actually a viaduct, but the network predicted its height as similar to that of the 

ground, thus close to 0 m. This example is shown in the image below. 
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Figure 31. Example of pixels erroneously assigned to the Vegetation class. 

¶ Buildings 

Finally, the results obtained for the "Buildings" class are presented, for which we did not 

have high expectations. The network, in fact, could not learn to recognize them because 

the examples were too few. 

Buildings above 15 m are not recognized and, on average, the error is 6.21 m. 
 

 

Figure 32. Left: comparison between histograms of predicted and ground truth values for the 

ά.ǳƛƭŘƛƴƎǎέ ŎƭŀǎǎΦ wƛƎƘǘΥ 5ƛŦŦŜǊŜƴŎŜ ƘƛǎǘƻƎǊŀƳΦ 
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Figure 33. Raster of the difference between the predicted CHM and the ground truth for the 

ά.ǳƛƭŘƛƴƎǎέ ŎƭŀǎǎΦ 

2. Training without an available classification map from point cloud 

In this case, the classification map was previously predicted by a dedicated semantic 

segmentation model, specifically a DeepLabV3+. 

Here are a few examples of the comparison between the predicted and the point cloud- 

derived segmentation map: 

 

Figure 34. Classif. map from point cloud. Figure 35. Predicted classification map. 

Figure 36. Classif. map from point cloud. Figure 37. Predicted classification map. 
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In conclusion, the two segmentation masks are substantially comparable. Moreover, the 

showcased utilisation of the semantic segmentation model proves how it is possible to 

recognise assets, paving the way for the recognition of illegal anthropic activities via change 

detection. 

Model B was then trained with the predicted segmentation map as an input.  

Below, the results obtained for the Vegetation class are shown. 

 

¶ Vegetation 

The average error is 2.96 m, but in this case, the tendency is towards underestimation. 

This is unsatisfactory because some hazardous situations could be erroneously 

overlooked. 

Disposing of more data for the training (e.g. WP13), should reduce this error.  

 

 

Figure 38. Left: comparison between histograms of predicted and ground truth values for the 

ά±ŜƎŜǘŀǘƛƻƴέ ŎƭŀǎǎΦ wƛƎƘǘΥ 5ƛŦŦŜǊŜƴŎŜ ƘƛǎǘƻƎǊŀƳΦ Results obtained after training both model A & 

B. 

 

Figure 39. Raster of the difference between the predicted CHM and the ground truth for the 

ά±ŜƎŜǘŀǘƛƻƴέ ŎƭŀǎǎΦ wŜǎǳƭǘǎ ƻōǘŀƛƴŜŘ ŀŦǘŜǊ ǘǊŀƛƴƛƴƎ ōƻǘƘ ƳƻŘŜƭ ! ŀƴŘ .Φ 

To conclude, we consider the results promising and with a significant margin for improvement: 
achieving better results is having a larger amount of data. This would not only allow for a more 
comprehensive training of Model A and Model B but would also be fundamentally important for 
achieving the necessary generalization capability for a project dealing with a variable subject like 
vegetation through photographic images, even if they are multispectral. Vegetation is naturally 
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subject to seasonal changes, but not only that: in the images, the neural network can rely on variable 
features such as the shadow cast by the plant. This will depend not only on the height, but also on 
the time of day or atmospheric conditions.  

7.1.1.5. Demonstration Plan 

The demonstration plan will involve the training of the artificial intelligence algorithms on wider 
areas. The tackled area for the demonstration plan includes multiple aerial surveys and multiple, 
corresponding satellite orthophoto (Milano ς Novara area). This will greatly expand both the 
training set and the labelling set (Area of vegetation, building and railway assets). As per the 
detection of anthropic activities, a demonstration of automatic detection/ change detection is 
showcased in annex 7 (for brevity not showed in this paragraph). The automatic detection/ change 
detection leverages on semantic segmentation neural network too and it has been implemented by 
ŀŘŘƛƴƎ ǘƘŜ Ŏƭŀǎǎ ΨōǳƛƭŘƛƴƎǎΩ class to the already trained classes (Terrain, Vegetation and Building). 
Once the network achieves better estimation performances, the work will focus on specific areas 
with updated satellite acquisition (multiple times every year, focusing on the areas with spotted 
issues). In this way, the possible problems arising from vegetation encroachment and anthropic 
activities can be flagged in a prompt way, resulting so in quantifiable KPIs.  
 

7.1.2. Bridge inspection 

The objective of this work is to use AI for the identification and the classification of defects according 
to standard RFIΩǎ ƴƻƳŜƴŎƭŀǘǳǊŜ. The bridges or elements of bridges are made of concrete, bricks or 
steel, which are part of the Italian railway network. Currently, this operation is performed by field 
experts who indicate the position of defects on images acquired via drone. The whole set of images 
gives rise to a 3D model of the civil infrastructures under inspection.  
 

7.1.2.1. Initial data collection and results 

The data has been provided by RFI in two batches and includes 6 viaducts. There batches function 
as dataset for the initial training of the neural network. The evaluation of this data concerns the first 
batch and has been later extended to the second one. The first batch includes three bridges, one 
made of concrete, one made of masonry, and one made of steel. 
 
 

   

 
Figure 40.  The three structures in the first batch of data. From left to right: concrete viaduct, 

bricks viaduct and steel girder. 
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Among the numerous files, multiple XML files are provided containing various information, including 
the coordinates of point markers in 2D and 3D, which thus identify them on both the images and 
the 3D models. Markers are point identifiers that aim to indicate the presence of certain defects in 
space. Defects are categorized according to a notation convention established by RFI, using one or 
more letters followed by a number. The literal part of the notation establishes the macro-category 
of defects, while the number specifies the micro-category. For example, the letter M indicates the 
ŎŀǘŜƎƻǊȅ ƻŦ ά5ŜŦŜŎǘǎ ƛƴ ƳŀǎƻƴǊȅ ŜƭŜƳŜƴǘǎέ ŀƴŘΣ ƻƴ ŀ ŘŜŜǇŜǊ ƭŜǾŜƭΣ aм ŘŜǎŎǊƛōŜǎ ƛƴŦƛƭǘǊŀǘƛƻƴǎ 
through the masonry, M2 efflorescence, M3 the presence of vegetation and so on. 
From the analysis of the distribution of defects by category, the following histogram is obtained: 
 

 
Figure 41. 5ƛǎǘǊƛōǳǘƛƻƴ ƻŦ ƳŀǊƪŜǊǎ ōȅ ŎŀǘŜƎƻǊȅΦ aΥ άŘŜŦŜŎǘǎ ƛƴ ƳŀǎƻƴǊȅ ŜƭŜƳŜƴǘǎέΣ /Υ άŘŜŦŜŎǘǎ ƛƴ 

reinforced concrete (R.C.) and pre-ǎǘǊŜǎǎŜŘ ŎƻƴŎǊŜǘŜ όtΦ/Φύ ŜƭŜƳŜƴǘǎέΣ !Υ άŘŜŦŜŎǘǎ ƛƴ ǎǘŜŜƭ 
ŜƭŜƳŜƴǘǎέΣ a/DΥ άŘŜŦŜŎǘǎ ƛƴ Ƨƻƛƴǘ ŎƻƴƴŜŎǘƛƻƴ ƳŜŎƘŀƴƛǎƳǎέΣ a/!Υ άŘŜŦŜŎǘǎ ƛƴ ǎǳǇport 

ŎƻƴƴŜŎǘƛƻƴ ƳŜŎƘŀƴƛǎƳǎέΣ ±Υ άŘŜŦŜŎǘǎ ƛƴ ǎǳǇŜǊǎǘǊǳŎǘǳǊŜǎέΦ 
 

The most populated category ƛǎ ŦƻǳƴŘ ǘƻ ōŜ άŘŜŦŜŎǘǎ ƛƴ ƳŀǎƻƴǊȅ ŜƭŜƳŜƴǘǎέ όaύ ǿƛǘƘ мпп ŘƛǎǘƛƴŎǘ 
ƻŎŎǳǊǊŜƴŎŜǎΣ ŦƻƭƭƻǿŜŘ ōȅ άŘŜŦŜŎǘǎ ƛƴ ǊŜƛƴŦƻǊŎŜŘ ŎƻƴŎǊŜǘŜ ŀƴŘ ǇǊŜ-ǎǘǊŜǎǎŜŘ ŎƻƴŎǊŜǘŜ ŜƭŜƳŜƴǘǎέ ό/ύ 
with 116 distinct occurrences. The other categories are sparsely populated.  
Expanding the distribution of labels by micro-category, it is possible to spot how some categories 
are very underrepresented (Figure 42). This underrepresentation is further emphasised considering 
that each defect is present in multiple images, acquired from slightly or significantly different 
perspectives. 
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Figure 42. Distribution of markers by category (colour) and type. 

 

Overall, there are 7503 images with markers for these three structures. Of these, 7067 images are 
5280x2970 pixels in dimension, and 436 images are 5280x3956 pixels in dimension.  
 

7.1.2.2. Labelling workflow 

When drawing bounding boxes with a fixed side of 50 pixels centred on the markers on the images, 
to have visual feedback of the actual appearance of the defects, it becomes apparent that there are 
some significant issues. The issue arises since, from an inspector point of view, very often, the aim 
of a marker is merely to indicate the presence of a type of defect in a certain area, so the marker 
does not necessarily identify the defect extent. Often the marker is not exactly centred on the 
defect, or many markers are placed to indicate with a certain emphasis a problematic area. In other 
words, sometimes, flagging with extreme precision the location of the defects, is not a big concern. 
This is because repairs and associated scaffolding would generally involve areas way bigger than the 
defects ǘƘŜƳǎŜƭǾŜǎΦ IƻǿŜǾŜǊΣ ǿƘŜƴ ƛǘ ŎƻƳŜǎ ǘƻ !LΩǎ ǘǊŀƛƴƛƴƎΣ ŀ ƳƻǊŜ ǇǊŜŎƛǎŜ ŘŜŦŜŎǘ ƭƻŎŀǘƛƻƴ ƛǎ ƻŦ 
paramount importance. So, the purpose of the labelling for the inspector, that is sufficient for 
human intelligence, does not carry the necessary information needed to train a very naïve neural 
network (yet to be trained).  
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Here are some notable examples for the three structures.  

¶ Concrete viaduct 

Different types of defects are reported in areas appear indistinguishable. 
 

 

Figure 43. Different types of defects reported on indistinguishable areas. 

 

Figure 44. High density of markers emphasising a problematic area. 

For example, in the image below, both M3 and C6 are present, and they both indicate the presence 
of vegetation, but the is first on masonry elements and the second on concrete elements. However, 
it cannot be determined from the image on which material the plants have grown. This would 
certainly be confusing during AI training. Labelling needs to be improved to be ready for AI training. 
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Figure 45. Ambiguous markers placement on surface with vegetation. 

¶ Masonry viaduct 

The same conclusions apply to the masonry viaduct: a high density of markers indicates an area 
requiring special attention, and often, areas with very similar appearances are marked by different 
types of markers. Again, this would certainly be confusing during AI training.  

 

Figure 46.  High density of markers signifying an area that requires monitoring. 

It also frequently happens that markers are placed on top of tree branches because the defects are 
hidden behind them. 



 

 

 

88 

 

Figure 47. Examples of defects covered by branches and leaves. 

¶ Steel girder 

In the case of the metal girder, the situation is even more complex because it is inherently a very 
complicated structure. Colour, for instance, hides some of the most peculiar defects, such as rust. 
The difficulty is further increased by the resolution of the images, which may not be high enough to 
distinguish very small defects like cracks. 
 

 

Figure 48. The crack in this piece of steel is not visible due to the dark colour and the image 

resolution. 

In addition, when the images are acquired backlit, it becomes truly difficult to distinguish defects on 
such a dark structure. 
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Figure 49. Defects on backlit structures are even more difficult to identify. 

From this brief analysis of the provided data, several conclusions can be drawn to establish an 
effective strategy to better leverage on the available data.  
It might be advisable to focus on two primary categories of defects, namely the most numerous 
ƻƴŜǎΥ άŘŜŦŜŎǘǎ ƛƴ ƳŀǎƻƴǊȅ ŜƭŜƳŜƴǘǎέ ŀƴŘ άŘŜŦŜŎǘǎ ƛƴ ǊŜƛƴŦƻǊŎŜŘ ŎƻƴŎǊŜǘŜ ŀƴŘ ǇǊŜ-stressed concrete 
ŜƭŜƳŜƴǘǎέΦ IƻǿŜǾŜǊΣ ǘƘƛǎ ƴŀǊǊƻǿƛƴƎ Řƻǿƴ ǿƻǳƭŘ ǎǘƛƭƭ ōŜ ƛƴǎǳŦŦƛŎƛŜnt because, even within these two 
categories, many defect types are underrepresented. 
In addition to the number of occurrences, these data are challenging to seamlessly adapt for AI 
training purposes. The sub-optimal marker positioning and labelling, implies reviewing all defect 
labels and bounding boxes to accurately reflect the actual sizes of the defects.  
This process would be extremely complex and time-consuming, particularly for operators without 
field expertise. Many markers would need to be discarded, further reducing the already limited 
number of examples available for training a neural network model. 
Based on the analysis conducted and the issues identified, these data alone are deemed insufficient 
to form a complete dataset for training a neural network model. However, they will contribute to 
the learning and evaluation process. 
 

7.1.2.3. AI processing strategies 

To start with a limited, yet still challenging case, we decided to focus on the recognition of defects 
in concrete structures. To tackle this problem using AI techniques, two possible strategies have been 
developed, which will be illustrated below, namely: defect classification and defect semantic 
segmentation. 
 

¶ Defect classification 

As in all applications that leverage AI, one of the key points, if not the core of the work, is the dataset. 
There are some standard open-source datasets available for defects in concrete structures with 
corresponding ground truth data. These datasets consist of high-resolution images acquired by 
drones at different scales, angles, and weather conditions, depicting various levels of deterioration. 
In the ground truth data, defects are classified into particularly significant and recurring categories, 
such as cracks, spallation, exposed bars, efflorescence or corrosion stains, and are circumscribed 
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within bounding boxes that can also overlap if multiple types of defects are concurrent.  
Here is an example of how a data item with the corresponding ground truth can be presented. 

 

Figure 50. Example of data and respective ground truth for a classification dataset. In this case 

there are two overlapping types of defects: efflorescence and corrosion stain. Hence, the orange 

bounding box is multi-labelled. 

To integrate/reinforce RFI data, the first step can be to select defect classes that can be merged with 
the general ones represented in the open-source datasets. Given that the analysis of the available 
data highlights that the usable categories are few and with limited examples, this selection is 
advantageous. It potentially allows for the recognition of a wider variety of defects, as many types 
are present in the open-source datasets but not in the provided data.  
After selecting the defect classes, a provisional bounding box is created around the marker and the 
image is cropped around this bounding box, possibly with some additional margin. These cropped 
images are then reviewed to adjust the bounding box size and to ensure that only those images 
where the defect is clearly visible and well-represented are included in the dataset. 
The neural network model to be used will be a convolutional network, with its architecture tailored 
to the specific case. 
Once the network is trained, the RFI images are cropped into smaller parts, the same size as the 
images submitted to the network for training, and its ability to recognize the defects is verified. 
From the bounding box of the defect predicted by the network, the marker and thus its 2D 
coordinates can be extracted in the system of reference of the image. 

¶ Semantic segmentation 

This second strategy focuses on pixel-by-pixel classification, which means that each pixel is assigned 
to a defect class. Specific open-source datasets can be found for high-resolution images of masonry 
or concrete structures captured by drones at various scales and angles, with ground truth data 
provided in the form of segmentation masks.  
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A segmentation mask is an image with the same dimensions as the RGB image, but with pixels 
coloured differently based on the defect class. Each defect class is assigned a specific grayscale 
value, while all pixels not associated to ŘŜŦŜŎǘǎ ŀǊŜ ŎƭŀǎǎƛŦƛŜŘ ŀǎ άōŀŎƪƎǊƻǳƴŘέ and keep their own 
grayscale value/colour. This type of ground truth offers more detailed information than simple 
classification, as it also informs the network of the exact extent of the defect in the image.  
An example of image and respective segmentation mask can be found in the pictures below.  

  

Figure 51. Example of data and relative ground truth for a semantic segmentation dataset. The 
ƎǊŜŜƴ ǎƘŀǇŜǎ ŎƻǾŜǊ ǘƘŜ ǇƛȄŜƭǎ ŀǎǎƻŎƛŀǘŜŘ ǘƻ ǘƘŜ Ŏƭŀǎǎ άǿŜŀǘƘŜǊƛƴƎέΣ ǿƘƛƭŜ ǘƘŜ ōƭǳŜ ƻƴŜǎ ŀǊŜ ŦƻǊ 

ǘƘŜ Ŏƭŀǎǎ άŜŦŦƭƻǊŜǎŎŜƴŎŜέΦ 
 
Incorporating RFI data into this type of dataset (semantic segmentation datasets) requires more 
effort than defect classification (previous strategy) as the process of creating segmentation masks 
is laborious and time-consuming. Additionally, specific field expertise is needed to accurately 
identify the extent of the defects. 
Open-source semantic segmentation datasets can be used to enhance Defect classification datasets 
(first strategy) by extracting bounding boxes that cover the minimum area containing the pixel group 
associated with the defect. 
The neural network model planned for this task is a semantic segmentation model, such as 
DeepLabV3+, which has been successfully used in other works. 
Once the model is trained, image crops with the same dimensions as those used during training are 
submitted. The network then returns a probability map, indicating, for each pixel, the probability of 
each defect class plus the background. The class with the highest probability is selected and a lower 
threshold for this probability is set to guarantee a high level of likelihood. 
If the objective is to determine a marker for the defect, the 2D coordinates of the centroid of the 
pixel group related to a specific defect can be extracted as well. 
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7.1.2.4. Conclusion and future developments 

The available data and labelling duo provided by FSI is perfectly suitable for the maintenance and 
analytics of the IM. However, the possibility of directly training a CNN from this duo is hindered by 
two main aspects.  

¶ For the training of the AI (deep learning / CNN), the labelling needs to be adapted to be 

univocally intelligible by the machine.  

¶ The number of defects divided by categories and sub-categories is very limited and the 

ground truth data is inadequate.  

The analysis of the provided data has resulted in the development of two potential strategies for 
future efforts. Both strategies involve integrating the available data, after adjusting the ground truth 
data, with existing online datasets. The two approaches are defect classification and semantic 
segmentation. Both methods can achieve the same result: either a marker cantered on the defect 
automatically recognized by the network, or more detailed information such as a bounding box 
around the defect or a pixel-by-pixel digital representation of the defect. 
 

7.1.2.5. Demonstration Plan 

The demonstration plan will entail the test of both the strategies previously described on various 
sets and types of data, which will integrate the images given by RFI, after undergoing appropriate 
pre-processing and transformations. This might include external open-source dataset. The expected 
results are represented by a classification of defects on concrete and masonry bridges, along with 
their georeferenced position. In this way, the identification of problematic areas in these types of 
structures will be automated. 
 

7.1.3. Hydrogeological Risk 

7.1.3.1. Selected equipment, technical specifications, and justification. 

Hydrogeological instability represents the set of soil degradation processes, which mainly occur 
under certain weather conditions. In Italy, this phenomenon has a significant impact on the 
population and on the territory as highlighted in the Report on Hydrogeological Instability published 
by ISPRA in 2018. Obviously, the railway infrastructure being an important territorial element with 
more than 16,000 km of railway lines, in some cases it is strongly affected by this problematic. 
To this purpose, it is intended to propose and develop a monitoring and forecasting tool based on 
the collection and analysis of satellite available data of sensitive άclimateέ variables (with respect to 
the phenomena that are intended to be monitored). 
Data will be collected and processed using Google Earth Engine (GEE) platform (using JavaScript 
programming language) and Microsoft Visual Studio editing Python.  
The integration of collected and pre-elaborated data will carry out through neural networks 
algorithms, on the basis of which the monitoring and forecasting tool will be developed. 
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7.1.3.2. Installation layout 

Precipitation, soil moisture and Land Surface Temperature (LST) are the parameters considered for 
the flooding risk monitoring.  
¢ƘŜ ŀƴŀƭȅǎƛǎ ǿŀǎ ŜȄŜŎǳǘŜŘ ŦƻǊ ǘƘŜ !ǊŜŀ hŦ LƴǘŜǊŜǎǘ ό!hLύ άaƛƭŀƴƻ-Novara. However, an additional 
!hLΣ ά¢ƻǊǘƻƴŀ-±ƻƎƘŜǊŀέΣ ǿŀǎ ŎƻƴǎƛŘŜǊŜŘ ŀǎ ŀ ŦǳǊǘƘŜǊ ŎŀǎŜ ǎǘǳŘȅ ŦƻǊ ǘƘŜ ǾŀƭƛŘŀǘƛƻƴ ƻŦ ǘƘŜ ǇǊƻŎŜǎǎƛƴƎ 
and algorithms. AOIs are shown in the next figure.  
 

 

Figure 52. Milano-Novara and Tortona-Voghera AOI. 

The considered analysis time ranges from 2000 to 2023. This choice aims to maximize the study 
years, considering data availability. 
 

7.1.3.3. Initial data collection and results 

7.1.3.3.1. Satellite Images/Data Selection and Collection 

Figure 53 shows the general data processing. This procedure is applied for each parameter, i.e., 
precipitation, soil moisture, and LST. In particular, data are collected and processed using Google 
Earth Engine (GEE) platform and Microsoft Visual Studio editing Python, respectively highlighted in 
the blue and green areas of the Figure. GEE (Google 2024) is a cloud-based platform that facilitates 
geoprocessing. It includes geospatial data collections and a code editor which is an integrated 
development environment for the elaboration of algorithms using JavaScript programming 
language. Microsoft Visual Studio is also an integrated development environment for developing 
codes in different programming languages, including Python.  
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Figure 53. Data download and elaboration scheme. 

The processing steps executed in GEE are shown in blue in Figure 53, while those executed in Python 
are in green. In GEE, after the collection via the Google Earth Engine Data Catalog of the input data, 
data of interest are processed and exported as CSV files for subsequent in-depth elaborations 
executed in Python.  
In the Python environment, input data are the outputs from GEE which are additionally processed 
to obtain one or more products which can consist of CSV files or graphs. Produced outputs can be 
differentiated based on the time interval considered for the analysis (hourly, daily, or monthly). 
Additionally, analysis based on extreme values, i.e., values during or near the event and maximum 
values, were executed. This information was summarized in a final output consisting of cross plots 
that compare the different parameters for the different scenarios of event or non-event. 
More detailed information is provided in Section 7.1.3.3.2. 
 
The data used, which will be further described in the following section, are: 

¶ GPM IMERG (https://gpm.nasa.gov/missions/GPM): Global Precipitation Measurement 

(GPM) data provide observations of rain and snow and were used to estimate precipitation. 

The following products were considered: 

o GPM IMERG Final Precipitation L3 Half Hourly 0.1 degree x 0.1 degree V06: this 

product reports precipitation data adjusted in accordance with gauge data and 

climatological. 

o GPM IMERG Late Precipitation L3 Half Hourly 0.1 degree x 0.1 degree V06: this 

product was considered only in case of unavailability of the first one, as it does not 

have the same corrections as the former. 
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¶ GLDAS Soil Moisture Data (https://ldas.gsfc.nasa.gov/gldas): Global Land Data Assimilation 

System (GLDAS) data provide hydrogeological products, and was used to estimate soil 

moisture. Two dataset versions exist, the following was considered: 

o GLDAS-2.1: this is the more recent version and climatologically more consistent 

compared to the previous one.  

¶ MODIS Terra Data (https://modis.gsfc.nasa.gov/): Moderate Resolution Imaging 

Spectroradiometer (MODIS) measures were used to obtain LST. Among the data products 

available, the following from the current Collection-6 was considered: 

o MODIS Land Surface Temperature and Emissivity (MOD11). 

 
GPM IMERG Data 
This data was used for the precipitation parameter. The following paragraphs describe the data and 
their characteristics. 
 
Data description: 
The Global Precipitation Measurement (GPM) mission is an international network of satellites that 
provide the next-generation global observations of rain and snow. The mission was initiated by 
National Aeronautics and Space Administration (NASA) and the Japan Aerospace Exploration Agency 
(JAXA) and comprises a consortium of international space agencies. The core satellite carries an 
advanced radar/radiometer system to measure precipitation from space and serve as a reference 
standard to unify precipitation measurements from a constellation of research and operational 
satellites. The satellite network surpasses its predecessor, the Tropical Rainfall Measuring Mission 
(TRMM) mission, by covering a larger area and using advanced sensors to measure precipitation 
more accurately, especially light and solid precipitation. 
The Integrated Multi-satellitE Retrievals for GPM (IMERG) is the unified U.S. algorithm that provides 
the multi-satellite precipitation product. IMERG combines data from various sources, including 
infrared, microwave, and gauge observations, to create precipitation estimates at relatively high 
resolution both in terms of spatial, 0.1° x 0.1°, and temporal, 30 minutes, resolution over the entire 
globe. The system is run several times for each observation time, first giving a quick estimate and 
successively providing better estimates as more data arrive. Based on this, IMERG offers different 
datasets, which includes (Pradhan, et al. 2022):  

¶ Near-real-time data, available within 4 to 14 hours, which are the IMERG-Early run (IMERG-

E) and IMERG-Late run (IMERG-L); 

¶ Final dataset, delayed by about 4 months, which is IMERG-Final run (IMERG-F) and is used 

for more in-depth research (Pradhan, et al. 2022). 
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IMERG-E, IMERG-L, and IMERG-F are Level 3 data, i.e., geophysical variable spatially and temporally 
resampled. GPM Level 3 data are summarized in the following table (NASA, Precipitation Data 
Directory 2024): 
 

Data Description Version 
Data 
availability 

Spatial 
Resolution 

IMERG Early 
run 

Near real-time low-latency 
gridded global multi-satellite 
precipitation estimates. 

06 2000-present 10km (0.1°) 

IMERG Late run 

Near real-time gridded global 
multi-satellite precipitation 
estimates with quasi-
Lagrangian time interpolation. 

06 2000-present 10km (0.1°) 

IMERG Final run 

Research-quality gridded global 
multi-satellite precipitation 
estimates with quasi-
Lagrangian time interpolation, 
gauge data, and climatological 
adjustment. 

06 2000-2021 10km (0.1°) 

3B Combined 

Gridded rainfall estimates from 
combined radar/radiometer 
data (GPM GMI & DPR, TRMM 
TMI & PR). 

06 
1997-2015 
and 2014-
present 

0.25°-5° 

3A Radar 
Gridded rainfall estimates from 
radar data (GPM DPR, TRMM 
PR). 

06 
1997-2015 
and 2014-
present 

0.25°-5° 

3A Radiometer 

Gridded rainfall estimates from 
GPM GMI, TRMM TMI, and 
constellation microwave 
radiometers. 

06 2000-present 0.25° 

Table 5. GPM Level 3 data. 

IMERG was released in 2015 and has become a valuable tool used for various purposes, including 
simulating streamflow, predicting floods, and analyzing extreme weather events. Recently, IMERG 
expanded its data coverage back to the TRMM era, providing a 20-year record from 2000 to the 
present day (Pradhan, et al. 2022). 
 
GPM IMERG Final Precipitation L3 Half Hourly 0.1 degree x 0.1 degree V06 (GPM_3IMERGHH) 
Given the characteristics of the GPM Level 3 data reported in  Table 5, GPM IMERG Final run data 
ǿŜǊŜ ŎƻƴǎƛŘŜǊŜŘ ŦƻǊ ŘŀǘŀǎŜǘ ŎǊŜŀǘƛƻƴΣ ƳƻǊŜ ǎǇŜŎƛŦƛŎŀƭƭȅ ǘƘŜ άGPM IMERG Final Precipitation L3 Half 
Hourly 0.1 degree x 0.1 degree V06 (GPM_3IMERGHH)έ ǇǊƻŘǳŎǘ όƘŜǊŜŀŦǘŜǊ DtaψоLa9wDIIύ 
(Huffman, et al. 2019). This choice was due to the following reasons:  

¶ They are adjusted in accordance with gauge data and climatological; 

¶ They are characterized by the finest spatial resolution, i.e., 0.1° x 0.1. 
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GPM_3IMERGHH includes different data field for users and data developers, summarized in the 
following table (Huffman, et al. 2019). 
 

Data field Variable name Units 

Multi-satellite precipitation estimate with gauge 
calibration (Final) 
Multi-satellite precipitation estimate (Early and Late) 

precipitationCal 
mm/hr 
 

Multi-satellite precipitation estimate precipitationUncal mm/hr 

Random error for precipitationCal randomError mm/hr 

Merged microwave-only precipitation estimate HQprecipitation mm/hr 

Microwave satellite source identifier HQprecipSource index values 

Microwave satellite observation time HQobservationTime 
min. into 
half hour 
 

IR-only precipitation estimate IRprecipitation mm/hr 

Weighting of IR-only precipitation relative to the 
morphed merged microwave-only precipitation 

IRkalmanFilterWeight percent 

Probability of liquid precipitation phase 
probabilityLiquid 
Precipitation 

percent 

Quality Index for precipitationCal field precipitationQualityIndex index 

Table 6. List of data fields, their variable names (in the data structure), and the data units for 
3IMERGHH data files. 

 
Among the available variable, precipitationCal was considered, since it is recommended for general 
use and describes the multi-satellite precipitation estimate with gauge calibration, in mm/hr. 
Figure 54 shows the surface precipitation from GPM_3IMERGHH. 
 

 

Figure 54. GPM IMERG Final precipitation L3 Half Hourly 0.1° x 0.1° (GPM_3IMERGHH). 

Figure 54 shows as an example GPM_3IMERGHH data for the 21 October 2019 at 00:00:00 acquired 
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over the AOI. Also, rain gauge stations within the AOI are reported. 

 

Figure 55 - GPM_3IMERGHH over the AOI. 

GPM IMERG Late Precipitation L3 Half Hourly 0.1 degree x 0.1 degree V06 (GPM_3IMERGHHL) 
Lƴ ŎŀǎŜ ƻŦ ǳƴŀǾŀƛƭŀōƛƭƛǘȅ ƻŦ DtaψоLa9wDII ǇǊƻŘǳŎǘǎΣ άGPM IMERG Late Precipitation L3 Half Hourly 
0.1 degree x 0.1 degree V06 (GPM_3IMERGHHL)έ όƘŜǊŜŀŦǘŜǊ DtaψоLa9wDII[ύ ǇǊƻŘǳŎǘǎ ǿŀǎ 
considered. As described in the previous section, they lack rain gauge and climatological 
adjustments. Also in this case, precipitationCal variable was considered, which provides multi-
satellite precipitation estimate.  
Figure 56 shows the surface precipitation from GPM_3IMERGHHL.  
 

 

Figure 56. GPM IMERG Late precipitation L3 Half Horuly 0.1° x 0.1° (GPM_3IMERGHHL). 

Data collection and processing: 
GEE was used for data downloading and preprocessing. The GPM IMERG data collection includes 
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data from 01/06/2000, T 00:00:00 to 02/06/2024, T 18:30:001. In this collection provisional products 
are regularly replaced with updated versions when the data become available.  
Table 7 summarizes the main characteristics of the considered precipitation products. 
 

Data GPM IMERG Final run 

Version 06 

Data availability 2000-06-01 ς present 

Frequency Half-hour 

Spatial resolution 10km (0.1°) 

Variable precipitationCal 

Units mm/hr 

Table 7. Main characteristics of precipitation data. 
 
For each day, 48 data are available.  
Data processing follows the steps described in Figure 53. 
Furthermore, satellite precipitation data were compared with rain gauge station data.  
 
GLDAS Soil Moisture Data 
This data was used for the estimation of the soil moisture parameter. Indeed, soil moisture plays a 
significant role in many hydrological processes, determines the partitioning of precipitation 
between infiltration and runoff and is also an important initial state of climate model. Not only 
surface soil moisture, that is the soil moisture in the top few centimetres (0ςр ŎƳύΣ ƛǎ ǎƛƎƴƛŦƛŎŀƴǘΦ Lƴ 
fact, root zone soil moisture is also very important for many applications. It carries memory from 
weekly to monthly time scales, and accurate root zone soil moisture information may help improve 
the prediction of precipitation. Soil moisture information can be obtained by measuring soil 
moisture in field, however, in situ measurements are only representative over a small spatial scale 
and they are often expensive and infeasible. Microwave remote sensing data can provide a means 
to estimate soil moisture at large scales however, only surface soil moisture can be obtained due to 
the limitation of microwave penetration depth. But soil moisture profile information can be derived 
also by modelling approaches, using either climate models or land surface models. 
Several modelling systems can produce operational and spatiotemporally continuous soil moisture 
datasets and among them Global Land Data Assimilation System (GLDAS) is the most widely used 
(Bi, et al. 2016).  
The following paragraphs describe the data and their characteristics. 
At a first stage, data from the satellite mission Soil Moisture Active Passive (SMAP) by NASA was 
ŎƻƴǎƛŘŜǊŜŘΦ ¢Ƙƛǎ Ƴƛǎǎƛƻƴ ƛƴŘŜŜŘ ǿŀǎ ǎǇŜŎƛŦƛŎŀƭƭȅ ŘŜǾŜƭƻǇŜŘ ŦƻǊ 9ŀǊǘƘΩǎ ǎƻƛƭ ƳƻƛǎǘǳǊŜ ƳƻƴƛǘƻǊƛƴƎ ŀƴŘ 
can provide data with a higher spatial resolution than GLDAS. However, first data availability was in 
2015.  
 
Data description: 
GLDAS aims at combining satellite- and ground-based observational data products by means of 
advanced land surface modelling and data assimilation techniques, in order to generate optimal 
fields of land surface states. Hydrological products are also generated, including soil moisture 

 
1 On 16 July 2024 
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(NASA, GLDAS: Project Goals. 2024). Two versions of GLDAS products exist, including the GLDAS 
Version 1 (GLDAS-1) and the more recent GLDAS Version 2 (GLDAS-2). The main difference is that 
GLDAS-2 is climatologically more consistent. GLDAS can provide products with spatial resolution of 
both 0.25° and 1°. The 1.0° data range from 1979 to present, while the 0.25° data cover 2000 to 
present. Spatial resolution and data availability depend on the specific product. The temporal 
resolution of the GLDAS products is 3-hourly (Bi, et al. 2016). 
 
GLDAS-2.1 
The land surface model considered in GLDAS for soil moisture defines four soil layers: 0ςмл ŎƳΣ млς
пл ŎƳΣ плςмлл ŎƳΣ ŀƴŘ мллςнлл ŎƳΦ CƻǊ ŜŀŎƘ ƻŦ ǘƘŜƳΣ ǎƻƛƭ ƳƻƛǎǘǳǊŜ ƛǎ ŜȄǇǊŜǎǎŜŘ ŀǎ ƪƎ Ƴ-2 over the 
entire thickness of the indicated layer (NASA, GLDAS: Project Goals. 2024). 
Figure 57 shows an example of the GLDAS-2.1 soil moisture. 
 

 

Figure 57. GLDAS-2.1 Noah 3-hourly 0.25 degree 0-10 cm soil moisture [kg m-2] for 03Z Jan 01, 

2000. 

Data collection and processing: GEE was used for data downloading and preprocessing. The άGLDAS-
2.1: Global Land Data Assimilation Systemέ data collection includes data from 01/01/2000, T 
03:00:00 to 19/06/2024, T 21:00:002. The Table 8 summarizes the main characteristics of the 
considered soil moisture products. 
  

 
2 On 18 July 2024 
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Data GLDAS 

Version 2.1 

Data availability 2000-01-01 ς present 

Frequency 3 hour 

Spatial resolution 0.25° (approximately 28 km) 

Variable 1. SoilMoi0_10cm_inst 

2. SoilMoi10_40cm_inst 

3. SoilMoi40_100cm_inst 

4. SoilMoi100_200cm_inst 

Units kg m-2 

Table 8Φ aŀƛƴ ŎƘŀǊŀŎǘŜǊƛǎǘƛŎǎ ƻŦ άD[5!{-2.1: Global Land Data Assimilation {ȅǎǘŜƳέΦ 
 
Figure 58 shows as an example GLDAS soil moisture data for the 1 January 2023 acquired over the 
AOI. Also rain gauge stations within the AOI are reported. 
 

 

Figure 58. GLDAS soil moisture over the AOI (acquisition ID: 

NASA/GLDAS/V021/NOAH/G025/T3H/A20230101_0000). 

MODIS Terra Data 
This data was used to obtain the LST parameter. LST is the temperature of the most external part of 
the Earth surface and is a key parameter for land surface processing, including the hydrology field. 
MODIS LST data are the most commonly used, given their balance between spatial and temporal 
resolution, and their correspondence with in-situ measurements. MODIS LST data are freely 
available from NASA Land Data Products and Services (Phan and Kappas 2018). 
Compared to other LST products, MODIS LST was the most suitable given its characteristics in terms 
of beginning of the data availability and spatial resolution. 
The following paragraphs describe the data and their characteristics. 
 
Data description: 
MODIS stands for Moderate Resolution Imaging Spectroradiometer, a sensor aboard the Terra and 
Aqua satellites by NASA launched in 1999 and 2002, respectively. Terra's orbit is timed so that it 
passes from north to south across the equator in the morning, while Aqua passes south to north 
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over the equator in the afternoon. Terra and Aqua products are very similar with a few key 
differences, which include the launch date, since Terra was launched two years before Aqua and 
starts recording during 2000, and slight differences in snow products due to a detector failure on 
Aqua. The sensor has a temporal resolution of four times per day and a spatial resolution of 1 km 
and acquires data in 36 spectral bands.  
The current MODIS data collection for the LST is the Collection-6 (C6) MODIS LST products. Figure 
59 summarizes the available MODIS C6 LST products (NASA, MODIS 2024).  
 

 

Figure 59. Summary of the C6 MODIS LST products (source: (NASA, MODIS 2024)). 

!ƳƻƴƎ ǘƘŜ ah5L{ Řŀǘŀ ǇǊƻŘǳŎǘǎΣ ǘƘŜ άMODIS Land Surface Temperature and Emissivity (MOD11)έ 
is considered given its characteristics in terms of beginning of the data availability, product level, 
spatial resolution, and temporal resolution. 
 
MODIS Land Surface Temperature and Emissivity (MOD11) 
The daily level 3 LST product at 1km spatial resolution is a tile of daily LST product gridded in the 
Sinusoidal projection. A tile contains 1200 x 1200 grids in 1200 rows and 1200 columns. The exact 
grid size at 1km spatial resolution is 0.928km by 0.928km.  
The C6 daily MOD11A1 LST product is constructed with the daily LST pixel values in each granule 
retrieved by the generalized split-window algorithm under clear-sky conditions. 
Lƴ ǇŀǊǘƛŎǳƭŀǊΣ ǘƘŜ ŎƻƴǎƛŘŜǊŜŘ ǇǊƻŘǳŎǘ ƛǎ άLand Surface Temperature/Emissivity Daily L3 Global 1kmέ 
and the corresponding Terra product ID is MOD11A1.  
LST_Day_1km variable is considered, that is the daytime LST expressed in Kelvin (K) (NASA, MODIS 
2024). 
Figure 60 shows as an example MOD11A1 data for the 1 January 2011 acquired over the AOI. Missing 
pixels are cloud-covered pixels.   
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Figure 60. MOD11A1 over the AOI (acquisition ID: MODIS/061/MOD11A1/2011_01_01). 

Data collection and processing GEE was used for data downloading and preprocessing. The 
άMOD11A1.061 Terra Land Surface Temperature and Emissivity Daily Global 1kmέ data collection 
includes data from 24/02/2000 to 15/07/20243.  
The following table summarizes the main characteristics of the considered precipitation products 
(Wan 2021). 
 

Data MOD11A1 

Version 6.1 

Data availability 2000-02-24 ς present 

Frequency 1 day 

Spatial resolution 1 km 

Variable LST_Day_1km 

Units K 

Table 9. Main characteristics of LST data. 
 
Data processing follows the steps described in Figure 53. Additionally, a resampling step is 
performed in order to convert the spatial resolution to the one of precipitation and soil moisture 
data. The output of the resampling is shown in Figure 61. 
 

 
7.1.3.3.2. Figure 61. MOD11A1 over the AOI (acquisition ID: 

MODIS/061/MOD11A1/2011_01_01) resampled to 10 km.Data 

Processing and Correlation  

 
3 On 18 July 2024 
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Considered data for precipitation, soil moisture, and LST parameters, respectively summarized in 
Table 8 were processed at different levels for their analysis.  Section 7.1.3.3.1 and Figure 53 
summarize data collection and processing operations.  
This section provides further details on processing and data correlation. 
As shown in Figure 53, the processing steps executed in GEE are in the blue area and can be 
summarized as follows:  

1. Input dataset collection: dataset collection is imported in GEE considering the data available in 

the GEE Data Catalog;  

2. Dataset processing: this step includes dataset filtering, i.e., the dataset is filtered based on area, 

time range and variable of interest; 

3. Output: a CSV file for each considered year is produced.  

It includes a number of rows that correspond to the number of available data within the 

considered year and a set of columns that include the acquisition date, acquisition time and 

the variable value for each pixel within the AOI.  

The CSV files are used as input for further elaborations, implemented with Python programming 
language. They are outlined in the green part of Figure 53 and includes: 

1. Input (from GEE): data collected in GEE are imported in Python; 

2. Dataset processing: data are processed to produce the output. Processing steps include 

missing dates check; 

3. Different outputs are obtained in the form of CSV files or graphs. If no different specified, 

the CSV includes a number of rows that correspond to the number of available data within 

the considered year, and a set of columns that include the acquisition date, acquisition time 

and the variable value for each pixel within the AOI. The different outputs are: 

3.1. Output ς Hourly based: a CSV file for each considered year is produced.  

This output is produced for precipitation and soil moisture, since LST data are daily data. 

It includes hourly (or half-hourly, 3-hourly, depending on the input dataset) values of 

the parameter of interest reported in a CSV organized to facilitate subsequent 

elaborations. Only for precipitation, cumulative values at 1, 3, 6, 12, 24 hours are 

additionally calculated. These data are used as input to produce the Output ς Daily 

based products; 

3.2. Output ς Daily based: a CSV file and a graph for each considered year is produced. 

CSV file includes daily average values of the parameter of interest. The graphs report 

the time series trend of the parameter for the considered year. These data are used as 

input to produce the Output ς Monthly based and Output ς Extreme values products. 

3.3. Output ς Monthly based: the produced CSV files report: (1) monthly average value of 

the parameters for each considered year, (2) climatological mean of the parameter for 

the whole time period, and (3) anomaly values calculated based on the monthly average 

value and the climatological mean for each considered year. In this case the CSVs include 

a number of rows that correspond to the number of months, and a set of columns that 

include the variable value for each pixel within the AOI. More details about 
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ŎƭƛƳŀǘƻƭƻƎƛŎŀƭ ƳŜŀƴ ŀƴŘ ŀƴƻƳŀƭƛŜǎ ŀǊŜ ǇǊƻǾƛŘŜŘ ƛƴ ǘƘŜ ŦƻƭƭƻǿƛƴƎ {ŜŎǘƛƻƴ άClimatological 

analysisέΦ  

The produced graphs include (1) the time series trend of the anomalies of the 

parameter, (2) box plots calculated starting from the daily average parameter for each 

considered year, and (3) box plots for the whole time period calculated starting from 

the monthly average parameter. Further details related to box plots are provided in 

ǘƘŜ ŦƻƭƭƻǿƛƴƎ {ŜŎǘƛƻƴ άBox plotέΦ These data are used as input to produce the Output ς 

Cross plot products. 

3.4. Output ς Extreme values: the produced CSV files report parameter values 

corresponding to (1) the extreme meteorological event dates, (2) the 3 days before the 

beginning of the extreme meteorological event, (3) the 3 days after the end of the 

extreme meteorological event, (4) a value above a specific threshold set by the user, for 

each considered year. In this case the CSVs include a number of rows that correspond 

to the number of events, and a set of columns that include the variable value for each 

pixel within the AOI. Additionally, (5) daily maximum values for the considered 

parameter and the corresponding pixel are saved.  

The produced graphs instead include the time series trend of the parameter values 

corresponding to the extreme meteorological event dates, the 3 days before and the 3 

days after the extreme meteorological event dates. 

These data are used as input to produce the Output ς Cross plot products. 

3.5. Output ς Cross plot: the produced graphs plot precipitation values against soil moisture 

or LST for each considered year. Values reported in the graphs are obtained from Output 

ς Monthly based and Output ς Extreme values and include: daily values of the parameter 

during (1) the extreme meteorological event dates, (2) the 3 days before the beginning 

of the extreme meteorological event, (3) the 3 days after the end of the extreme 

meteorological event and the corresponding trendline. Additionally, the graphs also 

report (4) daily values of the parameter above a specific threshold and the 

corresponding trendline, (5) daily maximum values for the considered parameter, (6) 

annual mean values, (7) climatological mean values. 

A CSV file reporting the value of the slope, r-value coefficient (Pearson coefficient), 

non-linear coefficient (Spearmen coefficient) for the trendlines in the cross plots is also 

produced. Further details related to cross plots are provided in the following Sections. 
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The next table reports a summary of the produced outputs described above.  
 

ID Description 

1 1, 3, 6, 12, 24 h cumulative values (precipitation only, for each pixel within AOI, for each 
year) 

2 Daily values (for each pixel within AOI, for each year) 

3 Monthly mean values (for each pixel within AOI, for each year) 

4 Monthly anomaly values (for each pixel within AOI, for each year) 

5 Monthly climatological mean values (for each pixel within AOI) 

6 Box plots daily-values based (average value over the AOI, for each year) 

7 Box plots monthly-values based (average value over the AOI) 

8 Daily values during (1) the extreme meteorological event dates, (2) 3 days before the 
extreme meteorological event dates, and (3) 3 days after the extreme meteorological 
event dates (for each pixel within AOI, for each year) 

9 Daily maximum values and corresponding pixel (for each year) 

10 Daily values higher than a specific threshold (for each pixel within AOI, for each year) 

11 Cross plot (1) precipitation - soil moisture, (2) precipitation ς LST (for each year) 

12 Slope, r-value coefficient, non-linear coefficient for the trendlines from the cross plot 

Table 10. Summary of the produced output. 
 
Figure 62 shows as an example an extract of the CSV with hourly and daily values for the 
precipitation parameter. 
 

 

Figure 62. Example of CSV output. (a) cumulated 1 h, (b) daily, (c) monthly, (d) climatological 

average for precipitation parameter. 
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The following sections report more details about the most significant output obtained. 
 
Climatological analysis 
The anomaly of a variable is the variation relative to the climatological normal. The climatological 
normal is the monthly averages computed for a prolonged period of at least 30 consecutive years. 
Given the data availability for this specific case, the climatological average is considered instead, 
that is the mean of monthly values of a climate variable over a specified period of time. The period 
is typically 2-20 years.  
The calculation of the monthly anomaly values for a specific variable is defined as: 
 

ὃὲέάὥὰώὼ  ὼ  (15) 

 
Where:  

¶ ὼ is the average value of variable in a specific month; 

¶ ὼ  is the average value of long-term variable over several years for the same month. 

Figure 63 shows an example of the graphs obtained from the analysis of the anomalies for soil 
moisture parameter, year 2000, variable vsm_0_10 (vsm stands for volumetric soil moisture), that 
is the soil moisture between 0 and 10 cm soil depth. x-axis reports the month and y-axis the value 
of vsm_0_10 expressed as kg m-2. The different lines represent the different pixels within the AOI. 
The red vertical lines represent the month in which a flood event occurred. The anomaly is 
calculated as in Equation (1), where ὼ is the monthly average value of vsm_0_10 for each pixel and 
 ὼ  is the monthly average value of vsm_0_10 for each pixel averaged over the whole time period 
(from 2000 to 2023). 
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Figure 63.GLDAS anomalies series for year 2000 and variable vsm_0_10 (AOI Milano-Novara). 

Similar graphs are shown in Figure 64 and Figure 65 for precipitation parameter, year 2002, 
precipitationCal variable and LST parameter, converted in Celsius degree, year 2023, respectively. 
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Figure 64. GPM anomalies time series for year 2002 and variable precipitationCal (AOI Milano-

Novara). 

 

Figure 65. MODIS Terra anomalies time series for year 2023 and variable LST (AOI Milano-

Novara). 
































































































































































































































